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Abstract 

Despite their disruptive strengths of strong network effects and scalability, many platform startups still fail 

within their startup phase. Studies show how platform survival is largely influenced by their complex digital 

nature, creating managerial difficulties for platform entrepreneurs. However, not a lot of research has taken a 

step back and evaluated the fundamental influence of funding on the survival of platforms in their earliest 

startup stage where funding is known to be crucial in new ventures. Thus, platform entrepreneurs are left 

unknowing whether their focus should be solely on the complex dynamics unique to platforms, or if funding 

remains one of the most important aspects of the startup stage. 

Thus, this study aims to investigate how quantitative funding-related factors influence the survival of platform-

based startup survival, as well as the relationship between founder capabilities (entrepreneurial experience and 

knowledge) and funding attraction. To investigate this, the research utilizes data from CrunchBase, an open-

source community-generated database on innovative tech companies. The collected dataset is quantitatively 

analyzed primarily by applying a causal relationship framework through a survival regression model, known 

as the Cox proportional hazards model, to find how factors from the dataset influences survival probabilities 

of platform-based startups. 

The research shows a significant positive relationship between funding and survival probabilities of platform-

based startups, except for the number of investors, which has a negative impact if too large. However, due to 

statistical insignificance, no confident relationship between founder capabilities and survival is found. It is 

however found that a moderate positive relationship between founder capabilities and the attraction of funding 

exists in platform-based startups. 

Consequently, managers and founders of platform-based startups are advised to focus on attracting as much 

funding as possible, but from hands-on investors with great experience and knowledge that can increase 

survival probabilities by supplementing strategic capabilities where the founders are lacking. 
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1. Introduction 

1.1. Background and motivation 

When disruptive innovation was defined in 1995, it described how new innovative technologies were 

completely shifting markets and networks (Bower & Christensen, 1995). Startups and smaller companies with 

disruptive innovation successfully challenged large incumbent businesses by addressing unserved segments, 

getting a foothold, and upscaling incredibly quickly. Today, more than two and a half decades later, we are 

still seeing the strength of disruptive innovation. However, as technologies have matured, and new 

technologies like Blockchain, Internet of Things, Cloud computing, Artificial Intelligence, etc. have emerged, 

the battlefield has shifted considerably towards being digital (Schwab, 2017; UNCTAD, 2021).  

Digital platforms are undoubtedly evidence and development of this, as they are disrupting many industries 

with their utilization of new technologies to exploit strong network effects, feedback loops, and modularity, 

creating seemingly unbeatable ecosystems (Parker, Van Alstyne, & Choudary, 2016). This allows some digital 

platforms to not only upscale quickly like their predecessors, but also to grow so rapidly through blitzscaling 

that they do not just disrupt markets but create winner-take-all markets and destroy competition (Ruutu, Casey, 

& Kotovirta, 2017). 

Consequently, as even the most traditional industries like banks and financial institutions have been digitalized, 

platform business models have evidently conquered the world of businesses (Pollari, 2018). As a result, the 

world’s most valuable companies today are digital platforms (Eastwood, 2019). However, despite their obvious 

strengths and wide adoption, many platforms still fail, especially in their early startup stages (Eastwood, 2019; 

Cusumano, Gawer, & Yoffie, 2019). Now, in traditional startups, this phenomenon is well known, as it is often 

quoted how ‘9 out of 10 startups fail’ (Patel, 2015), often due to simple reasons like business model issues, 

lack of demand, failing in gaining traction, etc. 

However, platform business models are ultimately exploiting economic trends and market effects that should 

provide them with greater survival probabilities. Even so, platforms seem to have very high risks of failing 

(Eastwood, 2019). One clear but vague reason is the complex nature of the digital companies and platforms, 

making sustaining them especially difficult (Church, 2017). This complexity essentially originates from digital 

platform-based startups gaining their power from networks effects and the feedback loops they create, which 

implies that to survive and grow, digital platforms must always facilitate and exploit platform-exclusive 

dynamics like facilitating interactions and modularity, acquiring users, and creating and exploiting positive 

network effects (Parker et al., 2016). To do this, a digital platform must be designed correctly for modularity 

and complementarity to create an ecosystem that exploits the network effects of its participants, which must 

then be curated and run efficiently, evidently requiring strong capabilities and focus by a platforms’ founders. 
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Hence, several studies have researched these difficulties further and have found common misunderstandings 

and incompetence of platform management and dynamics (e.g., Bughin, Catlin, Hirt, & Willmott, 2018; 

Mancha, Gordon, & Stoddard, 2019; Yoffie, Gawer, & Cusumano, 2019). Furthermore, the digital platform 

market sees rapid technological changes and fierce competition, ultimately stressing the importance of the 

strategic abilities of managers and founders to differentiate one’s offerings and at the same time adapt to rapid 

changes to survive (Srinivasan & Venkatraman, 2018). Moreover, digital platforms are extremely regulated 

due to their contrasting business models that implicate present rules, policies, and regulations (Kerber, 2016; 

Nooren, van Gorp, van Eijk, & Fathaigh, 2018), complexifying the platform environment even further. 

Thus, digital platform survival is an incredibly complex and challenging topic to investigate, as influencing 

factors are subjective and intangible. However, taking a step back, more fundamental, and tangible factors 

might uniquely influence digital platform survival greatly. 

Of such traditional factors, digital entrepreneurship has been found to rely extraordinarily on financial factors 

such as funding (Bednár & Tarišková, 2017; Chang, 2004; Sharchilev et al., 2018). Consequently, digital 

platforms seem to be influenced by these factors in a similar way (Cantamessa, Gatteschi, Perboli, & Rosano, 

2018; Akter & Iqbal, 2020). Platforms have especially been found to rely largely on financial resources to 

navigate the rapid market changes and to support multiple platforms over time, evidently highlighting the 

significant importance of capital funding to survive and grow (Langley & Leyshon, 2017; Srinivasan & 

Venkatraman, 2018). 

However, as in all startups, financial resources are scarce in the early stages of business, as no revenue streams 

have been created. Thus, digital platforms rely heavily on funding in these stages to further grow the business 

and survive the so-called ‘valley of death’. However, not a lot of extensive research has been done on how 

much funding actually influences the survival of platforms in their early startup stages. As the literature review 

later suggests, most research has been on managerial factors, where financial resources have merely been used 

as control variables. 

However, as the digital era is upon us, new and novel research methods on digital entrepreneurship are enabled 

by the growing availability of rich startup data sources and advanced computational tools for data collection 

and analysis (Berger, von Briel, Davidsson, & Kuckertz, 2021). Thus, it is possible to use such novel methods 

and large databases to investigate the question of how funding factors influence platform startup survival at an 

explanatory and direct level, as well as explore if any other factors and confounders might have a great impact 

directly or indirectly through funding. 

Thus, applying such methodological thinking, this study aims to answer the following research question:  

Three hypotheses are investigated to answer this question (see section 2.5). 

How does funding influence the survival of platform-based startups? 
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Several approaches could be used to answer this question but aiming to use the rich online data sources and 

the advanced computational tools available to researchers nowadays, applying a causal relationship framework 

through a survival regression model using data from an online database on company information, was deemed 

to be the most appropriate approach. Consequently, based on its versatility and power to explain the 

relationships between explanatory factors and the survival of subjects, the Cox proportional hazards model 

was chosen as the tool to investigate the research questions. To apply the model, the widely used computational 

statistical program Stata 17 was utilized, using data on funding-related variables collected from the company 

insight platform CrunchBase. 

1.2. Delimitation 

The following is a short description of the delimitation applied in this study, which in conjunction with the 

prior section, aims to enable you as a reader to evaluate the paper’s relevance.  

This study focuses on the survival of digital platform-based startups and factors related to funding or the 

attraction of funding such as founder capabilities i.e., entrepreneurial experience and knowledge. Hence, 

variables not related to funding are either excluded or used as control variables. For the rationale of this, see 

the literature review and modeling section. Moreover, certain criteria regarding age, financials, characteristics, 

industries, etc. are set to delimit the research which is explained in the data and modeling sections. 

Furthermore, the study is deductive and thus based on prior literature and knowledge which guides the 

research. Hence, the exploration of the study is rather limited to the scope of known constructs of funding and 

platform-based startup survival. For more on this, see the research design section. 

Finally, the study is purely quantitative, as quantitative data is collected from the CrunchBase database, and is 

then investigated through quantitative statistical survival analysis methods. Hence, only appropriate variables 

that were measurable and quantifiable from CrunchBase have been used. For more on this, see the data section. 

To see the implications of these delimitations, please see the limitations section at the end of the paper. 

1.3. Definitions 

Certain terms are vital to the understanding of this thesis and will be used extensively throughout the paper. 

Hence, defining the terms ‘startup’ and ‘platform’ is very essential. The following is elaborations on which 

definitions of the terms are adopted in this research, and how they should be understood. 

1.3.1. Startup 

The word startup or start-up is self-explanatory as “The action or process of setting something in motion” or 

“A newly established business” (Oxford Dictionary, 2021). However, such a definition does not give much 

insight into what characterizes a startup, and what differentiates it from other businesses. A more elaborative 

definition, and the one this thesis primarily follows, is that: 
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 “A startup is an organization formed to search for a repeatable and scalable business model” (Blank, 2010). 

Thus, a startup is a temporary organization, or state of an organization, with the purpose of validating or 

exploring new business models, where established companies are those which aim to execute already validated 

business models. However, once again, this definition is also very broad and unmeasurable, possibly because 

a startup might simply be ‘a state of mind’ of a business (Hall, 2011; Shontell, 2014). Thus, to delimit the 

research of this thesis, operationalization of the definition, and its characteristics is necessary, which is why 

the operationalized characteristics and criteria of a startup are defined in the data section. 

1.3.2. Platform 

In the last decade, platforms have almost been synonymous with startups due to the rising trend in digital 

entrepreneurship (Zhu & Furr, 2016). However, platforms are distinct businesses utilizing certain digital 

business models. This thesis adopts the following definition by Parker et al. (2016): 

“A platform is a business based on enabling value-creating interactions between external producers and 

consumers” (Parker et al., 2016). 

Essentially this implies that a platform enables several different sides to interact with each other. How they 

interact is of lesser importance, the important thing is that “the platform provides an open, participative 

infrastructure for these interactions and sets governance conditions for them” (Parker et al., 2016). 

However, the platform definition does not present many characteristics to aid in research delimitation and data 

collection. Thus, operationalization of the definition is made in the data section where criteria are set regarding 

the collection and preparation of startup platform data from the CrunchBase database. The beforementioned 

definition is thus used as a basis for the evaluation of the accuracy of the resulting set of companies sampled. 
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2. Literature review 

The following section is a literature review of the body of knowledge on platform survival and funding. Hence, 

the section will review literature and studies that have contributed to the current knowledge. Moreover, there 

will be concluded on the current status of the literature and how this thesis can contribute to the overall 

understanding of platform survival. 

To find literature to be reviewed, the most appropriate online research databases such as Google Scholar, CBS 

Libsearch, Browzine, JSTOR, Science Direct, Emerald Insight, Business Source Complete, and ProQuest were 

searched to find the most appropriate research articles from the most relevant and acknowledged journals. The 

selection process was based on reading the abstracts of all literature found to assess content, relevance, value, 

and sufficiency, as proposed by Saunders, Lewis, & Thornhill (2019), allowing for the selection of appropriate 

research articles to apply in the literature review. Further, the checklist of skills to be practiced for effective 

reading proposed by Harvard Library (2021) was applied by previewing, annotating, outlining, summarizing, 

analyzing, identifying patterns in, contextualizing, comparing, and contrasting papers. 

The literature review follows a funnel methodology, going from the general to the specific, meaning that it 

starts by looking at general theory on startup survival and funding, and then moves on to the effects that 

digitalization has on the funding and survival of startups. Finally, the review evaluates how or if the survival 

and funding theory changes when dealing with digital platforms and goes into depth with the currently scarce 

literature on the exact factors that influence platform survival. 

2.1. Survival of startups 

2.1.1. The importance of funding in startup survival 

The establishment and launch of a new venture with a new product are evidently associated with certain costs 

from initial product research and development, marketing, and even the founders’ costs of living (Vernon, 

1979; Miller & Friesen, 1984; van Osnabrugge & Robinson, 2000). However, as a startup in this stage is often 

yet to establish a profitable cash flow, the costs must be covered by pure funding. Thus, entrepreneurs often 

opt for bootstrapping through personal funding from their own savings or family and friends (Aldrich, H., 

1999). 

However, as the startup grows it eventually moves into a new stage of its life cycle which requires an even 

larger amount of capital to cover rising costs for expansion (Osnabrugge & Robinson, 2000). Unfortunately, 

at this stage, personal investments are not enough to cover the funding needs, which leads startups to seek 

external capital. This situation is caused by the startup not generating any revenue through operations and thus 

depletes resources from initial capital provided by shareholders to go to market and gain early traction, a 

situation labeled ‘The valley of death’ by Auerswald & Branscomb (2003). Thus, during this period, a startup 

must survive solely on the initial invested capital until it begins generating revenue enough to become self-
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sustainable. However, at that point, the startup has crossed the ‘valley of death’ which greatly increases chances 

of survival, as the company can build on its momentum and profits (Auerswald & Branscomb, 2003). 

Consequently, funding is crucial to surviving the early stages of a company’s life cycle i.e., its startup phase. 

Such funding can, apart from family and friends, derive from various sources such as hard funding through 

loans, business angels, early-stage venture capitalists, or soft funding through public grant programs (Gregson, 

2014). 

However, gaining any kind of funding as a startup has been proved to be rather difficult as small new ventures 

have been deemed riskier by researchers. Stinchcombe (1965) argued in early business literature that new 

businesses lack access to resources, thus making it more difficult for them to grow and succeed. Freeman, 

Carroll, & Hannan (1983) instead connected the liability of lack of resources in startups to their size, rather 

than their age. Their point, however, was in essence the same: new ventures are uncertain, risky, and full of 

liability.  

In newer literature, Fisher, Kotha, & Lahiri (2016) make a very similar argument in their theory on the 

legitimacy of new ventures. In their theory, they argue that startups should focus on building legitimacy, which 

in essence is how the organization is perceived by external shareholders and potential investors. They argue 

that this is crucial to attracting resources and funding, as investors otherwise will deem the startup illegitimate 

and too risky to invest in. However, Fischer et al. also argue that building such legitimacy is a long and difficult 

process requiring a substantial number of resources. 

Thus, startups require a considerable amount of funding while having a difficult time being able to generate 

revenue early in their life cycle. Research has found this to be especially true in companies in certain sectors 

and with certain products where technology, R&D, and innovation are crucial (Murray 1999; Lindström & 

Olofsson 2001; Shane, 2004; Hall and Lerner, 2010; Horcher, 2011). However, at the same time, attracting 

such funding is rather difficult as startups also need to build legitimacy and disprove their liability of smallness 

and newness to appear attractive and less risky to investors, which requires resources, evidently creating a so-

called funding gap (OECD, 2006; Lam, 2010). Wiklund, Baker, & Shepherd (2010) thus found that the older 

a firm is, the less liability of newness is present in the organization, which is favored by investors as startups 

often have crossed ‘the valley of death’ and have gained a constant revenue stream at this point.  

Thus, funding has a major influence on the survival of startups, especially in their early stages, which has led 

some researchers to study how much it influences startup survival and success. 

Regarding the success of companies, Bill Gross put numbers on the matter, and surprisingly found in his study 

of successful companies, that well-funded companies only accounted for a 14 percent success ratio (Dessi, 

2016). However, contradicting, more acknowledged scholarly research has found that funding has a crucial 

role in the success of a startup as well as its failure. 
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Already in the ’90s, where entrepreneurship literature was comparably scarce, Holtz-Eakin, Joulfaian, and 

Rosen (1994) as well as Blanchflower and Oswald (1998) researched the influence of capital and funding of 

entrepreneurs when funding new ventures. Their findings were consistent in that capital and liquidity 

constraints exert a great influence on the viability of startups. As in the theory of the ‘valley of death’ and the 

funding gap, many entrepreneurs simply give up on establishing their new venture if capital and funding 

constraints have too great of an interference with their livelihood. The same argument has later been confirmed 

by more recent studies like that of Gelderen, Thurik, & Bosma (2006), Lee & Zhang (2011), Lee (2017), and 

Prohorovs, Bistrova, & Ten (2019). 

Conclusively, entrepreneurs require a significant amount of capital through funding to sustain both the 

company and themselves throughout the early stages of the company’s life cycle where revenue is essentially 

nonexistent. 

2.1.2. Other factors of startup survival 

Early literature on organizational survival directed a lot of attention to success as a function of economic 

performance, as researchers argued that well-performing firms would outlast underperforming ones (Alchian, 

1950; Friedman, 1953; Winter, 1964; Williamson, 1991). As such, well-renowned theories on how to 

strategically maneuver performance-influencing market factors, like Porter’s five forces (1979), began to 

develop. Literature on how much such market forces influence the survival of startups has also confirmed that 

the market competition, timing, barriers, characteristics, etc. does indeed have a massive influence on the 

probability of both survival and success (Gelderen, Thurik, & Bosma; 2006; Dollinger, 2008; Gonzalez, G. 

(2017). 

However, as logical as these arguments are, it has been argued that such a unidimensional relationship between 

economic performance and survival is not entirely certain as their determinants or predictors differs 

substantially (Blau, 1984; Carroll and Huo, 1986; Meyer and Zucker, 1989; Kalleberg and Leicht, 1991; 

Levinthal, 1991). Consequently, factors other than performance plays a considerable role in the survival of 

organizations (Gimeno, Folta, Cooper, & Woo, 1997). 

Porter somewhat realized this as well, as he found that not only market forces influence a startup externally, 

but that especially geographics extensively influence a company’s opportunities and survival (Porter, 1996). 

In several of his studies, he researched how the agglomeration of economies and local clusters influence the 

competition and success of companies (Porter, 1996; Porter, 1998; Delgado, Porter, & Stern, 2010). Through 

these studies, Porter found that geographical clusters and agglomeration enhance incentives and reduce barriers 

to the creation of new businesses (Delgado, Porter, & Stern, 2014). Strong clusters were thus found to increase 

the growth of startup formation, employment, and survival through knowledge spillover, enhanced labor forces 

from intra-industry specialization, among other conditions. 
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Moreover, Porter and an extensive number of studies have consequently tied the economic development of 

geographical locations to positively influence entrepreneurial success and survival (Porter, 1996; Porter, 2000; 

Van Wennekers, Stel, Thurik, & Reynolds, 2005; De Silva & McComb, 2012; Pe’er & Keil, 2013). As a result, 

the geographical location of a company largely influences the innovative capacity of firms as well as the 

diffusion of innovations within the region (Porter, 1990; Baptista, 2000). This is of critical importance as the 

innovativeness of startups has been found to positively influence the survival of most startups (Audretsch, 

1995; Buddelmeyer, Jensen, & Webster, 2006; Cefis & Marsili, 2006; Ortiz-Villajos & Sotoca, 2018). 

However, the impact of innovative capital on survival seems to be dependent on the industry of the startup. 

Christensen, Suarez, & Utterback (1998), Buddelmeyer, Jensen, & Webster (2006), and Fontana & Nesta 

(2009) for instance, found that innovativeness had a massive influence on the survival of fast-changing 

industries like those of high technology. However, some industries like the service industry seem to be less 

influenced by innovation regarding the survival of startups (Ortiz-Villajos & Sotoca, 2018).  

Moreover, a competing hypothesis to survival through innovation, is that the liability of newness and smallness 

of innovative startups is even greater than that of their less innovative counterparts (Hyytinen, Pajarinen, & 

Rouvinen, 2015). 

However, a study by Velu, C. (2015) supports success and survival through innovation in the form of new 

business models. He argues that firms with either a high or low degree of business model innovation survive 

longer than those with moderate business model innovation. This theory is generally supported by the fact that 

business models are widely known to significantly influence the survival abilities and success of new ventures. 

Zott & Amit (2007) for instance, found that novelty-centered business models positively influence the 

performance of entrepreneurial firms. Thus, their research also implied that business model innovation is a 

critical task for entrepreneurs to increase the survival and success probabilities of their startups. Moreover, 

they found that business models utilizing both efficiency and novelty were counterproductive, an argument 

also famously presented by Porter in his generic strategies (Porter, 1980). Newer literature, however, argues 

that such a ‘stuck in the middle’ position and hybrid model is possible today in some industries due to the 

ambidexterity possible in today’s age (Thornhill, & White, 2007; Menguc & Auh, 2008; Florin & Schmidt, 

2011; Haigh & Hoffman, 2011; Baroto, Abdullah., & Wan, 2012). 

Nonetheless, business models and innovation evidently influence the survival and success of a startup, 

especially if matched incorrectly with the startup's industry, which can lead to early failure. Thus, overall 

innovativeness has largely been tied to the entrepreneurial competencies of startups which in turn has directed 

many studies’ attention towards the traits, background, knowledge, and skills of the company founders, as 

these factors affect the overall entrepreneurial capacity of the company (Brüderl, Preisendörfer, & Ziegler, 

1992; Gimeno et al., 1997; Dencker, Gruber, & Shah, 2009; Nga & Shamuganathan, 2010; Brandstätter, 2011).  
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Further, these founder demographics have been found to affect a startup’s choice to enter a market and its 

ability to survive against incumbents, as pre-entry experience and knowledge mixed with certain characteristics 

and traits often lead to a company that is strategically better driven (Van Gelderen, Thurik, & Bosma, 2005). 

This is especially seen in serial entrepreneurs, who have experience from prior founded startups, which they 

draw upon when driving their new startup, leading to greater survival and performance (Amaral, Baptista, & 

Lima, 2011; Sarasvathy, Menon, & Kuechle, 2013; Lafontaine & Shaw, 2016). 

Evidently, social and human capital is crucial to a startup’s performance and survival in a given industry 

(Bosma, Van Praag, Thurik, & De Wit, 2004). At the same time, the experience, education, and skills of 

founders seem to also largely influence a startup’s ability to attract financial capital through funding, as 

investors are more likely to invest in experienced and knowledgeable entrepreneurs (Lee & Zhang, 2011; 

Prohorovs, Bistrova, & Ten, 2019). 

In the theory of ‘the valley of death’, these funding opportunities coming from founder traits and capabilities 

have a significant influence on surviving the funding gap. Moreover, the experience and knowledge of 

strategies to achieve a margin of safety for the startup are essential in surviving the early stages of the new 

venture’s life cycle (Gonzalez, 2017). 

Fortunately, accelerators and incubators have the last decades proved to strengthen startup founders’ 

innovativeness, knowledge, experience, as well as aid them in attracting funding from external investors, 

evidently leading to longer survival (Gonzalez, 2017; Koning, Chatterji, Hasan, & Delecourt, 2018). 

Consequently, the initial characteristics of a startup’s founders can be altered for the better by for instance 

accelerators or incubators, which in turn increases chances of survival for the entire organization (Regmi, 

Ahmed, & Quinn, 2015). 

Further, investors, seemingly not only supply capital to the startups they fund, but also supply expertise, know-

how, and networking, which contributes to the startup’s overall capabilities and performance, leading to greater 

survival probabilities (Baum & Silverman, 2004; Benson & Ziedonis, 2009; Ramadani, 2012; Di Pietro, 

Prencipe, & Majchrzak, 2018). This is especially true with syndicate angel investors who are more hands-on 

and provide access to their syndicate of angels, who combine their capital, knowledge, and expertise to share 

risk, making them more likely to invest in riskier early-stage startups and increase their survival probabilities 

(Ramadani, 2012). 

2.2. Digital startups and survival 

Differing from general entrepreneurship, most of the early literature on digital business or e-commerce was 

concerned with the role of the internet in the value chain and business models in enterprises through digital 

strategy (e.g., Shapiro, Carl, & Varian, 1998; Timmers, 1998; Henderson & Venkatraman, 1999; Brynjolfsson 

& Hitt, 2000; Amit & Zott, 2001; Afuah & Tucci, 2003). 
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This might be because of the massive need and push for research in this area in the late ’90s and early 2000s 

as many companies desired to adapt their business models to the digital era evolving. Literature has argued 

that the reason for this has been that companies in certain industries simply would not survive the competition 

and customer demand if they did not digitalize at some point down the road (Mazzone, 2014; Siebel, 2019). 

Hence, digitalization can be viewed as an evolving success factor for the survival of traditional incumbent 

firms. However, research on digital entrepreneurship and startup survival factors has been less significant in 

the early days of the digitalization era, as a consequence of the focus on digital transformation. 

However, since the early 2000s, and with the emergence of web 2.0, some research on true e-entrepreneurship 

began to develop entrepreneurial practices and business models that represent the ‘born digital’ term as we 

know of it today (Zaheer, Breyer, & Dumay, 2019). In the first years, the research studied different emerging 

business models and trends in e-entrepreneurship (Osterwalder & Pigneur, 2002; Morris, Schindehutte, & 

Allen, 2005; Doganova & Eyquem-Renault, 2009), but no approaches gained major traction early on. 

Consequently, Feindt, Jeffcoate, & Chappell’s efforts in 2002 to explore the success factors of rapid growth e-

commerce startups resulted in rather common and unspecific factors such as commitment, content, price 

sensitivity, convenience, control, interaction, and brand image in the startup phase (Feindt, Jeffcoate, & 

Chappell, 2002). 

However, as the research field matured, it turned to IS, ecosystems, and agile and lean methods, with 

innovative platforms as symbols of success (Zaheer et al., 2019). Popular entrepreneurial methodologies 

emerged such as Sarasvathy's (2001) causation and effectuation, Baker & Nelson's (2005) bricolage, Alvarez 

& Barney's (2007) creation perspective, and Shah & Tripsas's (2007) user entrepreneurship. 

Most notable for this research paper, however, was the lean startup methodologies popularized by Eric Ries 

who in 2008 and 2013 proposed the lean management methodologies he had used in high-tech startups, which 

he evidently learned from Steve Blank (Blank, 2013). Blank and Ries argue that these lean methods shorten 

the early exploration stage of companies, where they test and revise business models and products to find the 

best one, essentially what characterizes startups (Ries, 2008; Blank, 2013). Thus, through rapid iterations and 

reengineering, startups can get off the ground quicker and more successfully, which in turn increases survival 

probabilities (Blank, 2013). At the same time, Ries and Blank argue that the digital development seen in the 

past decades lowers entrepreneurial entry barriers as well as decentralizes financing so that startups now have 

greater access to venture capital, crowdfunding, and accelerators (Blank, 2013). 

Newer research has since studied if digital startups have adopted these lean methods and how it has influenced 

startup success. Ghezzi (2019), researched exactly how digital startups have adopted and implemented lean 

startup approaches (LSA) like Effectuation, Bricolage, and Opportunity Creation, and found that digital 

startups have adopted these methodologies to a large extent. This led him and Cavallo to study how LSA 
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affected digital startups and found that it enables business model innovation (Ghezzi, & Cavallo, 2020), which 

prior literature from the last section proved to be very influential on common startup survival. 

However, to apply LSA and exploit digital opportunities, startup founders must have the knowledge and skills 

to do so. Thus, research has found founder personalities, demographics, and entrepreneurial self-efficiency 

(ESE) to significantly influence the success and survival of digital startups even greater than regular startups 

(Dessyana, & Riyanti, 2017; Zaheer, Breyer, Dumay, & Enjeti, 2019), especially those offering new 

technologies to new niche markets (Brandstätter, 2011). 

Thus, as in traditional startups, founder characteristics, traits, skills, knowledge, etc. are crucial in digital 

startup survival. However, a study by Dessyana & Riyanti, (2017), found the innovativeness of digital 

entrepreneurs to be less significant, which contradicts with literature on traditional entrepreneurship. 

Fortunately, it also contradicts with other literature on digital entrepreneurship which argues that 

innovativeness does have a large impact on firm survival (Chattell, 2016; Antretter, Blohm, & Grichnik, 2018; 

Ferreira, Fernandes, & Ferreira, 2019). 

Moreover, as seen with the trend in new lean and agile business models, business model innovation is just as 

important to startup survival as in traditional sectors, if not more. Bonaccorsi, Giannangeli, & Rossi (2006) 

have argued that the beforementioned hybrid business models especially began to take shape early in the open 

software industry, where new innovative business models proved to be effectively competitive. Over a decade 

later, Zott & Amit (2017) stated that the argument is even stronger today, as business model innovation 

increases the total value for all stakeholders of a company, evidently improving survival in quickly changing 

environments. Even those SMEs (Small and medium-sized enterprises) situated in traditional industries 

evidently benefit from focusing on business model innovation in their digital transformation (Bouwman, 

Nikou, & de Reuver, 2019). 

However, some digital businesses have generally seen regulatory issues with privacy, protection, 

authentication, and jurisdiction (Tsatsou, Elaluf-Calderwood, & Liebenau, 2010), which has led to the failure 

of many startups with new innovative digital business models. Thus, policy and regulatory issues have been 

tied to negatively influence the survival and success of digital startups (Laosethakul & Boulton, 2007; Richter, 

Volquartz, Schildhauer, & Neumann, 2016; Chen, 2019; Dong, 2019), an implication more prominent for 

internet-based startups than most traditional startups in regulatory stable industries.  

Of course, the regulations and policies affecting a given digital startup are dependent on which industry the 

company is positioned in as well. The same ideology goes for general market forces which, as in traditional 

entrepreneurship, is found to significantly influence the opportunities and survival probabilities of a given 

digital startup, through factors like competition, demand, structure, and size (Giardino, Bajwa, Wang, & 

Abrahamsson, 2015; Richter et al., 2016; Zaheer et al., 2019). 
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Thus, even though digital startups, have a larger geographical reach enabled by the internet, geographical 

factors are still very important as they influence digital startups’ performance opportunities through 

regulations, market factors, and infrastructures of their home country and the countries they operate in, which 

evidently has an impact on chances of survival (Cumming & Johan, 2010; Zaheer, Breyer, & Dumay, 2019). 

This is especially true, as the geographical location of a digital startup impacts its access to funding capital 

(Kim & Hann, 2013; Butler, Garg, & Stephens, 2015; Nigam, Benetti, & Johan, 2020).  

Ending on the topic of funding and financial capacity, it is arguably one of the most important factors in digital 

entrepreneurship. Like traditional entrepreneurship, digital startups are significantly affected by their funding 

and overall financial capital. A recent paper by Sharchilev et al. (2018) found funding factors to be the most 

influential business measures on digital business success and survival. Other studies have too found the same 

financial and funding factors to be very influential in the survival and performance of digital startups (Giardino 

et al., 2015; Richer et al., 2016; Langley & Leyshon, 2017; Cavallo, Ghezzi, Dell'Era, & Pellizzoni, 2019). 

Cavallo et al. (2019), found evidence that venture capital is crucial in especially the early stages of digital 

startups, seemingly related to the difficult stages of ‘the valley of death’. Thus, even though Blank and others 

have argued for the increased availability of funding in the digital age (Blank, 2013; Kim & Hann, 2013; Kraus, 

Palmer, Kailer, Kallinger, & Spitzer, 2018), receiving funding is still as crucial and difficult for a digital startup 

as for a traditional one. 

However, as such factors are contextual (Giardino et al. 2015), an argument by Smagalla (2004) was made 

that it is not about the size of the financial budget but rather about how it is used, stressing the importance of 

founder experience and capabilities. Nevertheless, the theory of ‘the valley of death’ and the funding gap seems 

to hold true for digital startups as well. 

Conclusively, digital entrepreneurship largely experiences the same influencing factors on survival, as 

traditional entrepreneurship. However, some differences exist in the severity of certain factors like regulations 

and geographical locations. Lastly, funding and founder factors seem to be relatively unaffected by 

digitalization and thus remain as important to digital startups as it is to traditional ones. 

2.3. Survival and funding of digital platforms 

2.3.1. Dynamics facilitating survival and growth of platforms 

Wheelwright & Clark (1992) introduced the term ‘product platform’ as new products easy to modify into 

derivatives, which evidently began the studies on platforms through aspects like platform investments (Kogut 

& Kulatilaka, 1994), platform technologies (Kim & Kogut, 1996), platform thinking (Sawhney, 1998), and 

platform product planning (Meyer & Lehnerd, 1997; Robertson & Ulrich, 1998). Research then moved on to 

study platforms as control points of industries, especially the software and computer industry due to the 

competitive platform efforts of Cisco, Intel, Microsoft, and Netscape (Cusumano & Selby, 1995; Cusumano 
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& Yoffie, 1998; Bresnahan & Greenstein, 1999; Gawer & Cusumano, 2002). From here Baldwin & Clark 

(2000), Langlois (2002), Martin & Ishii (2002), Muffatto & Roveda (2002), etc. described the standardization 

and modularization of product architecture and development to improve the competitive capabilities of 

businesses, which evidently triggered a realization of the usefulness of platforms in companies.  

During these first 10 years of platform research, researchers were divided regarding the uses, best practices, 

strategies, and dynamics of platforms. However, from this point on, literature was directed towards the two-

sided platforms utilizing network externalities, as we know them today (e.g., Rochet & Tirole, 2003; Parker & 

Van Alstyne, 2005; Baldwin & Woodard, 2008; Eisenmann, 2008; Evans, Hagiu, & Schmalensee, 2008), as 

companies like PayPal, Apple, Amazon, eBay, Alibaba, etc. eventually disrupted entire industries with their 

platform-based products and systems. 

Fast forward a decade and the rise of social networks, e-commerce platforms, and lean and agile approaches 

to e-business has really manifested, which has turned a lot of literature and research to digital platforms and 

ecosystems and eased the focus on digital transformation in the 2010s (Zaheer et al., 2019). 

The literature has now matured and come to a considerable consensus on several dynamics of digital platforms 

which are essential to growth, survival, and success. As the early platform literature argued, facilitating a 

platform for the core interaction between the different sides of the platform is crucial in building, running, and 

creating value in a digital platform. Moreover, the literature still agrees on the importance of facilitating and 

exploiting the network effects and feedback loops that platforms enable while monetizing these effects and 

dynamics correctly, to capture the value and enable a sufficient cash flow, to create a competitive advantage 

and evidently survive (Tiwana, 2014; Parker et al, 2016; McIntyre & Srinivasan, 2017; Cusumano et al., 2019). 

Like early research on general platforms, literature over the years has seemingly also been directed towards 

the complementarity and modularity of platforms. Researchers have emphasized how the coordination between 

innovation hubs/communities, complementors, and platforms in modular architectures enables ecosystems to 

emerge, which can be crucial to the competitive ability and survival of a platform as it draws on large network 

effects (e.g., Adner & Kapoor, 2010; Kapoor & Lee, 2013; Adner, 2017; Jacobides, Cennamo, & Gawer, 2018; 

Srinivasan, & Venkatraman, 2018). The topic of innovation in ecosystems has however also been a topic of 

interest to platform researchers for a long time (e.g., Moore, 1993; Iansiti & Levien, 2004; Dhanaraj & Parkhe, 

2006). 

Further, the importance of building the right platform that facilitates network effects, complementarities, 

modularity, ecosystems, etc. evidently argues for the influence of business architecture and business model 

design/innovation on platform survival and success (Fu, Wang, & Zhao, 2017).  

Moreover, Cusumano, Yoffie, & Gawer (2020) have very recently argued that digital platforms enable the 

emergence of direct-to-consumer platform-based startups and complementors with capital-light ecosystem 
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business models, who outsource most of their operations and draw on the ecosystem of established digital 

platforms. Hence, platforms are not valuable because of their cost structure but rather because of the 

communities that participate on the platforms (Parker et al., 2016). 

However, in digital platforms, technology change very rapidly and competition is very fierce which stresses 

the importance of the ability to differentiate one’s offerings and at the same time adapt to rapid changes, to 

survive (Srinivasan & Venkatraman, 2018). Thus, platforms need large resources to navigate these changes 

and to support multiple platforms over time, which evidently highlights the significant importance of capital 

funding to survive and be successful (Langley & Leyshon, 2017; Srinivasan & Venkatraman, 2018). Moreover, 

this emphasis on funding is even greater due to the need for quickly scaling in digital platforms to become 

viable. 

Fortunately, Langley & Leyshon (2017), have argued that venture capital funds have seen increasing capital 

volumes in recent years, which have been directed towards platforms and software companies. This trend, as 

well as the emergence of crowdfunding platforms, enables digital platforms to have greater access to capital 

funding in today’s age, which is seemingly correlated to longer survival of such platforms. 

Other than capital needs in the earliest stage of platforms, literature has also been focusing on other 

implications in the difficult stage of launching a platform. Generally, it has been argued that the most success 

and survival implicating choice of this stage is the choice of ‘the chicken or the egg’, revolving how users will 

not be attracted unless a platform has value, but a platform cannot deliver value unless it has users to facilitate 

interactions (Rysman, 2009; Tiwana, 2014; Hagiu & Wright, 2015; Parker et al., 2016). Therefore, in the early 

stages of a platform, to not fail, it is critical to attract at least one side of the platform and further to acquire the 

critical mass of users to turn network externalities positive to attract other participating sides and stimulate 

growth (Hagiu & Rothman, 2016). 

Regarding the operation of platforms and keeping them alive, as put by Parker et al. (2016), to keep 

interactions, participation, and network effects running, effective curation, openness, and governance are 

essential. Such managerial tools are even more important to platforms in the digital age, as they are often even 

more regulated than traditional digital businesses due to their contrasting business models that implicate 

present rules, policies, and regulations (Morey, Forbath, & Schoop, 2015; Kerber, 2016; Podszun & Kreifels, 

2016; Nooren, van Gorp, van Eijk, & Fathaigh, 2018; Chen, 2019). Thus, digital platforms’ survival is largely 

dependent on complying with regulations through tighter control and governance to not be reprimanded by 

governments and authorities. 
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2.3.2. Factors directly influencing platform survival 

The abovementioned literature was primarily concerned with general growth and success building dynamics 

of the generic platform, and not directly on actual factors directly influencing the survival of platform startups. 

Literature on these factors is comparatively scarce since the field is still considerably new and specific. 

However, some studies have been done on the topic of platform startup survival, notably on factors leading to 

failure i.e., not surviving. Main streams of literature on such factors have been case studies and surveys 

identifying organizational factors, product factors, human factors, financial factors, market factors, and 

ecosystem factors (Akter & Iqbal, 2020). 

The most extensive research on the area has been done by Yoffie et al. (2019), with their case study of more 

than 250 platforms that revealed that the most influential mistakes were “(1) mispricing on one side of the 

market, (2) failure to develop trust with users and partners, (3) prematurely dismissing the competition, and 

(4) entering too late” (Yoffie et al., 2019). Thus, their study primarily presented strategic and managerial 

factors, which has been the focus of many other platform studies as well to present managerial implications 

and recommendations (Akter & Iqbal, 2020), just like general entrepreneurship literature.  

Similarly, a study by Mancha et al., (2019) investigated 16 emerging platform startups and found the most 

influencing factors in platform failure to be “Failing to create a seamless digital experience; 2. Failing to 

develop a vibrant ecosystem; 3. Failing to protect monetization opportunities; 4. Failing to recognize and 

balance strategic options at three crucial pivot points; 5. Failing to exploit the synergy of digital and physical 

assets; 6. Failing to innovate beyond the digital experience; and 7. Failing to follow emergent strategies” 

(Akter & Iqbal, 2020). Once again, these findings were primarily tied to managerial and strategic implications 

of the dynamics of platforms, that many other researchers have studied and proposed as well e.g., Cennamo & 

Santaló (2015), Fu, Wang, & Zhao (2017),  Eastwood (2019), and most notably Van Alstyne et al. (2016), who 

through their prior acknowledged studies and research proposed failing to optimize openness, engage 

developers, share value fairly, emphasize the right side, target critical mass, and trusting the platform’s success, 

to be the most detrimental factors in platform survival.  

A study by Maulana, Sucahyo, Ruldeviyani, & Gandhi (2018) took the topic of platform failure research even 

further by studying the requirements for platform-based startup survival. In their research, they utilized a 

qualitative methodology of semi-structured interviews with the founders and c-level executives of platforms 

to explore the topic. Their results showed that 6 major factors influence the survival of platforms: “support 

from startup ecosystem, collaboration and capacity of human resources, support from investors, financial 

situation, sustainable product development with customer focus, and collaboration and healthy competition” 

(Maulana et al., 2018). Moreover, they emphasized how important both human capital in form of founder 

experience, knowledge, and skills and financial capital in form of funding, is in platform startup survival. 
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In a recent paper, He & Li (2021), studied peer-to-peer lending platforms and how politics and finance affected 

the survival of such platforms. Using survival analytics through risk hazard functions, they found that platforms 

with firms as large shareholders, and with better information disclosure were less likely to fail due to running 

out of capital. Hence, their findings emphasized the importance of venture capital from large investors in 

platform survival and disclosing business information to attract these investors. Moreover, they found that 

these effects are pronounced in politically connected platforms in provinces with better local financial 

conditions, evidently emphasizing geographical locations.  

Finally, Akter & Iqbal (2020) carried out a literature review on factors leading to failure in platforms to present 

the current findings of platform survival literature. The investigation resulted in 29 elements influencing 

platform survival, which the authors bundled into 6 main categories. These categories were organizational, 

product, human, finance, market, and ecosystem factors. Hence, their results showed a wide variety of different 

factors influencing platform survival, which are consistent with the literature on general, digital, and platform 

entrepreneurship success reviewed throughout this paper. However, Akter & Iqbal also emphasized the 

importance of three specific factors of platform survival, namely organizational, business model innovation, 

and environmental elements. However, most contributions in their review were literature on general startup 

survival, not specifically platforms, which implicates the accuracy of their findings regarding the applicability 

towards platforms, rather than just startups in general. 

Consequently, having reviewed the body of knowledge on platform survival, Akter & Iqbal calls for further 

research to be done on the area using statistical methodologies on database data on platforms. Consequently, 

this paper aims to contribute to this by carrying out its investigation. 

2.4. Summary 

The body of literature on startups consists of numerous theories on the importance of funding in startups' 

survival and success. However, a common feature is that startups require a lot of capital to survive their early 

stages where revenue is nonexistent, but at the same time they need to make themselves attractive to investors 

to attract capital funding which in turn requires resources to prove legitimacy and liability. This situation leaves 

funding gaps and a so-called ‘valley of death’ which is detrimental to the survival of startups. 

Moreover, a startup's ability to attract funding is largely dependent on founder capabilities and competencies 

as well as geographics, market conditions, and politics. These factors also directly influence a startups’ survival 

as they influence the startups’ environment and its ability to navigate it. However, other internal factors like 

the innovativeness and business model of a startup seemingly also impact its survivability. 

Accelerators and incubators, however, aid startups in strengthening many internal factors while increasing 

probabilities of attracting funding. Moreover, the digitalization of accelerators and funding, in general, has 

broadened startups’ opportunities for attracting much-needed capital in their early stages. 
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However, the digitalization of startups has led to new and innovative entrepreneurial approaches, which 

simultaneously has created an even larger need for business model innovation to survive and grow. Further, 

there seems to be greater importance of expertise, knowledge, skills, etc. in founders due to the complexity of 

this new digital battlefield. 

The digitalization of markets has also brought many geographical and regulatory issues regarding privacy, 

protection, authentication, and jurisdiction, which digital startups must navigate carefully to survive. 

In addition, the introduction of digital platforms has only made startup survival even more complex. Digital 

platform-based startups gain their power from networks and the feedback loops they create, but this also means 

that to survive and grow, digital platforms must always facilitate and exploit the positive network effects. To 

do this, a digital platform must be designed for modularity and complementarity to create an ecosystem that 

exploits the network effects of its participants. 

However, in the early stages of a digital platform, it might be difficult to attract one side of participants, and 

choosing the right one, can mean life or death. At the same time, large capital is required to compete in the 

fast-changing platform environment, where scaling quickly, after attracting the first set of users, is a 

prerequisite.  

Moreover, digital platforms create even further implications with regulations, which demands effective 

curation, openness, and governance to sustain. 

Consequently, the literature presents various managerial and strategic factors that seem to be most influential 

on platform-based startup survival. However, a broad variety of direct factors influencing platforms’ 

survivability exist as well such as factors concerning organizational, product, human, finance, market, and 

ecosystem elements. 

Conclusively, as most research has focused on managerial and strategic factors, purely objectivistic funding 

factors and their direct relationship with platform-based startup survival has not been researched extensively, 

as it has in traditional entrepreneurship literature, evidently leaving a gap in the current body of knowledge on 

the topic. Some studies have suggested that funding factors might be very influential, but not enough research 

has been done to accurately tell how these funding factors impact platform survival. 

Thus, as scholars have called for, using statistical methodologies on data from a platform database, this thesis 

will aim to contribute to the overall understanding of fundings’ impact on platform-based startup survival. 

2.5. Hypotheses 

The following is a presentation of the three hypotheses tested in this study to guide the research in answering 

the research question. The hypotheses are based on the reviewed literature but are limited to the information 
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available on the CrunchBase database. The subsequent operationalization of the hypotheses is carried out in 

the latter part of the methodology section.  

As shown in the literature review, literature has generally suggested that funding can influence the survival of 

platform-based startups, as they seem to require a lot of capital to survive the early stages where revenue is 

nonexistent, and competition is tough and everchanging. Thus, funding seemingly increases the survivability 

of platform-based startups, which forms the first hypothesis of this study: 

H1: The funding acquired by a platform-based startup is positively associated with its survival probabilities. 

To test the hypothesis, several capital-related variables/factors are analyzed (see section 5.1). However, as the 

literature suggests that investors not only supply capital but expertise, know-how, and access to their network, 

which increases startup performance and survivability (Baum & Silverman, 2004; Benson & Ziedonis, 2009; 

Ramadani, 2012; Di Pietro, Prencipe, & Majchrzak, 2018), it is appealing to investigate if the number of 

investors strengthens platform-based startup’s capabilities, in such a way that it might have a greater impact 

on survival probabilities than simply the amount of capital invested by investors. It is, however, important to 

note that it is also assumed that a greater number of investors naturally implies attracting more capital as well.  

Next, the reviewed literature also put an incredible amount of emphasis on the entrepreneurial knowledge and 

experience of founders themselves, as it has shown to be the most influential factors on performance, survival, 

and funding attraction in platforms, due to their unique and complex dynamics that require great strategical 

skills. Hence, in this study, this is viewed as founder ‘capabilities’, and as its influence on survival and funding 

cannot be neglected in platforms, it will also be investigated how these founder capabilities impact platform-

based startup survival. However, as this is difficult to operationalize and measure, the study focuses on the 

accelerator education of founders, as well as their experience with entrepreneurship. Hence, the second 

hypothesis of this study is: 

H2: The capabilities of a platform-based startup's founders are positively associated with its survival 

probabilities. 

Further, founder capabilities have been found to influence not only survival, but also the attraction of funding, 

as investors favor less risky investments in experienced and educated entrepreneurs (Lee & Zhang, 2011; 

Prohorovs, Bistrova, & Ten, 2019). Hence, as these capabilities might not influence survival directly, but rather 

through increased funding, the third hypothesis of the study is: 

H3: The capabilities of a platform-based startup's founders are positively associated with its funding. 

Moreover, literature has demonstrated how several other confounders seem to influence the survivability of 

every startup. These other confounders are however continuously proven over time to certainly influence 

every startup and are thus not of great interest to investigate, but as they ultimately influence platform-based 
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startup survival, they must be adjusted and stratified for. Thus, this study adjusts its research to account for 

the effect of main influencing factors that can be collected and quantified or grouped from CrunchBase data. 

Literature has argued for the uncertainty of the early stages of digital platform-based startups due to the ‘valley 

of death’. Moreover, investors seem to favor older and more established firms due to less liability of newness 

and smallness, which creates large funding gaps in the early stages of any startup. Lastly, founders might gain 

valuable experience the longer they are on the market, which implies that age might influence the hypotheses 

posed in this study. However, in this study, age is equal to survival time itself, which makes it impossible to 

investigate in a survival analysis. 

The geographical location of a startup is also argued to strongly influence its opportunities and barriers, 

ultimately impacting performance and survival probabilities. However, these arguments are primarily made 

regarding agglomeration and geographical clusters, which this study is unable to investigate as it would be too 

comprehensive to compartmentalize and examine every firm’s city or country in a survival analysis. Thus, 

firms’ larger geographical regions are used to adjust the analysis to account for geographical differences. 

Similarly, a firm’s industry has been proved to greatly influence its opportunities and barriers, impacting 

performance and survival due to characteristics of the industry like rivalry, saturation, technology demands, 

structure, innovation demands, etc. Thus, this study adjusts the effects of the factors of interest for the impact 

of industry. 

Innovativeness has also been proved to have a great influence on survival, especially in the industries that 

demand it. A firm’s innovativeness could be measured by looking at the number of patents granted and 

registered by the firm, but such measures are paid features on the CrunchBase database, which is why this 

study does not adjust for innovativeness. 

Moreover, it is tested if there are correlations between any of the analyzed variables/factors. It is also tested if 

the variables interact with each other to influence platform-based startup survival even stronger in combination 

with each other. It is assumed that there are correlations and interaction effects between founder capabilities 

and funding. 

Lastly, as the literature on startup survival changed focus points throughout history, and as the platform 

industry is constantly evolving in complexity, this study also investigates the difference between platform-

based startups from 2001 to the end of 2010 and 2011 to the present day, regarding how the factors influence 

survival. The goal of this investigation is to evaluate if changes occur in the impact of the factors of interest 

over time, making the environment of platforms erratic. Consequently, this investigation is used to advise 

platform managers and founders if they should pay close attention to the unpredictability of their environment 

and prepare for changing effects of funding-related factors. 
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3. Methodology 

The following section presents and discusses the methodology of this study. The arguments of the presentation 

and discussion are based on literature by Saunders et al. (2019), which is a widely acknowledged contribution 

on business research methodologies from renowned expert scholars. 

3.1. Research philosophy 

As argued by Saunders et al. (2019), a research philosophy refers to a classification of beliefs, values, and 

assumptions about the development of knowledge. Moreover, they present 5 major research philosophies, in 

the field of business research, namely positivism, critical realism, interpretivism, postmodernism, and 

pragmatism, that all differ in ontology, epistemology, and axiology. 

This study, however, employs a predominantly positivistic critical realism philosophy in its research. Thus, 

the author of this study believes that there exist patterns and causal relationships in the collected quantitative 

data that may demonstrate how much funding impacts the survival of platform-based startups, and that these 

relationships exist independently of the research into the topic. 

However, the observed factors and their relationships to the social constructs of platform-based startups are 

only part of the perceived events of failure of the firms, i.e., the empirical layer of critical realism’s ontology. 

Hence, these events and their causal mechanisms might only be a fraction of actual events and patterns that 

have influenced the survival of the observed firms. Moreover, it is recognized that this study cannot perceive 

every event and firm of the actual domain, since the study only perceives the ones that are obtained through 

the initial research. Further, the real domain of the mechanisms and structures that enables and constraints the 

events and relationships is unobservable to this research as well, implying that the study only aims to explain 

what is seen, experienced, and mentally processed, in terms of the reality structures that shape the observed 

events (Saunders et al., 2019).  

Regarding the epistemology of critical realism, knowledge is historically situated, and social facts are social 

constructions, and thus do not exist on their own. Hence, this study aims to contribute to the knowledge by 

proposing historical causal funding explanations from analyzing quantitative organizational structures of 

platform-based startups. 

Further, as this is the case, research is value-laden and biased but aims to minimize such bias and potential 

errors to come as close to an objectivistic reality as possible. In this instance, that implies ensuring the highest 

quality, reflectiveness, and reliability in the data and the analysis of it. Hence, the study aims to be as 

objectivistic as possible but in adopting the critical realism philosophy accepts mild subjectivism. This is 

especially present in the sampling, collection, and assessment of the data, which is discussed in the data section. 
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Lastly, it is acknowledged that adopting a different philosophical stance would impact the findings of this 

study. However, critical realism represents the researcher’s own beliefs, values, and assumptions very well, 

making it the most appropriate philosophy to adopt with the study’s characteristics and structure in mind. 

3.2. Research design 

3.2.1. Research approach 

Saunders et al. (2019) identify three primary research approaches available to business researchers, namely 

deduction, induction, and abduction. Deduction can be viewed as a top-down logic, which bases research on 

general previous literature and theory and moves toward the specific. Induction on the other hand can be 

viewed as a bottom-up logic, which starts with specific observations and then collects data to establish general 

conclusions and theories. Lastly, abduction utilizes both previous logics in combination by first establishing a 

plausible theory on a surprising fact, which is then tested through new data. 

This study utilizes deductive reasoning, as the research is based on existing literature and theories on platform-

based startup survival and fundings impact on it. The literature review carried out will thus act as the basis of 

the hypotheses established to test the theories on how funding influences platform-based startup survival. 

These hypotheses from theory are tested for falsification or verification through applying a survival analysis 

on the specific observations of platform-based startups that occur in the dataset collected. Thus, the study both 

contributes to the field of research and answers the research question at hand. 

Saunders et al. (2019) argue that research approaches are often used in combination, but that one of the 

approaches is dominant. This is true for this paper as the study not only utilizes deduction but also induction 

to some extent when carrying out the test of theories from current literature, as the findings might determine 

flaws in the thoughts on how funding influences platform-based startup survival. If such flaws are found, the 

study therefore also aims to criticize existing literature and propose modifications to current theories. However, 

the goal of the study is not to produce an entirely new conceptual framework and theory on the field of research. 

As Saunders et al. (2019) argue, applying deductive reasoning implies using a highly structured methodology 

as well as operationalizing concepts. Thus, to ensure reliability, this study employs such a structured 

methodology to facilitate replication, as well as operationalizing concepts like startup, platform, funding, 

survival, and failure. 

3.2.2. Research purpose 

The research purpose refers to the type of study that will be carried out, based on the research question at hand, 

resulting in various purposes like exploratory, descriptive, explanatory, and evaluative (Saunders et al., 2019). 

This study uses a combination of different strategies, namely exploratory and explanatory, which Saunders et 

al. (2019) propose as a viable option. 
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This is carried out by exploring existing literature to gain insight into the field of research through a literature 

review which then acts as the basis for posing hypotheses about platform-based startup survival. Further, the 

study explores factors related to the attraction of funding and elements that influence platform-based startup 

survival, which literature might not have investigated entirely in a similar way due to the lacking quantity of 

research on the topic. However, these factors are simply different measures of factors that have been proposed 

by literature already, making the main research purpose explanatory. This is carried out by posing hypotheses 

based on funding-related factors suggested by current literature, aiming to explain the relationship between 

these funding-related factors and the survival of platform-based startups. 

Consequently, the study does not aim to discover entirely new funding-related factors and their effects on the 

survival of platform-based startups, but rather to thoroughly investigate the effects of known funding-related 

factors in a fairly novel way. 

3.2.3. Research strategy 

Generally, the strategy of studying the impact of funding on platform-based startup survival could be tackled 

by quantitative, qualitative, or mixed-method research. However, to achieve the largest possible 

generalizability and representativity, it was assessed that a quantitative research method was most appropriate, 

as it allows for a larger data sampling and collection. Further, prior studies have primarily utilized more 

qualitative research strategies to investigate the topic, which has resulted in a large amount of qualitative 

managerial and strategic factors influencing platform-based startup survival and growth. Thus, literature on 

the field of research has suggested for future research to be done on the topic using quantitative methods on 

large datasets, to study the antecedents and survival of startups and platforms (Davidsson & Gordon, 2012; De 

Reuver, Sørensen, & Basole, 2018; Akter & Iqbal, 2020).  

To further meet these research suggestions, the research strategy of this study is archival research, as it 

capitalizes on the extensive amount of rich secondary data available online (Saunders et al., 2019). Hence, the 

study utilizes the rich secondary archival data available on digital platform startups on the CrunchBase 

database. 

Consequently, the study’s research strategy is mono method quantitative in that it only utilizes a single 

quantitative strategy to investigate the research question, hypotheses, and overall field of research. Such a 

considerably simple research strategy, however, implies a weaker measurement accuracy that does not achieve 

the validity of method triangulation. Thus, another quantitative research strategy the study could have utilized 

is surveys, as it would allow for creating a rich and specific primary dataset on platform-based startups which 

could be combined with the archival research, to create a more valid multi-method quantitative research 

strategy. 
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However, using a mixed-method research strategy would comparatively reach even further validity and 

reliability. Hence, utilizing a qualitative research strategy, such as interview-based case studies, in combination 

with one or more quantitative research strategies, would arguably achieve the highest possible triangulation to 

produce the most generalizable, accurate, and confident conclusion possible within the critical realism 

philosophy. Moreover, applying mixed methods would facilitate deeper and more diverse insights to explore, 

explain, and confirm relationships between funding and platform-based startup survival. 

Nonetheless, using a mixed-method research strategy was not possible in this study due to time, resource, and 

scope restrictions. 

Lastly, the study is longitudinal, as it investigates platform-based startups’ survival over time and how funding 

factors affect it. Moreover, the study also compares platform-based startups from two different periods, namely 

from 2001 to the end of 2010 and from 2011 to the present day. 
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4. Data 

As the methodology regarding data is quite comprehensive and complex, this entire section’s purpose is to 

present and discuss the data methodology of the study. This is done by first going over the sampling and 

collection of data used in the research. Then the data preparation techniques carried out to clean the data are 

discussed. This allows for the assessment of the data and finally the methodology for the data analysis itself. 

The methodology regarding the collection, preparation, modeling, evaluation, and analysis of data is based on 

literature by Kleinbaum & Klein (2010), whose literature is some of the most acclaimed contributions to the 

body of knowledge on survival analysis methodology. 

The steps applied in the research of the data are summarized in the following flow chart, visualizing the entire 

process. 

Diagram 1: Flowchart of data research

 

Source: Author’s own creation 

4.1. Data sampling, collection, and preparation 

Due to time, budget, and accessibility constraints, it was not possible to collect data on the entire target 

population of platform-based startups. However, the next best thing within the constraints of the research was 

deemed to be utilizing the archived company data from CrunchBase, an incredibly large open-source archive 

of community-generated data on innovative tech companies.  

Thus, the first sampling of the entire population of startups is automatically done by only gathering secondary 

data on companies available on the CrunchBase database. Such a sampling is essence convenience-based but 

is still incredibly rich, diverse, and representative due to the large size of the dataset available on the database. 

Moreover, data on CrunchBase is not only community-driven, but also monitored and updated through three 

mechanisms (Basole, Park, & Chao, 2018). Firstly, data is managed and corrected by company executives and 

investors. Secondly, data is compared for accuracy against many other public information databases and sites 

through machine learning. Finally, the data is manually validated and curated by CrunchBase’s own team of 

experts. Consequently, the reliability, credibility, and overall quality of the initial dataset are considerably 

high, even though only a single data source is used (Shi, Lee, & Whinston, 2016). 

Moreover, CrunchBase’s database has been utilized in several prior statistical studies on different research 

topics with interesting, accurate, and representative findings (e.g., Shi, Lee, & Whinston, 2016; Basole et al., 



25 
 

2018; Schulte-Althoff, Fürstenau, & Lee, 2021; Xiang et al., 2012; Żbikowski & Antonsiuk, 2021), ultimately 

displaying and justifying the enormous research potential the data presents. 

The initial sampling by simply utilizing the unfiltered CrunchBase database was, however, not representative, 

and accurate enough as the database included companies that would not qualify as platform-based startups. 

Hence, criteria were set to meet the definitions of a startup and a platform, that was adopted by this study. 

These criteria were set on the CrunchBase site using the advanced query search feature before exporting the 

dataset. 

4.1.1. Operationalization of startup criteria 

The first criteria set was an age restriction of 10 years, thus excluding every company older than 10 years. It 

was assumed that this criterion appropriately represents the target population of startups as prior literature has 

used the same age restriction which has proved viable and appropriate (Schulte-Althoff et al., 2021; Steigertahl, 

Mauer, & Say, 2018). Moreover, official authorities, like the Indian government, have accepted this age 

restriction in their startup definition (Government of India, 2021). 

The next criteria were based on a 2018 investigation by an employee of CrunchBase, Alex Wilhelm. He 

proposed the following criteria for the definition of a startup: no more than $100 million in revenue, no more 

than 500 employees, and not a greater worth than $2.5 billion (Wilhelm, 2018). However, information on the 

worth of startups on CrunchBase is a locked feature requiring a paid ‘Data Boost’, which is why this criterion 

was discarded in this study. 

Thus, any company in the database that exceeded either 10 years of age, $100 million in revenue, or 500 

employees, was excluded from the exported dataset for the study, resulting in a dataset of only startups (by the 

definition and criteria of this study; see data assessment section). 

4.1.2. Operationalization of platform criteria 

Having set the startup criteria, the dataset was exported, as the CrunchBase site does not allow for any further 

useful delimitation regarding exclusively exporting platform-based startups, as their industry group category 

‘Platforms’ seem to be focusing on complementors to other big platforms like social media, OS ecosystems, 

gaming ecosystems, etc.1 

Thus, to extract platform-based startups, CrunchBase’s query builder was utilized to build advanced searches 

that matched both the startup and platform criteria the following criteria were set: 

 
1 See CrunchBase’s list of industries: https://support.crunchbase.com/hc/en-us/articles/360043146954-What-Industries-

are-included-in-Crunchbase-  

https://support.crunchbase.com/hc/en-us/articles/360043146954-What-Industries-are-included-in-Crunchbase-
https://support.crunchbase.com/hc/en-us/articles/360043146954-What-Industries-are-included-in-Crunchbase-
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The first criteria were set to only include firms that contained the terms ‘Platform’, ‘Forum’, ‘Aggregator’, or 

‘Marketplace’ in their description. These terms were chosen by the author of this study, based on the definition, 

and understanding of what a platform is. 

Next, the filter was set to only include firms from any of the following industries, which represents common 

industries of digital platforms: Search Engine, Blogging Platform, Funding Platform, Collaboration, E-

Commerce, Internet, Digital Media, Trading Platforms, Online Forums, Social Media, Email, Digital 

Entertainment, Social Network, Advertising Platforms, Marketplace, Messaging, Content Delivery Network, 

Professional Networking, Developer Platform, E-Commerce Platforms, Mobile, Collaborative Consumption, 

Sharing Economy, Ride Sharing, Open Source, and PaaS. 

The resulting dataset consisted of 12015 platform-based startups, which were then extracted from CrunchBase. 

However, the data still needed some cleaning to be as appropriate and representative as possible. 

4.1.3. Cleaning of data 

First, Excel’s ‘Remove duplicates’ function was used to remove duplicates, as CrunchBase seemingly does 

not filter sufficiently on ‘Accelerator Type’ and ‘Number of Founded Organizations’, resulting in many 

duplicates. The sample was first sorted by ‘Organization Name’ and then by a binary ‘Accelerator’ variable 

(see operationalization of variables section) which then allowed the removal of duplicates without any 

accelerator info. Next, the sample was sorted by ‘Organization Name’ and then by ‘Number of Founded 

Organization’ which then allowed the removal of duplicates with the lowest number of founded organizations. 

Consequently, the function removed 5720 duplicate firms, resulting in a dataset of 6295 platform-based 

startups. 

Further, some closed firms did not have a closing date, which would make them unable to provide an estimate 

on survival time. However, the reason was investigated, and it was found that about a third of the closed firms 

without closing dates, were acquired firms as well. Moreover, it was found that the exit date of almost every 

firm that was acquired, and that had a closing date, was either the exact same date or only a few months prior. 

Thus, it was assessed that imputation could be applied by substituting the missing closing dates with the 

acquisition or ‘exit’ date, as it would mean that the firms without the closing date would still be included in 

the sample and thus keep the sample’s representativity and preciseness. However, firms without both a closing 

and an exit date were deleted. 

However, the imputation of the missing dates had the possibility of creating statistical bias and validity issues. 

Thus, a sample of these firms was investigated, and the exit dates seemed very appropriate as closing dates as 

well, as the companies’ last activity on websites, social media, databases, etc. more or less matched these dates. 

Thus, the final dataset consisted of 6032 platform-based startups. 
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Moreover, the same filtered dataset acquired for platform-based startups from the last 10 years, was also 

collected for platform-based startups from 2001 (the same date as the present day, just 20 years ago) to the end 

of 2010, to give a perspective of how the impact of the factors of interest has changed. The resulting final 

dataset after sampling and cleaning consisted of 1942 platform-based startups. 

As the beforementioned criteria used were set by the author, it implies a considerably biased non-probability 

sampling. Consequently, the external reliability of the study is of lower quality, as another researcher might 

choose different criteria if the study was to be repeated. However, the criteria are determined to be relatively 

stable and valid in their ability to accurately sample the target population and thus allow the research to measure 

the relationships between explanatory funding variables and platform-based startup survival. Moreover, the 

criteria were inspired by the criteria set by Schulte-Althoff et al. (2021) in their research on the scalability of 

AI, service, and platform startups.  However, as the cleaning of the data posed some issues with bias, the 

overall validity of the study, was lowered. 

To combat these issues, the study could have used machine learning to teach a model to accurately identify 

platform-based startups, which would increase the representativity and accuracy of the sampled dataset. A way 

to do this could be to employ supervised machine learning, where researchers would guide a model to identify 

platform-based startups through LDA, based on a training set. Moreover, machine learning could have been 

applied to scrape company databases and websites to fetch missing founding and closing dates of the firms 

without them, as well as further information that CrunchBase does not contain. However, such approaches 

were deemed too time-consuming for the scope of this paper.  

4.1.4. Data assessment 

Even though the sample could be considered valid and reliable at first glance due to its relation to the literature 

on the field of research, a more methodical approach was carried out to assess the representativity, validity, 

and reliability of the sampled dataset even further. 

The method used to carry out the assessment was using Excel’s INDEX, RANDBETWEEN, and ROWS 

functions in combination to randomly select a small sample of 25 firms from the exported dataset, which was 

then evaluated regarding if they represented what the researcher believed a platform-based startup to be, based 

on the definitions and characteristics adopted from literature. 

The resulting sample, using Excel’s functions can be seen in appendix 1. The selected sample was determined 

to accurately represent platform-based startups, even though it was difficult to assess based on short 

descriptions. 

The assessment of the data’s representativity was relatively biased as it, once again, was based on the 

researcher’s definition of platform-based startups. Like in the collection of the data, the assessment of the data 
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also lacked some degree of external reliability and validity, as other researchers might not assess the data the 

same way. 

However, several techniques could have been applied to make the study less biased and more reliable, with 

the most promising one being, using machine learning to get a less biased impression of the resulting set of 

platform-based startups. This could be done by utilizing topic modeling (NMF/LDA) to create company groups 

and compare the content of the description texts of the company groups to the topics in the complete 

Crunchbase dataset. Then the topics of the subsets could be matched with the topics of the complete 

Crunchbase dataset via word embedding (BERT) and then checked whether they correspond to the researcher’s 

understanding of platform-based startups. Moreover, a cosine similarity score could be calculated to reach an 

even less biased evaluation of the accuracy of the companies in the dataset. However, such a technique was 

not applied due to the time constraints of the paper. 

4.2. Data analysis methodology 

To investigate the influence of funding on platform-based startup survival, a survival analysis was applied. 

This section aims to describe the methodology used to carry out the survival analysis by explaining its 

fundamental elements. 

4.2.1. Survival analysis 

The overall data analysis method utilized in this study is as mentioned a survival analysis. Survival analysis 

originates from the medical research field and is a branch of statistical methods for analyzing data in which 

the outcome variable of interest is time until an event occurs, i.e., a subject's survival time (Kleinbaum & Klein, 

2010). Put differently, survival analysis is the analysis of the time between a subject entering a study and 

experiencing an event such as death, or in this case, failure of a platform-based startup. However, an event 

could be any type of experience of interest that moves a subject from one state to another at an instantaneous 

moment. 

Consequently, survival analysis was assessed to be the most fitting method of analysis, even though traditional 

logistic regression or more complex machine learning methods could be viable options as well. However, 

logistic regression does not deal with time to an event and is thus less insightful than a survival analysis. 

Machine learning methods could, however, be very insightful, which is why it is recommended for future 

research on the topic. 

It is important to note that this study only deals with one event of failure, rather than considering several events, 

which would be characterized as recurrent events or a competing risk problem (Kleinbaum & Klein, 2010). 

A key aspect of survival analysis is the censoring of data, meaning when there is information on a subject’s 

entrance into the study, but there is no exact individual survival time on the subject. This might be due to either 
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losing a subject to follow-up during the study period, a subject withdrawing from the study due to some other 

reason than the one of interest, or a subject does not experience the event before the survival analysis is carried 

out (Kleinbaum & Klein, 2010). The latter is called right-censoring, and is of great importance to this study, 

as companies might not experience failure at all in the observation time of 10 years. To solve this complication 

censoring techniques are applied to the survival analysis. 

To explain key elements of the survival analysis used in this study, short explanations of the two main functions 

that are part of every survival analysis will be carried out below. 

The survivor function 

A positive random variable T represents a subject’s survival time in a population. Next, t represents a specific 

value for T and thus a specific point in time in which we want to know if a subject is alive. Survival, S, is then 

the probability of T exceeding t which represents the probability of the subject being alive at that point in time, 

and that the event of failure has not been experienced by the subject within the t time, i.e.: 

𝑆(𝑡) = 𝑃(𝑇 > 𝑡)  =  1 −  F(t) 

Note that T > 0 and that the survivor function is simply minus 1 the corresponding Cumulative Distribution 

Function, which essentially is a method to describe the distribution of random variables. Moreover, note that 

S(0) = 1, S(∞) = 0, and S(t) is non-increasing. 

The hazard function 

A function often used in conjunction with the survivor function in any survival analysis is the hazard function 

h(t). The function expresses the instantaneous failure rate or ‘intensity of death’ of a subject that conditionally 

has survived to t, and the function is the main interest of this study. The function is written: 

ℎ(𝑡) = lim
∆𝑡→0

𝑃(𝑡 ≤ 𝑇 < 𝑡 + ∆𝑡 | 𝑇 > 𝑡)

∆𝑡
=  

𝑓(𝑡)

𝑆(𝑡)
 

Note that 𝑝(𝑡) =
𝑑

𝑑𝑡
𝐹(𝑡) is the Probability Density Function of random variable T. Moreover, the rate of the 

hazard is 0 to ∞. 

Moreover, the cumulative hazard function describes the accumulated risk up to time t, and can be written 

shortly as: 

𝐻(𝑡) = ∫ ℎ(𝑢)𝑑𝑢
𝑡

0
     for t > 0 

Knowing these functions, it is possible to present the survival analysis model applied in this study. 
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4.2.2. Cox proportional hazards model 

The primary model used for data analysis in this study is as mentioned the Cox proportional hazards model, a 

model for estimating survival in samples with one or more known explanatory variables. The model is chosen 

as it allows for considerably accurate estimates of regression coefficients, adjusted survival curves, and hazard 

ratios, even without a specified baseline hazard (Kleinbaum & Klein, 2010). That is, the model is 

semiparametric, in that the baseline hazard function h0(t) is undefined, and only its parameters are specified, 

removing the need for specifying the baseline or ‘average’ hazard of the study. However, even though the 

model is semiparametric, it is remarkably robust due to its ability to estimate parameters correctly, 

approximately compared to those that would be estimated by a correct parametric model (Kleinbaum & Klein, 

2010). Thus, the need for being completely certain that a given parametric model is appropriate and correct, is 

not critical, due to the Cox proportional hazards model being semiparametric. 

Moreover, the model was also chosen due to its formula itself, in that it exhibits a nonnegative feature in the 

second part of its equation, where it is exponential and can thus not result in a negative hazard. This is 

especially critical in this study, as hazards are always nonnegative (Kleinbaum & Klein, 2010). 

Lastly, the model was favorable compared to traditional logistic regression models, as it handles more 

information in the form of survival time and censoring, which traditional logistic models ignore due to their 

binarity. 

Formula 

If you have a sample with j number of subjects, let p express the number of explanatory/predictor variables, X, 

for each subject and call these X1 … Xp. These explanatory variables are then related to the subjects as X = Xj 

= (X1j …, Xpj). The Cox proportional hazards model is then used to estimate the unknown parameters of β, and 

is written as: 

ℎ(𝑡|𝑿) = ℎ0(𝑡) exp (𝛽1𝑗𝑋1𝑗 + ⋯ + 𝛽𝑝𝑗𝑋𝑝𝑗) 

Here, the X on the left side of the equation is a vector of the explanatory variables (X1 … Xp). Through the 

formula, the model estimates the hazard at time t given the set of predictors as a function of the two-legged 

expression on the right side of the equation. The first leg is the baseline function h0(t), and the second part is 

the power equal to the exponential expression e to the linear sum of  (𝛽1𝑗𝑋1𝑗 + ⋯ + 𝛽𝑝𝑗𝑋𝑝𝑗).  

Note that the baseline hazard function is time-dependent on t and not on the explanatory variables, but the 

exponential function is dependent on the explanatory variables, making the exponential function time-

independent i.e., it has constant values over time. Thus, as the model is semiparametric, in that the baseline 

hazard function is undefined, the entire model becomes time-independent. However, considering the 

explanatory variables that do involve time t, is possible in the extended Cox model, which, however, does not 
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satisfy the proportional hazards function, which will be considered and measured later. Also note, that if all 

explanatory variables are equal to 0, the exponential function equals e to zero and reduces the hazard function 

to the baseline hazard function. 

Parameters 

To estimate the unknown parameters β, the Cox proportional hazards model uses partial likelihood. This 

implies that the model uses a likelihood formula that only considers probabilities for subjects who fail and 

does thus not consider the probabilities of subjects who do not experience failure i.e., those who are censored. 

The estimates are denoted �̂�𝑡. 

To understand partial likelihood, consider a sample of n observations of c number of censored observations 

and k number of failures. The likelihood is then calculated as the number of failure times, k, experienced at 

time j, divided by the ‘risk set’, R(t(j)), at j time. Thus, Lj expresses the likelihood of failing at j time, given 

survival: 

𝐿 = 𝐿1 × 𝐿2 × 𝐿3 ⋯ × 𝐿𝑘 = ∏ 𝐿𝑗

𝑘

𝑗=1

 

Note that partial likelihood differs from the normal and maximum likelihood function by including 

observations that are later censored in the ‘risk set’ and that it is based on the observed number of events. 

Events are thus ordered according to the time of their occurrence, which implies that the likelihood is not a 

joint probability of the data with a priori assumptions about the distribution. Rather, the model maximizes the 

function by taking partial derivatives of the natural log of L with respect to each parameter of the model 

iteratively, and then solving the following equation, with i being the number of parameters: 

𝜕 ln 𝐿

𝜕𝛽𝑖
= 0 

Hazard ratios 

Essential to the Cox proportional hazards model is the associated hazard ratios, the main estimates of interest 

to this study. A hazard ratio is in general the hazard for one subject divided by the hazard for a different subject, 

and is thus written as: 

𝐻�̂� =
ℎ̂(𝑡, 𝑋∗)

ℎ̂(𝑡, 𝑋)
 

Where X* expresses p set of predictors for a given subject, and X expresses p set of predictors for a different 

subject. The formula can also be written as: 

𝐻�̂� = 𝑒𝑠𝑝 [∑ 𝛽1(𝑋𝑖
∗ − 𝑋𝑖)

𝑝

𝑖=1

] 
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Finally, it should be noted that to handle tied failures or survival times, Efron’s (1977) nonparametric 

approximation of likelihood method is used in Stata 17. The method is used as it is more accurate than the 

standard Breslow approximation method, but still easier to work with than other more precise methods like 

exact marginal or partial likelihood (Hertz-Picciotto & Rockhill, 1997; Fatekurohman, Nurmala, & Anggraeni, 

2018). Moreover, in Stata 17, the method allows for the assessment of the constant hazards ratio after the Cox 

model has been fitted, which the exact likelihood methods do not. 

4.2.3. Adjusted survival curves 

Another primary desired outcome of survival analysis is estimated survival curves that plot survival which 

makes it possible to view how survival is affected in different groups (Kleinbaum & Klein, 2010). With the 

use of the Cox proportional hazards model to fit the survival analysis, it is possible to estimate the adjusted 

survival curves. Unlike regular Kaplan-Meier curves, they adjust for the explanatory variables used as 

predictors, which is why using the Cox proportional hazards model alongside adjusted survival curves was 

evaluated to be a better option than simply using regular Kaplan-Meier curves with just a product limit formula 

to estimate survival probabilities and no model to fit the survival analysis. However, both graphical 

presentations are plotted as discrete step functions, and the regular Kaplan-Meier curve is used for estimating 

and plotting the survivor function of the sample without any adjustments. 

To determine the adjusted survival curves, we use the Cox proportional hazards model function from earlier, 

ℎ(𝑡|𝑿) = ℎ0(𝑡) exp (∑ 𝛽𝑖𝑋𝑖
𝑝
𝑖=1 ), and convert it into a corresponding survival function for the model: 

𝑆(𝑡|𝑿) = 𝑆0(𝑡) exp (∑ 𝛽𝑖𝑋𝑖

𝑝

𝑖=1

) 

This function can then be used as the basis for determining the adjusted survival curves. The formula states 

that the survival function at time t for a subject with vector X as predictors is given by the baseline survival 

function 𝑆0(𝑡) raised to the power equal to the exponential of the sum of βi times Xi. The estimated survival 

function expression is then written with a ‘hat’ notation as:  

�̂�(𝑡|𝑿) = �̂�0(𝑡) exp (∑ �̂�𝑖𝑋𝑖

𝑝

𝑖=1

) 

The estimates of 𝑆0(𝑡) and �̂�𝑖 are provided by Stata 17, the statistical program that fits the Cox proportional 

hazards model. However, the X’s must usually be specified by the researcher, so the computer can compute 

the estimated survival curve. Stata 17, however, automatically uses the mean value for all subjects for each 

covariate being adjusted, as it is the general rule to use an average like the mean or median when choosing 

covariates. 
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5. Modeling 

Having collected, cleaned, prepared, and assessed the data it is possible to model it. Hence, based on the final 

dataset, and the chosen survival analysis model, the factors of interest are explained and operationalized into 

variables which are then later analyzed through the model. Moreover, these variables’ applicability is checked 

by examining correlations, interactions, and if they comply with the constant hazard ratio assumption. 

5.1. Operationalization and preparation of factors and variables 

To investigate the research question and the hypotheses of the study, several variables/factors have been 

studied in the Cox proportional hazards model. These are divided into the dependent variable, control variables, 

and the explanatory variables mentioned earlier as part of the Cox proportional model. The variables were 

chosen based on their appropriateness to investigating the research question and hypotheses but are limited to 

what was available and quantifiable on CrunchBase. 

Dependent variable 

The dependent variable of this study is hazard ratio, which as explained earlier, expresses the hazard 

probability of a given subject group to another group at time t, given that both groups have survived until time 

t. Thus, the hazard ratio is used as the dependent variable to investigate the probability of a group failing before 

another group, based on the explanatory variables of interest. 

Note that failure is measured by the column ‘Status’ from CrunchBase, which is then used to calculate a binary 

proxy called ‘Failure’, where 0 equals survival/active and consequently right censorship, and 1 equals 

failure/inactive. 

‘Survival Time’ is calculated from the difference in days between ‘Founded Date’ and ‘Closed Date’. If a 

company has not experienced failure, survival time is the time between ‘Founded Date’ and time t (t being the 

date this study was conducted in the sample of firms from 2011 to the present day, and t being the end of 2010 

in the sample of firms from 2001-2010). 

Explanatory variables 

‘Total Funding Amount’ is a continuous numerical variable denoting how much funding capital a firm has 

acquired in dollars. The variable is the main factor for investigating H1 of the study, as it directly translates 

into the main contributor to the amount of funding a platform-based startup has attracted. 

The variable contained incredibly large funding numbers which influenced the hazard ratio in such a way that 

it became constant at one, offering no insight into its relationship with survival. Thus, to avoid this, 

transformation was applied to replace the values of the variable with a function of that variable. The chosen 

transformation approach was logarithm i.e., taking the common log (base 10) of the variable. This approach is 
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strong as it transforms not only the variable but also its distribution shape. However, this should not have the 

greatest impact on the study, as the model is only semi-parametric. 

The variable is then averaged to make two binary groups of either above the mean (1) or not (0), when assessing 

the constant hazard ratio assumption in log-log plots and when estimating adjusted survival curves, while it 

takes its numerical form in the time-dependent variable test, the goodness-of-fit test, and in the Cox model 

itself. The variable is only grouped into two groups as using more groups might thin out the data and make it 

difficult to compare survival curves and plots (Kleinbaum & Klein, 2010). 

‘Number of Investors’ is a continuous numerical variable expressing how many investors a firm has. It is used 

as an expression of overall funding acquired by a firm and thus as a robustness check of H1, but at the same 

time is evaluated as its own variable due to the possibility of it having a very unique impact on survival through 

investor capabilities and knowledge sharing. 

The variable is also averaged when assessing the constant hazards ratio assumption, and when plotting adjusted 

survival curves. 

Note that crowdfunding is not included in the variable and does thus not add to the number of investors. 

‘Number of Funding Rounds’ is a continuous numerical variable expressing how many rounds of capital 

funding a firm has received. It is used as an indication of overall funding acquired by a firm and thus as a 

robustness check of H1, but at the same time is evaluated as its own variable due to the possibility of it having 

a fairly unique impact on survival. 

The variable is also averaged when assessing the constant hazards ratio assumption through log-log plots, and 

when plotting adjusted survival curves. 

‘Number of Founders’ is a continuous numerical variable indicating how many founders a firm has. It is used 

as an expression of the overall capabilities of a firm, as the number of founders is assumed to increase the 

possibility of attracting funding and surviving due to a greater level and depth of accumulated capabilities. 

Thus, it is used to investigate H2 and H3 of the study. 

The variable is averaged when assessing the constant hazards ratio assumption through log-log plots, and when 

plotting adjusted survival curves. 

‘Number of Founded Organizations’ is a continuous numerical variable expressing how many organizations 

the founders of a firm have established i.e., entrepreneurial experience. It is used as an expression of the overall 

capabilities of a firm, as entrepreneurial experience is assumed to increase survival due to greater capabilities 

and knowledge through serial entrepreneurship. Thus, it is used to investigate H2 and H3 of the study. 
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The variable is averaged when assessing the constant hazards ratio assumption through log-log plots, and when 

plotting adjusted survival curves. 

‘Accelerator’ is a binary proxy expressing if a firm has participated in an accelerator program, obtained from 

the CrunchBase column ‘Accelerator Program Type’ not being blank which denotes a firm participating. It is 

used as an expression of the overall capabilities of a firm, as participating in an accelerator is assumed to 

increase funding options and survival due to greater entrepreneurial knowledge. Thus, it is used to investigate 

H2 and H3 of the study. 

Moreover, the number of investments a firm has received was first intended to be investigated as well as an 

indication of overall funding acquired by a firm and thus as a robustness check of H1, but at the same time 

being evaluated as its own variable due to the possibility of it having a fairly unique impact on survival. 

However, the dataset did not contain a lot of information on firms’ number of investments, as most firms 

seemingly did not disclose this information, which made Stata omit the variable. Thus, this variable was not 

investigated. 

Lastly, school data in CrunchBase is very limited, and some are not possible to export, which is why no variable 

was made for factors regarding school. However, investigating the education of founders could be very 

insightful as a variable for entrepreneurial knowledge, which is why it is recommended for future research on 

the field of topic. 

Control variables 

‘Region’ is a categorial control variable expressing which larger geographical region a firm’s headquarter is 

located in. As mentioned, it would be too compartmentalizing to try to analyze agglomeration and clusters by 

coding the variable to consist of firms’ cities or countries which is why the variable is coded by grouping firms 

within larger regions namely Europe (EU), Africa (AF), Middle East (ME), Asia (AS), Oceania (OC), North 

America (NA), Central America (CA), and South America (SA). 

The variable is used to adjust the model for the effects that geographical location might have on a firm’s 

survival and funding due to economics, demographics, politics, etc. creating different opportunities and 

barriers. 

‘Industry’ is a categorial control variable indicating which main industry group a firm is operating in. The 

variable is recoded from CrunchBase’s ‘Industry Groups’ information, by extracting the first industry 

mentioned in the column. Hence, this method implies a fair amount of statistical bias, as other methods could 

have been applied to extract the primary industry of a firm. Such methods could be simple randomization or 

even a machine learning algorithm that compares sources to confidently extract a firm’s industry. 
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The variable is used to adjust the model for the effects of the characteristics of a given industry and how it 

might affect a firm’s survival and funding. 

Note that innovativeness would be relevant to use as a control variable to further adjust the model, but due to 

CrunchBase limiting information on firm patents to paid subscriptions using ‘IPqwery’, it was not used. 

Further note that non-profits only accounted for 1.3% of the sample, which was an insignificant part and was 

thus not added as a control variable. 

Presented below is a codebook of all variables of the study. 

Table 1 - Codebook of variables 

Construct Variable Definition Role Reasoning 

Failure Hazard ratio 
The probability 

of failing 

Dependent 

variable 

Indicator of failure 

and survival 

probabilities. 

Failure Failure 

Whether or not 

a firm has failed 

within the 

analysis time 

Endogenous 

variable 

Indicator of failure 

and survival. 

Survival SurvivalTime 

The number of 

days from a 

firm’s 

establishment to 

either its failure 

or the end of the 

study 

(censored) 

Endogenous 

variable 

Instrument to 

estimate failure and 

survival probabilities. 

Total 

funding 

capital 

TotalFundingLog 

The total 

amount of 

funding capital 

acquired by the 

firm 

Explanatory 

variable 

The main aspect of 

funding. Main 

evaluator of H1.  

Number of 

investors 
NumberofInvestors 

The total 

number of 

investors in the 

firm 

Explanatory 

variable 

Secondary aspect of 

funding and firm 

capabilities. 
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Robustness check of 

H1. 

Number of 

funding 

rounds 

NumberofFundingRounds 

The total 

number of 

funding rounds 

gone through 

Explanatory 

variable 

Secondary aspect of 

funding. Robustness 

check of H1. 

Number of 

founders 
NumberofFounders 

The total 

number of 

founders of the 

firm 

Explanatory 

variable 

Aspect of 

accumulated firm 

capabilities, 

experience, and 

knowledge. 

Evaluator of H2 and 

H3. 

Number of 

organizations 

founded 

NumberofFoundedOrganizations 

The total 

number of 

organizations 

founded by the 

firm’s founders 

Explanatory 

variable 

Aspect of 

accumulated firm 

capabilities and 

experience. Evaluator 

of H2 and H2. 

Accelerator Accelerator 

The firm’s 

participation in 

an accelerator 

program 

Explanatory 

variable 

Aspect of 

accumulated firm 

capabilities and 

knowledge. 

Evaluator of H2 and 

H3. 

Geographical 

location 
Region 

The 

geographical 

region that the 

firm is based in 

Control 

variable 

Influencer of funding 

and survival but 

without interest to 

the study. 

Industry Industry 

The primary 

industry that the 

firm operates in 

Control 

variable 

Influencer of funding 

and survival but 

without interest to 

the study. 

Source: Author’s own creation. 
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5.2. Correlations 

To investigate H3 of how funding influences funding of platform-based startups, the research investigates 

correlations between the explanatory variables, as it is an assumption that some variables have correlations 

between them, especially founder experience and knowledge which impacts the ability to attract funding, 

which in turn might influence survival, as learned from the literature review. However, the investigation of the 

meaning of these relationships is carried out in the analysis. For now, the correlations are evaluated to check 

for interference between them, as interference might influence the findings. 

The correlations between the variables are tested using a Pearson correlation test in Stata 17. However, as 

‘Accelerator’ is a binary or dichotomous variable, the test does not provide a lot of insight into correlations of 

the other continuous variables and ‘Accelerator’. A point biserial correlation test could have been carried out 

between the continuous variables and ‘Accelerator’ but was deemed unnecessary due to the correlation test 

not being the primary part of the study. Thus, the correlations related to ‘Accelerator’ are mainly used as 

expressions of the relationship based on the sign of the correlation value. 

Table 2 - Correlations between variables

 

Source: Author’s own creation. 

Judging from the correlation test, all correlations are significant at the 0.05 p-value threshold level, indicated 

by the star next to the correlation number, as well as their p-value below, implying the correlations are different 

from 0. Thus, the correlations are relevant to investigate further in the analysis. However, no variables are 

correlated at such a level that they interfere with each other in the study. 
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Note that correlations are not estimated and analyzed for the 20-year-old sample, as the main focus of the study 

is on platform-based startups of the past 10 years. Moreover, correlations are not estimated for control variables 

as these are categorial strings and are thus unable to be statistically measured through correlations. 

5.3. Interactions 

Lastly, it is tested if any of the analyzed variables/factors interact with each other to influence platform-based 

startup survival even stronger in combination with each other. Such statistical interactions between variables 

are important to test for to avoid bias and misinterpretation of the survival analysis results if there is good 

reason to believe that the magnitude of the interaction and dependence will influence survival (Vatcheva, Lee, 

McCormick, & Rahbar, 2015). As mentioned, there is good reason to believe that founder capabilities and 

funding are correlated and interact with each other to influence survival. 

To test for interaction effects or confounding, an interaction term of XjX1 is added to the model, which extends 

the hazard ratio formula to: 

𝐻�̂� = 𝑒𝑠𝑝 [∑ 𝛽1(𝑋𝑖
∗ − 𝑋𝑖)

𝑝

𝑖=1

] 

 

Thus, interaction terms for the variables assumed to have the highest possibility of having interaction effects 

are defined below and applied in the model.  

Note that it would be too comprehensive to check every interaction between every variable. Moreover, adjusted 

survival curves were not applied in investigating the interactions. 

Table 3 - Overview of interaction terms evaluated 

Name Term 

FundInv Total Funding Amount*Number of Investors 

FundFound Total Funding Amount*Number of Founders 

FundAccel Total Funding Amount*Accelerator 

FundOrg 
Total Funding Amount *Number of Founded 

Organizations 

AccelInv Accelerator*Number of Investors 

AccelFound Accelerator*Number of Founders 

AccelOrg Accelerator*Number of Founded Organizations 

InvFound Number of Investors*Number of Founders 

InvOrg 
Number of Investors*Number of Founded 

Organizations 

Source: Author’s own creation 



40 
 

To keep the model as precise and good as possible, the significance of the interaction terms above was assessed 

one by one, to evaluate if they should be included in the final model. The results can be seen in appendix 2. 

From the p-values of the testing, it is clear that the significance level of the interaction terms was: FundInv at 

0.730, FundFound at 0.635, FundAccel at 0.554, FundOrg at 0.238, AccelInv at 0.960, AccelFound at 0.680, 

AccelOrg at 0.136, InvFound at 0.172, and InvOrg at 0.079. 

Consequently, none of the interaction terms are significant at the 0.05 threshold p-value, with low positive 

coefficients as well, which all entails that our model does not need to be stratified or extended to adjust for 

interaction effects. However, InvOrg is very close to being significant at 0.079, which prompted an 

investigation into its effect on the likelihood of the entire model, if included. Thus, a likelihood-ratio test was 

applied to test if the addition of the InvOrg interaction term improved the likelihood of the model, or if it 

worsened it. This was done in Stata 17 by storing both models and nesting them to run a likelihood test to 

evaluate the significance of the resulting p-value. Here the null hypothesis is that the two models fit the data 

equally well, where the alternative hypothesis that the extended model with the interaction term fits the data 

better is accepted if the test is significant. 

Table 4 - Likelihood test of extended model versus regular model

 

Source: Author’s own creation. 

As the test shows, the null hypothesis cannot be rejected, as the p-value of the test is greater than the threshold 

value of 0.05. However, this significance level is within the less significant 10% threshold level, which still 

makes it relatively attractive to also analyze the extended model with the interaction term included. Hence, the 

main model of the study is the regular model without any interaction terms, and the secondary model of the 

study is the non-significant extended model with the InvOrg interaction term. As such it is possible to assess 

the interaction effect between the number of investors and founders of a platform-based startup and its survival, 

with the insignificance level in mind. 

Note that interaction effects are not estimated and analyzed for the 20-year-old sample, as the focus of the 

study is on platform-based startups from the past 10 years. 
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5.4. The constant hazard ratio assumption  

Before applying the Cox proportional model, it is critical to check if its assumption is met. That is, the model 

assumes that, when comparing two specifications of predictors, the hazard ratio is constant over time. More 

specifically, this means that the hazard for a given subject is proportional to the hazard for any other subject 

of the sample and that the proportionality is independent of time.  

To check if the constant hazard ratio assumption holds 3 general types of approaches can be applied, namely 

graphical, goodness-of-fit, and time-dependent variables (Kleinbaum & Klein, 2010). 

To graphically test if the assumption holds, one should primarily apply log-log plots to check if the hazards 

graph cross or are roughly symmetrical and proportional for two or more categories of a given predictor, which 

would imply that the assumption is not met (Kleinbaum & Klein, 2010). However, as Kleinbaum & Klein 

(2010) has argued, using graphical tests to check for the assumption is subjective to the researcher, which is 

why using the other two approaches in combination with log-log plots is very favorable. 

Thus, goodness-of-fit can be applied to objectively test if the assumption is met, by first defining Schoenfeld 

residuals for each predictor in the model and each subject who experiences an event, and then testing if the 

Schoenfeld residuals for a given covariate is related to survival time, as if it is not, the assumption is met. The 

time-scaling function in this study simply uses the default identity setting, not natural logarithm, rank of 

analysis time, 1 minus Kaplan-Meier product-limit estimate, or any other time-scaling function.  

Lastly, using time-dependent variables, it is possible to extend the Cox proportional model to contain product 

terms involving a time-independent variable that is being assessed and a function of time 𝑔(𝑡). Hence, the 

extended model is written: 

ℎ(𝑡, 𝑿)  =  ℎ0(𝑡) 𝑒𝑥𝑝[𝛽𝑋 + 𝛿𝑋 ×  𝑔(𝑡)]  

or for assessing several predictors simultaneously: 

ℎ(𝑡, 𝑿)  =  ℎ0(𝑡) exp (∑[𝛽𝑖𝑋𝑖 + 𝛿𝑖𝑋𝑖  × 𝑔𝑖(𝑡)]

𝑝

𝑖=1

) 

Using the first function it is possible to test the assumption by testing for the significance of the product term, 

one variable at a time. However, using the second function, it is possible to test several predictors 

simultaneously by assessing the null hypothesis that all coefficients are equal to zero. 

Note that the function of time in the product term is simply equal to t in this study, as it is the default option in 

Stata 17. However, another function of time like logarithmic, concave, or convex one could also have been 

applied, which could affect the assessment of the assumption (Kleinbaum & Klein, 2010). 
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Finally, if a variable does not meet the assumption, a way to solve this could be stratification, i.e., applying a 

stratified Cox model that stratifies for the variable. However, if the goal of including the variable in the 

research, is to investigate its hazard ratio and how it influences survival, it does not make sense to stratify the 

model based on the variable, like one would with a simple ‘nuisance confounder’. In this study, the control 

variables are such confounders that are known to influence the independent variable i.e., the hazard ratio. These 

control variables are included as stratified variables in the model, as their influence is only to be adjusted for, 

not evaluated regarding hazard ratios. 

Consequently, the stratified Cox proportional hazards model becomes: 

ℎ𝑔 (𝑡, 𝑿) =  ℎ0𝑔 (𝑡) 𝑒𝑥𝑝[𝛽1𝑋1 +  𝛽2𝑋2 +· · · +𝛽𝑝𝑋𝑝] 

Another approach to solving the nonproportionality of one or more variables is to partition the time axis by 

only investigating the time where the proportionality holds for the variable(s). However, if the assumption is 

violated at several points throughout time, this approach might be unattractive as a lot of insight would be lost.  

The last possible approach is to use an extended Cox proportional hazards model, which allows for the 

inclusion of time-dependent variables. Thus, variables that violate the assumption can be included in a model 

as time-varying covariates, while the other variables stay time-independent. Hence, the extended Cox 

proportional hazards model can be used both as a method of assessing the constant hazard ratio assumption 

and as a general analysis tool for the entire analysis 

5.4.1. Assessing the constant hazard ratio assumption 

By combining the three approaches proposed, an objective and accurate assessment of the constant hazard 

ratio assumption can be carried out below. 

First, assessing the assumption graphically, every explanatory variable is plotted using log-log, as seen in 

diagram 2 below. 

Diagram 2: Log-Log plots of explanatory variables
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Source: Author’s own creation. 

Assessing these curves, they are all arguably roughly symmetrical and parallel, which implies that the 

proportional/constant hazards ratio holds. However, except for the variables ‘AboveRounds’ and 

‘AboveOrganisations’, the curves of the log-log plots also seem to intersect and partially cross at different 

points, which might imply that the assumption does not hold for the variables ‘AboveFunding’, 

‘AboveInvestors’, ‘AboveFounders’ and especially ‘Accelerator’. At the same time, however, this is a 

subjective and inaccurate assessment and might be insignificant to the model, due to the large sample size of 

the model. This subjective dilemma is exactly why several approaches are used to assess if the assumption 

holds. 

Moreover, all variables except for ‘Accelerator’ are categorized versions of their original variables, which 

might influence the proportionality of their hazard ratios. Categorizing the variables in 3 categories rather than 

2, could for instance possibly solve the proportionality issues observed. 

Thus, to objectively assess if the assumption holds, applying the goodness-of-fit test using Schoenfeld residuals 

for each variable is carried out, which also allows for testing the original continuous variables. The results of 

the test can be seen in table 5 below. 
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Table 5 - Goodness-of-fit test of explanatory variables

 

Source: Author’s own creation. 

The table above clearly indicates that the original continuous versions of the categorized variables 

‘AboveFunding’, ‘AboveInvestors’, and ‘AboveFounders’ that seemed to possibly violate the proportionality 

assumption graphically, do not violate it as their p-values are insignificant at respectively 0.3044, 0.6186, and 

0.6797. Further, the same applies to the accelerator variable which had uncertainty regarding its graphical 

hazard ratio proportionality but does not exhibit time dependency at a p-value of 0.2536. The original 

continuous version of the variables ‘AboveRounds’ and ‘AboveOrganisations’ that did not graphically violate 

the assumption in their log-log plots, does not violate the assumption when testing their goodness-of-fit either, 

as their p-values are at respectively 0.1428 and 0.4392.  

Lastly, the p-value of the global test for the entire model’s constant proportionality is also insignificant at 

0.2396, which implies that the entire model meets the assumption. 

However, to be entirely confident that all variables and the entire model do not violate the assumption, time-

dependent variables are used in the model to assess their proportionality. To do this every explanatory variable 

was multiplied by time in product terms in Stata 17, resulting in table 6 below. 
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Table 6 - Time-dependent variable test

 

Source: Author’s own creation. 

From the table, it can be observed that the p-value of the variables changed slightly in the time-varying 

covariates (tvc) section, but that none of the variables’ relation to the constant hazard ratio assumption changed 

from what was observed in the goodness-of-fit test. This is assessed from all the time-varying covariates p-

values that are insignificant at levels way above the insignificance threshold level of 0.05 when all other 

variables are held constant to a given variable. This implies that all the variables meet the assumption. 

Note that the function of time in the product term was simply equal to t, which assumes a linear relationship 

between the variables and time. This assumption seems fair as it could be argued that startups receive more 

funding, receive more investments, and enter more funding rounds as time passes by i.e., linearly. However, 

this linear relationship might not be entirely true for the number of founders and organizations as well as 

participating in an accelerator program. Stata 17, however, applies the same function of time to every variable 

in the model, which is why the g(t) = t was used for all variables. 

Consequently, based on all three methods applied, it can be assessed that all variables and the entire model 

itself meet the constant hazard ratio assumption. Hence, it is possible to apply the regular Cox proportional 

hazards model in the survival analysis of this study. 

The same methods were applied to test the constant proportionality of the 20 year old sample as well. The 

results are presented in appendix 3-5 which indicates that the assumption holds for all variables and globally 

as well, even though some variables were uncertain when graphically evaluated. Thus, a regular model is 

possible to apply in the comparison between the two decades’ models. 
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6. Analysis and findings 

This section is the main chapter of the study as it analyzes the data collected to present the findings of the 

study. This is done by firstly inspecting the survival data itself, then examining the correlations of the 

explanatory variables, and then applying the primary Cox proportional hazards model and analyzing the 

resulting hazard ratios. From here, the adjusted survival curves are examined to evaluate the variables’ 

influence on survival over time. Finally, the secondary model is applied to examine the results of the sample 

of firms from 2001 to the end of 2010 and then compare it to the main sample. 

8.1. Inspecting the survival data 

First, basic numbers on the survival data are inspected to give insight into the characteristics of the sample. 

Table 7 - Description of survival data

 

Source: Author’s own creation. 

Inspecting the information of the table, 6032 total platform-based startups were observed with 206 failures, 

accounting for 3.34% of the entire sample population of the dataset, which is a relatively low sample of failed 

firms when compared to the size of the entire population. However, this is the data that we need to work with, 

as Crunchbase does not contain information on many failed firms. The shortest survival of a subject is 296 

days, while the longest is 3654 or 10 years (one of the startup criteria set). The mean survival is 2567 days or 

just over 7 years. However, these numbers are of the entire population, which is why Excel’s MIN, MAX, 

AVERAGE, and MEDIAN functions were used to calculate the minimum, maximum, and mean survival of 

only the firms that failed. This provided a minimum survival for failed firms of 516 days, a maximum of 3632 

or almost 10 years, a mean of 2519 days or 6,9 years, and a median of 2469 days or 6.8 years. 
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Table 8 - Description of failed firms 

Measure Value in days 

Minimum survival value 516 

Maximum survival value 3632 

Mean survival value 2519 

Median survival value 2469 

Source: Author’s own creation. 

Another appropriate aspect of the data to investigate is the distribution of survival time. That is, it is relevant 

to examine how the length of the platform-based startups’ survival is distributed in a histogram, as it might 

present issues with skewness. Consequently, the histogram of the survival time of the sample is presented 

below. 

Diagram 3: Distribution of survival time

 

Source: Author’s own creation. 

Looking at the distribution, it is very curious, as a large percentage of the sample seem to have very similar 

survival times at particular times. Examining further, it is clear that these clusters of companies are situated at 

every yearly point of the survival time i.e., every 1st of January each year. 

Diving into the founding and closing dates of the sample, it is observed that the precision of these dates differs 

between daily, monthly, or yearly precision, with the latter resulting in many companies having founding and 

closing dates on the 1st of January each year. With many companies defining their founding and closing dates 

to this yearly preciseness, these clusters happen. Consequently, this influences the distribution of survival time 
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as seen in the histogram, which implies a less representative sample, as some survival times are less accurate. 

However, the effect of the clustered distribution on the research is not too worrying, as the clustered dates are 

still within a year's accuracy. 

8.2. Investigating correlations 

As mentioned, just evaluating the interference of correlations is not the only thing useful about the correlations 

of the explanatory variables, as they can also give insights into the relationship between the explanatory 

variables of the study to investigate the third hypothesis (H3) of the study. However, it should be noted that 

the correlation does not imply causation, it just implies association i.e., how related two variables are. 

To investigate the relationship between variables of the study, their correlations are presented in the table 

below. 

Table 9 - Correlations between variables

 

Source: Author’s own creation. 

Starting from the top, the total amount of funding is fairly correlated with the number of investors and funding 

rounds, at respectively 0.5066 and 0.4896. This correlation is logical as the variables are conceptually very 

similar, and more investors and funding rounds usually follow a greater attraction of the total funding amount. 

Similarly, the number of investors and funding rounds variables are also fairly correlated at a correlation level 

of 0.5624. 

However, when looking at the other three variables, they are not very correlated with each other or the first 

three funding variables. 
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The number of founders is not very correlated to any of the variables that represent funding, with all 

correlations being around 0.15, which implies that investors are not very concerned with the number of 

founders in a platform-based startup, and how a larger number might imply a greater accumulated level of 

knowledge and experience. Moreover, almost no correlation can be seen between the number of founders and 

participating in an accelerator program. The most correlated variable to the number of founders is thus 

seemingly the number of organizations founded at 0.2095, which is logical as the variable expresses the 

accumulated number of organizations across all founders. 

The same can be seen with the variable on the number of organizations founded, as its most correlated variable 

is the number of founders. Consequently, there is only subtle proof that the assumption that more founder 

experience through serial entrepreneurship attracts more funding and investors in platform-based startups, as 

its correlation to the total amount of funding, the number of investors, and funding rounds are 0.1078, 0.1018, 

and 0.0345 respectively. Moreover, the number of organizations founded is seemingly negatively correlated 

to participating in an accelerator, however at a very low level. 

Lastly, participating in an accelerator was assumed to strengthen founder experience and knowledge which 

would be attractive to investors. However, its correlation to the total amount of funding is negative at a low 

level of -0.1385. On the other hand, the variable is positively correlated to the number of investors and funding 

rounds at a correlation level of 0.1805 and 0.1943 respectively, implying that investors might fancy platform-

based startups that have participated in an accelerator. Participating in an accelerator is seemingly not very 

correlated to the number of founders, which was assumed since the number of founders should stay constant 

as soon as a firm is created. However, remember that the correlation test does not provide the most meaningful 

insights into a dichotomous variable like ‘Accelerator’. 

Overall, regarding H3 of the study, these results suggest that founder capabilities, knowledge, and experience 

are generally positively related to the attraction of funding in platform-based startups. However, this 

relationship is not very strong as correlations between founder capability-related variables and funding-related 

variables are not strongly correlated. 

8.3. Applying and analyzing the Cox proportional hazards model 

Finally, with all preparations and assessments done, it is possible to apply the Cox proportional hazards model 

to the survival data. The results are presented in table 10 below. 
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Table 10 - Regular Cox proportional hazards model

 

Source: Author’s own creation. 

Investigating the results of the regular model, we see some interesting results. First, TotalFundingLog, 

representing the total amount of funding capital acquired by a startup, has a hazard ratio of 0.7422. This implies 

that a platform-based startup has 26% (100%-74%) less risk or hazard of failing for every 1 common log of 

funding capital, that is for every time one would have to use 10 (the common base number) in a multiplication 

to get the total amount of funding. This hazard ratio is statistically significant at the 1% level with a p-value of 

0.002 in a 95% confidence interval between 0.6130 and 0.8986 hazard ratio. Moreover, the standard error is 

0.07241, with a z-score of -3.06, implying that the observed hazard ratio fairly represents the entire population 

of the data but is considerably below the mean as well. However, the hazard ratio is overall statistically robust 

and significant, so it is possible to determine that the total amount of funding of a platform-based startup 

increases survival probabilities, confirming H1 of the study and answering the research question. Moreover, 

skimming the entire table, this variable is the most influential factor on hazard, verifying the assumption that 

pure funding capital is the primary funding factor impacting survival probabilities. 

Next, NumberofInvesters, representing the number of investors a platform-based startup has, carries a 1.0352 

hazard ratio. This indicates that gaining an investor to a firm decreases survival probabilities by 3.5% which 

is very interesting as it might entail that the effects of funding might depend on how funding is measured. The 

hazard ratio is statistically significant at the 5% level with a p-value of 0.034 in a 95% confidence interval 

between 1.0026 and 1.0689 hazard ratio. With, the standard error being 0.0169, the hazard ratio represents the 

entire population quite accurately, even though the z-score is 2.12 and the confidence interval is very narrow. 

Consequently, as this variable acts as a robustness check of H1, this argues that the number of investors lowers 

the survival probabilities of a platform-based startup, which is against the assumptions made in the study. 

Hence, on its own, this variable would reject H1 of the study. However, due to the large effects of 

TotalFundingLog’s hazard ratio confirming H1, this variable cannot solely reject the hypothesis. 

Fortunately, NumberofRounds, also acts as a robustness check of H1. This variable represents the number of 

funding rounds a platform-based startup has gone through. The hazard ratio is 0.8844, indicating that going 

through another funding round increases survival probabilities by 11.6%, supporting TotalFundingLog in 
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confirming H1 that more funding entails greater survival probabilities. The variable has similar traits to total 

funding as well, as its standard error is 0.0482 with a z-score of -2.26. However, the variable is only significant 

at the 5% level at a p-value of 0.024 in a 95% confidence interval of 0.7948 to 0.9840. Nonetheless, we can 

determine that there is enough evidence to accept H1 of the study since funding capital and funding rounds 

largely positively influence the survival probabilities of a platform-based startup, even when the number of 

investors seemingly has a slight negative influence. 

Moving to factors that theoretically should influence the attraction of funding and thus survival, 

NumberofFounders represents the number of founders of a platform-based startup. Its hazard ratio is 1.0114 

signifying that for every founder a platform-based startup has, survival probabilities are decreased by 0.11%. 

This hazard ratio is minimally different from one which makes the number of founders not very influential on 

survival probabilities. Moreover, the attached p-level is 0.864 making it incredibly statistically insignificant. 

Further, the 95% confidence interval is at 0.8884 to 1.1514, which implies that most of the entire population 

see very different effects from the number of founders. However, the standard error is at 0.0669 and does not 

deviate a lot from the mean with a z-score of 0.17. Conclusively, this variable does not provide any significant 

and sound evidence to reject or confirm H2 of the study, that founder capabilities positively influence the 

survival of platform-based startups. 

Next, NumberofOrganizationsFounded, indicates how many organizations the founders of a platform-based 

startup have founded collectively. The variable’s hazard ratio is 1.0704 which surprisingly suggests that for 

every organization a platform-based startup’s founders have founded its survival probabilities decreases by 

7%. The variable is almost statistically significant at the 5% threshold level with a p-level of 0.056 but must 

still be determined insignificant and does not provide any information to reject or confirm H2 of the study, 

Nonetheless, the hazard ratio is interesting, as experience with prior organizations was assumed to improve 

survival probabilities and attract more investors. The standard error is relatively accurate at 0.0380 with a z-

score of 1.91 in a 95% confidence interval of 0.9984 and 1.475, implying that the majority of the population 

experience negative effects on survival from the variable. 

Lastly, the Accelerator variable refers to if a platform-based startup has participated in an accelerator program. 

The variable’s hazard ratio is 0.8809 implying that participating in an accelerator program increases survival 

probabilities by 12%, which fits with the assumption that accelerators strengthen founder capabilities and 

improve survival. However, the variable is very insignificant as its p-value is 0.464 and can thus not be used 

to evaluate H2 of the study. Moreover, its standard error is high at 0.1525 with a z-score of -0.73 in a 95% 

confidence interval of 0.6274 and 1.2367, indicating large differences in the dataset that does not provide any 

evidence to aid the analysis of H2. 
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Conclusively, there is enough evidence in the model to accept H1 of the study that funding increases the 

survival probabilities of platform-based startups. However, there is no statistical evidence that accepts H2 that 

founder capabilities improve survival probabilities. 

Regarding the research question of the study, the survival of platform-based startups is directly and largely 

positively influenced by primary funding factors like the amount of funding capital acquired and funding 

rounds gone through. The number of investors however seems to be slightly negatively related to survival 

probabilities, which indicates that funding’s influence on survival depends on the parameters used to measure 

overall funding. 

Regarding H3, factors like the number of founders and the number of organizations founded by them, believed 

to indirectly influence survival by impacting funding attraction positively, are statistically insignificant and do 

not seem to have a great impact. Participating in an accelerator seemingly has a great positive influence on 

survival but is statistically insignificant.  

However, the extended model of the study should be investigated as well, to evaluate the interaction effect 

between the number of investors and the number of organizations founded by the founders i.e., InvOrg. 

Table 11 - Extended Cox proportional hazards model

 

Source: Author’s own creation. 

First, it should once again be mentioned that the model itself does not explain the relationships between the 

variables and survival better than the regular model. Thus, it is irrelevant to investigate the hazard ratios of the 

variables themselves in the extended model. However, looking at the interaction between the number of 

investors and the number of founders, both variables are continuous, so the hazard ratio can be evaluated as is. 

In the interaction term, we see a hazard ratio of 1.0094, implying that having both an investor and founder 

more, while all other variables are held constant, yields a 0.9%. worse survival probability for a platform-based 

startup. Hence, the number of investors affects survival negatively, when combined with the number of 

organizations founded by a firm’s founders, as they did on their own in the regular model. However, these 

results are of small interest, as the effects of the two variables simply become less impactful and significant, 

when interacting with each other. That is, the interaction effects hazard ratio is closer to 1 than the variables’ 
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ratios in the regular model and is insignificant at a p-level of 0.079, as mentioned earlier. The standard error is 

relatively low at 0.0053 with a z-score of -1.76 at a 95% confidence interval of 0.99891 to 1.0199 hazard ratio. 

Conclusively, survival in platform-based startups is not significantly worse of having more investors, when 

also having founded more organizations, a finding not very surprising. 

The consequences and implications of these findings will be evaluated and discussed in the discussion section 

later in the paper. 

8.4. Adjusted survival curves 

Having statistically evaluated the survival of platform-based startups and the variables’ influence on it, a 

graphical evaluation from visualized adjusted survival curves is carried out to examine how survival is affected 

over time. 

First, a Kaplan-Meier curve of the entire population’s survivor function is presented and evaluated. 

Diagram 4: Kaplan-Meier curve of survivor function

 

Source: Author’s own creation. 

From the curve, we immediately see very high probabilities of surviving due to the small sample of failed 

firms accounting for only 3.34% of the entire population of the dataset. However, we can tell that up until 

around 1750 days, there is almost no failure risk. From here though, the cumulative proportion surviving 

gradually decreases at a moderately constant pace, until around 3250 days where we see a moderate decrease 

in survival probabilities. At around the 3500 days and the 10-year cap, we finally see a drastic decrease in 

survival. Conclusively, survival probabilities seem very high, only decreasing slowly over time, until a larger 

dip at very high survival times. 
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Next, adjusted survival curves of the categorized variables of the study are evaluated, starting with 

‘AboveFunding’, representing having above the mean of funding capital (red graph).  

Diagram 5: Survival curve adjusted for ‘AboveFunding’

 

Source: Author’s own creation. 

From the diagram, we can see that the two graphs behave very similarly to the overall survivor function of the 

study. However, the blue graph representing firms not above the mean amount of funding capital, sees more 

profound decreases from the 1750-day mark, than the graph of firms above the mean funding capital. Firms 

above the mean seem to be rather constant, even at the last part of the analysis time. Firms not above the mean, 

on the other hand, see great decreases in survival near the 10-year mark of the study. Conclusively, platform-

based startups that acquire a large amount of funding capital have greater and more stable survival probabilities 

as time passes. Thus, the diagram confirms H1 of the study that funding increases survival probabilities of 

platform-based startups, just like the Cox proportional hazards model estimated. 
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Next, we look at how having more investors than the mean influences survival over time, i.e., ‘AboveInvestors’ 

Diagram 6: Survival curve adjusted for ‘AboveInvestors’

 

Source: Author’s own creation. 

We see that the two graphs behave very similarly to the prior two graphs analyzed, where the blue graph 

representing the survival of firms not above the mean number of investors, decreases at a greater pace from 

the 1750-day mark, than the graph of firms above the mean. This situation is however only up until the 3250-

day mark, where firms above the mean intersect with the ones not above. From here, the survival of firms 

above the mean decreases faster than those not above, until the very last part of the analysis time. Conclusively, 

platform-based startups that attract and acquire many investors, for at some parts have greater and more stable 

survival probabilities as time passes, except for cases of long survival. Thus, this does not provide any real 

evidence regarding the hypothesis of the study as the effect of the variables seems to change over time, even 

though it was not time-dependent. Moreover, the Cox proportional hazards model estimated the number of 

investors to negatively influence survival probabilities, evidently blurring the actual effect of funding on 

survival. 
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Now we look at the last funding-related variable ‘AboveRounds’ which represents if firms have gone through 

more funding rounds than the mean. 

Diagram 7: Survival curve adjusted for ‘AboveRounds’

 

Source: Author’s own creation. 

The diagram above tells a very similar story to the diagram on the amount of funding capital acquired, as we 

see the blue graph, representing firms not above the mean number of funding rounds, sees more profound 

decreases from the 1750-day mark, than the graph of firms above mean funding rounds. Similarly, the red 

graph of firms above the mean seems to be comparably constant above the blue graph, just until the last part 

of the analysis time. Firms not above the mean also see great decreases in survival near the 10-year mark of 

the study, just as in the AboveTotal variable. Conclusively, as the Cox proportional hazards model estimated, 

platform-based startups that go through more funding rounds have greater and more stable survival 

probabilities as time passes. Thus, this acts as a robustness check and evidence that confirms H1 of the study 

that funding increases the survival probabilities of platform-based startups, steadily over time. 
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Now we move to the founder-related variables, starting with ‘AboveFounders’ that represents if the number 

of founders of a firm is above the mean (red graph) or not. 

Diagram 8: Survival curve adjusted for ‘AboveFounders’

 

Source: Author’s own creation. 

The two curves are almost identical and parallel up until around 2750 days, which implies that up until that 

point, the number of founders of a firm has no real impact on survival. However, from that point the blue graph 

representing firms with no more founders than the mean starts to decrease faster than the red graph of the firms 

above the mean, implying that not having a number of founders above the mean hurts survival at longer 

survival times. This effect was also present in the Cox proportional hazards model, but as the survival curves 

are based on an insignificant variable, the evaluation provides no real evidence for the assessment H2 of the 

study. 
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Second, to last, we look at the variable ‘AboveOrganisations’ that indicates if a firm’s founders have founded 

more organizations than the mean of the population of firms in the sample. 

Diagram 9: Survival curve adjusted for ‘AboveOrganisations’

 

Source: Author’s own creation. 

From the survival curves, it is observed that we now see almost the opposite of the previous diagrams. The 

two curves are almost identical and parallel up until around 1750 days, where the red graph representing the 

survival of firms which founders have founded more organizations than the mean, starts to decrease at a greater 

pace than that of firms not above the mean. This happens once again at around 3250 days, where the red graph 

dips even more, as the blue graph stays relatively constant. This of course implies that the survivability of 

firms with more founded organizations than the mean decreases faster than that of firms with a number of 

founded organizations not above the mean. This negative effect on survival was also observed in the Cox 

proportional hazards model, but as we know, the survival curves are based on a marginally insignificant 

variable, not providing enough evidence to confidently assess H2 of the study. 
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Finally, we look at the visual effect that participating in an accelerator program has on survival through the 

variable ‘Accelerator’. 

Diagram 10: Survival curve adjusted for ‘Accelerator’

 

Source: Author’s own creation. 

Immediately it is observed that the red graph of firms participating in an accelerator program is almost entirely 

identical and parallel to that of those who have not participated in an accelerator program. Consequently, the 

variable seems to not have any real influence on the survival of platform-based startups, except for the very 

last part of the analysis time around the 10-year mark. Some very small differences can be observed here and 

there but not at a constant and proportional level. Conclusively, no evidence regarding H2 is provided from 

the visualization of the survival curves, which is what we saw in the Cox proportional hazards model as well, 

as the hazard ratio was so close to 1 with an incredibly insignificant p-value. 

8.5. Comparing the last two decades 

As the last part of the analysis, a comparison between the last two decades and how the variables have affected 

platform-based startups will be carried out to evaluate if and how funding’s importance has changed. Below is 

the resulting Cox proportional hazards model for the sample of platform-based startups from 2001 to the end 

of 2010. 

Table 12: Cox proportional hazards model of 2001 to end of 2010 sample 

 
Source: Author’s own creation 
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What immediately sparks attention is the great difference in the hazard ratio of ‘TotalFundingLog’. In the 

2011-2021 sample, the hazard ratio of total funding capital was 0.7422 leading to a 26% increased survival 

probability for every 1 common log of funding, whereas the hazard ratio of total funding capital for firms from 

2001-2010 is 1.4291 implying that more funding capital leads to a decreased survival probability of 43%. 

Moreover, the hazard ratio is significant at a p-value of 0.012 with a standard error of 0.2038 and a z-score of 

2.50 in a very large 95% confidence interval of a hazard ratio between 1.081 and 1.8900. This result is very 

surprising, as it implies a strong negative relationship between funding and survival. Thus, for this 2001-2010 

sample, the result rejects H1 of the study. However, it also entails that over the span of 10 years, funding’s 

hazard ratio has been decreased to now have a strong positive impact on survival. 

Next, the variables ‘NumberofInvestors’, ‘NumberofRounds’, ‘NumberofFounders’, and ‘Accelerator’ are all 

insignificant at p-values of respectively 0.692, 0.510, 0.399, and 0.948. Thus, they cannot be utilized to 

evaluate the research question and hypotheses of the study. Moreover, looking at the hazard ratios of 

‘NumberofInvestors’ and ‘NumberofFounders’, they seem to be relatively similar to their ratios in the main 

model of the study, with only a few percentages differences. However, ‘NumberofRounds’ and ‘Accelerator’ 

see a large increase in hazard ratio of respectively 0.0851 and 0.1427. 

‘NumberofOrganizationsFounded’ is however significant at a p-value of 0.009 with a low standard error of 

0.4444 and a z-score of 2.60 in a 95% confidence interval of 1.0259 and 1.2003 and is thus even more 

significant than the variable in the main model. The associated hazard ratio is 1.1097 indicating that for every 

organization a platform-based startup’s founders have founded, survival probabilities decrease by 11%. In 

contrast, the hazard ratio of the number of founded organizations in the main sample of 2011-2021 firms was 

at 1.0704, implying that the number of organizations founded by a platform-based startup’s founders leads to 

less failure in today’s era than it did in the first decade of the 2000s. However, this finding also confidently 

entails that founder experience through the number of organizations founded does not lead to better survival 

probabilities, which was assumed in H2 of the study. Thus, this variable of this particular sample seems to 

reject H2 of the study, but cannot solely determine this, as mixed results were seen from the other founder-

related variables. Moreover, this sample is not the main sample and does not represent the status quo of how 

funding influences platform-based startup survival. 

Overall, the results of the model from 2001 to the end of 2010 sample indicate how the influence of funding-

related factors does change over the years. How it changes depends on the variable, but change is present no 

matter what. However, when looking at the correlations between the variables of the samples, they do not seem 

to change very much over time, as seen in appendix 6. Hence, the consequences and implications of these 

findings should be discussed. 
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7. Discussion 

From the analyzed findings, this section first discusses the overall consequences and implications, and how 

this relates to present knowledge on the area of research. Next, these implications are then evaluated from 

platform-based startup managers’ perspectives, to explain how the findings might influence their work, and 

ultimately guide them as to how to adapt to the implications. Lastly, the limitations of the study are discussed 

and used to present future research suggestions. 

8.6. Discussion of findings 

A primary rationale for the investigation into funding’s influence on the survival of platform-based startups, 

was its importance in the startup stage where a firm is operating without any revenue stream, thus economically 

relying entirely on funding. Research has argued that this ‘valley of death’ most often is when firms fail due 

to either not acquiring funding due to the funding gap at this point or running out of the capital acquired by 

investors (Auerswald & Branscomb, 2003). 

Considering such reasoning, it was surprising to find that the average age of failure for the platform-based 

startups in the sample, was 6.9 years old with a median of 6.8 years old. At that point in a firm’s lifecycle, 

most firms are arguably well on their way to crossing the ‘valley of death’, by having established a revenue 

stream to sustain the business (Auerswald & Branscomb, 2003). Moreover, digital platforms are known to 

scale incredibly quickly but compete in a fast-changing competitive environment, thus implying fast 

determination of success or failure. Hence, these findings of long survival time before failure are 

counterintuitive and might be caused by other underlying confounders not related to funding, unobservable in 

this study. However, it might also be that platforms simply have a longer survival time than regular firms due 

to currently unknown factors. 

However, more likely than not, these findings are related to the fact that only 3.4% of the sample represents 

failed firms, which on its own implies an incredibly low failure probability of platform-based startups within 

their first 10 years. The inequality is arguably due to CrunchBase not having an equal amount of data on failed 

firms and active firms, causing survival probabilities to be slightly distorted and unrepresentative. Evidently, 

this affects the survival curves as well, resulting in curves that indicate very high survival probabilities across 

all explanatory variables analyzed. 

Moving on to more significant and representative findings of the study, the correlations of the funding-related 

and founder-related explanatory variables, were unanticipated as well. Literature has argued for a strong 

positive relationship between the capabilities of founders and the attraction of funding from external investors 

(Lee & Zhang, 2011; Prohorovs, Bistrova, & Ten, 2019), motivating H3 of the study. However, in this study, 

this relationship was rather relaxed, as correlations were weakly positive. This discovery suggests that 

investors might only be little to moderately concerned with the serial entrepreneurship, accumulated 
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capabilities, and entrepreneurial accelerator knowledge of the founders in a platform-based startup. 

Consequently, attracting investors and funding in such startups could be more influenced by other factors such 

as business model traits, demand, risks, market characteristics, etc. that literature has found in many other 

sectors. However, it is crucial to remember that these suggestions are based on correlations, not causations. 

Moreover, it is curious that greater founder capabilities seem to increase funding, but does not seem to increase 

survival probabilities, even though funding is found to increase survival probabilities. 

Now, moving on to the primary findings of the research, the relationship between the explanatory variables 

and survival probabilities saw mixed results regarding the hypotheses of the study. 

H1 of the study hypothesizing that funding increases survival probabilities of platform-based startups was 

evidently confirmed as the primary measure ‘total funding amount’ and the secondary measure ‘number of 

funding rounds’ had a very strong positive influence on survival. Hence, these results are in line with prior 

research on factors influencing the survivability of platform-based startups (Akter & Iqbal, 2020). However, 

in this study, the effects of funding were arguably even more significant and impactful on survival than what 

prior research has found. This finding is most likely due to prior studies being qualitative focusing on platform 

unique managerial aspects, whereas this study’s quantitative nature and focus on funding, allows isolating 

funding from other effects and confounders to investigate the effects more directly and accurately. 

By detaching funding related effects into their own variables, the study found the number of investors to be 

slightly negatively associated with survival probabilities of platform-based startups which was very surprising 

as prior research has found investors to offer both capital and knowledge to startups leading to greater firm 

performance and survival (Baum & Silverman, 2004; Benson & Ziedonis, 2009; Ramadani, 2012; Di Pietro, 

Prencipe, & Majchrzak, 2018). However, the negative effect of gaining an investor more in a platform-based 

startup was found to be very small. Moreover, the analysis did not offer any information on when the number 

of investors becomes too many. Consequently, it is unknown if the number of investors might influence 

survival positively until an optimal number of investors is reached where the effect becomes negative in the 

startup stage. 

Nonetheless, aiming to discuss possible explanations of the negative relationship, a larger number of investors 

might lead to clashes or disagreements between shareholders, as more investors logically might lead to more 

opinions, interests, and experiences. On the contrary, for every investor in a startup, individual equity is diluted 

possibly leading to less interest and engagement by shareholders (Suster, 2011). Consequently, investors might 

be less hands-on, decreasing the startup’s exploitation of the investors’ knowledge, experience, capabilities, 

network, etc. to increase performance and survival. Hence, more investors often lead to more funding capital, 

as suggested by the correlation analysis, but might decrease or blur information on how to utilize the resources 

acquired, requiring founders to know it themselves. 
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The research into such capabilities of founders of platform-based startups did however not provide any 

significant evidence regarding H2 of the study. However, the number of organizations founded by a platform-

based startup’s founders was very close to being statistically significant, making it worth discussing possible 

explanations of its effect on survival probabilities. 

For every organization established by a platform-based startup’s founders, survival probabilities seem to 

decrease considerably. This relationship is counterintuitive and surprising as prior research has argued that 

founder experience leads to better performance and survival (Amaral, Baptista, & Lima, 2011; Sarasvathy, 

Menon, & Kuechle, 2013; Lafontaine & Shaw, 2016). Even more surprising is that the analysis of correlations 

at the same time suggested that the number of founded organizations seems to increase funding, which was 

found to increase survival probabilities. However, a possible reason is the same concept as seen with the 

number of investors i.e., lacking interest and attention. If the founders of a platform-based startup are running 

a large number of active organizations on the side, interest and attention are dispersed among these firms, 

leading to less focus on the platform-based startup, a seemingly devastating situation due to platforms’ 

complex and everchanging nature. Consequently, the concept of diminishing interest seems to apply to the 

number of several different shareholders, overshadowing the positive effects of serial entrepreneurship on 

funding and in turn funding’s effect on survival. However, it should be noted that the variable explaining the 

number of organizations founded was not concerned with dividing these organizations into active and inactive, 

making an explanation purely assumptive as it is unknown whether the founders’ other organizations are active 

and being managed at the same time as their platform. The correlation between funding and the number of 

founded organizations was however statistically significant and fairly positive as assumed, as experienced 

entrepreneurs are arguably favorable to investors (Lee & Zhang, 2011; Prohorovs, Bistrova, & Ten, 2019). 

The number of founders of a platform-based startup was intuitively assumed to lead to a greater accumulated 

number of capabilities, as each founder brings their experience, knowledge, and competencies to the table. 

However, the analysis found that the number of founders did not have any real influence on survival, as the 

hazard ratio was incrementally positive but at a very statistically insignificant level. This finding is arguably 

still fairly unsurprising as a large number of founders in a firm might complicate decision-making and cause 

interest conflicts, just like with the number of investors. However, in some scenarios many founders might 

work well together, suggesting that the number of founders might have very contrasting effects on survival in 

platform-based startups, suggested by the very wide 95% confidence interval of both positive and negative 

effects seen in the Cox proportional hazards model. This implies that there might be an optimal turning point 

where the effects of the number of founders changes from being positive to negative on survival probabilities. 

Moreover, the number of founders had a positive correlation to all three funding variables of the study, 

implying at least positive effects on the attraction of funding. 
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Finally, participating in an accelerator seemingly increase survival probabilities in platform-based startups, 

judging from the hazard ratio of the Cox proportional hazards model in the analysis. The result was however 

very statistically insignificant with an incredibly wide 95% confidence interval with both strong positive and 

negative impacts on survival. Consequently, it must be very individually different what platform-based startups 

gain from participating in an accelerator program, as some might gain valuable experience, knowledge, and 

funding while others might not gain anything valuable from it that leads to greater survival probabilities. Such 

contrasting effects on survival has been suggested before by Radojevich-Kelley & Hoffman (2012) who found 

that the effects also depend on the characteristics of the accelerator program, as especially mentorship-driven 

programs increase survival and success rates due to the greater access to investors they provide, while other 

accelerators do not. Similarly, newer research by Del Sarto, Isabelle, & Di Minin (2020) found the effects of 

accelerators to not be influential on the survival of technology startups on their own but to be dependent on 

the characteristics of the firm itself. Evidence of contrasting effects was also found in the correlations regarding 

participating in an accelerator program and funding-related factors, as total funding capital was slightly 

negatively correlated while the number of investors and funding rounds was positively related. Consequently, 

the findings of this study regarding participating in an accelerator are not conceptually new. 

Lastly, the effects of funding and capability-related factors on survival in platform-based startups seem to 

change over time, as the analysis found different effects on the sample of firms from 2001 to the end of 2010 

and the sample of firms from 2011 to the present day. This phenomenon is suggested by the overall change in 

the focus of research on the field seen over time, but also simply by the nature of platform industries. The 

competitive environment of platforms is known to change very rapidly, thus constantly requiring new 

competitive focus points (Srinivasan & Venkatraman, 2018). This is evidently reflected in this study, as 

especially the importance of funding-related factors seems to shift over the years as the competitive landscape 

changes. Consequently, this implies that the influence of funding depends greatly on the point in time research 

into the topic is conducted, meaning that the findings of this study can be considered as status quo, but not as 

a prediction on funding’s influence on platform survivability in the future. This suggests that research into the 

influence of funding-related factors on the survival of platform-based startups must be done regularly to keep 

up with the erratic environment of platform survival, and to present managers and founders with only the most 

present effects of funding. Further, as seen in appendix 5, the mean survival time of firms from the old sample 

was much longer than that of the firms from the past 10 years. However, as seen in appendix 6, the correlations 

between the explanatory variables of the study only saw slight changes between the two samples, suggesting 

that the correlation between funding-related factors and founder capabilities is somewhat constant over time. 
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8.7. Managerial implications 

The findings of this study evidently suggest distinct implications for managers and founders of platform-based 

startups, from what recommendations are made as to how to deal with the implications. However, it should be 

noted that these recommendations are only suggestive and not factual. 

First, the research suggests that funding is incredibly crucial to the survival probabilities of platform-based 

startups. Consequently, founders and managers of such startups should obviously aim to attract as much 

funding as possible in the early stages of their startup, to overcome the ‘valley of death’ where revenue is 

nonexistent. 

However, there seems to be a pattern in how managers and founders should go about attracting such funding. 

Pure capital should be the primary focus, but it seems that it should be considered where this capital comes 

from. That is, some investors might offer more than just pure capital such as knowledge, experience, a large 

network, etc. which might be as valuable as the capital itself. Thus, experienced hands-on investors might be 

favorable. However, attracting too many investors might be negatively related to survival probabilities, as they 

might lose interest and attention due to the dilution of their share of equity in the platform-based startup. 

Moreover, the more shareholders, the more opinions and views which might complicate decision-making and 

hurt survivability. Thus, founders and managers should focus on attracting a number of investors that fit with 

their firm’s size and exploit the investors' knowledge and network while keeping their attention and interest. 

Such investors seem to favor the experience and education of founders, but it does not seem to have the greatest 

influence on attracting funding. However, participating in a good accelerator program might expedite the 

startup phase and funding attraction while improving the capabilities of founders and managers, leading to 

greater survival probabilities. 

However, if resources are not too scarce, most of the attention should be focused on driving the business’ 

performance and keeping up with the complex and rapidly everchanging competitive environment of 

platforms, as the impact of a given funding-related factor might change over time. Moreover, this erratic and 

complex platform environment might force founders to keep most of their attention on their platform, and not 

the many other organizations they might manage, as diversifying attention across many organizations seem to 

lower survival probabilities. 

8.8. Limitations 

This study has several limitations that should be considered by anyone reading it. First, the methodology of 

the research was limited due to certain delimitations, weaknesses, and biases, consequently impairing the 

overall quality of the study. 
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The study’s research strategy only utilizes a single quantitative strategy to investigate the research question, 

hypotheses, and overall field of research. This strategy implies a weaker measurement accuracy that does not 

achieve the validity of method triangulation and a mixed-method research strategy. Thus, the findings of the 

study are not as generalizable, accurate, and confident as they could be, within the critical realism philosophy 

adopted. Moreover, within this philosophy, it is impossible to observe and investigate all actual and real 

funding-related effects influencing the survival of platform-based startups. Hence, the effects observed cannot 

be confidently generalized to other contexts than the survival of platform-based startups, without considering 

observations from those exact contexts as well. Thus, to examine funding’s effect in other contexts, replicating 

the study in other sectors is a possibility, but requires some changes. 

However, certain limitations of the data collection, assessment, cleaning, and analysis might cause issues with 

the replicability of the research, regarding achieving the same results. The sampling of the platform-based 

startups was relatively biased as it was based on the subjective knowledge and opinion of the researcher to 

create sampling criteria. Such biased non-probability sampling weakens the external reliability, which was 

further weakened by the selective data cleaning and imputation of data by the researcher to prepare the 

collected data. Moreover, the applicability and representativity of the final dataset were based on the 

assessment of the researcher, making an exact replication of the study difficult.  

Regarding the data itself, even though CrunchBase is a reliable and valid database, only using a single source 

to retrieve data, is evidently a less accurate and credible approach to investigating the field of research, as the 

entire study relies on the accuracy and legitimacy of that one source. Moreover, the scope and scale of the 

database suddenly determine the extent of the entire study. Hence, the variables applied in the model of the 

study were based not only on the research question and hypotheses but on what was available on CrunchBase 

as well. As a consequence, the dataset did not contain a representative number of failed firms, making the 

sample less balanced and representative, influencing survival probabilities and survival curves. Furthermore, 

a considerable number of companies in the sample did not have an accurate survival time estimation, due to 

CrunchBase allowing closing and founding dates to be set to closest year and thus not the precise date, 

ultimately influencing the survival time distribution of the sample. 

As a consequence of the study only utilizing CrunchBase as a source, the model of the study only consisted of 

a few funding-related variables to explain how funding influences the survival of platform-based startups. 

Further, despite high appropriateness, the variables chosen to represent funding and founder-related factors 

were definitely not the only variables relevant to utilize in investigating the research question and hypotheses. 

Many other factors could replace or supplement the variables used in this study to measure funding- and 

founder-related factors. However, the variables used were the most appropriate, representative, and 

quantifiable variables available using CrunchBase. Additionally, founder capabilities are difficult to quantify 

and measure without qualitative data collection. Moreover, only two control variables were used to adjust for 
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confounding effects, which implies a lower internal validity as many other confounders might have acted 

strongly on the survival of the platform-based startups.  

Finally, the Cox proportional hazard model is only semiparametric, implying that it closely approximates the 

results of a correct parametric model. However, as the model is not entirely parametric, the results of the model 

are ‘reliable enough’ but not completely factual and definitive (Klein & Kleinbaum, 2005). Further, the study 

only utilized one function of time in the model and did thus not experiment with different functions of time. 

8.9. Future research recommendations 

Based on the limitations and delimitations of the study, recommendations for future research on the field are 

presented. 

First, future research should aim to combine a qualitative and quantitative data collection and analysis approach 

in a mixed-methods design to investigate the topic of how funding influences survival in platform-based 

startups. Doing so would arguably allow for deeper and more diverse insights into the complex topic of firm 

survival, as many factors and confounders might be influential but are unable to be recognized, observed, and 

measured through a quantitative approach. Such factors and confounders could be ones found by literature 

already like innovativeness, business model traits, founder traits, etc., or even new unknown ones. Hence, a 

mixed approach would not only be able to explain the effects of funding on survival more accurately by 

adjusting for many qualitative and quantitative confounders, but also allow for exploration of new unknown 

factors that might influence platform-based startups uniquely. 

To further improve the research of the survival of platform-based startups, several actions could be taken 

regarding data collection, assessment, and preparation. Simply using more sources to collect data would allow 

research to both increase the data sample and validate information on any given company. CrunchBase is an 

extensive, valid, and credible source but using different sources like other databases and companies’ own data, 

would allow for greater insights and a more complete dataset with a greater number of variables. To further 

improve the completeness of such a dataset, computer algorithms could even be applied to scrape websites and 

databases for any missing data. Consequently, such a level of completeness and representativity would achieve 

more accurate survival probabilities and survival time in survival analyzes like the Cox proportional hazards 

model and adjusted survival curves. 

Additionally, machine learning or more specifically supervised topic modeling (LDA), could be used to teach 

an algorithmic model to accurately identify platform-based startups from various sources and scrape all 

relevant data on them. Such an approach would allow for an even more accurate and representative sample of 

platform-based startups. Moreover, to assess the accuracy of a resulting sample sufficiently and objectively, 

machine learning in the form of topic modeling (NMF/LDA) and word embedding (BERT) could be applied. 

Moreover, an algorithmic script could be employed to take a closer look at shareholders of platform-based 
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startups to get an understanding of how their knowledge, education, experience, traits, etc. might influence the 

funding and survival of a given company. This could be achieved by gathering information on their experience 

and knowledge on platforms or similar companies from education, programs, establishments, investments, and 

much more. 

From the findings of this study, certain topics should be investigated further in future research to add to the 

body of knowledge on the survival of platform-based startups. First, to grasp the importance of funding-related 

factors, a perspective is required, implying that their importance should be compared to the importance of other 

platform dynamics and factors that literature has found. By doing so, the influence of funding would become 

far more operationalized for platform managers and founders, enabling them to measure the importance of it 

in their exact situation and compare it against other factors. Similarly, funding’s influence on survival in 

platforms should be compared to its impact on survival in other more traditional industries and sectors as well. 

This would give a crucial perspective on how platform-driven industries and sectors differ from traditional 

ones, enabling entrepreneurs to gain knowledge on how to approach the task of entering platform-driven 

industries and sectors. Literature has proposed a series of different platform unique strategy dynamics to focus 

on, but from the findings of this study, it seems that platform entrepreneurs might need to think very 

strategically when attracting funding as well. Such selective funding attraction, focusing on both capital and 

investor skills and experience, has been suggested by some literature, but research should be done on how 

strong this aspect is in platform-driven industries and sectors compared to traditional ones. Moreover, it should 

be investigated if an optimal number of investors exists for platforms, as this study suggested that the number 

of investors starts to influence survival negatively when becoming too large. 

Finally, it is recommended to investigate different geographical locations at a smaller scale to explore if 

geographical clusters and agglomeration impacts the survival of digital platform-based startups, as literature 

has proven how traditional firms are greatly influenced by it. Even though platforms’ digital nature enables 

them to cross borders through their global reach, they might be particularly restricted by geographically 

determined effects like national regulations, governmental support of innovation, technological development, 

economic development, etc. Thus, such effects should not just be adjusted for but be investigated entirely as 

explanatory factors. 
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8. Conclusion 

Based on lacking research on the field, this study aimed to examine how funding influences the survival of 

platform-based startups, as well as how founder capabilities, in the form of entrepreneurial knowledge and 

experience, influence such funding. To do so, the Cox proportional hazards model was applied to investigate 

how several funding-related and founder-related factors influence the survival probabilities of platform-based 

startups. These factors consisted of the total amount of funding, the number of investors, the number of funding 

rounds, the number of founders, the number of organizations founded by the founders, and if the founders have 

participated in an accelerator program while adjusting for the geographical location and industry of every 

observation. 

The results confirmed hypothesis 1 of the study (H1) that funding is very positively associated with the survival 

probabilities of platform-based startups, as the total funding amount and the number of funding rounds 

significantly decreased survival hazards. However, the number of investors marginally decreased survival 

probabilities insinuating that too many investors might lead to greater hazards for a platform-based startup. 

Hence, platform managers and founders must keep this in mind when attracting funding, as a few experienced 

hands-on investors might be better than a lot of uninterested ones. 

However, due to statistical insignificance, the study could not accept or reject hypothesis 2 of the study (H2) 

that the capabilities of founders are positively associated with the survival probabilities of platform-based 

startups. The results did however suggest very mixed and contrasting influence of the number of founders, the 

number of organizations founded, and participating in an accelerator program, on the survival of platform-

based startups, indicating very individual and situational effects. 

Nonetheless, confirming hypothesis 3 of the study (H3), the correlations between the founder-related variables 

and the funding-related ones suggested a moderate positive relationship between the experience and education 

of founders and the attraction of funding in platform-based startups, something managers and founders should 

keep in mind. 

However, the observed effects of funding on survival seem to change over time, as it was found that funding’s 

impact on survival probabilities shifted considerably between the last two decades, implying that managers 

and founders must constantly stay up to date with funding-related factors. Moreover, research must be done 

regularly on the influence of funding-related factors on the survival of platform-based startups as well, due to 

the erratic funding environment of platforms. 

Finally, the study was not without limitations in its collection, assessment, preparation, and analysis of data 

due to bias and delimitations. Thus, future research is recommended to apply mixed research methods in 

combination with machine learning approaches to collect, assess, and analyze data from several sources to 

reach more representative, accurate, and deeper findings. 
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Appendix 3 - Graphical test of constant hazard ratio assumption for 2001-2011 sample 
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Appendix 4 - GOF test of constant hazard ratio assumption for 2001-2011 sample 
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