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A B S T R A C T

Start-up companies have emerged as suppliers of innovation and software-
intensive products. Small teams, lack of legacy products, experimental na-
ture, and absence of any organizational processes enable start-ups to de-
velop and market new products and services quickly. However, most start-
ups fail before delivering any value.

Start-up failures can be attributed to market factors, shortcomings in
business models, lack of motivation, or self-destruction, among other rea-
sons. However, inadequacies in product engineering precede any market
or business-related challenges and could be a significant contributing fac-
tor to start-up failures. At the same time, state-of-the-art software engineer-
ing (SE) practices are often neglected by start-ups as inadequate.

At the beginning of this work, SE in start-ups had attracted very little
attention from researchers. Thus, there was no coherent view of SE state-
of-practice in start-ups and no starting point for a focused investigation.

In this thesis, we explore how start-ups practice SE, what specific SE
challenges should be addressed, and what new SE practices are needed
to support the engineering of innovative software-intensive products and
services.

A substantial part of this work is exploratory and aimed to explore SE
state-of-practice in start-ups. Our initial findings suggest that start-ups
overlook the best SE practices. Teams of a few people working on ex-
perimental and straightforward software see no upside of following the
best practices. However, late start-ups face substantial challenges as their
teams grow and products become more complex. The key difficulties con-
cern installing adequate SE practices supporting collaboration, coordina-
tion of work, and management of accumulated technical debt. To support
the evolution of engineering practices in start-ups, we propose the start-up
progression model outlining engineering goals, common challenges, and
useful practices with regards to the start-up life-cycle phases.

Further findings suggest inadequate support for market-driven require-
ments engineering (MDRE). Specifically, on how to aggregate needs and
wishes of a large and loosely defined set of stakeholders who may not
be able to articulate their needs and expectations. To address this chal-
lenge, we propose a method for the identification and prioritization of
data sources and stakeholders in MDRE.

Analyzing SE context in start-ups and other organizations developing
innovative and market-driven products, we have found many similarities.
While start-ups have challenges, they do not appear to be unique. Thus,
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most start-up challenges can be addressed by transferring the best prac-
tices from other engineering contexts.

We conclude that there is a little need for start-up specific engineering
practices. Best software engineering practices are relevant to address chal-
lenges in start-ups. The key engineering challenge in start-ups is the man-
agement of the evolution of SE practices to match the growing complexity
of the product and the organization. Our work also highlights the need
for better MDRE practices to support new market-driven product develop-
ment in both start-ups and other types of organizations.
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1
I N T R O D U C T I O N

Increasingly more products and services are interweaved with software.
Producing, operating, and maintaining software has become a significant
task in nearly every industry. Hence, innovations in software components
can provide substantial benefits and competitive advantages [Andreessen,
2011, Cascio and Montealegre, 2016]. Markets for software are fast-paced
and continuously expanding with ever-evolving customer needs [Moen
et al., 2004]. Such context creates opportunities for new companies (start-
ups) to capitalize on emerging needs by rapidly creating and taking over
large segments of the market [Carmel, 1993].

Entrepreneurs have leveraged on new technologies, expanding markets,
and venture capital since the dawn of the modern economy [Stiles, 2009,
Chernow, 2007]. However, the rise of software start-ups could be dated
with 1993, when the first web browser Mosaic was released and made ac-
cess to the web convenient for masses [Vetter et al., 1994]. Later that decade,
the company behind Mosaic went public and reached $2.9 billion in value,
thus creating a high interest in investing in Internet companies. A combi-
nation of easily available capital at the time, hopes for high returns, and ex-
cessive speculation led to the infamous dot-com bubble in 2000 [Howcroft,
2001]. Even though bursting of the bubble wiped out many, a few start-ups
survived. Companies such as Google, Amazon, PayPal, and eBay emerged
from the burst and became some of the largest companies in the world.
Other well-known software companies such as Facebook, Netflix, Uber,
and Twitter emerged shortly afterward and have produced both customer
value and substantial returns of investment.

Start-ups have shown their capability to rapidly capitalize on market
opportunities, in comparison to slower-moving large organizations. At the
same time, most start-ups cease to exist within the first few years of ac-
tivity and before delivering any value. On the surface, start-up failures
can be attributed to a bad product idea, business, or market challenges.
However, we found that the capability to build software efficiently with
minimal resources and limited knowledge about emerging market needs
is the foremost challenge (Chapter 3). The challenge of exploring an unmet
market need and developing a feasible solution within resources and time
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constraints precedes any business or market difficulties. At the same time,
start-ups often overlook the best engineering practices, follow an ad-hoc
approach to software engineering, and only a few start-ups specific engi-
neering practices exist [Giardino et al., 2016, Berg et al., 2018, Klotins et al.,
2015].

Several prominent authors, for example, Ries [2011], Blank [2013b], and
Sutton [2000], portray start-ups as special and game-changing. Analysis
of contemporary media reveals excessive hubris and overinflated expecta-
tions around start-ups.

Work in start-ups is presented as an attractive alternative to boring, te-
dious work in established companies. Start-up culture is often character-
ized by university dropout celebrity CEOs, inhabitation of ostentatious
co-working spaces, no strings attached venture capital, and overnight suc-
cess [Hyrkäs et al., 2016]. Such perceptions contribute to the idea that es-
tablished best engineering practices are irrelevant in start-ups.

In this thesis, we aim to understand software engineering in start-ups.
At the beginning of this work, software engineering in start-ups had at-
tracted little attention from researchers. The small number of papers ad-
dressing the engineering aspects of start-ups did not form a coherent body
of knowledge [Klotins et al., 2015]. Thus, this work is mostly exploratory
and focuses on mapping the research area.

One of the objectives of mapping the research area is to understand the
overlap between start-ups and established organizations. The overlapping
engineering areas could benefit from transferring the best practices from
established companies. Detailing start-up specific engineering areas would
create opportunities for developing new and start-up specific engineering
practices.

Studying start-ups is difficult due to their short lifespan and elusive
nature. A start-up may cease to exist before appearing on any records
and leave little behind after closing down. At the beginning of this work,
there was a lack of understanding about engineering context in start-ups.
Thus, making focused and relevant inquiries difficult [Klotins et al., 2018b].
Furthermore, start-up engineers see a little upside in volunteering their
time for researchers as their companies may not survive long enough to
benefit from the results.

This thesis makes three contributions to software engineering in start-
ups. We illustrate the contributions and the flow of our research in Fig. 1.1.
In the figure, each box denotes a chapter in this thesis. Vertical ordering
of the boxes shows how studies described in each chapter were laid out in
time. Arrows between the boxes denote the flow of ideas and connections
between the chapters. The three columns denote each contribution.

The first contribution (Exploration) aims to understand how start-ups
practice software engineering. Initially, the exploration was open and aimed
to scope the research area (Chapter 2), later it was narrowed to specific
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Figure 1.1: Overview of the contribution. Boxes denote how chapters of this thesis
map to the contributions, and were laid out in time (y-axis). Arrows
denote the flow and development of ideas between the chapters.

topics, such as the evolution of engineering practices (Chapter 4), technical
debt (Chapter 5), and use of agile practices (Chapter 6).

The second contribution (Support) aims to support software engineering
in start-ups by identifying engineering anti-patterns (Chapter 3), the start-
up progression model of goals, challenges, and practices (Chapter 4), and
proposing a method for selecting data sources for market-driven require-
ments engineering (Chapter 8).

The third contribution (Reevaluation) examines the initial premise that
start-ups are unique and need a different approach to software engineer-
ing (Chapter 7). We show that there is insufficient empirical evidence to
claim that start-ups are different from established software companies and
require a new approach to software engineering. Our further results show
that start-ups face very similar challenges to established organizations
working on new market-driven product development. We pinpoint the
lack of relevant market-driven requirements engineering practices as the
fundamental difficulty in new software product development in all types
of companies.
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The rest of this chapter is structured as follows: In Section 2, we present
relevant background and related work. We present our research approach,
the gap, research questions, methods, and validity threats in Section 2. In
Section 3, we summarize results from the studies included in this thesis.
In Section 4, we discuss our results and answer the research questions.
Section 5 concludes this chapter.

1 background and related work

1.1 Software startups

Different sources offer different definitions of a start-up. One of earliest
characterizations of software start-ups is provided by Carmel [1994a]:

“Product development [in start-ups] is driven by the following five
goals: (1) minimize time-to-completion, (2) increase innovation/fea-
tures, (3) maximize quality, (4) minimize product cost, and (5) min-
imize development cost. It is impossible to pursue all five goals at
once. Developers must make trade-off decisions - implicitly or explic-
itly. Any such decision will, by definition, affect time-to-completion.”

Sutton et al. [2000] elaborates four characteristics of software start-ups:
Youth and immaturity, limited resources, multiple influences and dynamic
technologies and markets. They argue that start-ups share many similari-
ties with small companies, however it is the combination and severity of
challenges that make start-ups exceptional.

Ries [2011] offers a broader definition of a start-up without a notion of
any specific technology or domain:

"A startup is a human institution designed to create a new product
or service under conditions of extreme uncertainty."

These definitions provide the basis for our own formulation of a soft-
ware start-up:

“With a software start-up company we understand a recently cre-
ated institution with a focus of launching an innovative software-
intensive product or service to market.”

Recently created institution entails that there is no operating history,
and all basic processes need to be established. Such an institution relies
on external funding, initially on savings on its founders, later on, a risk
capital, or other forms of investments. Thus, resources are scarce, teams
are small, and use of any heavy engineering practices is limited [Giardino
et al., 2014a].
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Development of an innovative product or service entails a substantial
level of uncertainty about customer needs, markets, product features, tech-
nologies, and the role of other influences. Thus, one of the first focus areas
of a start-up is the exploration of a problem domain and customer needs.
A software-intensive product is a product that contains an essential and
non-trivial software component [ISO/IEC 42010, 2011].

We differentiate between new companies providing bespoke software
development services, i.e., consultancies, serving the needs of a specific
customer, and companies with a focus on one product on service aimed for
the mass market. Mass-market products and services can have variations
to fit different market segments or select customers. Nevertheless, mass-
market products are market-driven, i.e., aimed to suit the needs of many
customers.

We also differentiate between toy and industry start-ups. A toy start-up
could be created as part of the entrepreneurship or engineering course to
encourage students to practice solving real problems in a somewhat re-
alistic environment [Järvi et al., 2015, Wang et al., 2016, Fagerholm et al.,
2018]. However, such start-ups are ultimately created for training and edu-
cational purposes in a supported environment. Thus, lessons learned from
toy start-ups are unlikely to be relevant for industry practitioners [Ivarsson
and Gorschek, 2010].

Launching a product or service to market is a complicated endeavor. It
requires a combination of carefully orchestrated activities. Market research
is needed to estimate the market need and potential of the product. A busi-
ness model is required for the sustainable evolution of the start-up. Sales
and marketing activities are needed to attract customers to the product.
Last but not least, the product itself needs to be invented and produced.
Inadequacies in any of these activities could hinder start-ups’ chances of
success. While recognizing the complexity of start-up activities, in this the-
sis, we focus exclusively on the engineering aspects.

1.2 Interpreatation of success

An inherent objective of start-ups is to perform well and succeed in de-
veloping and marketing a software-intensive product. The software prod-
uct and therefore, applied software engineering practices are significant
factors to start-up performance and success. To select and gauge the suit-
ability of engineering practices, it is useful to consider the meaning of
engineering “performance” and “success” in start-ups.

Success is defined as a favorable termination of an endeavor [Oxford,
1989]. In start-ups, a favorable end is usually associated with a buyout from
another company or an initial public offering (IPO) in a stock market. A
start-up may choose to pursue such outcomes if the risks from continuing
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operations are higher than expected gains from the exit [Wennberg and
DeTienne, 2014].

Success as an end goal is not particularly useful to gauge intermediate
results. Also, linking specific engineering practices to a buyout or an IPO is
difficult. However, we argue that the chances of success are higher if a start-
up uses sustainable engineering practices and maximizes its resources. The
longer a start-up can survive and exibit good performance, the higher are
chances of succeeding.

Performance is the ability to produce results to a predefined target [Laiti-
nen, 2002]. It can be measured by observing changes in turnover, market
share, product quality, and internal efficiency [Reijonen and Komppula,
2007, Kitchenham and Lawrence, 1996, Egorova et al., 2009].

Utilized engineering practices determine the product quality and to a
large extent, internal efficiency. Inadequacies in product engineering can
affect the turnover and market share, for example, by limiting the speed
of onboarding new users, customizing the product for new markets, and
adding new features [Ralph and Kelly, 2014].

With good engineering performance, we understand the following [Egorova
et al., 2009]:

1. Customers are involved in the engineering process
2. Good understanding of customer’s problems
3. The team follows relevant best engineering practices
4. Business and engineering objectives are aligned
5. Tasks are completed on time and within budget

Engineering aims to produce a high performing product, characterized
with [Egorova et al., 2009]:

1. Good quality in relation to customer expectations
2. Customer satisfaction with features and quality
3. Reliability and suitability for the intended purpose

We acknowledge that start-up performance and success depend on a va-
riety of factors beyond software engineering, e.g., the idea, expertise of the
core team, organizational structure, economic context, selection of market-
ing and sales strategies, and business models, among other factors [Chorev
and Anderson, 2006]. Nevertheless, product engineering is one of the core
activities of start-ups and has a profound influence on the overall start-up
outcome.

1.3 Market-driven and crowd requirements engineering in start-ups

Start-ups attempt to benefit from economies of scale by developing one
product that suits many customers. The number of potential customers
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is often too high to single out each individual, thus customers are con-
sidered as one market or crowd [Regnell and Brinkkemper, 2005b, Groen
et al., 2017]. The term crowd is used to describe a loose set of existing
and potential customers, and other stakeholders who are interacting with
the product and each other, often beyond reach of the product organiza-
tion [Groen et al., 2017]. Performing requirements engineering in such con-
text is challenging.

Traditional requirements engineering methods suggest to identify prod-
uct stakeholders and elicit their requirements by means of interviews, sur-
veys, observation and other methods [Kotonya and Sommerville, 1998].
However, such approach is not viable if stakeholders are unknown, too
many, or not interested to collaborate. As a consequence, companies use a
mixed approach of inventing requirements, involving key stakeholders in
product decisions, looking at product analytics, and analyzing competitor
offerings [Dahlstedt et al., 2003]. Feature ideas are formulated as hypothe-
ses and validated in the market with continuous experimentation [Fager-
holm et al., 2017, Blank, 2013a, Ries, 2011]. However, we lack evidence of
such methods to be rigorously adopted by start-ups.

Related work from start-ups suggest that requirements engineering prac-
tices evolve together with the organization. Requirements engineering
practices start from rudimentary and become more specific over as the
company grows [Gralha et al., 2018].

The key requirements engineering difficulties in both start-ups and other
types of organizations are [Dahlstedt et al., 2003, Tripathi et al., 2018, Alves
et al., 2006]:

• Absence of customers for requirements elicitation before the prod-
uct is launched. After the launch, customers may not be motivated
enough to provide in-depth feedback, too many in numbers to be
contacted individually, or simply not able to formulate their needs.

• Companies face multiple influences to requirements engineering
leading to information overload. Requirements engineering is influ-
enced by customer feedback, bug reports, requests for customization,
market trends, internal ideas, irrelevant opinions, and so on. Distin-
guishing good ideas from irrelevant input is challenging.

• Requirements validation takes place after the product is released to
market. Implementation of unvalidated features could be a substan-
tial investment with uncertain outcome. Validation is particularly
challenging when developing innovative features.

• Handling the trade-off between generalized and customer specific
features. Generalized features may relevant to a wider market. How-
ever, implementing customer specific features could help to win the
customer. Focusing too much on custom features can lead to feature
creep and difficult product maintenance. At the same time, imple-
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menting overgeneralized product reduces its value to individual cus-
tomers.

2 research approach

2.1 Research gaps

The lack of scientific research addressing software engineering in start-
ups was pointed out by Paternoster et al. [2014] and subsequent literature
studies, for example, Klotins et al. [2015] and Berg et al. [2018]. The existing
literature on software engineering in start-ups suggests that:

• Start-ups have different characteristics and objectives than estab-
lished organizations [Sutton, 2000, Blank, 2013b, Coleman and O’Connor,
2008].

• Engineering of new software products in an uncertain environment
is one of the key challenges in start-ups [Giardino et al., 2015b].

• Start-ups use an ad-hoc approach to software engineering and accu-
mulate technical debt on the way [Giardino et al., 2016].

• Scaled-down practices from established organizations may fail to ad-
dress start-up specific challenges [Yau and Murphy, 2013].

• Even though start-ups are aware of the Lean Start-up methodol-
ogy [Ries, 2011], its application is cumbersome, and the results are
unsatisfactory [May, 2012].

• Several engineering methods and models are proposed for start-ups,
for example, Giardino et al. [2014b], Zettel et al. [2001], and Bosch
et al. [2013], however they lack empirical validation and any evidence
of industrial application.

• Most of the empirical work on start-ups is superficial, e.g., analyzes
a few cases or shallow metrics. Such finding highlights the difficulty
of getting in-depth access to live start-ups.

The lack of a coherent view on how software engineering is practiced in
start-ups hinders the evaluation of existing engineering methods in start-
up context and development of new start-up specific methods [Klotins
et al., 2018b]. Such state-of-the-art highlights the following gaps:

• The engineering context in start-ups is poorly understood. It is critical
to understand the context where an engineering practice is going to
be applied to evaluate its suitability. The context comprises of type
of product being developed, practices, tools, processes, and people
around it. A wider context includes the start-up itself and the market
it is operating [Petersen and Wohlin, 2009].

• Scope of software engineering in start-ups is not clear. It is critical to
understand what is the scope of software engineering in start-ups
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to focus our research efforts. SWEBOK [IEEE Computer Society,
2014] presents several engineering knowledge areas. However, not
all knowledge areas could be applicable in start-ups, and SWEBOK
may overlook start-up specific engineering areas. Furthermore, it is
vital to understand how different knowledge areas are connected
and influence each other in a start-up context.

• Lack of support for specific challenges. Insufficient understanding of en-
gineering context and scope hinders both transfers of existing prac-
tices and development of new start-up specific engineering practices.

A fundamental challenge in a new research area is to address unknown
unknowns. That is, things we do not know that we don’t know [Logan,
2009]. To study start-ups, we need to design our inquiries to allow the
unknown concepts to emerge. The unknown unknowns add complexity
to the research as we cannot directly transfer existing knowledge, context
models, and domain ontologies from other research contexts to start-ups.
The lack of relevant tools to study start-ups is an important component of
the research gap.

2.2 Research questions

Research questions formulate specific problems to be solved through re-
search. Answering the questions solves the research problems and, poten-
tially, leads to new more focused inquiries. We state specific research ques-
tions in each chapter. However, here we provide and overview and link
different research questions to specific contributions.

We structure the research questions by their association to the contribu-
tions, to explore, support, and reevaluate, software engineering in start-ups.

explore : RQ1: How is software engineering practiced in start-ups?

RQ1.1: How are software engineering knowledge areas applied in start-
ups? (Chapter 2)

RQ1.2: How do start-ups estimate aspects of technical debt? (Chapter 5)
RQ1.3: How do start-ups use agile software engineering practices? (Chap-

ter 6)

Rationale: With this research question we aim to understand engineering
context and set a foundation for more specific investigation and develop-
ment of start-up specific engineering methods.

support : RQ2: How should start-ups practice software engineering?

RQ2.1: What software engineering anti-patterns can be ascertained in
start-ups? (Chapter 3)
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RQ2.3: What software engineering patterns can be ascertained in start-
ups? (Chapter 4)

RQ2.6: How to select and prioritize data sources for requirements engi-
neering? (Chapter 8)

Rationale: With this research question we aim to provide guidance to start-
ups in their engineering endeavors based on the experience from other
start-ups?

reevaluate : RQ3: What are the differences between start-ups and estab-
lished organizations?

RQ3.1: How much empirical evidence exists in relation to supporting that
start-ups are unique in terms of engineering practices? (Chapter 7)

RQ3.2: How does start-ups compare to established organizations in re-
lation to the relevance, and utilization of engineering practices?
(Chapter 7)

Rationale: With this research question we examine how unique are the start-
ups to gauge the potential of transferring the best engineering practices
between start-ups and established organizations.

2.3 Research methods

2.3.1 General overview of research methods

Several research methods could be applicable to study software engineer-
ing and to answer our research questions. In this section, we provide an
overview of relevant methods. In Table 1.1, we compare the methods.

a formal experiment aims to test a theory in a controlled environ-
ment. Researchers formulate hypotheses to express relationships between
independent and dependent variables. The experiment context is carefully
controlled to minimize any confounding factors [Wohlin et al., 2012].

The analysis of experiment results often based on statistical inference,
e.g., by determining the statistical significance between the outcomes of
two treatments. In practice, experiments involving human subjects require
a sufficient number of participants performing a specific task in a con-
trolled environment [Sjøberg et al., 2005].

Providing a controlled yet realistic environment and a sufficient number
of participants is a significant difficulty in designing software engineering
experiments.

an industrial case study aims to perform an in-depth study of a
phenomenon in its natural context. Case studies frequently involve multi-
ple methods of data collection, for example, interviews with practitioners,
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artifact analysis, and surveys. The data is analyzed with both qualitative
and quantitative methods to explain the studied phenomenon [Runeson
and Höst, 2008].

In contrast to formal experiments, case studies are more flexible and
can be used for studies when boundaries between the phenomena and its
context are not clear [Yin, 2003]. In practice, conducting a case study in an
industrial setting requires a substantial commitment from a company and
a clear focus of the inquiry.

action research aims to introduce treatment in a real-life scenario and
observe the effects. The researcher is actively involved in the studied sce-
nario, e.g., as a member of an engineering team, administers the treatment,
e.g., a new tool or way of working, and observes its effects [Robson, 2002].

Applying the action research method requires the context and the treat-
ment to be well understood beforehand, and a certain level of confidence
that the treatment does not introduce any harmful effects.

simulation aims to execute a model of a real-life phenomenon. The
model allows to tune the input parameters, play out “what-if” scenarios,
and analyze the outcomes [Shull et al., 2007].

Simulations are useful when mechanisms comprising the studied phe-
nomenon are too complex for a human to comprehend in a time-efficient
manner. However, a good understanding of the involved mechanisms is a
prerequisite for designing a simulation [Romeu, 1985].

a survey aims to collect standardized responses from a large sample,
commonly but not necessary, through questionnaires or data collection
forms. Surveys provide an overview of a population rather than depth of
individual cases [Robson, 2002].

post-mortem analysis aims to study past events. However, it could
also retrospectively analyze an ongoing process, e.g., a project. The post
mortem analysis may be conducted by analyzing project documentation,
interviewing relevant people, and looking at the produced artifacts. Thus,
this type of research can be viewed as both a survey and a case study [Woh-
lin et al., 2003].

delphi method aims to gather expert viewpoints on a phenomenon
through interviews and surveys. Researchers combine the different view-
points and iterate between the experts until a degree of consensus is
reached. This method is useful to study specific and highly complex sit-
uations where the general population, or a representative sample of it,
could not be knowledgeable enough to provide useful inputs [Okoli and
Pawlowski, 2004].
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Table 1.1: Comparison of research methods, adapted from Runeson and Höst
[2008], and Wohlin et al. [2012]

Method
Primary
objective

Primary
data

Design
type

Cost

Experiment Explain Quantitative Fixed High

Case,
ethnographic
studies

Explore Qualitative Flexible
Medium

Action research Improve Qualitative Flexible
Medium

Simulation Explore Quantitative Fixed Low

Delphi method
Build

consensus
Qualitative Flexible Low

ethnographic studies can be seen as a specific type of case studies
to analyze large amounts of data over a long duration with a focus on
cultural practices [Easterbrook et al., 2008].

mixed methods approach aims to combine different methods to com-
plement each other to compensate for individual weaknesses. There are
three broad strategies of how research methods can be combined [Creswell
and Creswell, 2017]:

• In convergent parallel mixed methods, the researched collects both quali-
tative and quantitative data simultaneously and combines both types
of data in the analysis.

• In explanatory sequential mixed methods, the researcher collects and ana-
lyzes quantitative data which is complemented with qualitative data
explaining the quantitative results.

• in exploratory sequential mixed methods, the researcher collects and an-
alyzes qualitative data to identify relevant variables and propose hy-
potheses which are then tested with quantitative data and analysis.

2.3.2 Motivation for choice of research methods

Selection of research methods depends on both the questions to be an-
swered and the research context. We base our selection on our research
questions, see Section 2.2, and the following considerations:

• Earlier literature studies show lack of a coherent view of engineering
aspects in start-ups. At the first stage of our research, we are not able
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to formulate focused research questions; that is, we do not know
what is worth studying.

• Collecting empirical data from start-ups is difficult due to their frag-
ile nature, reliance on tacit knowledge, and the lack of focused ques-
tions from our side. Thus, any data collection would require practi-
tioners to volunteer their time for unstructured interviews or com-
posing their answers on broad subjects in writing. The amount of
effort required from a single start-up needs to be minimized to get
a buy-in to participate in our research. However, that also limits the
amount of data we can collect.

• To strengthen the generalizability of our results, we need to study a
broad and diverse sample of start-ups. Studying a number of start-
ups in the same incubator, accelerator, or similar community would
introduce validity threats to our research. Start-ups in the same com-
munity could be prone to the same specific influences, rely on the
same set of advisors, and influence each other. Visiting a sufficient
number of unrelated companies for data collection would require
substantial resources and time.

In this thesis, we primarily use two research methods. Chapters 2 and 2

analyzes start-up post-mortem reports. In Chapters 4, 5, and 6 we use a
case survey research method. In the rest of this section, we motivate the
use of each method and compare them with other, alternative methods.

The post-mortem reports were readily available and provided insights
on practitioners lessons learned from a broad sample of start-ups. The
practitioners had voluntarily written these reports to share their experi-
ences with the community. Thus, there was no extra effort required to
obtain the data.

Based on the findings from the experience reports, we map the research
area and design a more focused investigation [Klotins et al., 2018b]. To ad-
dress the trade-off between depth and breadth of a study, we use a case
survey method. A case survey uses a standardized data collection instru-
ment which aims to collect both qualitative and quantitative data from a
case [Petersen et al., 2017a]. To scale up the data collection, we invited
other researchers to participate in our study and help with promoting our
study within their networks. Such setup enabled us to collect relatively rich
data, compared to traditional surveys, and to scale up the data collection
beyond what would be feasible with individual case studies.

Research methods requiring a deep prior understanding of the phe-
nomenon such as experiments, simulations, and action research, are not
suited for our studies. We largely focus on exploration, i.e., what software
engineering methods, why, and how, are applied in start-ups. Furthermore,
the study context is complex. Software engineering in start-ups is influ-
enced by and affect a myriad of poorly understood environmental, orga-
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nizational, and human aspects, thus isolating individual variables while
preserving realism is not feasible. Introducing a new engineering method
in a poorly understood and high stakes environment could create ethical
issues.

Delphi research method is not considered as suitable due to the lack
of obvious reliable experts in the field apart from start-up practitioners.
However, knowledge of individual start-up practitioners is based on their
own limited experience from one or a few start-ups. Relying on expert
advice alone would introduce external validity threats.

Case studies and surveys are the most suited to answer our research
questions. To compensate for individual shortcomings of these methods,
we use qualitative post-mortem analysis to formulate relevant topics for
more focused investigation. We combine the case study method with a
survey to develop a scalable method for studying large number start-ups
with minimal interruption to their work.

2.4 Data and analysis methods

A selection of research methods in combination with data and analysis
methods determine what kind of conclusions a researcher can make [Rune-
son et al., 2012]. In this section, we discuss the data sources and applied
data analysis methods.

2.4.1 Data

Research data are values and measures characterizing the studied phe-
nomenon. Through the research process, data is analyzed to answer the
research questions and build an understanding of the phenomenon. Re-
search data can be classified by their originality:

• Primary data is information collected through original or first-hand
research. Primary data is collected directly from the source by means
of measurements, surveys, and interviews.

• Secondary data is information collected and analyzed by someone else
in the past. For example, results from the analysis of primary data.

• Tertiary data is information based on a collection of primary and sec-
ondary sources. For example, reviews of studies analyzing primary
data.

Data can be also categorized by utilized data collection technique [Leth-
bridge et al., 2005]:

• First degree methods use direct access to participants’ population through,
for example, meetings, interviews, questionnaires, observation, and
workshops.
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• Second-degree methods utilize access to participants’ work environ-
ment, however does not require for participants and researchers to
interact, for example, through non-intrusive participant monitoring
systems.

• Third-degree methods study participants work by looking at the results
and byproducts of their work, for example, by analyzing documents,
artifacts, log files and database entries.

Research data can be broadly categorized into qualitative and quantita-
tive data [Seaman, 1999]:

• Quantitative data quantifies some aspect of the studied phenomenon
and are likely to be expressed as numbers on an ordinal, interval, or
ratio scale.

• Qualitative data explains some aspect of the studied phenomenon are
likely to be expressed in text, e.g., interview transcripts, notes, or
similar.

In this thesis, we use a variety of data sources containing both qualitative
and quantitative data and utilize various data collection techniques. We
summarize and categorize the used data sources in Table 1.2.

The experience reports analyzed in Chapters 2 and 3 constitute a pri-
mary data source. The reports are written by start-up practitioners who
were directly involved in the described situations and expressed their orig-
inal insights without any intermediary analysis. However, using already
written reports is a third-degree data collection method as the reports were
created independently and not for the purpose of our study [Lethbridge
et al., 2005]. The reports contain mainly qualitative data describing a se-
quence of events, applied practices, methods, challenges, lessons learned,
and outcomes from start-up cases. We have provided the complete dataset
of 88 reports containing 194 303 words as supplemental material to Chap-
ter 2.

The case survey is used in Chapters 4, 5, and 6 and contains a mix of
both qualitative and quantitative data. The case survey design follows con-
vergent parallel mixed methods approach by collecting quantitative mea-
sures, e.g., team size, followed by a qualitative explanation, e.g., how the
team composition changed over time. This data was collected directly from
start-up practitioners and constitutes the first-degree collection of primary
data. For confidentiality reasons, the complete dataset of 84 start-up cases
and 23 940 data points are available upon request to the author.

In Chapter 7 analyze studies identified by an earlier literature review [Pa-
ternoster et al., 2014]. The studies represent a secondary and qualitative
data source.

In Chapter 8, we analyze both qualitative and quantitative data obtained
during two workshops in the industry. We use quantitative data from
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practitioners as inputs to a proposed method and collect qualitative reflec-
tions on the output. This can be seen as an explanatory sequential mixed-
method approach.

2.4.2 Data analysis methods

Data analysis methods can be broadly divided into qualitative and quanti-
tative approaches matching the kind of data being analyzed. Quantitative
data analysis methods use mathematical and statistical techniques to de-
scribe the dataset, develop predictive models, and to test hypothesis [Rune-
son and Höst, 2008].

Qualitative methods attempt to identify relevant patterns from unstruc-
tured data, such as textual descriptions, notes, and transcripts. This type of
analysis typically involves coding of the data and further iterative analysis
of the codes. Qualitative analysis can be conducted on different levels of
formalism [Runeson and Höst, 2008]. Robson [2002] describes the follow-
ing approaches to formalism:

Immersion approach is the least structured and reliant on intuition and
interpretive skills of the researchers.

Editing approach uses a few predefined codes and defines additional
codes during the data analysis.

Template approach relies on a list of predefined codes.
Quasi-statistical approach is the most formal and uses descriptive statistics

to analyze textual data, e.g., by calculating frequencies of words or specific
phrases in the data.

Grounded theory is a special case of qualitative data analysis, and is
aimed to develop theory through coding and systematic inductive reason-
ing [Corbin and Strauss, 1990]. However, we do not utilize grounded the-
ory to its full extent. The canons of grounded theory dictate to build a
theory in parallel with data collection and continue data collection until
theoretical saturation is reached. Working with limited datasets, we can-
not fulfill this requirement.

In this thesis, we use both qualitative and quantitative methods, often in
combination with each other. In Table 1.3, we summarize the applied data
analysis methods.

2.5 Ethical considerations

This thesis analyzes empirical data concerning real-world situations. Our
selection of research methods, results, and dissemination strategies may
lead to unwanted effects harming individuals, organizations, or society
as a whole. In this section, we discuss our ethical considerations about
informed consent, scientific value, effects on humans and organizations,
and confidentiality [Singer and Vinson, 2002, Runeson and Höst, 2008].
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informed consent refers to the full disclosure of necessary informa-
tion for participants to decide whether to partake in a study and have
the freedom to withdraw at any moment. This type of ethical concern is
relevant for Chapters 4-6, and 8.

In Chapters 4-6 we use case survey to collect data from start-up prac-
titioners. The subjects were invited to participate in the study through
personal contacts and social media. The participation was voluntary and
presented as an opportunity for practitioners to share their experiences,
i.e., what engineering practices worked and what did not work in their
start-ups. The subjects provided their responses using an on-line question-
naire. Thus, they could fill it at their convenience and withdraw at any
moment.

In Chapter 8, we describe the use of two industry workshops. The two
workshops followed a similar design. First, we reached out to the compa-
nies with proposals for a workshop and outlined our research aims and
expected outcomes. The proposal contained a brief agenda of the work-
shop, including a description of what data we aim to collect. The subjects
participated in the workshops at their free will.

effect on humans and organizations refers to potential adverse
effects on individuals and organizations that may arise from participating
in research. This type of ethical concern is relevant for Chapters 4-6, and 8.

This thesis is mainly exploratory to understand how start-ups practice
software engineering. We do not attempt to prescribe any solutions to the
studied companies. That said, there could be some exchange of untested
ideas between researchers and the subjects. We minimize the adverse ef-
fects from our interactions by emphasizing that our work is angled to-
wards exploring software engineering start-ups, in contrast to prescribing
any specific solutions.

Interactions with practitioners take their time away from performing
work tasks. We design our research instruments to minimize any interrup-
tions to their work. First, we create our inquires to be focused and take as
little time from practitioners as possible. Secondly, we design our research
instruments to be flexible in terms of timing. For instance, practitioners
can respond to the case survey at their convenience, and companies can
decide when to schedule the workshops to minimize any interruptions of
their work.

confidentiality concerns how raw data is handled by researchers and
to what extent individual participants of a study can be identified from the
results.

In Chapters 4, 5, and 6 we collect and analyze data from real companies.
To maintain traceability between data and the actual start-ups, we collect
company names and email addresses of the participants. We use this in-
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formation to remove duplicate cases and to contact participants for the
dissemination of the results. However, providing traceability information
is not mandatory. Through the analysis, we anonymize the data by re-
moving names, locations, and descriptions of specific situations that could
potentially link our results to specific cases.

In Chapter 8, we describe results from two industrial workshops. During
the workshops, we discussed practices, roles, processes, challenges, and
other aspects relevant to the selection of data sources for requirements en-
gineering in their organizations. This information may be sensitive. Before
publication, we cleaned the results from any potentially sensitive infor-
mation and asked the participants to review the final draft. We further
requested for participants’ permission to reveal the company names.

scientific value comprises of the importance and validity of the re-
sults. The importance concerns risks from researching anticipated benefits.
The validity concerns to what extent the presented results faithfully repre-
sent reality. This concern is relevant to all chapters of this thesis.

The importance of our work can be characterized by the amount of capi-
tal start-up companies receive and their high failure rate. Start-ups globally
receive several hundred billion USD in venture capital (Chapter 2). With
an optimistic 25% survival rate, this constitutes a substantial amount of
wasted capital in failed start-ups. If our work can improve start-up odds
of success even by a marginal amount that would result in a significant
impact on the industry and capital return.

We ensure the validity of our research by describing aspects related to
scientific rigor Ivarsson and Gorschek [2010]. We describe the study con-
text, research design, and threats to validity. The context descriptions are
aimed to help readers to evaluate to what extent their setting is similar
to the study. With the research design description, we intended to explain
what sampling method we used, what data collected, how the data was an-
alyzed, and how we obtained our results. Threats to validity aim to reflect
on the limitations of a study. The peer-review process before dissemination
further strengthens the validity of our results.

Where possible, we provide raw data and intermediate results as sup-
plemental material to our publications. Supplemental material is aimed to
increase transparency of our research and help the readers to verify our
results independently.

exceptions concern situations where the above concerns do not apply,
e.g., when analyzing anonymous data or already public data when the
expectation of privacy does not exist.

In Chapters 2 and 3, we analyze publicly available experience reports
that were voluntarily created, uploaded, and published by the authors in-
dependently from our inquiry. Most reports contain information revealing
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the identities of the authors and the names of their companies. However,
in this case, there is no expectation of confidentiality and privacy.

2.6 Validity

We discuss threats to validity separately in each chapter. However, in this
section, we discuss overarching concerns relevant to the whole thesis. We
discuss four types of validity concerns, construct validity, internal validity,
external validity, and reliability [Yin, 2003, Runeson et al., 2012].

construct validity concerns to what degree operational measures
represent the studied phenomenon. This type of concern is particularly
relevant in Chapters 2 and 4. To address this threat, we use multiple strate-
gies.

We limit the use of any particular set of concepts and categories on the
subjects. We use a mix of methods to maintain the focus of our research
and to identify new focus areas. For example, we apply multiple-choice
questions and provisional coding [Saldaña, 2015], to gain insights on par-
ticular engineering topics. We complement the structured approach with
open-ended questions, e.g., “What would you do differently next time?”,
and in vivo coding to gain additional insights.

Another threat to construct validity stems from our research context.
Each studied start-up is viewed through the eyes of one individual, i.e.,
author of an experience report or questionnaire respondent. These individ-
uals were closely involved in the studied cases, and their responses could
be biased. For example, the subjects may fail to reconstruct past events
correctly or attempt to rationalize their shortcomings with external circum-
stances [Pronin et al., 2002]. However, due to a relatively large and diverse
sample of studied companies, this threat is minimal.

We further strengthen construct validity by using findings from one
study as an input for the next one, see Fig 1.1. Therefore, chapters in this
thesis complement each other and compensate for individual deficiencies.

internal validity concerns the trustworthiness of cause-and-effect re-
lationships in the studied phenomenon Runeson et al. [2012].

Internal validity is not a significant concern to this thesis. We abstain
from prescribing any particular practice as a treatment to start-up chal-
lenges, and we do not link the use of any practices to start-up success.
Instead, we focus on illustrating and contextualizing the challenges and
potential solutions. Thus, we help readers to understand their specific chal-
lenges and to select appropriate solutions.
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external validity determines to what extent the findings are relevant
outside the studied sample. Ivarsson and Gorschek [2010] propose four
components of industrial relevance, subjects, context, scale, and research
methods. We utilize research methods investigating real-life situations, ex-
ploratory case survey, and experience reports.

Subjects participating in our research are start-up founders, engineers,
and other practitioners with first-hand experience of product engineering
in start-ups. Thus, their insights are on par with the general population of
start-up professionals.

The context and scale of our research are specific and real start-up cases.
With collect and report contextual information characterizing the start-ups,
thus readers can understand and compare their specific context with our
report. In our writing, we differentiate between data and results from the
cases and our conjectures.

Another concern to external validity is to what extent the studied sam-
ple is representative of the general start-up population. A representative
sample would allow generalizing results over the whole population. To
precisely characterize the representative sample, an understanding of the
whole population is needed [Omair et al., 2014]. However, the total num-
ber of start-ups and the relevant characteristics of start-ups are unknown.
Thus, it is not possible to quantify the representativeness of our sample.

Throughout this thesis, we use convenience sampling and cannot guar-
antee that all kinds of start-ups are equally represented. However, we
specifically target as broad and as diverse sample as possible. Chapters 2

and 3 primarily analyzes lessons learned from closed start-ups. Chap-
ters 4, 5, and 6 primarily explores operational start-ups.

Our total sample contains start-ups at different levels of maturity, with
both small and large teams, with and without external support from ac-
celerators and incubators, from different geographical regions, established
by founders with both minimal and extensive experience in start-ups and
industry in general. To our best understanding, we have attained a good
enough sample to answer our research questions with confidence [Mar-
shall, 1996].

reliability concerns to what extent the results and analysis are inde-
pendent of specific researchers.

Studies in this thesis are primarily designed, conducted by the author.
Thus, the interpretation of results may suffer from the author’s biases. To
minimize this threat, all instruments used in this thesis, such as survey
questionnaires, data collection forms, and taxonomies, are jointly reviewed
among all authors of each study. Furthermore, the authors of each study
jointly reviewed results and their interpretation and complemented the
interpretation with alternative explanations where relevant.
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We further address the reliability by ensuring transparency and trace-
ability throughout data collection, analysis, and formulation of results. We
attempt to link our specific conclusions to exact data supporting these state-
ments. Therefore, a reader can examine our analysis process and indepen-
dently verify our conclusions.

3 results

In this section, we link results from different chapters and set the basis for
answering our research questions. A high-level overview of the chapters is
illustrated in Fig. 1.1.

in chapter 2, we analyze start-up experience reports to investigate how
start-ups practice software engineering. We aim to identify specific knowl-
edge areas for a more focused inquiry.

We found that requirements engineering is a crucial activity in start-
ups, and is applied to refine the initial product idea. However, the applied
practices are often rudimentary and not well aligned with other aspects of
a start-up, for example, business objectives.

Inadequacies in requirements engineering often lead to product qual-
ity issues, both in terms of identifying the right set of functionalities and
determining the right level of quality. Issues in requirements engineering
contribute to wasted resources on building irrelevant features, and missed
market opportunities from launching a sub-standard product.

A common issue in requirements engineering is feature creep. Start-ups
often report blindly adding features to their products, hoping to win cus-
tomers. However, such a strategy is counterproductive as it waters down
the initial product idea, adds complexity to further product development
and depletes resources.

We found that other engineering knowledge areas have a mostly sup-
portive role in understanding customer wishes and needs. A common
practice is to release a minimum viable product and then iterate it with cus-
tomer feedback. Early product releases are designed, scoped, and timed to
aid requirements discovery and validation. The utilized technologies and
practices largely depend on teams’ skills and experience. Therefore, the
team composition, attitudes towards following good engineering practices,
and the ability to jointly advance towards set objectives is critical to iterate
the product rapidly.

in chapter 3, we continue analyzing the experience reports perform
root-cause analysis of common engineering pitfalls. We investigate the
real causes of problematic situations in start-ups and formulate three anti-
patterns.
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Symptoms of the first anti-pattern are substandard product functionality
and quality and long time-to-market. The root causes of such symptoms
stem from inadequacies in requirements engineering, e.g., vague require-
ments, frequent changes in priorities, and lack of focus. The consequences
of this pattern are resource overruns, degrading team morale, missed op-
portunities, and eventual closure of a start-up.

We identify that poor software design decisions exacerbate the adverse
effects of inadequate requirements engineering. The use of suboptimal
and immature technologies and not taking advantage of third-party com-
ponents prolong time-to-market. Excessive time-to-market delays require-
ments validation with customer input and increase the opportunity cost of
developing potentially irrelevant features.

The second anti-pattern concerns poor product results in the market. A
symptom of this anti-pattern is the difficulty of attracting customers, com-
plicated on-boarding process, and expensive product maintenance. The
root causes of this anti-pattern are lack of early customer involvement in
product engineering, excessive technical debt, focus on wrong quality at-
tributes, and wrong level of per-customer customization.

The third anti-pattern concerns slower than expected growth, churning
customers, and slow entry in new markets. We identify that the root causes
for such symptoms could be the lack of support for continuous require-
ments engineering, insufficient organizational support for existing features
and customers, and excessive technical debt.

We conclude that start-ups should focus on better software engineering
practices, not more of them. Thus, timely addressing the root causes of
common issues and improving the chances of product success.

in chapter 4, we use the results from two earlier chapters to formulate
a focused inquiry into engineering goals, challenges, and practices. We
perform an analysis of 84 start-up cases characterized by 23’940 data points.
This chapter delivers two contributions, the start-up life-cycle model and
the start-up progression model.

Based on related work, we formulate a start-up life-cycle model. The key
idea for the model is that start-ups evolve through four distinct life-cycle
phases. To advance to the next stage, start-ups must achieve specific goals,
and start-ups succeed and fail at each stage for different reasons. We use
this model to explain the evolution of engineering practices in start-ups.

The start-up progression model comprises four life-cycle phases and
six engineering knowledge areas. We map utilized engineering practices,
goals, and challenges in each knowledge area to a specific start-up life-
cycle phase. Thus, creating a model mapping the evolution of software
engineering in start-ups.

We conclude that the main engineering challenge in start-ups is to man-
age the evolution of engineering practices. A practice that performed well
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in a small team and single product may not be sufficient as the team and
product grow. Thus, start-up engineers must continuously assess and de-
velop engineering practices to match the scale and complexity of the prod-
uct.

in chapter 5, we analyze the perception of technical debt, its prece-
dents, and outcomes. We use the same dataset as in Chapter 4, albeit with
a focus on technical debt.

We found an association between the estimates of technical debt and
start-up outcome. Closed and acquired start-ups estimate their technical
debt significantly higher than active start-ups. Such results add support to
our earlier findings that technical debt is a substantial challenge in start-
ups contributing to their failure.

We identify team size and the level of engineering skills as critical de-
terminants for attitudes on incurring technical debt. Larger teams tend to
be more pragmatic and report more precedents for accumulating techni-
cal debt than smaller teams. Furthermore, start-ups in the growth phase
perceive the most adverse effects of excessive technical debt. Such results
suggest that start-ups realize the amount of incurred technical debt when
they face an influx of customers, and the development team grows.

The effects of technical debt in start-ups are impaired product quality
and team productivity. However, the adverse effects could also stem from
software decay. Distinguishing between avoidable technical debt, i.e., trade-
offs between speed and quality, inadvertent technical debt stemming from
poor engineering skills, and software decay caused by growing product
complexity is needed to provide practical support to minimize the adverse
effects.

in chapter 6, we analyze associations between the use of agile practices,
team, and product factors. We use the same dataset as in Chapters 4 and
5, however with a focus on agile practices.

Our results suggest that start-ups use agile practices to a large extent,
however without following any specific agile methodology, e.g. scrum or
XP. The most frequently reported practices are backlog, version control,
refactoring, user stories, and unit tests. Although most of the studied start-
ups characterize their development mehtodology as agile, the use of agile
practices does not imply that start-ups follow agile principles as set forth
by Agile Manifesto.

We identify a number of statistically significant associations between the
use of agile practices, team, and product factors. Interestingly, use of agile
practices is associated with both positive and negative situations. Practices,
such as unit testing, continuous integration, story mapping, and iterations,
are associated with positive estimates on testing, quality, less resources
and time pressure, and improved source code quality. However, practices
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such as backlog, definition of done, and burndown chart are associated
with unfavorable estimates on resources constraints and attitudes towards
following the best practices. We identify a total of 22 such associations.

To explain the associations, we set forth a number of propositions. We
identify team’s attitudes towards following the best practices as one of the
main denominators for using agile practices. However, the association is
negative, that is, teams could be using practices such as definition of done
and burndown charts to introduce more control over unsatisfactory perfor-
mance. We also identify that use of agile practices is associated with more
favorable estimates on the overall product quality, testing, and resources
constraints.

in chapter 7, we examine to what extent empirical evidence support
the unique characteristics of start-ups.

By examining 15 broadly used start-up characteristics, we found that
most are anecdotal with little empirical support. Furthermore, we found
that some of the characteristics are general to any projects, not only start-
ups. For example, balancing project scope, resources, and time is hardly a
start-up specific problem.

We conclude that there is no basis to claim that start-ups are unique from
the software engineering angle. There is not enough empirical evidence to
claim that start-ups need a different approach to software engineering.

We identify that the rapid evolution of the start-up, team, and product
requires more, not less, careful orchestration of engineering practices. Thin-
ner margins for error require more diligent planning and risk management
practices. Lastly, the use of venture capital could introduce new objectives
for attaining particular financial objectives. The financial objectives may
not align with the goal of delivering sustainable customer value. Thus, the
management of stakeholders and their expectations in start-ups requires
additional support.

in chapter 8, we propose a systematic and collaborative method for
selecting stakeholders and data sources to support specific product deci-
sions.

Most existing stakeholder selection practices are suitable for classify-
ing already known human stakeholders. However, in market-driven and
crowd requirements engineering contexts, stakeholders may be unknown,
uninterested, or not able to articulate their needs. Thus, there is a great
potential of using data, documents, existing artifacts, process analysis, and
similar indirect sources to learn about stakeholders’ actual needs. How-
ever, considering all sources is not practical and could lead to an overload
of requirements ideas.

Requirements engineering in a market-driven context can be seen as a
series of micro-decisions guiding further product development. What data
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sources are the most relevant to support each decision changes depending
on the decision at hand. Furthermore, requirements engineering is a collab-
orative activity and often involves multiple perspectives, e.g., engineering,
marketing, finances, and business.

We propose a method comprising of systematic steps to collaboratively
identify and compare the most relevant data sources for a given problem
situation. The method helps to explore and illustrate different perspectives
and resolve discrepancies between analysts’ perspectives.

We pilot the method in two industry workshops with positive results.
However, we identify the potential to improve the method by providing
tool support and taxonomies categorizing evaluation criteria and candi-
date data sources.

4 synthesis

I this section, we formulate answers to our main research questions, see
Section 2.2. We answer the sub-questions in each chapter.

4.1 RQ1: How is software engineering practiced in start-ups?

Our results show that start-ups do not follow any specific methodology
or approach. The selection of engineering practices is ad-hoc and depends
on the skills and experience of the engineering team. New practices are
often introduced as remedies to already problematic situations (Chapters 2

and 4).
We found that the main driver behind using a sub-standard set of prac-

tices, apart from lack of engineering skills, is the opportunity cost. Such
results contradict some of the earlier results, e.g., Paternoster et al. [2014],
suggesting that lack of funds is the main reason for not following the best
engineering practices (Chapter 4).

The use of sub-standard practices often leads to the accumulation of tech-
nical debt, reduced productivity, and product quality issues. However, this
becomes a concern only if a start-up survives long enough and attempts
to scale up its operations. Identification and removal of technical debt is a
substantial engineering challenge in maturing start-ups (Chapters 5).

Exploring the customer problem and devising a feasible solution, that
is, requirements engineering, is the core engineering activity in start-ups
(Chapters 2- 4). However, requirements engineering is also the most chal-
lenging task due to uncertainty around markets, customer needs, technol-
ogy limitations, and the lack of suitable practices (Chapter 8). We found
that start-ups mostly invent the product requirements and attempt to val-
idate their ideas with prototyping, frequent product releases, and drive
further product development with customer input (Chapter 4).
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The invention of requirements is a crucial step. Invented ideas stem from
teams’ domain knowledge and previous experience. Thus, knowledgeable
teams have a better chance of inventing relevant and good-enough require-
ments. However, our studies show numerous cases where teams attempt to
invent requirements in a poorly understood domain leading to a challeng-
ing validation process and a failure of the product idea altogether (Chap-
ter 2, 3, and 4).

The utilization of other software engineering knowledge areas varies. We
have observed a tendency that start-ups who follow agile software design
principles, leverage open-source components, and pick a mature technol-
ogy stack can deliver their products to early customers faster and with
higher quality. However, start-ups who attempt to devise large upfront
designs, use unreliable technologies, and invest their own resources in de-
veloping commodity features generally perform worse (Chapters 2 and 4).

There is little control over the engineering process, especially in early
start-ups. Companies report using high-level plans to guide their progress.
Superficial planning and control lead to poorly anticipated resources and
schedule overruns. As soon the product is launched, start-ups start mon-
itoring external metrics such as a number of customers, revenue, reten-
tion, and churn. Late start-ups also monitor internal performance metrics
(Chapters 4 and 6).

In our studied sample, there several start-ups who have explicitly stated
sub-standard engineering as the primary cause for failure. The shortcom-
ings concern the inability to establish a feedback loop with customers and
a poor choice of technologies leading to slow progress, product quality
issues, and expensive maintenance (Chapters 2 and 4).

We have not yet identified a case where utilization of the best engineer-
ing practices would have caused any adverse effects. However, the selec-
tion of best engineering practices for a given situation remains a challenge.

4.2 RQ2: How should start-ups practice software engineering?

Analysis of the differences between closed and active companies reveals
that team composition is crucial in early start-ups. A team should possess
relevant domain knowledge, technical capabilities to build the product,
and should commit time to work on the start-up (Chapter 4).

Domain knowledge is crucial to identify a relevant product idea and
to understand the market, e.g., to identify potential hires, partners, com-
petitors, investors, customers, and other relevant stakeholders. Start-ups
can acquire domain knowledge on the go, for example, through mar-
ket research and rigorous requirements engineering. However, we argue
that having such knowledge beforehand substantially increases start-ups’
chances of rapidly launching a relevant product.
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Technical capability refers to access to technologies, skills, tools, partner-
ships, and other resources to build the product. The access can be secured
either by creating an in-house engineering team or outsourcing the work
to another company.

Start-ups who have created in-house teams report faster results with
higher quality than companies who have outsourced the engineering ef-
fort. The decision on whether it is worth outsourcing the product engineer-
ing depends on the availability of a qualified workforce, the scope of the
product, among other aspects.

Our results show that teamwork issues may disrupt a start-up. We iden-
tify that other commitments, physical distance, motivation issues, the need
to continue working a day job to finance the start-up, significantly impair
the teamwork in a start-up. Unsolved teamwork issues could lead to the
eventual closure of a start-up.

A key practice in start-ups is to establish contact with potential cus-
tomers early and involve them in product engineering. The early contact
helps to gauge the relevance of the product idea and to refine it. Later
such customers become early adopters of the product. A key challenge in
working with specific customers is to balance customer-specific features
with market-oriented features. Customers could also be uninterested to in-
vest their time and not able to articulate their needs towards the product
(Chapters 2, 3, 4, and 8).

In addition to consulting potential customers, start-ups analyze similar
products, competitor offerings, market trends, and leverage their own ex-
perience to identify new requirements ideas (Chapters 4, and 8).

Start-ups should manage their risks by selecting well known and mature
frameworks, components, libraries, and programming languages. Mature
development frameworks are supported by broad communities providing
training, advice, tooling, components, experts, and the best practices. Start-
ups can significantly benefit from such support in contrast to investing in
inventing and maintaining new technologies in-house (Chapter 4).

As the start-up evolves, the engineering process should evolve as well.
Practices and methods that worked well with few engineers and a small
product could become obsolete when the product becomes more compli-
cated. Generally, there is a need for more practices supporting communi-
cation, coordination, and automation in the organization. Ideally, the evo-
lution of engineering practices is proactive, not reactive (Chapter 4).

As a start-up evolves, the business requirements towards the product
evolve as well. The initial aim could be to quickly validate the product
idea, later the aim shifts towards providing reliable and efficient service
and reaching specific financial targets. Such business objectives must be
recognized and translated to engineering objectives (Chapter 4).
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4.3 RQ3: What are the differences between start-ups and established organiza-
tions?

Looking at the results of how start-ups practice software engineering, we
noticed the lack of novel and unique findings. We have not identified any
start-up specific engineering practices. Most of the engineering challenges
in start-ups are also observed in established companies (Chapter 4). Thus,
start-up challenges could be solved by transferring relevant practices from
other contexts. Such results inspired us to reexamine the differences be-
tween start-ups and established organizations (Chapter 7).

By examining relevant literature, we found that the most widely rec-
ognized start-up characteristics are anecdotal. We found that challenges
that are identified as characteristic to start-ups are also present in other
types of organizations. Such findings point towards an opportunity for bi-
directional transfer of the best engineering practices between start-ups and
established organizations.

We searched for suitable solutions to requirements engineering chal-
lenges in start-ups and discovered a general lack of good practices for
market-driven requirements engineering (Chapter 8). Both start-ups and
established companies struggle to manage a continuous flow of require-
ments from various sources. Identification of what sources and require-
ments are relevant is an unsolved challenge.

Start-ups often utilize venture capital to fund their operations. Venture
capitalists can be seen as another critical group of stakeholders with needs
to achieve ambitious financial targets quickly. Management of the trade-off
between reaching such targets, delivering customer value, and attaining
long term objectives of the start-up could add layer of complexity.

The most crucial engineering challenge in start-ups is to manage growth.
As we illustrate in Chapter 4, engineering practices evolve from simple to
advanced as the team, organization, and the product grows in size and
complexity. In comparison, established organizations are more stable and
have more resources to support such evolution. There have been proposals
for agile maturity models, e.g., Patel and Ramachandran [2009] and Salo
and Abrahamsson [2007], however, the suitability of such models for use
in start-ups remains unknown.

Due to their small size, dependency on venture capital, and focus on
a single product, start-ups have a thinner margin for errors compared to
established organizations. The errors concern both product decisions, i.e.,
what features to offer, and process decisions, i.e., determining the most
efficient way of delivering the features. Larger organizations could com-
pensate for the errors and inefficient practices with extra resources (Chap-
ter 7).
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Thinner margins for error points towards the need to get the product
engineering right the first time. Therefore, the best engineering practices
are more, not less, relevant in start-ups.

5 conclusions and further work

In this thesis, we aimed to establish a coherent view of how start-ups prac-
tice software engineering. A coherent view is needed to: a) enable a more
focused, in-depth studies on specific challenges, b) provide an engineer-
ing road-map for start-ups supporting their engineering efforts. c) support
the transfer of the best engineering practices between start-ups and other
organizations.

To reach our aim, we have conducted two considerable data collection
efforts resulting in the analysis of 172 start-up cases, (Chapters 2 and 4).
Through the analysis, we have mapped the research area and identified
relevant start-up life-cycle stages, engineering knowledge areas, practices,
challenges, and objectives. As one of our main contributions, we formulate
the start-up progression model that works both as a map of the research
area and a practical guide for start-ups (Chapter 4). The model pinpoints
requirements engineering and the evolution of engineering practices as
primary focus areas in start-ups.

In regards to improving software engineering in start-ups, we identify
a need for scaled-down, start-up specific lean and agile methodologies
supporting both market-driven context and continuous evolution of the
engineering process.

Our results show many similarities between start-ups and other types of
organizations in terms of new market-driven product engineering (Chap-
ters 4 and 7). Such results highlight the opportunity for the transfer of the
best practices between start-ups and established organizations.

Our analysis of specific challenges in start-ups highlights the lack of
relevant requirements engineering practices to support new product devel-
opment in crowd and market-driven contexts (Chapters 2, 4, 7, and 8). Both
start-ups and established organizations face the same requirements engi-
neering challenges when working with a large number of loosely defined
stakeholders.

As a starting point for future work, we propose a method for selecting
data-sources to support requirements elicitation (Chapter 8). The method
is our first step towards a vision of data-driven requirements engineering,
considering both individuals and inanimate data sources. With the increas-
ing amount of data available, we envision that data could be used to aug-
ment current, manual effort-intensive, requirements engineering practices.
The use of statistical methods and machine learning could add a quantita-
tive angle to understanding the needs of large groups of stakeholders.
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2
S O F T WA R E E N G I N E E R I N G I N S TA RT- U P C O M PA N I E S
– A N A LY S I S O F 8 8 E X P E R I E N C E R E P O RT S

Start-up companies have become an important supplier of innovation and
software-intensive products. The flexibility and reactiveness of start-ups
enables fast development and launch of innovative products. However, a
majority of software start-up companies fail before achieving any success.
Among other factors, poor software engineering could be a significant con-
tributor to the challenges experienced by start-ups. However, the state-of-
practice of software engineering in start-ups, as well as the utilisation of
state-of-the-art is largely an unexplored area.

In this study we investigate how software engineering is applied in start-
up context with a focus to identify key knowledge areas and opportunities
for further research.

We perform a multi-vocal exploratory study of 88 start-up experience
reports. We develop a custom taxonomy to categorize the reported soft-
ware engineering practices and their interrelation with business aspects,
and apply qualitative data analysis to explore influences and dependen-
cies between the knowledge areas.

We identify the most frequently reported software engineering (require-
ments engineering, software design and quality) and business aspect (vi-
sion and strategy development) knowledge areas, and illustrate their rela-
tionships. We also present a summary of how relevant software engineer-
ing knowledge areas are implemented in start-ups and identify potentially
useful practices for adoption in start-ups.

The results enable a more focused research on engineering practices in
start-ups. We conclude that most engineering challenges in start-ups stem
from inadequacies in requirements engineering. Many promising practices
to address specific engineering challenges exists, however more research
on adaptation of established practices, and validation of new start-up spe-
cific practices is needed.
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1 introduction

Software start-ups are important suppliers of innovation and innovative
software products [Baskerville et al., 2003], providing products and ser-
vices that are a significant part to the economy [Startup Compass Inc.,
2015]. This potential is strengthened further as the use of cutting-edge tech-
nologies enable start-ups to develop, launch and evolve software products
fast and with very few resources [Baskerville et al., 2003].

A challenge is that most start-up companies collapse before any signifi-
cant achievements are realized [Tovstiga and Grossmann, 2012]. This is ex-
plained by market conditions, lack of commitment, financial issues or, sim-
ply put, a bad product idea. However, product engineering activities takes
substantial resources from start-ups, especially in the early stages [Crowne,
2002, Giardino et al., 2015a]. Inadequacies in used engineering practices
could lead to under or over-engineering the product, wasted resources,
and missed market opportunities.

One of the main qualities of start-ups is their ability to quickly take ad-
vantage of new business, market and technology opportunities [Giardino
et al., 2014a, Bajwa et al., 2017a]. Decisions, such as what features to build,
how and when, belongs to the realm of engineering and have a huge im-
pact on how the start-up responds to new opportunities. For example, cer-
tain decisions may hamper flexibility of the product, thus reducing the
speed of adapting the product for entering new markets. Taking one sub-
optimal decision may have only a small effect on start-up’s prospects, how-
ever the compound effect of the decisions determines whether the start-up
is able to remain on the edge of innovation or is struggling to keep its
product running. This is a source of risk and opportunity with potential
effects to all aspects of the company.

Yau and Murphy [2013] argue that practices adapted from established
companies attempt to solve problems that are not present in start-ups,
while ignoring start-up specific challenges, such as time-to-market as the
primary goal, and accumulating technical debt [Giardino et al., 2016]. Even
though similar challenges can be present in established organizations too
and addressed by state-of-the-art practices, it is the combination of mul-
tiple challenges that makes engineering in start-ups difficult. There is a
gap in understanding how these start-up specific challenges influence the
engineering process and what engineering practices are suitable for such
context [Klotins et al., 2015, Paternoster et al., 2014].

This lack of understanding results in that there are very few, if any,
start-up context relevant software engineering processes/methods/model-
s/frameworks (called practices from now on). At the same time, a substan-
tial amount of money is invested in start-up companies. In the first three
quarters of 2015 alone, start-up companies received investments of 429 bil-
lion USD in the US and Europe [PitchBook Data, 2015, PitchBook Data, Inc.,

34



22015]. With an optimistic start-up failure rate of 75% this constitutes 322

billion USD of capital potentially wasted on building unsuccessful prod-
ucts [Startup Compass Inc., 2015, PitchBook Data, 2015, PitchBook Data,
Inc., 2015]. To what extent inadequacies in software engineering practices
are responsible or linked to success rate is very hard to judge. However,
even if the effect of improved engineering practices only would result in
a few percent change in success rate, it would yield significant impact
and capital return. Thus, the focus of our study is to explore specifically
software engineering in start-ups and pinpoint specific areas for further
research that are likely to benefit start-up practitioners.

Researchers have recognized the importance of software engineering in
start-ups. Bosch et al. [2013] and Deakins and Dillon [2005] propose adap-
tations of iterative and incremental development methods to address en-
gineering challenges in start-up companies. However, this work is prelim-
inary and has not been validated yet in practice [Klotins et al., 2015, Pa-
ternoster et al., 2014]. Giardino et al. [2016] report on an interview study
aiming to understand how start-ups select their product development strat-
egy and how start-ups consider product quality attributes. Giardino et al.
[2015a] also investigated the key challenges in software start-ups and re-
port that technology uncertainty is the key challenge in software start-ups.
However, none of these studies provide a comprehensive answer of what
engineering practices are relevant in start-ups.

In this paper we use empirical data from 88 start-up experinece reports
to provide the first insight into what engineering knowledge areas are rele-
vant in software start-ups. Our aim is to explore what engineering practices
the start-ups report as relevant, how these practices are applied and what
results they yield. To analyze the reports we use qualitative data analysis
methods [Seaman, 1999, Garousi et al., 2016]

To cater for the fact that the experience reports cover also business and
marketing aspects, which are tightly intertwined with software engineer-
ing aspects, we use a software and business practices taxonomy to support
the analysis of the reports. Even though we acknowledge importance of
good business, market and other practices, the focus of this paper is strictly
on software engineering practices.

The main contribution of this paper is the identification and descrip-
tion of the state-of-practice in software start-up companies, pinpointing
to several relevant software engineering areas that need further research.
Moreover, we present related work to each relevant software engineering
knowledge area, illustrating potentially useful engineering practices for
start-ups.

The remainder of this paper is structured as follows: Section 2 presents
background and related work and Section 3 introduces the research method-
ology. The results are presented in Section 4, analysed and discussed in
Section 5. Section 6 concludes the paper.
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2 background and related work

2.1 Software start-ups

As early as 1994, Carmel [1994a] recognizes small software companies
being exceptionally successful at innovation and delivery of new prod-
ucts. Termed software start-ups, these companies share many features with
small and medium enterprises such as market pressure, youth and imma-
turity, and limited resources [Sutton et al., 2000]. However, start-up compa-
nies are different due their goals and challenges. Contrary to established
companies who aim to shape their products to address a known market
need, start-up companies attempt to identify an unmet market need and
to invent a product satisfying this need [Startup Compass Inc., 2015].

The engineering context in start-ups is characterized by uncertainty, lack
of resources, rapid evolution and an immature team among other fac-
tors [Sutton et al., 2000]. However, the start-up context also provides flexi-
bility to adapt new engineering practices and reactiveness to keep up with
emerging technologies and markets [Giardino et al., 2014a].

Product related issues are reported as the key challenge in start-up com-
panies [Giardino et al., 2015a]. However, recent literature mapping studies
identify a lack of research in the area from a software engineering perspec-
tive [Klotins et al., 2015, Giardino et al., 2014a]. Moreover, most publica-
tions to date are experience reports lacking in-depth analysis and rigorous
research methods on empirical data [Klotins et al., 2015].

Despite attempts to explore the start-up phenomenon, only a few stud-
ies specifically focus on understanding how software engineering is done
in start-up companies. Yau and Murphy [2013] and Sutton et al. [2000] rec-
ognized that engineering practices aimed at established companies are not
suitable for start-ups. As a result, various models for software development
in start-up context were proposed [Deakins and Dillon, 2005, Bosch et al.,
2013, Zettel et al., 2001], however there is very little evidence of application
and validation of these models [Klotins et al., 2015].

An agenda to specify important research topics regarding software en-
gineering in start-ups has been created by the Software Start-up Research
Community [Unterkalmsteiner et al., 2016]. Among other topics, engineer-
ing practices in start-ups is identified as an important research area.

Rafiq et al. [2017] and Melegati et al. [2016a] have studied requirements
engineering practices in start-ups and provide an insight into how product
ideas evolve and what practices are used to connect founders’ vision with
customer needs.

Crowne [2002] proposes a start-up life-cycle model and identifies goals
and the key challenges at each of the life-cycle phases. According to the
model, in the first phase a company develops an early version of the prod-
uct. The goal of the second phase is to improve quality of the product until
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2it can be commissioned with little effort. In the third phase, the company
grows and conquers the market. In the fourth phase the company matures
into an established organization. However, there is no detailing on the
use or adaption of engineering practices, or their evolution over time and
phases.

Giardino et al. [2014b] present a behavioral model aimed at explaining
start-up failures. They argue that a start-up must first explore the prob-
lem domain and then validate a proposed solution, however mismatching
validation activities with exploration activities could lead to a failure. This
is directly related to engineering practices such as overall requirements
engineering or scoping.

Olsson and Bosch [2015] identify challenges of using customer feedback
in large software-intensive product engineering. A case study reveals that
to compensate for inadequate utilization of user feedback, companies in-
vent requirements and steer product direction by “gut feeling”. Invented
requirements lead to a large amount of unused and incorrectly imple-
mented features contributing to product failure.

Software engineering in start-ups shares many similarities with com-
panies using agile development practices, such as iterative development,
empowered small team, and ongoing planning [Ramesh et al., 2007, Chow
and Cao, 2008]. However, customer involvement, which is one of the key
agile principles, is difficult to establish as start-up companies lack a dis-
tinct set of customers. Hence, start-ups operate in a market-driven en-
vironment [Dahlstedt et al., 2003]. In a market-driven environment, re-
quirements are often invented and validated through frequent product
releases [Dahlstedt et al., 2003, Alves et al., 2006].

There has been a substantial work to identify general operating practices
for start-ups, such as The Lean Start-up [Ries, 2011] and Customer Devel-
opment Model Blank [2013a]. However, there exist very few peer-reviewed
studies in software engineering fora, with May [2012] being the exception,
reporting on the application of said practices. Therefore, it remains to be
explored to what extent these or any other practices are adopted by start-
ups.

2.2 Scope of software engineering in start-ups

Sutton et al. [2000] argues that start-up companies are sensitive to many in-
fluencing factors, such as customers, partners, changes in technologies and
markets. The developed software is often a component of another product
and which is an essential part of the start-up company itself [Baskerville
et al., 2003]. Therefore, software engineering in start-ups must be stud-
ied jointly with its dependencies and influences to other areas of a start-
up [Broy, 2006].
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The interrelation of software engineering, product development and
other areas in an organization is recognized by ISO/IEC 42010:2011 which
provides a definition of software-intensive system as: “any system where
software contributes essential influences to the design, construction, de-
ployment, and evolution of the system as a whole to encompass individ-
ual applications, systems in the traditional sense, subsystems, systems of
systems, product lines, product families, whole enterprises, and other ag-
gregations of interest” [ISO/IEC 42010, 2011].

To fully understand the importance of software engineering in start-ups
we widen our field of view and capture other concepts that influence or
depend on software engineering. To define the scope for this study we use
a taxonomy, further elaborated in Section 2.3.

2.3 Software engineering and business practice taxonomy

A taxonomy is useful for categorization and mapping of knowledge, fa-
cilitating identification of gaps and boundaries of a phenomenon [Šmite
et al., 2014]. Seaman [1999] suggests to use of preformed codes, e.g. a tax-
onomy, to facilitate coding in qualitative studies. Hence, to support the
identification of software engineering and other relevant practices we de-
veloped a taxonomy listing knowledge areas and practices for start-ups -
the SoftWare and Business Process, hereinafter the SWBP, taxonomy. The
taxonomy consists of software engineering knowledge areas as defined by
SWEBOK, and several business aspects oriented knowledge areas inspired
by Osterwalder et al. [2005] and [Zachman, 2003].

Even though SWEBOK is not specifically designed for software start-
up companies and lacks emerging areas of software engineering, such
as value-based software engineering [Boehm, 2003, Azar et al., 2007] and
market-driven requirements engineering [Dahlstedt et al., 2003, Karlsson
et al., 2007], it promotes a consistent view on software engineering, and
is well recognized within software engineering community [Sicilia et al.,
2005, Budgen, David Turner, Mark Brereton, Pearl Kitchenham, 2008].

Other frameworks, such as CMMI [Software Engineering Institute, 2006]
and SPICE [Dorling, 1993], are oriented towards software process identifi-
cation, assessment and improvement. However, as indicated by Giardino
et al. [2014a] and Sutton et al. [2000], start-up organizations are very imma-
ture in a process sense, thus identification of engineering processes could
be difficult.

Several business practice frameworks, such as ABPMP BMP CBOK [ABPM,
2009], papers by Osterwalder et al. [2005] and Zachman [2003], aim to
map and categorize business practices, however none of them is specific
to start-up companies [Blank, 2013b]. Due to youth and immaturity of
start-up companies, traditional business processes are difficult to identify.
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2Therefore, we created a simplified business practice taxonomy based on
ABPMP BMP CBOK. The exact categories of the taxonomy are provided
in the supplementary material1.

We use the unified SWBP taxonomy to identify and categorize all rele-
vant practices to explore software-intensive product development in start-
ups.

3 research methodology

3.1 Research questions

Our research goal is to investigate how software engineering is practised
in start-up companies and how software engineering contributes to other
areas of a start-up, such as business and marketing. To break down the
research goal further, we formulate the following research questions:

RQ1: What software engineering knowledge areas do software start-up
companies consider most relevant?

We explore what knowledge areas and specific categories in software
engineering are of interest for start-up companies. This enables to focus
further research on the areas that have the potential to actually support
software start-up companies.

RQ2: How are the identified knowledge areas applied in start-ups?
We explore how the identified knowledge areas (RQ1) are implemented

in start-up companies. This increases the understanding of how, or whether
at all, software engineering knowledge and practices are applied.

RQ3: What are the relationships between different knowledge areas?
We explore the relationships between the applied practices to under-

stand how practices and knowledge areas affect each other. The under-
standing of the relationships enables the analysis of how significant each
practice is in context of other practices.

RQ4: What practices are missing to support software engineering in start-
up companies?

Having identified relevant knowledge areas (RQ1), how the knowledge
areas are implemented in terms of practices (RQ2), and relationships be-
tween the practices (RQ3) we identify gaps in applied practices. We review
related work to identify practices that could be useful for adaptation in
start-ups.

3.2 Data sources and collection

We use a collection of start-up experience reports [CBInsights, 2015] as the
data source. The reports represent a primary data source, i.e. we perform

1 http://eriksklotins.lv/files/exp-reports-study-supplemental-material.pdf
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original analysis of data, and we perform third degree analysis, i.e. we
independently analyze artifacts that are already available [Lethbridge et al.,
2005].

The experience reports describe lessons-learned from start-up compa-
nies, written by one of the participants after critical events occurred in the
start-up, for example, a key person leaving a company, a product launch,
a buyout or closure of the company. Even though the reports represent
"multi-vocal literature", i.e. are unstructured and vary in length, focus and
style [Ogawa, R. T.; Malen, 1991, Tom et al., 2013], they provide a rich
insight on how start-ups perceive and approach software-intensive prod-
uct engineering [Garousi et al., 2016]. The reports cover a much broader
scope than just product engineering thus providing insights how product
engineering is influenced by and what influence engineering has on other
factors in start-ups.

We screened the collection to remove inaccesible or otherwise irrelevant
reports, prior to the detailed analysis, according to the following criteria:

1. The report is inaccessible, for example, the link provided in the web-
site to the actual report is broken.

2. The report clearly does not describe experience from a start-up com-
pany, for example, the report describes experiences from an estab-
lished company.

3. The report clearly does not describe experiences from a software
start-up, i.e. the start-up does not do software engineering in any
way.

From the initial set of 93 reports, 5 reports were removed and 88 re-
mained for further analysis. Secondary data sources are start-up pro-
files [cru] that record company track length, geographical location and
members of their founding teams. Figure 2.1 illustrates how each data
source contributed to answering the stated research questions.

We created a simple database tool to import, store and maintain trace-
ability between different pieces of data. Prior to storing, we trimmed ir-
relevant information, i.e. ads, unrelated pictures, links, from the reports
and split the reports into chunks by a paragraph for further analysis. A
paragraph was selected as unit of analysis as it is large enough to convey
a complete statement and small enough to maintain traceability. The split-
ting was first done with an automated tool and later manually revised. The
final chunks were 1 - 16 sentences long.

3.3 Analysis design and execution

To analyze the reports we use qualitative data analysis methods, that is,
different types of coding and themeing of concepts [Seaman, 1999, Saldaña,
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22015]. Figure 2.1 illustrates the used data sources, the three analysis steps,
the output and how it answers the research questions.

Experience 
reports

Start-up 
demographics

Step 1:
provisional coding
magnitude coding

Mapping to the 
SWBP 

taxonomy

SWBP taxonomy

Step 2:
descriptive coding 

process coding

evaluation coding

Step 3:
pattern coding

axial coding

Categories and 
relationships

RQ1

RQ2

RQ3

RQ4

Figure 2.1: Overview of the coding process and research questions

In step 1 we apply provisional coding we explore the data and identify
and categorize statements in the reports related to software engineering
or business development [Saldaña, 2015]. We associate statements in the
reports with preformed codes from the SWBP taxonomy (see Section 2.3),
as suggested by Seaman [1999].

Our study is specifically angled towards software engineering practices
and their connections to business knowledge areas, thus the SWBP taxon-
omy supports identification of relevant data to answer our research ques-
tions. We associate statements in the reports with a knowledge area, cat-
egory or a sub-category from the taxonomy. More explicit statements are
mapped to sub-categories, while more general statements are associated
with a knowledge area in general. Mapping to the lowest level enables
analysis both on knowledge area level and a more specific analysis of what
sub-categories in a particular knowledge area are addressed. To code am-
biguous statements we use simultaneous coding [Saldaña, 2015], mapping
the statement to multiple categories of the SWBP taxonomy. To further de-
scribe each identified statement we added two magnitude sub-codes [Sal-
daña, 2015]. The first sub-code captures the impact direction of a described
practice. We use the values “positive", “unknown" and “negative" to cap-
ture the report’s author own reflection on the impact of a practice. For
the second sub-code we use the values “product", “business" and “both"
to capture the affected object. The scope for each code is a sentence in a
report. Sub-codes are added on top of each code.

In step 2 we perform another pass on each report and look at the re-
ported experience as a whole to identify key concepts, analysis points,
leading to gains or losses in software engineering or business develop-
ment. Looking at the reporter’s opinion on what activities had significant
impact on software engineering, we attempt to identify contextual factors
and activities causing the high impact situation. We make use of descriptive
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(to summarize), process (to capture ongoing action) and evaluation (to as-
sess the situation) coding [Saldaña, 2015] jointly to capture analysis points
in a report. Through analysis of the described situation we aim to differ-
entiate between reported symptoms (e.g. running out of resources) and
actual causes (e.g. poor resource planning due to lack of experience). Cod-
ing in this step is open, i.e. we let codes to emerge naturally without use
of the taxonomy. Examples of coding in the steps 1-2 are provided in the
supplementary material 2.

In step 3 we apply pattern and axial coding [Saldaña, 2015] to combine
similar analysis points and to establish relationships between emerging cat-
egories. As similar activities and contextual factors recur in the data, we
group them under a candidate category. We merge, split and update the
candidate categories during the coding process. A category gains full cate-
gory status when its category description allows understanding of charac-
teristics, conditions, consequences and interaction of the expressed concept.
To understand how different concepts influence each other we further em-
ploy axial coding [Corbin and Strauss, 1990] looking for possible causes
and consequences across all analysis points forming each category. This
enables deeper understanding of a concept and provides multiple explana-
tions for its emergence and impact. Field memos in a form of white board
drawings, notes and mind-maps were created to record any discoveries in
the data. During the analysis we kept track of what specific statements
from reports actually support the category or the relationship and contin-
uously update a category description. We use this information to further
develop or discard patterns emerging from the data.

Saldaña [2015] suggests to connect categories with underlying concepts
by applying theming portions of data. Where possible, we associate the
categories with practices from the the SWBP taxonomy. The association
connects the categories to state-of-the-art enabling further elaboration and
exploration of a category.

3.4 Answering the research questions

We answer RQ1 (What software engineering knowledge areas do software
start-up companies consider most relevant?) by counting how frequently
each knowledge area is discussed in the reports. Some reports repeatedly
address the same issue resulting in multiple identical codes and impact
sub-codes. Such repeated codes are useful for further qualitative analysis,
however are counted only once in the quantitative analysis in order not to
inflate the importance of a knowledge area. By differentiating between the
reported positive or negative impact on software engineering or business
development aspects, we identify potential inadequacies in the application

2 http://eriksklotins.lv/files/exp-reports-study-supplemental-material.pdf
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2of knowledge in that particular area, specific for the software startup con-
text. The analysis of this research question is presented in Section 4.2.

We answer RQ2 (How are the identified knowledge areas applied in
start-ups?) by summarizing reported practices relevant to each knowledge
area.

We answer RQ3 (What are the relationships between different knowl-
edge areas?) by developing a graph illustrating relevant knowledge areas
and their relationships. By looking at the number of data-points we iden-
tify the most important relationships for further exploration. We discuss
the relationships in context of related work.

We answer RQ4 (What other practices are missing to support software
engineering in start-up companies?) by identifying the most interconnected
categories and their relationships in Fig. 2.9 (RQ3). We assess the central
categories in context of the related categories, examine if the answer to
RQ2 suggest any particular practice pertaining the relationship, and re-
view related work for candidate practices.

3.5 Validity threats

We present four categories of validity threats as proposed by Runeson et al.
[2012].

3.5.1 Construct validity

Construct validity is concerned with to what extent the studied operational
measures represent what the researcher is attempting to investigate [Rune-
son et al., 2012].

A possible threat is that we may fail to recognize relevant practices in the
reports. To address this threat we use a taxonomy to support identification
and categorization of statements from the reports.

We use the SWBP taxonomy as a framework to identify and categorize
statements from the reports.

However, the SWBP taxonomy is partly based on SWEBOK and may not
up to date with emerging concepts in software engineering such as value
based software engineering [Boehm, 2003, Azar et al., 2007] and market-
driven requirements engineering [Dahlstedt et al., 2003, Karlsson et al.,
2007]. To address the threat that some important aspects are missed due to
the lack of a comprehensive taxonomy we use two separate coding strate-
gies, i.e. provisional coding (based on a taxonomy) and analysis points
(independent from any taxonomy).

Due to lack of detail or terminology differences between the reports and
the taxonomy it could be challenging to map certain statements to spe-
cific software engineering practices. We address this threat by a) applying
multiple codes to the same statement to capture multiple interpretations
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and b) mapping the statements to different levels of the taxonomy. As a
possible consequence of multiple codes per statement, we may incorrectly
estimate the number of statements addressing a particular category of the
taxonomy. However, multiple codes also enable identification and analysis
of closely related and overlapping practices.

Another threat to construct validity is a possible bias stemming from
the nature of subjective experience reports. In their essence, the reports are
self-evaluations by the authors. They may have overlooked their own short-
comings, e.g. a lack leadership or technical skills, and rationalized their
experience with external circumstances [Pronin et al., 2002]. However, due
to relatively large sample and diverse population we likely cover different
personality types, therefore minimizing this threat [Feldt et al., 2010]. An
alternative solution could be to use grounded theory [Corbin and Strauss,
1990] and study a smaller sample in more detail, thus strengthening the
internal validity at the expense of generalizability.

Even though we applied multiple remedies to address the threats that
stem from the nature of the data we have collected, we are conservative in
the conclusions that we draw from the data and analysis.

3.5.2 Reliability

This aspect is concerned with the extent to which the results and analysis
are independent from the specific researchers [Runeson et al., 2012].

We address reliability by ensuring transparency and traceability through-
out our data collection and analysis, providing a detailed description of
the applied research method. All analyzed experience reports are provided
as supplemental material3.

We have kept traceability information throughout our results and anal-
ysis linking specific conclusions with supporting statements in the experi-
ence reports.

3.5.3 Internal validity

Internal validity is threatened when a researcher is investigating one factor
affecting another factor and there exists a third, unknown factor, that con-
founds the studied relationship without the researchers knowledge [Rune-
son et al., 2012].

A possible threat here is the single researcher bias in the coding pro-
cess. To address this threat we applied researcher triangulation. Twice in
the coding process, at the beginning and later in the process, selected re-
ports were analyzed independently by three researchers and the results dis-
cussed to identify and eliminate any individual biases. In addition to the

3 http://eriksklotins.lv/files/exp-reports-study-supplemental-material.pdf
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2triangulation, intermediate results were discussed among the researchers
and compared to state-of-the-art.

3.5.4 External validity

External validity concerns the ability to generalize the result of research
efforts to industrial practice and to what extent the results are of interest
outside the investigated case [Runeson et al., 2012].

A potential threat to external validity is sampling. For our study we have
used convenience sampling and studied a relatively large number of cases
from different geographical regions, market segments, team composition
variations, product types, and consider both successful and failed cases.

The majority of start-up cases in our sample (63 of 88, 72%) are closed
companies. As elaborated in Section 4.1 and Fig. 2.4, this proportion is rep-
resentative of the whole start-up population which is nevertheless biased
towards failed start-ups. Therefore we avoid to present any prescriptive
advice that derives from the studied companies.

4 results

4.1 Overview of the data set

We have analyzed experience reports of 88 start-ups. The sample of compa-
nies is diverse in developed products, geographical location and founders
experience. We attempt to estimate to what extent the studied sample is
representative to the whole population.

Fig. 2.2 shows an overview of when companies in our sample were
founded and when the reports were published. A total of 56 out of 88 com-
panies (63%) have provided information on their founding and closure
time. The companies were founded between 2001 and 2013 (Median =
2010). For 77 companies we were able to identify when they have pub-
lished their experience report. The reports were published between 2006

and 2015 (Median = 2013).
Fig. 2.3 summarizes the operational track length of the companies, which

varies between less than a year to 8 years. The majority of companies for
which we know the track length, 38 out of 56 companies (68%), have oper-
ated between one and three years.

A total of 65 out of 88 companies (73%) have provided location informa-
tion. Within this group, 48 out of 65 companies (74%), were located in US,
13 companies were located in Europe, and the rest were located in India,
Australia and Canada.

In Fig. 2.4 we summarize status of the studied companies. In contrast
to what is stated on the website [CBInsights, 2015], some of the compa-
nies have re-emerged, continue working, or were acquired by other com-

45



0

5

10

15

20

25

30

Nu
m
be
r	
of
	co

m
pa
ni
es
/r
ep
or
ts

Experience	reports	published Start-ups	founded
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Figure 2.3: Overview of the operational track length

panies, thus can be considered as relative successes. Analyzing the reports
and publicly available information, as of June 2016, we have identified dif-
ferent outcomes of the evaluated companies. We distinguish between the
following:

• Operational: The company is still in operation. This category also in-
cludes companies that have re-emerged with similar products. Also,
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2companies that have pivoted, e.g. redesigned their product. Exam-
ples of such companies are:

– GroupSpaces, available at http://groupspaces.com/
– Pumodo, available on iTunes as ‘Champion - Football Livescore,

League and Cup Action’
– PatientCommunicator, available at http://patientcommunicator.
com/

• Acquired: The company, the team or its intellectual property was
acquired by another company. Examples of such companies are:

– Decide, acquired by eBay in 2013

– PackRat, acquired by Facebook in 2011

– ReadMill, acquired by Dropbox in 2014

• Inactive: The company has ceased any active sales or commercial
product development activities, however the product is still available
to users. This category also includes inactive companies that have
made their products available as open-source.

• Closed: The company has ceased any operations, the product is not
available to users.
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Figure 2.4: Outcomes of the companies and impact of external advice

In Fig. 2.4 we distinguish between companies that have reported par-
ticipation in incubator programs or otherwise received an external expert
advice, e.g. consulted with investors or mentors. There is no clear tendency
of external advice being a determinant to company survival, acquisition or
close-down.

In the general start-up population, the failure rate is about 75% [Startup
Compass Inc., 2015]. Companies that are closed down or inactive we con-
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sider as failed start-ups. Companies that are operational or have been ac-
quired we consider successes. As Fig. 2.4 shows, in our sample 6 companies
are still operational and 19 have been acquired, resulting in a total of 25

(28%) companies that can be seen as successful, while 58 (66%) of the com-
panies have been closed, thus can be considered as failed. Although we
do not know financial details of the operational and acquired companies,
the percentage of failed companies in the general population (75%), and
closed and inactive companies in our sample (72%) is similar.

4.2 Knowledge Area Overview

As a result of provisional coding (see Step 1 in Fig. 2.1), we identified and
mapped 876 statements from the experience reports to the SWBP taxon-
omy. Saldaña [2015] suggests to look into how many reports mention a
particular code instead of a total count of codes in the dataset. Therefore,
we removed identical codes per report from further frequency analysis.
After this filtering our dataset contains 755 codes.

We use the number of codes to illustrate what knowledge areas and
their subcategories are common in the reports and what rarely occurred
[Saldaña, 2015]. There could be several explanations why a knowledge area
is discussed in an experience report. One is that activities associated with a
particular knowledge area were conducted and had some interesting effect.
This explanation suggests that a knowledge area is relevant for start-ups
either because it is useful (and yields positive results), or requires adap-
tation for use in start-ups (if the knowledge area was applied with good
intentions but provided unanticipated results). Another explanation is that
a company did not apply a potentially useful knowledge area, however re-
flected on their mistake in a report. This suggests that a knowledge area
could be useful in hindsight.

Fig. 2.5 shows a summary of this analysis. The horizontal axis shows the
number of reports mentioning a particular knowledge area; direction (pos-
itive or negative) indicates impact. Differently shaded bars show whether
the impact is discussed as having impact on business development, soft-
ware engineering or both. The total length of a bar indicates the total num-
ber of codes referring to particular knowledge area. Note, that a knowledge
area could be discussed from various aspects in a single report, thus result-
ing in multiple different codes per same knowledge area. The number of
statements discussing a particular knowledge area but not specifying any
impact are shown in circles between the bars. In total, 209 (28%) statements
address software engineering aspects, and 296 (39%) address business as-
pects of start-ups.

As Fig. 2.5 shows, software requirements engineering, software design
and professional practice are the top three most discussed knowledge ar-
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Figure 2.5: Overview of the number of statements associated with knowledge ar-
eas

eas in relation to inadequacies in product engineering. Software engineer-
ing process, computing foundations, mathematical foundations and the
engineering foundations knowledge areas are not discussed at all in the
reports.

Figures 2.6-2.8 illustrate what specific subcategories of requirements en-
gineering, software design and engineering professional practice are dis-
cussed in the reports. From the requirements engineering knowledge area,
requirements validation, analysis and elicitation are the most discussed
sub-categories. From the software design knowledge area, the most dis-
cussed sub-category is user interface design. From the software profes-
sional practice the most discussed sub-category is group dynamics and
psychology.
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5 analysis and discussion

In this section we synthesize our analysis into the software engineering
knowledge areas reported by startups to answer the remaining three re-
search questions. First, we report how a knowledge area is applied, what
specific practices are mentioned and what specific challenges are discussed
in the reports in relation to the knowledge area (RQ2). Second, we explore
what relationships between knowledge areas are reported to understand
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how software engineering knowledge areas influence each other (RQ3).
Third, we look into related work from similar engineering contexts, com-
pare challenges between start-up and other engineering contexts, and iden-
tify potentially useful practices to solve engineering challenges in start-ups
(RQ4).

Fig. 2.9 shows key knowledge areas and their relationships of software-
intensive product engineering in start-up companies (identified by apply-
ing pattern and axial coding as explained in Section 3.3). In Fig. 2.9, boxes
represent knowledge areas, arrows denote a relationship between knowl-
edge areas. A relationship indicates that a parent category provides input,
i.e. information, to a child category. In further subsections we discuss the
knowledge areas and their relationships in detail.

To support traceability between our analysis and data in the reports,
we use references to the original data. The references are represented by
identifiers in curly braces after a statement, formatted in the following
way: C<{company#>-<chunk#>}. The identifiers refer to the supplementary
material available online4.

5.1 Develop vision and strategy knowledge area

Our analysis shows the process of identifying a product value proposition
as a bridge between marketing and engineering aspects of a product. Value
proposition provides an essential input for starting software requirements
engineering activities. The value proposition is a structured description
of a product idea. It outlines what is the target audience for the product
is, what benefits the product aims to deliver, and what the competitive
features of the product are [Carlson and Wilmot, 2006].

The reports discuss identification of the value proposition as an iterative
process where the initial formulation is brainstormed, and then improved

4 http://eriksklotins.lv/files/exp-reports-study-supplemental-material.pdf
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by means of market research, customer interviews, prototype demonstra-
tions and similar activities {C2-50, C11-10, C24-3, C29-63, C37-30, C48-5,
C50-9, C52-26, C63-45, C64-33, C67-45}. The value proposition bridges the
gap between market research (with a goal to explore market potential of
the product) and requirements engineering (with a goal to identify a feasi-
ble solution) [Hague et al., 2004, Dahlstedt et al., 2003].

As shown in Fig. 2.9 a structured formulation of the product idea helps
to identify specific goal level requirements which then are broken down
into more specific functional and quality requirements by requirements
engineering activities. Target audiences help to identify stakeholders for
requirements elicitation activities. Inadequacies in the value proposition
may hinder requirements engineering activities. For example, an unclear
overall product goal makes it difficult to specify criteria for requirements
prioritization, release scoping and for identifying stakeholders.
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25.2 Requirements engineering knowledge area

Software requirements engineering is a set of activities to capture the needs
and constraints placed on a software product, and to identify a feasible
solution that contribute to solving a real-life problem. Therefore, require-
ments engineering can take both problem and solution oriented view [IEEE
Computer Society, 2014].

As shown in Fig. 2.5, requirements engineering is the most discussed
software engineering knowledge area in the reports. Further analysis of
statements from the reports, illustrated in Fig. 2.9, suggests that require-
ments engineering is the central software engineering activity in start-ups.

Start-up companies operate in a market-driven environment, thus ini-
tial requirements are invented by a start-up team [Dahlstedt et al., 2003,
Ambler, 2002]. In similar contexts outside start-ups, requirements are val-
idated by internal feasibility reviews, interviews, surveys, crowd-funding
success and other techniques that are applicable in the pre-development
stage [Fabijan et al., 2012, Ambler, 2002]. Requirements negotiation takes
place to prioritize what features to implement next [Tingling and Saeed,
2007].

The experience reports suggest that start-ups use a similar approach to
requirements engineering. Software is developed in short iterations aimed
to implement and validate a slice of requirements. Results from the vali-
dation are used as input for subsequent iterations. As Company #1 reflects
on quickly building a prototype, testing it and only then undertaking more
extensive mobile application development:

“We had a mobile website prototype in front of users within a week
and iterated based on that before building out the native [mobile ap-
plication] version.”

Requirements engineering drives the software development process by
helping to acquire domain knowledge, explore problem domain, and to
identify potential solutions [Hofmann and Lehner, 2001a, IEEE Computer
Society, 2014]. As put by Company #66:

“One of the key lessons I learned is that great startups have a blind-
ingly obvious, ideally really large and painful problem that the com-
pany is trying to solve. Solving this problem should drive almost every
decision in the startup.”

Exploring the problem domain and user needs is one of the key practices
in early stage start-ups [Crowne, 2002, Churchill and Lewis, 1983]. Our
findings are consistent with Hofmann et al. [Hofmann and Lehner, 2001a]
who argue that inadequacies in requirements engineering are the single
largest cause of software project failure.
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In the following subsections we discuss sub-categories of the require-
ments engineering knowledge area.

5.2.1 Requirements sources and elicitation

This category represents practices to collect requirements and to identify
sources from where engineers can collect requirements [IEEE Computer
Society, 2014, Dahlstedt et al., 2003].

The reports suggest that start-ups operate in a market-driven context
and that the initial requirements are derived from the product value propo-
sition. Interviews, surveys, observations and demonstration of prototypes
are reported as methods to adjust goals, discovering new requirements,
and to validate existing requirements {C1-45, C14-20, C29-2, C48-5, C50-9,
C59-24, C75-4, C79-102, C86-10}

The data from the experience reports suggests also that start-up teams
use local businesses, people from their social network and even their teams
as requirements sources. Similar products, industry standards and regu-
lations, and partnership agreements are discussed as important require-
ments sources in addition to customer feedback. Examination of similar
products is reported as useful to identify base functionality of a product
and to spot opportunities for innovation {C06-12, C1-45, C14-8, C14-20,
C33-73, C39-10, C50-8, C61-43, C69-6, C75-4, C79-102, C86-10}.

The reports suggest that the utilization of customer feedback depends
on access to requirements sources and interviewer’s skill to discover ac-
tual customer needs. The access could be limited by, for example, physical
distance and inadequacies in identifying potential customers. Mistaking
curious people for potential customers can lead to false requirements hin-
dering the product’s market potential. Some companies report testing cus-
tomer interest by asking for an upfront payment {C14-34, C21-7, C02-25}.
As Company #14 states:

“I think we did not understand that the real purpose of selling was
validation (or invalidation) and had the ’always be closing’ mindset
at a too early stage of the company. Later, I have been joking that
during the validation process, if customers don’t buy, you should open
a champagne bottle and celebrate that you found one way that didn’t
work and are now a lot closer to success.”

The start-up companies reflect on the importance of early customer feed-
back and the dangers of not using customer input in the requirements engi-
neering process. Even though gathering of customer input is discussed as
difficult due to a physical distance and vague understanding of the target
market, customer input is reported as an essential part of requirements en-
gineering. Companies that have neglected early customer feedback report
poor product reception in the market and wasted resources on developing
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2unwanted features, often leading to the company’s collapse {C03-10, C22-4,
C35-23, C50-8, C52-20, C34-2, C59-24, C75-4, C75-17, C75-19, C76-11, C78-
15, C78-19, C86-10, C88-4}.

A commonly reported difficulty is to create an engaged community of
early customers of the product. This community facilitates requirements
elicitation, validation and other activities were direct customer feedback
is essential. The reports suggest that initially a person may show genuine
interest in the product, however, if the product does not solve an actual
problem for the customer, the interest fades away quickly {C06-6, C35-20,
C52-22, C59-7, C65-16, C67-38, C69-6, C82-16, C83-6}.

The reports suggest that misuse of customer feedback stems from dif-
ficulties to identify and access requirements sources, i.e. customers, and
poor elicitation methods, for example asking the wrong questions {C4-22,
C4-72, C59-7, C59-24, C61-43, C79-102, C83-6}. As Company #2 reflects:

“People compliment you on the idea because they believe it will be
so useful for people other than themselves. i.e., they get into advisor
mode.”

discussion : As shown in Fig. 2.9, using value proposition to identify
concrete requirements sources and software requirements is one of the first
steps in product engineering activities. Inadequacies in value proposition
and requirements engineering activities could hinder any further engineer-
ing activities. Unclear quality and functional requirements lead to over or
under-engineering of the product.

Identification and access to useful requirements sources is essential for
requirements elicitation [Mitroff, 1983]. In a market-driven context, a com-
pany must solve the practical problem on how to select a manageable num-
ber of users, e.g. early customers, to perform requirements elicitation ac-
tivities.

Pacheco and Garcia [2012] suggest to classify all likely users and to
study all of the user classes to identify their role in the product. Pruitt
and Grundin [2003] suggest that the use of superficial characters repre-
senting users of the product, i.e. ’personas’, helps to identify different user
groups and to facilitate discussion around the requirements. The personas
could be created with help of a small group of customers or domain ex-
perts and further detailed with interviews, surveys and ethnographies to
create more detailed descriptions of the users and their needs [Miller and
Williams, 2006, Pruitt and Grundin, 2003]. This lightweight practice could
be useful for start-ups when actual customers are not readily available.

Fabijan et al. [2012] suggest different customer feedback collection tech-
niques useful at different development stages. Since access to actual users
for face-to-face interviews is usually limited, start-ups could use indirect
requirement sources such as listing the product idea on a crowd-funding
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website [Fabijan et al., 2012, Pruitt and Grundin, 2003], validating the prod-
uct idea and discover new requirements with less effort.

Due to practical restrictions, only a limited number of potential users
can be involved in elicitation and any requirements are generalized over a
larger population. However, such approach poses risks of biases, such as
sampling (e.g. consulting only expert users as requirements sources), and
data collection method (e.g. utilizing only quantitative surveys). Wilson
[2006] argues that triangulation and use of multiple methods, measures
and approaches must be explicitly interweaves in requirements elicitation
process. He argues, that the best results can be achieved by mixing quali-
tative and quantitative methods, and using multiple complimentary data
sources.

Karlsson et al. [2007] report that technology focused companies often
neglect user feedback in favor of inventing requirements internally. This
is partly due to difficulties obtaining feedback on a new product that is
unknown for a market, and partly due to focus on technology rather than
actual customer needs [Karlsson et al., 2007]. The reports suggest that start-
ups often use interviews to elicit requirements from users, however users
are not always able to articulate their needs. Davis et al. [2006b] identify
four typical situations in requirements elicitation and argue that each re-
quires specific elicitation techniques. For example, if a user and the analyst
share knowledge about a specific requirement, simple questioning to verify
the requirement could be sufficient. However, if a requirement is unknown
to both sides then mutual exploration of the problem and requirements
discovery are a more suitable approach to elicitation [Davis et al., 2006a].
This resonates very well with findings by Kujala [2008] arguing that it is
beneficial to empower and involve a group of key customers in daily de-
velopment activities.

5.2.2 Requirements Prioritisation

Requirements prioritisation is a requirements analysis activity to catego-
rize requirements by how essential they are for meeting overall goals of the
product. The requirement priorities need to be balanced against resources,
time and other constraints [IEEE Computer Society, 2014].

Requirements prioritisation is discussed most commonly in relation to
identifying features for the smallest viable feature set, i.e. a minimum vi-
able product (MVP) [Junk, 2000]. The MVP is reported as useful to show-
case the main advantages of the product to users and to spot inadequacies
in product features or design early {C75-17, C14-11}.

The reports indicate that customers, own ideas, competitors and similar
sources provide a constant flow of ideas for new features and improve-
ments. However, due to resource limitations, only a few can be imple-
mented. Start-ups report on selecting features that deliver the most value
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2to their customers. However, this process is reported as difficult without
mentioning any specific practices {12-110, 14-27, 15-25, 33-6, 43-6, 48-9, 50-
9, 52-6}.

Requirements prioritization is reported as challenging, specifically the
selection of prioritization criteria. To maintain a product focus and to stay
within resource, time and quality constraints, the company must prioritize
what features are the most relevant to deliver a promised value proposition
{C50-11, C50-11, C57-12, C71-24}.

Some companies reflect that their challenges with requirements prioriti-
zation originate from a vague value proposition, i.e. unclear product goals
and benefits. The reports suggest that consequences of poor requirements
prioritization are over-scoped product releases and wasted resources on
implementing unwanted features {C76-5, 50-18, 69-14, 79-48}.

discussion : As illustrated in Fig. 2.9, requirements prioritization goals
are defined by the product value proposition.

Quantifying value is a complex task and often involves making a com-
promise between interests of different stakeholders. When maximizing
value is used as a prioritization goal, different perspectives of value need
to be considered. Khurum et al. [2012] propose a breakdown of software
value aspects therefore enabling discussion about different perspectives on
value.

Lehtola et al. [2005] identifies a need for alignment between business and
engineering activities in a market-driven setting. The authors discuss use
of roadmapping as a technique to align product and market perspectives.
A road-map helps to connect immediate engineering goals with higher
level objectives and to facilitate the discussion between different stake-
holder perspectives, i.e. customers, business and engineering.

5.2.3 Release Planning

Release planning is closely related to requirements prioritisation and con-
cerns the identification of sets of requirements that can be delivered to
customers and provide competitiveness in the market [Carlshamre and
Regnell, 2000]. In a market-driven setting there is a constant pressure to de-
liver features faster [Giardino et al., 2014a]. However practical challenges,
such as requirements interdependencies, need to be resolved.

When planning product releases, start-ups follow two general approaches:
frequently releasing small increments and delivery of a fully-fledged prod-
uct. The frequent delivery approach starts by creating a very simple func-
tionality, even mock-ups, and continues until the product matures. A con-
tinuous delivery process allows to conduct continuous requirement vali-
dation and to immediately adjust the product direction {C33-33, C48-4,
C53-46, C54-9, C54-11, C87-60, C46-13}. Fully-fledged releases take more

57



time to build, thus continuous validation of the product direction is chal-
lenging. Moreover, as validation takes place after the release, substantial
effort is put on risk to be wasted {C14-11, C14-42, C52-20, C78-19, C78-
20, C87-60, C46-13}. Attempts to launch a fully-fledged version are most
commonly discussed in relation to neglect of user input and focus on
technology rather than an actual customer need {C14-11, C14-42, C52-20,
C78-19, C78-20, C87-60, C46-13}.

Due to market pressure or internal uncertainty of what customers expect
from the product, companies desire to satisfy customers with a more com-
plete and polished product. However, implementation of more features or
higher quality requires more resources and postpones the opportunity to
demonstrate the product to users, thus hindering requirements validation
activities. Companies that have leveraged on early user feedback and have
launched a less complete product, report fewer difficulties in marketing
the product {C35-23, C50-11, C52-20, C57-12, C71-24, C75-17, C75-18, C76-
5, C78-19, C82-12, C86-11}.

We found that companies often overscope their releases aiming to de-
liver a more “ground-breaking” product in hopes for more positive user
feedback {C14-11, C52-20, C46-13, C78-19, C87-60}. As Company #59 states:

“We should have concentrated on the core idea and launched a Min-
imum Viable Product (MVP) to test the concept, as we initially had
planned even though we never had heard of the concept of an MVP.
We kept building more features, since we always felt that ’the service
needs X because Flickr has it too’ or ’he/she said he needs that fea-
ture’.”

Overscoping could be a consequence of poor requirements prioritization.

discussion : As illustrated in Fig. 2.9, release planning is closely related
to requirements prioritisation and requirements validation. Prioritization
provides means for identifying requirements to be included in a product
release. Requirements in the release are demonstrated to customers and,
thereafter, validated by customer feedback.

Bjarnason et al. [2010a] recognize that scoping of product releases is
challenging. They report that an unclear vision of overall goals, constant
inflow of requirements, and miscommunication are some of the reasons
for over-scoping the releases [Bjarnason et al., 2010a]. As shown by the
experience reports and supported by Bjarnason et al. [2010a], consequences
of over-scoped releases are unmet customer expectations, wasted effort
and delays.

Dahlstedt et al. [2003] and Alves et al. [2006] report that in market-driven
requirements engineering most requirements validation takes place after
the product is released to the users. Therefore, frequent releases enables
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2early identification of potential flaws in the value proposition or the re-
quirements.

Incremental delivery of the product and frequent adjustment of plans are
described as key practices of Scrum [Rising and Janoff, 2000]. Rising and
Janoff [2000] reports that organizing development in sprints and prioritiz-
ing features for upcoming release helps to deal with uncertainty and chang-
ing requirements. Moreover, the Scrum method implies that after each it-
eration an assessment of progress, user feedback and re-prioritization of
tasks takes place. Such rigorous approach to development and planning
helps to break down the product to manageable chunks and progress is
made even if requirements change. Predictable timing and scope of prod-
uct releases encourages users to adopt the product [Rising and Janoff,
2000].

5.2.4 Requirements Validation

Requirements validation covers practices to ensure that engineers have un-
derstood the requirements and the proposed solution actually solves the
original problem [IEEE Computer Society, 2014].

The reports suggest that start-up companies aim to focus their activi-
ties around continuous requirements validation. The most commonly dis-
cussed technique is to implement requirements in a early version of a prod-
uct, i.e. a prototype, demonstrate it to the users and to collect feedback,
commonly called a feedback loop {C01-47, C14-8, C29-3, C35-20, C52-22,
C54-9, C55-16, C61-7, C71-23, C75-18, C86-14, C87-56, C34-4, C46-13}.

User feedback is used both to validate the requirements and to iden-
tify new user requirements for the product. In addition, interviews with
users are reported as useful to review and discuss the requirements before
prototyping {C02-11, C06-6, C14-8, C29-33, C63-13, C34-2}.

The companies report on using various metrics to gather quantitative
data how customers use the product. The collected metrics are used to
validate requirements and to steer further product development {C1-66,
C48-5, C50-18, C53-72, C57-12, C64-17, C75-10}.

However, many companies have failed to establish the feedback loop
either due to the lack of an internal engineering process to manage user
feedback or the difficult access to users {C49-21, C50-18, C34-2, C86-10}. As
Company #14, building a software tool for ordering photo prints on-line,
reflects:

“Iterations took longer than planned for us, because small print labs
were often quite busy and did not have time to immediately have a look
at the new version and give feedback. [..] When they finally had time
to try out the new version, if they felt that it still needed improvement
or they came up with a new feature that would be needed, the launch
was likely to be postponed by at least a month.”
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discussion : As shown in Fig. 2.9, requirements validation in start-ups
is closely related to release planning and provides an input to planning ac-
tivities. Release planning determines what features are released and, there-
fore, undergo validation. Outcomes from the validation are used to adjust
further product direction.

The most recurring issues in requirements validation are the lack of a
structured process to utilize user feedback and the inability to select rele-
vant metrics. However, the experience reports offer little details on specific
practices addressing these issues. Our findings are consistent with Olsson
and Bosch [2015] who identify similar issues in established companies de-
veloping software-intensive products.

Hanssen and Fægri [2006] report on involving expert users in a deploy-
test-evaluate loop. The expert users are central in testing and evaluating
each release. However, the authors also emphasize the required overhead
to maintain the user-developer relationship, to keep the users engaged and
to make strategic decisions on the product direction.

Further research is required to understand how to identify users to be
involved in development process and to what extent methods by Hanssen
and Fægri [2006] could be applied in start-ups.

5.3 Software design knowledge area

Software design is a set of activities and a result of defining software ar-
chitecture, components, interfaces and other characteristics of the system,
supporting its construction. Software design can take place before the con-
struction process as in plan-driven contexts, or interweave with the con-
struction process as in an agile setting [IEEE Computer Society, 2014, Yang
et al., 2016].

As shown in Fig. 2.7, most (22 out of 34) statements associated with the
Software Design knowledge area lack details for mapping to subcategories.
The remainder of the statements specifically discuss the User Interface De-
sign subcategory.

The reports offer very little information on the actual construction of the
product, coding or integration of components. Instead, the reports discuss
design decisions behind selecting one or another construction technology,
components or design goals.

Statements from the reports suggest that start-ups aim to release their
products or services fast, thus spending little time on upfront software
design. Start-ups opt for incremental designs and faster product releases
{47, 3101, 3956}. Scalability and flexibility of the product are identified as
primary goals of software design {264, 1245, 1836, 1922, 2982, 3249, 3956,
1305, 733,1166}.
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2Start-ups report on attempts to leverage on cutting-edge technologies
with the aim to gain a competitive advantage such as faster time-to-market
or additional features. However, new technologies are often reported as
immature causing product quality issues. As Company #3 states

“Sure, it was seven years ago, pre-iPhone and pre-Android, so it
was ahead of its time, we had to use Adobe Flash on a browser which
sucked in so many ways I can’t even start to explain how bad it was.
Technology would be so much better and more important all mobile
today.”

Selection of technology also concerns third-party solutions that can be
integrated and configured to constitute the product. Third-party compo-
nents are used as a method to deliver functionality with little development
effort. Leveraging on existing functionality of third-party components is re-
ported as a key practice in software design. Some companies that have not
leveraged on third-party components admit lack of skill and experience in
software design {C04-23, C69-12}.

Several reports mention good product user experience as an important
quality and their efforts to improve it. However, no specific practices re-
garding user experience engineering are mentioned {6-11, 14-15, 35-17, 66-
35, 63-54}. User interface design is recognized as having an impact on cus-
tomer behavior and attitude towards the product. As Company #66 reflects
on user interface and user experience design:

“The team never properly sat down and brainstormed the UX.
Quick decisions were made to get the MVP out the door and these
had serious impacts on how the product was received by customers.”

Constantinides et al. [2010] and May [2012] also recognize the importance
of user interface and its impact on product adaptation.

Other goals of user interface design are the development of a product’s
visual appeal, to establish a brand identity, to gain attention from media
{C02-87, C33-36, C67-13}, search engine optimization {C17-16}, and promot-
ing viral effects in social networks {C66-35}. An iterative approach of fre-
quently updating the user interface and measuring changes in the user be-
havior is reported as a viable practice to build user interface of a product
{C01-47, C02-80, c12-126, C14-33, C33-33, C52-19, C82-13, C46-13, C54-29,
C63-06, C02-81}.

The reports suggest that start-up companies use brainstorming {C66-42},
mock-ups and wire-frames {C14-15} to design user interfaces of a product.
Frequent iterations {C33-36}, experiments {C66-35} and usability tests {C14-
15} are applied to continuously improve the user interface {C02-87, C35-36,
C61-17, C66-35}.

However, under a tight schedule, the process could be abandoned and
user interface designs are done in a hurry with little consideration {C14-15}
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causing quality issues later. Attempts to salvage a product that is unsuc-
cessful for other reasons by tweaking the user interface leads to wasted
resources with little or no gain {C02-87, C14-15, C63-54}.

discussion : The reports suggest that when the understanding of re-
quirements is vague, it is useful to put together a quick prototype demon-
strating a feature in question. The prototype is used to gather user feed-
back before any extensive development takes place {C33-14, C57-26, C71-
18, C78-25, C79-50, C79-115}. However, sticking more features into a makeshift
product degrades the architecture and technical debt accumulates over
time. Maintaining a manageable level of technical debt and creating an ar-
chitecture supporting changing requirements and enabling quick prototyp-
ing is a major challenge {C04-58, C14-12, C22-04, C33-42, C50-11, C58-15,
C64-31}.

Software design activities in start-ups are closely related to require-
ments engineering. Non-functional requirements determine the required
level of quality as an input for software design activities. However, vague
or invented non-functional requirements could lead to under or over-
engineering of a product {C04-22,C04-71, C23-3, C75-23, C55-14}.

Quality requirements constraining internal aspects of the product, such
as time-to-market or maintenance costs, are repoted as often overlooked.
Poor or neglected quality requirements may create pitfalls in the long run:
inadequately high maintenance costs when product is launched or overly
long release cycles {C04-22,C04-71, C23-3, C75-23, C55-14, C32-3, C78-25,
C35-22, C79-115}.

Creating software design that requires minimal lead time and can accom-
modate changing requirements while maintaining high product quality is
a challenge. The reports suggest that it takes skilled engineers to build
such designs and reflections on how inadequate engineering skills had
contributed to poor design leading to poor product quality {C79-50, C75-
23, C53-68, C72-18, C73-40, C01-02, C02-80, C35-52, C43-17, C49-26, C52-19,
C67-33}.

A study by Woods [2015] suggests that goals of software architects of-
ten clash with goals of agile teams, however there are simple principles
that allow both to benefit from each other. For example, breaking the soft-
ware into smaller components and delivering incrementally helps to avoid
large upfront designs. Communicating architecture principles to the devel-
opers help the team members to understand why architectural structures
exist and what are most important characteristics of the architecture. Yang
et al. [2016] identifies forty three software architecture approaches that can
be used in an agile context. The identified approaches range from naive
(considering architecture only for current iteration) to use or architectural
design patterns and cost-benefit analysis.
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2State-of-the-art in agile software architecture offers a variety of practices
and guidelines that could be relevant for start-ups. However, it needs to
be explored which exact practices are most efficient to address start-up
specific challenges.

5.4 Software engineering professional practice knowledge area

The software engineering professional practice knowledge area comprises
skills, knowledge and attitudes that an engineer must posses to practice
software engineering [IEEE Computer Society, 2014]. The reports discuss
various aspects of professional practice, such as decision making, motiva-
tion, trust, importance of good software engineering skills, and ability to
learn.

Difficulties in communication are discussed as having a significant im-
pact on decision making, motivation, trust and general climate in the team.
As Company #79 describes the communication between co-founders:

“Overall, the most important [challenge] is that Nathan and I had
difficulty communicating in a way which would allow us save the
company, and that this really drained out motivation.”

The reports contain descriptions of team structures ranging from hierar-
chical to flat. In a start-up team the highest authority are founders. How-
ever, some founders empower and involve other team members in making
important decisions while others exercise autocracy in all aspects of their
companies {C01-46, C12-54, C62-17, C74-40, C78-17}.

Autocracy is discussed in the reports as a cause and consequence of lack
of trust between team members, miscommunication of company goals and
lack of transparency in decision making. However, involving the whole
team in every decision hinders performance and team motivation. Sep-
arating areas of responsibility and empowering team members to make
decisions are discussed in the reports as viable practices for decision mak-
ing {C05-06, C12-83, C16-08, C17-19, C46-05, C66-42, C69-04, C71-13, C74-
40, C77-22, C78-17, C84-12}. Company #17 points out that in a dynamic
start-up environment it is difficult to make decisions based on previous ex-
perience. Instead decisions should be based on data and experimentation:

“No one has any idea what is going to work and what’s not. Don’t
listen to the people who think they know. Sure, this one didn’t pan out,
but each failure helps us navigate the thousands of decisions we will
need to make for the next one. That knowledge helps us build better
things that will last longer.”

Mutual trust between team members is reported as an important fac-
tor for good teamwork and decision making. Founding teams with joint
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previous experience reflect on team issues more positively and reflect on
mutual trust as a contributing factor to good teamwork. The inability to
communicate mutual expectations, intentions and motivate own decisions
hinders trust {C49-26, C62-19, C72-18, C73-32, C73-34}.

Capabilities to learn new emerging practices, adapt to an uncertain en-
vironment and collaborate are reported as essential in a start-up environ-
ment. Some reports discuss how unanticipated personality traits have con-
tributed to team break-up and company collapse, suggesting that good
team composition is essential in start-ups {C02-47, C14-2, C21-17, C29-4,
C73-32, C46-5}.

A working environment encouraging communication and collaboration,
such as a dedicated office space and joint activities, boosts performance
and increases motivation {C56-16, C61-65, C71-14, C73-9, C73-34, C77-22}.
Working remotely is reported to have negative effects in the long term
{C21-14, C75-15, C77-3}, however, when done with consideration, working
remotely can have positive effects, i.e. to avoid disturbances in the office
{C75-12} or being closer to the target market {C01-45, C21-14}.

The reports discuss how initial optimism for fast success vanishes and
development tasks shift from inventing the product to less exciting activ-
ities such as handling customer service {C02-50, C02-74, C04-20, C04-22,
C77-3}. When a critical motivator is not present anymore, a team member
may leave the company or start following his own agenda {C01-28, C12-142,
C21-16}. Motivation to work in a start-up is often discussed in the reports
in relation to shared goals and vision. A lack of shared understanding
about changing goals is reported as a consequence of poor value propo-
sitions {C01-58, C12-142, C22-07, C53-86, C71-14, C74-40, C76-06. C77-16,
C79-18}.

Due to time constraints, start-up companies choose people that fit the
team by "character rather than skill" {C63-6, C73-34, C76-6}, implying that
one’s commitment and teamwork skills are more important than technical
skills.

The reports discuss emotional issues of working in a start-up. Taking
responsibility of many tasks at once creates anxiety, leading to burnout and
loss of motivation. The reports suggest that the founders loss of motivation
to continue operating a start-up, leads also to the end of the company.
Anxiety and burnout are also reported as outcomes and poor work and
personal life balance {C01-18, C27-35, C73-8}.

Software engineering is an inherently human and team based intellec-
tual activity. Team factors have emerged as critical in many different devel-
opment environments and have effect to nearly any other activity [Fager-
holm and Münch, 2012, Khan and Spang, 2011, Chow and Cao, 2008, Sud-
hakar, 2012, Giardino et al., 2016]. However, as shown in Fig. 2.9, the re-
ports suggest that software design is the most affected software engineer-
ing knowledge area. Difficulties in communication, inadequacies in skills
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2and decision making are exposed through sub-optimal software design
and poor product quality. This finding is consistent with Giardino et al.
[2016] reporting that team’s disregard of structures and engineering pro-
cesses lead to deterioration of product architecture.

Fagerholm et al. [2015] reports a study on different factors affecting de-
veloper performance in lean and agile environments. In this study per-
formance is used to benchmark efficiency and effectiveness of a team.
They explore different factors facilitating performance, creating perfor-
mance awareness, disrupting performance and others. This study shows
that there are few key factors contributing to good developer experience.
For instance, control of own work, decision power, and good environmen-
tal atmosphere contributes positively to overall team performance. Several
factors, such as open office, collaboration and competition, and subordi-
nance can both enhance and worsen a team performance.

De Melo et al. [2013] explores agile team productivity and lists several
team related processes contributing to productivity, staff turnover and com-
mitment. For example, good conflict management, sharing of expertise,
and team coordination are essential to high developer commitment, low
staff turnover and high productivity.

As exemplified with these two studies, state-of-the-art identifies the key
ingredients for high performing teams in agile and lean environments. The
same factors could be applicable in start-up teams. However, start-ups face
certain specific limitations in team formation. Firstly, start-ups are founder
centric and team environment highly depends on dynamics between the
founders [Criaco et al., 2014]. Secondly, lack of resources limit access to
highly skilled individuals, especially in the early stages. This could lead
to sub-optimal initial team composition, and more effort is required to
develop the team as a whole to reach the desired performance level [Fager-
holm et al., 2015, Giardino et al., 2016].

5.5 Software Quality knowledge area

Software quality is a multi-faceted concept in software engineering. Nearly
all other knowledge areas aim to somehow contribute to software qual-
ity [IEEE Computer Society, 2014]. Kitchenham and Lawrence [1996] iden-
tifies five perspectives on quality: transcendental, user, manufacturing,
product and value-based view.

Fig. 2.5 illustrates that little details are provided in the reports regarding
software quality. Superficial statements indicate that start-up companies
see software quality as product’s characteristics to meet users needs, thus
focusing on the user perspective of quality [Kitchenham and Lawrence,
1996]. The reports discuss usability, especially performance, user experi-
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ence and reliability as their focus areas {C50-15, C50-22, C61-17, C67-23,
C67-26, C67-32, C78-15, C86-13, C86-14, C87-22, C37-4, C46-10}.

The reports reflect on issues stemming from product quality: poor prod-
uct reception due to an insufficient level of quality, or emphasis on the
wrong quality aspects (for example, scalability over time-to-market) {C14-
15, C63-54, C66-35, C54-35, C69-12 }.

Poor product adoption or loss or reputation are reported as conse-
quences of poor product quality. However, very little details are provided
on quality requirements and on any quality assurance procedures.

discussion : While start-ups discuss very little how to achieve software
quality, the consequences of inadequate quality, such as ruining the prod-
uct’s image or overly expensive product maintenance, are discussed. We
observed that software quality is more discussed in closed companies. This
tendency suggests that the importance of software quality may be realized
only in hindsight. However, we could not confirm any statistically signifi-
cant connection between company outcome and statements pertaining soft-
ware quality.

As shown in Fig. 2.9, quality originates from product design. The anal-
ysis of the reported software design practices in Section 5.3 reveals that
companies often put excessive resources on improving certain quality at-
tributes with little market need. The analysis of the reported requirements
engineering practices in Section 5.2 shows that there is little discussion
on quality requirements. Moreover, no practices to assure quality require-
ments were identified (see Section 5.7).

These findings indicate a gap between requirements engineering and
software design. We argue that vague and wrongly prioritized quality re-
quirements contribute to inadequate product design affecting the product’s
potential to deliver the promised value.

Regnell et al. [2008] argue that in a market-driven context, product qual-
ity aspects have different thresholds. If a quality indicator is below a cer-
tain threshold, a product is useless. Within certain thresholds the product
is useful but does not differentiate itself from competition. Above a certain
threshold the product becomes competitive and at some point the quality
becomes excessive and costly [Regnell et al., 2008]. The concept of qual-
ity thresholds enables a company to identify important quality indicators
and to perform requirements elicitation to determine the threshold values.
Understanding of the threshold values and multiple perspectives of value
enables the company to set and specify quality goals. Azar et al. [2007]
propose a lightweight method to balance multiple influences to quality
requirements and to determine optimal product quality goals. As elabo-
rated in Section 5.3, companies often fail to determine the required level of
quality and waste resources on excessive quality features. More research
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2is required to understand to what extent value-oriented requirements en-
gineering practices could be applied in start-ups.

5.6 Software Engineering Management knowledge area

The engineering management knowledge area concerns organizational as-
pects of software engineering, such as initiating, planning, monitoring, con-
trolling and reporting of software engineering activities [IEEE Computer
Society, 2014]. While the dynamic environment in start-ups makes any
detailed plans outdated quickly, the engineering process still must be con-
trolled, follow resource and time constraints, and produce a result that is
aligned with overall goals of the company.

With respect to the software engineering management knowledge area,
the reports discuss effort estimation, monitoring and product discontinua-
tion practices.

The reports suggest that the companies aim to achieve certain business
goals, either to qualify for further external funding or to establish sufficient
cash-flow to support development efforts. Pursuing these goals require in-
vestments in product development. Thus, estimation of the required re-
sources is an important step to assess feasibility of the goals. The reports
discuss how overly optimistic estimates contribute to the collapse of a com-
pany due to the lack of resources to finish the product {C29-35, C66-35,
C77-5, C79-11, C79-120} or missed market opportunities {C29-35, C79-11}.
However, the reports do not discuss any specific effort estimation method.

The start-ups report that any initial plans are based on assumptions {C01-
77, C02-74, C06-8,C52-30,1967-1978,C24-12} and are adjusted as data from
requirements validation comes in { C39-9, C06-6, C82-7, C50-8, C57-18, C34-
5, C65-21, C65-14, C35-22, C14-47, C66-20, C37-12, C61-10, C61-21, C61-17,
C29-40, C33-27, C04-92, C53-110, C54-33, C02-75, C02-91}. Feedback from
customers helps to determine the next immediate step, e.g. to improve cer-
tain features or collect feedback from a different stakeholder group. Even
though the companies frequently refer to adjusting their plans based on
success of a product release, we found very little details about this process
{C01-43, C12-142, C22-04, C02-32, C29-07, C33-44, C52-08, C52-20, C53-50,
C46-13, C60-40, C82-16, C86-10, C51-12}.

The reports suggest that start-ups attempt to estimate their progress by
looking at various metrics that should be carefully selected and tied to
business goals. Measuring the wrong thing or measuring too many things
may lead to data overload and difficulties to interpret many conflicting
measurements {C01-66, C02-93, C05-5, C14-13, C29-25, C33-46, C35-26, C48-
5, C50-18, C57-12, C64-17, C74-36}. As Company #50 reflects on selecting
KPI:
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“As a business leader you need to figure out the metric that matters
most for your company and understand that the more you measure,
the less prioritized you’ll be. Don’t fall into the trap of trying to mea-
sure everything.”

The reports discuss different approaches to product discontinuation.
Companies with products that had attracted a significant number of users
report a timely notification to the users about the product discontinuation,
and instructions on how to back-up their data and migrate to different
solutions {C18-4,C47-6}. Some companies leave the product accessible but
cease any further development or maintenance efforts {C05-7, C10-15,C32-
4,C36-5}. Few companies report open-sourcing the product {C80-13, C65-
41}.

The reports suggest that decisions stemming from engineering manage-
ment influence release planning, e.g. by determining the release strategy,
and requirements prioritization by setting prioritization goals. Engineer-
ing management also influences the professional practice knowledge area
by setting expectations and constraints on the engineering team.

discussion : Shahin and Mahbod [2007] proposes criteria for defining or-
ganizational goals and a structured method to select key performance indi-
cators for assessing progress towards said goals. A combination of SMART
(Specific, Measurable, Attainable, Realistic and Timely) criteria to define
goals and analytical hierarchy process (AHP) to select metrics to assess
progress towards the goals [Shahin and Mahbod, 2007] is a feasible alter-
native to the “gut feeling” approach described by Olsson and Bosch [2015]
and Terho et al. [2015].

Terho et al. [2015] argue that fundamental changes to the start-ups’ busi-
ness plans, i.e. pivoting, are largely based on a gut feeling and are caused
by an urgent need, e.g. need for more revenue. However, the collection on
operational data (key performance indicators) helps to make more moti-
vated decisions with specific goals [Terho et al., 2015]. Therefore, use of
a structured method to select important metrics, for example Shahin and
Mahbod [2007], could improve decision making in start-ups.

Garengo et al. [2005] report that the lack of resources, little attention to
formalization and a reactive approach are factors that hinder implemen-
tation of performance indicators in small and medium enterprises. Cocca
and Alberti [2009] argue that key performance indicators are essential to
make informed decisions and propose best practices in implementation of
performance indicators. The study lists qualities of a good performance
indicator and exemplifies maturity grids as a tool to in decision mak-
ing. Shahin and Mahbod [2007] propose a lightweight technique based
on the analytical hierarchy process (AHP) to select and prioritize key per-
formance indicators. These practices for selecting and implementing key
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2performance indicators could be considered for adaptation in start-ups
[Shahin and Mahbod, 2007, Cocca and Alberti, 2009].

Giardino et al. [2014a] emphasize the uncertainty in the start-up environ-
ment and argue that development teams in start-ups are formed by low-
experienced engineers. The lack of joint and individual experience makes
the application of expert judgement based effort estimation methods dif-
ficult [Molokken and Jorgensen, 2003a]. Usman et al. [2015] report that
the most widespread effort estimation technique in agile teams is plan-
ning poker, and the most popular size metric is story points. Moreover, the
most common planning levels are current iteration and release. Whether
the same methods are equally widespread in start-ups as well requires fur-
ther research. However, group estimates, i.e. planning poker, is reported
as being more accurate than individual estimates and could be very well
applied in start-ups [Haugen, 2006].

Existing literature presents very little discussion on software product
discontinuation. Jansen et al. [2011] presents a structured plan on how
to discontinue a software product. The proposed plan includes adequate
pre-planning, transferring customers and partners to another solution and
finally reallocation of the product team. Given the lack of resources it is
unlikely that start-ups put more than absolute minimal effort on product
discontinuation. However, the list of steps to discontinue a product pro-
posed by Jansen et al. [2011] could serve as a roadmap for product discon-
tinuation in start-ups.

5.7 Software Testing knowledge area

Software testing is the dynamic verification that a product works as ex-
pected on a set of selected test cases. Some of the main tasks of testing
are to determine what to test, specify input data and expected software
behaviors, and to organize the process of software testing [IEEE Computer
Society, 2014].

The reports contain only general statements addressing the software
testing knowledge area. The statements suggest that start-up companies
perform testing activities only when obvious issues emerge. For exam-
ple, when performance had degraded below an acceptable level {C24-16,
C67-26, C86-13}. Feedback from users is used to spot discrepancies in the
product instead of performing rigorous internal testing {C14-23, C29-36,
C67-26}.

Some companies report product failures in operation with substantial
loss of resources and reputation. As company #54 states:

“Finally, the server went down, scuttling the entire operation. Hill
started handing out margaritas by the fistful to keep everyone happy.
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[..] The app picked up a number of 1-star reviews following the deba-
cle”

. The reports did not specify whether the failures were due to lack of spe-
cific requirements or failure to meet such requirements.

As illustrated in Fig. 2.9 software testing has a direct impact on software
quality. The product must have an acceptable level of quality on all relevant
aspects, or the product is simply useless to customers [Regnell et al., 2008].

discussion : Giardino et al. [2016] argue that product quality has a low
priority in software start-ups. Instead of rigorous internal testing, start-up
companies utilize user feedback to determine if a level of quality is accept-
able. A possible explanation is that due to frequently changing or unclear
requirements there is no other reliable input for testing [Graham, 2002].
However, as elaborated in Section 5.5, inadequacies in product quality can
severely damage a product’s reputation. Therefore, a company must care-
fully assess the risks stemming from the reliance on user side testing.

Another possible explanation is that a large part of testing is done by de-
velopers during the development process. This explains why the product
appears to be in shape when released (code defects are removed), however
failures in operation indicate a lack of design and stress testing [Runeson
et al., 2006]. Our findings suggest that start-ups are overlooking a poten-
tially important knowledge area.

5.8 Software Maintenance knowledge area

A result of software development is a delivery of a software product to is
users. However, post delivery defects may emerge, operating environment
change or users could propose new requirements. The software mainte-
nance phase begins when software is released to customers and ensures
that the software continue to operate as intended. Software maintenance
activities fall into perfective maintenance (to improve some quality the
software, e.g. performance), corrective maintenance (to remove defects),
adaptive maintenance (to adapt the software to a changed environment)
and preventive maintenance (to prevent problems before they occur) [IEEE
Computer Society, 2014].

Start-up companies report on software maintenance costs {C23-3, C32-3}
and resource allocation for maintenance activities. The reports discuss the
struggle of performing timely corrective maintenance due to understaffed
teams. Long response time to product faults is reported as having a neg-
ative impact on product adoption {C77-3}. Adaptive maintenance to keep
up with the product and any third-party component changes is reported
as a concern {C14-12, C38-9}.
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2discussion : The reports contain very little details on how start-ups man-
age software maintenance. However, inadequately high costs of keeping
the product running is reported in relation to poor software design. As
discussed in Section 5.3, goals of software design shift from faster time-
to-market to reducing maintenance effort. This shift takes place when the
product feature set stabilizes and more and more users start-using the
product [Crowne, 2002].

If this shift is not executed properly, a large number of users can over-
whelm the product, exposing any inadequacies in product design and qual-
ity. Tackling these inadequacies may require substantial resources and time,
contributing to the collapse of the company.

Batista Webster et al. [2005] propose a taxonomy for evaluating risks
pertaining to software maintenance. The taxonomy could be used in start-
ups to identify and address potential maintenance risks during product
development. Tom et al. [2013] argue that taking risks in engineering, i.e.
creating technical debt, is a trade-off between shorter time-to-market and
internal product quality. However, how exactly technical debt is handled
in start-ups and to what extent this taxonomy is exhaustive and relevant in
start-up context requires more research [Batista Webster et al., 2005, Tom
et al., 2013].

6 conclusions and future work

This study is the largest (by a number of studied cases) and broadest (by
addressed software engineering knowledge areas) investigation into engi-
neering aspects of start-ups to-date. With this study we paint a rich picture
on how start-ups reflect on utilizing software engineering, what engineer-
ing practices start-ups use, and why. This study is aimed to characterize
software engineering in start-ups, thus providing the necessary ground-
work for conducting further and more detailed investigation into software-
intensive product engineering in start-up context. To achieve our goal we
perform third level analysis of start-up experience reports from 25 rela-
tively successful and 63 closed start-ups.

Our results show that start-ups apply market-driven requirements en-
gineering practices to discover and validate ideas for innovative prod-
ucts. However, the applied requirements engineering practices are often
rudimentary and lack alignment with other knowledge areas. As a conse-
quence, inadequacies in requirements engineering hinder other engineer-
ing activities and might lead to unwanted technical debt, poor product
quality, and wasted resources on building irrelevant features. Further work
is needed to identify good requirements engineering practices in start-ups.

We have found very little discussion regarding software testing. How-
ever, the reports discuss disastrous events when a product had failed in
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hands of customers. We conclude that software testing practices could be
overlooked by start-ups. Further research is needed to understand state-of-
practice in software testing in start-up context.

Other software engineering knowledge areas have a supportive role in
continuous requirements identification and validation. For example, soft-
ware design knowledge must support fast evolution of product prototypes,
used to gather customer requirements, to a robust solution for easy main-
tenance.

The results of this study are intended to be useful to researchers in sup-
porting further research in the area. The results can also be useful to start-
up engineers willing to learn from experience of others. We have analyzed
our findings in context of related work, thus hinting practitioners towards
potentially useful practices. Future work includes examining key knowl-
edge areas in more detail, and exploring to what extent the use of certain
practices contributes to achieving start-up goals.
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3
S O F T WA R E E N G I N E E R I N G A N T I - PAT T E R N S I N
S TA RT- U P S

Software start-up failures are often explained with a poor business model,
market issues, insufficient funding, or simply a bad product idea. However,
inadequacies in software engineering are relatively unexplored and could
be a significant contributing factor to the high start-up failure rate.

In this paper we present the analysis of 88 start-up experience reports,
revealing three anti-patterns associated with start-up progression phases.
The anti-patterns address challenges of releasing the first version of the
product, attracting customers, and expanding the product into new mar-
kets.

The anti-patterns show that challenges and failure scenarios that appear
to be business or market related are, at least partially, rooted in engineering
inadequacies.

1 introduction

Software start-ups are important suppliers of innovation and software-
intensive products and services. There has been a steady growth in capital
invested with 2017 setting a record of 16 billion EUR invested in European
start-ups [sta, 2017]. However, only a few percent of start-ups manage to
deliver any value. Thus a significant capital is wasted on building unsuc-
cessful products [Blank, 2013b]. On the surface, the low success rates can
be explained by market challenges, the difficulty in attracting customer in-
terest, and resource shortages among others. However, digging deeper, we
found indications that the capability to build software efficiently with min-
imal resources and limited knowledge about emerging target markets is
the foremost challenge in software start-ups – and this is to a large extent
closely related to engineering practices [Giardino et al., 2015b]. If even only
a small part of start-up failure can be attributed to failures in the actual en-
gineering practices and principles applied it translates into a significant
loss of investments. Thus this paper focuses on the engineering applied in
start-ups.
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Very little is known about software engineering in start-ups and to what
extent the lack of customer interest and resource overruns are related to
deficiencies in engineering [Giardino et al., 2014a]. Earlier studies suggest
that scoping and building a minimum viable product is a substantial chal-
lenge and precedes any market or business related challenges [Giardino
et al., 2014a, Crowne, 2002]. Thus, failure in engineering could hinder any
subsequent attempts to market the product and to build a sustainable busi-
ness around it.

To explore how software engineering is applied in start-ups and how in-
adequacies herein could be linked to start-up failures we examine 88 start-
up experience reports. We apply qualitative analysis methods to identify
recurring failure scenarios and their root causes. We present our results in
the form of three anti-patterns: (1) not getting the first product release out,
(2) not attracting customers to the product, and (3) challenges of scaling
the product for new markets.

The differentiation between symptoms and root causes, as presented in
this paper, of potentially dangerous scenarios enable practitioners to as-
sess their situation better and apply corrective practices to the root causes.
Moreover, the analysis pinpoints potentially interesting research directions
to further understand software engineering practices and principles used
in start-ups.

2 research methodology

To maintain transparency of our results we present four steps of our re-
search methodology.

2.1 Threats to validity

We identify two main sources of validity threats, the first stemming from
the used data source, and the second, from our interpretation of the re-
ports.

The analysed reports were not created for this study, thus may lack im-
portant details about the software engineering process, including precise
details about the engineering context, such as team size, roles, and skills.
Moreover, the reports are essentially subjective self-evaluations of practi-
tioners. The practitioners could rationalize their shortcomings with exter-
nal circumstances. However, these threats are alleviated due to a relatively
large sample, and diverse population.

Another possible threat stems from single researcher bias in the cod-
ing process. To address this threat, we applied researcher triangulation.
At multiple points in the coding process, selected reports where indepen-
dently analysed by all three authors, the results reviewed and discussed.
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Table 3.1: Overview of research methodology

# Step Description

1 Data collection

We used a repository of start-up experience
reports [CBInsights, 2015]. Reports in the
repository are written by start-up practitioners
and describe lessons-learned and reflections
after critical events such as product launch,
buyout, or closure of the company.
Although these reports were not compiled for
this study, they are a primary data source
providing an original insight of how do
start-ups operate. The reports are not limited to
software engineering; they also cover business,
marketing, teamwork and personal issues
relevant to start-ups.

2 Screening

The original dataset consisted of 93 reports. We
screened contents of the reports and removed 5

reports from companies not developing
software, and established companies. Most of
the reports are between 1000 and 2000 words
long.

3 Coding

We analysed the reports by following qualitative
data analysis methods and used descriptive (to
summarize), process (to capture ongoing action)
and evaluation (to assess the situation) coding
jointly to capture analysis points in the
experience reports.
Through analysis of the described situation, we
aimed to differentiate between reported
symptoms (e.g., running out of resources) and
actual causes (e.g., poor resource planning due
to lack of experience). The resulting codes
briefly summarize key situations in a company
along with contributing factors to the situation.

4

Development of
anti-patterns

We grouped similar codes and chained them to
create cause-effect diagrams. We use the
practitioners’ reflections and related work to
suggest countermeasures to each anti-pattern.
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2.2 Studied sample

The studied reports reflect on events between 2001 – 2015 and describe
experiences from a diverse set of companies in developed products, geo-
graphical location, founders’ backgrounds, and different development sce-
narios. In Figure 1 we illustrate our sample of studied start-ups.

Figure 3.1: Demographics of the sample

To compile the demographical information, we rely on information in
the reports and publicly available information about the companies.

3 start-up engineering anti-patterns

Our analysis shows that start-ups experience different challenges depend-
ing on how far into product development they are. From the reports, we
identified three phases in start-up progression characterized by specific
goals, and challenges. Phase I is concerned with building and releasing
the first release of a product. Phase II is concerned with attracting first cus-
tomers to the product beyond early adopters and beta testers. Phase III is
concerned with scaling the product further into new markets.
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As illustrated in Figure 2, the reports suggest three distinct progression
phases, each with a specific aim and symptoms for the anti-patterns. The
plotted line represents the expected growth of a company. The forks de-
note alternative scenarios, that is, anti-patterns that could hinder the pro-
gression of the start-up. Along with the causes at the bottom of the figure,
we denote how many reports were the basis for identifying each cause.

(7 companies)
* High operational costs
* Declining customer satisfaction
* Difficulties expanding beyond initial 
market

Product introduced 
to the market

(20 companies)
* Long and expensive development 
of the first product release
* Product lags behind competition in 
functionality/ quality

Product attains initial
customer interest

(24 companies)
* Difficulties to attract customer interest
* Service intensive maintenance and 
customer onboarding
* Adding new features takes a long time

Symptoms
Time

Expected
start-up growth

Phase I
Build the first 

version of the product

Phase II
Attract customer 

interest to the product

Phase III
Grow into new 

markets

Figure 3.2: Start-up milestones and symptoms for anti-patterns

3.1 Anti-pattern I: (not) releasing a market worthy product

The reports suggest that one of the initial engineering challenges is to build
and release the first version of a product: a minimum viable product, a
bare-bones version of the product, good enough to be used for its main
purpose and to test if there is enough customer interest to justify further
investments in product development.

With the advantage of hindsight, the start-ups emphasize the importance
of small and fast to develop first releases of their products. However, some
start-ups reflect that it took them an overly long time to build the first
version, stretched resources, and drained motivation, which cost them a
market opportunity. Symptoms and outcomes of anti-pattern I are illus-
trated in Figure 3.

Reflections in the reports suggest two main causes for this anti-pattern.
Cause 1, design decisions (see Figure 3), is concerned with selecting tech-
nologies and components that constitute the product. The choice lies be-
tween developing features in-house, utilizing open-source components, or
buying certain functionality from a third party supplier [Petersen et al.,
2017a]. In their reports, start-ups reflect that building commodity features
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Symptoms

Cause 2: Requirements engineering

Cause 1: Design decisions

Outcomes:
(20 start-ups)
- Long time-to-market
- Resource overruns
- Missed opportunities
- Eventual closure

Sub-cause 2.3
- Feature creep
- Tangent projects
- Focus on exceptional cases

- Long and expensive product 
development and maintenance
- Degrading motivation

- Product lags behind 
competition in functionality and 
quality
- Time spent on fixing earlier 
hacks

Sub-cause 2.2
- Frequent changes in product 
direction

Root cause 1.2
- Incorrect buy/build/reuse decision. 
- Use of wrong, unfamiliar, or 
immature technologies

Root cause 1.1
- Technical debt
- Unrealised quality requirements

Sub-cause 2.1
- Overscoping the product
- Attempt to launch all features at 
once

Root causes:
- Lack of focus
- vague understanding about product 
value
- changing high level priorities

Figure 3.3: Breakdown of anti-pattern I

that can be obtained by other means was a waste and significantly pro-
longed product development. Furthermore, the quality of in-house devel-
oped features was often significantly lower than of alternatives regarding
functionality, performance, and maintainability.

A potential root cause for inadequate product quality is unrealized qual-
ity requirements. Quality requirements drive architecture decisions, includ-
ing the selection of components and technologies which determine the
level of external quality. Incorrectly assessing the required level of quality
could lead to rework delaying the product release to market.

Cause 2 in Figure 3 is concerned with selecting features for the first
product release. We identify three sub-causes all stemming from the same
root cause – inadequacies in requirements engineering.

Overscoping is a consequence of poor requirements engineering and a
potential cause for long and expensive development of the product, see
sub-cause 2.1. Attempting to launch more than minimum set of features,
attempting to implement all possible product use-cases beyond what is
necessary for a product to be usable, generates potential waste and inflates
the product scope beyond feasible. As in the case of Saaspire:

“The custom platform created a massive overhead on our develop-
ment work. We ended up over-engineering our systems so they could
support both today’s and tomorrow’s products.”

The second sub-cause is general of product direction. With a vague un-
derstanding about customer needs, the solution is based on invented re-
quirements and unclear priorities. As there is no real association between
product features and needs of specific customers, requirements change
whenever a new idea about an interesting feature comes to mind. Thus,
the product direction changes frequently prolonging the software develop-

78



3

ment process indefinitely. Furthermore, systematically abandoning already
built features creates waste, damages teams’ morale and drains motivation.

The third sub-cause is related to focusing efforts on key features. Some
start-ups report that they always felt that the product lacks a feature thus
kept adding more features. Furthermore, some companies report starting
side projects along the primary product thus increasing the scope of the
work substantially. As described by Disruptive Media:

“We kept building more features since we always felt that the ser-
vice needs X because Flickr has it too or he/she said he needs that
feature.”

3.1.1 Analysis of the causes and remedies

Releasing the first version of their product is a test whether a start-up team
can coordinate their work, and has enough skills to produce a meaningful
output. Looking at how many start-ups encountered this anti-pattern (20,
see Figure 2), getting the first product out could be a substantial challenge
for many.

The practitioners argue that product time-to-market can be substantially
reduced by combining existing open source or third-party components.
Such components typically offer a set of related functionalities out-of-the-
box, thus counterbalancing the extreme focus on the key features only [Mu-
nir et al., 2016]. However, a decision what to build, buy or what compo-
nents to use depends on desired product qualities. Therefore, a clear under-
standing of what quality aspects are important and what is the expected
quality level is a prerequisite [Regnell et al., 2008].

A strategy to minimize overscoping and to shorten time-to-market is to
invest in understanding the customer needs and to strip any non-critical
features from the product [Melegati et al., 2016b]. In hindsight, the start-
ups suggest scoping the first release to solve one simple problem for a cus-
tomer. Earlier research suggests focussing on how a customer will be using
the product rather than generating lists of feature ideas [Cloyd, 2001].

Aiming for fewer features will save development time and resources.
Minimizing effort of developing the first release will also minimize the
effort of rework in case some of the features turn out to be unsuccessful.
That said, minimizing effort by scoping the product should not be con-
fused with reducing effort by lowering the engineering quality. The goal
should be to build fewer features at good quality.

3.2 Anti-pattern II: (not) attracting customers

The reports from start-up that have launched their products suggest that
the next challenge is to bring the product to market. While coordinated
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marketing and sales activities are important to attract customers, the com-
panies reflect that characteristics of the product, stemming from earlier
engineering decisions, hindered their marketing activities.

Cause 3: unrealised quality requirements

Cause 2: difficult maintenance and customer on-boarding
Outcomes:
(24 start-ups)
- Poor results in the market

Symptoms

- Difficult integration with partner 
systems
- Slow implementation of new 
features
- Difficult maintenance

- Lengthy and service intensive 
customer onboarding

- Difficulty to find potential 
customers and convert them to 
paying customers

Sub-cause 3.1
- Product fails to stand out in the 
market 
- is cumbersome to use
- lacks important functionality
- or just fails in production

Root cause 3.1.1
- Wrong selection of metrics
- Optimising the wrong aspect of the 
product
- Lack of quality testing

Root-cause 2.1
- Architecture issues
- Unrealised technical debt

Cause 1: lack of customer involvement

Root cause 1.1.1
- Not involving customers in 
requirements elicitation and validation

Root cause 1.1.2
- Not considering generalisability of 
features
- Offering too much per-customer 
customisation

Sub-cause 1.1
- Solving a specific technical problem 
without considering if there is a 
market for it
- Too much focusing on customer 
specific features that are irrelevant to 
a wider market

Figure 3.4: Breakdown of anti-pattern II

The analysis of the reports shows 3 potential causes, see Figure 4, that
could hinder efforts to market the product. The most common symptom
is the difficulty to find potential customers and convert them into paying
customers. Reflections in the reports suggest that lack of customer involve-
ment at the right level in developing the product (Cause I) largely con-
tributes to marketing issues later. We identified two related scenarios. The
first is that customers are not involved in requirements elicitation and vali-
dation, and the product the product turns out to be irrelevant to market,
as described by one practitioner:

”We rarely had meaningful conversations with our target end-
users. We huddled together to decide on ideas that sounded nice, built
prototypes, put on our salesman hats, and didn’t understand why we
weren’t closing deals.”

The second is that some customers are involved, and the product is tai-
lored to their specific needs and lacks generalizability to a wider customer
base, see root-cause 1.1.2.

The companies reflect that after launching a minimum viable product,
they rush to add more utility features to make the product more usable for
customers. For example, by adding integrations with other systems, data
import and export functionalities, support for other software and hard-
ware platforms. The ability to add new features quickly demonstrates to
potential customers that the product is evolving fast and any functional
or quality shortcomings can be removed swiftly. However, the speed of
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adding new features could be reduced by product architecture issues and
unrealized technical debt.

Another potential cause for poor results in the market is that the product
does not stand out among the competition, is cumbersome to use, lacks
important functionality, or is unreliable. As in a case of Flowtab,

“A big-bang product launch involving many partners and cus-
tomers become a catastrophe when the app failed.”

The root cause for these scenarios lies in unrealized quality require-
ments, lack of quality testing, or using the wrong metrics to optimize the
wrong aspect of the product. Multiple start-ups reflect that their attempts
to improve results in the market by tweaking user interfaces turned out in-
effective because their product functionality lacked relevance. As described
by Dinnr:

“The hypothesis of making the product visually more appealing and
people will come back more often because you address their emotions
didn’t work out. You can’t design your way out of a fundamental
flaw.”

Start-ups that have nailed features and quality of their minimum viable
product report that slow customer onboarding is a significant hindrance to
attracting customers at a desired rate. As experienced by Treehouse Logic:

“If a client confirms they want to work with us, they must hire an
agency to handle the integration work. The reality is that the client
expects full service and involving another party was too much for
most of them.”

3.2.1 Analysis of causes and remedies

Speed is one of the most praised start-up advantages over larger compa-
nies. However, a start-up can build itself into a corner by accumulating
technical debt. Technical debt slows down development of new features, in-
troduces hard to address quality issues, and degrades teams’ morale [Tom
et al., 2013]. Unwanted technical debt seeps in due to poor engineering
decisions, sloppy individual attitudes, and insufficient coordination of en-
gineering work. Unwanted technical debt can be prevented and removed
by planned refactoring of the product and considering the impact on tech-
nical debt in all product related decisions.

An earlier study of customer complaints about mobile apps shows that
reports functional errors, sluggishness, and unexpected app crashing are
the most common among customer complaints [Khalid et al., 2014]. Such
results suggest, that engineers should pay extra attention of removing any
such issues from the software before releasing it to the public.
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Optimally, there is a pool of interested customers even before the prod-
uct is launched. As suggested by several reports, such customers are a
valuable source of requirements and assure that there is a market need
for the product. The reports also suggest that this is not always the case,
and the product launch is often the first time when a start-up attempts
to reach out to customers. Therefore, to minimize the risk of market fail-
ure, start-ups should reach out to potential customers and involve them in
developing the product.

At this phase, the response from markets could trigger a pivot in prod-
ucts’ direction regarding features, used technologies, and targeted market
segments. As shown by earlier research, flexibility to abandon ideas that do
not work out and be prepared to explore new opportunities is crucial [Ba-
jwa et al., 2017b]. Thus, a lightweight product engineering process, such
as Scrum, can support quick testing of feature ideas with little upfront
work [Rising and Janoff, 2000].

3.3 Anti-pattern III: A good problem to have

Start-ups that had attracted a substantial number of customers reflect on
challenges concerning growth beyond their initial markets. At this stage,
start-ups report declining customer satisfaction, difficulties expanding into
new markets, and high operational costs hindering sustainability of the
company. The outcomes of this anti-pattern are difficulties establishing a
sustainable business model and growth issues.

Cause 1: Declining customer satisfaction 

Cause 2: Difficulties entering new markets

Cause 3: High operational costs 

Outcomes:
(7 start-ups)
- Limited market success
- Missed growth goals
- Difficulties to attract funding

Symptoms

- Business is not sustainable
- Customers churning
- Slow growth into new markets

Sub-cause 1.1
- Prematurely shifting focus on 
tangent projects/services 
- Lack of organisational support for 
the existing features and customers

Sub-cause 2.1
- Entering new markets without 
revalidating the product requirements
- Lack of support for continuous 
requirements engineering

Sub-cause 3.1
- Overly resource intensive features
- Emerging architecture issues
- Unrealised quality requirements

Figure 3.5: Breakdown of anti-pattern III

The reports discuss declining customer satisfaction, cause I, in associa-
tion of start-ups undertaking tangent projects, and focusing efforts to enter
new markets. Such activities could take attention and resources off exist-
ing customers, thus hindering their satisfaction. The root cause for such
a scenario is the lack of an organizational framework supporting growing
number of customers, continue to develop the product and to expand.
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According to the reports, another common challenge is to expand into
new markets. Part of the difficulty is to conduct sales and marketing activ-
ities over a geographical distance. However, another part of the challenge,
cause II, is to identify what are the differences in customer requirements
between markets and to tweak the product for the new market. As experi-
enced first-hand by Dinnr:

“I thought that because businesses [like ours] have sprung up ev-
erywhere around Scandinavia, it will be a breeze to start something
similar in London. [..] The lesson is: No, it doesn’t have to work in
country #2 only because it works in country #1.”

Cause III, hindering start-ups at this stage is cope with high product
operational and maintenance costs. The increasing costs are associated
with extra workforce and computing power required to serve an increasing
number of users. When costs grow larger than the actual value provided
by the product, the business model of the company cannot be sustainable.
As in case of Serendip, a start-up that used machine learning and big-data
analysis to create customized playlists:

“The high costs of processing millions of posts every day, and serv-
ing relevant and engaging playlists to our users are really bigger than
we can handle.”

3.3.1 Analysis of causes and remedies

Experiencing challenges associated with growth into new markets is a
good place to be for a start-up. However, as described in several reports,
these challenges can bring the company down if not addressed timely.

High operational costs could be associated with inadequate require-
ments analysis and product design earlier. Specifically, not considering
how much it would cost to run a feature and how much of customer value
the feature creates. For instance, Everipix provided a freemium service to
organize photos. However, costs of hosting pictures on Amazon Web Ser-
vices turned to be higher than customers were ready to pay for the service.
Thus, the company could not turn to profit and eventually went bankrupt.
A potential remedy could have been to focus on features organizing the
photos and to minimize the need of hosting the pictures.

When expanding into new market segments start-ups should make sure
that the product is relevant in these new segments and to make necessary
adjustments. This can be done by repeating requirements validation and
aiming to discover new, the market segment specific requirements. For
example, user interfaces and user documentation may need translations.
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4 conclusions

The analysis of the start-up experience reports shows an association be-
tween shortcomings in software engineering practices and principles and
start-up failures. The association highlights the importance of using good
software engineering practices in start-ups. However, improving engineer-
ing practices does not necessarily mean spending more time and resources
on engineering work. Timely and efficiently addressing root causes of po-
tential problems down the road could save resources.

In essence, the focus should be on better engineering, not more of it.
Thus saving time, resources and can greatly improving chances of success-
ful product launch.

We present the anti-patterns along three distinct phases of start-up pro-
gression. Thus, putting the anti-patterns into temporal perspective. In com-
bination, this creates a map that can support start-ups in improving their
goals and prevent common pitfalls relevant to their specific progression
stage.

For researchers, the anti-patterns along with the start-up progression
phases present a framework that can be further developed by identifying
new milestones, improved anti-patterns, and best engineering practices.
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A P R O G R E S S I O N M O D E L O F S O F T WA R E
E N G I N E E R I N G G O A L S , C H A L L E N G E S , A N D
P R A C T I C E S I N S TA RT- U P S

Software start-ups are emerging as suppliers of innovation and software-
intensive products. However, traditional software engineering practices are
not evaluated in the context, nor adopted to goals and challenges of start-
ups. As a result, there is insufficient support for software engineering in
the start-up context.

We aim to collect data related to engineering goals, challenges, and prac-
tices in start-up companies to ascertain trends and patterns characterizing
engineering work in start-ups. Such data allows researchers to understand
better how goals and challenges are related to practices. This understand-
ing can then inform future studies aimed at designing solutions addressing
those goals and challenges. Besides, these trends and patterns can be use-
ful for practitioners to make more informed decisions in their engineering
practice.

We use a case survey method to gather first-hand, in-depth experiences
from a large sample of software start-ups. We use open coding and cross-
case analysis to describe and identify patterns, and corroborate the find-
ings with statistical analysis.

We analyze 84 start-up cases and identify 16 goals, 9 challenges, and 16

engineering practices that are common among start-ups. We have mapped
these goals, challenges, and practices to start-up life-cycle stages (inception,
stabilization, growth, and maturity). Thus, creating the progression model
guiding software engineering efforts in start-ups.

We conclude that start-ups to a large extent face the same challenges and
use the same practices as established companies. However, the primary
software engineering challenge in start-ups is to evolve multiple process
areas at once, with a little margin for serious errors.
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1 introduction

Software start-ups are small companies created to build and market a
software-intensive product [Sutton et al., 2000]. Start-ups are character-
ized by rapid evolution, small teams, uncertainty about customer needs
and market conditions, and a high failure rate [Paternoster et al., 2014,
Berg et al., 2018]. However, leveraging cutting-edge technologies, risk, and
speed, start-ups can launch software products fast [Giardino et al., 2014a,
Baskerville et al., 2003].

Aims, objectives, and challenges of product engineering change quickly
as a start-up evolves [Crowne, 2002]. State-of-the-art engineering methods
offer little support for understanding the evolving context and selecting
the right practices [Giardino et al., 2016, Paternoster et al., 2014]. A mis-
calculation in choosing engineering practices could lead to over or under-
engineering of the product, and contribute to wasted resources and missed
market opportunities [Giardino et al., 2014a].

According to industry reports, a record of 19.2 billion EUR of venture
capital was invested in European and 80 billion USD in US start-ups in
2017 alone [Wijngaarde et al., 2018]. Building the first version of a product
is a substantial engineering challenge and precedes any market or busi-
ness related difficulties [Giardino et al., 2015a, Crowne, 2002]. Thus, short-
comings in applied engineering practices could waste the investment, and
hinder any subsequent attempts to market the product and to build a sus-
tainable business around it. Even if a fraction of start-up failures could be
attributed to engineering failures, that would still present an opportunity
for better, start-up specific, engineering practices, and a relevant area of
research.

An increasing number of studies attempt to explore engineering prac-
tices in a start-up context, for example, requirements engineering [Mel-
egati et al., 2016b, Gralha et al., 2018, Tripathi et al., 2018], technical
debt [Klotins et al., 2018a], and user experience [Hokkanen and Väänänen-
Vainio-Mattila, 2015a]. Several studies, such as Unterkalmsteiner et al.
[2014] and Crowne [2002], attempt to explore and present conceptual
models of product engineering in start-ups. However, none of these studies
provide a full and detailed answer to what engineering practices start-ups
use concerning different engineering process areas and start-up evolution
stages. The need to better understand product engineering in start-ups,
and to provide relevant support for practitioners, has been highlighted by
Unterkalmsteiner et al. [2016] and Klotins et al. [2018b].

With this study, we aim to understand how start-ups use different en-
gineering process areas, and how utilized practices evolve over start-up
life-cycle. Through our analysis, we present a progression model of what
engineering aspects, that is, goals, practices, and challenges are relevant
in start-ups in their evolution stage. The model is aimed at supporting
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practitioners in their decision making process and at pinpointing specific
engineering challenges for further investigation.

We use an adapted case survey method [Petersen et al., 2017a] to collect
and analyze primary data on engineering practices in 84 start-up cases.
The cases vary by geographical location, development stage, outcome, and
time of operation among other factors, thus presenting a relatively large
and diverse sample [Berg et al., 2018]. To explore start-up goals, challenges,
and used practices, we propose the start-up life-cycle model and analyze
cases within the same development stage, and with the same outcome. We
apply qualitative methods to identify patterns in the data and arrive at ex-
planatory results. The explanatory results are verified and complemented
with statistical analysis providing a firm basis for our conclusions.

Our study provides several novel contributions. Firstly, we present a
start-up life-cycle model, aimed at illustrating the dynamically evolving
nature of start-ups. Secondly, we use the life-cycle model to describe what
practices, goals, and challenges are relevant to start-ups at different life-
cycle stages. Thirdly, we present the start-up progression model aimed at
guiding practitioners and at illustrating relevant areas for further explo-
ration.

The remainder of the paper is structured as follows: in Section 2 we de-
fine software start-ups and summarize existing work in the area, in Section
3 we describe our research methodology, in Section 4 we report and ana-
lyze our results, in Section 5 we interpret and discuss our findings, Section
6 concludes the paper.

2 background and related work

2.1 Software start-ups

As early as 1994 Carmel [1994a] reported on small companies building
and marketing innovative software products. These small companies, or
start-ups, prioritize time-to-market over product quality, teams are small
and self-motivated, and engineering practices informal. Later studies, for
example, Giardino et al. [2014a], and Sutton et al. [2000] report the very
similar characterization of start-ups.

Start-up companies are known for their high failure rate. About 75 - 99%
of start-up products fail to achieve any meaningful results in market [sta,
2017, Blank, 2011]. The high failure rate could be explained by market
challenges, team issues, difficulties in securing funding and so on. How-
ever, the capability to build software efficiently with limited understanding
about stakeholder needs and with limited resources is the foremost chal-
lenge in software start-ups and precedes any market or business related
challenges [Klotins et al., 2017].
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I Inception
A start-up aims to build the first 

version of their product

Closed
(4)

Paused
(3)

Acquired

Active
(8)

II Stabilisation
The product is developed further with 

customer input and prepared for 
scaling

Closed
(5)Paused

Acquired
(1)

Active
(18)

III Growth
The aim is set to achieving desired 

market share, growth rate

Closed
(2)Paused

(2)

Acquired
(4)

Active
(17)

IV Maturity
A start-up transitions into an 

established organisation

Closed
Paused

Acquired
(1)

Active
(15)

Problem/solution focus

Marketing/growth/maintenance focus

Figure 4.1: The start-up life-cycle model based on Crowne [2002] and Churchill
and Lewis [1983]. The white bubbles indicate “good” and desired states.
The shaded bubbles show the undesirable states. Arrows denote possi-
ble transitions between the states. States and transitions that are possi-
ble, were however not observed in this study, are denoted by dashed
lines. The numbers in brackets indicate how many cases representing
each state were observed.

2.2 What do we know about software start-ups?

A broader interest to study software start-ups from software engineering
perspective was launched by publication of a systematic review on existing
literature in the area [Paternoster et al., 2014]. Selected results from this
review were also published in IEEE Software [Giardino et al., 2014a]. In
the review, authors point out the potential of software start-ups as vehicles
for innovation, and lack of relevant research in the area. The review lists a
number of contextual challenges to software product engineering in start-
ups compared to established companies.

Two subsequent literature reviews were published by Klotins et al. [2015]
and Berg et al. [2018] aiming to map state-of-the-art in start-ups with SWE-
BOK [IEEE Computer Society, 2014] knowledge areas. They conclude that
there are many gaps and opportunities for developing start-up specific en-
gineering practices. However, they attempt to analyze state-of-the-art in
start-ups with SWEBOK that isn’t start-up specific and lacks several rele-
vant knowledge areas, for example, market-driven requirements engineer-
ing and value driven software engineering.

Giardino et al. [2016] proposes the Greenfield start-up model identifying
the main engineering categories and their relationships. The model iden-
tifies severe lack of resources, teamwork, rapid development, little focus
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to quality, evolutionary approach, and technical debt as the key categories.
The relationships reveal that development speed is achieved by capable
teams, little focus on quality assurance and internal product quality. How-
ever, such approach leads to accumulation of technical debt and hindered
performance in the long term.

2.3 Software engineering practices in start-ups

Earlier studies point out that start-ups often do not follow best engineer-
ing practices and opt for an ad-hoc approach to engineering. Such an ap-
proach to engineering is partly due to the immaturity of start-ups, rapidly
changing environment, and lack of engineering expertise. However, there
is also limited support from academia pinpointing engineering practices
that could be suited for such context [Klotins et al., 2018b, Yau and Mur-
phy, 2013, Unterkalmsteiner et al., 2016].

Part of the difficulty to practice and study software engineering in start-
ups is the lack of knowledge transfer between start-ups. All knowledge
about a domain, ways-of-working, and practices is carried by individuals,
thus is lost when a start-up closes down, and needs to be reinvented with
every new start-up. Thus, a large part of start-up research is to establish a
body of knowledge with the best engineering practices for start-ups [Bar-
ton, 1995, Klotins et al., 2018b].

Several studies attempt to explore product engineering practices in start-
ups. For example, Gralha et al. [2018] and Melegati et al. [2016b] explore
requirements engineering practices in start-ups. These studies suggest that
requirements engineering is one of the key engineering process areas in
start-ups, and help to explore the market opportunity and to devise a fea-
sible solution.

Hokkanen et al. [2016] present a framework guiding user experience
design work in a start-up context. They argue that for a product to be
successful in a market it has to fulfill minimal functional and user experi-
ence requirements. The framework identifies and prioritizes various user
experience elements guiding user experience focus.

In our earlier work (Klotins et al. [2018a]) we explore technical debt
in start-ups. We found that excessive technical debt could be a cause for
missed market opportunities and contribute to start-up failures. Further-
more, they identify several strategies that could help to expose unwanted
technical debt early.

The earlier work suggests that engineering practices are rapidly evolv-
ing to accommodate the changing engineering context [Hokkanen et al.,
2016, Gralha et al., 2018, Giardino et al., 2016, Klotins et al., 2017]. Even
though, individual areas, for example, requirements engineering and user
experience design, has been studied, there is a lack of a coherent view of
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how different engineering areas fit and evolve together. Such complete un-
derstanding is needed to analyze why specific practices are applied, and
to spot potential misalignment between engineering process areas.

2.4 Start-up life-cycle models

To illustrate the changing objectives of a start-up, there have been attempts
to define start-up life-cycle models. Blank [2013b] identifies two stages,
search for a viable market opportunity, and building a viable business
around the opportunity. Each stage consists of several objectives outlining
the need to explore and validate a potential customer need first, then pro-
pose and validate a potential solution, and finally scale up the operations.
This model, however, is generic and offers little guidance for software en-
gineers.

Inspired by Churchill and Lewis [1983] and Crowne [2002] we com-
bine start-up product evolution stages with relevant organization states
(Fig. 4.1). In this paper, we use the four stages of a start-up as a basis for
explaining start-up evolution and define them as:

1. Inception - a stage between ideation of a product until the start-up
releases the first product release to the first customer. The primary
goal of this stage is to scope and build the minimum viable product
by balancing needs of a customer, available resources, and time [Junk,
2000].

2. Stabilization - a stage between first product release until readiness for
scaling. In this stage, a start-up aims to ensure that the product can
be decommissioned without adding extra effort to the development
team. That is, the product should be easy to maintain, scale, and sur-
rounding infrastructure, for example, operations and customer sup-
port, are in place.

3. Growth - at this stage the focus is set on attaining the desired market
share and growth rate. Although the efforts shift towards marketing
and sales, the engineering team should cope with a flow of new cus-
tomer requirements, and product variations for different markets.

4. Maturity - in this stage a start-up transitions into an established orga-
nization aiming to preserve established market share and to optimize
its operations. The engineering team should install routines for oper-
ating and maintaining the product.

These four stages represent the shift in start-up objectives. Early stages
focus on finding a relevant problem, devising a feasible solution. Later,
the focus shifts to marketing and improving the efficiency of start-up’s
operations [Blank, 2013a, Crowne, 2002].
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In case a start-up decides to radically change some fundamental aspect
of its product, that is, to pivot [Bajwa et al., 2016], the product likely moves
to an earlier phase in the life-cycle model. For example, discarding exist-
ing features and developing new ones implies abandoning any marketing
or stabilization efforts related to the abandoned features. Developing en-
tirely new features throws the start-up back to inception stage for scoping,
validation and piloting.

At any of the four product stages a start-up strives to: a) remain active
and continue operations (that is, not to fail), b) advance to the next stage or
c) be acquired by another company for profit to shareholders. Alternatively,
at any of these stages, a start-up may be closed down or paused. We define
organization states as the following:

1. Active - the team actively works on the product.
2. Paused - the team has stopped working, however there is an inten-

tion to resume at some point in future. Reasons for pausing a start-up
could be, for example, a temporary shift in founders priorities, tem-
porary lack of funding for product development or marketing among
other scenarios.

3. Acquired - another company acquires the start-up for a profit to
shareholders. The team is disbanded or merges with the other com-
pany.

4. Closed - the team is disbanded or works on something else.

The combined model of start-up and product life-cycle states is shown
in Fig. 4.1. We use this model as an input to our study and to capture the
state of each studied case.

3 research methodology

We use a case survey method to collect and analyze primary data from
start-up companies. The method is aimed to balance studying a few cases
in depth with traditional (multi) case studies and quantitatively studying
many cases [Petersen et al., 2017b]. Case studies offer greater level of detail
and internal validity by closely examining multiple data sources. Surveys
attempt to collect data from a large number of cases, thus achieving a
higher degree of generalizability [Runeson et al., 2012].

The main advantages of the case survey method are its ability to collect
richer information than conventional survey, and extendibility to study
more cases. That said, the data collected by a case survey are limited by
the scope of the questionnaire instrument [Larsson, 1993, Petersen et al.,
2017b]. Validity threats of our study are discussed in Section 3.3.

The original case survey method description suggests using coding and
statistical methods to analyze the data [Larsson, 1993]. However, we ex-
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tend the method by adding more steps from the theory building process
proposed by Eisenhardt [1989]. While both methods are compatible, Eisen-
hardt provides more details on inducing a theory from data, that is, in this
study, the start-up progression model. We present a mapping between the
two methods and the combined method in Table 4.1.

3.1 Research questions

To guide our study, we define the following research questions (RQ):

RQ1: What patterns pertaining software engineering can be ascertained
in start-up companies?
Rationale: Very little is known of what software engineering practices start-
ups use and what is the motivation for using or avoiding specific practices.
Earlier studies report the use of light-weight, ad-hoc practices with em-
phasis on requirements engineering [Klotins et al., 2015, Paternoster et al.,
2014, Melegati et al., 2016b]. However, most earlier reports use secondary
data, explore only a few cases, and are based on limited understanding of
engineering context in start-ups.

With this research question, we identify commonalities in engineering
goals, challenges, and used software engineering practices in start-ups
with respect to their life-cycle stage, see Fig. 4.1. An understanding of what
goals and challenges shape the use of engineering practices are essential
to:

a) Judge suitability of commonly used practices.
b) Devise new engineering practices to navigate specific challenges and

to achieve particular goals.
c) Provide a blueprint of software-intensive product engineering in a

start-up context [Klotins et al., 2018b].

We formulate three sub-questions to explore goals, challenges, and prac-
tices specifically.

RQ1.1: What goals, relevant to software engineering, can be ascertained
in start-up companies?
Rationale: We aim to explore what goals are driving software engineering
in start-ups concerning their life-cycle stage, see Fig. 4.1. A fine-grained
understanding of the goals, i.e. drivers for engineering activities, helps to
understand the context of why certain engineering practices are used, or
avoided [Kirk and MacDonell, 2014, Klotins et al., 2018b].

RQ1.2: What challenges relevant to software engineering can be ascer-
tained in start-up companies?
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Rationale: Engineering challenges is another context factor, alongside goals,
shaping engineering practices in start-ups. We aim to explore what specific
challenges, associated with start-up life-cycle stages, can be ascertained in
start-ups.

RQ1.3: What software engineering practices do start-ups use?
Rationale: We aim to explore what engineering practices start-ups apply as
a response to life-cycle stage-specific goals and challenges.

3.2 Data collection and analysis

3.2.1 Questionnaire design

We base the data extraction on a questionnaire eliciting practitioner experi-
ences about their specific start-up case. The scope of the survey is inspired
by our earlier work the Start-up Context Map [Klotins et al., 2018b] and
covers team, requirements engineering, value, quality assurance, architec-
ture and design, and project management aspects of start-ups.

During the questionnaire design, we conducted multiple internal and ex-
ternal reviews to ensure that all questions are relevant, easy to understand
and that we receive meaningful answers.

The internal reviews were conducted among the authors to determine
the scope and flow of questions. For the external reviews we invited 10

members of Software Start-up Research Network1 to provide their input.
Firstly, we asked them to fill in the questionnaire and answer all the ques-
tions as if they were engineers in a start-up. Then, we organized a joint
on-line workshop to discuss participants reflections and potential improve-
ments to the questionnaire. Their responses were removed from the final
dataset.

Finally, we piloted the questionnaire with four practitioners from dif-
ferent start-ups. During the pilots, respondents filled in the questionnaire
while discussing questions, their answers and any potential issues with the
first author of this paper.

As a result of these reviews, we improved the question formulations and
removed some irrelevant questions. The finalized questionnaire contains,
10 sections, 85 high level questions and 285 sub-questions, 73 of the sub-
questions are free-text, others are on an ordinal or nominal scale. Note that
one question in the questionnaire may result in multiple sub-questions,
for example, a high level question may result in two sub-questions one
capturing a Likert-scale answer, another free text motivation for the answer.
The sections cover many software engineering topics, see Table 4.2. Note
that through the analysis process some topics were merged, and some

1 Software Start-up Research Network: http://softwarestartups.org
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lifted out. The last column of the table, process area, shows a mapping
between sections of the questionnaire and the resulting process areas.

From all the questions, 54 sub-questions focus on capturing respondents
agreement with statements addressing their engineering practices and en-
gineering context. To capture respondents level of agreement with a state-
ment we use a Likert scale: not at all (1), a little (2), somewhat (3), very
much (4). The values indicate the degree of agreement with a statement.
Statements are formulated consistently in a way that lower values indicate
less agreement, however higher values indicate more agreement. We specif-
ically avoid neutral (neither agree or disagree) answer option to force re-
spondents to state their opinion. However, we provide the “I do not know”
option to allow respondents to explicitly skip the question.

All the questions and answer options are available as supplemental ma-
terial2.

3.2.2 Distribution of the survey and data collection

To distribute the survey we reached out to The Software Start-up Research
Network3 and asked other researchers to use their networks and connec-
tions. All authors of this paper actively promoted the survey through
their on-line accounts and personal contacts. The first author promoted
the study in several start-up themed events. The data collection took place
between December 1, 2016 and May 15, 2017.

To support the data collection we created an on-line tool. The landing
page of the tool contained a short description of the study aims, and a
promotional video encouraging start-ups to share their experiences. The
questionnaire was public and freely available to everyone. To screen the
responses and gauge their suitability for our study, the questionnaire con-
tains a multitude of demographical questions about the start-up and the
respondent. For example, what is respondents relationship with the start-
up, their role in the company, and how long time ago they were in contact
with the start-up?

A total of 369 practitioners started to answer the questionnaire. How-
ever, many of the responses were incomplete. We removed responses with
less than 50% of questions answered. We further removed several dupli-
cates and responses from non-software start-ups. The response rate of the
questionnaire was 23%, 84 out of 369.

3.2.3 Coding scheme and cross-case analysis

We perform the cross-case analysis using both qualitative and quantitative
methods.

2 Full questionnaire:
http://eriksklotins.lv/files/GCP_questionnaire.pdf

3 Software Start-up Research Network: http://softwarestartups.org
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Table 4.2: Topics covered by the questionnaire

# Topics Questions
Number of

sub-
questions

Process
area

1

Start-up
demographics

1 - 8 12 -

2 Product demographics 9 - 17 18 -

3

Respondent
demographics

18 - 23 10 I

4 Team demographics 24 - 30 12 I

5

Requirements
engineering

31 - 47 57 II, III

6 Software architecture 48 - 55 19 V

7 User interface design 56 - 59 9 V

8

Development
practices

60 - 69 80 I - VI

9 Quality assurance 70 - 77 48 IV

10

Project management 78 - 85 20 VI

Total 285

The responses are already structured by questions, and for multiple-
choice questions, responses are already categorized. Thus, we need to
code only responses from open-ended questions. Such questions help us to
gain a finer understanding on how each topic is implemented in start-ups.
Since there is no established body of knowledge of software engineering
in start-ups, we use open, in-vivo, coding to gain insights how respon-
dents themselves perceive and use software engineering. Thus, we applied
open coding to identify described stakeholders, practices, artifacts used or
produced, steps taken, and motivations for certain decisions [Corbin and
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Strauss, 1990]. Each open-ended question addresses a different topic, thus
we developed an individual coding scheme for each question.

The questionnaire is formulated to capture both used practices, and the
practitioners’ experiences with using the practices. Respondent reflections
were captured in separate questions formulated along the lines of: “In hind-
sight, what would you have done differently?”. In our results, we report
and describe applied practices and respondents’ experiences with the prac-
tices separately. However, the progression model in Fig. 4.4 contains only
practices that were reported as used.

We use the start-up life-cycle model, see Fig. 4.1, to group cases by start-
up life-cycle state. We analyze start-ups within each group and look for
recurring engineering practices, challenges, goals, and contextual factors
in their responses. We document these findings with memos. A memo de-
scribes a finding, start-up cases that were basis for the finding, category
of the finding, that is, whether it pertains goals, practices, context factors
or challenges, and to what state of the start-up life-cycle model the find-
ing pertains to. We developed a total of 1856 codes and 366 memos. An
example of open coding and memos is available as supplemental material
on-line4.

The initial coding is performed by the first author. The resulting memos
are discussed and refined by the first and the second author jointly. In
this process, memos with limited support from the data are removed, or
merged with other similar memos. Interesting analysis points were marked
for additional analysis. This is an iterative process leading to formulation
of our findings.

As the final steps of our analysis, we use descriptive statistics and
contingency tables to identify new and to confirm already identified pat-
terns [Haberman, 1973]. We illustrate our results with frequency analysis
and histograms, and test statistical significance of our findings.

We use the Chi-Square test of statistical association to test if the asso-
ciations between the examined variables are not due to chance. To pre-
vent Type I errors, we used exact tests, specifically, the Monte-Carlo test
of statistical significance based on 10 000 sampled tables and assuming
(p < 0.05) [Hope, 1968].

To examine the strength of associations we use Cramer’s V test. We in-
terpret the test results as suggested by Cohan [1988]. That is, we consider
thresholds of 0.1,0.3, and 0.5 for weak, moderate and strong associations.

To explore the specifics of an association, such as which cases are re-
sponsible for this association, we perform post-hoc testing using adjusted
residuals. We consider an adjusted residual significant if the absolute value
is above 1.96 (Adj.residual > 1.96), as suggested by Agresti [1996].

4 Example of the open coding:
http://eriksklotins.lv/files/GCP_open_coding.pdf
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The adjusted residuals drive our analysis on relationships between start-
up demographics and reported engineering practices. However, due to the
exploratory nature of our study, we do not state any hypotheses upfront
and drive our analysis with the research questions. We document statisti-
cally significant findings with field memos for further analysis.

3.2.4 Development of patterns

To develop our results further, we revise and group together similar memos
from the previous step to formulate broader findings. This process is aimed
at building up evidence for supporting a particular finding. As suggested
by Eisenhardt [1989], we apply the following practices:

• We analyze outlying, extreme, or otherwise surprising findings to
shape our findings.

• We collect multiple variables on each topic and seek to triangulate
our findings with multiple variables, and cases.

• We search for cases that present contradictory evidence to our propo-
sitions and shape our propositions to cover the negative evidence.

• To decide if our findings constitute a salient pattern we use a combi-
nation of criteria. Firstly, we look if a finding appears in more than
one case. Secondly, we look if multiple variables support the find-
ing, in particular, whether respondents have pointed it out in their
reflections. Thirdly, if the finding is supported by statistical analysis.

As a result of this step, we identify 55 patterns pertaining to software
engineering in start-ups. Similar to the memos before, a pattern describes a
specific practice, challenge, context factor, or goal, along with information
what cases were the basis for formulating this pattern, and information in
what context this pattern was observed. The patterns are further grouped
into 6 engineering areas and categorized into 33 patterns illustrating goals,
practices, and challenges.

Goals are patterns describing a desirable outcome toward which an ef-
fort is directed. Such desirable results are identified either explicitly by
question formulation, e.g. “What is the primary quality goal?”, or by the
practitioners’ own reflections on why a certain practice was used. In few
occasions, a goal overlaps with a practice, e.g. to use product usage metrics
to gauge start-up performance, see G16 and P14 in Fig. 4.4. Such overlap
indicates an association between use of the practice and attainment of the
goal.

Practices are engineering activities helping start-ups to advance through
the life-cycle stages. A practice could be means-end, such as establishing
a team, could help to solve a problem, e.g. by documenting feature ideas,
or help to gather knowledge on the current needs, e.g. by determining
“good-enough” level of quality [Sheppard et al., 2007].
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Challenges are difficulties in practicing software engineering and pro-
gressing through the life-cycle stages. We identify challenges from respon-
dents reflections on how practices were applied and what they would do
differently the next time. Some challenges overlap with practices, e.g. to
establish a feedback loop with customers, see for example, C4 and P5 in
Fig. 4.4. Such overlap indicates an association between the practice and the
challenge, i.e. that start-ups attempt to use a specific practice, however find
it challenging.

As a result of this step, we identify patterns pertaining to software engi-
neering in start-ups. Similar to memos before, a pattern describes a specific
practice, challenge, context factor, or goal, along with information what
cases were the basis for formulating this pattern, and information in what
context this pattern was observed. The patterns are further grouped into
engineering process areas, resulting in the start-up progression model.

3.3 Threats to validity

Larsson [1993] identifies a number of validity concerns for case survey
research.

Descriptive validity, factual accuracy could be compromised if responses
from start-ups lack important information leading to an incorrect inter-
pretation of the cases. To address this threat we iterated the questionnaire
instrument with both researchers and start-ups to assure that all important
aspects of software engineering in start-ups are covered and our questions
are understandable to practitioners. Furthermore, we provided an explicit
option to capture “I do not know” answers and, at the end of each section,
asked “What would you do differently next time?” question to capture
practitioner reflections on the most important lessons learned.

Respondent bias stems from participants’ inability or unwillingness to pro-
vide accurate responses.

We collect respondents experiences and estimates of events that may
have occurred in the past. Thus, the quality of the responses depend greatly
on respondents memory and ability to reconstruct past events. Respondent
responses suggest that majority of them, 67 out of 84, 80%, are currently
involved with their start-ups or have been involved in the last 12 months.
Thus, the majority of responses concern relatively fresh experiences.

Some of the respondents, 36 of 84, 43%, have specified that their main
area of expertise in their start-up is other than software engineering, see
Fig. 4.2. There could be a concern whether they can provide reliable an-
swers to questions about software engineering. Earlier work suggests that
start-up teams are closely-knit, team members perform multiple roles, and
the effort is focused on launching one product [Giardino et al., 2016, Pater-
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noster et al., 2014]. Thus, even if a respondents primary area of expertise
is not software engineering, they are closely involved in product work.

We further explore potential differences in answers due to time since the
last contact with the start-up and respondents area of expertise with statis-
tical tests. As part of the last step of cross-case analysis, see Section 3.2.3,
we test if respondents association with the start-up, age, time since the last
contact, area of expertise, amount of experience in the area of expertise,
and amount of experience working with start-ups, has any effect on their
responses. Significant results from this analysis are presented in respective
process areas.

There is a possibility that respondents are unwilling to provide honest
responses, or twist the responses to what they believe researchers hope to
hear. In the particular case of startups, and especially when respondents
are answering about a failed case, it may be hard for them to admit were
they failed and if they were not following what is perceived as the best
practices in software development.

Participation in the study was voluntary, and we advertised the question-
naire as means to help other start-ups by sharing what worked and what
did not in their start-ups. Thus, we minimize biases stemming from partic-
ipants being forced to participate and to provide dishonest answers. The
questionnaire contains a mix of multiple-choice, Likert scale, and free text
providing multiple means of capturing the experiences, and mitigating the
chance of extreme responses. We offer “What would you do differently
next time?” questions to capture respondents own lessons learned.

Interpretive validity, objectivity of the researcher is concerned with potential
bias stemming from researchers misinterpreting the data. To address this
threat, the first three authors of this paper frequently met and discussed
any intermediate findings as part of the analysis process. As a result, find-
ings with weak support from the data were identified and removed, see
Steps 4-6 in Table 4.1.

Generalizability of our results is determined by the number and diversity
of the studied cases. We explore a diverse set of 84 start-up cases vary-
ing by geographical location, domain, product life-cycle stage, the extent
of team expertise, and start-up outcome. That said, operational compa-
nies are overrepresented in our sample, see Fig. 4.3, and could bias our
conclusions towards active, that is, to some extent successful start-ups. To
compensate for this potential bias, we analyze operational and closed com-
panies separately, compare the results, and apply statistical methods to
determine significance of any conclusions.

Our sample mostly contains start-ups from Europe and South America,
and start-ups from North America and Asia are underrepresented. For
example, start-ups in the U.S. may have access to a broader and more
homogeneous market than their European counterparts who need to adapt
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their products to the diversity of Europe’s markets. Such differences could
have an effect on software engineering goals, challenges, and practices.

Repeatability of case surveys increases the objectivity of the findings. To
strengthen repeatability of this study, we provide the data extraction form,
full demographical information of the studied cases, and raw data5 as sup-
plemental material.

4 results and analysis

After removing incomplete and irrelevant responses, we analyze 84 re-
sponses from start-ups building software-intensive products.

Some of the first questions in the questionnaire collects demographical
information about the start-up, such as current state, state of the product,
when the team started working on the product. The responses show that
our sample consists of start-ups established between 2004 and 2017, with
the majority (60 of 84, 71%) of start-ups actively working on their prod-
ucts at the time of the survey; 24 are closed, paused or acquired by other
companies, see Fig. 4.3.

Responses on the product state show that our sample contains start-
ups in all life-cycle stages, inception - 15 (18%), stabilization - 24 (29%),
growth - 26 (30%), and maturity - 15 (18%), however 4 companies have not
specified their product state. Most start-ups have their main office in South
America (39 of 84, 46% ) and Europe (33 of 84, 39%), the rest are located in
Asia and North America. Such underrepresentation of North America and
Asia could be explained by origin of the authors. The authors represent
Europe and South America and were actively promoting the study in their
networks.

With the questionnaire we collect respondents demographical informa-
tion, such as age, experience, area of expertise, relationship with the start-
up, and how recent they have been involved in the start-up. Responses
show that most of the respondents (62 of 84, 74%) are founders, others are
employed by start-ups (16 of 84, 19%), or are otherwise associated. The
respondents are about evenly distributed regarding whether their area of
expertise is software engineering or not, an how much prior experience
they have in their area of expertise (left side of Fig. 4.2). However, most
have little experience with start-ups before the current case (right side of
Fig. 4.2).

Other details characterizing our sample and engineering context in start-
ups are presented along with their respective process areas, discussed in
the remainder of this section. A list of studied cases, respondents, and their
demographical information is available as supplemental material6.

5 Upon request to the first author, Eriks Klotins, eriks.klotins@bth.se
6 All cases and their demographical information:

102

eriks.klotins@bth.se


4

02040 0 20 40

Less than 
6 months

6 - 12
months

1 - 3 years

4 - 6 years

7 - 9  years

10 or more
years

Working in start-ups Working in the area of expertise

Non-software engineering 

Software engineering

Main area of expertise

Figure 4.2: Distribution of respondent background and prior experience

O
pe

ra
tio

na
l

Pa
us

ed
Ac

qu
ire

d
C
lo
se

d

2004 2006 2008 2010 2012 2014 2016

Figure 4.3: Gantt chart illustrating operation time and outcome for studied compa-
nies. 9 respondents had not answered when they started working on
the product, thus these cases are not shown in the figure

We structure our results into 6 process areas: team, requirements engi-
neering, value, quality assurance, architecture and design, and project man-
agement, see Table 4.2. Within each process area we consider goals, chal-
lenges, and practices, i.e., engineering aspects, see the legend in Fig. 4.4.

http://eriksklotins.lv/files/GCP_demographics.pdf
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We analyze the process areas in relation to the four start-up evolution
stages, inception, stabilization, growth, and maturity. In Fig. 4.4 we provide
an overview of the results and present the start-up progression model. To
maintain traceability between our description and the figure we enumerate
our findings in the following way: goals (Gx), challenges (Cx) and practices
(Px). On the top-right corner of each bar we denote how many cases were
basis for formulating the finding.

The purpose of the progression model is to provide an overview of the
critical stages of product development, main concerns, and relevant prac-
tices. For researchers, the model summarizes the key engineering concerns
for further investigation and provides a structure for adding new results.
For practitioners, the model helps to identify the current product stage,
the key objectives to be attained and lists the key engineering practices for
attaining said objectives. We discuss each process area, goal, challenge and
practice in the following sections.

To present respondent estimates on Likert scale questions, we illus-
trate the distribution of answers with in-line histograms, for example,
( , “To what extent it is true that most product/service features are
invented rather than discovered?”).

The four bars denote the distribution of respondent agreement with
a statement on a Likert scale (“not at all”, “a little”, “somewhat”, and
“very much’). The above example shows that most respondents “some-
what” agree with a statement (shown after the histogram), and the distri-
bution of responses is skewed towards agreeing with the statement.

4.1 Team process area

The team process area concerns start-up teams with respect to formation of
a team, individual skills, attitudes, capabilities, and coordination between
individuals.

4.1.1 Goals

Establishing a team posing sufficient skills and expertise is one of the first
goals of a start-up (G1). Earlier studies suggest that the team is the cat-
alyst for product development in start-ups [Giardino et al., 2016]. Team
characteristics such as cohesion, coordination, leadership, and learning are
recognized as essential for software project success [Dingsøyr et al., 2016].

Across our sample, the median team size is 4 - 8 people and 1 - 3 of
them primarily work on software engineering. We observe a tendency of
growing median team size over the start-up life-cycle, from 1 - 3 in the
inception stage, to 4 - 8 in the stabilization and growth stages, and to more
than 20 in the maturity stage.
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Figure 4.4: The start-up progression model outlining software engineering goals,
challenges, and practices in start-ups

The responses suggest that to build a team, start-ups need to address
communication issues, shortages of the domain and engineering expertise,
commitment issues, and to create accountability. Statistical analysis on ac-
countability in the teams shows an association (Cramer ′sV = 0.334,p <
0.05) between closed companies and a lack of accountability. Thus, form-
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ing a unit that poses relevant and complementary expertise, and that can
work together efficiently with little overhead is an essential early goal in
start-ups, see G1 in Fig. 4.4.

By comparing responses from start-ups at different life-cycle stages, we
found that establishing a team is a concern in the early stages of a start-up.
We observe that start-ups at the inception and stabilization stages reflect on
issues associated with creating a team, see G1 and C2 in Fig. 4.4. However,
start-ups in the maturity stage reflect on challenges related to managing a
large team (C1).

4.1.2 Challenges

Looking into respondent reflections on their team formation, we found
that the majority, 61 out of 84, 72%, reports some team-related challenges.
The challenges concern team formation, management, expertise, leader-
ship, and coordination, see C1 - C3.

Start-ups at all life-cycle stages report shortages in engineering skills
and domain expertise. The most severe shortages are reported by start-ups
at the inception stage where only 3 out of 15, 20%, respondents, estimate
their engineering, and 1 out of 15, 6%, rate their domain knowledge as
sufficient. However, we observe a tendency of estimates improving over
life-cycle stages. A potential explanation could be survivor bias and start-
ups who managed to acquire the necessary competencies were able to ad-
vance [Shermer, 2014]. We also observe a tendency that less skilled teams
spend more time in the inception stage and often fail to release the prod-
uct altogether. As one start-up reflected on their lessons learned from their
team formation:

“We should have looked for more developers with experience in de-
livering products fast, and do not rely on corporate “experts” that
deliver anything but completed software.”

Statistical analysis shows a strong association between domain knowl-
edge and engineering skills in the team (Cramer ′s V = 0.513,p < 0.05).
Teams with less domain knowledge also lack engineering knowledge, and
teams with adequate domain knowledge are likely to have sufficient en-
gineering skills. The level of expertise is also associated with the state of
the start-up (Cramer ′sV = 0.316,p < 0.05). Operational start-ups estimate
their skills and knowledge significantly higher than paused or closed com-
panies. The level of team skills and experience is reported as one of the
key success factors in software projects [Chow and Cao, 2008], and new
business creation[Politis, 2008]. Thus, there could be a causal relationship
between the level of team skills and start-up outcomes.

From the 41 start-ups in growth or maturity stages, 80%, or 33 compa-
nies, reflect on the need for specialist skills and the challenge to acquire
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them (C3). For example, finding employees with domain-specific experi-
ence, or engineers with specific technical skills. Often start-ups reflect, that
it would have been beneficial to acquire such expert skills earlier. However,
the responses do not reveal the cause for the difficulty.

The shortage of experts with domain-specific experience could be ex-
plained by short supply of experts in a narrow and potentially new area.
Such explanation highlights the importance of education and training in
start-ups. However, an alternative explanation could be that experts choose
not to work with start-ups due to, for example, an uncertain future of the
company.

By analyzing the responses on the team’s attitude towards good engi-
neering practices and their engineering skills we found that less skilled
teams are less predisposed towards following good engineering practices
such as avoiding code smells (Cramer ′s V = 0.342,p < 0.05) or thorough
testing of their product (Cramer ′sV = 0.366,p < 0.05). Further analysis
reveals that the attitude towards following good engineering practices is
associated with start-up outcomes. Operational start-ups recognize bene-
fits from following good engineering practices, such as maintaining good
software architecture (Cramer ′s V = 0.400,p < 0.05) and avoiding code
smells (Cramer ′s V = 0.320,p < 0.05). Paused start-ups report seeing fewer
benefits from good engineering practices. This finding suggests an asso-
ciation between start-up outcomes and attitudes towards utilizing good
engineering practices.

Interestingly, respondents with more individual experience estimate
their team attitudes towards good engineering practices and quality of
engineering work significantly worse than less experienced respondents
(Cramer ′s V = 0.384,p < 0.05). This finding could be interpreted as fol-
lows: a) inexperienced engineers overestimate the quality of their and
their teams’ work, or b) experienced engineers underestimate their work.
Kruger and Dunning [1999] have studied cognitive biases in estimating
own abilities. Their findings suggest that low-ability engineers cannot ob-
jectively evaluate their actual competence or incompetence, and are likely
to overestimate their abilities.

We have also found that early start-ups do not implement any objective
metrics to assess their team performance, see section 4.6. Therefore, imple-
mentation, evaluation, and improvement of engineering practices depend
on competence and gut-feeling of early start-up engineers.

Individual skills, competencies and teamwork capabilities have been rec-
ognized as essential success factors in software engineering projects [Woh-
lin et al., 2015, IEEE Computer Society, 2014, Chow and Cao, 2008]. Earlier
studies suggest that start-ups rely on implicit knowledge, and have very
little, if any, organizational capital [Giardino et al., 2016, Seppänen et al.,
2017]. Thus, establishing a small and efficient team is essential to compen-
sate for the lack of organization. Our results show that early team issues
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could be a reason for stalling product engineering and collapse of a com-
pany even before the product is launched to market.

Another challenge reported by 67%, 56 of 84 companies, is to engage
the team and coordinate the product work. The difficulty stems from team
members having other priorities outside the start-up in combination with
a bloated, poorly organized, and distributed team. The reported issues
in such teams are poor communication, lack of clear responsibilities and
unbalanced skill set with further effects on productivity, degrading mo-
tivation, and poor execution of multiple parallel activities, e.g., product
engineering work and marketing, among other challenges.

From all team related concerns we distill 2 main challenges. The first
challenge pertains team building and comprises of a lack of team expertise,
engagement, and coordination at the inception and stabilization stages, see
C2. The second challenge, see C1, is to manage a large and potentially
distributed team at the maturity phase. Respondents mention difficulties
to coordinate and maintain efficient teamwork across multiple teams and
time-zone. Such findings suggests that start-up principals need to recog-
nize and adapt for different teamwork challenges as the company moves
forward.

Part of the challenge to initiate teamwork is the absence of leadership to
establish an engineering team and to drive the product engineering work.
As stated by one start-up:

“All of the founders had other occupations. 3 professors (2 of them
located in the USA), and one business owner located in Turkey. There
was a lack of communication. The developers were hired part-time.
There was no-one for whom this start-up was their primary occupa-
tion. Maybe hiring a manager would have helped.”

Looking more into leadership we found 4 cases explicitly pointing out
the need for technical leadership. A technical leader, or CTO, is needed to
set up an engineering team and to lead product engineering work. As one
respondent, employed by a start-up, stated:

“I would fire the current CTO and hire a new CTO, who is more
technically sound. In the startup, the most prominent thing is that
the CTO should be technically sound. Otherwise, it is hard to drive
the product forward and to motivate the development team.”

A potential pitfall is to select the technical product leaders based their
executive powers and not professional competences. This could be the case
when, for example, a less competent founder refuses to give away the CTO
role to a more suited employee [Crowne, 2002].

An association between good teamwork practices and software project
cost and quality is studied in the context of established companies [Krish-
nan, 1998]. Higher team capabilities regarding technical skills and domain
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knowledge, are strongly associated with a lower number of discovered de-
fects and lower software maintenance costs. Moreover, commitment to a
shared goal and internal team communication mechanisms are essential
for project success. Our results indicate that such findings are relevant in
the start-up context as well.

We looked into how the respondents’ relationship with the start-up af-
fects their responses. We found that founders of start-ups are significantly
more optimistic about the quality of planning (Cramer ′s V = 0.381,p <
0.05), and quality of product engineering (Cramer ′s V = 0.385,p < 0.05),
compared to hired engineers and external contractors. Such results sug-
gests a potential fault-line in the teams between founders and employees
in terms of how they perceive the engineering context.

As shown by Chow and Cao [2008], joint decision making and knowl-
edge sharing, critical to project success, depend on efficient communica-
tion. However, fault-lines splitting a team into two or more sub-groups,
result in impaired communication and further adverse effects from stem-
ming from communication issues. Causes and effects of team fault-lines
are observed and studied in the context of globally distributed teams, for
example,Gopal et al. [2011] and Staats et al. [2012].

Earlier studies suggest that start-ups have small, flat and empowered
teams. Empowerment of individuals is supposed to reduce the need for
bureaucracy and improve flexibility [Paternoster et al., 2014]. However, our
results suggest that even though teams are small, there still exists a com-
munication gap between founders and employees. An explanation could
be that principal decisions from founders could be ill-communicated, thus
perceived by employees as unjustified, and degrading motivation and trust
in a team [Boies et al., 2015].

4.1.3 Practices

We looked at practitioner responses to identify how team formation chal-
lenges are addressed in their start-ups. We recognize two general scenarios
how start-up teams are formed (P1). One scenario is creating a new team
from people without previous joint experience. The second scenario is that
a team originates from a former organization and already has some team-
work experience. Not every start-up could have the opportunity to reuse
an existing team, thus we consider these both strategies as variations of
the same practice to establish a team.

The responses suggest that newly created teams start with a few founders
and new people are added when there is a need for additional skills or
human resources. Such organizations have yet to establish teamwork prac-
tices, acquire domain knowledge, and vet their engineering capabilities.
Thus, new teams are prone to teamwork issues, shortages of skills and
expertise.
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Teams originating from earlier projects are slightly larger and have more
diverse competencies (compared to new teams), shared history concern-
ing established ways of working, roles, responsibilities, and had already
ironed out initial team formation issues. While we do not know the exact
relationships between team members in all cases, 9 respondents mentioned
that their teams have been working on earlier projects suggesting that they
have shared experience before the current project. An example of this sce-
nario would be a small consultancy company, i.e., offering customized ser-
vices, that identifies an opportunity to develop a product for mass-market.
They keep the consultancy business going to support the start-up endeavor,
eventually aiming to become a product organization.

Making use of an existing team helps to alleviate initial team forma-
tion challenges, see C2 in Fig. 4.4, and minimize the risk of the team
breaking apart. Moreover, an existing team likely has experience in rele-
vant product engineering technologies, markets, and the product domain.
Therefore, such teams have an advantage over recently formed teams with
no shared background and experience. Similar results, pointing out that
start-up founders’ earlier experience shapes their skills and attitudes help-
ing to cope with uncertainty are reported by Politis [2008]. However our
results show that skills and expertise of the team as a whole plays an im-
portant role.

Start-ups report different tactics to address the lack of engineering com-
petences. As an alternative to establishing an own engineering team, 3 start-
ups mention outsourcing product development work to another company
(P3). The motivation for outsourcing is to quickly build the first version of
the product without the effort of creating an own team. However, outsourc-
ing the engineering work comes with challenges to negotiate requirements
and communicate efficiently. As one respondent stated:

“We started the development offshore with an external company,
now development is in-house. With fewer people, we have the same
cost, but we at least tripled the productivity.”

Start-ups at all life-cycle stages mention the use of external consultants
to help with specialist tasks (P2) in addition to their engineering team. For
example, 6 start-ups mention that they have used external user interface
specialists to help with product design. Some mention using external de-
velopers for mobile application development, security, and optimization
related tasks.

4.1.4 Lessons learned

Our results support earlier findings that team is the catalyst for product
engineering [Giardino et al., 2016]. Team issues could hinder start-up po-
tential to advance through the life-cycle stages.
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For start-ups, our findings present several implications:

1. Team formation is an essential early activity. To attain a highly per-
forming team, a team building program must be implemented, focus-
ing on establishing respect for everyone in the organization, identify
and communicate individual performance standards, develop ways
of efficient communication, identify clear individual and group goals,
reward teamwork, and team-building efforts, and encourage loyalty
to the team [Tippett and Peters, 1995].
Suggested reading: Bubshait and Farooq [1999] presents critical con-
cepts influencing team performance and lists building blocks for es-
tablishing highly performing teams.

2. Engineering and domain expertise are important for efficient team-
work. Engineering expertise is essential to build the product fast.
However, domain understanding helps to identify and interpret soft-
ware requirements [Hadar et al., 2014]. Start-up teams are often
formed by inexperienced people or work in new domains, thus
knowledge sharing and mutual learning is essential.
Suggested reading: Eppler and Sukowski [2000] presents processes,
tools, and factors for enabling team knowledge management. Cock-
burn and Highsmith [2001] explore the role of individual compe-
tences in agile team performance.

4.2 Requirements engineering process area

The requirements engineering process area concerns the elicitation, analy-
sis, validation, documentation and scoping of software requirements. The
identification and validation of a relevant product idea, that is require-
ments identification, validation, and scoping, are some of the most impor-
tant activities in start-ups [Blank, 2013b].

4.2.1 Goals

One of the first steps in any software project is to identify needs and con-
straints placed on a software product [IEEE Computer Society, 2014]. Re-
spondents from start-ups at the inception stage agree that product features
are to a large extent invented, and are based on founders experience, and
understanding about the domain ( , “To what extent it is true that
most product/service features are invented rather than discovered?”).

As a consequence of invented requirements, one of the first objectives
in a start-up is to break down invented ideas into software requirements
and to validate these requirements, optimally with inputs from target cus-
tomers (G2). As one practitioner stated:
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“The real purpose of requirements elicitation is to invalidate require-
ment ideas as quickly as possible without unnecessary effort on meta
documentation or implementation.”

Responses show that as soon as the product is launched to market, start-
ups put more emphasis on using their customers as requirement sources.
Requirements invention becomes less common. Responses, to what ex-
tent product requirements are invented, shifts towards disagreement when
start-ups mature. ( , “To what extent it is true that most product/ser-
vice features are invented rather than discovered?”). Thus, the goal to quickly
invalidate own ideas is most relevant at the inception stage and before
start-ups have established a feedback loop and could use customer input
for feature ideas, see C4 and P5 in Fig. 4.4.

Requirements validation is mainly about what functionality and quality
to offer. However, it is essential to differentiate between the validation of
the idea itself (requirements) and how it is provided (design) [Van Lam-
sweerde, 2003]. The differentiation is significant. A great idea can be re-
ceived poorly if the design of it, regarding how the solution is offered, is
bad.

Results from established companies working on market-driven products
are similar. Mature companies, alike start-ups invent or discover require-
ments indirectly through analysis and observations. Established compa-
nies face similar challenges to validate requirements before a product is
launched. This is compensated by internal requirements analysis and fre-
quent releases [Dahlstedt et al., 2003, Alves et al., 2006].

To achieve the goal of the inception stage and to release the first ver-
sion of the product, see Fig. 4.1, start-ups must determine the scope of
the minimum viable product (MVP). The MVP is a trade-off between fea-
tures, quality, time, and cost [Junk, 2000] used to gauge market interest
in the product and to establish an early customer base justifying further
investments in the product.

When asked how the MVP was scoped and what quality attributes
were considered necessary, the majority of respondents, 56 out of 84, 67%,
pointed out that the priority is to maximize customer value through func-
tionality, usability, and user experience, while keeping engineering effort
minimal, see P6. Practice of scoping the MVP is related to the goal of
balancing customer value with minimal development effort (G3). As one
respondent reflects the MVP should be scoped by the current needs, and
not by wishful thinking:

“Any requirement that is essential for validating the growth or
value hypotheses is priority. Anything that is to support the business
when the user base is larger than 100 users is not a priority. Scoping is
an exercise of un-prioritizing features from being added to the MVP.”
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Responses on release scoping goals from start-ups in stabilization, growth
and maturity stages suggest a shift in scoping goals compared to the incep-
tion stage. The release scoping goals of inception and stabilization stages
are to maximize customer value and to validate the product idea, how-
ever later goals shift to supporting business goals, such as monetization
and growth (G4). We present related results on value focus and product
quality goals in Sections 4.3 and 4.4.

4.2.2 Challenges

Comparing responses from active and closed start-ups at stabilization and
growth stages we observe that internal sources, such as brainstorming and
invention of requirements, are the most popular requirement sources and
used by 94% of active, and 71% of closed start-ups.

Other requirement sources are similar products, used by 83% active and
by 43% closed start-ups, and market trends, used by 57% active and by 29%
closed start-ups. However, only 43% of closed start-ups have used input
from potential and existing customers compared to 91% of active start-ups.
This difference is statistically significant (Cramer ′s V = 0.463,p < 0.05).

Looking at the free text responses for an explanation, we found that all
closed start-ups, and 10 out of 35, 29% of the active start-ups had diffi-
culties establishing contact with their potential customers and involving
them in the product work (C4, P5). The common shortcomings are involv-
ing customers too late in product work, for example, only after release to
market, and sampling of potential customers for requirements elicitation
and validation. As one respondent reflected:

“We informally asked our friends and family about existing solu-
tions, then we brainstormed with the information collected about how
to design the product and what features it should have. We never used
a formal method to elicit requirements, we just informally decided the
features our product should have.”

The importance of stakeholder involvement in new product develop-
ment as a success factor has been pointed out by nearly every study on
requirements engineering, for example, Chow and Cao [2008], Karlsson
et al. [2007], Hoyer et al. [2010], and Blank [2013a]. However, as our results
show, finding the right sample of customers and convincing them to invest
time in collaboration is challenging.

Establishing relationships with potential customers is a goal of sales ac-
tivities as well. A recent study on new product development from the sales
perspective highlights the overlap between requirements engineering and
sales processes, pointing out that getting to know customers is essential
for both technical and commercial outcomes of the project. Involving both
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engineering and sales roles in establishing customer contacts helps to en-
sure continuity between requirements engineering and commercial rela-
tionships [La Rocca et al., 2016].

Some, 7 of 24, 30%, start-ups at the stabilization stage reflect that they
had believed that adding more features to the product would improve
their chances of success. That constitutes feature creep, see C5, and stems
from difficulties to elicit useful feedback from customers, and generalizing
customer specific requirements. Start-ups report that feature creep drained
financial resources and added extra complexity to the product. As one
company reflected on their lessons learned:

“We should have done usability tests with real customers with a
prototype of the product and iterate faster based on user feedback and
actual usage, not just guessed what customers might want.”

Feature creep is reported as a general challenge in developing new soft-
ware products. It is caused by adding new requirements late in the product
development without appropriate analysis. The new requirements could
stem from external stakeholders, thus appear very appealing to include in
a release, or could be discovered and self-approved by the team during the
development process. Either way, a company should analyze the impact
and assure that higher business goals are not compromised [Elliott, 2007].

4.2.3 Practices

Responses suggest that start-ups use a mix of requirements sources. Across
all cases, internal sources such as requirements invention and brainstorm-
ing are the most reported by 76 out of 84, 90%, start-ups, followed by
potential and existing customers (66 cases, 79%), and analysis of similar
products (59 cases, 70%). Market trends and business goals are less uti-
lized, standards, laws, and regulations are used by start-ups in regulated
domains, such as medicine.

Respondents suggest that they have used their previous experience in
the domain, both professional and from using similar products, to identify
“obvious” requirements and requirements sources. However, customers are
the most valuable source of requirements, as stated by one respondent:

“The most important source is existing and potential customers
where we have continuous dialog in place. This is somewhat self evi-
dent. Understanding of competition, business models and regulations
is secondary to that.”

Elicitation, validation: Start-ups report using observation (64%) and inter-
views (61%) to elicit requirements from customers. On-site customer and
surveys are less used, 32% and 46% respectively. Prototypes and mock-ups
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are used by 61% of respondents to support brainstorming and to elicit
feedback in customer interviews.

Responses suggest that elicitation is triggered by internal ideas that are
further elaborated and iterated with input from customers. As one com-
pany reflected:

“Elicitation is a cyclical process of getting info from customer-
s/products, analyzing and then brainstorming to feed into prototypes
and mock-ups. Early in the project, this was at a very high level. Later
when we concentrated development on specific features, the steps were
repeated in a more detailed manner.”

Requirements elicitation overlaps with requirements validation (P4). Or,
as one respondent put it: “the elicitation techniques are used to IN-validate
requirements/ideas/features”. The most frequently reported validation
technique is internal reviews used by 55%, 46 start-ups, followed by proto-
type demonstrations to customers reported by 49%, 41 start-ups. A/B tests
to measure customer reaction on new features are used by 25%, 21 start-
ups. Use of A/B testing increases over the start-up life-cycle from 6% at
inception stage to 34% at the maturity stage, potentially because A/B tests
and other data-driven methods require a significant number of customers
interacting with the product and such numbers may not be available at
early stages [Olsson and Bosch, 2014].

By looking into associations between difficulties in requirements elicita-
tion and demographical information we found that younger respondents,
25 - 34 years old, report more difficulties in collecting and prioritizing
requirements than older, 35 - 44 years old, respondents (Cramer ′s V =
0.599,p < 0.05). An explanation for this finding could be that older age is
associated with a broader network of personal contacts and more extensive
domain experience supporting identification of relevant ideas for product
features.

Similar results are reported by P. Azoulay [2018] suggesting that with
older age comes more experience, business acumen, broader social net-
work, and greater access to financial resources, thus older founders are
more likely to succeed commercially.

Start-ups in all life-cycle stages report that requirements are changing
and they have an informal process to manage changes (P7). The most com-
mon source of changes is input from customers. Responses suggest that
start-ups aim to work in short iterations and frequently re-prioritize their
backlogs. Thus, requirements changes do not have any significant adverse
effects. As one respondent described their change management process:

“Yes, requirements change! We happily abandon the obsolete re-
quirements and remove any code from the product if there is any. New
requirements are re-prioritized with a goal to validate our growth and
value hypotheses.”
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From our sample, only 7%, 6 start-ups, have explicitly stated that they
do not document their requirements in any way. The most used specifica-
tion format is informal notes and drawings, reported by 56%, 47 respon-
dents, others report more formal techniques, such as the use of templates
and formal specifications, for documenting requirements. Most commonly,
start-ups document requirements on a feature level (43%, 35 cases), and a
function/action level (21%, 18 cases). Requirements are written down as
ideas which are later elaborated (P7). As one respondent reflected on their
practice:

“We used an on-line tool (Trello) to write all the features we wanted
to implement and, at the same time, to organize their development.
Trello cards served as the requirements to be implemented. There were
no steps in documenting requirements per-see, we just talked infor-
mally about what to implement and then wrote it down in order to
not forget it.”

With further statistical analysis, we found that the understandability of
requirements is associated with the state of a company (Cramer ′s V =
0.319,p < 0.05). Significantly more closed companies, compared to active
ones, report that even though requirements were written down, they were
difficult to understand and use in practice. Teams with insufficient domain
knowledge are also more likely not to document their requirements. How-
ever, teams with adequate domain knowledge are more likely to use tem-
plates for documenting their requirements (Cramer ′s V = 0.345,p < 0.05).
These findings suggest that more rigorous requirements documentation
could be a way to acquire, document and distribute critical domain knowl-
edge in the team. Alternatively, teams with better skills and domain knowl-
edge see the upside of documenting requirements. Either way, we observe
an association between understandability of requirements, improved do-
main knowledge, and progression of a start-up.

Requirements documentation enables to create a plan, outlining what
features to implement when, i.e., develop a product road-map. The re-
sponses suggest that 46 start-ups, 55%, have such a road-map. From start-
ups at inception, stabilization and growth stages, about half, 40 - 50% of the
star-ups, report having a road-map. However, product road-maps are used
by nearly all, 87%, of mature start-ups. Between closed and active start-
ups, 67% of operational, 40 cases, have road-maps. However, only 2 or 18%
of closed start-ups had road-maps. Respondents reflections suggest that
road-maps are used as planning documents internally and often synced
with primary stakeholders. Parts of a road-map that concerns near future
are more detailed, however long-term plans are described at a higher, mile-
stone level.

As suggested by the start-up life-cycle model, the first significant mile-
stone for start-ups is to release the minimum viable product, see Fig 4.1.
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Responses suggest many strategies for scoping the MVP (P6), such as using
their domain knowledge, input from potential customers and partners, soft
launch by releasing the product to one customer at the time, time-boxing,
and “gut-feeling”. With the MVP, start-ups aim to deliver the essential fea-
tures in a shortest time possible. As one practitioner described the MVP
scoping process:

“We carefully removed any feature or function not essential to test-
ing growth and value hypotheses. Of which two, the value hypotheses
is prioritized.”

Value is specified as the primary prioritization goal by 85%, 71 of 84,
of respondents. Implementation time is the secondary goal reported by
38%, 32 cases. Requirements prioritization is done by consulting customers
and other stakeholders. We observe that at the inception and stabilization
stages, start-ups consider customer needs, while at the growth and matu-
rity stages, business requirements, such as a need for revenue and growth,
are discussed as well. As one practitioner described their prioritization
process:

“To prioritize we use this question: how much money or new cus-
tomers we will have if we implement the new feature?”

In their reflections, nearly all respondents from both active and closed
start-ups, suggest that they should have spent more time with customers
to understand and analyze their needs better. As one respondent describes
their lessons learned:

“In the start we let innovations lead our goals too much. Then we
got our first customers and did not listen to them much. We did not
track in a enough detailed way what the customer is exactly doing
with our product. We let just one dedicated person to be in contact
with certain customers and did not share details in the team. Even
a small company needs to setup a program to make interaction with
customers transparent and actionable.”

Comparing our results on requirements engineering in start-ups with
results from established market-driven companies we observe many simi-
larities. For example, in both contexts requirements are primarily invented,
used practices are light-weight and informal, and focused around quick re-
leases to elicit customer feedback [Dahlstedt et al., 2003, Alves et al., 2006].
However, we observe a difference in prioritization practices. Established
companies rely more on effort estimates in prioritizing requirements, while
start-ups use value as the primary prioritization target [Dos Santos et al.,
2016].

The discrepancy in prioritization goals could be explained by a lack
of unified and quantifiable view on value. Thus, established companies
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opt for scalable and straightforward prioritization criteria [Khurum et al.,
2012]. Moreover, established companies are likely to operate within a set
budget and schedule constraints further motivating the need to adhere
to effort estimates. However, start-ups are more customer-centric, flexible,
and work on a smaller number of features, thus can use value as prioriti-
zation target [Giardino et al., 2014a].

4.2.4 Lessons learned

Our results support earlier findings that requirements engineering is one
of the key engineering activities in start-ups [Melegati et al., 2016b]. More-
over, our results show an association between requirements engineering
practices and state of a start-up. We present the following implications for
practitioners:

1. Starting to collect input from potential customers as early as possible
is the key to identifying the most relevant requirements. By involv-
ing customers in new product engineering, companies can achieve a
higher degree of efficiency, ensure product fit with customer needs,
and achieve higher customer engagement and satisfaction [Hoyer
et al., 2010]. Moreover, early customer relationships are a basis for
sales activities when the product is launched.
Suggested reading: Cui and Wu [2016] compiles earlier work from
marketing and innovation literature and presents practical guidelines
on how to involve customers and use their knowledge in developing
innovative products.
Hoyer et al. [2010] present a framework for value co-creation in prod-
uct development comprising of motivators, outcomes, and potential
impediments.

2. Feature creep can be managed by requirements analysis focusing on
how many customers will find a feature useful. Only features that
concern the majority of the customers should be included in the
roadmap.
Suggested reading: Elliott [2007] proposes to use the Pareto princi-
ple in deciding whether a feature is part of the core product or is
customer specific. He argues that about 20% of features are used by
80% of customers, and the key to avoiding scope creep is to pinpoint
the 20%. Also, the paper lists several strategies for handling feature
creep.

3. Writing down requirement ideas, their source and rationale can help
to acquire, maintain and distribute domain knowledge in the team.
For example, even a basic requirements specification helps to estab-
lish a common vocabulary and avoid delays and time-consuming
interactions caused by confusion and misunderstandings between
stakeholders [Buchman and Ekadharmawan, 2009].
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Suggested reading: Hadar et al. [2014] explore the role of domain
knowledge in requirements elicitation. They analyze both positive
and negative effects of prior domain knowledge in elicitation inter-
views. Domain knowledge helps to ask more focused questions, pro-
vides a common language, and saves time in learning the basics.

4. Release scoping, especially scoping of the minimum viable product,
should be done carefully and optimally with clear goals and input
from all stakeholders. Our results from start-ups are similar to re-
sults from established companies suggesting that facing uncertainty
companies are likely to overscope their product releases [Bjarnason
et al., 2010b]. Suggested reading: Bjarnason et al. [2010b] presents
a root-cause analysis and effects of release overscoping in software
projects.

4.3 Value focus

The software value concept characterizes the broader aims of a company
and aligns all activities in an organization towards defined value goals [Boehm,
2003]. Respondent responses often mention value as a criterion for prior-
itizing requirements and scoping product releases. However, a value is
a vague term and could mean different things to different stakeholders.
To explore how start-ups interpret the phrase we map their definitions of
value to software value aspect taxonomy [Khurum et al., 2012]. We sum-
marize these different views as engineering goals.

4.3.1 Goals

Across the sample, the dominant view on value is the customer perspec-
tive, reported by 48% or 40 start-ups. Respondents define customer value
as perceived benefits, regarding functionality, user experience, and hedo-
nistic value, derived from the product, and potential for the company to
capitalize this value, see G5-G8. As one respondent phrased it:

“With value we understand the benefit for a customer to use our
product. Higher value strengthens our position in the market com-
pared to competitors and helps to increase the price of the product.”

The second most reported interpretation of value stems from the internal
business perspective, i.e., how the company estimates product value from
their own, internal perspective (23% or 20 start-ups). Respondents define
this perspective as both market potential, e.g., how many customers could
benefit from a particular feature (G6), and differentiation value, e.g., how
a feature will help to stand out in the market (G8). As one respondent put
it:
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“Value is something that can be used to market/distinguish the
product from competition.”

Financial value concerning revenue is the third most reported interpre-
tation of value, by 11% or 9 respondents (G7). However financial value is
often defined in combination with other value perspectives, such as cus-
tomer or internal value. As one respondent described their multi-faceted
view on value:

“Value is what could give more revenue to the company and make
the product easier to use for users and motivate them to purchase, so
that we could have more transactions each day.”

We compare value definitions between start-ups at different life-cycle
stages and observe several tendencies. Customer value pertaining per-
ceived benefits of the product of is the dominant value perspective in
all life-cycle stages, reported by 23 - 46% of respondents. Internal value
capturing product’s market potential value, for example, ability to serve
more customers efficiently and to access broader markets, is reported by
20% of respondents at inception and growth stages, 12% at the growth
stage, and not reported at all by start-ups at the maturity stage. Financial
value of the product is not reported at all by companies at inception stage,
however it grows over start-up life-cycle and peaks at the maturity stage
where 20% of start-ups have reported it. Internal, differentiation value are
more reported by start-ups at inception and maturity stages, and appear
less relevant at stabilization and growth stages.

A similar analysis conducted in established product companies shows
somewhat different results [Alahyari et al., 2017]. While the ranking of
value is similar, customer value being the most important, followed by in-
ternal value and financial aspects, we observe differences in the definition
of these values. For example, established companies interpret customer
value as delivery time and perceived quality. However, none of the start-
ups in our sample have mentioned time-to-market or product quality in
their value definitions. The internal value in established companies is un-
derstood as internal product quality, technical debt, supporting tools and
processes. Start-ups, in turn, focus on market potential and differentiation
value.

Differences in the studied samples can explain these discrepancies in
value focus. Established companies could see more value in consistently
delivering quality features to existing customers and keeping technical
debt low. However, start-ups aim to identify an unmet customer need in a
high-potential market [Sutton et al., 2000, Blank, 2011].
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4.3.2 Lessons learned

Our results show shifting views on value definition among start-ups in
different life-cycle stages. However, there is a shortage of similar results
(except for Alahyari et al. [2017]) for comparison and deeper analysis. Nev-
ertheless, we present the following implications for practitioners and gaps
for further investigation:

• Understanding of value focus can help practitioners to the scope and
align their engineering and business activities to maximize specific
types of value. Alignment of activities helps to ensure that tech-
nology actually supports specific business goals and deliver the in-
tended value to stakeholders [Carlson and Wilmot, 2006].

• Our results show that at least two value perspectives are relevant at
any life-cycle stage. The value focus shifts from customer value and
internal market value at inception stage to financial and differentia-
tion value at the maturity stage, see Fig. 4.4. Understanding of the
multi-faceted nature of value can help to facilitate communication
between stakeholders [Khurum et al., 2012].
Suggested reading: Khurum et al. [2012] present a taxonomy of soft-
ware value aspects establishing a common vocabulary and under-
standing on different value aspects.
Carlson and Wilmot [2006] present a practical guide on how to iden-
tify, use and develop an understanding of the value and use value to
align organizational efforts in building innovative products.

4.4 Quality goals and testing process area

This process area concerns product quality goals and practices to attain
these goals. Product quality is a mix of functionalities, non-functional at-
tributes, and broader constraints determining commercial success of a
product (e.g., cost of product development vs. returns from marketing the
product). We aim to explore what aspects of software quality are consid-
ered significant by practitioners and what practices are used to attain such
aims.

4.4.1 Goals

Respondent answers suggest that product functionality is the most com-
mon quality goal (G9) across all life-cycle stages, reported by 32%, 27 re-
spondents. Time-to-market is the second most common objective (G11),
indicated by 15%, 13 start-ups. Even though time-to-market is not a prod-
uct quality goal intrinsically, it has a profound influence on the product
decisions [Giardino et al., 2016, Carmel, 1994a]. The frequency of other
quality goals varies across life-cycle stages.
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Maintainability is frequently reported quality goal in stabilization, growth
and maturity stages (G10). Portability is reported only by start-ups at the
maturity stage (G12). Reliability is mentioned by few cases in stabiliza-
tion and maturity stages. Shifting quality goals indicate suggest changing
priorities and adds support for start-up life-cycle model, see Section 2.4.

Looking further into how the required level of product quality was de-
termined we found that start-ups reflect on a “good-enough” level of their
quality goals (G13). This goal is related to scoping of the MVP (P6) and
focus on non-functional features of the product. Wrongly estimating the
required quality level (G13, P8) could lead to poor market reception due to
less than acceptable quality, or waste by providing excessive quality [Reg-
nell et al., 2008].

4.4.2 Practices

Start-ups report using different strategies, based on in-house expertise,
user feedback, and iterative development (P8) to set their quality targets.

One strategy is not to set any specific quality targets and iteratively iden-
tify, and improve relevant quality aspects. As stated by one company:

“We take a continuous iterative refinement approach rather than
setting a fixed goal, so we periodically assess which areas are in need
of improvement, evaluate and prioritize the options.”

As an alternative, one start-up at the inception stage reported aiming for
the simplest solution that can be improved, if needed:

“We look for what is the simplest, regarding size and complexity,
solution to this problem. Will that solution be able to support a cou-
ple of hundred users? How many different ways can the solution be
improved to support more users?”

Regnell et al. [2008] describe a quality requirements roadmapping model
for determining the required quality level. The method proposes to iden-
tify relevant quality metrics and defines useless, useful, competitive, and
excessive quality ranges for each. Then, it uses these ranges to compare the
own product with competition and to spot opportunities for improvement.
Using such a model in a start-up could help in determining essential quali-
ties, a minimum quality level for a product to be useful, and opportunities
to differentiate among similar products. This is aligned with the focus of
internal value start-ups typically have (see Section 4.3.2).

Respondent answers suggest that informal manual testing is the most
common practice for making sure that the product has an acceptable level
of quality at all life-cycle stages, reported by 33%, 28 start-ups (P9). How-
ever, the responses suggest that informal testing is gradually replaced with
an organized QA process (P10) at the maturity stage. Alternative methods,
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often used in parallel, are exploratory testing, or scenario-based testing,
reported by 21% and 19% start-ups respectively.

Respondents estimates suggest that test case documentation varies from
informal to systematic without any clear tendency ( , “To what
extent it is true that test cases are not systematically documented?”). Estimates
on the test case coverage are biased towards agreeing with less than com-
plete coverage ( , “To what extent it is true that test cases do not
fully cover the product functionality?”)

We observe little differences in testing practices between start-ups in dif-
ferent life-cycle stages. However, start-ups at growth and maturity stages
reflect that more test automation, more skills regarding software testing,
and more systematic testing would have been helpful. An explanation for
such results could be that consequences of the informal testing surface
only when a product gains a user base. Two start-ups at the maturity stage
reflect that a dedicated tester role, responsible for performing testing tasks,
is needed (P10). As stated by one of the respondents:

“I think we need more structured testing, a manager of testing that
coordinates the efforts, all being responsible [for testing the product]
is NONE being responsible.”

Answers to questions on the use of automated testing show that a third,
26 out of 84, 31%, of start-ups are attempting to implement automated
testing, and only 17 start-ups, 20%, have explicitly stated that no test au-
tomation is used.

Responses suggest that regression testing is an increasing concern over
start-up life-cycle (C6). Start-ups at inception and maturity stages report
that they spend substantial effort on manually testing the entire product
( , “To what extent it is true that manual testing of the entire produc-
t/service is required to make sure that a release is defect free?”). At the same time,
respondents report that few defects slip through testing and are reported
by customers ( , “To what extent it is true that customers often report
defects that could have been captured earlier?”). Two respondents from start-
ups at the maturity stage have stated explicitly that they are working to
improve and automate their product testing.

Start-ups could benefit from more rigorous testing practices. Efficient
software testing enables faster product releases, thus allowing the teams
to reduce time-to-market and to iterate new features faster. More rapid
release cycles contribute to faster requirements validation (G2, P5) and are
known to improve customer satisfaction [Chen, 2015].

Good testing practices and use of automated tests can support the on-
boarding of new developers. Automated tests provide a safety net for in-
experienced developers to discover any problems with their code quickly
on their own. Automated test definitions serve as means of documentation
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to learn how different components of a product work [Pham et al., 2017].
Therefore, having good testing practice and test automation have benefits
beyond a defect-free software.

4.4.3 Lessons learned

Our results show that start-ups primarily focus on delivering relevant func-
tionality. Other quality aspects change as a start-up advances through the
life-cycle. Software defects aren’t a concern. However, the internal quality
and testing practices are important to support the sustainable evolution of
the product. We identify the following implications for practitioners:

• Our results suggest that external quality isn’t a concern in start-ups,
potentially due to relatively small products and early adopters being
more tolerant towards defects. That said, quality becomes a concern
in growth and maturity stages when commercial success of a product
depends on quality service.

• We observe that maintainability is an increasing concern over a start-
up’s life-cycle. Maintainability helps a start-up to remain fast in
launching new features and sets a foundation to enable portability
of a product.
Suggested reading: Regnell et al. [2008] propose a lightweight method
for quality requirements roadmapping. The method helps to estab-
lish a frame of reference for assessing current product quality and
spotting opportunities for improvement.

• Respondent answers suggest a lack of test automation and superfi-
cial testing practices. However, our earlier study on technical debt
in start-ups could not find any significant association between test-
ing debt and product quality or team performance issues [Klotins
et al., 2018a]. Nevertheless, good testing practices help to have faster
product releases and speed up the on-boarding of new developers.
Suggested reading: Collins et al. [2012] present an experience report
on test automation practices in an agile development context. They
present several lessons learned from implementing test automation
and what types of test automation bring the most benefit.

4.5 Architecture and design process area

The architecture and design process area concerns the internal product
structure, selection and use of components, construction technologies, in-
terfaces and other aspects supporting the construction of the product.

Earlier studies suggest that start-ups leverage on open-source compo-
nents, third-party services and cutting-edge technologies to construct their
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products [Giardino et al., 2016]. We aim to explore how start-ups choose
the components and how they design their product architectures.

The visual appearance of graphical user interfaces influences the usabil-
ity of a product and affects stakeholder perception about the product. Look
and feel of product user interfaces is known to have an impact on project
success [Ralph and Kelly, 2014]. We explore how start-ups design user in-
terfaces for their products.

4.5.1 Goals

We inquired respondents on the use of cutting-edge technologies and
found that start-ups aim to minimize risks from using immature technolo-
gies by using well-known, stable technologies in the product development
(G14). However, 39%, 33 of 84, of the respondents report using or experi-
menting with some cutting-edge components on the side. As one start-up
reflected:

“We don’t use unstable components or new 3rd party services with-
out evaluating them thoroughly and running a small pilot project.”

For at least one start-up in our sample, poor choice of a technology plat-
form hindered quality, delayed product releases, and was the leading cause
for discontinuing the product. Therefore, selecting a technology stack is an
important goal early in the start-up life-cycle.

Earlier studies have pointed out that start-ups leverage on cutting-edge
technologies to develop innovative products and gain competitive advan-
tages [Unterkalmsteiner et al., 2014, Sutton et al., 2000]. However, we could
not find support for such results in our dataset.

Looking into how organizations make technology decisions in other con-
texts, we found that performance regarding total time and resources effi-
ciency, maintainability and reliability are the top criteria for software com-
ponent selection in established companies. Similar results are reported
by Petersen et al. [2017b], and Badampudi et al. [2016]. Start-up compa-
nies could be considering similar criteria and opting for more stable com-
ponents to save development time and resources. Furthermore, start-ups
could be leveraging on established, well-known technologies to create new
and innovative products [Maranville, 1992].

4.5.2 Challenges

Respondent estimates suggest that technical debt is prevalent in start-ups,
especially late in the life-cycle, see C7. Nearly all start-ups report some
signs of technical debt, such as shortcomings in knowledge distribution,
code smells, suboptimal architecture decisions, and lack of automated test-
ing. Testing debt, associated with lack of automated regression testing
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and a need to manually re-test the entire product before releases, is the
most common type of technical debt. Documentation, architecture debt,
and code smells are also a concern, albeit to a lesser extent.

In our earlier study with the same dataset, we found documentation,
architecture debt, and code smells to be associated with impaired team
productivity and product quality. However, we could not find any signifi-
cant association between testing debt, productivity or quality [Klotins et al.,
2018a].

Statistical results showed a significant association between start-up team
size, team skill level and level of technical debt. Larger, less skilled teams
are more likely to suffer from consequences of technical debt (Cramer ′s V =
0.386,p < 0.05).

Comparing reports on the technical debt between start-ups at different
life-cycle stages we found a pattern of architecture debt growing over time
and peaking at the growth stage (C7). By looking into respondent reflec-
tions, we found that start-ups at growth and maturity stages face chal-
lenges stemming from earlier architecture decisions. As stated by one re-
spondent:

“Initially, the product was started by an inexperienced developer
and many design decisions were incorrect. Fixing them early would
have been easy, however with the product and user base growing,
changing core things became increasingly difficult. Correcting sim-
ple architecture mistakes that could have been trivial to fix early, can
take weeks now.”

Our results match earlier findings suggesting that technical debt in start-
ups is caused by a need to develop a product fast and an inadequate team
skill level [Giardino et al., 2016]. However, our respondent answers indi-
cate that external pressures, such as competition do not cause the need for
speed. Instead, the need for fast product development is primarily caused
by internal considerations to validate the product idea as quickly as possi-
ble with minimal waste.

4.5.3 Practices

Start-ups report leveraging on best practices and established frameworks
in creating software architectures (P11), thus avoiding the effort of invent-
ing complex solutions themselves. Nearly all start-ups report using open
source or free to use tools and components. Only few report use of com-
mercial off-the-shelf components. Such a strategy reduces the effort of soft-
ware engineering, potential lock-in effects with specific vendors, and need
to reinvent already existing functionality. As stated by one respondent:

“We used a standard MVC architecture for the back-end and the
web front-end, and the standard architecture for iOs/Android. The
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back-end and web front-end was implemented with Ruby on Rails
and we followed its architecture conventions to guide the design.”

Few start-ups in the maturity stage, 4 out of 15, 27%, report using in-
house developed, innovative technologies. For example, highly customized
deployment configurations, audio and video processing tools, and a cus-
tom graph database, to support their product development. Note that such
innovations in technologies are done late in the start-up life-cycle to sup-
port further evolution of an already established product.

Graphical user interface design is interrelated with user experience de-
sign. User interfaces could be the primary touch point between users and
the product, thus largely contributing to users perception of the product.
In our study, we explore on how are the product user interface designs
created without inferring a connection to a broader practice of user experi-
ence design.

Respondent responses on user interface (UI) design practices suggest
that start-ups use mock-ups, utilize design frameworks and borrow ideas
from other products to develop their product UI (P12). Three start-ups re-
port outsourcing the UI design work. Companies reflect that user interface
design is an ongoing process of continuous improvement. Thus, user in-
terface design is not a significant concern at any particular stage. At the
inception and stabilization stages, UI is tested by internal reviews and by
observing users interacting with the UI. At later stages of the start-up life-
cycle when a large number of customers are interacting with the product,
start-ups use analytical tools and A/B tests to monitor how customers in-
teract with the UI and to identify opportunities for improvement.

The main reported goals of the UI are usability, 75%, 63 cases, and use-
fulness, 35%, 29 cases. When reflecting on their user interface development
practices, respondents suggest that investing more time in customer tests
instead of inventing the UI internally, and having clear user interface guide-
lines, would have been helpful.

Our results on user interface design are aligned with studies investi-
gating user experience practices in a start-up context. Start-ups use a
set of practices to iterate prototypes, collect feedback and continuously
improve their user interfaces. [Hokkanen and Väänänen-Vainio-Mattila,
2015b]. Quality criteria for good user interfaces and user experience are a
clear message, visual attractiveness, intuitiveness, and credibility [Hokka-
nen et al., 2016].

4.5.4 Lessons learned

Our analysis contradicts earlier results that start-ups extensively use cutting-
edge technologies [Giardino et al., 2014a]. Rather, start-ups opt for a stable
technology platform with standard architecture to alleviate technology
risks. We formulate the following implications for practitioners:
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• Start-ups mitigate technology risks by selecting stable technologies
and following best practices associated with the technologies. Stable
technologies and best practices improve team performance and pro-
vide a rigid platform for innovative features.
Further reading: Petersen et al. [2017b] explore how companies make
decisions to select between open-source, in-house, or COTS compo-
nents. Although the study is performed among established compa-
nies, it presents different strategies and factors influencing the deci-
sions, thus providing an overview of the process.
Baskerville et al. [2003] present a study exploring reactive engineer-
ing practices in start-up companies and argue that software engineer-
ing in start-ups mainly focuses on integration and interoperability of
components developed elsewhere.

• Our findings suggest that user interface design is a significant activity.
However, it must be done by continuously monitoring and tweaking
the product.
Suggested reading: Hokkanen et al. [2016] presents a framework for
minimum viable user experience pinpointing essential qualities and
practices of developing good user interfaces.

4.6 Project management

The project management process area concerns planning and control of en-
gineering activities in a start-up. Planning and control are known as impor-
tant to optimize resource usage and attainment of specific goals [Snyder,
2014]. We aim to explore how start-ups plan and control their activities.

4.6.1 Goals

The start-up life-cycle model, see Fig. 4.1, outlines the main milestones,
releasing a minimum viable product, stabilizing the product for growth,
attaining market share, and transitioning into an established organization.
We inquired start-ups on how they control and measure their progress
towards success.

The responses show that start-ups primarily use external metrics, such
as revenue, number of customers, and customer satisfaction, to measure
their success (G15, P13). However, start-ups at growth and maturity stages
also consider using internal metrics, such as team performance, adherence
to deadlines, and budget plans as performance measures (G16, P14).

We observe differences between start-ups in different life-cycle stages.
Start-ups at the inception stage, before they have launched their product,
do not report the use of any metrics to measure their progress. However,
they aim to use external metrics, e.g., number product users, as soon as
the product is launched. At the stabilization stage, just after the prod-
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uct is launched, the primary success metrics are external and aimed to
monitor general product adoption rates. As start-ups progress through the
life-cycle, metrics become more specific, attached to high-level business
milestones, and consider both internal and external aspects jointly. Inter-
nal team performance metrics are monitored and used to gauge start-up
performance, in addition to external, market adoption metrics.

4.6.2 Challenges

Our results show that start-ups aim to use internal and external metrics to
gauge their progression, see G15-16 in Fig. 4.4. However, external metrics
are not available in the inception stage, before the product is launched.

Start-ups at the inception stage do not report using any specific metrics
to control their progress. Potentially, due to unclear, changing plans, and
immature project management practices. Thus, start-ups at the inception
stage lack a benchmark to gauge their progression (C8). As stated by one
practitioner:

“We work towards the goal to improve our platform, priorities
changed, and but there was no control over schedule. Sometimes tasks
took a lot longer than planned.”

In their reflections, practitioners mention a need for tighter control over
product engineering work, deadlines and budget. As one practitioner re-
flected on lessons learned:

“First and foremost, I would have defined short term and long term
goals of the start-up. That would have helped us to align all resources
and activities.”

Results from the statistical analysis show that with the advantage of
hindsight, practitioners estimate the performance of their teams more crit-
ically by a significant margin. Such findings suggest that it is challenging
to assess performance from within a company objectively, and objective
early performance indicators could be useful (C8). Objective performance
indicators could be helpful to establish a performing team (C2).

Setting goals and metrics to measure the progress towards goals is a
common practice in project management [Snyder, 2014, Shahin and Mah-
bod, 2007]. However, as shown by practitioner responses, start-ups at the
inception stage do not measure their progression. Lack of measurement
could lead to pitfalls such as the late realization of resource overruns, and
scope creep.

Looking at the literature, we found several models aimed to guide early
start-ups [Ries, 2011, Bosch et al., 2013, Blank, 2013a]. These models pro-
pose first to define and validate the customer need, then validate a solution
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to this need, followed by validating product feasibility through small and
large-scale prototypes. A somewhat similar approach focused on contin-
uous experimentation is proposed by Fagerholm et al. [2017]. However,
to what extent such practices are used to guide work in early start-ups
remains to be explored.

Respondents estimate that their goals are rather clear and change rarely
( , “To what extent it is true that goals in the start-up are rather un-
clear and change often?”). As the source for uncertainty respondents report
specific requirements from customers, demands from partners, and com-
mercial results (C9). Such factors are out of control for start-ups. Thus, any
plans should have a room for uncertainty and adjustments.

When inquired to what extent respondents experience time and finan-
cial resources shortages, most responses fall between “A little” and “Some-
what”, indicating that availability financial resources and time is a concern,
however not to an extreme extent, ( , “To what extent it is true that
there is a constant time pressure?”) and ( , “To what extent it is true
that there is a constant resources pressure?”)

Statistical analysis shows a linear correlation between time and resources
shortages indicating that companies struggling with finances also struggle
with time. However, the free-text answers does not contain any mention
of specific difficulties stemming from time or financial resources shortages.
The responses are consistent across the sample, and we could not identify
any particular cohort where time and resource shortages would be more
(or less, thereof) of a challenge.

Such results contradict earlier studies stating that extreme lack of re-
sources is one of the key characteristics of start-ups [Giardino et al., 2014a,
Sutton et al., 2000]. The trade-off between project scope and budget, and
project management are reported as a concern in nearly every study explor-
ing software project success factors, for example, Chow and Cao [2008],
Junk [2000], Reel [1999], and Nasir and Sahibuddin [2011]. Thus, time
and budget constraints, and associated trade-offs are not specific to start-
ups exclusively. Moreover, a majority of software projects require more
resources to complete than initially estimated [Molokken and Jorgensen,
2003b]. Therefore, resource shortages alone are not a differentiating factor
between start-ups and established companies. That said, start-ups could
differ from established organizations with thinner margins for resource
overruns, less rigorous control over resource utilization, and could have
more difficulty to access additional resources [Bocken, 2015].

A study of 1000 Finnish start-ups between 2010 – 2013 reveals that ex-
ternal funding has no association with start-up outcome. That is, start-ups
with more resources at hand do not have more chances of survival and
success than start-ups with more limited resources. Moreover, start-ups
without external funding are likely to generate more revenue in the long
term [Suominen et al., 2017]. Such findings highlight the importance of
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scoping, planning and control to optimize utilization of any amount of
resources.

We would like to challenge an earlier belief, see for example, Paternoster
et al. [2014], Sutton et al. [2000], and Giardino et al. [2016], that time and
resource shortages are characteristic to start-up companies and have a sub-
stantial effect on product engineering. Our analysis shows that resource
shortages alone cannot be associated with engineering failures in start-ups.
Rather, a lack of clear goals and absence of performance indicators lead to
the depletion of resources with little contribution to product development.

4.6.3 Practices

The responses suggest that start-ups at the inception stage use elementary,
if any, practices to schedule their work and keep control over time and
budget, see C8. Some start-ups are constrained with a fixed budget or a
hard deadline, however control over utilization of time and budget is based
on “gut-feeling”. As one respondent from a start-up at the inception stage
reflects on their planning practices:

“We have something on the budget but it’s very informal and it’s
solely based on projected product revenue, and user retention and ac-
quisition. In hindsight, we should have done better in terms of schedul-
ing and scoping the work.”

Following from our earlier discussion on control over resource utiliza-
tion, lack of control over time and financial resources is a potential pitfall
for early start-ups.

Start-ups at the stabilization stage report improving project management
practices, such as setting boundaries for certain expense positions, assign-
ing a budget to meet specific goals, and attempting to estimate their cash-
flow (P15). Start-ups at maturity stage report using processes, supported
by tools, for resource planning and control over resource utilization (P16).
As one respondent reflects on their planning practices in a mature start-up:

“We initially created a budget plan to understand if our business
is viable at all and to apply for a loan. Nowadays we use budget
estimates as a tool for planning.”

4.6.4 Lessons learned

Our analysis shows that clear goals, control over resources and schedule
are essential to track progress over start-up life-cycle. However, there is
a challenge to objectively assess own performance before a product is
launched to market. Lack of planning and control could contribute to bud-
get and schedule overruns leading to wasted opportunities.

131



Lack of resources does not have a substantial effect on engineering prac-
tices and start-ups’ prospects of advancing through the life-cycle. However,
lack of planning and control over resource utilization, especially on early
stages of a start-up is a pitfall. Start-ups need to set clear goals and metrics
to assess their performance from the very beginning objectively.

Suggested reading: Dybå et al. [2014] present an overview of agile
project management practices and provide practical tips on how to or-
ganize project management in uncertain and changing environments.

5 discussion

5.1 Reflections on the research questions

Our primary research question explores what engineering patterns, that is,
common goals, practices, challenges, contextual factors, can be ascertained
in start-up companies.

To identify the patterns, we use the start-up life-cycle model. The model
supported clustering of cases by product life-cycle stage and outcome.
Thus, observing how engineering focus changes over start-up life-cycle
and enabling a discussion of what practices contribute to desirable state
transitions. Furthermore, with the model and our results, we aim to pro-
vide a blueprint for studying start-ups as dynamic and multi-faceted en-
tities. Such blueprint could enable compatibility of results from different
studies, and contribute towards a coherent view of software engineering
in start-ups.

In most process areas we observe evolving practices, from rudimentary
at the early stages, to more mature in the latter stages. Such evolution re-
garding practice maturity is also noted by earlier studies, e.g., Giardino
et al. [2016]. However, we present empirical results of specific practices,
goals, challenges at each life-cycle stage, and discuss the results in the con-
text of related work from similar contexts. This way we provide actionable
support for practicing software engineering in start-ups.

Our results show that domain knowledge, technical expertise, and team-
work are the key components in the early stages of a start-up. Shortages of
any of these components can be compensated with specific practices. For
example, scarcity of domain knowledge in the team can be compensated
with more rigorous requirements engineering practices helping to identify,
acquire, and distribute information in the organization. Similarly, lack of
technical expertise in the core team can be compensated by outsourcing
engineering work to another team.

In the later stages, technical debt, growing team and lack of processes
(e.g. quality assurance, project management, managing a large, distributed
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team) hinder engineering work. However, these challenges can be antici-
pated and addressed with appropriate practices.

5.2 Evolution of software engineering practices in start-ups

By looking at the patterns, we can identify the key concerns at each life-
cycle stage.

At the inception stage, the most important concern is to assemble a small
team of few individuals with sufficient domain knowledge, technical exper-
tise and adequate financial resources to build the first release of a product.
As our results show, different practices can compensate for shortcomings
in domain knowledge (e.g., by more actively involving stakeholders and
more rigorously documenting requirements), lack of technical expertise
(e.g., by using external engineering team), and limited budget (e.g., by
adjusting the scope of the release). Releasing the first version of a prod-
uct depends on how efficiently a team can use their understanding of the
domain and engineering expertise to produce software. Excessively large
teams and difficult communication drains resources, time and motivation,
and could lead to the closure of the company even before the launch of a
product.

At the stabilization stage, we observe two main concerns. The first is
related to team building and establishing an efficient team with defined ar-
eas of responsibility, trust, and coordination. After a start-up releases the
first product version to customers, the company need to balance between
developing new features and providing quality service for the existing
customers. Aforementioned requires the team to be more diverse, handle
a broader range of responsibilities and more stringent internal structure.
The second concern is related to establishing a feedback loop with cus-
tomers. Our results show an association between using customer feedback
and technical and commercial success. Identifying early customers and in-
volving them in the engineering work is one of the essential tasks in a
start-up.

At the growth stage, we observe that concerns related to business, mon-
etization, and marketing become relevant and have an influence on prod-
uct engineering. For example, companies’ own goals such as the need for
monetization and expansion, must be taken into account in addition to cus-
tomer needs. Serving a growing number of potentially diverse customers
require the product to be flexible, scalable, and reliable. Providing such
qualities require expert engineers. Growing complexity of the product cre-
ates a need for more robust testing and deployment practices, alleviating
a need for manual work to prepare every release. Furthermore, increas-
ing complexity of the organization and the product expose technical debt
which must be addressed to support further growth.
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At the maturity, stage start-ups are concerned with managing a growing,
and potentially, distributed team. At this point, more rigorous project man-
agement practices are needed to organize and control engineering work,
and more thorough engineering processes could be introduced marking a
transition into an established organization.

6 conclusion

In this paper, we investigated how 84 software start-ups utilize software
engineering to build innovative software-intensive products. To frame the
results we proposed start-up life-cycle model and looked into team, re-
quirements engineering, value focus, quality and testing, architecture and
design, and software project management process areas. This framing high-
lights stage and process area specific goals, challenges, and practices. We
have discussed our findings in the context of related work and formulated
practical lessons learned aimed at practitioners.

We conclude that all explored process areas are relevant for start-ups
and, in essence, not different from established companies. That said, po-
tentially the key difference and difficulty to practice software engineering
in start-ups is to manage the evolution of practices in all the process areas
at once with only a little room for error. Even though start-ups are exper-
imental by nature and making errors in the process is inevitable, there is
a distinction between taking calculated risks, and neglecting the best engi-
neering practices.

To further understand and support software engineering in start-ups we
aim to conduct a series of structured workshops to conduct an assessment
of software engineering practices in start-ups using results obtained in this
study. With the results of the workshops, we aim to refine further the pat-
terns and a methodology for using the patterns in improving engineering
practices in start-ups.
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5
E X P L O R AT I O N O F T E C H N I C A L D E B T I N S TA RT- U P S

Software start-ups are young companies aiming to build and market software-
intensive products fast with little resources. Aiming to accelerate time-to-
market, start-ups often opt for ad-hoc engineering practices, make short-
cuts in product engineering, and accumulate technical debt.

In this paper we explore to what extent precedents, dimensions and
outcomes associated with technical debt are prevalent in start-ups.

We apply a case survey method to identify aspects of technical debt and
contextual information characterizing the engineering context in start-ups.

By analyzing responses from 86 start-up cases we found that start-ups
accumulate most technical debt in the testing dimension, despite attempts
to automate testing. Furthermore, we found that start-up team size and
experience is a leading precedent for accumulating technical debt: larger
teams face more challenges in keeping the debt under control.

This study highlights the necessity to monitor levels of technical debt
and to preemptively introduce practices to keep the debt under control.
Adding more people to an already difficult to maintain product could am-
plify other precedents, such as resource shortages, communication issues
and negatively affect decisions pertaining to the use of good engineering
practices.

1 introduction

Start-ups are important suppliers of innovation, new software products
and services. However, engineering the software in start-ups is a complex
endeavor as the start-up context poses unique challenges to software engi-
neers [Giardino et al., 2015a]. As a result of these challenges, most start-ups
do not survive the first few years of operation and cease to exist before de-
livering any value [Blank, 2013b, Giardino et al., 2014a].

Uncertainty, changing goals, limited human resources, extreme time and
resource constraints are reported as characteristic to start-ups [Paternoster
et al., 2014, Giardino et al., 2015a]. To cope with such forces, start-ups make
a trade-off between internal product quality and faster time-to-market, fa-
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voring the latter. As a consequence, start-ups accumulate technical debt [Gi-
ardino et al., 2016].

Technical debt is a metaphor to describe not quite right engineering solu-
tions in a product that adds friction to its further development and main-
tenance. The extra effort associated with this friction, i.e. the “interest”,
needs to be paid every time a sub-optimal solution is touched [Kruchten
et al., 2012]. Over time, the cumulative interest may exceed the effort
needed to remove the debt, i.e. the “principal”. The compound effects of
sub-optimal solutions can reduce development team efficiency and overall
quality. However, there is the belief among start-ups that any amount of
technical debt can be written off if a feature or the whole product is not
successful in the market [Giardino et al., 2016].

The strategy to accumulate technical debt can backfire if a start-up sur-
vives long enough and fails to put its technical debt under control. An
unstable and difficult to maintain product adds risk to the company, for
example, by limiting the ability to quickly enter into new markets (i.e. to
pivot [Terho et al., 2015]) or to launch new innovative features [Tom et al.,
2013, Klotins et al., 2017]. That said, we are not advocating for the removal
of all technical debt. Rather, we are interested to see an overview of how
technical debt influences start-ups and to enable start-up teams to make
better decisions in regards to the trade-off between quality and time-to-
market.

Technical debt has been extensively studied in the context of established
companies and in relation to software maintenance [Li et al., 2015, Sjoberg
et al., 2013]. For example, Tom et al. [2013] present a taxonomy compris-
ing precedents, dimensions, and outcomes of technical debt. We adopt the
terminology from this taxonomy to enable traceability.

Precedents are contextual factors in the development organization that
contribute to the accumulation of technical debt, e.g. a lack of resources.
Dimensions describe different types of technical debt, e.g. documentation,
architecture, or testing debt. Outcomes refer to consequences of having
excess technical debt, such as impaired productivity or quality [Tom et al.,
2013].

While technical debt is a liability, development teams should manage it
and use it as a leverage to attain otherwise unattainable goals [Tom et al.,
2013]. In the start-up context, the concept of technical debt is explored only
superficially. Giardino et al. [2016] argue that the need for speed, cutting
edge technologies and uncertainty about a product’s market potential are
the main precedents for cutting corners in product engineering. However,
if a start-up survives past its initial phases, management of technical debt
becomes more and more important [Crowne, 2002, Giardino et al., 2016].

Our earlier study on software engineering anti-patterns in start-ups [Klotins
et al., 2017] indicates that poorly managed technical debt could be one con-
tributing factor to high start-up failure rates, driven by poor product qual-
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ity and difficult maintenance. Negative effects of technical debt on team
productivity has also been observed [Giardino et al., 2016].

In this study, we explore how start-ups estimate technical debt, what
are precedents for accumulating technical debt, and to what extent start-
ups experience outcomes associated with technical debt. We use a case
survey as data source and apply a combination of quantitative and quali-
tative methods to explore technical debt in the surveyed companies. Our
objective is to provide a fine-grained understanding of technical debt and
its components that could provide a basis for defining start-up context-
specific practices for technical debt management.

The main contribution of this paper is an empirical investigation that
identifies the key precedents for the accumulation of technical debt in soft-
ware start-ups, and the primary dimensions where the accumulation of
debt has been observed by practitioners.

The rest of the paper is structured as follows. In Section 2 we introduce
relevant concepts to understand our study. Section 3 presents the study
design while results are presented in Section 4. The results are discussed
and interpreted in Section 5. Section 6 concludes the paper.

2 background and related work

2.1 Software start-ups

Software start-ups are small companies created for the purpose of devel-
oping and bringing an innovative product or service to market, and to
benefit from economy of scale. Even though start-ups share many charac-
teristics with small and medium enterprises, start-ups are different due to
the combination of challenges they face [Sutton et al., 2000, Metzger and
Pohl, 2014].

Start-ups are characterized by high risk, uncertainty, lack of resources,
rapid evolution, immature teams, and time pressure among other factors.
However, start-ups are flexible to adopt new engineering practices, and
reactive to keep up with emerging technologies and markets [Giardino
et al., 2014a, Sutton et al., 2000].

Start-up companies rely on external funding to support their endeavors.
In 2015 alone, start-up companies have received investments of 429 billion
USD in the US and Europe alone [PitchBook Data, 2015, PitchBook Data,
Inc., 2015]. With an optimistic start-up failure rate of 75% that constitutes
of 322 billion USD of capital potentially wasted on building unsuccessful
products.

Earlier studies show that product engineering challenges and inade-
quacies in applied engineering practices could be linked to start-up fail-
ures [Giardino et al., 2015a, Klotins et al., 2017]. To what extent software
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engineering practices are responsible or linked to success rate is very hard
to judge. However, if improved software engineering practices could in-
crease the likelihood of success by only a few percent, it would yield a
significant impact on capital return.

2.2 Technical debt

Technical debt is a metaphor to describe the extra effort arising from main-
taining and removing suboptimal or flawed solutions from a software
product. Technical debt can be attributed to the software itself (e.g. source
code), and also other artifacts and processes that comprise the product,
and are relevant for maintenance and evolution of the product. For ex-
ample, user manuals, knowledge distribution, operational processes, and
infrastructure [Tom et al., 2013].

Suboptimal solutions find their way into software products due to a vari-
ety of reasons, such as ignorance of good engineering practices, oversight,
lack of skills, or pragmatism [Alves et al., 2016]. Taking engineering short-
cuts and delivering flawed solutions is often used as leverage to achieve
faster time-to-market. However, the debt should be re-payed by removing
flawed solutions from the product [Tom et al., 2013, Li et al., 2015].

When not addressed, suboptimal solutions make maintenance and evo-
lution of software products difficult, any changes in the product require
more effort than without the debt. This extra effort takes time away from
developing new features and may overwhelm a team with firefighting
tasks just to keep the product running, and decreases product quality alto-
gether [Kruchten et al., 2012].

Giardino et al. [2016] argue that technical debt in start-ups accumulates
from prioritizing development speed over quality, team aspects, and lack
of resources. We combine results from their work, which is specific to start-
ups, with a general taxonomy of technical debt by Tom et al. [2013]. We
adopt the model of precedents, dimensions, and outcomes as proposed by
Tom et al. [2013] and map it with the categories of the Greenfield start-up
model [Giardino et al., 2016] to identify and to focus on relevant aspects of
technical debt for start-ups, see Fig. 5.1.

As precedents, we study engineering skills and attitudes, communica-
tion issues, pragmatism, process, and resources. We explore technical debt
in forms of code smells, software architecture, documentation, and testing.
Furthermore, we attempt to understand to what extent team productiv-
ity and product quality is a challenge in start-ups. We use this conceptual
model of technical debt as a basis to scope and define the research method-
ology, discussed next.
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PRECEDENTS

Poor skills & attitudes

Pragmatism

Lack of process
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Documentation debt Code debt

Testing debtArchitecture debt

OUTCOMES

Impaired productivity Decaying quality

Figure 5.1: Aspects of technical debt

3 research methodology

3.1 Research questions

To achieve our goal and to drive the study we formulate the following
research questions:

RQ1: How do start-ups estimate technical debt?
Rationale: Technical debt can incur in different forms, for example, as
code smells, incomplete or outdated documentation, suboptimal software
architecture, or shortcuts taken in testing [Li et al., 2015]. We aim to un-
derstand how start-ups estimate different types of technical debt, what
types of technical debt are prevalent in start-ups and primary candidates
for further investigation. In addition, what types of technical debt are least
accumulated, i.e. are irrelevant or already well managed in the start-up
context.

RQ2: What are precedents of technical debt in start-ups?
Rationale: Earlier studies report a number of precedents contributing to
the accumulation of technical debt, such as prioritizing time-to-market
over product quality and severe lack of resources [Giardino et al., 2016], de-
veloper skills and attitude, lack of process, oversight, and ignorance [Tom
et al., 2013]. We aim to corroborate what precedents, identified by earlier
studies in other contexts, are also present in start-ups.

RQ3: What outcomes linked to technical debt do start-ups report?
Rationale: Decreasing productivity, decaying morale, product quality is-
sues, and increasing risks are reported as outcomes of technical debt [Tom
et al., 2013, Giardino et al., 2016]. Yet, there is a belief that any amount
of technical debt can be written off if a product or a specific feature does
not succeed in market [Giardino et al., 2016]. We aim to corroborate what
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outcomes, identified by earlier studies and linked to increased amounts of
technical debt, do start-ups report.

3.2 Data collection

We used a case survey method to collect primary data from start-up com-
panies [Petersen et al., 2017b, Larsson, 1993].

The case survey method is based on a questionnaire and is a compromise
between a traditional case study and a regular survey [Klotins, 2017]. We
have designed the questionnaire to collect practitioners experiences about
specific start-up cases.

During the questionnaire design phase, we conducted multiple internal
and external reviews to ensure that all questions are relevant, clear and
that we receive meaningful answers. First, the questions were reviewed in
multiple rounds by the first three authors of this paper to refine scope of
the survey and question formulations. Then, with help of other researchers
from the Software Start-up Research Network1, we conducted a workshop
to gain external input on the questionnaire. A total of 10 researchers par-
ticipated and provided their input.

Finally, the questionnaire was piloted with four practitioners from dif-
ferent start-ups. During the pilots, respondents filled in the questionnaire
while discussing questions, their answers and any issues with the first au-
thor of this paper.

As a result of these reviews, we improved the question formulations and
removed some irrelevant questions. The finalized questionnaire2 contains
85 questions in 10 sections. The questionnaire captures 285 variables from
each start-up case.

From all the variables, 45 variables focus on capturing the magnitude
of dimensions, precedents, and outcomes linked to technical debt3. The
questions capture the respondents’ agreement with a statement on a Lik-
ert scale: not at all (1), a little (2), somewhat (3), very much (4). The values
indicate the degree of agreement with a statement. Statements are formu-
lated consistently in a way that lower values indicate less precedents, less
outcomes, and less technical debt.

In addition to questions pertaining technical debt, the questionnaire con-
tains questions inquiring the engineering context in the start-up and ap-
plied software engineering practices.

The data collection took place between December 1, 2016, and June 15,
2017. The survey was promoted through personal contacts, by attending

1 The Software Start-up Research Network, https://softwarestartups.org/
2 http://startupcontextmap.org/exp-survey/woifenw2
3 The subset of questions used in this study is available here: http://eriksklotins.lv/

uploads/TD-in-start-ups-questions.pdf
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industry events, and by posts on social media websites. Moreover, we in-
vited other researchers from the Software Start-up Research Network to
collaborate on the data collection. This collaboration helped to spread the
survey across many geographical locations in Europe, North and South
America, and Asia.

3.3 Data analysis

To analyze the survey responses we used a number of techniques. We
started by screening the data and filtering out duplicate cases, responses
with few questions answered, or otherwise unusable responses. In the
screening we attempt to be as inclusive as possible and do not remove
any cases based on the provided responses.

The respondent estimates on technical debt aspects are measured on an
ordinal scale, measured from 1 (not at all) to 4 (very much). Respondent
and start-up demographics such as age and years of operation are mea-
sured with categorical variables on a nominal scale.

Overall, we analyze responses from 86 start-up cases, 75 data-points per
each case, and 6450 data-points overall. To gain an overview of the data,
the results were visualized by histograms, box-plots and contingency ta-
bles [Haberman, 1973].

We use the Chi-Squared test of association to test if the associations be-
tween the examined variables are not due to chance. To prevent Type I er-
rors, we used exact tests, specifically, the Monte-Carlo test of statistical sig-
nificance based on 10 000 sampled tables and assuming (p = 0.05) [Hope,
1968].

To examine the strength of associations we use Cramer’s V test. We in-
terpret the test results as suggested by Cohan [1988], see Table 5.1. To
explore specifics of the association, such as which cases are responsible
for this association, we perform post-hoc testing using adjusted residuals.
We consider an adjusted residual significant if the absolute value is above
1.96 (Adj.residual > 1.96), as suggested by Agresti [1996]. The adjusted
residuals drive our analysis on how different groups of start-ups estimate
aspects of technical debt. However, due to the exploratory nature of our
study, we do not state any hypotheses upfront and drive our analysis with
the research questions.

Full results, contingency tables, histograms and calculation details are
accessible on-line4 for a full disclosure.

4 http://eriksklotins.lv/uploads/TD-in-start-ups-sm.pdf
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Table 5.1: Interpretation of Cramer’s V test

Cramer’s V
value

Interpretation

≥ 0.1 Weak association

≥ 0.3 Moderate association

≥ 0.5 Strong association

3.4 Validity threats

In this section we follow guidelines by Runeson et al. [2012] and discuss
four types of validity threats and applied countermeasures in the context
of our study.

3.4.1 Construct validity

Construct validity concerns whether operational measures really represent
the studied subject [Runeson et al., 2012]. A potential threat is that the state-
ments we use to capture respondent estimates are not actually capturing
the studied aspects of technical debt.

To address this threat we organized a series of workshops with other
researchers and potential respondents to ensure that questions are clear, to
the point, and capture the studied phenomenon.

Each aspect, i.e. type of precedent, is triangulated by capturing it by at
least three different questions in the questionnaire. To avoid biases stem-
ming from respondents opinions about technical debt and to capture the
actual situation we avoid mentioning technical debt in the questions. In-
stead, we formulate the questions indirectly to capture respondent esti-
mates on different aspects associated with technical debt. For example, we
ask whether they find it difficult to understand requirements documenta-
tion.

To accommodate for the fact that a respondent may not know answers
to some of the questions, we provide an explicit ”I do not know” answer
option to all Likert scale questions.

3.4.2 Internal validity

This type of validity threat addresses causal relationships in the study de-
sign [Runeson et al., 2012]. In our study we use a model of precedents,
dimensions and outcomes of technical debt. The literature, for example,
Tom et al. [2013] and Li et al. [2015], suggest that there is a causality be-
tween the three. We, however, present respondent estimates on precedents,
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dimensions and the outcomes separately without considering or implying
any causality.

3.4.3 External validity

This type of validity threat concerns to what extent the results could be
valid to start-ups outside the study [Runeson et al., 2012]. The study setting
for participants was close to real life as possible, that is, the questionnaire
was filled in without researcher intervention and in the participants own
environment.

A sampling of participants is a concern to external validity. We use
convenience sampling to recruit respondents and with help of other re-
searchers, distributed the survey across a number of different start-up com-
munities. Demographic information from respondent answers shows that
our sample is skewed towards active companies, respondents with little
experience in start-ups, young companies and small development teams
of 1-8 engineers. In these aspects our sample fits the general characteris-
tics of start-ups, see for example, Giardino et al. [2014a], Giardino et al.
[2015a], and Klotins et al. [2016]. However, there clearly is a survivorship
bias, that is, failed start-ups are underrepresented, thus our results reflect
state-of-practice in active start-ups.

Another threat to external validity stems from case selection. The ques-
tionnaire was marketed to start-ups building software-intensive products,
however due to the broad definition of software start-ups (see Giardino
et al. [2014a]), it is difficult to differentiate between start-ups and small
medium enterprises. We opted to be as inclusive as possible and to discuss
relevant demographic information along with our findings.

3.4.4 Conclusion validity

This type of validity threat concerns the possibility of incorrect interpreta-
tions arising from flaws in, for example, instrumentation, respondent and
researcher personal biases, and external influences [Runeson et al., 2012].

To make sure that respondents interpret the questions in the intended
way we conducted a number of pilots, workshops and improved the ques-
tionnaire afterwards. To minimize the risk of systematic errors, the calcu-
lations and statistical analysis was performed by the first and the third
author independently, and findings were discussed among the authors.

To strengthen reliability and repeatability of our study, all survey mate-
rials and calculations with immediate results are published online.
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4 results

To answer our research questions we analyze 6450 data-points from 86

start-up cases. The majority of these start-ups (63 out of 86, 73%) are active
and had been operating for 1 - 5 years (58 out of 86, 67%), see Fig. 5.2.
Start-ups are geographically distributed among Europe (34 out of 86, 40%),
South America (41 out of 86, 47%), Asia (7 out of 86) and North America
(2 out of 86).
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Figure 5.2: Distribution of start-ups by the founding year and their current state

Our sample is about equally distributed in terms of the product devel-
opment phase. We follow a start-up life-cycle model proposed by Crowne
[2002] and distinguish between inception, stabilization, growth and matu-
rity phases. In our sample, 16 start-ups have been working on a product
but haven’t yet released it to market, 24 teams had released the first ver-
sion and actively develop it further with customer input, 26 start-ups have
a stable product and they focus on gaining customer base, and another 16

start-ups have mature products and they focus on developing variations of
their products. The distribution of start-ups by their life-cycle phase and
length of operation is shown in Fig. 5.3. In the figure, bubble size denotes
the a number of people in the team. Most start-ups in the sample (75 out
of 86, 87%) have small teams of 1 - 8 engineers actively working on the
product.

About an equal number of start-ups had indicated that they work on
more than one product at the time. Start-ups in our sample do per-customer
customization to some extent: 10 companies (11%) had specified that they
tailor each product instance to a specific customer, 30 companies (35%) do
not do per-customer customization at all, while 43 start-ups (49%) occa-
sionally perform product customization for an individual customer.

The questionnaire was filled in mostly by start-up founders (64 out of
86, 74%) and engineers employed by start-ups (15 out of 86, 17%). About
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Figure 5.3: Distribution of start-ups by product phase and length of operation

a half of respondents have specified that their area of expertise is software
engineering (49 out of 86, 56%). Others have specified marketing, their
respective domain, and business development as their areas of expertise.

Respondents length of software engineering experience ranges from 6

months to more than 10 years. A large portion of respondents (44 out of
86, 51%) had less than 6 months of experience in working with start-ups
at the time when they joined their current start-up.

4.1 Dimensions of technical debt

We start our exploration by looking at the extent to which the dimen-
sions of technical debt (documentation, architecture, code, and testing) are
present in the surveyed start-ups. We quantify the degree of technical debt
by aggregating respondent answers on questions pertaining to each dimen-
sion, Answers were given on a Likert scale where higher values indicate
more estimated technical debt in a given dimension.

Responses from the whole sample indicate that start-ups estimate some
technical debt (2 on a scale from 1 to 4) in documentation, architecture,
and code dimensions, while testing debt is estimated as the most preva-
lent (3 in a scale from 1 to 4). Fig. 5.4 shows the median (dark horizontal
line), first and third quartile, and minimum and maximum estimates on
all statements pertaining to a specific debt type.

To explore the estimated degree of technical debt further, we analyze the
influence of respondent demographics, such as relationship with the start-
up and background, and start-up demographics, such as product life-cycle
phase, team skill level and longevity of the start-up, on the responses.

The analysis shows that only start-up state, that is if the start-up is ac-
tive, paused, acquired, or closed, has an effect on the overall estimates of
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Figure 5.4: Estimates for the prevalence of different dimensions of technical debt
from the case survey

technical debt, see Table 5.2. In the table we show strength (measured by
Cramer’s V test) of statistically significant associations (p < 0.05, measured
by Chi-Square test) between relevant characteristics of start-ups and tech-
nical debt dimensions. In the last column we show if the characteristic has
an effect on all dimensions together.

Observe that the level of engineering skills and domain knowledge per-
tains to the whole team. However, practical experience pertains only to
the respondent. We show respondent characteristics as well to illustrate
to what extent respondents background influences their responses. For
instance, respondents with more practical experience estimate documen-
tation debt more critically, see Table 5.2, and are more critical about skills
shortages, see Table 5.3.

We highlight important findings in framed boxes and discuss them in
Section 5.

Finding 1: Start-ups that are in the active category estimate technical
debt, overall in all dimensions, lower than closed or acquired start-ups.

Product phase, team size and level of domain knowledge have effects on
individual technical debt dimensions. We present these results next.

4.1.1 Documentation debt

Documentation debt refers to any shortcoming in documenting aspects
of software development, such as architecture, requirements, and test
cases [Li et al., 2015].

We look into requirements, architecture and test documentation because
these are the essential artifacts guiding a software project. Requirements
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capture stakeholders needs and provide a joint understanding of what
features are expected from the software. Architecture documentation lists
design principles, patterns and components comprising the software. Doc-
umentation of test cases supports testing activities and provides means for
quality assurance [Selic, 2009].

Only 1% (7 out of 84) of start-ups in our sample have explicitly stated
that they do not document requirements in any way. The most popular
forms of documenting requirements are informal notes and drawings (50

out of 86, 58%), followed by organized lists (20 out of 86, 20%).
Responses from the whole sample show that start-ups have some amount

of documentation debt (Median = 2.0), see Fig. 5.4. Exploring what start-
up characteristics have an effect on the estimates, see Table 5.2, we found
that start-ups who are active estimate documentation debt lower than
acquired or closed companies. We also found that teams with sufficient
domain knowledge estimate documentation debt lower than teams with
many gaps in their domain knowledge.

4.1.2 Architecture debt

Architecture debt refers to compromises in internal qualities of the soft-
ware such as maintainability, scalability, and evolvability [Li et al., 2015].

Results from the whole sample show that start-ups experience some ar-
chitectural debt (Median = 2.0), see Fig. 5.4. By looking into what start-
up characteristics have an effect on how respondents estimate architecture
debt, we found that state of the start-up and the product phase have an
effect on the estimates, see Table 5.2. Active start-ups have provided sub-
stantially lower estimates than acquired and closed companies. We found
that start-ups who have just started on product engineering and haven’t
yet released it to market, experience almost no architectural debt. During
stabilization and growth phases the estimates become more critical. How-
ever, during the maturity phase estimates become slightly more optimistic,
see Fig. 5.5. Box-plots in the figure show responses from all statements
pertaining to architecture debt.

4.1.3 Code debt

Code debt refers to a poorly written code. Signs of a poorly written code
are, for example, unnecessary complex logic, code clones, and bad coding
style affecting code readability. Poorly written code is difficult to under-
stand and change [Mantyla et al., 2003, Tom et al., 2013, Palomba et al.,
2014a].

Results from the whole sample show that start-ups experience some
code debt (Median = 2.0), see Fig. 5.4. By looking into what start-up char-
acteristics have an effect on how respondents estimate code debt we found

148



5

Inception Stabilization Growth Maturtiy

Not at all (1)

A little (2)

Somewhat (3)

Very much (4)

Figure 5.5: Box-plot showing how in different product phases start-ups estimate
architecture debt

that state of the start-up, team size, level of per-customer tailoring has an
effect on the estimates, see Table 5.2. Active start-ups estimate code debt
lower than acquired start-ups. Start-ups with larger teams (9 or more peo-
ple), provide higher estimates on code debt than small teams. Start-ups
who do not offer per-customer customization estimate code debt lower.
However, start-ups that occasionally tailor their product to needs of a spe-
cific customer estimates their code debt higher.

4.1.4 Testing debt

Testing debt refers to lack of test automation leading to the need of manu-
ally retesting the software before a release. The effort of manual regression
testing grows exponentially with the number of features, slowing down
release cycles and making defect detection a time consuming and tedious
task [Tom et al., 2013].

Answers to questions inquiring use of automated testing show that
about a third (26 out of 86, 30%) of start-ups are attempting to imple-
ment automated testing, and only 17 start-ups (20%) have explicitly stated
that no test automation is used.

Despite attempts to automate, companies across the whole sample esti-
mate their testing debt somewhat high (Median = 3), see Fig. 5.4. Manual
exploratory testing is reported as the primary testing practice, regardless of
start-up life-cycle phase, team size and engineering experience, and length
of operation.

Finding 2: Despite attempts to automate, manual testing is still the
primary practice to ensure that the product is defect free.
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Similar results, showing that only a small number of mobile application
projects have any significant code coverage by automated tests, and listing
time constraints as the top challenge for adopting automated testing, were
obtained by Kochhar et al. [2015].

4.2 Precedents for technical debt

We asked the respondents to estimate various precedents of technical debt
in their start-ups, such as attitudes towards good software engineering
practices, pragmatic decisions to make shortcuts in product engineering,
communication issues in the team, level of team engineering skills, time
and resource shortages, and lack of established SE processes.

Box-plots with median responses from the whole sample are shown in
Fig. 5.6. Higher values indicate stronger agreement with the presence of a
precedent in the start-up. Poor attitude is the least common precedent for
technical debt, while resource shortage is estimated as the most prevalent
precedent.

Looking into what start-up characteristics influence the responses, we
find that start-up team size and team’s engineering skills have a significant
effect on the estimates overall, see Table 5.3. Larger teams of 9 or more
people estimate the precedents for technical debt higher than small teams.

In the results we show only characteristics with statistically relevant as-
sociations, thus listed characteristics differ between Tables 5.2 and 5.3.

Finding 3: Start-up team size and level of engineering skills have a
significant effect on how severe the other precedents are estimated.

Attitudes Pragmatism Communication Skills Resources Process

Not at all (1)

A little (2)

Somewhat (3)

Very much (4)

Figure 5.6: Box-plot showing how the sample estimates different precedents for
technical debt
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4.2.1 Attitude towards good engineering practices

The responses to questions about following good engineering practices
suggest that start-up engineers do realize the importance of following good
architecture, coding and testing practices (Median = 1), see Fig. 5.6.

Comparing how responses on attitude differ by start-up characteristics
we found that start-ups who are active, estimate their attitudes more op-
timistically than acquired or closed companies. That is, they agree more
with benefits from following good engineering practices, such as coding
conventions and throughout testing of the product.

4.2.2 Pragmatism

Estimates on statements about pragmatic considerations, that is, prioriti-
zation of time-to-market over good engineering practices, show that start-
ups are ready to make shortcuts to speed up time-to-market (Median = 2).
However, the spread of estimates suggests that different companies have
very different attitudes towards deliberately introducing technical debt, see
Fig. 5.6. Comparing how estimates on attitude differ by start-up character-
istics we found that start-ups with larger teams of 15 or more developers
estimate pragmatic precedents higher than smaller teams.

4.2.3 Communication

Estimates on statements about communication show that communication
issues could be one of the precedents for introducing technical debt, see
Fig. 5.6. We observe that communication issues become significantly more
severe in larger engineering teams of 13 and more people than in smaller
teams. Moreover, the results suggest that teams with better engineering
skills experience fewer communication issues.

4.2.4 Engineering skills

Estimates to what extent start-ups face lack of engineering skills show that
skills shortage could be a precedent for accumulating technical debt, see
Fig. 5.6.

Comparing how estimates on skill shortages differ by start-up character-
istics we found that the state of the start-up, team size, length of practical
experience, and level of estimated engineering skills have the significant
influence on the estimates. We found that active start-ups estimate skills
shortages lower than closed down companies. A somewhat expected result
is that teams with adequate engineering skills provide significantly lower
estimates for challenges associated with skills shortages.
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4.2.5 Resources

Looking at differences between estimates on time and other types of re-
sources we found that they are tied together, see Fig. 5.6. That is, compa-
nies reporting time shortages also report resource shortages. A potential
explanation for the association is that time pressure is created internally by
a need to get the product out and start generating revenue, and not by an
external market pressure. We also found that per-customer customization,
overall team size, and level of domain knowledge has an effect on how
start-ups estimate resource shortages.

Estimates of resources and time shortages show that resource issues are
the highest estimated precedent for technical debt (Median = 2.5). We
find that occasional per-customer tailoring is associated with higher esti-
mates on resource shortages. Potentially, start-ups suffering from lack of
resources opt for occasional customization to serve needs of an important
customer, thus acquiring resources for further development. Start-ups with
smaller teams of 1-3 people estimate resource shortages lower than larger
start-ups of 9-12 people. A plausible explanation for this association could
be that supporting a larger team requires more resources.

4.2.6 Process

Respondent estimates on the software engineering process issues show
that frequent and unplanned changes occur and could cause difficulties in
avoiding technical debt, see Fig. 5.6. We found that estimates on process
issues become more severe as team size grows.

4.3 Outcomes of technical debt

To explore potential outcomes of technical debt we presented respondents
with statements exploring to what extent team productivity and product
quality are concerns in their start-ups. Estimates from the whole sam-
ple show that start-ups experience some quality and productivity issues
(Median = 2) that could be associated with accumulated technical debt.
We found that team size is the only characteristic that influences the esti-
mates (Cramer ′sV = 0.362).

Looking into what types of technical debt are associated with specific
outcomes linked to technical debt, we found a clear association between
estimates of technical debt and estimates of the outcomes, see Table 5.4.

Code debt has the most severe impact on both productivity and quality.
Architecture debt have a similar effect, albeit to a lesser extent. Documen-
tation debt impairs productivity. However, we did not find a statistically
significant association between testing debt and loss of productivity or
quality.
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Table 5.4: Results of Cramer’s V test on associations between types of technical
debt and outcomes with p < 0.05

# Debt type Impact on:

Quality Productivity Both

1 Documentation - 0.332 0.344

2 Architecture 0.399 0.331 0.440

3 Code 0.445 0.471 0.532

4 Testing - - -

All types 0.363 0.459 0.463

Finding 4: We found that from all types of technical debt, code debt
have the strongest association with productivity and quality issues.

5 discussion

5.1 Reflections on the research questions

Our results on how start-ups estimate technical debt show that active start-
ups estimate aspects of technical debt significantly lower than closed or
acquired start-ups, see Finding 1 in Section 4.1. A plausible explanation
for this result could be that lower technical debt helps start-ups to have a
more stable and easier to maintain product. Thus giving a start-up more
room for evolving the product into something the market wants, i.e. to
pivot [Bajwa et al., 2016]. However, excess technical debt hinders product
evolution and could be one of contributing factors to the shutdown of a
company.

An alternative explanation is that technical debt could be invisible and
compensated by the team’s implicit knowledge. However, when a start-up
is acquired by another company and the product is transferred to another
team, all the technical debt becomes visible. Difficulties to capture undoc-
umented knowledge and the associated drop in performance of the receiv-
ing team has been recognized in the context of agile project handover [Stet-
tina and Kroon, 2013].

Results on how different types of technical debt are estimated show that
the most technical debt is estimated in the testing category, even though
start-ups do attempt to automate tests, see Finding 2 in Section 4.1. A
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potential explanation could be that start-ups lack certain prerequisites for
full implementation of automated testing [Voas and Kassab, 1999]. Excess
technical debt in other categories, for instance, difficult to test code, lack of
requirements documentation, and an unclear return of investment, could
be hindering the implementation of test automation, as it is also observed
in traditional, more mature companies [Rice et al., 2003, Joorabchi et al.,
2013, Kochhar et al., 2015]. However, we could not find any statistically
significant association between testing debt and quality or productivity
issues.

The comparison of results on architecture debt from start-ups in differ-
ent life-cycle phases shows another interesting pattern. Start-ups who have
not yet released their products to market experience very little architecture
debt, the debt increases as the product is delivered to the first customer and
peaks at the growth stage when start-ups focus on marketing the product
and drops slightly as start-ups mature, see Fig 5.5. Marketing of the prod-
uct could be a source of new challenges for the product development team.
For example, the product must support different configurations for differ-
ent customer segments, provide a level of service, and cope with a flow of
requests for unanticipated features [Crowne, 2002, Dahlstedt et al., 2003].
Earlier shortcuts in product architecture are therefore exposed and must
be addressed.

Overall team size and level of engineering skills could be the most im-
portant characteristics contributing to precedents and linked to technical
debt in most dimensions, see Finding 3 in Section 4.2. Larger teams of 9 or
more people experience more challenges and report higher technical debt
in all categories. This finding is similar to De Melo et al. [2013] studying
productivity in agile teams. Smaller teams are better aligned and more
efficient in collaboration with little overhead. However, as the team size
grows more processes and artifacts for coordination are needed [Staats
et al., 2012]. Therefore larger teams have more artifacts that can degrade.

Team size could be an indicator of the general complexity of a start-up
and the product. More people are added to the team when there are more
things to be taken care of. Therefore, the technical debt could stem not
only from the number of people but also from increasing complexity of
the organization itself.

Our results show that increase in team size is also associated with out-
comes of technical debt, a decrease in productivity and product quality, see
Finding 4 in Section 4.3. This result could be explained by our earlier dis-
cussion on how larger teams require more coordination for collaboration.
However, the more critical estimates by larger teams could be also associ-
ated with the increase in product complexity as new features are added.
Rushing to release new features could contribute to the accumulation of
technical debt until deliberate, corrective actions are taken, as observed in
mobile application development [Hecht et al., 2015].
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As a software product grows, it naturally becomes more difficult to main-
tain. For instance, if individual product components do not change and
the new components are at the same quality level as existing ones, the
increased number of components and their dependencies requires more
effort from engineers to maintain the product and creates more room for
defects [Izurieta and Bieman, 2013]. This is software decay and is not the
same as avoidable technical debt stemming from the trade-off between
quality and speed. Distinguishing between true technical debt and soft-
ware decay is an important next step in providing practical support for
software-intensive product engineering in start-ups.

5.2 Implications for practitioners

This study presents several implications for practitioners:

1. Start-up teams with higher level of engineering skills and respon-
dents with more experience perceive aspects of technical debt more
severely. Less skilled teams may not be aware of their practices in-
troducing additional technical debt, and amount of technical debt in
their products. Using tools and occasional external expert help could
help to identify unrealized technical debt, and to improve any sub-
optimal practices.

2. Start-up team size correlates with more severe precedents and out-
comes of technical debt. Keeping a team small and skilled could be a
strategy to mitigate precedents for technical debt. To support growth
of the team, more coordination practices need to be introduced, and
impact on technical debt monitored. Additional coordination prac-
tices require more maintenance of coordination artifacts. Thus, there
is a practical limit how large a team can grow before it needs to be
divided into sub-teams.

3. There is an association between levels of technical debt and a start-up
outcome. Having less technical debt could give a start-up more room
for pivoting and product evolution in the long term.

4. There are certain moments when the effects of technical debt are
the most severe. For example, shipping a product to a large number
of customers, scaling up the team, and handing the product over
to another team. The anticipation of such moments and adequate
preparations could help to mitigate the negative effects of technical
debt.

5. The most significant type of technical debt in start-ups is code smells.
We found that poorly structured and documented code has the strongest
association with issues in team productivity and product quality.
However, detection of code smells can be automated with open-
source tools, thus alleviating removal of this type of debt.
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6 conclusions and future work

In this paper, we report how technical debt is estimated in start-ups build-
ing software-intensive products. We explore to what extent precedents, di-
mensions, and outcomes, identified by earlier studies, are relevant in the
start-up context. We attempt to identify what start-up characteristics have
an amplifying or remedying effect on technical debt.

Our results show that, even though start-up engineers realize the impor-
tance of good engineering practices, they cut corners in product engineer-
ing, mostly due to resource pressure and a need for faster time to market.
The results suggest that precedents for technical debt become more severe
as start-ups evolve and severity of the precedents could be associated with
the number of people working in a start-up and a product life-cycle phase.

Our results show significantly different estimates from closed, acquired
and operational start-ups. The differences highlight how start-ups use tech-
nical debt as a leverage, and emphasizes the importance of careful techni-
cal debt management.

This exploratory study leads to a formulation of several hypotheses:

(a) Technical debt peaks at the growth stage when a start-up attempts to
market the product.

(b) The number of people in a team amplifies precedents for technical
debt.

(c) There is an association between a start-up outcome and their techni-
cal debt management strategy.

We aim to explore these hypotheses further by triangulating results from
this study with qualitative data from interviews and artifact analysis.
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6
U S E O F A G I L E P R A C T I C E S I N S TA RT- U P S

Software start-ups have shown their ability to develop and launch innova-
tive software products and services. Small, motivated teams and uncertain
project scope makes start-ups good candidates for adopting Agile prac-
tices. We explore how start-ups use Agile practices and what effects can be
associated with the use of those practices.

We use a case survey to analyze 84 start-up cases and 56 Agile practices.
We apply statistical methods to test for statistically significant associations
between the use of Agile practices, team, and product factors.

Our results suggest that backlog, version control, refactoring, and user
stories are the most frequently reported practices. We identify 22 associa-
tions between the use of Agile practices, team, and product factors. The
use of Agile practices is associated with effects on source code and overall
product quality. A teams’ positive or negative attitude towards best engi-
neering practices is a significant indicator for either adoption or rejection of
certain Agile practices. To explore the relationships in our findings, we set
forth a number of propositions that can be investigated by future research.

We conclude that start-ups use Agile practices, however without follow-
ing any specific methodology. We identify the opportunity for more fine-
grained studies into the adoption and effects of individual Agile practices.
Start-up practitioners could benefit from Agile practices in terms of better
overall quality, tighter control over team performance and resource utiliza-
tion.

1 introduction

Start-ups are important suppliers of innovation, new software products,
and services. However, engineering the software in start-ups is a compli-
cated endeavor as the start-up context poses challenges to software engi-
neers [Giardino et al., 2015a]. As a result of these challenges, most start-ups
do not survive the first few years of operation and cease to exist before de-
livering any value [Blank, 2013b, Giardino et al., 2014a].
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Uncertainty, changing goals, limited human resources, extreme time and
resource constraints are reported as characteristic to start-ups [Paternoster
et al., 2014, Giardino et al., 2015a].

To survive in such a context, start-ups use ad-hoc engineering prac-
tices and attempt to tailor agile methods to their needs. However, scaled-
down agile methods could be irrelevant and ignore start-up specific chal-
lenges [Klotins et al., 2019b, Yau and Murphy, 2013].

Giardino et al. [2016] suggest that start-ups adopt practices as a response
to some problematic situations and do not consider adopting full agile
methodologies, e.g., scrum or XP, at least in early stages.

Pantiuchina et al. [2017] make a similar observation and argue that start-
ups focus more on speed-related practices, e.g., iterations and frequent
releases, than quality-related practices, e.g., unit testing and refactoring.

In this study, we explore the use of Agile practices in start-ups. We focus
on identifying the associations between certain Agile practices, product,
and team factors. We aim to understand what positive, and potentially
adverse effects can be associated with the use of specific practices. We use
our results to formulate propositions for further exploration.

We use a case survey to collect data from 84 start-up cases [Klotins et al.,
2019a]. We use statistical methods to analyze 11,088 data points and iden-
tify associations between the use of Agile practices and respondents’ esti-
mates on various team and product factors.

We identify 20 statistically significant associations pointing towards po-
tential causes and effects of using Agile practices. We identify that the use
of automated tests and continuous integration is associated with positive
attitudes towards following best practice. However, the use of planning
and control practices are more associated with negative attitudes towards
following the best practices.

The rest of this paper is structured as follows. In Section 2, we discuss re-
lated work. Section 3 covers the research methodology, data collection, and
our approach to data analysis. Section 4 presents the results. We answer
our research questions and discuss implications for research and practice
in Section 5. Section 6 concludes the paper.

2 background and related work

2.1 Software Start-ups

Software start-ups are small companies created for the purpose of develop-
ing and bringing an innovative product or service to market, and to benefit
from economies of scale.

Start-up companies rely on external funding to support their endeavors.
In 2015 alone, start-up companies have received investments of 429 billion
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USD in the US and Europe alone [PitchBook Data, 2015, PitchBook Data,
Inc., 2015]. With an optimistic start-up failure rate of 75% that constitutes
of 322 billion USD of capital potentially wasted on building unsuccessful
products.

Earlier studies show that product engineering challenges and inade-
quacies in applied engineering practices could be linked to start-up fail-
ures [Giardino et al., 2015a, Klotins et al., 2017]. To what extent software
engineering practices are responsible or linked to success rate is very hard
to judge. However, if improved software engineering practices could in-
crease the likelihood of success by only a few percent, it would yield a
significant impact on capital return.

Some authors, e.g. Sutton et al. [2000] and Giardino et al. [2014a], point
out the unique challenges in start-ups, such as high risk, uncertainty, lack
of resources, rapid evolution, immature teams, and time pressure among
other factors. At the same time, start-ups are flexible to adopt new engi-
neering practices, and reactive to keep up with emerging technologies and
markets [Giardino et al., 2016]. However, our earlier study [Klotins, 2018]
analyzing the amount of empirical evidence supporting the uniqueness of
start-ups found that most start-up characteristics are based on anecdotal
evidence. Thus, there could be negligible difference between start-ups and
other organizations launching new products to market in terms of software
engineering.

2.2 Agile practices

Agile software engineering practices originate from the Agile manifesto
proposing a shift from heavyweight, plan-driven engineering towards
more lightweight, customer-oriented, and flexible methodologies [Beck
et al., 2001]. Agile methodologies, such as Scrum, XP, and Kanban, pre-
scribe specific sets of Agile practices [Rising and Janoff, 2000, Jyothi and
Rao, 2012]. However, in practice, by-the-book methodologies are often tai-
lored with additional practices to address specific concerns [Diebold and
Dahlem, 2014, Jalali and Wohlin, 2012]. Thus, we focus our study on what
practices start-ups use, without considering any specific agile methodol-
ogy.

Small organizations have successfully adopted Agile practices for projects
where requirements are uncertain and expected to change [Chow and Cao,
2008, Misra et al., 2012]. In theory, Agile practices could be perfect for soft-
ware start-ups [Yau and Murphy, 2013]. However, successful adoption of
Agile practices requires highly skilled teams and support throughout an
organization [Solinski and Petersen, 2016, Chow and Cao, 2008].

Earlier work on engineering practices in start-ups suggests that start-
ups initially rely on an ad-hoc approach to engineering and adopt agile
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principles incrementally when a need for more systematic practices arises.
The shift is often motivated by excessive technical debt hindering quality
and lack of control over the engineering process [Giardino et al., 2016].

We explore associations between 56 Agile practices, product, and team
factors. We use a list and descriptions of Agile practices compiled by Ag-
ile Alliance, a non-profit community promoting agile principles [Agile Al-
liance, 2018]. To our best knowledge, their website contains the most com-
prehensive list of Agile practices to date.

In this study we consider the following practices whose definitions can
be found at the Agile Alliance’s website [Agile Alliance, 2018]: Card, Con-
versation, Confirmation (3C’s), Acceptance tests, Acceptance Test-Driven
Development (ATDD), Automated build, Backlog, Backlog grooming, Be-
havior Driven Development, Burndown chart, Collective ownership, Con-
tinuous deployment, Continuous integration, Class Responsibility Col-
laborator (CRC) Cards cards, Daily meeting, Definition of Done, Defini-
tion of Ready, Exploratory testing, Facilitation, Frequent releases, Given-
When-Then, Heartbeat retrospective, Incremental development, INVEST,
Iterations, Iterative development, Kanban board, Lead time, Mock objects,
Niko-Niko, Pair Programming, Personas, Planning poker, Point estimates,
Project charters, Quick design session, Refactoring, Relative estimation,
Role-Feature-Reason, Rules of simplicity, Scrum of Scrums, Sign up for
tasks, Simple design, Story mapping, Story splitting, Sustainable Pace,
Task board, Team, Team room, Test-driven development, Three Questions,
Timebox, Ubiquitous language, Unit tests, Usability testing, User stories,
Velocity, and Version control.

2.3 Effects of using Agile practices

The use of Agile practices is associated with increased product quality and
fewer defects compared to plan-driven approaches [Layman et al., 2004,
Ilieva et al., 2004]. We analyze associations between use of the Agile prac-
tices, product documentation, software architecture, quality of the source
code, tests, and the overall product quality. In this paper, we adopt the
product view on software quality, recognizing the relationship between in-
ternal product characteristics and quality in use [Kitchenham and Pfleeger,
1996].

Product documentation comprises of written requirements, architecture
documentation, and test cases. Deficiencies in such artifacts are associated
with hindered knowledge distribution in the team and with adverse effects
on further development and maintenance of the product [Tom et al., 2013].
Note that we analyze if documentation artifacts are understandable and
useful without implying any specific format.
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Even though the Agile manifesto emphasizes working software over
comprehensive documentation, some documentation is essential [Beck
et al., 2001]. For example, user stories are one of the key agile tools to
document requirements [Lucassen et al., 2015]. System metaphor is use-
ful to communicate the logical structure of the software to all stakehold-
ers [Khaled et al., 2004]. The use of automated testing in continuous inte-
gration and deployment pipelines require formally defined tests [Collins
et al., 2012].

Software architecture denotes how different components, modules, and
technologies are combined to compose the product. Symptoms such as
outdated components, a need for workarounds and patches point towards
deficiencies in the software architecture and the lack of attention to refac-
toring [Moser et al., 2007, Selic, 2009].

Source code quality is determined by the use of coding standards and
refactoring practices [Palomba et al., 2014b, Mantyla et al., 2003]. Degrad-
ing architecture and poorly organized source code is associated with in-
creased software complexity, difficult maintenance, and product quality
issues down the road [Tom et al., 2013].

We analyze the quality (or lack, thereof) of automated test scripts remov-
ing the need to perform manual regression testing with every release of the
product. The effort of manual regression testing grows exponentially with
the number of features, slowing down release cycles and making defect
detection a time consuming and tedious task [Tom et al., 2013].

We also examine associations between product quality and the use of Ag-
ile practices. With product quality, we understand non-functional aspects
of the product, such as performance, scalability, maintainability, security,
robustness, and the ability to capture any defects before the product is
released to customers [Tom et al., 2013].

Good communication, teamwork, adequate skills, and a positive attitude
towards following the best practices are recognized as essential team fac-
tors for project success [Chow and Cao, 2008]. Agile software engineering
practices aim to facilitate communication, empower individuals, and im-
prove teamwork [Dybå and Dingsøyr, 2008]. We analyze the associations
between team characteristics and the use of specific Agile practices.

Attitudes determine the level of apathy or interest in adopting and fol-
lowing the best engineering practices. Skills characterize to what extent
individual members of a start-up team possess relevant engineering skills
and knowledge. Communication captures to what extent the team can
communicate and coordinate the engineering work. Giardino et al. [2016]
identify the team as the catalyst for product development in start-ups. Suf-
ficient skills, positive attitudes, and efficient communication are essential
for rapid product development in both agile and start-up contexts [Gia-
rdino et al., 2016, Chow and Cao, 2008].
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Pragmatism characterizes to what extent a team can handle trade-offs be-
tween investing in perfected engineering solutions and time-to-market. Ag-
ile practices advocate for frequent releases and good-enough solutions [Ris-
ing and Janoff, 2000]. Such practices help to validate the product features
early and gather additional feedback from customers [Klotins et al., 2019b].
On the other hand, quick product releases need to be accompanied by fre-
quent refactoring and unit tests to manage technical debt and keep regres-
sion defects under control [Chow and Cao, 2008]. Start-ups often overlook
such corrective practices [Giardino et al., 2016, Klotins et al., 2018a].

Sufficient time and resources for product engineering are essential for
project success [Chow and Cao, 2008]. We analyze what Agile practices
can be associated with better resource estimation and planning in start-
ups. Several authors, e.g., Giardino et al. [2014a] and Sutton et al. [2000]
identify resource shortages as one of the critical challenges in start-ups.
However, we, in our earlier study identify the lack of adequate resources
planning and control practices in early start-ups [Klotins et al., 2019a].

We look into respondents estimates on engineering process in their or-
ganizations. Process characterizes to what extent product engineering is
hindered by unanticipated changes in organizational priorities, goals, and
unsystematic changes in the product itself. Lack of organizational support
for agile product engineering contributes to project failures [Chow and
Cao, 2008]. On the other hand, Agile practices offer some room for adjust-
ing to unclear and changing objectives [Misra et al., 2012].

Agile methods on a high level attempt to address and promise improve-
ments in all these concerns [Dybå and Dingsøyr, 2008]. However, analyzing
effects from applying whole methodologies on a large number of factors
does not help to pinpoint specific practices for specific challenges. We aim
to establish a fine-grained view on the use and effects of individual prac-
tices.

3 research methodology

3.1 Research aim

We aim to explore how start-ups use Agile practices and what positive and
negative effects can be associated with specific practices.

3.2 Research questions

To guide our study, we define the following research questions (RQ):

RQ1: How are Agile practices used in start-ups?
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Rationale: With this question, we identify what Agile practices and in what
combinations start-ups use.

RQ2: What are the associations between specific Agile practices and prod-
uct factors?

Rationale: With this question, we explore the associations between specific
Agile practices, quality of documentation, architecture, source code, test-
ing, and overall product quality.

RQ3: What are the associations between specific Agile practices and team
factors?

Rationale: With this question, we explore the associations between spe-
cific Agile practices, attitudes towards following best engineering prac-
tices, pragmatism, communication, skills, resources, engineer process, and
teams’ productivity.

3.3 Data collection

We used a case survey method to collect primary data from start-up com-
panies [Klotins et al., 2019a, Larsson, 1993].

The case survey method is based on a questionnaire and is a compro-
mise between a traditional case study and a regular survey [Klotins, 2017].
We have designed the questionnaire to collect practitioners’ experiences in
specific start-up cases.

During the questionnaire design phase, we conducted multiple internal
and external reviews to ensure that all questions are relevant, clear and
that we receive meaningful answers. First, the questions were reviewed in
multiple rounds by the first three authors of this paper to refine the scope
of the survey and question formulations. Then, with the help of other re-
searchers from the Software Start-up Research Network1, we conducted
a workshop to gain external input on the questionnaire. A total of 10 re-
searchers participated and provided their input.

Finally, we piloted the questionnaire with four practitioners from dif-
ferent start-ups. During the pilots, respondents filled in the questionnaire
while discussing questions, their answers, and any issues with the first
author of this paper.

As a result of these reviews, we improved the question formulations
and removed some irrelevant questions. The finalized questionnaire con-
tains 85 questions in 10 sections. The questionnaire captures 285 variables
from each start-up case. The full questionnaire is available as supplemental
material on-line2.

1 The Software Start-up Research Network, https://softwarestartups.org/
2 Full questionnaire: http://eriksklotins.lv/files/GCPquestionnaire.pdf
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We use a list of 56 Agile practices to capture respondent’s answers on
what practices they use in their companies [Agile Alliance, 2018]. The an-
swers are captured in a binary, use or not use, format. In addition to spe-
cific practices, we offer an “I do not know” and “other” options to accom-
modate for lack of respondents knowledge and to discover other, unlisted,
practices.

We use 45 variables to capture respondents estimates on product and
team factors. The questions capture the respondents’ agreement with a
statement characterizing a factor on a Likert scale: not at all (1), a little (2),
somewhat (3), very much (4). The values indicate the degree of agreement
with a statement. Statements are formulated consistently in a way that
lower values indicate less, and higher values indicate more agreement with
the statement.

In addition to questions about software engineering, the questionnaire
contains questions inquiring about the engineering context in the start-up
and applied software engineering practices.

The data collection took place between December 1, 2016, and June 15,
2017. The survey was promoted through personal contacts, by attending
industry events, and with posts on social media websites. Moreover, we
invited other researchers from the Software Start-up Research Network to
collaborate on the data collection. This collaboration helped to spread the
survey across many geographical locations in Europe, North and South
America, and Asia.

3.4 Data analysis methods

To analyze the survey responses, we used several techniques. We started
by screening the data and filtering out duplicate cases, responses with few
questions answered, or otherwise unusable responses. In the screening, we
attempt to be as inclusive as possible and do not remove any cases based
on the provided responses.

Overall, we analyze responses from 84 start-up cases, 132 data-points
per each case, and 11,088 data-points. We use the Chi-Squared test of as-
sociation to test if the associations between the examined variables are not
due to chance. To prevent Type I errors, we used exact tests, specifically, the
Monte-Carlo test of statistical significance based on 10,000 sampled tables
and assuming (p < 0.05) [Hope, 1968].

To examine the strength of associations, we use Cramer’s V test. We
interpret the test results as suggested by Cohan [1988], see Table 6.1. To
explore specifics of the association, such as which cases are responsible for
this association, we perform post-hoc testing using adjusted residuals. We
consider an adjusted residual significant if the absolute value is above 1.96

(Adj.residual > 1.96), as suggested by Agresti [1996].
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Table 6.1: Interpretation of Cramer’s V test

Cramer’s V
value

Interpretation

≥ 0.1 Weak association

≥ 0.3 Moderate association

≥ 0.5 Strong association

The adjusted residuals drive our analysis on how different groups of
start-ups estimate aspects of technical debt. However, due to the exploratory
nature of our study, we do not state any hypotheses upfront and drive our
analysis with the research questions.

3.5 Validity threats

In this section, we follow guidelines by Runeson et al. [2012] and discuss
four types of validity threats and applied countermeasures in the context
of our study.

3.5.1 Construct validity

Construct validity concerns whether operational measures represent the
studied subject [Runeson et al., 2012]. A potential threat is that the state-
ments we use to capture respondent estimates are not capturing the in-
dented team and product factors.

To address this threat, we organized a series of workshops with other
researchers and potential respondents to ensure that questions are clear, to
the point, and to capture the studied phenomenon.

We triangulate each factor by capturing it by 3 - 4 different questions
in the questionnaire. To avoid biases stemming from respondents precon-
ceived opinions about the effects of agile practices, we separate questions
about the use of the practices and questions inquiring about team and
product factors.

To accommodate for the fact that a respondent may not know answers
to some of the questions, we provide an explicit “I do not know” answer
option to all Likert scale questions.

3.5.2 Internal validity

This type of validity threat addresses causal relationships in the study de-
sign [Runeson et al., 2012].
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With our study we do not seek to establish causal relationships, thus this
type of validity threat is not relevant.

3.5.3 External validity

This type of validity threat concerns to what extent the results could be
valid to start-ups outside the study [Runeson et al., 2012]. The study set-
ting for participants was close to real life as possible. That is, the question-
naire was filled in without researcher intervention and in the participant’s
environment.

The sampling of participants is a concern to external validity. We use
convenience sampling to recruit respondents and with the help of other
researchers, distributed the survey across several different start-up com-
munities. Demographic information from respondent answers shows that
our sample is skewed towards active companies, respondents with little ex-
perience in start-ups, young companies, and small development teams of
1-8 engineers. In these aspects, our sample fits the general characteristics
of start-ups, see, for example, Giardino et al. [2014a, 2015a] and Klotins
et al. [2019b]. However, there is a survivor bias, that is, failed start-ups
are under-represented. Thus our results reflect state-of-practice in active
start-ups.

Another threat to external validity stems from case selection. We mar-
keted the questionnaire to start-ups building software-intensive products.
However, due to the broad definition of software start-ups (see Giardino
et al. [2014a]), it is difficult to differentiate between start-ups and small-
medium enterprises. We opted to be as inclusive as possible and to discuss
relevant demographic information along with our findings.

3.5.4 Conclusion validity

This type of validity threat concerns the possibility of incorrect interpreta-
tions arising from flaws in, for example, instrumentation, respondent and
researcher personal biases, and external influences [Runeson et al., 2012].

To make sure that respondents interpret the questions in the intended
way we conducted several pilots, workshops and improved the question-
naire afterwards. To minimize the risk of systematic errors, the calculations
and the first and the third author performed statistical analysis indepen-
dently, and findings were discussed among the authors.

To test if the order of appearance of Agile practices affects practitioner
responses, we run a Spearman’s rank-order correlation test [Daniel, 1990].
We examine a potential relationship between the order of appearance and
the frequency chosen by respondents. The results showed that there is no
statistically significant correlation (p > 0.05).
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4 results

The majority of the surveyed start-ups (63 out of 84, 74%) are active and
had been operating for 1 - 5 years (58 out of 84, 69%). Start-ups are geo-
graphically distributed among Europe (34 out of 86, 40%), South America
(41 out of 84, 49%), Asia (7 out of 84), and North America (2 out of 84).

Our sample is about equally distributed in terms of the product develop-
ment phase. We follow the start-up life-cycle model proposed by Crowne
[2002] and distinguish between inception, stabilization, growth, and matu-
rity phases. In our sample, 16 start-ups have been working on a product
but have not yet released it to market, 24 teams had released the first ver-
sion and actively develop it further with customer input, 26 start-ups have
a stable product and they focus on gaining customer base, and another 16

start-ups have mature products, and they focus on developing variations
of their products.

The start-ups in our sample do per-customer customization to some ex-
tent: 10 companies (11%) had specified that they tailor each product in-
stance to a specific customer, 30 companies (35%) do not do per-customer
customization at all, while 43 start-ups (49%) occasionally perform product
customization for an individual customer.

The questionnaire was filled in mostly by start-up founders (64 out of
86, 76%) and engineers employed by start-ups (15 out of 86, 18%). About
half of respondents have specified that their area of expertise is software
engineering (49 out of 86, 58%). Others have specified marketing, their
respective domain, and business development as their areas of expertise.

The respondents’ length of software engineering experience ranges from
6 months to more than 10 years. A large portion of respondents (44 out of
86, 52%) had less than 6 months of experience in working with start-ups
at the time when they joined their current start-up.

We provide a complete list of studied cases and their demographical
information as supplemental material on-line3.

The responses on what development type best characterizes the com-
pany, suggest that most companies, 51 out of 84, 60%, follow agile and
iterative processes. A few, 2 out of 84, follow a waterfall like process, 10

companies report using an ad-hoc approach, see Fig. 6.2.
We presented respondents with a list of 56 Agile practices and asked

to thick off practices that they use in their companies. Most start-ups use
between 0 and 20 Agile practices. However, the majority of companies
report using only a few practices, see Fig. 6.2. There is also a small cluster
of companies reporting the use of more than 35 individual practices. Only
7 companies explicitly report not using any agile practices, 16 respondents
have not provided their answer.

3 The studied cases: http://eriksklotins.lv/files/GCP_demographics.pdf
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/Ad-hoc Waterfall Iterative Agile I do not know No answer Other
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Figure 6.1: Development methodologies in the studied cases. Y-axis denote the
number of companies

The most frequently used Agile practices are backlog and version con-
trol reported by 42 and 39 companies, respectively (50% and 46% out of
84 cases). The use of other practices varies, see Fig. 6.3. Respondents do
not report the use of practices such as the Niko-Niko calendar (visualizing
team’s mood changes), project charters (a poster with a high level sum-
mary of the project), and rules of simplicity (a set of criteria to evaluate
source code quality).

4.1 Overview of the findings

In Table 6.2, we summarize the associations between the use of certain
practices and Product factors. In Table 6.3, we summarize the associations
between the use of certain practices and team factors. We show only prac-
tices with statistically significant associations (p < 0.05). The numbers in
the table show Cramers’V values denoting the strength of the associations,
see Table 6.1 for interpretation of the values.

4.2 Interpretations of associations

An association shows that a specific practice and certain estimates on a fac-
tor are reported together. We use the Pearsons Chi-squared test (p < 0.05)
to determine if the association is statistically significant. However, from
associations alone, we cannot explain the phenomenon with confidence
and guide guide practitioners in adopting Agile practices in start-ups. To
explain the associations, we formulate 5 archetypes (A) of propositions
characterizing potential explanations of our findings.
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Figure 6.2: Use of Agile practices in the studied start-up companies. X-axis show
studied cases, y-axis show the number of reported practices. The cases
are sorted by the number of reported practices. There are a few compa-
nies reporting 30+ practices (left side of the plot), and 7 cases reporting
not using any agile practices (right side of the plot).

It could be that a statistically significant association is a false positive.
That is, the association between a practice and a factor is due to an error
or some confounding factor.

A0 ∶ There is a spurious association between P and F.

An association could point towards a causal relationship between the
use of a practice (P) and a factor (F). We are measuring factors through
respondents evaluations, thus we cannot distinguish between actual and
perceived improvements.

A1 ∶ Use of P improves perception of F.

Some of the associations appear to be negative, i.e. use of a practice is
reported together with an unfavorable estimates. It could be that the prac-
tice has adverse effects, or the use of the practice helped to expose the a
problematic factor:

A2 ∶ Use of P hinders F.
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Rules of simplicity
Project charters
Niko-niko

Ubiquitous language
Three questions
Role, feature, reason
CRC cards
ATDD

BDD
Heartbeat retrospective

Team room
Lead time
INVEST
Given-when-then
Facilitation

Timebox
Sustainable pace
Card,conversation,confirmation

Velocity
Signup for tasks
Mock objects

Scrum of scrums
Relative estimation
Definition of ready

Story splitting
Test-driven development

Planning poker
Acceptance tests

Story mapping
Quick design session
Point estimates
Personas
Backlog grooming

Burndown chart
Simple design
Incremental development
Collective ownership

Definition of done
Usability testing
Exploratory testing

Team
Continuous deployment

Iterative development
Frequent releases

Automated build
Pair programming

Iterations
Daily meeting

Task board
Continuous integration

User stories
Unit tests
Kanban board

Refactoring
Version control

Backlog

0 10 20 30 40

0 % 12% 24% 36% 48%

Figure 6.3: Frequency of Agile practices. X-axis denote the number of cases report-
ing use of a practice. On the top we show percentage, at the bottom we
show the absolute number of cases.

A3 ∶ Use of P exposes issues with F.

It could be that a practice is introduced as a consequence to a situation.
That is, we could be observing a reverse causal relationship.

A4 ∶ F is the cause or enabler for using P

4.3 Specific findings

In this section, we link together our specific findings with relevant propo-
sitions, see Fig. 6.4. In the figure we show a list of agile practices with
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Table 6.2: Results of Cramer’s V test on associations between product factors and
use of Agile practices with p < 0.05. Up (↑) and down (↓) arrows denote
whether the association is positive, i.e., use of the practice is associated
with more positive responses, or negative, i.e., use of the practice is asso-
ciated with more negative estimates from respondents.
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Card, Conversation,
Confirmation

- - - 0.422↑ -

Unit tests - - - 0.391↑ -

Automated build - - 0.374↑ - -

Facilitation - - 0.330↓ - -

Given, When, Then - - 0.330↓ - -

INVEST - - 0.330↓ - -

Iterations - 0.359↑ - - -

Continuous integration - - - - 0.368↑
Collective ownership - - - - 0.372↓

statistically significant associations to factors. The factors are groups into
four blocks A1 −A4 representing our propositions. The arrows denote po-
tential explanations between factors and practices.

A product backlog is an authoritative list of new features, changes, bug
fixes, and other activities that a team may deliver to achieve a specific
outcome [Agile Alliance, 2018].

Our results show a moderately strong (Cramers ′V = 0.401) association
between the use of a backlog and worse perceptions on the engineering
process. In particular, frequent changes in requirements, unclear objectives,
and unsystematic changes hindering the engineering process are reported
together with the use of the backlog.

Unit testing is a practice to develop short scripts to automate examination
of low-level behavior of the software [Agile Alliance, 2018].

Our findings show a moderately strong association (Cramers ′V = 0.379)
between the use of unit tests and teams’ attitudes. In particular, a positive
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Table 6.3: Results of Cramer’s V test on associations (p < 0.05) between use of Agile
practices and team factors. Up (↑) and down (↓) arrows denote whether
the association is positive, i.e., use of the practice is associated with more
positive responses, or negative, i.e., use of the practice is associated with
more negative estimates from respondents.
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Backlog - - - - 0.401↓

Unit tests 0.379↑ - - - - -

Continuous
integration

0.360↑ - - - - -

Automated build - - - - - 0.346↓

Definition of Done 0.411↓ - - - - -

Simple design - - - - 0.365↓ -

Burndown chart 0.383↓ - - - 0.384↑ -

Story mapping - 0.356↑ - - - -

Relative estimation 0.399↓ - - - 0.399↑ -

Velocity 0.435↓ - - - - -

Team room - - - - 0.343↓ -

attitude towards following the best design, coding, and testing practices
are reported together with using unit testing.

Our findings also show a moderately strong association (Cramers ′V =
0.391) between the use of unit testing and less reliance on manual testing
of the product.

Continuous integration aims to minimize the duration and effort of each
integration episode, and maintain readiness to deliver a complete product
at any moment [Agile Alliance, 2018].

Our findings show a moderately strong association (Cramers ′V = 0.360)
between the use of continuous integration and more positive attitudes to-
wards using sound design, coding, and testing practices.
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Figure 6.4: Overview of the findings and the propositions. We show agile practices
and different explanations for the associations (A1 −A4).

Our findings also show a moderately strong association (Cramers ′V =
0.368) between the use of continuous integration and more positive esti-
mates on product internal and external quality, and less slipped defects.

Automated build is a practice to automate the steps of compiling, linking,
and packaging the software for deployment [Agile Alliance, 2018].

Our findings show a moderately strong (Cramers ′V = 0.346) association
between the use of automated build and worse estimates on the engineer-
ing process.

Our findings also show a moderately strong (Cramers ′V = 0.374) asso-
ciation between the use of automated builds and more positive estimates
on the source code quality.
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Definition of done is a list of criteria which s task must meet before it is
considered done [Agile Alliance, 2018].

Our findings show a moderately strong (Cramers ′V = 0.411) associa-
tion between the use of a definition of done and worse attitudes towards
following the best engineering practices.

Simple design is a practice to favor simple, modular, and reusable software
designs that are created as needed [Agile Alliance, 2018].

Our findings show a moderately strong association (Cramers ′V = 0.365)
between simple design practices and more pressing time and resources
concerns.

Burndown chart is a graph visualizing the remaining work (x-axis) over time
(y-axis) [Agile Alliance, 2018].

Our findings show a moderately strong association (Cramers ′V = 0.383)
between the use of the burndown chart and worse estimates on teams’
attitudes towards following the best engineering practices.

Our findings also show a moderately strong association (Cramers ′V =
0.384) between the use of the burndown chart and less time and resources
pressure.

Story mapping is a practice to organize user stories in a two-dimensional
map according to their priority and the level of sophistication. Such a map
is used to identify requirements for a bare-bones but usable first release,
and subsequent levels of increased functionality [Agile Alliance, 2018].

Our findings show a moderately strong association (Cramers ′V = 0.356)
between the use of the story mapping and a more pragmatic approach
on handing the trade-off between time-to-market and following the best
engineering practices.

Relative estimation comprises of estimating task effort in relation to other
similar tasks, and not absolute units [Agile Alliance, 2018].

Our findings show a moderately strong association (Cramers ′V = 0.399)
between the use of the relative estimation and worse attitudes towards
following the best testing, architecture, and coding practices.

Our results also show a moderately strong association (Cramers ′V =
0.399) between the use of relative estimates and less time and resources
pressure.

Velocity is a metric to calculate how long it will take to complete the project
based on past performance [Agile Alliance, 2018].

Our findings show a moderately strong association (Cramers ′V = 0.435)
between the use of velocity and worse attitudes towards following the best
engineering practices.
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Team room is a dedicated, secluded, and equipped space for an agile team
to collaborate on the project [Agile Alliance, 2018].

Our findings show a moderately strong association (Cramers ′V = 0.343)
between the use of a team room and more pressing time and resource
constraints.

Facilitation is a practice to have a dedicated person in the meeting, ensuring
effective communication, and maintaining focus on the objectives [Agile
Alliance, 2018].

Given, When, Then is a template for formulating user stories comprising of
some contextual information, triggers or actions, and a set of observable
consequences [Agile Alliance, 2018].

INVEST is a checklist to evaluate the quality of a user story [Agile Alliance,
2018].

Our findings show a moderately strong association (Cramers ′V = 0.330)
between the use of any of the three practices (Facilitation, Given, When,
Then, and INVEST) and worse estimates on the product source code qual-
ity.

Iterations are time-boxed intervals in an agile project in which the work is
organized. A project consists of multiple iterations, tasks, and objectives
for the next iteration and is revised just before it starts [Agile Alliance,
2018].

Our findings show a moderately strong association (Cramers ′V = 0.359)
between the use of iterations and more positive estimates on the quality of
product architecture. Specifically, respondents report fewer workarounds,
more optimal selection of technologies, and fewer issues with outdated
designs.

Collective ownership is a practice to empower any developer to modify any
part of the project source code [Agile Alliance, 2018].

Our findings show a moderately strong association (Cramers ′V = 0.372)
between collective ownership and worse estimates on the product’s inter-
nal and external quality.

Card, Conversation, Confirmation is a pattern capturing the life-cycle of a user
story. The life-cycle starts with tangible “card”, “conversations” regarding
the user story takes place throughout the project; finally, a “confirmation”
is received of a successful implementation of the user story [Agile Alliance,
2018].

Our findings show a moderately strong association (Cramers ′V = 0.422)
between the use of the life-cycle pattern and less dependence on manual
testing of the product.
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5 discussion

5.1 Answers to our research questions

rq1 : how are agile practices used in startups Our results show
that start-ups use Agile practices, even though they do not follow any spe-
cific agile methodology. Such results confirm earlier findings, e.g., Giardino
et al. [2016], and Yau and Murphy [2013], stating that engineering practices
and processes in start-ups gradually evolve from rudimentary and ad-hoc
to more systematic.

The most frequently used practices are a backlog, version control, refac-
toring, user stories, unit tests, and kanban board. We could not identify
any clear tendencies comparing frequencies of practices between different
cohorts, e.g., team size, product stage, and team skill level.

The use of Agile practices does not imply that an organization follows
agile principles as proposed by the Agile manifesto [Beck et al., 2001].
Many of the Agile practices, for example, version control, unit testing, and
refactoring, among others, could be equally well applied with other types
of development methodologies. That said, a majority of start-ups character-
ize their development methodology as agile. Exploring the maturity of ag-
ile processes in start-ups remains a direction for further exploration [Gren
et al., 2015, Klotins et al., 2019a].

rq2 : what are the associations between specific agile prac-
tices and product factors We identify associations between the use
of Agile practices and product architecture, source code quality, test au-
tomation, and the overall level of quality. We could not identify any asso-
ciations regarding the quality and understandability of product documen-
tation.

Practices related to automation, e.g., unit tests, automated build, and
continuous integration, are associated with positive estimates on product
factors. Practices related to requirements quality, e.g., Given, when, then,
and INVEST, show negative associations. It could be that start-ups intro-
duce such practices as a response to the adverse effects of poor require-
ments. However, the causal effects of using Agile practices need to be ex-
plored further to draw any definitive conclusions.

The use of collective ownership is associated with negative estimates
of overall product quality. We propose two interpretations: a) collective
ownership exposes the actual state of product internal quality, b) collective
ownership has adverse effects.

If two or more developers collaborate on the same part of the product,
they may have a more objective view of its flaws. A single developer work-
ing on and “owning” a part of a product may be biased in estimating its
quality [Ozer and Vogel, 2015].
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Alternatively, inviting other developers to work on the part of a prod-
uct could introduce defects. Other developers, who are not the original au-
thors, may lack the essential contextual information to evaluate and change
the component without introducing defects. Practices such as unit testing,
continuous integration, and pair programming may help to prevent defects
and distribute knowledge in the team. Collective ownership could be an
example of a practice that must be supported by other practices to avoid
adverse effects.

rq3 : what are the associations between specific agile prac-
tices and team factors The most associations pertain to teams’ atti-
tudes towards following the best engineering practices. Both positive and
negative attitudes towards the best engineering practices are precedents for
using several practices. Automation practices, such as unit tests and contin-
uous integration, are associated with positive attitudes. However, control
and planning practices, such as the definition of done, burndown chart,
relative estimation, and velocity, are associated with negative attitudes to-
wards following the best engineering practices. We explain such results
with the need for tighter control over the team’s performance when they
do not see the benefits of following the best practices.

We observe several associations between the use of Agile practices and
respondents’ estimates towards time and resource pressures. The use of
burndown charts and relative estimates are associated with less pressure.
We interpret such findings that the use of resource planning and control
practices helps to plan any amount of resources better and alleviate the
pressure.

We have not identified any associations about communication in the
team. Other authors, e.g., Yau and Murphy [2013] and Sutton et al. [2000],
have identified that in small start-up teams, communication is not an issue.
Small collocated teams do not need additional support for coordination.
Such finding leads us to argue that the primary reasons for introducing
Agile practices in start-ups are tighter control over a team’s performance
and resource utilization.

5.2 Implications to research

With this study, we have set forth a number propositions for further investi-
gation. Looking at the propositions, summarized in Figure 6.4, we identify
several cross-cutting concerns to address with further studies in the area.

Our results suggest that start-ups adopt Agile practices one by one with-
out following any particular agile methodology, e.g., scrum or XP. Such
finding is supported earlier work, for example, Giardino et al. [2016] and
Gralha et al. [2018], reporting that new practices are introduced grad-
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ually and aimed at addressing specific concerns. However, existing re-
search on adopting agile software engineering considers mostly the adop-
tion of whole methodologies, e.g., scrum, or XP, and not individual prac-
tices [Dybå and Dingsøyr, 2008]. We identify an opportunity for more fine-
grained research on how to adopt Agile practices in small organizations to
address their specific concerns.

Related work identifies the need to be more flexible and to alleviate the
need for rigorous upfront planning as the primary goal for adopting ag-
ile. Other objectives include the aim to improve product quality, shorten
feedback loops with customers, and to improve teams’ morale [Dybå and
Dingsøyr, 2008]. Such objectives are superficial and do not support the
adoption of specific practices or addressing specific start-up specific chal-
lenges [Giardino et al., 2014a]. We identify an opportunity to explore prece-
dents of introducing specific Agile practices, and also longitudinal studies
examining the effects of specific practices.

5.3 Implications for practitioners

Examining our findings, we identify several relevant patterns for practi-
tioners.

Teams’ attitudes towards following the best engineering practices appear
as a strong denominator of adopting a range of Agile practices. Positive
attitudes towards good practices drive the adoption of automated testing
and continuous integration. Such practices have further positive effects on
software quality.

Negative attitudes towards the best practices are associated with the use
of practices for progress control, such as the definition of done, burndown
chart, and effort estimation. Our explanation for such a finding is that
teams implement such practices to have tighter control over the develop-
ment process.

Our results suggest that the primary benefits of adopting Agile practices
are tighter control over the team’s performance and product quality. The
use of progress control practices alleviates resource pressures.

6 conclusions

In this study, we investigate associations between the use of Agile practices
and perceived impact on various product and team factors. Based on our
findings, we set forth a number of propositions that narrow down the
space of investigation for future studies on Agile practices and start-ups.

We conclude that start-ups adopt Agile practices, however do not follow
any specific methodology. The use of Agile practices is associated with im-
proved product quality, more positive attitudes towards following the best
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engineering practices, and tighter control over resource utilization. How-
ever, the exploration of the causal effects remains a direction of further
work.

We have formulated several implications for researchers and practition-
ers. We identify an opportunity for more fine-grained studies (on practice
level) into the adoption and effects of Agile practices. We conclude that
Agile practices show a potential to be used in start-ups setting, however
adopting individual practices without considering the supporting prac-
tices could lead to adverse effects.
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7
S O F T WA R E S TA RT- U P S T H R O U G H A N E M P I R I C A L
L E N S : A R E S TA RT- U P S S N O W F L A K E S ?

Most of the existing research assume that software start-ups are “unique”
and require a special approach to software engineering. The uniqueness
of start-ups is often justified by the scarcity of resources, time pressure,
little operating history, and focus on innovation. As a consequence, most
research on software start-ups concentrate on exploring the start-up con-
text and are overlooking the potential of transferring the best engineering
practices from other contexts to start-ups.

In this paper, we examine results from an earlier mapping study report-
ing frequently used terms in literature used to characterize start-ups. We
analyze how much empirical evidence support each characteristic, and
how unique each characteristic is in the context of innovative, market-
driven, software-intensive product development.

Our findings suggest that many of the terms used to describe start-ups
originate from anecdotal evidence and have little empirical backing. There-
fore, there is a potential to revise the original start-up characterization.

In conclusion, we identify three potential research avenues for further
work: a) considering shareholder perspective in product decisions, b) pro-
viding support for software engineering in rapidly growing organizations,
and c) focusing on transferring the best engineering practices from other
contexts to start-ups.

1 introduction

In recent years, software start-ups have gained attention from the research
community. In 2014, a systematic mapping study by Paternoster et al.
[2014] highlighted the lack of relevant research addressing software engi-
neering in start-ups. Results of this paper are reused by most subsequent
studies on software start-ups.

In 2016, Unterkalmsteiner et al. [2016] published a research agenda iden-
tifying further research directions in the area. These directions explore
start-ups from software engineering perspective and only superficially
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touches upon other, e.g. marketing and business, aspects of start-ups. The
underlying idea is that the core of a start-up is development and mainte-
nance of a software-intensive product. Thus, shortcomings in the product
development could hinder any subsequent attempts to build a sustainable
business around it [Klotins et al., 2017].

Since 2014, a substantial corpus of empirical data on software start-
ups has been collected and analyzed, for example, Giardino et al. [2015a],
Klotins et al. [2019b,a], and Tripathi et al. [2018]. Several models are pro-
posed to explain software engineering in start-ups, for example, Giardino
et al. [2016], Giardino et al. [2014b], and Klotins et al. [2018b].

Most of the recent research on software start-ups focus on exploring en-
gineering context and used practices. The exploration is motivated by the
premise that start-ups are “special” and “unique”, thus require a special
approach to software engineering, for example, Sutton et al. [2000], Blank
[2013b], Gralha et al. [2018], and Duc et al. [2017]. At the same time, sys-
tematic adoption of existing engineering practices for use in start-ups had
attracted little attention [Klotins et al., 2015, Berg et al., 2018].

The empirical data, for instance, Coleman and O’Connor [2008], Klotins
et al. [2019a], Klotins et al. [2019b], and Giardino et al. [2015a], show lit-
tle evidence of anything special, regarding software engineering, in start-
ups compared to other market-driven organizations developing innova-
tive software-intensive products. Such results invite to revisit the initial
premise.

Understanding to what extent software start-ups are different from es-
tablished organizations is central to transferring the best engineering prac-
tices from other contexts to start-ups. If start-ups are different, the differ-
ences need to be explored to develop start-up specific engineering prac-
tices. If start-ups are not different, further research needs to emphasize the
transfer of the best engineering practices from other contexts to start-ups.

There has been a limited success with formulating a crisp and distinctive
definition of a software start-up [Sánchez-Gordón et al., 2016, Unterkalm-
steiner et al., 2016].

Ries [2011] broadly defines start-ups as human institutions aiming to de-
liver new products or services under extreme uncertainty. Carmel [1994a]
defines start-ups as new, market-driven companies aiming to launch soft-
ware product fast with minimal resources. Unterkalmsteiner et al. [2016]
define software start-ups as newly founded companies developing software-
intensive products under time and resource pressures.

In our earlier study, we define start-ups as small companies created to
develop and to market an innovative and software-intensive product and
to aim to benefit from economies of scale [Klotins et al., 2018a]. These defi-
nitions describe software start-ups, however miss to convey any distinctive
features.
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Blank [2013b] argues the key difference between start-ups and estab-
lished organizations is that established organizations aim to execute their
business model, while start-ups are searching for one. To software engi-
neers, this difference translates into a focus on iterative development, fre-
quent product releases, and extensive use of customer feedback. A very
similar approach is used for market-driven product development in estab-
lished organizations [Dahlstedt et al., 2003].

Paternoster et al. [2014] compile a list of recurring terms describing soft-
ware start-ups. The terms are, for example, lack of resources and experi-
ence, time pressure, small team, high risk of failure among others. This
list is often used by later studies, for example, Gralha et al. [2018], Gia-
rdino et al. [2015a], Giardino et al. [2016], and Klotins et al. [2019b], to
define what is a start-up and to justify their uniqueness. However, the list
is meant to “illustrate how authors use the term software startup”, and
does not imply any empirical grounding.

The objective of this study is to examine how much empirical support
there is for “unique” characteristics of start-ups. We analyze the list of start-
up characteristics proposed by Paternoster et al. [2014] and trace the sup-
porting literature. Then, we examine the literature to estimate how much
empirical support there is for each characteristic.

The rest of this paper is structured as follows: In Section 2 we exam-
ine the terms and the supporting evidence. In Section 3 we discuss our
findings. Section 3 concludes the paper.

2 start-up characteristics

We use the list of recurring terms characterizing software start-ups by Pa-
ternoster et al. [2014], to drive our analysis. The original list contains the
following characteristics:

1. Lack of resources - Economical, human, and physical resources are
extremely limited.

2. Highly Reactive - Startups are able to quickly react to changes of the
underlying market, technologies, and product (compared to more
established companies)

3. Innovation - Given the highly competitive ecosystem, startups need
to focus on highly innovative segments of the market.

4. Uncertainty - Startups deal with a highly uncertain ecosystem under
different perspectives: market, product features, competition, people
and finance.

5. Rapidly Evolving - Successful startups aim to grow and scale rapidly.
6. Time-pressure - The environment often forces startups to release fast

and to work under constant pressure (terms sheets, demo days, in-
vestors’ requests)
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7. Third party dependency - Due to lack of resources, to build their
product, startups heavily rely on external solutions: External APIs,
Open Source Software, outsourcing, COTS, etc.

8. Small Team - Startups start with a small numbers of individuals.
9. One product - Company’s activities gravitate around one produc-

t/service only.
10. Low-experienced team - A good part of the development team is

formed by people with less than 5 years of experience and often
recently graduated students.

11. New company - The company has been recently created.
12. Flat organization - Startups are usually founders-centric and every-

one in the company has big responsibilities, with no need of high-
management.

13. Highly Risky - The failure rate of startups is extremely high.
14. Not self-sustained - Especially in the early stage, startups need ex-

ternal funding to sustain their activities (Venture Capitalist, Angel
Investments, Personal Funds, etc.).

15. Little working history - The basis of an organizational culture is not
present initially.

For the brevity of our discussion, we group these terms them into 6

categories as some of the terms appear to be related.
In the following subsections, we examine sources of the characteristics.

We look into papers, identified by the review [Paternoster et al., 2014], to
find empirical support each start-up characteristic. In our review, we in-
clude both papers listed by the mapping study and any relevant papers
referenced by the listed papers. In essence, we attempt to trace the original
statement, a piece of data that inspired the formulation of each character-
istic. In addition, we discuss to what extent each characteristic is relevant
in other types of organizations.

2.1 Lack of resources and dependency on external sponsors

Lack of human, economic, and physical resources to support product en-
gineering is the most frequently used term to describe software start-ups.
It is related to dependencies on 3rd parties for funding and having not
enough cash-flow to be self sustainable [Paternoster et al., 2014].

Following the references, we found 24 papers, of which 17 analyze em-
pirical data. We review these 17 papers to understand what exact empirical
data was the basis for claiming that lack of resources and dependency of
external sponsors are characteristic to start-ups.

Some of the papers discuss the need or intention to allocate resources
to support product engineering, and not the lack of resources as a chal-
lenge [Yogendra and Sengupta, 2002, Yoffie and Cusumano, 1999, Carmel,
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1994b]. Coleman and O’Connor [2008] reference an experience report from
a start-up company. The start-up, operating in 1992 was not able to af-
ford then costly Internet connection and had relied on public Internet ac-
cess elsewhere. May [2012] discusses wasted resources in a start-up due
to poor work ethics and using sub-optimal technologies. Mudambi and
Treichel [2005] and Yoo et al. [2012] argue that small organizations have
lesser resources at hand than larger organizations and may not yet have
a sustainable revenue, thus resource allocation is an ongoing issue. Later
studies elaborate on the impact of resource shortages.

Giardino et al. [2015a] report allocation of resources as one of the Top
10 challenges in start-ups, and elaborates that a studied company was un-
able to solve some technical problems in the product due to insufficient
resources. Lindgren and Münch [2016] report that start-ups were not able
to utilize experimentation to a full extent due to limited resources. Jør-
gensen [2017] report that shortages in human resources caused delays in
product development, and a project was canceled due to an insufficient
budget.

Related work on project resource management suggests securing suffi-
cient resources is one of the critical steps in project inception and is linked
to project success [Snyder, 2014]. In both plan-driven and agile environ-
ments, the presence of a committed sponsor is one of the key denominators
for project success [Chow and Cao, 2008]. The trade-offs between features,
resources, and quality, are common in any project [Junk, 2000, Elonen and
Artto, 2003]. In this aspect, start-ups do not look any different.

Suominen et al. [2017] investigates the impact on venture capital to start-
ups prospects and identifies that external funding has no significant effect
on start-up outcome. Therefore, the focus of further research and practice
should be on better methods for engineering resource planning, control,
and risk management, to make the best use of any amount of resources.
Hadley et al. [2017] presents similar findings suggesting an association
between venture capital and negative long-term consequences.

A report by Harvard Business Review [P. Azoulay, 2018] report that ven-
ture capitalists prefer investing in start-ups with younger founders, even
though the odds of commercial success are with older and more expe-
rienced founders. The report points out that younger founders could be
more financially constrained, thus be more willing to cede their business
to venture capitalists at a lower price. In other words, young and inexpe-
rienced founders could provide higher returns of investment for venture
capitalists.

The related work so far does not present any convincing evidence that
start-ups would experience the trade-off between resources, scope, and
quality differently than other organizations [Junk, 2000]. However, the re-
lated work suggests that a potential difference between start-ups and es-
tablished organizations could be that in an established organization project
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sponsor and the project team are from the same organization, thus share
the same goals to serve customers, improve internal efficiency, and ful-
fill organization’s mission. However, start-ups are often funded by other
organizations, for example, venture capitalists. Thus, their goals may not
always be aligned [Suominen et al., 2017, P. Azoulay, 2018].

As shown by P. Azoulay [2018], venture capitalists could aim to maxi-
mize their return on investment. Start-up founders, in turn, could be moti-
vated by an intent to bring their ideas to market, desire for autonomy, and
need for accomplishment among other factors [Estay et al., 2013].

2.2 Time pressure

Time pressure is often used in combination with a lack of resources to de-
scribe start-ups [Nguyen-Duc et al., 2017]. The pressure supposedly origi-
nates from investors, external deadlines, and contracts. Following the ref-
erences, we found 13 supporting papers, of which 6 use empirical data [Pa-
ternoster et al., 2014].

Examining the papers closer, we found that none of the papers use any
data to justify the time pressure in start-ups. However, the papers present
a discussion motivating the need for faster delivery time to reduce op-
portunity cost [Blank, 2013b, Tingling and Saeed, 2007, Payne et al., 1996].
Start-ups aim to spend as little time as possible on activities that have an
uncertain contribution to customer value, e.g., building invented features.

Giardino et al. [2016] identifies development speed as the core concept
in start-ups. It is motivated by the need to keep the team’s morale high and
to validate the product idea fast. Another study by Giardino et al. [2015a]
links time pressure with available resources and the need to establish a
sustainable stream of revenue quickly.

These findings suggest that the time pressure originates from internal
considerations and resource limitations, and not from competition or ex-
ternal deadlines. Thus, start-ups may have relative freedom to control the
development pace and address the trade-off between quality and speed.
Concerning time pressure, established companies face the same opportu-
nity costs. However, they may have more resources at hand to sponsor the
product development for longer.

2.3 Innovation

Focus on innovative technologies, products, and market segments is an-
other term used to characterize start-ups [Paternoster et al., 2014]. Follow-
ing the references, we identified in 15 papers, of which 9 uses empirical
data, concerning innovation in start-ups.
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These studies show that start-ups use innovative offerings primarily to
differentiate from other competitors in the market [Yogendra and Sen-
gupta, 2002, Carmel, 1994b]. The innovation in start-ups is to a large extent
incremental and adds slight improvements to an existing product [Linda,
2010, Yogendra and Sengupta, 2002]. The innovative aspects can concern
product features, quality, packaging, and marketing [Kakati, 2003].

Continuous innovation, driven by the innovation strategy, is essential to
maintain a competitive edge [Linda, 2010, Kakati, 2003]. Heitlager et al.
[2007] argue, albeit without empirical support, that start-ups start with
product innovation to enter the market, followed by process innovation to
improve efficiency.

Multi-vocal literature recognizes multiple types of innovation, for ex-
ample, incremental and process innovation, business model innovation,
radical and disruptive innovation [typ]. Incremental, process and business
model innovation appears to be most suited for small organizations as
they focus on improving already known features, activities, and business
models [Kakati, 2003]. However, disruptive and radical innovation requires
substantial investments and time to replace existing products and create
entirely new markets with new business models [rad]. Thus, these types
of innovation could be less suited for resource-strapped start-ups.

Regarding innovation, larger organizations may have the leverage to
push more ambitious innovations than small start-ups. For example, Apple
had created several disruptive innovations by launching its music platform,
iPhone, and AppStore. Such innovations were enabled by their experience
within the market, human, organizational and economic resources, and
their brand name [West and Mace, 2007]. However, start-ups lack most, if
not all, such enablers. Regarding innovation, start-ups may have to be more
modest than established organizations [Slinger Jansen, Sjaak Brinkkemper,
Ivo Hunink, 2008].

2.4 Rapidly evolving new company

Terms such as rapid evolution, a new company, small and flat team, focus
on one product, and little working history are supported by 34 papers, 22

of them analyzing empirical data [Paternoster et al., 2014].
There is an agreement among the papers that start-ups are new orga-

nizations established by one or a few founders championing the product
idea [Yogendra and Sengupta, 2002, Carmel, 1994b, May, 2012]. More peo-
ple, resources, and processes are brought in to support product develop-
ment and customer service. More processes and artifacts are introduced as
the organization grows [Carmel, 1994b, Coleman and O’Connor, 2008].

Surprisingly, none of the studies present data illustrating the start-up
growth. The growth is extrapolated from interviewee reflections (e.g. Cole-
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man and O’Connor [2008]), a generalized model ([Carmel, 1994b]), and
plans to grow customer volume and market share rapidly (Yogendra and
Sengupta [2002]).

Later studies identify evolving engineering practices in start-ups. Gralha
et al. [2018] and Melegati et al. [2016b] identify that requirements engineer-
ing practices in start-ups develop from informal to more structured as the
start-up matures. Giardino et al. [2016] identifies a similar pattern in the
adoption of agile practices. Early on, start-ups opt for an ad-hoc approach
to engineering and introduce new practices as needed. Introduction of new
practices and processes impair development speed, however improve coor-
dination and product quality [Klotins et al., 2018a, Giardino et al., 2016].

Established organizations, compared to start-ups, are per definition more
stable. Although organizational changes occur in established organiza-
tions, they are supported by processes, infrastructure, and concern one
or few aspects of the organization at the time [Zhou et al., 2006]. Therefore,
rapid evolution in multiple aspects at once could be the most substantial
difference between start-ups and other types of organizations.

2.5 Lack of experience

Inexperienced start-up teams are reported as a common theme in litera-
ture [Paternoster et al., 2014]. This term is supported by 7 papers. However,
by looking at the papers closer, we found that none of them present any
empirical data supporting the statement.

By analyzing the papers, we found several studies presenting data and
analysis providing a strong link between the experience of the teams
and prospects of start-up success [Kakati, 2003, Yoo et al., 2012, Carmel,
1994b]. More experienced people require less management [Coleman and
O’Connor, 2008], and are an essential resource for rapid product develop-
ment [Carmel, 1994b, Ambler, 2002]. However, May [2012] and Giardino
et al. [2015a] note that it is not always easy to find skilled and motivated
individuals.

A report by Harvard Business Review [P. Azoulay, 2018] analyzing a
large sample of founders from the US show that most start-up founders
are 30 - 50 years old. The average age of commercially successful start-up
founder is 45. Authors of the report emphasize the importance of previous
experience and acumen to start a new business that comes with older age.
Such findings refute the idea of young and inexperienced start-up founders
as a typical case.

Other studies add further support for the importance of technical and
business experience to start-up success [Zhang, 2011, Politis, 2008]. Gia-
rdino et al. [2016] emphasizes the importance of a small and motivated
team of skilled individuals. However, we could not find any evidence that
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start-ups would have disproportionally more inexperienced engineers than
any other type of organization.

Established organizations put substantial effort into on-boarding new
software engineers. For example, by providing on-the-job training, mentor-
ing, employee guides, and so on [Johnson and Senges, 2010]. It could take
several months until a recruit reaches full productivity [Ganzel, 1998]. A
small start-up may lack the capacity to provide such resources to new engi-
neers. As a consequence, start-ups may aim to hire engineers with relevant
technical and domain knowledge to compensate for the lack of on-the-job
training.

2.6 Highly risky

High risk of failure and uncertainty is identified as characteristic to start-
ups is supported 12 studies, of which 8 uses empirical data [Paternoster
et al., 2014].

Examining the studies further, we found that none of them present
any data on start-up failure rate. Blank [2013b] estimates a 75% failure
rate among start-ups and motivates it by a report from Harvard Business
School. However, we were not able to find the original report.

Looking further, we found a study reporting small business survival
rate of 66% after the first year, and 40% after six years or more [Headd,
2003]. The sample includes all types of recently established small busi-
nesses. While exact numbers from different sources vary, they agree that
most new companies do not survive past the first few years. That said, we
were not able to find any credible source estimating a general failure rate
among start-ups.

Carmel [1994a] emphasizes that launching a new venture is inherently
associated with the risk of failure. However, estimating success and fail-
ure rate of start-ups is difficult. Likely, many start-up initiatives are closed
down before they appear on any records. After closure, there is no evi-
dence left behind to be studied. Part of the difficulty to estimate start-up
failure rate is lack of a clear definition of what is a start-up, and what are
their success and failure conditions.

Traditional project management literature considers a project success-
ful if it is delivered within budget, time, and scope [Snyder, 2014]. The
economic perspective on start-ups identifies return of investment as the ac-
curate measure of success [Reid and Smith, 2000]. Customer-centric view
proposes to use customer satisfaction to assess the project success [Sauvola
et al., 2015]. Carmel [1994a] argue that speed is the essential success metric
in start-ups.

So far, the related work does not present any evidence that start-ups
would have substantially different survival rate than other types of recently
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established ventures. However, as we have discussed earlier, start-ups may
have stakeholders with different interpretations of success. For example,
the investors could be looking for specific return of investment ratio. The
odds of attaining such specific objectives could be much lower than of
general survival of the company.

3 discussion

We perform this inquiry to understand if there is enough evidence to claim
that start-ups are different from established companies and need a differ-
ent approach to software engineering. We examine 15 start-up character-
istics that are often used to define and differentiate start-ups from estab-
lished organizations.

By reviewing the literature, we identify several common shortcomings.
Firstly, many studies present an anecdotal characterization of start-ups.
Such characterization of start-ups is often placed in the introduction, moti-
vating the study. Meanwhile, the research itself focuses on different aspects
that neither add or remove support for the characteristics. Such anecdotes
propagate, are generalized by further studies, and cause misconceptions
about engineering start-ups.

Secondly, studies investigating start-ups rarely, if at all, discuss their
findings in a broader context. As a consequence, some challenges, for ex-
ample, lack of resources and innovation, are presented as unique to start-
ups. Such narrow focus takes away the opportunity to transfer the best
engineering practices from other contexts to start-ups, and vice versa.

By evaluating the actual empirical evidence, we find little support for
most of the characteristics. For example, we could not find any empirical
evidence showing that start-up teams are inexperienced. Quite the oppo-
site, empirical studies show that start-ups are often founded by middle-
aged entrepreneurs with substantial experience and business acumen. Fur-
thermore, some of the characteristics that are presented as “unique” to
start-ups are common in other types of organizations. For example, the
challenge of balancing project scope with available resources is hardly
unique to start-ups. In other words, by examining the literature, we could
not find convincing empirical evidence that start-ups would be in any way
“unique” regarding software engineering. Such results suggest that the fo-
cus of further research should be on transferring the best engineering prac-
tices from established organizations to start-ups.

We identify several limitations concerning our study. The start-up char-
acteristics discussed in this paper are based on work by Paternoster et al.
[2014]. There could be other studies more accurately describing start-ups
and emphasizing their distinctive characteristics. However, to our best
knowledge, the terms identified by Paternoster et al. are the most com-
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monly used, thus serve as a good enough basis to raise the discussion on
what is so special about software engineering in start-ups.

The literature analyzed in this paper is identified by following trace-
ability information provided by Paternoster et al. [2014]. There is a threat
that this information is incomplete and we may have overlooked some im-
portant studies. To address this treat, and explore a concept in a broader
context, we perform independent searches for relevant literature.

Our discussion is limited only to software engineering perspective of
start-ups. Other perspectives, for example, business, finances, and market-
ing could present more distinct differences between start-ups and estab-
lished organizations. Such other perspectives are left out from our discus-
sion.

4 conclusions and further work

In this paper, we examine the commonly used characteristics to distinguish
between start-ups and established organizations. We found that most of
the frequently used start-up characteristics have little empirical support,
and some of the characteristics are present in larger organizations as well.
We conclude that the terms characterizing software start-ups, and the defi-
nition of software start-ups from software engineering perspective need to
be revised.

Such finding has implications to our main question whether or not start-
ups are special, and should use different engineering practices than small-
medium enterprises and other types of organizations. We could not find
convincing evidence that start-ups need a different approach to engineer-
ing than other types of organizations. We found that rapid evolution and
conflicting stakeholders objectives could be adding extra complexity to
software engineering. Such additional complexity suggests that start-ups
should be more, not less, structured in following the best engineering prac-
tices.

From our analysis, we identify three potential research directions con-
cerning software start-ups.

1. Rapid evolution: Growing an organization from a few people to mul-
tiple teams working together in a short time requires an evolution of com-
munication and coordination practices as well. Practices that work with
few engineers, customers, and a small product, will not suffice in a larger
team, thousands of customers and a complex product. There are plenty of
engineering practices aimed at dynamic environments, e.g., agile. However,
realizing the need for, selection, and continuous adoption of new practices
is a major engineering challenge.

2. Thinner margins of error: Given their small size and dependency on
external sponsors, start-ups have little margin for errors. The errors may
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concern both product decisions, e.g., what features and quality to build,
and process decisions, e.g., determining the most efficient way of deliver-
ing the features. Larger organizations could cover losses of one product
with profits from another. And, compensate for inefficient practices with
more resources. However, in start-ups failure to deliver customer value
quickly usually means the closure of the company. To software engineers,
this translates into the need for proven engineering methods, continuous
process improvement, stricter control over resource utilization, and better
risk management.

3. Misaligned stakeholder objectives: When project sponsors and the
project team are from the same organization, they share the same high-
level goals, e.g., to serve their customers, and fulfill the company’s mission.
However, in start-ups project sponsors could be from a different organiza-
tion, thus may have very different goals. For instance, venture capitalists
may aim to maximize the returns of investment, while a start-up could aim
to pioneer an innovative technology. To software engineers, this implies the
need to balance the interests of different stakeholder groups, namely, cus-
tomers, shareholders, and the start-up itself.
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8
A C O L L A B O R AT I V E M E T H O D F O R I D E N T I F I C AT I O N
A N D S E L E C T I O N O F D ATA S O U R C E S I N
M A R K E T- D R I V E N R E Q U I R E M E N T S E N G I N E E R I N G

Requirements engineering (RE) literature acknowledges the importance of
early stakeholder identification. However, the challenge of identifying and
selecting the right stakeholders and the potential of using other inanimate
requirements sources for RE activities for market-driven products is not
extensively addressed.

Market-driven products are influenced by a large number of stakehold-
ers. Consulting all stakeholders directly is impractical, and companies uti-
lize indirect data sources, e.g. documents and representatives of larger
groups of stakeholders. However, without a systematic approach, compa-
nies often use easy to access or hard to ignore data sources for RE activities.
As a consequence, companies waste resources on collecting irrelevant data
or develop the product based on the sub-optimal information sources that
may lead to missing market opportunities.

We propose a collaborative method to support identification and selec-
tion of the most relevant data sources for MDRE. The method consists of
four steps and aims to build consensus between different perspectives in
an organization and facilitates the identification of the most relevant data
sources. We demonstrate the use of the method with two industrial case
studies.

Our results show that the method can support identification and selec-
tion of the most relevant data sources for MDRE in two ways: (1) by provid-
ing systematic steps to identify and prioritize data sources for RE, and (2)
by highlighting and resolving discrepancies between different perspectives
in an organization.

1 introduction

The success of software projects is determined by the degree of stake-
holder satisfaction [Agarwal and Rathod, 2006]. Requirements engineer-
ing (RE) aims to elicit stakeholder needs, constraints and wishes to sup-
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port the rest of software engineering activities [Hofmann and Lehner,
2001b, IEEE Computer Society, 2014]. Software companies operating in
a Market-driven Requirements Engineering context (MDRE) [Regnell and
Brinkkemper, 2005a] need to accurately identify many heterogeneous re-
quirements sources, e.g. customers, end-users, prospects, partners, com-
petitors, domain experts, internal engineering, business, marketing, sales
representatives, external investors, regulators to name a few. Such a large
and diverse group of stakeholders with different interests, inconsistent
needs, and varying levels of commitment makes requirements engineer-
ing challenging [Hamka et al., 2014, Anwar and Razali, 2016, Regnell
and Brinkkemper, 2005a] and greatly contributes to overloaded require-
ments engineering [Regnell and Brinkkemper, 2005a]. Therefore, timely
filtering of requirements sources emerges as one of the crucial factors in
MDRE. Digitalization and pervasive connectivity significantly contribute
to a paradigm shift towards data-driven user-centered identification, prior-
itization, and management of software requirements [Maalej et al., 2016].

The Software Engineering Body of Knowledge (IEEE Computer Society
[2014]), the Software Engineering Institute (Software Engineering Institute
[2006]) and the Rational Unified Process (Kruchten [2000]) acknowledge
the importance of stakeholder identification and highlight that relevant
stakeholders should be identified early in the product life-cycle process.
At the same time, these reports seem to underestimate the challenges as-
sociated with it, especially in MDRE. The focus is primarily on catego-
rizing [Software Engineering Institute, 2006, Singh, 1996, Pressman, 2001,
Sommerville, 2010, Lauesen, 2001] rather than exploring relationships and
dynamic interactions, as only some authors emphasize interactions [Sharp
et al., 1999, Preiss and Wegmann, 2001].

Stakeholders in MDRE often are unaware of their roles, have difficulty
articulating their needs towards a new product, or could be uninterested
to collaborate [Davis et al., 2006b]. Furthermore, requirements engineers
may not be aware of all relevant stakeholders [Wnuk, 2017, Paternoster
et al., 2014]. Therefore, software requirements often cannot be elicited
from stakeholders in a traditional sense, e.g., by arranging elicitation inter-
views. Instead, the stakeholders and their needs emerge from continuous
interactions between the market, developers, and the product [Alspaugh
and Scacchi, 2013, Groen et al., 2017]. Frequent releases and analyzing
customer feedback are the essential practices to learn about stakeholders’
needs [Alves et al., 2006, Dahlstedt et al., 2003, La Rocca et al., 2016].

Interactions among a large number of stakeholders produce a continu-
ous flow of data, such as feature ideas, feedback, problem reports, requests
for specific customizations, product usage data, market analysis reports
and so on [Dahlstedt et al., 2003]. Documenting, analyzing, and prioritiz-
ing input from all these sources is impractical [Alves et al., 2006, Karlsson
et al., 2007]. As a consequence, companies often opt for the most natural
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path and consult with the most accessible sources of information [Klotins
et al., 2017, Pacheco and Garcia, 2012]. For example, by inventing require-
ments internally [Karlsson et al., 2007], and by responding to customer-
specific feature requests [Klotins et al., 2019b]. However, when consider-
ing the needs of few stakeholders instead of a broader market, companies
may miss the opportunities for growth and revenue that market-driven
products can offer [Pacheco and Garcia, 2012, Alves et al., 2006]. Finally,
although some consider multiple roles (viewpoints) in requirements pri-
oritization [Xiaoqing Liu et al., 2004], considering and balancing various
data sources remains largely unexplored.

In this paper, we present a method for identification and selection of the
most relevant data sources for MDRE. The method is aimed to a) support
identification of relevant data sources, b) support ranking of data sources
by their relevance, c) support prioritization of data sources in changing
market needs and contextual factors.

The rest of this paper is structured as follows. Section 2 provides back-
ground and summarizes related work in the area, Section 3 describes the
steps the research methodology, Section 4 presents the method and its
steps, Sections 5.1 and 5.2 describes a static validation of the method, Sec-
tion 8 concludes the paper.

2 background and related work

RE is an integral part of a software product strategy definition that shapes
the management of software products. Software Product Management
(SPM) is a collaborative effort comprising of, e.g. marketing, sales, engi-
neering, operations, and business development perspectives [Kittlaus and
Fricker, 2015]. The roles involved in product development may differently
perceive the importance of different data sources and stakeholders behind
them. This contributes to the challenge of reaching a consensus within an
organization of which data sources to select.

2.1 Data sources in MDRE

Bespoke requirements engineering typically elicits requirements from a
limited number of customer representatives via interviews, focus groups,
observations or similar methods [IEEE Computer Society, 2014]. In MDRE,
companies are part of a loose network of customers, end-users, prospects,
technology trends, partners, suppliers, other products, competitors and
alike [Regnell and Brinkkemper, 2005a]. Requirements towards the prod-
uct emerge from interactions between stakeholders and the product con-
text [Groen et al., 2017, Jin et al., 2016].
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The main challenges are that there are too many potential requirements
sources and not all are equally promising or important [Karlsson et al.,
2007, Dahlstedt et al., 2003]. The interactions with a large number of stake-
holders produce a continuous flow of feature ideas, feedback, problem
reports, requests for specific customizations, and so on [Dahlstedt et al.,
2003]. Moreover, connectivity and social media make it very easy to submit
feedback about the software products. The consequence is an inevitable
evolution of MDRE into collaborative, data-driven and user-centered iden-
tification, prioritization and management of software requirements [Maalej
et al., 2016]. The emerging importance of implicit requirements feedback
from product usage data calls for improved methods for filtering and syn-
thesizing large amounts of user data.

Equally investing in documenting, analyzing, and prioritizing require-
ments from each data source is impractical [Alves et al., 2006, Karlsson
et al., 2007]. As a consequence, companies consult with the most accessi-
ble sources [Klotins et al., 2017, Pacheco and Garcia, 2012], invent require-
ments internally [Karlsson et al., 2007], or respond to customer-specific
feature requests [Klotins et al., 2019b,a]. However, for new and innova-
tive products candidate data sources and their relevance may be unknown,
with the consequence that companies may miss growth opportunities that
market-driven products can offer [Pacheco and Garcia, 2012, Alves et al.,
2006].

2.2 Review of existing methods

A recent systematic review identifies a number of methods for stakeholder
identification and quantification [Hujainah et al., 2018]. These methods pro-
pose stakeholder high level classes, e.g. into customers, development team,
and business [Babar et al., 2014b, Gu et al., 2011, Pacheco and Garcia, 2012],
and triage into mandatory, optional, and nice-to-have stakeholders [Razali
and Anwar, 2011]. However, these methods are not specifically designed
for MDRE and lack support for identification and classification of inani-
mate data sources.

We perform a follow-up search based on the results from Hujainah et al.
[2018] and Bano et al. [2014]. We use snowball sampling to identify exiting
stakeholder identification and classification methods. We evaluate identi-
fied methods for suitability for use in MDRE and crowd requirements en-
gineering contexts [Groen et al., 2017, Maalej et al., 2016]. We set forth the
following evaluation criteria:

1. Support for identification and classification of different types of data
sources such as individual people, large groups of people, docu-
ments, artifacts, product usage patterns and alike [Maalej et al., 2016,
Alexander, 2005].
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2. Support for collaboration between multiple analysts by capturing
and illustrating different perspectives, in contrast to capturing only
consensus view from the group [Aurum and Wohlin, 2003].

3. Support for adaptation of the method for use in different contexts.
Results of a method depends on how well it is suited for use in the
given context [Petersen and Wohlin, 2009].

We summarize our results in Table 8.1. We denote a method and criteria
with “Yes” if the method description clearly addresses the criteria. We use
“Partial” to denote potential method support for the criteria through an
extension or adaptation, we use ”No" to denote a clear lack of support.
Cases where a criterion is not applicable are denoted with “-”.

By reviewing the existing methods we observed several patterns. First,
we observe that several methods, for example, Babar et al. [2014a, 2015],
Razali and Anwar [2011], and Bendjenna et al. [2012], uses predefined gen-
eralized criteria for analyzing stakeholders. The proposed criteria, such
as interest and communication skills, are relevant for human stakeholders
and cannot be applied to artifacts. Thus, these methods are context specific
and difficult to are tailor for use in a crowd RE setting.

Ballejos and Montagna [2011] and Lim et al. [2010] proposes methods for
analyzing relationships between already known stakeholders. Both profes-
sional and personal relationships are relevant only for human stakeholders
and cannot be applied to inanimate objects, e.g. product usage data.

None of the reviewed methods with partial exception of Razali and An-
war [2011], support collaboration of multiple analysts. Razali and Anwar
[2011] suggest to extend the proposed method with prioritization tech-
niques supporting collaboration, such as AHP [Saaty, 1988].

We conclude that none of the reviewed methods is suitable for use iden-
tification and selection ofrelevant data sources for MDRE. Our work occu-
pies this research gap.

2.3 Decision making scenarios

Software engineering is a collaborative activity and requires cooperation
between multiple individuals [Whitehead, 2007]. Requirements engineer-
ing is a decision making activity to determine what functional or non-
functional features/requirements are needed [Aurum and Wohlin, 2003].

In general, there are two scenarios of decision making situations [Mat-
satsinis and Samaras, 2001]:

The group-based approaches aim to achieve consensus by discussion and
negotiation between the group members. This approach carries the risk
that the final outcome is dictated by more powerful members of the group.
The risk is particularly high in groups consisting of individuals from dif-
ferent levels of organizational hierarchy. Negotiations and discussions are
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possible only in relatively small groups, e.g. agile teams. Furthermore, indi-
vidual views in the group could be conflicting to a degree that a consensus
is impossible without compromising the final decision or rejecting conflict-
ing decision items. Thus, group-based approaches are feasible in relatively
small and rather aligned groups.

Individual-based approaches aim to support individuals in communicating
their perspective and aggregating individual views into a final decision.
Such approach treats each individual perspective as equal regardless of
rank and negotiation power. However, individual based approaches suffer
from the neglect of interactions, exchanges of ideas, and arguments that
arise from discussions in the group.

As shown by Tindale and Kameda [2000], the degree to which ideas,
preferences, knowledge, etc., are shared in the group determine the ac-
ceptance of the final decision, and affects the quality and accuracy of the
final decision. However, group discussions are not feasible in MDRE con-
text with a large number of stakeholders, enriched by product-usage data.
Thus, eliciting and aggregating individual perspectives is a more promis-
ing approach.

3 research methodology

We have followed the design science research method (DSRM) [Wieringa,
2014]. DSRM describes the steps to design an artifact considering two per-
spectives: i) a specific real-life situation requiring a practical solution, and
ii) an abstract, research view of the problem and solution. The method
consists of 6 steps, problem identification and motivation, definition of
objectives, design and development, demonstration, evaluation, and com-
munication. In the following subsections we describe each step in detail.

3.1 Research objectives

In this section, we formulate the research problem with a tempalate propsed
by Wieringa [2014]. The objective of this study is to:

• Improve identification and selection of the most relevant data sources
for MDRE

• with a systematic method
• ensuring transparency and building consensus between different per-

spectives
• to select the most relevant data sources for a given task.

To guide our research we formulate the following research questions:

RQ1: What are the needs towards a method for identification and selec-
tion of the most relevant data sources for MDRE?
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Rationale: By answering this research formulate specific requirements
towards the method.

RQ2: How a method can support identification and selection of the most
relevant data sources for MDRE?
Rationale: By answering this research question we aim to propose a
method design.

RQ3: What improvements to the method are needed for its use in indus-
try?
Rationale: We aim to validate the method in an industrial setting to
collect input for its further development.

The research questions are answered in an iterative process of the design
science methodology [Wieringa, 2014]. We identify the specific challenges
of selecting stakeholders and data sources, and review existing methods
in Section 2. We outline specific objectives of the method in Section 3.3,
the design steps are presented in Section 4. Objectives and steps of the
validation are outlined in Section 3.5, results of the validation are presented
in Section 5. We discuss our results in Section 7.

3.2 Step 1: Problem identification and motivation

This research is inspired by related work on innovative software-intensive
product engineering in MDRE and known challenges in MDRE [Karlsson
et al., 2007]. Several authors, e.g. Klotins et al. [2019b,a], Jin et al. [2016],
and Groen et al. [2017], identify requirements engineering, and specifically
the identification and selection of data sources representing key stakehold-
ers, as one of the key practices to ensure that the product offers the right
set of features and is technically and commercially successful. The simi-
lar challenge of identifying the right sources and filtering out the most
promising requirements makes MDRE difficult [Karlsson et al., 2007]. As
summarized in Table 8.1 there exist a shortage of methods for identifica-
tion and classification of data sources (both human and machine) in MDRE.
In particular, there is a need for developing methods that can support dif-
ferent types of data sources, collaboration between multiple analysts by
capturing and illustrating different perspectives and offer adaptation for
various contexts. Identification of appropriate data sources is central to
understanding the context in which the product is developed and oper-
ated [Tovar and Pacheco, 2006].

3.3 Step 2: Objectives of the method

The main objective of the method is to support identification and selection
of the most relevant data sources for MDRE, e.g. market analytics, people,
product usage analytics, sensor data, and similar, for consideration in new,
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innovative, market-driven, software-intensive product engineering. We de-
compose the main objective into sub-goals:

1. Support for adaptation of the method for solving specific problems
in different contexts

2. Support for identification and selection of the most relevant data
sources

3. Support for different types of data sources such as individuals peo-
ple, large groups, documents, artifacts, product usage data and alike

4. Support for collaboration and consensus building among multiple
analysts but also capturing the individual viewpoints and disagree-
ments

5. Transparency and understandability to comprehend the method and
its output.

3.4 Step 3: Design of the method

The method was incrementally designed in a series of review rounds. At
each round, the authors discussed design concerns, evaluated different
potential solutions, and updated the method accordingly. We documented
rationales behind our design choices and discussed potential alternative
solutions, see Section 4.

3.5 Step 4: Demonstration

We perform a static validation of the method with the purpose to eval-
uate its usability and collect feedback for further development of the
method [Gorschek et al., 2006]. The validation consists of the following
steps:

1. We start by presenting the aims of our study and establishing a com-
mon vocabulary. Throughout the demonstration we avoid posing our
own views, rather we elicit participants perspectives on data sources
identification and selection, utilized practices, and challenges from
their experience.

2. We ask the participants to describe a recent example where multiple
data sources were selected and used in crafting ideas for further prod-
uct development. We ask the participants to list all the data sources
that were considered and, with hindsight, rank them according to
their contribution to the outcome.
The purpose of this step is to establish a baseline for comparison with
the results from the method.

3. We continue by introducing the method step by step and ask partici-
pants to describe the trigger, list criteria, and candidate data sources
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that were relevant for the example. This step is done in a discussion
format inquiring participants about motivation of selecting or ignor-
ing certain data sources or criteria.
The purpose of this step is to validate constructs of the method, their
understandability, and practitioners ability to provide meaningful cri-
teria and data sources.

4. We ask participants to provide scores for criteria, evaluations to data
sources, and run the calculations to arrive to the final ranking. We
use a spreadsheet for data collection.
The purpose of this step is to arrive at ranking of data sources based
on the method for comparison with the baseline.

5. Reflections on the results. At the end, we ask participants to reflect
on the method and its results, compare it with the initial ranking,
and provide their perspective on the differences.

We conduct two case studies and describe results in Section 5. Demonstra-
tions are handled by the first and second authors with help of presentation
materials and a semi-structured interview guide. Two practitioners were
involved in each demonstration.

3.6 Steps 5-6: Evaluation and communication

Further evaluation and communication of the method is planned as con-
tinuation of this work. We aim to follow the technology transfer model by
Gorschek et al. [2006] and perform several industry feedback and method
improvement rounds.

The design for evaluation is similar to what we outline in Step 4. We
start by familiarizing the participants with the challenge of selecting data
sources, then we establish a baseline, guide the participants through the
method application, and help them to interpret the results. However, as
the method matures we would like to both reduce researcher support for
the use of the method and analyze new situations.

3.7 Threats to validity

We follow the guidelines by Runeson et al. [2012] and discuss the four
perspectives of validity threats.

3.7.1 Construct validity

Construct validity is concerned with establishing appropriate measures
to observe the intended concepts. Key concepts of the method originates
from related empirical work on innovative software-intensive product en-
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gineering and related work in MDRE and crowd RE. We conducted several
review rounds to refine formulations and relationships of the concepts.

We further strengthen the construct validity during the case study when
asking participants to discuss their view on practices and challenges asso-
ciated with stakeholder and data sources selection.

A threat is introduced by us potentially influencing the participants
views and responses. Knowing the objectives of our study, practitioners
may inflate the challenges of data sources selection. Furthermore, partic-
ipants may be reluctant to reveal their real opinions about the method
because the authors were present. To mitigate this threat we avoid posing
specific views, rather we introduce concepts neutrally and ask practition-
ers to reflect on their experience.

3.7.2 Internal validity

Internal validity is concerned with uncontrolled factors affecting causal re-
lationships between concepts. The method infers that criteria are the only
yardstick to rank data sources. There could be additional influences to
ranking that do not fall under our definition of criteria. To minimize this
threat, the method needs to be further validated and operationalized, as
well as more work is needed towards understanding decision-making fac-
tors in stakeholder selection.

A potential limitation of the method is the need to avoid ties between
the criteria. Having dependencies between criteria would impair rankings
and the final results. We plan to explore different strategies for removing
this limitation with further work.

3.7.3 External validity

External validity is concerned to what extent the results can be generalized
outside the studied cases and remains the main limitation of our work. We
cannot claim that the studied cases are representative to all companies op-
erating in MDRE. Thus, the fitness of the method needs to be further vali-
dated. In particular, we plan to add support for the theoretical constructs
and the usefulness of the method.

3.7.4 Reliability

concerns the degree of repeatability of the study. To support traceability
and transparency, we described the rational and objective for each step of
the research method and the case study. We also provide raw data and our
calculations as supplemental material 1. However, the method embodies
ideas, knowledge, and interpretations that remains to some extent subjec-
tive.

1 Supplemental material: https://eriksklotins.lv/files/ds-ranking-supplemental-material.pdf
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4 the method

The proposed method is a structured approach to combine input from
multiple analysts and produce a ranked list of the most appropriate data
sources to analyze and consult in a given decision making situation. The
data sources are ranked based on their attributes which are selected and
estimated by the analysts. The method consists of four main steps, see
Fig 8.1.

In the Step 1, the analysts identify a task and formulate a problem state-
ment. The problem statement implies the need to decide and consult mul-
tiple stakeholders and data sources. In the Step 2, the analysts identify cri-
teria that are relevant for the task (problem) under decision on what data
sources and stakeholders to consult. In the Step 3, the analysts evaluate the
data sources according to the identified criteria. In the Step 4, the analysts
analyze and interpret the results.

Step 1
Formulate the problem

Step 2
Shortlist and prioritise 

evaluation criteria

Step 3
Evaluate data sources with 

respect to the criteria

Compile  list  of data 
sources

Apply criteria

Compile  list  of criteria

Prioritize the criteria

Identify and resolve 
discrepancies

Step 4
Interpret results

Rank data sources
Sub-steps

Main steps

Figure 8.1: Overview of the method. The method consists of 4 main steps with
several sub-steps

4.1 Preconditions

We start the method design by identifying and outlining the core concepts,
described below.

A trigger is circumstances leading up to the formulation of the problem
statement. A trigger could be, for example, identification of a new market
opportunity, a customer request for a specific feature, market pressure, or
technological shift.

A problem statement is brief description of a non-trivial issue to be ad-
dressed or a situation to be improved. A problem statement describes
the gap between the desired situation and the current, sub-optimal situ-
ation [Annamalai et al., 2013]. A problem statement should be quantifi-
able, e.g., number of lost customers, amount of potential revenue or saved
resources.

Data sources may have different forms, for example, individual stake-
holders (such as key customers, managers, or product engineers), the
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crowd [Groen et al., 2017] consisting of e.g. potential customers, opin-
ion leaders, and users of competitor products, other organizations (such
as competitors, partners, or suppliers), analytics (such as product usage
data, analysis of customer data, or results from market analysis), indus-
try standards, and applicable laws and regulations. Different data sources
may offer different types of information and different perspectives on the
decision.

We define a set of all data sources as:

D = {d1,d2, . . . ,dn}.

Criteria are principles how data sources are selected and compared. The
exact criteria depends on the problem to be addressed. For example, an
internal engineer is easier to access than a customer. In turn, customers
have more profound knowledge on their actual needs than engineers but
may have a little insight in underlying technology constraints. Another
example are the constructs used by Mitchell et al. [1997] in his theory of
stakeholder identification: power, legitimacy, urgency and salience.

We define a set of all potentially relevant criteria as:

C = {c1, c2, . . . , cm}.

An analyst is an individual who collaborates with other analysts on se-
lecting the data sources and on the use of the method. We use the term
analyst to refer to a range of people that could be involved in product de-
cisions, such as, software engineers, product managers, financial officers,
marketing, sales representatives, and alike. The analysts are involved in
the decision making and are the primary stakeholders, that is, the analysts
are the decision makers.

We define all analysts involved in the decision making as:

E = {e1,e2, . . . ,ek}.

4.2 Step 1: Define the problem statement

The first step is to formulate the problem to be addressed. The problem
formulation should contain the following information:

1. Description of the current situation.
2. Characterization of the desired situation.
3. Quantification of the difference between current and desired situa-

tion, e.g improve X by Y.
4. Preliminary candidate solutions to address the gap and reach the

desired situation. The candidate solutions are to be evaluated and
refined by the input from selected stakeholders.
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4.3 Step 2: Shortlist and prioritize criteria

The second step is to identify and prioritize criteria for comparing potential
data sources. This step has three sub-steps: 1) compile the initial list of
criteria, 2) shortlist relevant criteria by voting, and 3) prioritize (weight)
the criteria.

4.3.1 Compile a list of criteria

The analysts put together an initial list of criteria that will be used to com-
pare different data sources. The aim is to identify all relevant character-
istics of an optimal data source to resolve the problem defined in Step 1.
The proper criteria are domain and problem specific and can be identified
through, e.g. discussions and brainstorming.

In order to facilitate the identification of relevant criteria we adapt a tax-
onomy of requirements criteria proposed by Riegel and Doerr [2015], see
Table 8.2. We propose to use the high level criteria from the table as a start-
ing point for the initial analysis and brainstorming to identify additional
criteria.

To avoid inconsistencies in further prioritization and estimation, the an-
alysts need to avoid ties between the criteria. For example, if criteria such
as knowledge and domain knowledge appear together, analysts may have
a difficulty to assign consistent scores [Vigna, 2015]. A counter-strategy
could be to identify potential ties early and break down higher level crite-
ria into more fine-grained criteria, thus eliminating the ties.

4.3.2 Shortlist of relevant criteria

After the initial list of criteria is compiled, the analysts vote to shortlist
more relevant and exclude less relevant criteria, thus reducing the effort in
the next steps. Based on the votes and a cut-off threshold, relevant criteria
are selected for further consideration.

Each analyst takes a list of all criteria and assigns a binary vote (rele-
vant/not relevant) to each criterion. The votes produced by the different
analysts on each criterion are summed. Criteria with votes above a given
threshold are included for further consideration. For example, a majority
vote can be used to decide which criteria to prioritize, i.e. we can apply a
cut-off threshold of k/2, where k is the number of analysts.

Shortlisting may be relevant only if at least two analysts are involved. For
example, if maximum two analysts are involved then a cutoff threshold
of k/2 is 1. In this context criteria supported by both analysts should be
considered or it may be decided to consider all criteria proposed by the
analysts.
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Assume that in this step a list of m candidate criteria and k analysts
are involved in the voting. Each analyst ei (i = 1,2, . . . ,k) casts a vote vij
on criterion cj (j = 1,2, . . . ,m), where vij ∈ {0,1}, i.e. a binary vector vi =
[vi1, . . . ,vim] presents the criteria votes for analyst i. The result is a k×m
binary matrix V :

V =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

v1

⋮
vk

⎤⎥⎥⎥⎥⎥⎥⎥⎦

=

⎡⎢⎢⎢⎢⎢⎢⎢⎣

v11 ⋯ v1m

⋮ ⋮
vk1 ⋯ vkm

⎤⎥⎥⎥⎥⎥⎥⎥⎦

.

We further count votes Vj on each criterion j (j = 1,2, . . . ,m) by summing
the values in each column of V , i.e.:

Vj =
k

∑
i=1

vij.

The resulting set of criteria C ′ can be defined as:

C ′ = {cj∣Vj > T}, where C ′ ⊆ C and T = k/2.

4.3.3 Prioritize the criteria

The purpose of this step is to prioritize the criteria by their relevance to the
problem under decision. Each analyst assigns a score to each criterion as-
sessing its relevance (importance). We propose to use an ordinal scale from
0 to 5, i.e., all scores in {0,1,2,3,4,5}, where 0 indicates no relevance at all,
5 indicates the highest relevance, and the numbers 1, 2, 3, 4 represent in-
termediate values. In Table 8.3 we provide semantic meaning of each score.
To arrive at the final ranking, the scores from each analyst are normalized.

Table 8.3: Semantic meaning of the measurement scale

Score Meaning

0

Not relevant at all (to the given
problem)

1 Marginally relevant

2 Somewhat relevant

3 Moderately relevant

4 Very relevant

5 Most relevant
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Each analyst ei (i = 1,2, . . . ,k) evaluates each criterion cj ∈ C ′ by assign-
ing a score wij ∈ {0,1,2,3,4,5}. The result is a vector wi = [wi1,wi2, ..,wim ′]
of scores produced for each analyst ei (i = 1,2, . . . ,k), where m ′ is the car-
dinality of C ′ (the set of the selected relevant criteria).

We further calculate weights denoting the relative relevance (impor-
tance) of each criterion. Namely, the scores of each analyst ei are nor-
malized by dividing each value of vector wi with the maximum given
score by the analyst. Thus a vector w ′i = [w ′i1,w ′i2, ..,w ′im ′] of weights for
each involved analyst ei (i = 1,2, . . . ,k) is generated, where

w ′ij =
wij

maxm ′

j=1wij

.

We average weights from all the analysts to calculate the overall weights,
i.e., a vector W = [W1,W2, ..,Wm ′] , where the overall weight Wj of crite-
rion j (j = 1,2, . . . ,m ′) is calculate as:

Wj =
1

k

k

∑
i=1

w ′ij.

The resulting vector W consists of the relative weights (importance) of
the selected evaluation criteria.

The produced individual and overall weights can be studied and com-
pared to better understand and interpret the problem under consideration.
It could be useful to analyze whether there is a significant discrepancy
in analysts’ opinions about the criteria importance. Analysing discrepan-
cies can help to improve transparency, quality and acceptance of the re-
sults [Tindale and Kameda, 2000].

4.4 Step 3: Evaluate data sources with respect to criteria

In the third step, the analysts compile a list of potential data sources and
use the selected criteria to evaluate each data source. This step has two
sub-steps: i) compile a list of data sources, and ii) apply criteria

4.4.1 Compile a list of data sources

The analysts put together a list of potential data sources. The list can be
created by writing down already known data sources, brainstorming, or
a combination of both. The aim is to identify a diverse set of potentially
informative data sources for further consideration.

The proper data sources are usually domain specific. However, we pro-
pose to use the high level data sources given in Table 8.4 as a starting
point for the initial analysis and brainstorming to identify additional data
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sources. Note that stakeholders can be accessed directly, e.g., by consult-
ing with engineers and indirectly, e.g., by analyzing user behavior through
product usage patterns.

4.4.2 Quantify the data sources (apply criteria)

The analysts apply the selected criteria to evaluate each data source. Each
analyst ei (i = 1,2, . . . ,k) evaluates each data source dj (j = 1,2, . . . ,n) on
a scale from 0 to 5, where 0 denotes the lowest, and 5 the highest score.
Higher scores are awarded to more favorable evaluations, e.g., lower cost
and higher accuracy. In Table 8.5 we provide the semantic meaning of each
score. Note that we consider only favorable (positive) scores. The scores
of each analyst ei for the data sources given in D on the set of criteria C ′
produces a n×m ′ matrix Ui of weights:

Ui =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

ui
11 ⋯ ui

1m ′

⋮ ⋮
ui
n1 ⋯ ui

nm ′

⎤⎥⎥⎥⎥⎥⎥⎥⎦

,

where vector

Ui(j) =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

ui
1j

⋮
ui
nj

⎤⎥⎥⎥⎥⎥⎥⎥⎦
represents the assessments of analyst ei of the data sources w.r.t. criterion
cj. In that way k different matrices are obtained, i.e. one for each analyst ei
(i = 1,2, . . . ,k). We initially normalize the analyst scores in each matrix Ui

(i = 1,2, . . . ,k) by calculating the relative importance of each data source
w.r.t. each criterion, i.e. the value of each entry ui

lj (l = 1,2, . . . ,n and j =
1,2, . . . ,m ′) of Ui is divided by the maximum value in the column the entry
appears in. The overall scores of the data sources can also be calculated by
averaging over all matrices {Ui}ki=1, i.e. a matrix U of overall weights can
be obtained as follows:

U =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

u11 ⋯ u1m ′

⋮ ⋮
un1 ⋯ unm ′

⎤⎥⎥⎥⎥⎥⎥⎥⎦

,

where ulj = 1/k∑k
i=1 ui

lj represents the overall assessment of data source
dl (l = 1,2, . . . n) w.r.t. criterion cj (j = 1,2, . . . ,m ′). Evidently, the vectors
U(j) (columns of matrix U, j = 1,2, . . . ,m ′) can be used to rank and com-
pare the data sources separately for each criterion. Finally, the vector Y of
overall data source ranks can be obtained by taking into account the overall
criteria weights given in vector W, i.e.
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Table 8.5: Semantic meaning of the measurement scale

Score Meaning

0

The data source does not favorably contribute to a criteria at
all

1 The data source provide marginal favorable contribution

2

The data source provide somewhat favorable contribution to
the criteria

3

The data source provide a moderately favorable contribution
to the criteria

4

The data source provide a favorable contribution to the
criteria

5 The data source most favorably contribute to a criteria

Y =W ×U =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

y1

⋮
yn

⎤⎥⎥⎥⎥⎥⎥⎥⎦

,

where yl = ∑m ′

j=1Wlj ⋅ulj for each l (l = 1,2, . . . ,n). Notice that the resulting
vector Y contains overall assessments denoting the importance of different
data sources, respectively. These can be used to rank the data sources with
respect to their relevance to the problem under decision.

In addition to the above, we can take into account the relative importance
of different criteria defined by each analyst ei (vector w ′i) by producing a
weighted mean aggregation with the corresponding normalized matrix Ui,
i.e. a vector yi is generated for each analyst ei (i = 1,2, . . . ,k) as follows:

yi = w ′i ×Ui =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

yi1

⋮
yin

⎤⎥⎥⎥⎥⎥⎥⎥⎦

,

where yij (j = 1,2, . . . ,n) is the overall relative importance of data source
dj w.r.t. analyst ei. It is interesting to notice that in the above expression
we can use W instead w ′i, i.e. W ×Ui. The calculated scores present the
data sources’ evaluation of analyst ei who has taken into consideration the
analysts’ group criteria evaluation.

In this context we can calculate the vector Y of overall ranks (weights) of
data sources w.r.t. the all involved analysts by calculating the average of
the vectors yi (i = 1,2, . . . ,k), i.e.
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Y =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

y1

⋮
yn

⎤⎥⎥⎥⎥⎥⎥⎥⎦

,

where yj = 1/k∑k
i=1 yij for each j (j = 1,2, . . . ,n).

4.5 Step 4: Interpret results

Interpretation of results consists of two steps: i) Identify and resolve dis-
crepancies between analyst perspectives, ii) Rank and select data sources.

4.5.1 Identify and resolve discrepancies between perspectives

Breaking down the results and analyzing how different analysts have esti-
mated criteria and data sources can help spotting discrepancies. Analysis
of such discrepancies can be useful for better understanding of the prob-
lem under consideration, removing ambiguity and improving results of the
method. We propose to visualize the vectors yi (i = 1,2, . . . ,k) to identify
discrepancies between the analysts (e.g., see Fig. 8.3).

The values in matrices Ui (i = 1,2, . . . ,k) show how different analysts
have evaluated each data source according to each criterion. For example,
vector Ui(j) represents the assessments of analyst ei of the data sources
w.r.t. criterion cj. The vectors produced by the different analysts for each
single criterion can further be studied in order to understand the cause
of differences in vectors yi (i = 1,2, . . . ,k) containing the assessments of
the data sources w.r.t. all the criteria (e.g., see Fig. 8.2, right side). In ad-
dition, vectors Ui(j) (i = 1,2, . . . ,k) containing the individual evaluations
of the analysts can be compared with the corresponding overall (group)
assessments of the data sources given in vector U(j). This can provide an
additional insight about the data sources and evaluation criteria.

We can also study in the same fashion the analysts’ criteria evaluations
represented by vectors w ′i (i = 1,2, . . . ,k) versus the overall weights given in
W. In addition, we can compare the ranking of the data sources produced
based on the analyst individual evaluations (w ′i ×Ui) with the ranking
he/she will generate by using the overall criteria weights (W ×Ui). These
can facilitate the analysis and better understanding of the decision scenario
and further identification of the reasons of a discrepancy in the analysts’
evaluations.

In this study, discrepancy is analysed by using fuzzy concepts like neg-
ligible, moderate and severe. For example, a discrepancy can be interpreted
as negligible if the difference between two weights is below or equal to 0.3
(i.e. in the interval [0,0.3]), moderate in case of [0.3,0.7], and severe when
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it is above 0.7 (i.e., in the range [0.7,1]). These boundaries can vary for
different contexts.

It is important to identify the cause of any discrepancies in order to im-
prove and strengthen the results of the method. We identify the following
causes for discrepancies:

1. Mistakes. A discrepancy can be caused by a wrongly entered number,
miscalculation, or issue in a tool, etc. Such discrepancies can be easily
removed by remedying the cause.

2. Misunderstanding. Different analysts may have different interpreta-
tion of certain criteria or data sources. Misunderstandings can be mit-
igated by initiating discussions and conducting of analysis of the ana-
lysts’ estimates. As a result of these the analysts will arrive to shared
understanding that will be followed by revising their estimates.

3. Different perspective. Discrepancies could be also caused by different
and multimodal perspectives on the problem at hand. Genuine dif-
ferent perspectives are handled by the method.

Discrepancies caused by misunderstanding, misinterpretation and per-
spectives modalities can be addressed by breaking down higher level cri-
teria and data sources into more specific terms. For example, a product
could consist of many technologies, thus a criterion such as knowledge of
product technology could be too broad to be used for ranking data sources.
Breaking down such high level criteria into more specific can help arrive
at more consistent evaluations.

4.5.2 Rank and select data sources

The weights in the vector Y indicate the overall relevance of each data
source based on the evaluations of all the involved analysts. That is, higher
ranking data sources are more relevant to the problem under consideration
and should be consulted with higher priority, e.g., see Fig 8.2 and Fig 8.4.
We suggest to interpret the results in parallel with analyzing discrepancies
and exploring analysts’ views on each data source and criterion. Thus, ben-
efiting both from aggregated individual-based approach, and exchange of
ideas and arguments of group-based approach [Matsatsinis and Samaras,
2001].

We propose to interpret values in the vector Y using fuzzy concepts
like low, medium, and high. For example, relevance of a data source can be
interpreted as low if the value is below or equal to 0.3 (i.e. in the interval
[0,0.3]), medium in case of (0.3,0.7], and high when it is above 0.7 (i.e., in the
range (0.7,1]). These boundaries can be adjusted to suit different contexts.
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5 case studies

In this section, we describe the demonstration and application of the
method in two industrial cases along with practitioners reflections on each
component of the method, lessons learned from each step and the collected
data.

5.1 Case I - Supply Chain Digitalization

Stockfiller AB offers a software-intensive service digitalizing the supply
chain between sellers (farmers, food producers, and food importers) and
buyers (restaurants and grocery stores) of food products in Sweden. The
main value created by the service is more efficient and transparent supply
chain that historically is based on personal contacts and manual processes.
The monetization model of the service is based on the volume of goods
traded in the platform. The service manages about 10 000 sellers and buy-
ers. The company is in the market for 5 years. The main objective of the
company is to secure the local market before expanding to nearby regions.

Two managers of the company, chief of operations and head of sales,
participated in a workshop. The workshop follow the steps described in
Section 3.5. We start by eliciting practitioners experience with selecting
data sources and a specific example that can be used as an input to the
method. We further guide the participants through the steps of our method.
Each step of the workshop is detailed in further subsections.

Reflections on the challenge: The participants reflected that they used to
elicit feature ideas from potential customers and implement them in the
service. However, the quality of such ideas was low due to lack of under-
standing about the service and potentially sub-optimal processes at the
customer side. Many new features suggested by some customers were re-
jected by others.

According to the participants, customers are often not capable to ar-
ticulate their actual needs, thus demonstrating a prototype and eliciting
feedback on that works much better than interviews. The company uses
knowledgeable and experienced customers as a filter to vet new feature
ideas, both internal and provided by other customers. The respondents
also identified product vision (their view of how the supply chain should
be organized), as a key tool to shape the product and gauge customer
requests for new features.

Triggers: The company discovered that a substantial amount of sellers
have poor sales performance on the service. Lagging sellers present missed
revenue, since the monetization model is based on the traded volume. Prin-
cipals of the company had proposed to explore the matter.
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Table 8.6: Before presenting our method, we asked participants from Case I to eval-
uate the relevance to the given problem of each data source. The partici-
pants were asked to assign a score 0-5, where denotes 0 the least and 5 the
highest relevance, to each used data source. We compare these baseline
results with the results from our method to evaluate its usefulness.

Data source
Scores Normalized scores Aggre-

gated

Analyst
1

Analyst
2

Analyst
1

Analyst
2

score

Key customers 4 5 0.800 0.675 0.738

Similar
Products

3 3 0.600 0.405 0.503

Internal
engineers

5 1 1.000 0.135 0.568

New Customers 0 4 0.000 0.540 0.270

Technologies 2 2 0.400 0.270 0.335

Technology
trends

0 3 0.000 0.405 0.203

Business Needs 5 5 1.000 0.675 0.838

Engineering
concerns

1 4 0.200 0.540 0.370

Laws &
regulations

0 1 0.000 0.135 0.066

Industry
standards

2 5 0.400 0.675 0.538

Product vision 5 5 1.000 0.675 0.838

Average
customer

0 2 0.000 0.270 0.135

Analysts: The principals of the company are the main product decision
makers. Chief of operations, head of product, and head of sales regularly
meet and discuss opportunities for new product features among other con-
cerns. In the demonstration, only chief of operations and head of sales
were present.

Problem statement: The principals set forth an objective to support sell-
ers by providing insights on their sales performance. Initially, there were
no insights for sellers to assess their performance and spot opportunities
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for improvement. As a consequence, the company was losing potential
revenue. The ideal scenario would be that the service provide useful infor-
mation for sellers to monitor their performance, and suggest adjustments
to boost their trade volumes.

We used the example to discuss what data sources were useful in hind-
sight, i.e. to establish a baseline, see Table 8.6. The participants provided
their estimates on a scale 0-5, where 0 denotes the lowest, and 5 the high-
est relevance. We normalize their scores to arrive at scale of [0,1]. The
aggregated score is an arithmetic mean of the standardized scores.

Criteria: The participants immediately identified good relationship and
knowledge as the primary criteria to select stakeholders for collaboration.
The participants also identified knowledge and experience of the product,
accessibility, value per purchase, life time value, mutual trust, openness,
capacity and eagerness to contribute, e.g by piloting experimental features,
as relevant criteria. There was no need to shortlist the criteria because of
only two participants.

In Table 8.7 we summarize the criteria and participants (Analyst 1 and
Analyst 2) estimates on their importance, standardized scores, and final
aggregated score. The participant scores are normalized to arrive to scale
[0,1], the aggregated score is the arithmetic mean of normalized scored.

Table 8.7: Participant estimates on criteria importance from Case I. The participants
were asked to evaluate each criterion on a scale 0-5,where 0 denotes low-
est and 5 the highest importance to the given problem. We also show
normalized scores and the final aggregated score.

Criterion
Scores Normalized scores Aggre-

gated

Analyst
1

Analyst
2

Analyst
1

Analyst
2

score

Knowledge of
the product

3 4 0.600 0.661 0.630

Accessibility 2 5 0.400 0.826 0.613

Trust 5 3 1.000 0.496 0.748

Price per
purchase

3 4 0.600 0.661 0.630

Life-time value 4 4 0.800 0.661 0.730

Capacity to
contribute

2 3 0.400 0.496 0.448
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Further discussions revealed that some criteria could be broken down to
be more specific, and suit both stakeholders and data sources. For exam-
ple, accessibility could be interpreted as the ease of access (for meetings,
observations, or reading), and understandability (of the actual needs and
descriptions).

Data sources: Participants acknowledged using multiple inputs in their
decisions. They listed experienced and knowledgeable customers (key cus-
tomers), similar products, internal engineers, new customers, technologies
(used design templates, patterns, frameworks), technology trends (such as
new available technologies), business needs, engineering concerns, laws,
and industry standards as relevant data sources. In Fig. 8.2 (left side) we
show the original baseline estimates on data source relevance by both ana-
lysts.

Application of the method: The participants had no difficulty understand-
ing the rationale behind assigning the scores to criteria and evaluate the
data sources. However, there were some discussions on the exact defini-
tions of data sources and criteria. For example, the product vision could
have no lifetime value at all, if it is considered as a document. However,
the vision could have the highest possible life-time value as realizing the
vision is the purpose of the company.

Interpretation of the results:
We summarize the results in Table 8.8. Rows in the table are ordered by

initial baseline ranking of data sources. We also show the ranking after ap-
plying the method and the difference between baseline and final ranking.
A positive difference denotes that a data sources has gained relevance com-
pared to the baseline, a negative difference denotes a reduced relevance.

Relevance column shows final and aggregated relevance scores and their
interpretation. In the last column, we quantify the disagreement between
analysts views.

We observe several tendencies when looking at the results, see also
Fig. 8.2. First, results from the method shows mostly negligible differences
between analysts views on how relevant each source are. A moderate dis-
agreement concern the relevance of new customers as a source of data. Ex-
amining this discrepancy, we found that the root cause is a disagreement
on how much value per purchase new customers deliver (see Fig. 8.3). An-
alyst 1 wished to emphasize that new customers directly contributes to the
bottom line of the company. However, the other analyst expressed a view
that new customers contribute relatively little compared to established cus-
tomers.

Secondly, comparing the original estimates and results from the method,
see Fig. 8.2, we observe that the method arrives substantially more con-
sistent results between both analysts. Such results demonstrate that the
method is useful for consensus building among the analysts. In addition,
it enables to conduct a multi-layer analysis of the analysts’ assessments
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and in that way it further facilitates the interpretation and better under-
standing of the selected criteria, the used data sources and the connections
between them.
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Figure 8.2: Results from the Case I. Figure on the left show baseline estimates, i.e.
respondent estimates without the method. Figure on the right show re-
sults from applying the method. Y-axis denotes the relative importance
of data sources.
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Figure 8.3: Discrepancies in analyst estimates evaluating the relevance of new cus-
tomers from Case I. Y-axis denote normalized estimates on how much
data from new customers contribute to each criterion. Observe the dis-
agreement between analysts on how much value per purchase new cus-
tomers deliver.

Lessons learned: Feedback from practitioners added support to our hy-
pothesis on the need for a structured method for stakeholder identifica-
tion. The participants were already familiar with all the concepts and their
relationships, thus we did not identify any shortcomings in the construct
validity.
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The discussions revealed that the main area for improvement could be
more refined guidelines for formulating criteria that are applicable to both
human stakeholders and other types of data sources.

Application of the method helped participants to reflect on their views
on what are the most relevant sources of input and why. Specifically, how
use of certain data sources connect to short and long term revenue.

5.2 Case II - Construction Equipment

The second case is a company developing and manufacturing construction
and mining machinery. The machines are software-intensive and most new
features concern updates in the software. The company uses their global
partner network to sell and service their machines, and employs over 13

000 people.
Two managers participated in the workshop. The managers are involved

and oversee research and development of new product features. We follow
the steps described in Section 3.5, and started by presenting the method
and then collected the data using a spreadsheet. We did follow-up inter-
views with each participant to discuss and interpret the results from the
method.

Reflections on the challenge: The participants noted that the organization
recognises the challenge and had developed an internal framework for
gathering information concerning future product development. However,
the application of the framework varies per each use.

Example case: The company introduced connectivity to construction ma-
chines. The connectivity provides telemetry on machine performance, er-
ror reports, maintenance needs, and operator behavior among other data.

Triggers: The opportunity to benefit from the recent IoT development is
considered as a trigger.

Analysts: The company has a dedicated product planning group for prod-
uct development. In addition, they involve key accounts and dealers to
product decisions.

Problem statement: A substantial part of company’s offering is mainte-
nance of the machines to ensure efficient operation and to reduce down-
time. However, there is limited feedback to product development why a
machine breaks down and what usage patterns led to it. IoT technology
delivers real-time data on how machines are operated, thus enabling the
company to actively prevent breakdowns and proactively improve the ma-
chines. This reduces maintenance costs and improves availability, leading
to overall improvement of service quality and reduced operational costs.

We asked the participants (Analyst 1 and Analyst 2), with hindsight,
to list and rank all utilized data sources. Their estimates are shown in
Table 8.9. The participants provided their estimates on a scale 0-5, where 0
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Table 8.9: We asked participants from Case II to evaluate the relevance to the given
problem of each data source, before presenting our method. The partici-
pants were asked to assign a score 0-5, where denotes 0 the least and 5 the
highest relevance, to each used data source. We compare these baseline
results with the results from our method to evaluate its usefulness.

Data source
Scores Normalized scores Aggre-

gated

Analyst
1

Analyst
2

Analyst
1

Analyst
2

score

Key accounts
(customers)

5 5 1.000 0.769 0.885

Customer
clinics

2 1 0.400 0.154 0.277

Laws &
regulations

4 5 0.800 0.769 0.785

Dealers 3 3 0.600 0.462 0.531

Operators (end
users)

1 2 0.200 0.308 0.254

Product
planning group

1 5 0.200 0.769 0.485

Regional
partners

4 5 0.800 0.769 0.785

denotes the lowest, and 5 the highest relevance. We normalize their scores
to arrive at scale of [0,1]. The aggregated score is an arithmetic mean of
the standardized scores. The estimates are provided on a scale 0 - 5, where
0 denotes the lowest, and 5 the highest contribution to the final solution.

Criteria: The participants needed guidance for selecting criteria, thus
they adopted the high level criteria from Table 8.2. We show the exact
criteria and participants estimates on their relevance to the problem, nor-
malized scores, and final aggregated score in Table 8.10. The participant
scores are normalized to arrive to scale [0,1], the aggregated score is the
arithmetic mean of standardized scores.

Data sources: Participants reflected that the key source for ideas are deal-
ers and key accounts. Dealers and regional partners work closely with
end-customers and have the first hand knowledge of their actual needs.
Furthermore, key accounts and dealers provide substantial revenue for the
company, thus there is an financial incentive to prioritize their input. Other
sources of input are industry standards, regulations, engineering, direct
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Table 8.10: Participant estimates on criteria importance from Case II. The partici-
patns were asked to evaluate each criterion on a scale 0-5,where 0 de-
notes lowest and 5 the highest importance to the given problem. We
also show normalized scores and the final aggregated score.

Criterion
Scores Normalized scores Aggre-

gated

Analyst
1

Analyst
2

Analyst
1

Analyst
2

score

Knowledge 4 5 0.752 1.00 0.876

Amount of
experience

4 4 0.752 0.800 0.776

Revenue 5 4 0.939 0.800 0.870

Cost 5 4 0.939 0.800 0.870

Opportunity
cost

4 2 0.752 0.400 0.576

Risk 3 5 0.564 1.00 0.782

Timing 3 3 0.564 0.600 0.582

Ease of use 2 3 0.376 0.600 0.488

Suitability for
collaboration

3 1 0.564 0.200 0.382

feedback from customers, workshops with machine operators, and engi-
neers. We show the initial baseline ranking of data sources in Fig. 8.2, left
side.

Application of the method: Method application run smooth and with only
minor confusion. The first issue was to identify a problem to be stud-
ied, but after initial discussion the participants quickly agreed. The effort
needed to get them acquainted was moderate and most time was dedi-
cated towards individual estimated of the importance of each data source
against the criteria (about 45 minutes on average for participant). Some ad-
ditional effort was needed during the prioritization to explain the meaning
of particular criteria for a particular data source.

Interpretation of the results:
We summarize the results in Table 8.11. Rows in the table are ordered by

initial baseline ranking of data sources. We also show the ranking after ap-
plying the method and the difference between baseline and final ranking.
A positive difference denotes that a data sources has gained relevance com-
pared to the baseline, a negative difference denotes a reduced relevance.
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Figure 8.4: Results from the Case II. Figure on the left show baseline estimates, i.e.
respondent estimates without the method. Figure on the right show re-
sults from applying the method. Y-axis denotes the relative importance
of data sources.

The baseline estimates (Fig. 8.4, left side) show a discrepancy between
the analysts regarding importance of the product planning group. How-
ever, application of the method (Fig. 8.4, right side) helps to arrive at more
aligned results. The key accounts were estimated (without the method) to
be the primary data source. However, the method suggests that input from
regional partners, dealers, and product planning group should be priori-
tized.

Lessons learned: Participants reflections during the demonstration sup-
ported our earlier hypothesis that product decisions are often opinion
based. Application of the method builds consensus and helps to reduce
discrepancies.

We observed a need to accommodate a scenario where distributed ana-
lysts work independently and the method combines their input. This can
be achieved by more stringent guidelines on how to select criteria and data
sources for evaluation, and tool support to facilitate the method. Our par-
ticipants saw great value in eliciting the criteria and consensus building
among not only them, but also a larger group of stakeholders involved in
decision making. In their opinion, that would greatly improve the selection
of data sources.

6 potential improvements and limitations

One of the central areas for improvements is providing better support
for identifying relevant criteria and candidate data sources. Using overly
broad criteria and data sources reduces usefulness of the results. However,
identification and evaluations of many very specific terms may require
excessive effort. To alleviate this shortcoming, we propose to iteratively ap-
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ply the method by increasing the level of detail with each iteration. We
suggest to start by high level data sources and criteria, e.g., ones given in
Tables 8.2 and 8.4. Then gradually eliminate less relevant criteria and detail
the relevant ones, to arrive at specific data instances (e.g., Customer 1 and
Customer 2) from high level classes (e.g., key customers).

We use ordinal scale from 0 to 5 in order to facilitate analysts in the
task of ranking the criteria [Labovitz, 1970]. Alternative and more sophis-
ticated ranking methods might also be used, for example, ones based on
pairwise comparison [Barzilai, 1997] and large preference relation [Fodor
et al., 1998]. However, evaluations in ordinal scale are more intuitive, faster,
and require relatively fewer steps than the other two methods.

Another limitation is the use of arithmetic mean, which is well-known
to be sensitive to extreme values. In general, the choice of aggregation
operator is critical since some aggregation operators can lead to a signif-
icant loss of information since their values can be greatly influenced by
extreme scores (e.g., the arithmetic mean), while others are penalizing too
much for low-scoring outliers (e.g., the geometric mean and the harmonic
mean) [Bullen et al., 2013]. A possible solution to the described problem is
to use different aggregation operators in order to find some trade-off be-
tween their conflicting behaviour, e.g., hybrid aggregation operators pro-
posed in [Tsiporkova and Boeva, 2004, 2006].

A potential scalability issue emerges when inputs from many analysts,
a large number of criteria or data sources need to be considered. A large
number of criteria (C) and data sources (D) require each analyst to provide
C +D ×C inputs. However, this limitation remains theoretical until full-
scale validation of the method.

7 discussion

We structure our discussion around the research questions. We discuss the
method with our initial objectives stated in Section 3.3 and lessons learned
from the workshops.

7.1 RQ1: What are the needs towards a method supporting selection of data
sources for MDRE?

We identify and formulate specific needs towards the new method in Sec-
tions 2 and 3.3. In this section, we revisit the needs and discuss to what
extent our method addresses each specific requirement.

The review of related work in Section 2.2 reveals that most stakeholder
selection practices consider requirements engineering as a fixed activity
at the beginning of a project. Stakeholders are selected based on general-
ized characteristics, such as importance and influence on the project [Babar
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et al., 2014b, 2015, Ballejos and Montagna, 2011]. Such an approach ignores
the continuous nature of MDRE.

Discussions in the workshops confirmed that requirements engineering
in a market-driven context is a continuous series of micro-decisions. The
decisions pertaining to how to respond to market fluctuations, customer
requests, new business objectives, to name a few. Different kinds of data
may be needed to support each decision. Thus, the selection of data sources
needs to be specific to each situation (Objective 1).

Our proposed method is flexible and context-independent. We specifi-
cally avoid coupling the method with any specific context, criteria, or data
sources. Instead, we provide instructions on how to identify inputs for the
method from its context of use. Thus, the method can be tailored for use in
a wide range of situations. However, we exemplify some criteria and data
sources to describe the method.

In a crowd requirements engineering context, analysts may benefit from
a wide range of data sources, both within companies’ control and be-
yond [Groen et al., 2017, Alexander, 2005]. Identification of new and unre-
alized sources is a crucial step in selecting an optimal set of data sources
(Objective 2).

Our method addresses this objective by detailing the context of use and
identifying data sources through a series of steps, namely describing the
problem and setting forth the evaluation criteria of the sources. Such steps
help to understand the context of use, thus supporting the identification
of unrealized data sources.

An alternative approach could be to develop a taxonomy of data sources
for crowd requirements engineering. However, at this stage of our research,
we specifically avoid prescribing any specific sources to mitigate threats to
construct validity.

Literature characterizes stakeholders in MDRE and crowd contexts with
limited motivation to participate in product engineering and unable to
articulate their actual needs. Thus, directly consulting specific stakeholder
groups may not be worth the investment. In turn, stakeholder needs could
be elicited indirectly, for example, by examining documents, artifacts, and
data generated by stakeholders interacting with the product. The method
should be able to handle a broad range of data sources to support the
selection of data sources in such a context (Objective 3).

There are no inherent limitations on what types of data sources the
method can handle. The difficulty could be to formulate evaluation cri-
teria to suit both individuals and inanimate data sources. Formulation of
criteria and data sources can be done iteratively. The initial set of crite-
ria can help to understand the needs of data sources, thus supporting the
identification of new data sources. Knowledge of what data sources need
to be evaluated can help to arrive at more generalized criteria.
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Requirements engineering is a collaborative activity, and product deci-
sions could be cross-cutting and require consideration of multiple perspec-
tives [Gorschek and Wohlin, 2006, Barczak et al., 2010]. Aggregating mul-
tiple perspectives and especially reaching consensus between opposing
views is challenging. The method should support collaboration between
multiple analysts (Objective 4).

The method has built-in support for collaboration and consensus devel-
opment among multiple analysts. We use the arithmetic mean to combine
views from multiple analysts. To explore different viewpoints, we propose
to estimate the discrepancies and to use plots visualizing the differences.

A review of discrepancies and visualizing immediate results with plots
contribute to the transparency and understandability of the results pro-
duced by the method (Objective 5).

An important concern is to what extent the benefits of using a method
outweigh the resources needed to use it. Using our method requires several
analysts to meet, set forth relevant criteria and candidate data sources, run
the method, and discuss the results. We argue that such meetings already
take place, and the use of the method adds structure to the meetings.

In both workshops, practitioners mentioned a committee that regularly
meets and steers product decisions. Thus, using the method to support
such meetings would require minimal additional effort. Not utilizing any
structured approach could lead to unproductive discussions and subopti-
mal decisions. At a minimum, a suboptimal decision requires an immedi-
ate extra effort to correct it. However, it could also lead to wasted develop-
ment effort and missed market opportunities. Therefore, potential benefits
from using the method substantially outweigh the additional effort.

7.2 RQ2: How to support selection of data sources for MDRE?

Related work on decision-making scenarios identifies two main approaches.
Group-based approaches use discussions and negotiations to arrive at the
final decisions. However, such unstructured discussions could be unpro-
ductive, and the outcome could be skewed towards the views of more pow-
erful group members. Individual-based approaches aggregate views from
individuals regardless of their power. However, such an approach substan-
tially limits the exchange of ideas and arguments in the group [Saaty, 1988,
Tindale and Kameda, 2000].

Our method proposes to collect individual preferences in multiple steps
and at each step, analyze the discrepancies between the preferences. In
this way, we mitigate the adverse effects of group-based approaches and
encourage focused discussions on specific disagreements.
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7.3 RQ3: What improvements are needed to use the method in industry?

To identify opportunities for improvements, we summarize participant
feedback and our lessons learned from the workshops. In both workshops,
we identified the need for additional guidance for identifying and inter-
preting the evaluation criteria. Even though we exemplify some criteria in
the method description, the selection of criteria was a difficulty. The sup-
port for criteria selection could be provided with, for example, a taxonomy
of criteria and their descriptions.

In both workshops, the practitioners were able to quickly list relevant
data sources based on their experience and our examples. However, the
identification of candidate data sources could be supported further by a
more extensive taxonomy.

For the workshops, we implemented the method using spreadsheets and
a simple script. During the application of the method, participants were
guided and supported by researchers. However, we identify the need for
a robust tool guiding analysts through the steps of the method and mini-
mizing the need for guidance from researchers.

8 conclusions and further work

In this paper, we have proposed and demonstrated a group-based decision
support method for the selection of data sources in MDRE. The method
comprises of systematic steps to collaboratively identify candidate data
sources, evaluate them according to agreed criteria, and to produce a rank-
ing of data sources by their relevance to the decision. We have paid partic-
ular attention to consensus building and provided means to analyze and
understand the final results.

We have demonstrated the method on two case studies where we evalu-
ated its usability and gather data for further refinement of the method. We
learned that the method helps to build consensus between analysts and
to arrive at a more consistent view of the importance of individual data
sources. The systematic steps of the method enable analysts to analyze
and remedy their disagreements.

Based on the results from demonstrations, we believe that our method
can improve the selection of the data sources for MDRE by highlighting
and helping to resolve discrepancies in the analyst’s views. Thus, improv-
ing data quality for following requirements engineering activities and im-
proving the overall quality of the final product.

Further work focuses on additional extensive validations and improve-
ment rounds. We plan to: a) develop a tool to facilitate the use of the
method and data collection on its application, and b) extend our support
towards criteria and data sources identification.
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