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Abstract: The role of a relatively small cadre of high-tech startup firms in driving innovation and
economic growth has been well known and amply celebrated in recent history. At the same time,
it is well recognized that, while the overall contribution of startups is crucial, the high-risk and
high-reward strategy followed by these startups leads to significant failure rates and a low ratio of
successful startups. So, it is curious to notice that literature tends to focus on successful startups and
on quantitative studies looking for determinants of success while neglecting the numerous lessons
that can be drawn by examining the stories of startups that failed. This paper aims to fill this gap and
to contribute to the literature by providing a repeatable and scalable methodology that can be applied
to databases of unstructured post-mortem documents deriving startup failure patterns. A further and
related contribution is the analysis carried out with this methodology to a large database of 214 startup
post-mortem reports. Descriptive statistics show how the lack of a structured Business Development
strategy emerges as a key determinant of startup failure in the majority of cases.
Keywords: startup failure; SHELL; lean business; business development

1. Introduction
One of the most evident phenomena in the contemporary economy is the impact of new firms on
innovation trajectories and the economy itself. Some authors note that innovation is driven and done by
a small subset of the new firms, while a large part of the enterprises plays a marginal role [1]. While in
the 20th century the interest in ‘Schumpeterian’ entrepreneurs was relatively limited [2], in recent
years a new spotlight was placed over the figure of startup entrepreneurs, with researchers and the
generalist media recognizing the ability to create outsized value. More recently, new processes followed
by entrepreneurs in creating successful startups have been studied and codified (i.e., the popular
Lean Startup approach) and researchers have started studying how entrepreneurs operate within
such frameworks [3]. A long-lasting research topic in studies of entrepreneurship and new business
venturing is the understanding of the determinants behind failure and success of new ventures. This is
particularly relevant for high-tech startups, given that these firms follow high-risk and high-reward
strategies that tend to lead them to either failure or vast success, a strategy that well suits the business
model of the venture capital firms that fund them. Success and failure of startup firms are usually
studied with quantitative approaches based on financial data, and by looking at correlations with
elements that can be conjectured to have a role such as the entrepreneur’s ability, the company’s core
competencies, and the characteristics of the relevant market. This stream of literature is endlessly rich,
and only a few examples can be provided in this paper. For instance, early approaches [4,5] proposed
to use a firm’s financial data to predict its probability to fail. The first statistical models developed were
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based on discriminant analysis [5] and multiple discriminant analysis [4], followed by more recent
approaches exploiting regression [6–8]. Since the 80s, artificial intelligence methods started to be used
as well to predict ventures success/failure. Suggested solutions relied on decision trees algorithms [9],
artificial neural networks [10], clustering [11] and hybrid genetic algorithms [12]. Approaches based
on financial data had the advantage of being potentially applied to a high number of companies, since
data could be gathered from their annual reports. Nonetheless, company revenues were frequently
consequences of other aspects, such as entrepreneur’s ability, company’s core competencies, market,
etc. In this view, other research works investigated whether such aspects could contribute as well to
the success or failure of a venture. For instance, analysis conducted on entrepreneurs examined the
influence of their gender and ethnic origin on the likelihood to succeed or fail [13,14]. The work in [15]
conducted a logistic regression analysis based on 15 independent variables success versus failure
prediction model in Israel, including the management experience, the education, and the age of the
owner. The logistic regression analysis was also adopted in [16] to model the relationship between
small business mortality rates and the aggregate levels of internal and external risks (e.g., bankruptcy
related to interest rates, discontinuance of business or of ownership, etc.). Other researchers focused
on entrepreneurial attitudes and linked startup failure to dissonances between corporate goals and
the goals of its founders [17]. Others presented failure as the result of entrepreneurs’ overconfidence
and hubris [18]. In contrast, other researchers argued that, without a reasonable level of positive
perception of one’s abilities, several successful companies would not have been created [19]. Always
in this stream of research, the impact of cognitive biases such as overconfidence, illusion of control
and belief in the law of small numbers on risk perception and on the decision to create a new venture
was analyzed by [20]. Other works started working on the concept of failure (which, as mentioned,
is a much more frequent outcome than success). Failure is usually analyzed from the standpoint of
the entrepreneur [21–23]. These authors started from the assumption that, even though the emotional
impact of failure is high, a failing entrepreneur could learn many lessons from his/her mistakes,
thus avoiding repeating the same errors while creating a new venture [21]. In fact, in territories
that show a high business failure ratio, the most well-known example being Silicon Valley, failure
appears to be more tolerated than in other contexts [21]. Actually, several works [24–27] underlined
that the environment could also influence startups’ success. Factors investigated by such works were
mainly related to differences among regions and/or existing industrial structure. More recent works
analyzed other potential determinants of success by looking at specific choices made during the
venturing process, such as deciding to innovate a product [28], or to rely on the support of a business
angel/venture capitalist [29].
All in all, the aforementioned literature tends to work top-down, with researchers hypothesizing
causal models for new venture success or failure, and then testing such hypothesis on cross-sectional
datasets. Moreover, and despite the fact that failure is a highly common outcome of high-tech startup
venturing, researchers’ attention will tend to be skewed towards studying success (or the degree of
success), if only because of better availability of data.
In this paper, we advocate the need, and make a preliminary proposal, for a methodology that
analyzes failures by starting “bottom-up” from entrepreneurs’ own narratives and by tapping into the
vast and growing information source of startup post-mortem reports and analyses, at the same time
allowing results to be reproducible and incrementally updated. In greater detail, the main contributions
of the paper can be summarized in the following two points. First, we present a simple and reproducible
methodology for dealing the with multi-dimensional analysis of failures. To this purpose, we extend
the SHELL methodology, which is a well-known approach that has been adopted since over 40 years in
the aviation sector for describing accident causes, and we modify it to fit the problem of entrepreneurial
outcomes [30]. This led to a repeatable and scalable methodology that can be applied to a database of
unstructured post-mortem documents deriving startup failure patterns. The main difference with the
scant literature that followed a somewhat similar approach is that, instead of presenting a simple and
unstructured list of causes [31] or an a-posteriori identification of families of factors [21,25,32,33] in
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this work we propose a structured classification based on a well-know taxonomy of failure factors,
and we modify it to fit the entrepreneurial dimension. Moreover, by using unstructured startup
postmortem reports instead of multiple-choice questions [13,25,27,34–36] we reduce biases due to
the survey questions and structure. Finally, by using existing well-known repositories of narratives,
we do not restrict the analysis to a given geographical area [13,21,22,25,27,31,35–39]. In fact, as stated
in [15,40] there is a need to test models in multiple countries to assess the robustness of the finding.
A related second contribution is the preliminary statistics we derive from a first application of the
SHELL methodology to a large database of 214 startups postmortem reports taken from the Autopsy.io
website [41]. The literature shows how the success/failure of a company was rarely caused by a single
factor. Hence, an increasing number of works addressed this issue by using a multi-dimensional
approach [21,31–37,42]. A first example was shown in [37]: one of the findings of this work was that,
when investigating the reasons behind a failure, company’s resources and human competencies should
be considered together with environmental data such as sector’s competition. Human competencies
were considered also in another work, in combination with financial data, to foresee the failure,
the survival, and eventually the growth of a venture [34]. Such study was subsequently replicated and
extended in [35], by considering also environmental data. A recent work [33] proposed to combine
environmental data and company’s resources analysis with entrepreneurs’ personality traits and
linked failure also to psychological/emotive aspects of entrepreneurship. Moreover, in this work
a wider meaning was assigned to failure, being it not only the exit from a business—generally due
to economic factors—but also the persistence with an under-performing firm or with entrepreneur’s
disappointment. Entrepreneurs’ personality traits were already investigated in [32], in combination
with management issues and strategic choices, enabling the identification of five entrepreneurial exit
patterns. In [36] a different perspective was adopted: here the authors analyzed ventures from the
point of view of industrial sector, regional data such as the presence of other companies, and age,
and evaluated failure risk by means of a multi-dimensional analysis. A wider number of factors was
considered in [21], where financial issues, environment and market, management and strategic choices
were analyzed together with internal and external expectations to identify whether failure was linked
to mistakes or misfortunes. Similarly, [31] collected a high number of contributing and impeding
factors—mainly related to environment, resources, management and strategy as well as financial
issues—by interviewing pharmacist companies’ staff and business experts, and discovered that in the
majority of cases success is attributed to internal causes, whereas failure to external ones. While the
results of this work were unstructured, another work [43] proposed a framework for grouping factors
related to new venture creation, and identified four macro-areas, related to individual, organizational,
environmental and process dimensions. This framework was used in several works, including [38],
which, instead of analyzing startup failures, considered pre-startup phase and investigated which
factors could affect the setting-up of a business.
However, the limited number of startups analyzed and the survey-based data collection allowed
only a partial vision of the startup failure process [42]. On the contrary, we show more evident findings
concerning how the different factors could contribute to a company’s failure.
The paper is organized as follows. Section 2 describes the adaptation of the SHELL methodology
used to categorize the startup failures. A description of the sources of primary data and a detailed
analysis of the failure database we obtained is reported in Section 3, whereas Section 4 summarizes
some final remarks.
2. Methodology
The methodology adopted for the analysis of startup failure is based on the SHELL model, originally
implemented to classify aviation accidents and errors, and here adapted to the entrepreneurship sector.
The SHELL model, whose name derives from the initial letters of its components, Software, Hardware,
Environment, Liveware People and Liveware Environment, was developed by Hawkins in 1975 basing
on the original work proposed by Edwards in 1972 under the name SHEL model. In particular, Hawkins
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urged to add to the original Liveware (Environment) the necessity of another Liveware (People) and
modified the model into a “building- block” structure (depicted in Figure 1), illustrating the interactions
between the person (central Liveware) and each of other four systems [30,44]. Due to this human-centered
structure, the SHELL model is defined as the relationship between human factors and the aviation
environment [45]. In fact, it is a conceptual framework focused on the identification of the human
factors and of the relationships between human interfaces and the other resources in the aviation system,
investigating on their contribution on the realization of incidents/accidents. The model adopts a system
perspective that suggests that the human being is rarely the only cause of an accident. In fact, there are
different factors interacting with the human operator and affecting performance. Thus, the SHELL
model considers both active failures and latent failures. Active failures typically occur at the operational
end, while latent failures are hidden in the organization’s structure, not known or observed by the
organization [46]. Although different models are applied to aviation safety, such as the Domino [47],
the Swiss Cheese [48], the Human Factors Analysis and Classification System (HFACS) [49] and the
Systemic Occurrence Analysis Methodology (SOAM) [50], the SHELL concept remains the most widely
used because of its simplicity and capability to better highlight the effects of the human factors in the
accidents. Thus, it is a concrete starting point for any investigation on accidents and lends itself well to
being applied in other fields, also in other contexts such as the entrepreneurial. In this paper, we present
an adaptation of the SHELL model (Figure 2) for the classification of startups failure and, similarly
to the aviation field, the model has the aim to identify the relationships between the human factors
and the other components of a startup. The error-centered approach that characterizes SHELL and its
focus on interactions between human errors and other elements (e.g., technological, environmental
and organizational issues) can be seen as a significant departure from more common approaches.
In fact, the SHELL methodology has proven effective in categorizing the human factor of an accident,
while giving hints about the recurrent patterns in the accidents too [44]. Most importantly, the SHELL
model emphasizes the interfaces between a person and the other four components more than the
individual impact of the components themselves. Specifically, the SHELL model requires analyzing
how each person acted and interacted with the other four components. The different interactions
between the person and each of the other components are considered as the human possibility,
while a mismatch between the central Liveware and any other four components leads to a source of
human error [51]. For the aforementioned reasons, we decided to adopt the basic framework of the
SHELL model and to adapt it to the analysis of startup failures.
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SOFTWARE

L

L

H

LIVEWARE

CENTRAL
LIVEWARE
(PEOPLE)

HARDWARE

E
ENVIRONMENT

Figure 1. SHELL Model.

Sustainability 2018, 10, 2346

5 of 19

Figure 2. SHELL Model adapted for the classification of startups failure.

To implement the model, we followed a three-step method. First, we conducted a preliminary
analysis on a database composed by 214 failure reports, identifying a high number of failure categories.
In the second stage, we clustered such categories. Finally, the third stage is to envision a mental concept
of these clusters and to find a correspondence between these elements and the SHELL macro-categories,
to review the unstructured failure reports, giving them a framework and a more comparable form.
As a result, we found that the main building blocks of the SHELL structure remain the original ones.
After the model construction and the classification of each failure report according to the SHELL
structure, we conducted a more quantitative analysis investigating the following aspects:
•
•
•

focusing on the SHELL categories, which are the typical failure patterns?
do causes for failure change over the lifecycle of startups?
are there clear relationships between startups failures cause and the industry in which they operate?
The different subcomponents of our SHELL model are discussed in the following:

•

Software. It is the non-physical and intangible part of the startup and principally consists of the
business model that, according to the definition proposed by [52], describes the rationale of how
an organization creates, delivers, and captures value. Thus, in this context, the term software does
not refer to Information Technology but is composed by all the aspects that are thought to ensure
the success of the product or service offered by the startup in the market, in a more commercial
perspective. In particular, this building block includes the following subcategories:
–

No/Wrong Business Model. As mentioned earlier, the business model is a representation of
the way in which the firm creates value for its customers and captures part of it to generate
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profits. According to [53], business models are a defining feature of any firm, but the clarity
of the business model is particularly true when dealing with technological innovations.
The business model should not be considered as a definitive and static representation of the
startup. A business model is provisional, in the sense that it must be continuously evaluated
and improved, based on feedback from the market and from the broader ecosystem where
the startup operates [54]. Thus, the right business model is rarely clear early on in emerging
industries: entrepreneurs who have a good—albeit imperfect business model—but are able
to learn and make it evolve, are those more likely to succeed [53,54].
Wrong positioning in the market. The absence of a product/market fit is damaging the
product/service itself and the success of the business model. In fact, the product/market
fit means being in the right market with the right product or service capable to satisfy it.
On the contrary, the wrong positioning implies the wrong knowledge of the product/service
with consequent bad performance or the risk to begin in the “stuck in the middle” position
identified by [55].
No product/market fit. A more severe case of wrong product/market fit occurs when the
product or service can potentially satisfy needs or solve problems, but these are actually not
perceived by the customers.
Loss of the original vision. This case occurs when the founders of a startup are too focused on
the product, and its technical development and improvement, and end up losing their initial
vision and customer orientation. Unfortunately, they realize the deviation from the original
vision only when too close to failure.
Wrong customer development. According to [52], customers comprise the heart of any business
model. Each segment of customers is characterized by specific needs, behavior, and willingness
to pay for the product or service offered. Thus, it is important to identify the different segments
carefully and to take a conscious decision about the ones to serve, to focus the marketing
campaign for the right customers. In fact, a good product or service sold to the wrong segment
would not lead to the success.
Bad marketing. This case refers to marketing campaigns that are not correctly conceived
or executed.
No traction. The term business traction refers to the progress of a startup and the motion it
gains as the business grows. Not having enough traction implies the startup is unable to
grow at sufficient speed, therefore losing competitive advantage and/or interest by investors
and other stakeholders.

Hardware. It is the physical element of the startup and it is mainly represented by the product
or service offered to the customer segments (i.e., materials, devices, platforms, websites, etc.).
It includes the following subcategories:
–

–

–

–

Lost focus on the product. This is related to the insufficient attention paid to product development.
In fact, according to [56], a startup fails when it ignores a user’s wants and needs, whether
consciously or accidentally, and offers a user-unfriendly product.
Not feasible/sustainable. This subcategory includes issues related to the technical feasibility
ignored by the startup or emerged later, making impossible the design and the development
of the product.
Bad quality. It refers to more general problems related to the product and its quality.
For example, this issues affect services or mobile applications (e.g., the product does not work
well, there are bugs in the code, the mobile app is not responding as it should do, there are
problems in the operations, etc.).
Product did not evolve with the market. The product or service continues to fulfill the original
need for which they were thought, but the current market is changed. Thus, the functionality
it is not fitting with the current customers’ needs.
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Environment. This building block illustrates the physical context in which the startup operates.
It involves the internal environment, which includes the impact that the competitors have
on the startup and the external one that considers the effect of the stakeholders’ operations,
also considering the economic and political situation around the startup. From the competitors’
point of view, the environment is composed of two subcategories:
–

–

Competitors were more able. Often, a startup deals with too strong competitors, which have
a consolidated positioning with a relevant market share and the access to the distribution
channels or to technologies, resources, and complementary assets. Thus, although the
startup offers a good product, these conditions make difficult to gain a good portion of the
customer segment.
Too many competitors. The more fragmented market, characterized by a high number of
competitors with small share does not allow new incomers to gain a relevant position.

While, from the stakeholders’ point of view, the environment includes:
–

–

–

•

Investors not found. One of the main common reason for running out of cash is related to
a lack of investors’ interest either at the seed follow-on stage or at all. This could be caused
by a bad presentation of the product or service offered or connected to one of the previous
categories [56].
Lack of funding. The absence of investors is not the only reason for the startup’s failure. In fact,
many startups deal with the problem of raising small amounts of investments, which are
not enough for the development of the business, combined with a bad organization of
these resources.
Political/Economic/Legal problems. The political and economic situations of the environment
where the startup operates could affect its success, due to regulations or economic conditions,
influencing the willingness-to-pay of the potential customer segments. Moreover, in specific
fields like the music industry or those where the copyright is highly critical, the legal
challenges represent a reason for the startup failure, due to the consequent expenditures on
lawyers and royalties [56].

Liveware It means the human side of the startup system (founders, management, and workers).
This component considers human performance, organization, capabilities, and limitations. It is
divided into two parts: one referred to the external environment, which considers the customer/user
side and the second one related to the internal part, composed by the people and the organization
within the startup.
L-Customer/user
–

–
–

Few Customers. This factor of startup failure is related to the previous reasons, especially to the
wrong positioning, the maturity of the market and the competition effects or the positioning
in a niche market, etc. All these reasons could determinate the reach of only a small part of
customers, which is not enough for the sustainability of the business.
Problems in customer acquisition. Wrong marketing efforts could generate a high cost to acquire
customers, not balanced by the number of customers really acquired.
Unfaithful customers. In the recent years, the customers became more conscious and attracted
from the different promotions offered by the competitors, increasing the level of competition
and the risk of a continuous war of prices that make customers’ loyalty fragile.

L-Organization
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Run out of cash. This reason is normally correlated to one or more of the previous categories,
as consequence of a bad management of the resources and the investments, or bad business
development, wrong customer, market study, etc.
Inexperienced management. Frequently, the startup founders have hard skills and very technical
backgrounds with a lack of cross-domain and commercial knowledge. This brings to a welldeveloped product/service but the absence of business model and business development.
No/Wrong scaling. The decision of a startup to undertake a systematic growth could reveal
the threat of a failure, due to a difficult pivot or a premature scaling compared to the market
situation, or to a higher working capital requirement than the scaling operation might need.
Thus, the decision to scale should be taken after a deep study of the startup position and
situation to understand if the startup is ready to manage higher volumes, how big the growth
can be and if increasing volumes will also increase the profit.
Bad organization. A startup is usually a chaotic environment. Thus, rules, roles, and tasks have
to be well organized and assigned to each member of the team for efficiently managing all
the activities. Moreover, one of the aspects related to the organization issue is the location of
the team.
Problems with team. Disharmony on the team is one of the critical factor to the success of
a startup, combined with a poor communication between the co-founders and the team,
or within the components of the team itself [56].
Co-founder misalignment. Different backgrounds, qualifications, and specializations can create
disagreements between co-founders and thus, cause bad decisions and bad management.
These problems, if not solved, can lead a co-founder to leave or startup to fail, in the long run.
Lack of business development. As above mentioned, the highly technical team risks to have a lack
of business development and thus, the absence of a commercial perspective, which includes
the study of how to increase customers, sales and profits, and make the business more
profitable and self-perpetuating.

3. Detailed Analysis
3.1. Data Settings
The analysis of the startups’ failures is conducted on a sample of 214 startups extracted from the
databases of the Autopsy.io website [41] and of the CB Insights platform [57]. These two databases
include respectively 133 and 166 startup failures postmortem reports that contain the description of
the startup, the ending date the activity, the main primary reasons of the failure, with a link to a report
where all the reasons are thoroughly explained and finally, the lessons learned. These databases are
based on the subjective point of view of the founders and of their willingness to provide information
about their startup story, highlighting a lack of a more structured and accessible reporting concerning
the drivers of startups failures. Our study is an attempt to overcome this issue. In particular, after the
first selection of 214 startups from these databases according to the availability of enough information,
an expert-based analysis supported by the use of the SHELL methodology has been conducted,
assigning each startup failure to one or more subcategories to standardize the reasons for failure.
Figure 3 reports the distribution of the 214 startups considered for the study (a preliminary
classification has been done to assign startups to a sector). In particular, the sector showing the
highest number of postmortem reports on the two databases analyzed is Social Media, with the 12.3%.
The Software industry and the Service one take, respectively, the second and third place, with the 9.3%
and the 8.3% of the total amount of collected reports. Entertainment and E-commerce industries come
next (7% and the 6% respectively). For what it concerns lowest ranks, the industries with the lowest
amount of collected/reported startups failures are the Telecommunication, the Security, the Logistic
and Delivering and finally, the Educational Technology, which all count for the 0.5%.

Sustainability 2018, 10, 2346

9 of 19

Figure 3. Startups failures by industry.

3.2. Results
Standardized reasons for failure collected have then been analyzed to identify some common
failure patterns. In particular, a first analysis of failures has been done on two different axes, namely:
•
•

the SHELL categories;
the duration of the startup.

Such analysis was able to highlight respectively which were the most relevant causes of lack of
success, and which were the most critical years of life for a company. Since failure is rarely due to
a single cause, an additional analysis was performed, aimed at investigating how failure subcategories
were interlinked and mutually took part in determining the ending of a company. This analysis was
done by relying on several co-occurrence matrices of causes, which were drafted both by considering
the whole database, both by restricting the field of interest to a given industry/year of life to investigate
if groups of failure causes were more likely to appear in a given industry or at a given lifetime. In the
following, analytics emerging from this analysis are reported and summarized.
3.2.1. SHELL Classification
The results of the analysis conducted by means of the SHELL methodology are shown in the
Figure 4, which highlights that the failure of a startup is rarely the consequence of only one reason,
instead different factors influence its failure, leading an excess compared to the total 100%. The figure
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shows how the two main reasons for failure are the absent or the wrong business model and the lack
of business development, respectively with 35% and 28% occurrences. Behind these issues, there is
a high focus on the product or service by the management and founders, but an insufficient attention
to commercial development. Moreover, 21% of the startups were reported to have run out of cash,
which can be either attributed to a wrong use of the investment received (even though it could also
be seen as a signal that investors did not commit to further financing rounds because they did not
perceive sufficient elements supporting the decision). Finally, the fourth main reason for failure, with
18% occurrence, is connected to a lack of the product/market fit. Moving the analysis according to
the SHELL classification perspective, the reasons for failure above presented are mainly related to the
Software and Liveware/Organization components. In fact, as shown in the following chart (Figure 5),
and looking at the five components of the SHELL model, startup failures are largely originated by
these two categories, that count respectively 37% and 30% of failures. Moreover, 15% of the problems
are caused by the environment and specifically related to the competition (about 14%) and to investors
(19%). The Liveware/Customers and Users and the Hardware categories have the lowest impact on
the failure of the startups, with only 9% and 10%, respectively. For more details about the percentages
of the reasons of startups failure for each component of the SHELL model see Figure 6.

Figure 4. Reasons of the startups failure.
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Figure 5. Results of the SHELL classification.

(a)

(b)

(c)

(d)
Figure 6. Cont.
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(e)
Figure 6. Results for each component of the SHELL model. (a) Software-business model;
(b) hardware-product; (c) environment-environment; (d) liveware-organization; (e) liveware-customer
and user.

3.2.2. Years of Life
An interesting analysis conducted has the aim to study how the different causes of failure,
identified through the SHELL model, occur over the years of life of the startups, identifying the
relationship between the reasons and specific periods of the startup life (e.g., in the early stage) and
their trends. First, by analyzing the age of the startups as shown in Figure 7, it emerges that the 44% of
them managed to run the activity around 2 and 3 years, and 28% between 3 and 5 years. 14% of the
startups failed in less than one year and 14% lived more than 5 years. Each startup, with an age of
more than 5 years, has closed an average of 2.16 rounds of investments including the seed, receiving
an average amount of 16.39 millions of dollars.

Figure 7. Years of life of the startups.

Figure 8 shows the reasons for failure split by years of life of the startup. The two main reasons
for failure before the first year of life are the lack of a business model and business development,
respectively with 24% and 28%. Other reasons are the run out of cash (24%), no traction (24%),
and inexperienced management (12%). This result should not be surprising seeing that the inexperience
influences mostly the younger startups. During the second and the third year, the lack of business
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development (23%) starts to become less relevant than issues in the business model, which grows
from 24% of the first year to 44%. In addition to these problems, startups deal with issues about
product/market fit (24%) and the availability of money (20% of cases of run out of cash). Concerning
this last reason for failure, it plays an essential role in these years, because the first signals and results
of the bad business development begin to appear. Thus, if the business model does not work as well,
compromising its profitability, together with other problems (e.g., the bad marketing and organization,
failed pivot or the wrong customer segments, etc.), the economic sustainability of the model is more
affected by the running out of cash. This is due both to a reduced investors attraction and to cash
flows delayed in time. Moving to the fourth and fifth years, a wrong or absent business model remains
a relevant cause of the startup’s failure. However, in this time interval, problems among founders
become to emerge, due to misalignment about the goals.

(a)

(b)

(c)

(d)

Figure 8. Reasons of startups failure per years of life. (a) Reasons for failure before the first year of life;
(b) reasons for failure between the second and the third year of life; (c) reasons for failure between the
fourth and the fifth year of life; (d) reasons for failure after the fifth year of life.

The aforementioned results highlight that, in general, the leading causes for failure lie in the
lack of managerial perspective and, in particular, on business development (Figure 9). This is due
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to the life cycle of the startups too anchored to a classical vision, according to which after an early
stage in an incubator, the business development is conducted by a member of the team, who has the
role of Chief Business Development Officer (CBDO) [58]. However, as emerged by the classification
of the failures, often the team has high technology-based skills, leading to a lack or wrong business
development. On the contrary, a strengthening of the business development by the founders is needed
through a proper process. This includes a first phase of supervised training and mentorship of the team,
by an external expert, to provide managerial competencies useful to drive in the future the business
development of the startup.

Figure 9. Trend of the main reasons for failure along the years of life.

3.2.3. Mutual Contribution of Failure Causes
As previously mentioned, companies rarely die due to a single failure cause. To better understand
the chain of causes is driving a startup to a probable failure, we performed a statistical analysis of all
our database using IBM SPSS modeler 18. The statistical model we built performs the following steps:
•

We first make a broad clustering analysis on the startups using, as variables, all the startup failure
reasons. More in depth, we considered, as clustering methods, k-means, Kohonem network and
two-step cluster analysis [59]. When needed, the number of the cluster was fixed to 3, 4 and 5.
Given all the combinations of clustering method and number of clusters, the combination with

•

min{ Di ,j∈C−i }− Dic

= ∑iN=1 max(min{ D ,j∈C }− Di ) , where C−i
i
−i
ici
denotes cluster labels which do not include case i as a member, while ci is the cluster label which
includes case i. If max(min{ Di , j ∈ C−i } − Dici ) = 0, the Silhouette of case i is not used in the
average operations.
Given the best combination of method and parameters, for each cluster we analyzed the
importance of the startup failures as predictors by computing importance of the predictor i
as Ii = −log10 (sigi )/ max j∈Ω −log10 (sig j ), where Ω is the set of predictor fields and sigi is the
significance of predictor i defined as its p − value.
the best silhouette coefficient computed as SC =

1
N

The best method was k-means with 3 clusters. One cluster covers 62% of the startups, while the
second one 24% and the third one just the 13%. The main predictors of startup failures are Lack
of business development (I = 1.0), followed by No product/marketing mix (I = 0.54) and Few Customers
(I = 0.41) and No/Wrong Business Model (I = 0.24). The other predictors have a significance less than
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0.05, so can be considered as ancillary for the clustering. In order to investigate the presence of a list of
association rules between these predictors, we applied a Continuous Association Rule Mining Algorithm
(CARMA) discovery algorithm to discover association rules in the data [60]. The model identified the
No Product/Marketing Mix and the Run out of cash as ancestors of the No/Wrong Business Model.
If we perform a similar process by segmenting the companies according to their age at the failure,
the reasons for failure during the first year are a combination of No/wrong business model and lack of
business development, which results in a premature run out of cash. The inexperience of the management
is underlined, and, in some cases, their failure is due to a missing product/market fit and a high
cost of customers’ acquisition. When the company’s age is between two and three years, the missing
product/market fit linked to a No/wrong business model acquires even more relevance. In this time frame,
a high number of companies also reported, as a cause of failure, a reduced competitive advantage with
respect to competitors, and bad financial management. Finally, for companies’ age between two and
three years, the relationship between business development and product/market fit and customer
segmentation becomes relevant. In older companies (4–5 and 5+ years of life) the lack of business
development acquires even more importance. Therefore, failure causes are no more mainly related
to the SHELL category S-business model and they are instead mainly linked to L-Customers/users
and L-Organization. In fact, problems such as a missing or wrong scaling, or organization issues
become relevant, highlighting that the failing company was not able to adapt its organization to remain
competitive in a broader market.
To investigate how failure causes affect each industry, industries are grouped in Industrial
sectors (Table 1). When one focuses on the three most relevant sectors (ICT and Telecommunications,
Entertainment and Education and Services, showing the highest number of industries postmortem
analysis), some differences appear. In particular, in the Entertainment and Education sector the
lack of competitiveness is more relevant than in the other two sectors. In addition, it appears that
the risk of failing due to the lack of funding is higher than in the other two sectors. The ICT and
Telecommunications sector seems to suffer less from the lack of funding and seems to be a sector
characterized by companies able to compete on the market. Nonetheless, a correct product/market
fit is still required to succeed. Some critical aspects related to the organization have been highlighted
as well, such as the inexperience of the management, a bad organization or a misalignment among
co-founders. Finally, companies failing in the Services sector highlighted some difficulties in finding
investors, as well as a high cost of customers acquisition, mainly due to a missing product/market fit
and to a limited number of customers.
Table 1. Organization of industries in sectors

Sector

ICT and Telecomm.

Healthcare and Biotech

Services

Industry

Number
of
Industries

Industry

Number
of
Industries

Analitycs/Big Data
Cloud Management
Hardware
Mobile
Telecomm.
Web Development
Software
Platform

8
2
3
8
1
8
19
6

E-book
E-Learn
Ed-Tech
Entertainment
Fashion
Gaming
Media
Music/Audio

2
3
1
15
6
6
7
9

Biotech
Healthcare IT and services

2
4

News
Photo/Video

3
9

Advertising
Communications

5
4

Social Media
Travel

27
3

Consultancy
CRM

3
3

Food and Grocery
Manufacturing and Logistics

Food & Grocery
Logistic/ Delivery

2
1

Energy
Marketing
Security
Service

4
2
2
17

Commerce
and Finance

Bitcoin
E-commerce
Finance

2
12
3

Sector

Entertainment and Education
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4. Final Remarks
Given the above analysis, the SHELL appears to be a powerful model, especially if applied to
a large database, because it allows the development of a standard model or survey for the autopsy
of the startups failed, allowing to define a sort of taxonomy useful to identify the more frequently
patterns. More in general, a typical failure pattern related to the Business Development process
emerges. Actually, after consolidating the Business Model, entrepreneurs seem to focus directly on
the sales or on the product/service improvement, disregarding the design of a reliable, measurable
and engineered Business Development phase. This comes in different forms, including running out of
cash, difficulty in finding customers or high cost in acquiring the customers. Unfortunately, this is also
a general lack in the scientific literature, which literally neglects the Business Development process,
relegating it to a mere sales process. From the point of view of the startups, entrepreneurs are usually
in love with their product/service (e.g., building a solution looking for a problem instead of targeting
a market need) and they usually lack in Business Development expertise [56]. Moreover, in case the
company undergoes an incubation/acceleration process (3/4 years) the focus of mentors is in clarifying
the Business Model and create a first, reliable structure. After that period, the startup starts to play
its game in the market almost alone. Thus, in our opinion, there are two main actions that should
be done for reducing the impact of an incorrect Business Development process. From the scientific
point of view, there is the need of studies on engineered Business Development processes that can be
applied with a limited effort and a limited knowledge of the management and marketing theory by
the startuppers. Second, the incubators/accelerators should think to a post-incubation phase where a
company/group specialized in Business Development is put aside the startup. A partial answer to
the first point is emerging from some developments of the Lean Startup philosophy, as the GUEST
Business method [61–63].
Moreover, there is still work for automatizing the process presented in this paper for analyzing
a larger database and build a comprehensive taxonomy of startup failures. In fact, at present,
the analysis of postmortem reports has been done manually, by identifying relevant factors in the text
and subsequently structuring them according to the modified failure taxonomy. The outcomes of this
process highlight the need in the future, of enhancing the methodology and applying the taxonomy in
a more structured and comprehensive way, on larger databases of startup failures, as those gathered by
the accelerators and incubators ecosystem in Europe. However, given the limitations of processing and
handling large datasets manually, the findings of this work could be used to build intelligent systems
based on data mining approaches, able to identify failure causes from natural language texts and
automatically classify them. Moreover, extending the analysis on extensive databases might be used to
extrapolate the effect of the policies, for example in compliance with the Horizon 2020 programme and
the SME Instrument for supporting startups.
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