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We are the TECHNGI project.  It stands for 

Technology Driven Next Generation Insurance. 

 

We are a cross-disciplinary research project investigating the opportunities and 
challenges for the UK insurance industry arising from the application of the new AI 
technologies, including machine learning, distributed ledger, automated processing 
and the explosion of available data. 

 

We are funded as part of the UK’s Next Generation Services industrial strategy 
challenge.  Our goal is to connect academia with industry, to help resolve potential 
behavioural and socio-technical barriers in the ongoing adoption of AI and data 
technologies. 
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Executive Summary 
This report gauges and maps the contribution of start-ups to the digital transformation in 
insurance. The digital transformation is partly driven by new players, including start-ups, that 
transform incumbents' business models. The community of start-ups and incumbents form 
an entrepreneurial ecosystem where cross-fertilizations, symbiosis, and competition amidst 
collaboration, can constantly occur. By mapping the relatedness between start-ups and 
showing their position in the technological knowledge space, stakeholders can identify the 
strength, location, and ties within this industry of relevant start-up enterprises.  

Box 1: Main Findings 
 The digital transformation has already entered the maturing stage in the diffusion of 

innovation. We see less start-ups entering the scene in recent years compared to three or 
four years back This has resulted in clear geographical patterns where distinctive types of 
start-ups are found. Notably, new start-ups are slightly stronger in the US than in Europe. 
Remarkably, Tel Aviv stood out in the analysis as an exception to this pattern where the 
start-up population has remained vibrant in recent years.  

 These geographical patterns correspond to theories of regional specialization and sector 
coalescence as elaborated in evolutionary economic geography. We found that the US 
pattern of metropolitan areas that has a significant population of InsurTech start-ups 
follows a polycentric structure, while in Europe it is London that dominates the scene. 
Although secondary centres in the EU do add up to a significant critical mass, its geography 
is much less spiky than in the US. 

 There are six distinctive modules in InsurTech relating to HealthTech, Blockchain; AI and 
Machine learning; PropTech, Finance and Banking, the Internet of Things, and Auto 
Insurance. Within this ‘backbone’ of technologies three related "AI-type" categories play a 
major role. Categories of Artificial Intelligence, Machine learning and Big Data were found 
to be strongly related key nodes in the network.  

Within this network, it is remarkable that there are limited direct linkages in the knowledge 
space with categories designated with the financial sector and the core AI segment of the 
AI cluster. Rather, most linkages are intermediated through "software as a service" (SaaS) 
which seems to act as a bridge between "AI" and "Finance" proper.  

However, the direct relationships between the AI technologies and HealthTech and Auto 
Insurance seem to be stronger than with finance. This analysis again fits descriptions of 
dissimilarity between the Insurance sector and some of the technologies that it wants to 
integrate as part of the digital transformation. The role of SaaS indicates there might be 
some kind of "platformization", where third party software platforms offer AI solutions to 
the financial sector in a modular kind of way.  

 With respect to investors and the role of accelerators, the most important finding regards 
the presence of accelerators as key "glue" in the investment pattern dataset. Thus, we 
believe that accelerators could play in important role in the strategic coupling of AI start-
ups with the established insurance sector. We also found some evidence that investors in 
London would have a stronger propensity to invest in the Blockchain and PropTech modules 
and less in the HealthCare and Auto insurance sectors. San Francisco show a somewhat 
reverse pattern.  
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The report has the following structure. Chapter 1 sets out the rationale and research 
questions. Chapter 2 anchors the research theoretically. The research questions are 
operationalized using an evolutionary economic geography and innovation perspective. 
Chapter 3 operationalizes these theoretical concepts, particularly the concept of "knowledge 
space". Chapters 4, 5, and 6 elaborate the empirical results of the study.  Chapter 4 maps the 
knowledge space and how we can decompose the InsurTech start-up world in several 
modules of related technologies. Chapter 5 translates these insights to the level of start-ups. 
How does the InsurTech start-up population map onto this global knowledge space? How is 
the UK population faring in comparison to other centres of expertise in the world?. Chapter 6 
examines the network of investors that funding the InsurTech start-up population. Chapter 7 
summarizes the research and formulates answers to its main questions.  

Box 2: Key Suggestions for Policy Focus 

 A shift from ‘Industries’ view to ‘knowledge space’ view.  We recommend for policy makers 
to consider shifting its perspective from ‘Industries’, specifically InsurTech, to knowledge 
space and skillsets that are transferable between industries. Future funding calls should 
be less about specific industries and more about the set of the identified knowledge 
clusters. Specifically, for the strengths we managed to identify geographically in this report. 

 The role of incubators and accelerators programme is significant for InsurTech start-ups 
to scale ups. These institutions signal the market about start-up potential. Because start-
ups have been through ‘a programme-selective stages’ or their network (financial, ‘know-
how’, or market network) allowed them to secure more funding possibilities these start-
ups become flagged. The evidence shows that being part of incubator programmes allows 
access to funding.  We therefore recommend exploring new bespoke incubators 
programmes in collaboration with VCs that specialised in key areas of the identified 
knowledge space (not necessarily ‘InsurTech’), to share the risk with the private sector 
stake holders (investors, founders, incumbents). 

 Closing the Knowledge space gap between investors and companies. Policy makers  need 
to understand the gap between investors' location and expertise versus the InsurTech 
companies’ knowledge space and their location. In order to ‘bring the money’ closer to fund 
new ventures, we recommend stimulating investors (with risk sharing) to increase their 
portfolio in the areas that we identified in this work. We specifically recommend planning a 
few years joint funding programme to start the momentum and expand the local funding 
opportunities.  

 Cross-industries knowledge flow. In order to expand and stimulate a specific industry, such 
as InsurTech, the government should encourage and support cross-industry knowledge 
flow, allowing opportunities for companies that provide technological solutions in one 
industry to find opportunities in other industries. This cross-industry approach can expand 
the business proposition, increase streams of revenue for the tech companies, develop new 
stream-line channels and expand innovation opportunities for incumbents.   

 Globalisation power - UK strength. Each knowledge space should be benchmarked with 
other InsurTech strong clusters in other places in the world. To keep those clusters’ 
competitive advantage there are three elements that will require inflows: Maintaining and 
developing the local skills and stimulate the local knowledge space; securing and 
encouraging funding opportunities; providing network opportunities within the industry and 
cross industries. 
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Chapter 1: Background 

1.1 The Digital Transformation in Insurance and the Potential 
Role of Start-ups 

Start-ups are often theorized as important players in the innovation ecosystem around 
FinTech and InsurTech. However, not all start-ups and economic ecosystems are equal in that 
regard. When we focus on transformation in insurance through the possibilities of Artificial 
Intelligence, central to TECHNGI, only a subset of start-ups has the potential to be truly 
transformational to the whole sector. This white paper is a quantitative assessment of start-
ups data to map the business landscape in terms of their position in the AI transformation of 
insurance. We particularly analyse which start-ups combine related and unrelated variety to 
produce new combinations of products and business models. We also probe the associated 
economic geography. What are the places where new combinations of knowledge relevant to 
the AI transformation in insurance are likely to occur? By using insights from evolutionary 
economic geography on a dataset derived from the Crunchbase data aggregation platform, 
we generate a "knowledge space" map. This knowledge space map shows us which related 
technologies drive which kinds of innovation in the insurance sector. By coupling these 
insights to the geography of who funds different kinds of innovative start-ups, a picture is 
generated about the forces that drive the next generation insurance. This leads to propositions 
for further research and directions for policy evaluation.   

1.2 The TECHNGI Research Project 

Early 2019, UKRI asked academics to propose a research project to map the future of tech-
driven legal and financial services, to boost productivity and improve customer experience. 
The Next-Generation Services Challenge was seeking to take on the biggest industrial and 
societal challenges of our time.  

Loughborough University’s School of Business and Economics team secured over £1.2 Million 
from the Economic and Social Research Council (ESRC) and an additional £210,000 from a 
number of key players in the current insurance industry, and those that have aspirations to 
expand towards this industry. The team studied ‘Technology Driven Next Generation 
Insurance’ TECHNGI. Together with some academic collaboration from Queen Mary University 
of London, University of Exeter. The main mandate was to identify and map the opportunities 
for AI-based innovation in the UK insurance industry. It examines how these technologies are 
changing business processes and business models in underwriting and risk analytics, claims 
processing and in customer engagement, examining the barriers for adoption and the 
enablers of change. 

The Project Objectives  

TECHNGI has 3 main objectives: Mapping main opportunities of AI in Insurance; Developing 
empirically tested models and analyses of what needs to be done to support the successful 

http://www.techngi.uk/
http://www.techngi.uk/
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application and adoption of AI in the insurance industry; and developing tools and frameworks. 
This report addresses the third objective, which is creating tools and frameworks of 
knowledge that will allow practitioners and policy makers to understand the main 
opportunities and presence of AI in InsurTech start-ups. 

TECHNGI moves from exploratory research, to case studies, policy advising and impact-
oriented research. This report is part of the first phase, which was geared to explore and 
define methodologies that can subsequently be expanded and built upon in the later stages. 
We have indications that a digital transformation is occurring in insurance. Moreover, a set of 
technological combinations that can be designated as artificial intelligence are heralded as 
key to that transformation. Lastly, there are strong indications that there are players new to 
the insurance industry, 'disruptors", whether that be start-ups or large tech corporations. 
Setting aside the large corporate players that might diversify into Insurance, which is the focus 
of other TECHNGI research, we will focus on the potential of start-ups in bringing about the 
digital transformation. These considerations inform the main research question underpinning 
this report:     

• Overarching Research Question: How can we identify the key start-ups and key technologies that 
play a central role in the digital transformation of insurance? 

Note that this main research question is formulated in a "how to" manner. This report aims 
to explore how we can best identify relevant start-ups and technologies. As we have reason to 
expect that innovation might be pursued from an unexpected direction, from the outside of the 
established insurance sector, this report needs a perspective that is not centred on the 
existing sectoral and institutional structures in insurance. That means, it is complementary 
to other work within TECHNGI that does start out with an industry-centric perspective.  

Our decentred starting point trying to identify inter-sectorial and inter-disciplinary answers 
and approaches to study the digital transformation in insurance, was to look into the 
interdisciplinary literature on innovation studies and its particular expression in evolutionary 
economic geography. The latter discipline is important because we want to understand which 
financial centres are likely to evolve into powerhouses of the digital transformation. An 
evolutionary perspective on economic geography seems particularly well suited to engage 
with that question. The disciplinary perspective from evolutionary economic geography allows 
us to derive a more academic theoretical question from our main research question that can 
frame the subsequent empirical analysis:  

• Derived theoretical question: What is the digital transformation in insurance and what does the 
literature in innovation studies teach us how to study this transformation?  

Chapter 2 excavates the literature on innovation studies to answer this question and identifies 
a tentative methodology that can subsequently be used to tackle the problem empirically. 
Chapter 2 introduces the ecosystem approach to understand geographical clusters of start-
ups in Technology or Financial centres and it introduces the industry space approach to 
analyse related and unrelated technologies that bring about technological transformations 
(Brynjolfsson et.al., 2014, Kagermann et.al., 2010, Porter et.al., 1985, Konsynski et.al., 1990, 
Rackoffet et.al., 1985). Chapter 3 subsequently elaborates how we operationalized the 
industry space method for insurance. We used the near real-time Crunchbase database. 
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The start-up and investor databases generated in this process as well as the knowledge space 
relational dataset derived from these are subsequently used to answer the following four 
derived empirical research questions: 

1. What does the InsurTech start-up landscape look like in terms of related and unrelated variety 

in technologies? (Chapter 4)  

2. What are specific knowledge fields and technologies that relate to developments in Artificial 

Intelligence and what other fields are these related most closely to?  (Chapter 4)  

3. What is the geographical distribution of distinct knowledge fields in InsurTech start-ups and 

financial centres? (Chapter 5)  

4. What are the types of start-ups that are currently being funded, and by which kinds of funding 

stakeholders? (Chapter 6)  

The report will develop tentative answers to these questions in the following structure. The 

answers are to be regarded tentative and somewhat explorative because of its reliance on 
metadata with only anecdotal ground-truthing (Peel et al. 2017). Chapters 4, 5, and 6 will 

elaborate the empirical results of the study. Chapter 4 maps the knowledge space and how 
we can decompose the InsurTech start-up world in several modules of related technologies. 
Chapter 5 translates these insights to the level of start-ups. How does the InsurTech start-up 

population map onto this global knowledge space? How is the UK population faring in 
comparison to other centres of expertise in the World? Chapter 6 will then plunge in the 

network of investors funding this start-up population. Chapter 7 will return to the research 
questions and synthesize answers an Evolutionary Economic Geography Perspective to 

Sectoral Transformation. 

1.3 Report Introduction 

This study assesses the potential contribution from start-ups to the AI transformation in 
insurance. We approach the issue from evolutionary economic geography, the geographic 
perspective on evolutionary economics. Evolutionary economics, as a heterodox branch of 
economic thinking, seeks to understand the long-term prosperity of firms and territories 
through the capacity to generate and adapt to technological change (Nelson and Winter, 1982). 
Taking cue from the insights of Joseph Schumpeter (1942), evolutionary economists assert 
that the generation and adoption of technological change is that which keeps the capitalist 
system afloat. Those actors that are able to adapt and profit from what Schumpeter (idem, 84) 
terms the churning of the "perennial gale of creative destruction", are the champions of that 
change. The opportunities to ride the waves of technological change are not equally 
distributed over space. Where innovators are located influences, inhibits, or promotes actors' 
and regions capabilities to evolve. Evolutionary economic geography tries to understand the 
factors that influence this geographic variation and hence why some firms and regions are 
better able to adapt to technological change than others (Boschma and Lambooy, 1999; 
Boschma and Martin, 2010). This chapter will first discuss some core principles of 
evolutionary economics that allow us to situate the digital transformation of which AI 
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technologies are a part. We subsequently spatialize evolutionary economics through 
introducing core concepts of evolutionary economic geography. We then introduce the focal 
theory of this report: how knowledge spaces allow us to map the related and unrelated variety 
that produces technological change. This is the perspective that we will operationalize in the 
subsequent chapters.   

It is a widely agreed position in evolutionary economics that capitalism evolves in waves of 
technological change. Epochs, or technological paradigms, are defined by key technologies, 
"sparking technological or industrial revolutions", in which clusters of new applications 
transform the economic landscape0F0F

1 (Freeman and Perez, 1988; Perez, 2010). The most recent 
technological paradigm is that of the transformation of the global economic system through 
ICTs and telecommunications (Perez, 2010), a transformation commonly dubbed as the 
"digital transformation" or the "fourth/firth industrial revolution"1F1F

2. This transformation has 
been ongoing since at least the 1970s but has seen a recent acceleration. Where previous 
phases of the digital transformation were focused on hardware and software, recent 
innovations harness the power of acquiring, manipulating and processing large datasets, 
often in real time, with profound consequences for the financial sector (Hendrikse et al., 2017). 
In insurance, this digital transformation is argued to be driven by the interaction of five 
increasingly prolific technologies changing existing business models: Cloud computing, the 
Internet of Things (IoT), big data, artificial intelligence and blockchain (Wyman, 2017, cited in 
King et al. 2020). The compound terms of the resulting developments: "FinTech, InsurTech 
(also LegalTech, RegTech, AccountTech, Proprech), already suggest that the digital 
transformation entails a merger of industries. There is sector coalescence, which often 
requires the reconciling of different organizational cultures, social structures, and 
technological approaches to business (Hendrikse et al., 2018, 2019). 

  

 

 

1 Perez (2010) defines 5 technological revolutions: 1) the original industrial revolution, 2) the age of steam and 
railways; 3 ) the age of steel, electricity and heavy engineering; 4) the age of oil, the automobile and mass 
production; and 5) the age of information and telecommunications.  
2 We follow Perez' (2010) numbering, identifying five industrial revolutions. The UK Industrial strategy speaks of a 
fourth industrial revolution (HM Government, 2019) 
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Chapter 2: Theoretical Review 

2.1 Evolutionary fundamentals of the digital transformation 

The rise of FinTech and InsurTech tends to be accompanied by evolutionary rhetoric of 
"disruption" of established business practices and incumbents by start-ups. Although the 
degree in which that disruption rhetoric in fact hides a gradual evolution rather than 
disruption is an open empirical question (Hendrikse et al. 2018). Hendrikse et al. (2018, 2019) 
theorize this disruption as a result of the frictions, competing interests, and power struggles 
that logically follow from sector coalescence. Discourse about "disruption" and "breaking 
incumbent monopolies" is to a certain extent endemic to the tech world, where there is a 
tradition of associating technological change with a libertarian value system (Turner, 2009), 
and where Schumpeterian thinking tends to be interpreted as much as a normative ideal as 
an empirical hypothesis. However, in order to operationalize ideas about disruption 
academically, while bracketing normative undertones, we need to specify the conceptual 
fundamentals that allow understanding of the digital transformation.  

The key driving force in Schumpeter's evolutionary theory of economic change is that 
innovations either lower the price for existing goods and services, or generate new goods and 
services that substitute for existing products. It is important here to note that an 'invention' –
i.e. a new good or service- only becomes an 'innovation' when it is successfully adopted by the 
market (Schumpeter, 1934 [1912], p. 88; Nelson and Winter 1982, p. 277). For example, in the 
case of a machine learning procedure, the ‘moment of innovation’ is not when the procedure 
was first designed, but the moment when it is successfully exploited in a profit-generating 
business model, or applied to improve commercial process. Algorithms that fuel 
contemporary AI applications been around since the 1970s, and might even have been part of 
the actuary toolkit, but they only start to fulfil their full innovative potential when other 
technological building blocks, such as Big Data, Cloud Computing, and higher processing 
power, and improved computer architecture became available and cheaper (Mainelli cited in 
Milne and Zafiris 2020, p.9). 

In evolutionary economics, the driving principles governing the dynamics around invention 
and innovation uptake are 'variation' and 'selection' (Nelson and Winter, 1982). We can 
consider 'variety' the amount of inventions, routines, practices, business models, etc, out 
there that have the potential to be the building block of an innovation. These building blocks 
are the components of Schumpeter's (1934 [1912]) famous 'new combinations'" that drive 
economic change. However, which segment of that variety might become an innovation is 
dependent on 'selection'. This selection is to a certain extent the market –the profitable 
combinations survive market competition– but the state and organizational considerations 
also play a role. In many cases innovators’ ability to create a change, depends on collaboration 
with incumbents,. However, the latter have difficulty to cope with disruptive innovation 
because it is not in their best interest to promote it (Christensen, 1997). The most infamous 
case of that dilemma is Kodak's failure to embrace digital photography, which they had 
invented internally, because the company was too deeply invested and locked-in an analogue 
film-based ecosystem (Shih, 2016). Such lock-in's also express themselves geographically. 
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Regions might be too deeply invested financially, cognitively, and politically in 'old' 
technologies that they fail to adopt innovations (Martin and Sunley, 2006).  

2.2 Geographic fundamentals of innovation processes 

Evolutionary economic developments are geographically articulated (Boschma and Lambooy, 
1999). The chance that an invention occurs is not randomly distributed over space. Hence, 
variation is spatially articulated. Moreover, whether an invention becomes an innovation is 
dependent on the local selection environment as some regions are better at nurturing new 
ideas and new firms than others (Boschma, 2004), making the case that selection is also 
spatially articulated.  

Making geographical articulation more concrete, scholars have theorized mechanisms why 
variation and selection are differentially spaced. The most basic mechanism is a stochastic 
one. Start-ups do not necessarily spin-out or spin-off from established organizations, whether 
that be universities or large businesses, but they often do (Garnsey and Heffernan, 2005). 
Moreover, universities and other  R&D intensive institutions are key for different R&D stages 
of those start-ups, with respect to infrastructure, pool of skills and funding opportunities. 
Hence, a region with many established organizations working in a particular technological 
field are for mere stochastic reasons more likely to generate a higher variation of new 
enterprises in that technological field (Boschma and Martin, 2010). Moreover, some regions 
are much more open to new entrants in the field than others. In her influential text, Saxenian 
(1996) makes the case that cultural properties regarding rewarding entrepreneurship, risk 
taking, and start-ups played a key role in why Silicon Valley became the centre of high-tech 
rather than Boston's Route 128, which had a stronger starting position. Apart from that such 
a culture will engender a higher variety, it simultaneously provides a supportive selection 
environment. The key point is that variation likely reflects the composition of firms and 
institutions already present in the region, which is difficult to emulate (Boschma, 2004). 
Schamp (2018) unveils how in Germany different metropolitan profiles gave rise to very 
different FinTech scenes in three German cities. FinTech oriented towards the ECB and large 
banks in Frankfurt, client-facing in Berlin and towards corporate businesses in Munich. This 
positive reinforcement can lead to virtuous cycles, or positive lock-in of regions that accrue 
an ever-increasing proportion of innovative activity. The flip-side of those positive lock-in are 
vicious cycles of decline when regions have over time become too dependent on a particular 
technological trajectory that loses steam (Martin and Sunley, 2006).    

Of course, start-up profiles are also influenced by differences in selection environments. 
There are many different variables in play that determine whether a start-up survive and 
thrive. For instance, the availability of risk (venture) capital varies from place to place and can 
therefore be a key component on start-up viability (Florida and Kenney, 1988; Rubin et al., 
2015). Moreover, many of the externality principles related to agglomeration and network 
economies (see Van Meeteren et al. 2016 for an overview) apply to the selection environment. 
Having a critical mass of potential clients available locally or at least embedded within the 
start-ups business network, can increase the business viability of start-ups. Moreover, when 
a start-up is embedded in the thick labour market associated with both urban mass 
(urbanization economies) and specialized clusters (localization economies), can tap into 
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human capital resources that could be scarce or less sophisticated elsewhere. Furthermore, 
rules, regulations and the "institutional thickness" of trust networks commonly associated 
with specialized clusters (Amin and Thrift, 1994) can enhance the selection environment by 
allowing newcomers to "break-in" into established business networks.  

The mutual reinforcement between stochastic, economic, cultural, and cognitive factors that 
increase the variety in a region are also likely to generate a supportive selection environment 
that might be able ward off the threat of negative lock-in. This reinforcement suggests that 
rich variation and smart selection environments are co-evolutionary. On a macro-level the co-
evolutionary notion simply states that there is a positive feedback loop in a geographically 
articulated complex system (Schamp, 2010), which is a bit of a non-starter. However, on the 
micro level of interacting firms, this can inform all sorts of hypothesis how the trajectories of 
firms and institutions shape one another through time (idem). Although statistically testing 
co-evolutionary hypotheses is beyond the scope of this report, it is a notion that guides the 
research agenda that this report formulates. 

Nevertheless, noting that co-evolutionary mechanisms operate on the micro-level underlines 
the importance of the conceptual vocabulary around agglomerations and clusters. These 
concepts signal important determinants that initiate growth paths and sustain regional 
specializations (Boschma, 2004). Chiming with the biological metaphors endemic to 
evolutionary thinking, the notion of 'entrepreneurial' or 'economic ecosystems' has gained 
popularity to describe the mutual dependence between different types of actors in systems of 
firms and institutions (Stam and Spigel, 2018) in part replacing older vocabulary on 'clusters' 
and 'industrial districts' (Hendrikse et al., 2019). Hendrikse et al. (2018, 2019) argue how 
different combinations of financial centre specialization and high-tech hubs will likely led to 
different kinds of entrepreneurial ecosystems. Hence in different financial centres, different 
kinds of start-ups will likely thrive. This centres the question not just on the type of start-up 
that will catalyse the digital transformation but also where, in which kind of entrepreneurial 
ecosystem, these start-ups are like emerge, survive, and grow.  

2.3 Mapping variety: introducing knowledge space 

One of the most promising developments in evolutionary economic geography in the last 
fifteen years has been a deeper systematic understanding of the notion of 'variety'. Based on 
the general outline sketched above, we know that innovation emerges from 'new 
combinations'. Every innovation is a mix of technology and could even entail remixing existing 
technological and organizational routines. However, the relationship between the kind and 
degree of variety in an economy, and the highest degree of innovation, is non-linear. Will 
innovations emerge when new combinations are relatively close to existing industries, in other 
words when variety is 'related', or rather when new combinations are radical mixes of 
previously unrelated routines and technologies? (Frenken et al., 2007). It is assumed that the 
cognitive distance between firms cannot be too large if meaningful interaction, learning, and 
innovation is to take place (Nooteboom, 2008). Innovation requires absorptive capacity, the 
capacity to learn and integrate new knowledge, which in turn is strongly influenced by what 
an individual or organization already knows and does (Cohen and Levinthal, 1990). Hence, it is 
easier to learn from related industries/routines and technologies than unrelated ones, 



Michiel Van Meeteren, Tzameret H. Rubin, Joseph Watson 

14 

although unrelated variety might make an urban economy more resilient to shocks (Frenken 
et al., 2007). In a meta-study, Content and Frenken (2016) note that related variety indeed 
correlates with economic growth on a macro-level, however they do remark that these effects 
are particularly attenuated in knowledge-intensive industries. This provides macro-level (i.e. 
economy-wide) support that the underlying micro-level hypothesis (regarding inter-firm 
interactions) are worthy of exploration.  

The idea that knowledge and technologies are related is not disputed. A notion of relatedness, 
albeit rigid, is hard-coded into the taxonomy of industries: The standard industry classification 
(SIC) (Fertuck, 1975). SIC-type taxonomies have been commonly used to construct indicators 
of variety (Frenken et al. 2007). Using co-occurrence within industry-technology taxonomies 
derived from patent classifications, Engelsman and Van Raan (1994) pioneered the mapping 
of related technologies in network diagrams. Such diagrams allow visualization of related and 
unrelated variety on a two-dimensional plane. Depending whether data are used on 
relatedness between industry classifications (Neffke et al. 2011), skills applied in industries 
(Neffke and Henning. 2012), or knowledge (Rigby, 2015), the resulting network diagram maps 
have respectively been labelled 'industry space', 'skills space' or 'knowledge space' (Whittle 
and Kogler, 2020, see Figure 2.1 for an example of a visualization, of industry space). SIC and 
patent data use different taxonomies. It is therefore difficult to ‘translate’ industry space, 
skills spaces and knowledge spaces from one to the other (Rubin, 2014) without ground-level 
knowledge and validity checks.  

In our work, we decided to avoid companies’ data based on Standard Industry Classification 
(SIC), or patent data. Both have serious lag issues that are critical in our rapidly changing field 
of study. More so, patent data will not provide us a robust proxy of InsurTech companies’ 
inputs and outputs, for several reasons. First, not all ideas are patentable, and patents do not 
capture other R&D activities that fail to result in patents. Second, patents differ greatly in their 
technical and economic significance (Griliches 1991), therefore simple patent accumulation 
may cause a bias in evaluating their relative contribution to technological progress because 
not all patents will make the same contribution. Third, patent data is  biased towards specific, 
more patentable fields. When studying Fintech and InsurTech (and software applications more 
widely)  there can be bias in the data because companies in these fields are less likely to rely 
on IP approach, but instead rely on a ‘first to market’ approach.   

Nor will we benefit from translating patents to crude SIC fields, because SIC codes have their 
own limitations. When sectors coalesce, the SIC becomes a smokescreen and no longer 
allows early identification of innovative developments. InsurTech products and services are 
based on shared common technologies, big data analytics, and business propositions that can 
potentially disrupt existing business models. In some cases, technology companies would 
categorically define themselves under a broader definition of ‘FinTech’ with the vision that 
their products can be applied in a set of industries. Activities wrongly classified in SIC are the 
building blocks of future leading sectors – without carefully mapping them we will not be able 
to deeply understand them. For example, fraud detection, payments, or wealth management 
might be classified in SIC under the general 'banks' category or under one of the Information 
Technology categories, or even 'Business and domestic software development' SIC 
categories, all of the above are too crude to allow us understand the specific company 
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knowledge space. Another example is trading platforms that might be classified under 
general trades, or under Information Technology. Nevertheless, the known SIC categories do 
not reflect the shared technological change that happen in InsurTech services.  

These lacunae provides a market for private data companies to develop alternative data 
sources that continuously update, are dynamic and less bound to historically-grown 
classifications. The emergence of such real-time large-N firm databases using user-
generated technology classification provides an alternative source to overcome these 
classification issues. 

Mapping the knowledge space around the digital transformation in Insurance, through 
creating a network of knowledge classifications that are provided by start-up enterprises, is 
the key objective of this report. We will generate this network using CrunchBase, such a 
dynamic real-time dataset. The debate on how to operationalize the knowledge space concept 
is depicted in Chapter 3. Knowledge space (Whittle and Kogler, 2020) allows analysis and 
visualisation of related and unrelated variety between knowledge categories. If we want to 
create a knowledge space from our start-up database, we need to transform our data in such 
a way that a category becomes a node in a network, while a tie between these nodes shows 
how proximate these categories to one another. 

Once you generate a mapping of related knowledge or industries (figure 2.1), where relations 
between categories are bound together by their degree of relatedness, you can subsequently 
cross-reference this knowledge with the geography of entrepreneurial ecosystems. Which 
knowledge categories are under- or overrepresented in a particular region and to what extent 
is a regional portfolio made up of related industries? Indeed, analyses of knowledge space 
over time (Hu et al., 2019; Kogler et al., 2017; Whittle, 2019) show that sector convergence and 
divergence, what Hendrikse et al (2019) term 'sector coalescence', is indeed taking place. 
Some technological paths converge and industries become more related over time. The most 
famous historical example of such a convergence might be the convergence of Information 
technology (computers and data analysis) and communication technology (telephony and 
telecommunications) into what we now know as ICTs (Freeman, 1987 cited in Dicken, 2011, p. 
80). The digital transformation fuelling the rise of Fintech (and by extension InsurTech) is 
regarded by some as similarly epochal (Hendrikse et al. 2018).  

As soon as you know how the knowledge space is composed, and you know where the 
knowledge space is evolving towards, it becomes possible to predict which regions might be 
best positioned to thrive from a technological transformation (Neffke et al. 2011). It is 
important to note that knowledge space relates not only to InsurTech companies but to the 
general economic ecosystem, that includes the incumbents and investors as well as 
InsurTech start-ups. Thus, knowing the location and the exact expertise and knowledge space 
of each stakeholder, allows us to point out not only where the strong knowledge spaces are, 
but also if there is a gap in the knowledge space. For example, between investors and the local 
skills. In that respect we assist here in providing a better information of the Insurance eco-
system that will allow all stakeholders to make better decisions.  
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Figure 2.1. The average industry space in Swedish manufacturing, 1969–2002. (from Neffke et al. 
2011, p.246) 

Moreover, if key elements of a technological transformation are missing, policy could 
stimulate development of the missing knowledge fields or forge connections with 
complementary regions (Janssen and Frenken, 2019). Forging such connections, strategic 
coupling, especially between sectors that have a large cognitive distance, is an organizational 
challenge of its own (Hendrikse et al. 2019). Nevertheless, insight about the potential of 
related variety for industrial policy have recently been trickling down towards policy-making 
institutions around the world. Notions of relatedness have become a building block and are 
used as rationale for 'place-based' or 'smart'" contemporary industrial and regional policy 
(Bailey et al., 2019a; 2019b). Fothergill et al (2019) argue that in the case of the UK, the UK 
industrial strategy that also informs this report does have a targeted technological focus, but 
that it is as of yet spatially blind. That is, it disregards how technology might influence place-
based dynamics in a differential way. An investment in artificial intelligence might foster very 
different ecosystem dynamics in different places. This report therefore probes the 
composition of major InsurTech ecosystems around the world (Chapter 5). 
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Chapter 3: Methodology 

Introduction: Constructing and Mapping the Knowledge Space 

Historically, knowledge production has been primarily studied quantitatively using available 
databases, commonly based on patents, bibliometrics, R&D, and general CIS innovation 
surveys. However, as the pace of innovation accelerates, it is increasingly difficult to stay on 
top of the latest developments using these traditional sources. The fast-moving knowledge 
industries, and the growing investment in start-ups in general, fostered private sector 
initiative to develop new types of data collection, mostly by harvesting the web, collating all 
available information about knowledge creation. These data companies take the liberty to 
decide (based on the existing vocabulary and changing knowledge expertise) how new 
knowledge categories are defined. Those categories are indicators of  technological 
knowledge. Technological knowledge measurements can be used to identify regional 
strengths, clusters of knowledge, specializations, co-classification (Van Raan, 1994), 
knowledge flow (Jaffe, et al., 1990), technology convergence (Joo et al, 2010, Kogler et al, 2016) 
and even absorptive capacity (Cohen and Levinthal, 1990).  

Big Data harvesting and aggregator tools and their real time platforms, such as Crunchbase, 
offer an alternative to the 'slowness' of traditional sources. Indeed, as Kitchin (2014a, 2004b) 
argues, these sources amount to an epistemological shift how research can be conducted. 
Like all 'big data' sources, the added real time velocity and size of the data allow a more 
iterative and almost real time understanding of social phenomena. Nevertheless, we ought to 
be wary that the data does not speak for itself. Data will still have geographical and topical 
bias built in. As the data was often not generated for the purpose of the analysis, the analysis 
can be noisy, where unknown biases go unrecognized, especially when validity of the dataset 
is taken at face value (idem, Crampton et al. 2013).  

Therefore, this methodological chapter discusses the operationalization of a real-time Big-
Data driven dataset to analyse industry space in which we are mindful to explore, recognize 
and minimize potential bias. Through an iterative process we develop a data harvesting 
strategy based on the above considerations allowing the systematic sampling of start-ups, 
scale-ups, SME, and large organizations in the AI and InsurTech entrepreneurial eco-system. 
This chapter discusses, the subsequent steps how we got to that point.  

3.1 Data Source 

This research utilizes the Crunchbase Pro2F2F

3 company, investor, and funding data platform to 
construct our database of InsurTech start-ups. As a near real-time database with dynamic 
company information, Crunchbase is constantly updated, providing a view on a moving start-
up landscape with live information on funding rounds, acquisitions, location, and categories. 

 

 

3 See https://www.crunchbase.com/home 

https://www.crunchbase.com/home
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A search in Crunchbase Pro allows pinpointing relevant firms based on insurance and AI 
related categories – for example, searching for companies that both bear categorizations of 
‘InsurTech’ and ‘Artificial Intelligence’. It is worth noting early on that the disadvantage of such 
functionality is that exports from the database are likely to  change from instance to instance. 
It will therefore be close to impossible to replicate the dataset exactly from the source if there 
has been any updates to Crunchbase’s data in the meantime as that data gradually changed. 
Nevertheless, two exports of the dataset are likely to be very similar, albeit not identical.    

Rather than relying on web searching or scraping the web, Crunchbase’s data comes directly 
from their venture partners and their active community of contributors, that is, the start-ups 
and investors who are listed in the database (Crunchbase, 2020). In other words, an active 
community of contributors ensures the data are as up to date and accurate as possible. This 
characteristic poses some possible issues in terms of the accuracy and reliability of the data. 
For example, data may not be updated immediately to Crunchbase when changes to the 
underlying company information are made, the categories the company is listed under may 
be incorrect or incomplete, and/or information on the company/ investor may be missing 
altogether (e.g. location, investors). In the next section, we elaborate several robustness tests 
to assess the impact of this functionality on our InsurTech database and how the results show 
no serious cause for concern. 

 Table 3.1: Crunchbase Variables 

Descriptive Funding related 
variables 

Performance Related Indicators 

Company Name Year Founded Company Tech Stack (powered by 
Siftery*) 

Category / 
Category group 

Size FTE 
(category 
variable) 

Web Traffic, powered by SimilarWeb*, 
monthly visit and monthly visit growth 
(non-unique visits in the last month, 
mobile and desktop). 

Company website Last Funding 
Type 

Patents/trademarks (IP data) 

What do they do? Total Funding 
Amount 

Competitors and some other data 
estimations (such as revenue) 
powered by Owler* 

HQ location IPO Status IT Spend, powered by Aberdeen* (per 
year) 

Field Number of 
funding rounds 

 

 Investors Names  

*   The data are fed into Crunchbase from other platforms, as specified.  
 
For each firm in the database, Crunchbase offers a field for the several variables (Table 3.1). 
There is, however, no guarantee beforehand that the information is in fact available for a 
specific firm. Many cells are empty which limits the amount of robust quantitative analysis 
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that can be done. However, the 'category' field, which is key to the construction of the 
knowledge space, tends to hold information for most companies.  

3.2 Constructing databases from Crunchbase source data  

Utilizing Crunchbase, two databases were developed. Database 1 comprises a suite of 
information on a number of InsurTech start-ups (the “Start-up Database”), for example, on 
location, industry, number of employees, age, and their top-five investors. Database 2 (the 
“Investor Database”) consists of a suite of information on the investors that have invested in 
any one of the start-ups in Database 1, for example, on location, categories, and investor type 
(Venture Capital, Accelerator, Private Equity, etc.). We discuss the construction of these two 
databases in turn.  

3.2.1 The Start-up Database 

The industry categories3F3F

4 are the key variables for our analysis of the knowledge space. Unlike 
the common hierarchical structure of SIC classifications (1-5 digits of sub-categories), where 
each more general level encompasses the lower levels, Crunchbase’s category taxonomy4F4F

5 is 
not strictly hierarchical. A firm can have any combination of categories to describe their 
activities, allowing us to trace combinations of categories for specific types of firms.  

Crunchbase provides a wealth of information about start-ups in any possible sector. It even 
has a category "InsurTech" to denote start-ups that consider themselves to be working in that 
realm. However, not all start-ups relevant to TECHNGI might self-identify as "InsurTech". 
Therefore, we need to select other categories to additionally harvest to generate an 
appropriate sample of start-ups. In order to cast a wider net of start-ups that are in the 
InsurTech field, but which do not necessarily self-identify as InsurTech, we need to know 
which other combinations of category labels can be used to widen our sample.  

Our search for "InsurTech'' on 4th September 2019 yielded 801 different companies which 
were described using 285 different categories. A subsequent search on "Insurance AND 
Fintech NOT InsurTech" yielded about 753 more showing that the InsurTech label is not 
ubiquitous enough amongst relevant start-ups to singularly rely on that category. 
Consequently, we included all searches on Insurance “AND” several data technologies (see 
Table 3.2, column 2 for the list of these data technologies), that were not already included to 
widen the net. This brought the number of start-ups to a total of 2,097 companies. 

 

 

4 Until recently, Crunchbase described their classification as 'Categories' subsumed in 'Category Groups'. These 
were recently renamed into 'industries' and 'industry groups' respectively. For the remainder of this report, we 
will continue to use the Category / Category group designation, as those were there terms used when the data was 
obtained, and the analysis conducted.  
5  https://support.crunchbase.com/hc/en-us/articles/360043146954-What-Industries-are-included-in-
Crunchbase- Provides an overview of the current taxonomy. 

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-


Michiel Van Meeteren, Tzameret H. Rubin, Joseph Watson 

20 

At this point it became necessary to validate the robustness of the 2,097 start-up dataset. How 
certain can we be that this sample of 2,097 firms included all the important players that were 
likely to make a difference in the digital transformation of insurance? In order to test the 
robustness of our dataset, we compared our sample to a Top 100 InsurTech company ranking. 
This ranking by The Post, in association with Tällt (The Post, 2018), provides a consultancy 
assessment about which InsurTech start-ups have the highest potential to influence, change 
or entirely disrupt the global insurance market5F5F

6. The comparison revealed that 47 of the Top 
100 InsurTech companies from the Post list were absent from our dataset. We located these 
absent companies in Crunchbase6F6F

7 and identified the categories by which these companies 
were labelled in Crunchbase. Our filtering selection of (i) InsurTech and (ii) Insurance with 
data technology categories (excluding InsurTech) was not sufficient. It became apparent that 
we needed to broaden column one to include specialized insurance labels. The missing entries 
from the top 100 list had a specialized insurance category instead of a general insurance 
category, and therefore were overlooked in the first round of data mining. As a result, on 13th 
November 2019 we pin-pointed and combined each instance of a category related to insurance 
(Column 1 of Table 3.2) with each instance of a category related to the top data technologies 
(Column 2 of Table 3.2), adding 54 rounds of mining, with each round adding additional 
companies to the database. The trawl resulted in total of 2,810 InsurTech related start-ups–
713 more than in the first iteration of the start-up database. These 2,810 start-ups were 
labelled with 382 categories.   

Table 3.2: Selection categories for the start-up database 

Column 1 Column 2 
Insurance FinTech 
Commercial Insurance Blockchain 
Auto Insurance Big Data 
Health Insurance Information Technology 
Life Insurance Machine Learning 
Property Insurance Software 
 Saas 
 Internet of Things 
 Artificial Intelligence 

The first column captures the obvious Insurance-focused start-ups and includes all of the 
insurance sub-sectors such as automotive and health. The second column uses terms that 
capture the technology focus of the research and are often used in conjunction with AI, e.g. 
machine learning and big data. It also includes more general terms such as FinTech, and 
general technology terms such as AI and blockchain.  

 

 

6 Appendix A contains more detailed information on this robustness test.   
7 Only 1 of the companies from the Post 100 was unavailable in Crunchbase, which we consider an acceptable 
omission.  



The role of Start-ups in the Insurance Knowledge Space 
 

21 

The data was exported from Crunchbase, with all categorical information available for each 
of the start-ups, which later were processed in Excel. For every category a dichotomous 
variable was created that indicated whether the firm was labelled with that particular 
category. Finally, the database was enriched with more accurate geographical information. 
All start-up locations were aggregated in metropolitan areas where an hour travel time 
between location of start-up and metropolitan region was used as a criteria for inclusion. As 
a result, if two start-ups are in roughly the same functional urban area, the data will designate 
them as such.  

3.2.2. The Investor Database 

The Investor Database is derived from the start-up database. Examining the Start-up 
Database, we observe that of the 2,810 start-ups only 688 have information regarding their 
top-five investors. This is indicative of the data limitations inherent in Crunchbase. By 
delimiting this Top-five Investors column into five columns we obtain a list of investors 
invested in each start-up. Pivoting these five columns, we found a total of 1,321 unique 
investors in the start-ups of our Start-up Database. On 3rd December 2019 we imported this 
list of 1,321 investors back into Crunchbase (using Crunchbase’s Import List feature) to attain 
information on said investors and exported all columns of data appropriately. Note that due 
to the limitations of Crunchbase’s Import List feature, only 1,121 of the 1,321 investors 
imported were successfully matched in the system and exported into CSV files. Similarly to 
the start-up database, we aggregated the location of the investor database into metropolitan 
regions.  

3.3 Operationalizing the knowledge space  

To create a knowledge space (see Chapter 2 for theoretical elaboration) from our start-ups 
database , we need to transform our data in such a way that a category becomes a node in a 
network, while a tie between these nodes shows how proximate these categories to one 
another. From a methodological standpoint, this procedure is a projection of a two-mode 
network of companies and categories (firms with interlocking sectoral designations) into a 
one mode network (category to category) (Borgatti and Everett, 1997). The goal is to create a 
one-mode projection, also known as a co-occurrence or "affiliation" network, which reflects 
the frequency of relations between categories. 

3.3.1 The Categories 

Crunchbase has hundreds of categories7F7F

8 from which we analysed those that within our 
Insurtech filter. The final sample passing that filer encompasses 2,810 companies tagged with 

 

 

8 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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382 different categories.  With the start-up and investor databases in place, we can start the 
process of transforming these categorical datasets into a relational dataset.  

To begin, we created an adjacency matrix (see Table 3.3. below for a segment). The contents 
of this matrix will show the co-occurrence of categories. The diagonal of the matrix shows the 
amount of times a category is mentioned in the dataset.  

Table 3.3 Sample adjacency matrix 

ID  1 2 3 4 5 6 7 8 9 

 SECTOR 

Comm 
ercial 
Insurance 

Health 
Care 

Artificial 
Intelligence 

Enterprise 
Software 

Edu 
cation 

Emplo 
yee 
Benefits 

Analyti
cs Apps 

Fin 
Tech 

1 
Commercial 
Insurance 41 3 9 1 0 1 4 0 6 

2 Health Care 3 210 24 4 4 8 2 9 47 

3 
Artificial 
Intelligence 9 24 211 14 4 4 18 2 54 

4 
Enterprise 
Software 1 4 14 68 0 3 4 2 19 

5 Education 0 4 4 0 30 0 0 1 17 

6 
Employee 
Benefits 1 8 4 3 0 29 0 0 4 

7 Analytics 4 2 18 4 0 0 82 0 14 
8 Apps 0 9 2 2 1 0 0 55 19 
9 FinTech 6 47 54 19 17 4 14 19 1000 
 To 
382 ….          

The adjacency matrix was imported into Gephi, a software package for network visualization. 
Here we can depict the adjacency matrix as a network, where the nodes in the network 
represent the categories, and the edges in the network represent the relations between 
categories. This allows us to obtain a first image of the knowledge space (see Network 1 
below, in Figure 3.1)   

The colours in the networks are assigned on the basis of a community detection algorithm. 
Community detection in social network analysis uses stochastic allocation methods based on 
random walks through the network to identify modules of tightly connected nodes. (Blondel 
et al. 2008). Doing this precisely is computationally impossible and logically intractable 
without theoretically defined cut-off-measures (idem). Thus, each time you run a community 
detection algorithm, the resulting clusters will be slightly different. However, the core of 
communities tend to be approximately stable across repetitive iterations and using an 
iterative approach informed by understanding of the world that the dataset represents, 
responsible decisions about the optimal parameter settings can be attained (Poorthuis, 2018).  

In Chapter 4 we will analyse the specific modules found in the community detection procedure 
in detail. Network 1 is composed of 382 nodes representing start-up categories and 11,614 
edges representing the relations between these categories. As (nearly) all have the 
designation 'InsurTech' in common, a egocentric star-shaped pattern for the network as a 
whole is unsurprising. The network has been spaced using the 'Force Atlas spring algorithm. 
The algorithm pushes unconnected nodes while pulling connected nodes together (Jacomy et 
al., 2014). The result is that the visual layout in the graph becomes a representation of relative 
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distance in knowledge space. Yet as InsurTech ties the network together in a star, it doesn’t 
provide much differentiation in the inside of the network. It is for this reason that it was 
decided to omit the artefacts of data mining (see Table 3.2.) prior to further analysis. 
Therefore, in a duplicate of our industry space data, we deliberately omitted the following 6 
central nodes: InsurTech, Insurance, FinTech, Financial Services, Software, and Information 
Technology, which were all part of the data mining operation and therefore showed an inflated 
centrality. Omitting these central nodes allow us to see clearer signals in the background 
noise to identify combinations of knowledge that define the AI transformation.  

Repeating the above process but deleting the following 6 columns from the original matrix: 
InsurTech, Insurance, FinTech, Financial Services, Software, and Information Technology, we 
obtain Network 2 (Figure 3.2.), below. An analysis of this knowledge space will be undertaken 
in Chapter 4 of this report. 

Network 2 is composed of 376 nodes representing start-up categories and 8,624 edges 
between these categories. Because the most common categories have been removed, we 
obtain a more decentralized, intertwined/spread network as opposed to a star-shaped 
pattern. The resulting network is centred around the following main nodes: "Artificial 
Intelligence", "Machine Learning", "Health Care", "Finance", "Saas", 'Internet of Things", and 
"Big Data".  

Figure 3.1. "Network 1" that still includes the "mining categories" 
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To analyse the difference between Network 1 and Network 2, we compare the community 
detection on both as well as a local centrality measure (degree) and a global centrality 
measure (betweenness) (Freeman, 1979). Network 1 was pruned of the six most frequent 
categories that were used to retrieve the data. As these categories were the filters through 
which Crunchbase was mined, hence they are by far the most frequent categories in the raw 
dataset. For instance,  it is important to see that of our total dataset of 2,810 firms, 2,346 had 
the label Insurance whereas the label InsurTech was only brandished by slightly over 1/3 of 
the firms in our sample. This is indicative that the network indeed encompasses much more 
than "InsurTech in the narrow sense and will allow us how typical "AI-driven" categories in 
the InsurTech network are connected to other, perhaps less "tech-savvy" parts of the 
insurance landscape.  

The main difference between Network 1 and Network 2 is that the latter is more defined and 
stable in terms of community detection. Network 1 community detection is less consistent 
(probably because the presence of the central nodes), given that after running multiple 
iterations of Gephi’s (Louvain) community detection algorithm, different formations of 
communities were obtained. In contrast, Network 2 the main communities were consistently 
found, after each iteration the same central nodes appeared in each module produced.  

Figure 3.2 "Network 2: The knowledge space with the main mining categories omitted. 
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Table 3.4 Frequency of the omitted categories from Network 1 to network 2. 

1. Insurance 2346 

2. FinTech 1000 

3. Information Technology 931 

4. Financial Services 924 

5. InsurTech 799 

6. Software 678 

The degree centrality (the number of time a node/category is related to others) does not 
change significantly between both networks, as deleting the six main nodes in Network 1 only 
lowered degree centrality for each category in  6 points. Betweenness centrality (an 
estimation of how often a category is a bridge between other two categories) opposite to 
degree centrality, does change between both networks. This is due to the star shaped Network 
1 influences the paths between different nodes. A high score on betweenness centrality in this 
network suggests that this category links several different fields in the knowledge network 
together. Table 3.5 shows the top 30 in betweenness centrality in network 1, underlining how 
strong that network is influenced by the mined categories.  

Table 3.5. top 30 ranked nodes in terms of their betweenness centrality in network 1  

ID Name Betweennes
s centrality 

ID Name Betweenness 
centrality 

14 Insurance 14736.9 26 Blockchain 691.6 

25 InsurTech 11466.5 7 Analytics 624.8 

9 FinTech 6041.4 30 Banking 599.0 

11 Information Technology 5127.1 188 Mobile Apps 598.4 

150 Software 5104.6 184 Property 
Insurance 

570.6 

21 Financial Services 3098.3 4 Enterprise 
Software 

448.0 

3 Artificial Intelligence 1904.9 17 E-Commerce 432.9 

159 Machine Learning 1804.4 151 Risk 
Management 

374.8 

2 Health Care 1786.8 39 Consulting 321.1 

137 Internet of Things 1267.4 211 Travel 314.8 
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43 Big Data 1139.2 24 Auto Insurance 303.2 

133 SaaS 899.6 8 Apps 302.6 

33 Health Insurance 879.7 40 Automotive 295.1 

162 Internet 842.1 222 Predictive 
Analytics 

289.1 

12 Finance 724.6 172 Mobile 269.8 

With our transformation from Network 1 to Network 2 we observe that although the top of the 
ranking remains the same, what goes up in the betweenness ranking are "generic categories" 
that relate to a particular industry or activity: Construction, Point of Sale, Legal (see Table 
3.9). Previously these were connected in the network through the designation InsurTech, but 
now relate to whole different categories of start-ups. Conversely what goes down in the 
ranking are products sectors: Health Insurance, Property insurance, Auto Insurance (see 
Table 3.6). Omitting the 6 large nodes from the network has decreased their relative centrality. 
Nothing surprising here. InsurTech ties technologies to the insurance industries, while 
generic categories have other conceptual pathways. However, as we want to understand 
disruptive outside influence on the established insurance industry as they are deemed 
important in the transformation of the insurance sector, we choose to continue our detailed 
analysis in the remainder of this report with Network 2.  

Table 3.6 Difference in ranking betweenness centrality between Network 1 and Network 2. 

ID Name New 
Ranking 

Old 
Ranking 

Change New betweenness 
centrality 

3 Artificial Intelligence 1 7 6 5296.4 

2 Health Care 2 9 7 5065.1 

153 Machine Learning 3 8 5 4516.1 

156 Internet 4 14 10 3443.1 

38 Big Data 5 11 6 3403.6 

10 Finance 6 15 9 3379.0 

132 Internet of Things 7 10 3 3284.8 

25 Banking 8 18 10 3159.4 

21 Blockchain 9 16 7 2937.6 

128 SaaS 10 12 2 2745.3 

28 Health Insurance 12 13 1 2177.8 

178 Property Insurance 18 20 2 1385.8 

20 Auto Insurance 25 26 1 917.9 
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ID Name New 
Ranking 

Old 
Ranking 

Change New betweenness 
centrality 

55 Construction 50 89 39 368.8 

265 Point of Sale 52 171 119 367.6 

131 Legal 59 71 12 321.3 

3.4 Calculating Relatedness 

Section 2.4 introduced the theoretical concepts of 'related' and 'unrelated variety' when 
discussing technological transformation. Several operationalizations of the concept have 
been developed that can calculate the degree of relatedness between two nodes in the 
knowledge space (Joo and Kim, 2009). We decided to use the measure proposed by Whittle 
(2019) as our data has a very similar structure. We calculated the relatedness of each category 
to every other category based on Network 2 using the 'classification analysis' developed by 
Leydesdorff (2008, shortcomings discussed in Joo and Kim, 2009, p.439).  

The formula we used to calculate relatedness is as follows (Joo and Kim, 2009, p. 439). 

 

𝑅𝑅𝑖𝑖𝑖𝑖 =
Σ𝑘𝑘D𝑘𝑘𝑖𝑖D𝑘𝑘𝑖𝑖

�Σ𝑘𝑘𝐷𝐷𝑘𝑘𝑖𝑖2  �Σ𝑘𝑘𝐷𝐷𝑘𝑘𝑖𝑖2  
=

C𝑖𝑖𝑖𝑖
�N𝑖𝑖N𝑖𝑖   

 

 

where Cij is the number of co-occurrences between category i and category j, divided by the 
square root of the number of occurrences of category i multiplied by the number of 
occurrences of category j. Relatedness provides us with in indication which categories of 
knowledge tend to go together in a company, and are therefore assumed to rely on the same 
sort of skills and understanding of the world. Notions of centrality, conversely, tell us 
something about what categories are important to our understanding of InsurTech. In the next 
chapter we will use these measures to aid our description and analysis of the InsurTech 
knowledge space. 
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Chapter 4: Analysis of the InsurTech 
Knowledge Space 

Introduction 

The construction of the dataset in Chapter 3 resulted in a network of categories. This 
knowledge space describes which Crunchbase categories tend to link together in the 
knowledge portfolio of individual companies. Understanding this network can inform us about 
which knowledge categories tend to go together, i.e. are related, to form larger technological 
fields. Conversely, we can read what of knowledge and expertise is more remote, i.e. 
unrelated, from one another. Once we understand the features of the network, these findings 
can be translated back to the aggregation level of individual firms as contextual variables. 
Therefore, we discuss the analysis of the network first (in this Chapter 4) before delving into 
the population of firms in Chapter 5. This chapter is comprised of three analyses. First, we 
analyse the network as a whole. How does the InsurTech knowledge space look? what are its 
centres and peripheries? and what are the different modules/communities that comprise the 
network. Section 4.2 analyses the networks' backbone to uncover the main technological 
infrastructure driving the InsurTech transformation. Section 4.3 provides a module-by-
module analysis of the output of the community detection analysis. This gives a picture on the 
different sets of technologies that become 'fingerprints' to InsurTech start-ups. Section 4.4 
delves more deeply in the AI module in particular to understand its proximate linkages with 
other clusters. 

4.1 Understanding the InsurTech knowledge space as a whole 

Figure 4.1 again reproduces Network 2, which is the basis for the knowledge space analysis 
(see Chapter 3). The size of category nodes has been made proportional to the degree 
centrality. The larger the node, the more often firms in the database are described with this 
category. The colour coding shows the modules that emerge from the community detection, 
although if they are all superimposed on top of each other, it does not yet give a clear picture. 
Nevertheless, it is apparent that the different modules have a clear zone in the network, 
whereas others connect various parts of the network. This is another indication of 
relatedness. We will disentangle the modules later in this chapter (see section 4.3).   

 



The role of Start-ups in the Insurance Knowledge Space 
 

29 

 
Figure 4.1. Network 2 with node size showing frequency and colours indicating the modules 
(communities)   

 

Table 4.1 shows the top 40 of most frequent categories in Network 2. It is an interesting mix 
of specific insurance and finance-related categories (e.g. 3, 6, 9, 11,  20, 24, 26, typical FinTech 
buzzwords (4,7, 10, 27) and the kind of concrete functions or business applications that have 
potential to be changed in the digital transformation (17, 22, 28, 31). 
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Table 4.1 Frequency table of categories in the dataset 

Ranking Category Count Ranking Categories Count 

# 1 Consulting 269 # 21 Mobile 69 

# 2 Internet 233 # 22 Enterprise Software 68 

# 3 Banking 216 # 23 Real Estate 68 

# 4 Artificial Intelligence 211 # 24 Property Insurance 62 

# 5 Health Care 210 # 25 CRM 60 

# 6 Finance 190 # 26 Life Insurance 60 

# 7 Blockchain 155 # 27 Cryptocurrency 57 

# 8 SaaS 146 # 28 Legal 57 

# 9 Health Insurance 129 # 29 Apps 55 

# 10 Machine Learning 125 # 30 Mobile Apps 52 

# 11 Auto Insurance 113 # 31 Human Resources 51 

# 12 Payments 110 # 32 B2B 50 

# 13 E-Commerce 104 # 33 Information Services 43 

# 14 Big Data 104 # 34 Commercial Insurance 41 

# 15 Venture Capital 99 # 35 Robotics 37 

# 16 Internet of Things 85 # 36 Predictive Analytics 36 

# 17 Analytics 82 # 37 Marketing 34 

# 18 Automotive 81 # 38 Cyber Security 33 

# 19 Crowdfunding 79 # 39 Mobile Payments 33 

# 20 Risk Management 71 # 40 Medical 32 

4.2 The InsurTech Network backbone  

A way to visualize and analyse the skeleton structure of a network is to analyse its 'backbone', 
that "reduces the original, weighted network into a simpler, binary network that preserves 
only those edges whose weights are sufficiently large to suggest they are significant" (Neal, 
2014, p.85). Questions about what 'sufficiently large' is in bipartite networks like the one we 
are analysing are complicated (idem). However, as visualisation of the core nodes is our prime 
concern in the backbone analysis, we commence with visualising the backbone with simple 
centrality filters. We use a 'local backbone filter', using degree centrality, meaning that only 
nodes with a high total number of linkages are visible in the backbone, and we use a 'global 
backbone filter', based on betweenness centrality values. The global filter allows us to see 
those parts of the network that are key in connecting the most important segments of the 
network.    
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Figure 4.2 the local backbone of Network 2 

Figure 4.2 shows the result of the degree centrality filter (filtered on degree range 161 - 338). 
Only the 9 nodes with the highest degree centrality in Network 2 are depicted. The edges show 
the relatedness value. What is salient here is how 5 out of 9 nodes (the red nodes) in this local 
backbone are related to what we will designate below as the 'AI module'. The three blue nodes 
are part of the module around the Internet of Things, and the purple node designates the field 
of Health Insurance (HealthTech). Thus the local backbone of Network 2 emphasises nodes 
with a clear technology focus. It is the tech categories that firms in the dataset refer to most 
while finance categories are absent.  
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Figure 4.3 Core Global backbone (filter ¼ of betweenness range) 

Figure 4.3 shows a similar strict global backbone filter based on betweenness centrality. Here 
we see that the Finance categories do become part of the backbone, but the relatedness 
values between the finance and the AI categories are very low. This indicates that knowledge 
about AI and knowledge around finance and banking are relatively unrelated.  
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Figure 4.4 Core Global backbone (filter ⅔ of betweenness range) 

Figure 4.4 opens the global backbone filter slightly more to see what other categories come 
into focus. What is interesting is that the field between the AI (Red) and Internet of Things 
(Blue) modules becomes more crowded, but that the finance categories remain in the 
periphery. Figure 4.4 is suggestive that it is Enterprise software and Software as a Service 
(SaaS) that somehow function as bridge in connecting the Financial sector to InsurTech 
related technologies. The suggestion that intermediary software platform players play in 
important role in the strategic coupling of Insurance and Tech is worthy of further in-depth 
investigation.  

4.3 Community Detection results and module by module 
analysis.  

This section analyses each module of Network 2. When running the Modularity function on 
Network 2 in Gephi (at a resolution of 1.0), it produced the following 14 distinct 
modules/communities on its chosen run. Due to the stochastic nature of the algorithm and 
the 'live' capability of Crunchbase’s information base, you will more than likely get a different 
combination and number of modules (See chapter 3 for methodological elaboration). The 
'chosen run' was designated after running the algorithm about twenty times. We choose a run 
that was representative of the 'modal pattern' that was consistently recurring over the runs. 
We named each module after their most prominent categories. Note that modules 
1,2,4,5,8,9,12 and 13 are community-detection noise, just a single category that in this run of 
the algorithm became a category on its own, the modules 0.3.6.7.10 and 11 are the ones that 
provide meaningful modules of related knowledge (see table 4.2 for details). 
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Table 4.2 The significant modules in network 2 

Module Class Leading Categories Number of Nodes 
(Categories) 

Number of Edges 
(Co-occurrences) 

0 Healthcare + Health 
Insurance 

60 634 

3 Blockchain 33 239 

6 AI + Machine Learning + Big 
Data 

94 1,264 

7 Property Insurance + Real 
Estate 

32 214 

10 Finance + Banking 66 618 

11 IoT + Auto Insurance 82 1,034 

This section will describe in detail the six most dense communities, that is: 0, 3, 6, 7, 10, and 
11, respectively. We handwave the remaining communities as upon inspection they provide no 
meaningful insight into knowledge space due to only having 1 or 2 categories. For each module 
we have filtered on degree range to narrow our focus on the most significant nodes by applying 
filters on the module networks. The values in the edges are 'relatedness'. After a basic 
discussion of these six modules, there is a more extensive analysis of the 'AI Module' (Module 
6) due to its central importance to the InsurTech transformation.   

4.3.1. The HealthTech module (0) 

 
Figure 4.5 Module 0, "HealthTech", filtered on degree range 58 – 338 

Figure 4.5 shows how a module comprised of categories we associate with healthcare, and 
hence health insurance is positioned on the lower left side in Network 2. Health insurance 
(HealthTech) is one of the applications having a potential transformative effect on Insurance 
(Pope, 2020). We see some remote connections to 'Human resources', 'life insurance' and 
'travel', likely related to either corporate insurance products or connections between health 
insurance and travel and life insurance.  
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4.3.2. The Blockchain module (3) 

Figure 4.6. Module 3, "Blockchain", filtered on degree range 200 – 338 

Module 3 groups together what may be the most iconic FinTech technology, that of blockchain 
and its use in cryptocurrency. Particularly the payment solutions are close to the finance and 
banking cluster (in green, Module 10). In the periphery of the cluster there are salient nodes 
around the sharing economy, innovation management and Energy which are all fields where 
more experimental applications of blockchain / distributed ledger technology have been 
proposed. 

4.3.3. Introducing the AI module (6) 

 
Figure 4.7 Module 6, "AI", filtered on degree range filtered on degree range 44 – 338 
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The AI module gets its own dedicated section (4.4), and therefore it is reasonable to be brief 
here. What we see is that the module is also very much the core of the backbone of the network 
as a whole. A tight cluster (with relatively high relatedness values) around Artificial 
Intelligence, Machine learning, Big Data and Analytics are the core categories of network 2. 
The position of the AI cluster in the network as a whole, lower centre, is also interesting. It 
seems to be proximate to the Internet of Things, HealthTech, and PropTech clusters, which 
suggests that it could be this cluster that 'connects' a heterogenous variety of knowledge to 
insurance applications.  

 4.3.4. The PropTech module (7) 

 
Figure 4.8 . Module 7, "PropTech", filtered on degree range 89 – 338 

Module 7 shows a dispersed pattern on the lower side of Network 2. There are several 
categories around property and property insurance on the left, and some technology 
categories (Electronics, Virtual Reality, Robotics). Although the module is comprised mostly 
of nodes with a low degree centrality (few larger nodes),  it seems that through property 
insurance, the world of PropTech (Baum, 2017) is also drawn into the InsurTech network.   
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4.3.5. The finance module (10) 

 
Figure 4.8 . Module 10, 'Finance', filtered on degree range 126 - 338 

The dominant module in the upper part of Network 2 is composed of categories associated 
with the financial sector. Note that the omission of categories such as "Insurance and 
"InsurTech", and "Financial Services" is because the mining artefacts makes this network 
appear smaller than it is in reality. A notable feature of this module is the inclusion of some 
typical 'financial entrepreneur' categories: 'Venture Capital', 'Crowdfunding', 'Social Media', 
'Marketing'. This characteristic indicates that these categories already integrated in the 
financial sector and not so much part of processes of sector coalescence or strategic coupling. 
Venture Capital and Social Media already are part of the core knowledge integrated in the 
financial sector.  

4.3.6. The automotive / internet of things module. (11) 

 
Figure 4.9. Module 11, Auto Insurance and Internet of Things 
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The final module that has a salient presence in Network 2 is a cluster that connects 
automotive insurance with a set of Internet-related technologies and includes the category of 
'the Internet of Things'. Car insurance, with its potential for integration with telematics, was 
one of the early market segments of the Insurance industries where the digital transformation 
was predicted to be significant (KPMG, 2019). As it can be seen, in the module, the 
development of mobile apps and the use of internet of things have an important relationship 
with the automobile insurance categories.   

4.4 A deeper dive into the AI Module 

We argued in Chapter 1 that technologies around Artificial Intelligence are commonly 
pinpointed as key in the digital transformation of insurance Therefore, it is imperative to put 
a magnifying glass on that module to see what kind of other categories it contains in its 
periphery and to which other parts of the network the AI module makes significant 
connections to. We present two graphs that visualize this deeper dive. The first (figure 4.10) 
gives a view of the cluster's periphery. What are the less prevalent categories that are 
designated to the AI module? Second (Figure 4.11), we look at all the categories that are 
related to the AI category. To understand the relationship, it is also important to look at table 
4.3  which provides the 40 most related categories to AI. The figures ad table allow us to 
identify bridges between the different modules and gives a better view on the cluster’s 
periphery.  
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Figure 4.10. Module 6, filtered on degree range 24 - 338 

 

Examining the periphery of Module 6 provides a few interesting glimpses on the kind of 
applications through which AI technology is applied in the insurance sector. The central (in 
relation to the network as a whole) but small node in the top-left 'Fraud Detection', indicates 
what is likely one of the more solid but mundane business cases of AI in Insurance. The  
optimization of Insurance fraud detection (Allianz, 2019) is a region in which much cost savings 
can be made but it is unlikely to transform the sector. The top half of Figure 4.10 provides us 
with all kinds of categories that could fit as 'add-ons' to software as a service applications: 
Cloud Computing, Information Services, Customer Service Compliance, but also Legal Tech 
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and Virtual Assistance. Between this upper 'SaaS part' of the network and the lower 'Artificial 
Intelligence' part are some of the applications around commercial insurance and risk 
management. Particularly the centrality and salience of Natural Language Processing, which 
is deemed key to automating claims processing, in this spot in the network is meaningful, but 
perhaps not entirely unexpected (Mashechkin, 2019). The lower part of Figure 4.10 is 
comprised of peripheral categories that logically seem more remote from insurance: Drones, 
Computer Vision, Public Safety, Renewable Energy, Speech Recognition. We could 
hypothesise that these are 'unrelated variety' categories that might have the potential to 
enhance the insurance sector but where the cognitive distance that has to be bridged could 
very well be larger. If that is the case, and concluding that would be subject to qualitative 
verification, we can surmise that these are more business model inventions than adopted 
innovations at this point.  

 

Figure 4.11: Visualization of all categories directly related to AI (N= 168) 

The final analysis examines the categories that are directly related to the 'Artificial 
Intelligence' category. Figure 4.11 depicts them all (168) and has the colour coding of the 
modules. However, Figure 4.11 is best interpreted alongside Table 4.3 and Table 4.4. Table 
4.3 shows the categories that have the highest relatedness scores to the AI category. Not 
surprisingly (Table 4.4), 21 of those 39 are also in the AI Module (6). Again, the connections to 
'Natural Language Processing', 'Image Recognition', 'Computer Vision' are indicative of the 
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kind of automation that AI purportedly will bring. Indeed, it has been argued that this kind of 
automation might make "AI" -and its associated applications and related technologies into a 
general purpose technology that could engender strong shifts in productivity in the wider 
economy (Bresnahan and Trajtenberg, 1995; Trajtenberg, 2018). The other categories in Table 
4.4 that are in the AI cluster and strongly related to the focal "artificial intelligence" category 
do relate to 'SaaS', 'Enterprise Software, 'Software Engineering', 'Data Integration' etc. This 
suggests that it is through the 'software as a service', in other words the 'platformisation' of 
enterprise software solutions (Srnicek, 2017; Langley and Leyshon, 2017; Hendrikse et al. 
2018) AI is connected to the insurance sector. This supports a (very tentative) conclusion 
suggesting that AI-driven innovations might be implemented in the insurance sector through 
intermediary enterprise software service providers.   

This conclusion is further supported when we examine categories in other modules that are 
highly related to the category 'Artificial Intelligence' (summary in table 4.3). HealthTech (0), 
Automotive. Internet of Things, and Blockchain (3) all have 5 to 7 categories that have a high 
relatedness with artificial intelligence. For the HealthTech module, less obvious interesting 
related categories are 'Elder Care', 'Elderly and 'Pharmaceuticals' which apparently have 
well-articulated AI-related business models. For the Automotive module we find relations 
with Autonomous Vehicles, Ride Sharing and Mobile Apps, which might be expected as clear-
cut AI applications in that domain. The relations with Blockchain tend to focus on digital 
currencies, but also on 'GovTech', the 'Sharing Economy' and a 'Developer Platform'. A variety 
of relatively disparate innovations where distributed ledger technology might play a role.  

What is perhaps most interesting about Table 4.3 is that it shows that apart from the 
"Ediscovery" category, which seems quite niche, there is no highly related category in the 
Finance module (10) to the artificial intelligence category. This suggests that there is a 
significant distance in terms of variety between Finance, and hence insurance, and the related 
categories around artificial intelligence. This further strengthens the observation that 
Software as a Service acts as a bridge to implement AI in the insurance sector. Lastly there 
are no related categories to the PropTech cluster. However, as the PropTech cluster is small 
in this analysis due to its limited integration with the insurance sector, we are hesitant to 
qualify that observation as more than noise.  

Table 4.3, Top 39 relatedness values for artificial intelligence: 

Rank Category Weight Relatedness Module 
# 1 Machine Learning 84 0.517 AI (6) 
# 2 Big Data 36 0.243 AI (6) 
# 3 Predictive Analytics 21 0.241 AI (6) 
# 4 Natural Language Processing 13 0.231 AI (6) 

# 5 Auto Insurance 22 0.142 
Automotive 
/IOT (11) 

# 6 SaaS 25 0.142 AI (6) 
# 7 Computer Vision 7 0.139 AI (6) 
# 8 Analytics 18 0.137 AI (6) 
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Rank Category Weight Relatedness Module 
# 9 Blockchain 23 0.127 Blockchain (3) 
# 10 Virtual Assistant 3 0.119 AI (6) 
# 11 Enterprise Software 14 0.117 AI (6) 
# 12 Health Care 24 0.114 HealthTech (0) 

# 13 Internet of Things 14 0.105 
Automotive 
/IOT (11) 

# 14 Data Mining 4 0.104 AI (6) 
# 15 Image Recognition 4 0.104 AI (6) 
# 16 Productivity Tools 4 0.104 AI (6) 
# 17 Software Engineering 4 0.104 AI (6) 
# 18 Health Insurance 17 0.103 HealthTech (0) 
# 19 Sharing Economy 5 0.099 Blockchain (3) 
# 20 Commercial Insurance 9 0.097 AI (6) 
# 21 Data Integration 5 0.095 AI (6) 

# 22 Autonomous Vehicles 4 0.092 
Automotive 
/IOT (11) 

# 23 Cloud Data Services 4 0.092 AI (6) 

# 24 Web Development 5 0.089 
Automotive 
/IOT (11) 

# 25 Business Intelligence 5 0.086 AI (6) 
# 26 Ethereum 2 0.079 Blockchain (3) 
# 27 GovTech 2 0.079 Blockchain (3) 

# 28 Ride Sharing 2 0.079 
Automotive 
/IOT (11) 

# 29 Speech Recognition 2 0.079 AI (6) 

# 30 Automotive 10 0.076 
Automotive 
/IOT (11) 

# 31 Legal Tech 4 0.076 AI (6) 

# 32 Mobile Apps 8 0.076 
Automotive 
/IOT (11) 

# 33 Pharmaceutical 3 0.073 HealthTech (0) 
# 34 Content Discovery 1 0.069 AI (6) 
# 35 Data Visualization 3 0.069 AI (6) 
# 36 Developer Platform 1 0.069 Blockchain (3) 
# 37 Ediscovery 1 0.069 Finance (10) 
# 38 Elder Care 2 0.069 HealthTech (0) 
# 39 Elderly 1 0.069 HealthTech (0) 
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Table 4.4 High relatedness levels with the AI category (summary) 

Cluster 
Number of 
AI relations 

HealthTech (0) 5 
Blockchain (3) 5 
AI (6) 21 
PropTech (7) 0 
Finance (10) 1 
Automotive /IOT 
(11) 

7 

Total 39 

4.5 Discussion  

This chapter has provided a description of the knowledge space as it was derived from the 
Crunchbase dataset. Many of the findings discussed in this chapter, for instance the 
relationships between industries and the clear demarcation in insurance products (property, 
health, automotive) do come across as common-sensical. Although confirming the common 
sense is sometimes an unspectacular result of academic research, in this instance it does 
validate the data-driven methods. The modules and relatedness measures were 
algorithmically determined. The fact that the resulting picture confirms 'hunches' is relevant. 
It gives credence that certain hunches are correct but it also gives confidence that the 
anomalies found (for instance the weak relatedness between artificial intelligence and the 
financial sector) are more than a wobbly algorithm and are worthy of further inquiry. 
Moreover, the relational analysis of categories generated new information on the companies 
that are in our dataset. We can now calculate in which modules start-ups are predominantly 
invested in, and which start-ups might bridge between regions. We can also aggregate that 
information into regional ecosystem profiles that tell us something on the geographical 
specialization of AI start-up ecosystems. This is the subject of Chapter 5. 
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Chapter 5: The Economic Geography of the 
Start-up Database 

Introduction 

Chapter 2 discussed how we use a 2-mode network approach that allows analysing data on 
the level of firms but also use this firm-level data to produce insights on relatedness of 
knowledge categories. The relatedness analysis resulted in the knowledge space discussed 
in Chapter 4. This chapter transposes these findings back to the level of firms. As was 
discussed in Chapter 3 when the data structure was elaborated, firms can have up to ten 
categories designated to them. These categories can all be in one module of the knowledge 
space (such as the AI Module, the Blockchain module or the HealthTech module), or they can 
bridge several modules. Thus, we can create new variables based on the knowledge space 
that tell us whether a start-up is specialized in a particular module or that it bridges several 
modules. As mentioned, the database contains 2,810 start-ups. Although not all of these start-
ups are literally designated "InsurTech" by CrunchBase they are nevertheless considered 
"InsurTech start-ups as their involvement in the industry was established by our data mining 
strategy. Subsequently, we can aggregate this knowledge to the scale of cities, regions, or 
countries. Aggregating allows us to understand the start-up population of entrepreneurial 
ecosystems. The same analysis also allows us to compare different financial centres about 
their degree of InsurTech specialization. This chapter outlines four examinations of the start-
up database. Section 5.2 discusses the geographical spread of the start-up population. Which 
financial and/or technology centres in the world are hotspots for InsurTech activity? Section 
5.3 takes a firm-demographical perspective to analyse the age of the start-ups in selected 
financial centres. Analysing the age structure of the firm population gives an indication of 
maturity within innovation cycles. Section 5.4 combines the geographical and knowledge 
space information to assign a particular specialization profiles to financial centres. Section 
5.5 will demonstrate how a similar analysis is also possible on the level of the firm, and how 
the knowledge space approach is able to identify key firms on the intersection of technological 
specializations.   

5.1 InsurTech Regions  

When we examine the location data in the start-ups database, we find that that the start-ups 
are spread across 411 metropolitan areas, 163 of which are in Europe, in a total of 84 
countries. The USA leads with 1,041 start-ups with the UK trailing second with 243. Figure 5.1 
weighs these raw numbers through normalizing them with GDP. Note that we excluded Asian 
and South American countries from the comparison due to suspected bias in the dataset. 
Figure 5.1 shows that normalized for GDP, Israel is by far the most active player in the 
InsurTech field, with the UK following rapidly. Switzerland, the US, Canada and South Africa 
are not far behind. Note the somewhat lower values for core EU member states such as 
France or Germany, although we surmise that if you would aggregate the various EU 
countries, it would amount to one of the more important InsurTech territories in the world.  
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Figure 5.1 Number of start-ups by country normalized by GDP. 

Figure 5.2 examines the picture at the metropolitan scale. Greater London, with 161 start-ups 
in the database, comes out as the world centre for InsurTech start-ups in terms of critical 
mass. Interestingly it is followed by several US metropolitan areas. The San Francisco Bay 
area (151) and New York City (132) also have a large community, especially once you realize 
that for New York, close-by Newark, New Jersey is in the ranking as well. It is remarkable 
that several other US metro areas make the ranking too: Los Angeles, Chicago, Boston, 
Atlanta, Miami, Philadelphia, and Seattle. It seems that the US is not only an InsurTech 
powerhouse, but it is not limited to a single dominant financial centre, the pattern is 
profoundly polycentric. That picture is different for Europe in Figure 5.2. Apart from London, 
which towers above everything although its 'European status' is ambiguous at best at this 
point, only Berlin and Paris make the ranking in Figure 5.2. However, as that the EU does 
collectively reach a point of critical mass, we outline the distribution of InsurTech companies 
in EU cities (here the UK is still included in the analysis) in Figure 5.3.  Of the European cities, 
London holds a 25% share of the total number of start-ups, followed by Paris (8%), Berlin 
(4%), Madrid (3%), Munich (3%), and Amsterdam (3%), with the remaining 157 divided over the 
remaining localities across Europe. Thus, the European picture is, apart from the centre in 
London, much more diffuse, and it sure raises questions which financial centres might reach 
a viable cluster or a viable degree of specialization to become a worldwide player. We conclude 
that the EU ecosystems outside London seem to be somewhat thin compared to the secondary 
and tertiary centres in the US. There is a caveat that needs to be taken into account in this 
analysis. One data-related problem that we expect to solve with further research is the origin 
of companies. For example Insurance unicorn Lemonade started in Israel but is registered in 
New York wile a lion’s share of its R&D is in Israel. One can find Lemonade reported as an 
Israeli company on startupnationcentral.org. However in our database (CrunchBase) it is 
reported in New York.  
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Figure 5.2 Number of start-ups by metropolitan area 

 

Figure 5.3 percentage of EU + UK start-ups per metropolitan Area. 

5.2 Firm Demographical Observations 

Chapter 3 introduced the economic/entrepreneurial ecosystem as a metaphorical approach 
to understand a population of firms in an evolutionary economic geography perspective. This 
section adds another body of work, that of demography, to that metaphor. Many concepts from 
demography carry over into spatial economics in a meaningful way. We can regard a set of 
firms a population that has properties on an aggregate level (Van Wissen, 2002). For instance, 
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firms get born (founded), die (go bankrupt), are dependent children (when raised by a venture 
capitalist), marry (merge) or get children (spin-offs and spin-outs). Although it is out of scope 
to do a full demographic analysis of our firm population, we are particularly interested in the 
age composition of firms. Industry life cycle theory (Klepper, 1997; Balland et al. 2013) argues 
that the disruptive potential of start-ups is much more salient in the early stages of new 
technologies. In those early stages there is a key role for new firms that emerge and 
experiment with new business models and technologies. Once a technology matures, a 
shakeout occurs and a few larger players that by now have matured dominate. These larger 
firms often have established business and profit models. However, more mature ecosystems 
might also already be locked-in into a particular trajectory and hence find it difficult to adapt 
to new technological inventions. The stage of the industry life cycle can also differ from place 
to place, that is from ecosystem to ecosystem. Some financial centres might have thriving 
young populations of start-ups, experimenting with all sorts of different business models and 
technologies, whereas others might have settled on a certain trajectory. In order to present 
city profiles and maturity, we visualised firm demography in a population pyramid. A 
population pyramid allows comparison of two populations (in demography is male and female) 
along their distribution in firm age. Applied to start-ups by city, we can see how long there has 
been a vibrant start-up ecosystem and whether this ecosystem might have already peaked in 
number of entrants (i.e., is in a more mature stage of the industry life cycle). Figures 5.4, 5.5, 
5.6 and 5.7 show population pyramids depicting the age distribution of start-ups in London 
versus several other significant cities (respectively San Francisco, Amsterdam, Berlin, New 
York, and Tel Aviv). Reading the graph, one needs to look out for a shape that not only 
demonstrates strong and healthy start-up creation in the field over the years, but also strong 
survival rate i.e., finding companies in our data that still exist after 10-15 years. We can see in 
each of the graphs that London has more start-ups within the age range 3 - 5 than any other 
the other cities, meaning that over the last 3-5 years there was a rapid growth in the InsurTech 
industry that dropped on the last 1-2 years.  

Figure 5.4 compares London to San Francisco, the second-most important InsurTech centre. 
According to Figure 5.2, as expected, San Francisco and more broadly Silicon Valley is the 
quintessential start-up ecosystem and has had a thriving succession of start-ups for 
generations (Saxenian, 1996). Although they have less start-ups older than ten years in San 
Francisco (which is the age when the designation start-up has long since become 
inappropriate), they do have a more evenly spread population of start-ups. London however, 
has a high proportion of start-ups aged 3 and 4 years, yet relatively very little below that. 
Figure 5.4 thus indicates that it could very well be that the early phase of the InsurTech 
lifecycle in London is almost behind us and that there might be an increasing consolidation. 
By contrast, in Silicon Valley the emergence of new InsurTech start-ups seems to continue. 

Figure 5.5 compares London to Amsterdam. Not only does this show Amsterdam's much 
smaller amount of InsurTech start-ups in volume, it is also very salient that the graph is 
dominated by firms in the 5-7 years age bracket. This suggests not only that the ecosystem is 
small, but it is also not really vibrant. We do have to remember that these are "indicative 
results" with a dataset that has omissions. Therefore, a hard claim regarding a particular 
ecosystem should be subject to further confirmation.  
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Figure 5.4 Population pyramid comparing the InsurTech start-up population in London and San Francisco 

Figure 5.5 Population pyramid comparing the InsurTech start-up population in London and Amsterdam 

Figure 5.6 again shows a different InsurTech ecosystem in relation to London, that of Berlin, 
which at least in FinTech more widely has been regarded an upcoming player (Schamp, 2018). 
Here we see that the population is indeed younger than in Amsterdam and even has in a 
relative sense (but not absolute) more two-year old start-ups than in London. 
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Figure 5.6 Population pyramid comparing the InsurTech start-up population in London and Berlin 

Figure 5.7 compares London to New York. What is most remarkable about this pyramid is how 
similar the New York population is to the San Francisco one. Whereas in London the InsurTech 
start-up really started booming around five years ago, and tapered off two years ago, the US 
cities seem to show much more of a stable pattern. Thus, this might not be a Silicon Valley 
specific characteristic, but in fact a US-specific characteristic. A wider explanation could be 
related to the start-ups in New York and their ability to transform specific knowledge sets 
from one industry to InsurTech. By identifying global trends and market demand pull 
(incumbent and VCs) start-ups are able to transfer their key sets of knowledge to the 
insurance industry, and therefore we witness a thicker graph, with a strong industry over 
more years compared to other regions.  

Lastly, we look in figure 5.8 at the case of Tel Aviv which makes a remarkable appearance on 
Figures 5.1 and 5.2. Here we see that the Israeli ecosystem is much younger than the others, 
but more importantly it has maintained its vibrancy in the latest years whereas European 
(including) London seems to have stalled somewhat in terms of new entrants. This finding 
resonates with other observations that Israel has a particularly well-developed 
entrepreneurial ecosystem. An anecdotal story is the last companies cohort of Lloyds Lab 
London programme, where 3 out of 6 foreign start-ups (outside the UK) are from Israel, all 
had products for other industries and in the last few years modified their products for the 
InsurTech industry  (forthcoming in King et al., 2020).  

We conclude this demographic analysis by stating that it tentatively confirms the notion, 
distilled from theory, that places will differ in their place in the industry life cycle and that 
some financial centres have a more vibrant and enduring start-up scene than others. It is 
particularly in Europe where we find a quick maturation compared to the US. By contrast, in 
Tel Aviv we find signs of an ecosystem that is still very much in development, where new 
players keep on emerging. Again, this data must be regarded a first cut of finding avenues for 
further exploration in the future. Nevertheless, the variety in observed entrepreneurial 
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ecosystems does give credence to the idea that although places may look very similar in 
absolute start-up numbers, the age structure paints a slightly more differentiated picture. 

 
Figure 5.7 Population pyramid comparing the InsurTech start-up population in London and New York 

 

Figure 5.8 Population pyramid comparing the InsurTech start-up population in London and Tel Aviv 



The role of Start-ups in the Insurance Knowledge Space 
 

51 

 

5.3 Regional InsurTech Specialization 

The industry space analysis in Chapter 4 describes six particularly salient modules of 
knowledge categories. These categories are: 1) Healthcare and Health Insurance 
(HealthTech); 2) Blockchain; 3) AI, Machine Learning and Big Data; 4) Property Insurance and 
Real Estate (PropTech) 5) Finance and Banking (FinTech); 6) Internet of Things and Auto 
Insurance. For each company we now know how many category labels they have in each of 
these six modules. Subsequently, we can sum up how many categories have been designated 
by firms in a particular metropolitan region. Table 5.1 displays this aggregated number for 
the six metropolitan areas (San Francisco, London, New York City, Los Angeles, Chicago and 
Tel Aviv) that we focus on in this section. Note that companies can assign anything between 1 
to 10 categories to their venture, and this explains why the ranking in Table 6.1 differs from 
the rankings discussed in Section 5.1 and 5.2. Table 5.1 already shows, not unexpectedly, that 
the classical and upcoming Tech Centres, Silicon Valley and Tel Aviv respectively show a high 
degree of categories in the AI module while London and New York, the quintessential Financial 
Centres, that have a higher sum of categories in Banking. However, to really appreciate the 
geographical profiles we first need to correct for size effects.  

Table 5.1 Aggregated categories per city 

 Module  

City HealthTech Blockchai
n 

AI PropTech Finance Internet of Things Total 

San 
Francisc
o 

61 22 151 18 69 86 407 

Los 
Angeles 47 20 21 8 30 47 

173 

New York 
City 

32 13 101 25 93 64 328 

London 22 23 108 17 91 74 335 

Chicago 20 8 24 8 21 20 101 

Tel Aviv 16 3 44 2 9 23 97 

We first standardize the aggregated number for categories for the six metropolitan areas by 
creating a Z-score transformation. To normalize this data, we use the following formula on 
each cell: 
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𝑍𝑍𝑖𝑖 =
𝑥𝑥𝑖𝑖 −min (𝑥𝑥)

max(𝑥𝑥) − min (𝑥𝑥)
  

Where xi is the value being normalized, min(x) is the smallest value in the column of the value 
xi  (usually 0), and max(x) is the largest value in the column of the value xi The result is one 
where we can see which city has the highest proportion of certain centres of expertise in 
absolute terms. Table 5.2 and Figure 5.9 depict the results. Figure 5.9 is a ‘radar’ graph (or 
star graph, Chambers et al, 1983, pp. 159-162). Star graphs allow comparing cases on 
different variables simultaneously, for instance grouping the category profile in specific cities; 
or inversely, to note in which cities particular modules are well-represented. The table and 
graph show that San Francisco is then the most important financial centre for Internet of 
Things and AI applications, New York for PropTech and Fintech. London is, interestingly, only 
the first when it comes to start-ups engaged in blockchain technology.  

Table 5.2 Standardized scores for centres of excellence 

City HealthTech Blockchain AI PropTech Finance  Internet of Things  

San Francisco 1.00 0.96 1.00 0.72 0.74 1.00 

Los Angeles 0.77 0.87 0.14 0.32 0.32 0.55 

New York City 0.52 0.57 0.67 1.00 1.00 0.74 

London 0.36 1.00 0.72 0.68 0.98 0.86 

Chicago 0.33 0.35 0.16 0.32 0.23 0.23 

Tel Aviv 0.26 0.13 0.29 0.08 0.10 0.27 

 

 

 

 

 



The role of Start-ups in the Insurance Knowledge Space 
 

53 

 

Figure 5.9 A star graph of normalized category scores per metropolitan region 

Figure 5.9 already reveals the regional specialization of the metropolitan areas, but it is 
muddled by a size effect. We see for instance Tel Aviv's specialization into an AI centre, but 
the visualization emphasises its modest size vis-à-vis the largest financial centres.  

In order to remove the size effect and provide specialisation of each city i.e., the proportion of 
each of the knowledge modules per city, we counted per city, per knowledge module how 
many times the companies in that city are reported to have the specific knowledge set (for 
example IoT). subsequently, we divided that number by the total number of any knowledge set 
in that city, so we ended up with the proportion or specialization within each city. The results 
are presented in Figure 5.10.  

Figure 5.10 starts to paint a picture of which cities are specialized in which niches of the 
InsurTech landscape. Looking at the graph from the cities’ intensity perspective, we can see 
that US cities that are not the traditional primary financial centres all of a sudden pop up as 
being the centres of Health insurance: Los Angeles, Austin, Philadelphia, Dallas. We suggest 
that the importance of a large private health insurance industry in the US can explain the 
dominance of those kind of start-ups on that continent. Berlin, Sao Paulo, and to a lesser 
degree Miami and Atlanta stand out as centres of car insurance. Like with health insurance it 
is interesting to observe that the dominant cities specialized in a specific family of insurance 
are outside the upper tier of financial centres, showing the potential of specialization. 
Meanwhile, specialized cities in FinTech are Munich, Seattle and Philadelphia. This is a 
surprising result until you realize that the major financial centres simply have a much more 
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varied profile: New York, London, Chicago, Paris have a bit of everything, a certain unrelated 
variety, because of their sheer mass as a general financial centre. Lastly, it is interesting to 
take a slightly deeper plunge in the AI cluster, which also has specialized centres of expertise 
outside the main financial centres.  

 

Figure 5.10 Star Graph indicating specializations in particular financial centres 

Examining Figure 5.10, the star edges are the 23 cities that were most prominent in the 
dataset. The most evident module, the AI Cluster (Module 6), is described by the red line in 
Figure 5.10. The values in Figure 5.10 describe the proportion of that class located in a city. 
For example, about 45% of the total number of InsurTech companies in Tel-Aviv, and nearly 
40% of the total number of companies in Toronto are labelled with a category that is in the AI 
module. Other strong AI clusters exist in Dallas, Paris, Sydney and San-Francisco where 35%-
40% of their InsurTech related companies have AI expertise. If one examines the economic 
profile of these specific cities in more detail, plausible explanations tend to come easily. 
Boston, with its higher education and science profile, the dominance of more science-related 
start-ups makes sense. Greater Tel-Aviv has several strong universities in proximity, with 
strong clusters in AI, MedTech, Cyber, and FinTech, with AI, in particular, almost doubling 
between 2015 to 2018. (Innovation Israel, 2018). The knowledge of those fields has a long 
history of investment from both Government Expenditure on R&D (GERD) in particular Military 
expenditure, and Business Expenditure on R&D (BERD) the largest in the world per capita 
(OECD, 2008).  

In Section 4.4, we formulated the hypothesis that the AI cluster might evolve into a General 
Purpose Technology (GPT) that has a wide application across different industries. If this is 
indeed the case, the AI cluster would act as an infrastructure knowledge for all other clusters. 
All cities have some AI cluster in their firm portfolio, but it is cities such as Los Angeles, Sao 
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Paula, Miami, and Amsterdam that have relatively little of it. If the AI as GPT thesis indeed 
comes to pass, it is these regions that have some catching up to do if they want to remain on 
the forefront of innovation.   

5.4 A first Examination of AI Specialized Companies 

In this final section we want to very briefly indicate how the enriched information obtained 
through the knowledge space analysis can also be used to classify individual companies. This 
is not the occasion to produce detailed case studies of those companies, which is subject for 
further rounds of research.  

Table 5.3 The top start-ups in terms of categories in the AI module 

Start-up City Country Number of 
categories 
in AI 
module 

Employees Business model 

Urban 
 

Bristol United 
 

16 1-10 Spatial data analysis 

CogniCor San 
Francisco 

United States 8 51-100 Knowledge graph 
builder 

OroraTec
h 

Munich Germany 7 11-50 Real time spatial 
information 

Skopeno
 

New York 
Cit  

United States 7 11-50 Fraud detection  

Leverton New York 
City 

United States 7 101-250 Data extraction form 
corporate documents 

JRNY Wellingto
 

New Zealand 7 1-10 Customer data analysis 

Vidrona Oxford United 
 

7 1-10 Energy prediction 
Codaficat

 
Brisbane Australia 7 11-50 Data analysis 

AiRelo Berlin Germany 7 1-10 City registration 
assistant 

dreyev Purdys United States 7 1-10 Automated co-driver 

 

Table 5.3 shows us the kind of companies that feature in the AI module. All of them are data 
analysis companies producing knowledge graphs, automated form interpretation, or even 

some niche consumer facing apps which are often offered through third-party platforms. 
Apart from the firm scope, none of these seems to be directly rooted in the insurance sector, 
although all of them have products that can be made useful to the insurance industry in one 

way or another. It would be interesting in further research to see how embedded these 
companies are in the insurance sector and how they experienced processes of strategic 

coupling. 
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5.5 Discussion 

More than anything, this chapter has been a first broad exploration of the kind of intelligence 
on the regional or firm level that can be obtained using knowledge space analysis. Whether 
we look at regional demography, regional specialization or even on the firm-level findings, we 
observe that the findings are meaningful. That is, we are identifying the kinds of centres of 
expertise and the kind of specialized start-ups that we were expecting based on the theoretical 
framework laid out in Chapter 2. On the other hand, it is also clear that this analysis does not 
provide definite answers to theoretical questions about innovations, related and unrelated 
variety and the exact predication of the companies that will be the changemakers in the AI 
transition. Rather, it provides a roadmap of where to look for these actors in a more effective 
way.  
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Chapter 6: InsurTech Investment Pattern 
Analysis 

Introduction 

Start-up companies rely heavily on the investment community for their R&D in the early 
stages when start-ups have yet to become profitable. Thus, understanding how the investment 
community relates to the knowledge space is as important as understanding the start-ups’ 
knowledge space itself. Which types of start-ups are being invested in by which types of 
investors? Mapping the discrepancies between the most dynamic parts of the knowledge 
space and the categories that draw investment can assist policy makers to build strategies to 
bridge that gap. Chapter 3 outlined how we built an investor-database and network, alongside 
our start-up-database (Network 3).  Chapter 6 analyses this dataset. We mostly relate in our 
analysis to Private Equity (PE) i.e., capital investment made into companies that are not 
publicly traded.   

6.1 Background: The dynamics of Start-up capital 

Our investor database classification (PE, Private Equity) is shown in table 6.1. Investor types 
can be grouped into several categories. First, there is the distinction between investors that 
tend to fund at very early stages (for example seed investment) and investors that are more 
likely to invest in a later stage (Series A, B, C). Although most investors will follow this 
common division of labour, investors can change their behaviour over time (if the field is 
changing they might divert into later stages of funding), or change the type of firm they invest 
in, exploiting unique investment opportunities for specific company. To summarize: funding is 
a dynamic trajectory which large scale studies ought to take into account.    

For example, for university spin outs we would expect to find more links to accelerators or 
entrepreneurship programmes and government funding, while other start-ups might start out 
with family investment but will move quite fast to venture capital (VC) of different kinds. Some 
will later join an incubator/ Accelerator to leverage on potential network but will end up with 
an accelerator investment or corporate Venture Capital (VC), such as incumbent VC financing. 
Start-ups will look for PE not only for monetary purposes, but also for adding value by 
providing better corporate governance and advice, to improve their operational efficiency 
(Harris et al., 2005; Palepu, 1990). In our work we looked at top 5 investors of all the InsurTech 
companies in our sample and counted the type of investor invested in our start-ups (Table 
6.1). There are some limitations in the present analysis. For this work package we did not 
examine the investments by volume (and create an Herfindahl index for each, for example), 
and we did not rank the investors by the company’s stage of funding (seed, Series A, B, etc.) 
We suggest further research to address this further classification. Mapping the stage of 
companies’ investment is important for policy makers to find potential gaps in different stages 
of investment, and provide complementary funding programmes to stimulate PE in that 
industry.  
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Table 6.1 Investors’ types, by order of number of times they were involved as the top 5 investors in the 
InsurTech start-ups in our sample. 

Rank Investor Type  Count 

# 1 Venture Capital (CV)  610 

# 2 Accelerator  117 

# 3 Private Equity Firm  111 

# 4 Micro VC  72 

# 5 Corporate Venture Capital  45 

# 6 Angel Group  39 

# 7 Investment Bank  28 

# 8 Incubator  27 

# 9 Government Office  23 

# 10 Family Investment Office  11 

# 11 Venture Debt  11 

# 12 Fund of Funds  9 

# 13 Entrepreneurship Program  8 

# 14 Hedge Fund  5 

# 15 Secondary Purchaser  4 

# 16 University Program  4 

# 17 Co-Working Space  2 

# 18 Start-up Competition  1 

# 19 Syndicate  1 

 Total   1,128 

 

As we can infer from our table 6.1, the key investment source in our  start-up database is VC. 
The involvement of a VC or an accelerator for start-up development is important because they 
not only provide the financial backing but also networks, market knowledge, managerial skills 
that can help those start-ups to survive and grow. Regarding VC, it is interesting to spot the 
leading companies in the field of their investment expertise. Different VC companies may have 
different strategies for investment in a range of stages from Seed stage to Series A, B, C, etc. 
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The later the stage. the lower the risk. However the share price will be higher, therefore more 
money will be required for the investment. (Hellmann, Manju Puri, 2000).  

Data shows that there is a growing volume of VC investment in the last few years. However, 
the investment leans towards later stages such as the Initial Revenue and Revenue Growth 
stages, rather than Seed and early R&D stages. (Israeli Innovation Authority, 2019). Global 
InsurTech shows similar trends, according to CBInsights, InsurTech start-ups funding rose 
from $1.870 Billion in 2016 to $7.346 Billion in 2019, nearly fourfold, (CBinsights , 2020). 
However, the story to be told is not only about the total funding but rather in which growth 
stage VC are willing to take the risk and invest in start-ups. For example, Anthemis Group, a 
leading global venture firm that cultivates change in the financial services industry, 
announced on 27th February, 2020 that they are creating a syndicate of several insurers ‘think 
alike insurers’ to use venture investing to access the innovation eco-system. They pledged 
$90 million to target InsurTech and non InsurTech companies that are related to insurance.  

However, so far, they are investing less in non-traditional stages they were funding previously, 
such as pre-seed, seed series A, but rather target later growth stages: Series B and C, where 
companies have already demonstrated having an impact (revenue, customer install base, 
etc.). (Anthemis Group, 2020). As we have also observed in Chapter 5, these are clear signs 
that FinTech and InsurTech is moving into the more mature stages of the Industry-life cycle, 
where there is less focus on the increase of variation in types of start-up. Instead, we observe 
a consolidation around a few growing players with a limited number of successful business 
models.   

Venture Capital providers become more specialized in specific fields as they rely on their 
detailed sector and market-specific knowledge to obtain competitive advantage for their 
investment. It is that deep knowledge that allows them to take risks more that generic 
investors would not dare (Cressy et al., 2007). Moreover, VCs tend to invest in start-ups that 
either have a large market, or would be able to demonstrate quite fast, that they can achieve 
a significant milestone (Rubin et al., 2015). A significant milestone could be a large customers’ 
install base, growth in revenue, securing IP, etc. Funding of Accelerators and Incubators 
would normally come from VC, or a combination of Government funding with VC. We did not 
address in our analysis a different type of engagement but rather specifically funding of 
InsurTech start-ups. 

VC exists in public and private forms or as public-private collaborations. Public venture capital 
differs from private venture capital as it aims to invest in fields with much higher risk with low 
expectation for future returns. A public body would nevertheless engage in that risk for 
strategic reasons. Such strategic public investments have previously helped bring about the 
building blocks of core technologies. Examples are the Google algorithm (National Science 
Foundation Grant (Battless, 2005) or the molecular antibodies that led to biotech which were 
discovered through the UK Medical Research Council before VC moved into the sector 
(Mazzucatto, 2013). Likewise, the ground-breaking Wireless - Local Area Network (LAN) ‘test 
bed’ (the precursor to modern Wi-Fi) is an Australian Government research body invention - 
CSIRO. 
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It usually takes tens of years until industries and technologies to mature before the private 
sector is either able to commercialise a technology, identify applications for technologies or 
will be willing to share the risk with further R&D investment. Referring back to the distinction 
between invention and innovation from Chapter 2, public investment has historically needed 
to structurally back inventions that were considered to have potential to fulfil social needs, 
before the private sector made them in 'innovations' in the economic sense. In these cases, 
Governments act as lead investors to make the private sector to act and spread knowledge, 
rather than ‘facilitating’ a private-sector led knowledge economy.  

However, in this case of data driven technologies, particularly the growing technologies 
around the Insurance industry, we believe that the government role is more suited as a 
facilitator and enabler of the set of knowledge sets that already have been introduced in many 
industries. If anything, the public groundwork to this industry was already laid with decades 
of fundamental 'blue skies' funding around artificial intelligence since the 1950s. What we 
witness now is more a recombination of existing building blocks between improved algorithm 
principles, fast computing, and data science and storage. In this situation a government role 
shifts to where it can aid in supporting to bridge cognitive distance and aid in the 
recombination: by bringing key players together to expand the possible production possibility 
frontier in this industry.  

In line with these observations, this study needs to be mindful of such trends and not only map 
where in the knowledge space investments are being made, but also in which stages of 
investment. The latter is critical for a sustainable entrepreneurial eco-system in the long run. 
Specifically, for investors of InsurTech start-ups, the role of insurance incumbents is 
important. These incumbents may be interested in specific technology for a solution they do 
not yet offer or for improving their current solution. Incumbent investment in a start-ups 
means that the incumbent would buy-in a technology rather innovate in-house or combine in-
house R&D with externally developed solutions. 

Traditionally, insurance companies are not classified as R&D intensive companies. 
Resultantly, the rise of InsurTech companies ‘forced’ this industry to innovate by increasing 
their R&D budgets for internal and external R&D projects. Evidence shows that in the last five 
years insurance companies have increased their engagement with InsurTech start-ups. 
According to Willis Tower Watson's Quarterly InsurTech Briefing, in 2019 there was a global 
record-breaking $1.99 billion of investment. (Willis Tower Watson, 2020). In some cases they 
have done so through piloting their technologies. In some other cases incumbents did so 
through investment in those start-ups.  Engagement with InsurTech start-ups by incumbents 
is partly driven by adopting or mimicking new applications invented by start-ups that 
continuously disrupt the market.  

6.2 Patterns of InsurTech financing 

Figure 6.1 shows the frequency of each type of investor investing  that invests in our InsurTech 
company sample. The total number of investments documented here is 1,128. The top 5 
investor types comprise 85% of all investors. The leading type is VCs (with 54% of all 
investments), but if we add Micro VC and Corporate Venture Capital to VC type, (all of which 

https://www.globenewswire.com/Tracker?data=j7Rsa08z8HcVwf7TKQJaK5sB9QFUO1Q1NUG4sh_XmaTCOyQBMW9wwBcFB45yy3A40I4M4ASylOaAnEPPLMFL9MTVa-ifY4rWc6ZqBg8hN7uvNHu6owAw-C-k21th4RDOwvkmMGPA0pJMPReFCA7ib9GOh6xn5SVrbvZ1vFj9QgxBcPAKKM1zXtjefvzeDbC0
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are in the top 5 investors), we can conclude that VC in general, are involved in a total of 64% 
for all types investments. The second-largest investors group is Accelerators. We will argue 
below in the network mapping how important they are through acting as a hub for funding. 
There are a few additional points to highlight from this simple typology of investors. First, VCs 
are leading in investment numbers (mind this is not in volume). Therefore, new companies 
are more likely to be founded by at least one VC. We need to add a caveat here that relates to 
our data. Although the database captures early stage companies from the moment they were 
founded and above, it is likely that many start-ups become active– particularly around their 
R&D and their funding acquisition–prior to them to become visible in the dataset. Those very 
early stage companies are typically funded by private/ family equity or angels that we are 
unable to cover because they are not included in the database. However once a company 
becomes publicly visible (through a public relations page, a website, social media page, etc) 
and a VC, or an accelerator is involved, the company has already survived a first round of 
scrutiny. This means that those companies are more likely to survive, and more likely to 
influence the industry ecosystem.  

 

Figure 6.1 Investor types in Investor database. 

Although this analysis does not capture the range of different types of engagement between 
incumbent and InsurTech start-ups, we use the set of investors’ types and map their 
investment in specific knowledge categories of InsurTech start-ups. 

With respect to our methodology, Chapter 4 analysed the InsurTech start-ups and their 
knowledge space, specifically a set of knowledge categories. That resulted in identifying six 
clusters (‘modules’),  of different knowledge specializations. We are interested whether there 
are specific types of investors interested in specific modules. In order to identify the categories 
of knowledge for each investor, i.e., their specialization, we identified the organizations that 
invested in our sample’s InsurTech companies, then attribute those categories for the 
investors and ran the network analysis on those categories. Additionally, we found the leading 
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investors, imported the list to our DB and exported again the ‘categories of their invested 
companies, this set created our network model (see chapter 3.3 for methodology). 
Subsequently, we examined investors' specializations with respect to knowledge space. In this 
part of this report our analysis focuses on two elements: 

1. Investors' connectivity with start-ups, do they cluster together geographically or in the 
same area of the knowledge space? 

2. Investors' knowledge network. Do investors themselves inhabit a particular 
knowledge space? (categories specialization and modules) 

Because we had 19 types of investors categories (some with very few investments), which 
would make a very sparse knowledge space, we grouped the investors into 6 more generic 
types of investors.   

1. VCs 

2. Accelerators/incubators  

3. Private equity/family investment  

4. Government bodies  

5. Banks and incumbents 

6. Mixed    

Please note that group 6, the ‘Mixed’ type, represents the investors that have not been given 
an investor type or have been given more than one types in categorization. These categories 
help us to better understand the links between investors and start-ups in the insurance 
industry.  

Table 6.2, investor type and frequency 

Investor Type Investor Group type Frequency 
Mixed 6 526 

Venture Capital 1 485 

Accelerator 3 89 

Private Equity Firm 2 78 

Corporate Venture Capital 1 31 

Micro VC 1 27 

Angel Group 2 27 

Investment Bank 5 22 

Incubator 3 14 

Government Office 4 10 
Venture Debt 2 7 
Family Investment Office 2 5 
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6.3 A relational analysis of financing patterns in the start-up 
database 

For our analysis of the investor connectivity to start-ups we combined the Investor network 
database and network with the start-up database and network. We created three more 
variables to label the start-ups relevant for the comparison. These three variables are:  

1. Whether or not a start-up is in the AI module “1” or not “0” (module 6)  
2. Which city the start-up in located; and 
3. Which country the start-up is located. 

Variable 1 will help us understand the technologies of interest for the leading investors. Are 
they investing in AI start-ups or, more importantly, are there some investors systemically 
preferring those start-ups over others? Variables 2 and 3 allow us to probe whether there is 
geographic variation in which start-ups get funded or not. Historically, Venture Capitalists 
have been deemed to primarily operate locally (Florida and Kenny, 1988). Thus is venture 
capital concentrated in financial centres, Technology hubs, restricted to particular cities or 
regions?    

Figures 6.2, 6.3 and 6.4 provide different visualizations of the juxtaposition of the investor and 
the start-up networks. These three visualizations are composed of 688 nodes (each node 
representing a start-up) and 4872 edges (each edge representing a common investor between 
two start-ups). the visualizations are once again plotted using the Force Atlas algorithm. This 
means that clusters in the network indicate a jumble of co-investment patterns.  

 

 

Figure 6.2 AI cluster vs non-AI cluster.  

In figure 6.2 above, start-ups that have categories from the AI module are green (value 1), 
those who do not are pink (Value zero). Although figure 6.2 shows a somewhat diffuse pattern, 
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it is clear that the axis of clusters in the middle do only focus on AI to a limited extent, 
something slightly more evident for the cluster in the bottom.  

In Figure 6.3 we can see the same typology but now colour coded by city. It is clear to see that 
we can identify some geographical effects with respect to clusters start-ups that have tight 
connections with a set of investors. These bunches appear in the expected cities such as San 
Francisco, London, and New York.  

 

 

Figure 6.3 Start-ups and Investors network, by city 

 

 

Figure 6.4 Start-ups and Investors network, by Country 

If we aggregate the data on a country level, the same typology shows patterns for the US more 
strongly than the other countries, which might be due to a size effect of the different countries.   

The Accelerator role 

The mini-bunches or hubs that are apparent in all of these figures above (6.2, 6.3 6.4), are 
start-ups that are central and act like ‘hubs’ of funding networks for other start-ups. We 
observe that in each bunch there are start-ups that are/were part of an accelerator, thus 
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marked under accelerator funding. In Figure 6.5 bellow we labelled each region with its 
accelerator bunch. We can identify that Figure 6.5.1 is of start-ups that have been invested in 
by the Accelerator, Start-upbootcamp (London based). Figure 6.5.2 is of start-ups that have 
been invested in by the Accelerator, Plug and Play (San Francisco based). Figure 6.5.3 is of 
start-ups that have been invested in by the Accelerator, Techstars (Denver based). Figure 6.5.4 
is of start-ups that have been invested in by the Accelerator, 500 Start-ups (San Francisco 
based). Figure 6.5.5 is of start-ups that have been invested in by the Accelerator, Y-
Combinator (San Francisco based). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.5 Start-ups and Investors network, by investors type 

The importance of accelerators and incubators has been documented in academic literature 
over the last 20 years. Specifically, there is a growing volume of discussion about the added 
value of early stage networking, being part of incubators or accelerators.   

Here we can provide evidence about the importance of accelerators in the InsurTech industry. 
Specifically, we engage with the question whether start-ups that were nurtured in an 
accelerator programme are well connected to many other investors. Because network 
opportunities are key for any early growth stages, (Aaboen, 2009; McAdam and Marlow, 2011; 
Xiao and North, 2017; Redondo and Camarero, 2019), we can demonstrate the importance of 
such local programmes.  

1. 

1. 

2. 

2. 
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5. 

5. 

4. 



Michiel Van Meeteren, Tzameret H. Rubin, Joseph Watson 

66 

Mapping the investors back to the start-ups, we can see which investors are investing in each 
module. Following the methodology described in the previous chapter, we can create the 
below star graph  describing the intensity of six leading modules per city. The data is 
aggregated by location of investor (not where they have invested).  

Each point measures how far the specific cluster is from the cluster minimum (per city), 
divided by the range of appearance of that cluster in all our sample. This measure describes 
the intensity of the specific cluster field compared to other cities in our sample.  

𝑍𝑍𝑖𝑖 =
𝑥𝑥𝑖𝑖 − min (𝑥𝑥)

max(𝑥𝑥) −min (𝑥𝑥)
 

Where xi is the value being normalized, min(x) is the smallest value in the column of the value 
xi  (usually 0), and max(x) is the largest value in the column of the value xi (see chapter 5.4 for 
a similar example). 

From Figure 6.6, we can see that investors based in London are investing more in Blockchain 
than investors in based San Francisco. We can also see that San Francisco is leading on 5 out 
of 6 modules with the highest intensity, meaning they are a leading city compared to other 
investors from other places in the world. Further examination could go in the direction of 
coalescing of knowledge clusters, per city, by multiplying between their clusters’ intensity 
identifying intensity of coalescing that are more likely to be the core clusters for the InsurTech 
industry.    

 

Figure 6.6 Star Chart of investors location and their filed of investment 
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Chapter 7: General Conclusions and 
Directions for Further Research 
This chapter revisits the report's main research questions and provides answers. We also 

evaluate the usefulness and disadvantages of the methods utilized in this report and 
formulate questions for further research. As set out in Chapter 1, the key goal of this report 

was to search for an outsiders' perspective to gauge the potential contribution of start-ups to 
the digital transformation in insurance. This outsider view is merited because it is commonly 
alleged that the disruption to the established insurance sector might come from technology 

companies that do not necessarily have experience working in insurance. Hence, we can 
formulate the main research question:  

How can we identify the key start-ups and key technologies that play a central role in the 
digital transformation of insurance? 

This research question compels us to speak to two theoretical issues. First, there is much 
talk about a digital transformation, but how is discourse reflected in the academic literature 
on changing capitalism? The second issue puts the emphasis on the word 'key'. We need not 

just an analytical tool to identify start-ups and technologies, but we want to identify key start-
ups and technologies. What makes a start-up or technology important to the digital 

transformation? Start-ups and technologies have to be central to a transformation, that is, 
evolutionary and innovative process. Therefore Chapters 2 and 3 excavated the literature in 

innovation studies and evolutionary economic geography. This inquiry was guided by the 
following theoretical question: 

"What is the digital transformation in insurance and what does the literature in innovation 
studies teach us how to study this transformation?" 

Chapter 2 subsequently developed an evolutionary perspective conceptualizing the digital 
transformation as the completion of a larger economic transformation, the most recent 

'industrial revolution' driven by ICT. Indeed, AI and related technologies have been 
hypothesized to form a General-Purpose Technology (GPT) (Trajtenberg, 2018) that drives 

such a revolution. Business models generated by this technology would 'disrupt' established 
businesses and incumbent firms need to adapt to this technological change in order to survive. 

Chapter 2 theorized this as a process of sector coalescence and outlined the challenges in 
terms of lock-in, and the innovators dilemma that an incumbent industry is faced with. Then, 
the chapter conceptualized this evolutionary process as fundamentally geographical one. 

Firms that are able to bring about the digital transformation are not spread out evenly over 
space. Indeed, we expect new start-ups to emerge in places that have a profile of proficiency 

in these technologies. The concept of sector coalescence is further elaborated by showing 
that this is an interplay between related and unrelated variety in knowledge. The more 
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unrelated the knowledge is that comes together in an industrial transformation, the more 
difficult it is to bring about. The chapter then introduce the notion of knowledge space to map 

the degree of related and unrelated variety which allows us to identify clusters of knowledge 
that makes up a larger whole. 

Chapter 3 continued with an effort to operationalize the concept of knowledge space relevant 
to Insurance. Near real-time database platforms such as Crunchbase were identified as a 

potential source to construct sector-specific knowledge spaces form. Crunchbase provides 
labels of 'categories' for  start-ups and through co-occurrence mapping, a relational 
knowledge space was constructed. The resulting knowledge space was transposed back as 

contextual variables to start-ups. We now know for each start-up roughly what their position 
in the knowledge space is. We also know each start-ups location. Moreover, we created a 

database that is comprised of the funding relations of these start-ups in the database. These 
two databases and the relational knowledge space datasets created with them are used to 

answer the following four empirical research questions. We will outline the questions and 
their answers one by one.  

1. What does the InsurTech start-up landscape look like in terms of related and 
unrelated variety in technologies?  

A first analysis of the knowledge space in Chapter 3 shows that the network indeed has a 
backbone in which three related 'AI-type' categories play a major role. Categories of Artificial 

Intelligence, Machine learning and Big Data are strongly related key nodes in the network. A 
Community detection algorithm found six distinctive modules of knowledge that comprise the 

InsurTech knowledge space. They are based around: 1) HealthTech, 2) Blockchain, 3) AI, 4) 
PropTech, 5) Finance and FinTech, and 6) Automotive Insurance and the Internet of Things. 
There is in the knowledge space graph a remarkable distance in relatedness between 

modules concerned with 'Finance' and those with more practical applications. This first 
modular analysis, at least in the descriptive sense, corroborates the theoretical line of inquiry 

set out in Chapter 2.  

2. What are specific knowledge fields and technologies that relate to developments in 
Artificial Intelligence and what other fields are these related most closely to?  
(Chapter 4)  

 As 'AI' and related technologies are considered key to the digital transformation, we deemed 
it worthwhile to take a closer look at this module in particular. The AI module is clearly 

composed of two segments. One is about categories that can be associated with the 
technology and applications around artificial intelligence. Indeed a much larger cluster of 
related technologies appears that is centred around business intelligence, data mining, 

speech recognition, and the like. The second segment of the AI module is all about Software 
as a Service (SaaS), productivity tools, cloud computing etcetera. What is remarkable is that 

there are few strong direct linkages in the knowledge space with categories designated with 
the financial sector and the core AI segment of the AI cluster. Rather, most linkages are 
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intermediated through 'software as a service' which seems to act as a bridge between 'AI' and 
'Finance' proper. Remarkably, the direct relationships between the AI technologies and 

HealthTech and Auto Insurance seem to be stronger than with finance. This analysis again fits 
descriptions of distance between the Insurance sector and some of the technologies that it 

wants to integrate as part of the digital transformation. The role of SaaS indicates there might 
be some 'platformisation' going on, where third party software platforms offer AI solutions to 

the financial sector in a modular kind of way. 

3. What is the geographical distribution of distinct knowledge fields in InsurTech start-
ups and financial centres? (Chapter 5)  

Chapter 5 subsequently analysed the geographical properties of the start-up dataset. 

Remarkable differences between Europe and the US came out8F8F

9. The US has a far more 
polycentric structure of metropolitan areas that have a significant population of InsurTech 

start-ups: San Francisco, New York, but also secondary centres like Los Angeles, Chicago, 
Boston, Dallas, Atlanta, Miami show significant numbers of start-ups. In Europe it is London 

that dominates the scene, and although the secondary centres in the EU do add up to a 
significant critical mass, its geography is much less spiky than in the US. When we examined 
the firm-demographical pattern of several financial centres it was noted that the digital 

transformation has already entered the maturing stage in the diffusion of innovation. We see 
less start-ups entering the scene in recent years compared to three or four years back. 

Notably, new start-ups are slightly stronger in the US than in Europe. Remarkably, Tel Aviv 
stood out in the analysis as an exception to this pattern where the start-up population has 

remained vibrant in recent years. When we examined the specializations of cities in regard to 
specific modules, we found that there are clear divisions of labour. The alpha financial centres 
generally show a diversified population of start-ups commensurate with a large urbanization 

economy. Secondary financial centres show a much stronger degree of specialization. Sao 
Paulo, Atlanta, Berlin, Miami come out at centres of Car Insurance, while Austin, Sydney, and 

Los Angeles light up as centres of HealthTech. Typical specialized AI centres coming out from 
the analysis are: Tel Aviv, Boston, Toronto, San Francisco. That is, centres that almost have 

more of a 'tech' profile than they have a financial centre profile. We can conclude for Chapter 
5 that the geographical patterns also fall in line with theories of regional specialization and 
sector coalescence outlined in evolutionary economic geography.    

4. What are the types of start-ups that are currently being funded, and by which kinds of 
funding actors? (Chapter 6) 

Chapter 6 was devoted to analysing patterns of funding and their geography. Although the data 

derived from Crunchbase on investors was less balanced, with more missing data points than 

 

 

9 Data on Asia, Africa and South America in Crunchbase was not deemed reliable enough to make 
similar statements about those areas. 
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initially planned, nevertheless some important conclusions could be drawn from the investor 
analysis, particularly when it comes to the importance of incubators and accelerators. The 

majority of InsurTech investment is either by actors that call themselves 'Venture Capital' or 
by actors that are classified in several categories of investors (of which Venture Capital usually 

is one). Accelerators only account for 7% of the investors, but the analysis shows they have a 
disproportionate influence as connectors between start-ups through investment. The analysis 

whether investors were focusing on either AI or focused on specific cities were inconclusive. 
Some weak evidence of patterns was found but given biases in Crunchbase's data reporting 
on the issue we did not find it suitable to draw strong conclusions on those findings. We did 

find some evidence that investors in London would have a stronger propensity to invest in the 
Blockchain and PropTech modules and less in the HealthCare and Auto insurance sectors. 

San Francisco show a somewhat reverse pattern. The most important finding regarded the 
presence of accelerators as key 'glue' in the investment pattern dataset. This is the most 

important takeaway from the investment analysis for further research, as accelerators could 
play in important role in the strategic coupling of AI start-ups with the established insurance 

sector. 

These answers to the research questions have to a certain extent be regarded tentative. This 
research was part of the 'Phase A' research in the larger TECHNGI project which had an 

explorative function. The goal of this report was to gauge the usefulness of near-real time 
databases such as Crunchbase to provide an outsider perspective on the degree in which 

start-ups could be playing a key role in the digital transformation. Although the research 
findings are meaningful in terms of the theoretical frameworks set out and confirm many 

common sense impressions, TECHNGI has so far developed about the insurance industry, it 
is important to explicitly reconfirm two caveats of the data and its analysis. First, Crunchbase 
shows serious lacunae on several dimensions. Although the category/industry variable was 

present in most cases, enabling our industry space analysis data on investment and other 
indicators of firm performance were often based on unbalanced data. This means that a solid 

dependent variable on the firm level, necessary for any statistical inference on the theories 
proposed, could not be isolated from Crunchbase. Moreover, the coverage of Crunchbase is 

suspected to fall short, particularly in Asia, meaning that this study cannot vouch for having 
supplied a global picture. A second caveat is that many of the inferences we made about the 

technology modules rely on community detection algorithms. These algorithms base their 
conclusions on the data structure alone, and that means that there is no verification whether 
the patterns identified in the data correspond to the reality on the ground. This analytical 

method requires cross checking with 'ground truth' (Peel et al., 2017), empirical verification 
of the analysis though other means. However, those caveats do little to undercut the value of 

the approaches explored in this report. There are alternative near real-time databases, 
usually positioned in a slightly more expensive market segment, that do more work in curating 

the data quality. Repeating the knowledge space analysis with those could be useful. As 
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regard the problem of ground truthing, it simply means that the network-analytical work has 
to be complemented with other methods, particularly qualitative research to corroborate and 

fine-tune the findings elaborated in this report. Moreover, the findings in this report can serve 
as a road map and focusing device (Rosenberg, 1969) to know where to best dedicate this 

resource intensive qualitative research to. 

As a general conclusion to the main research question, we can say that the method and 

perspective laid out in this report is indeed able, with caveats, to identify the key start-ups and 
key technologies that play a central role in the digital transformation of insurance. So, what 
is supposed to be next on the research agenda? Which are the most pressing outcomes that 

merit further investigation. There are four we would like to highlight, with the noted remarks 
that research is already underway on the first two. 

1. Improve the knowledge space analysis by using more sophisticated near real time 
datasets but more importantly, expand the domain of this research beyond Insurance. If 

the thesis that the digital transformation amounts to the emergence of a General-
Purpose Technology (GPT) is true, there is a good chance that the most relevant players 

to that transformation might not be central in the insurance knowledge space yet. 
However, they might enter that space very rapidly in the future. Thus, further research 
must expand the outer boundaries of the research to see whether a dedicated AI industry 

is developing as perhaps a new pillar in the Professional Services more widely. 

2. The outsized relevance of incubators in tying together different start-ups merits further 

research. the intense interaction fostered by incubators is already commonly assumed to 
bridge cognitive distance between firms (Rubin et al., 2015), but if the same institution 

has a link to funding access that could make their role even more important.  

3. A more detailed mapping, including providing ground truth verification through desk 
research and interviews of the London ecosystem could be made. It is widely argued that 

the innovation effects could even occur on the level of neighbourhoods between cities, 
and previous research has therefore mapped subpopulations in the professional services 

sector on the intra-urban scale (Cook et al. 2007; Taylor et al. 2003; Waiengnier et al. 
2019; Bassens et al. 2020 ). Researching whether the InsurTech specializations map on 

to specific segments of the London start-up landscape could provide interesting further 
insights in strategic coupling. 

4. We have refrained in this report to formulate concrete policy plan, but rather provided 
key areas for improvement, (see Box 2), because we have not used existing policy as our 
input. However, a suggestion for further research would be to compare the insights with 

this report with the policies, assumptions, and incentives that are offered by UK policy 
makers at various scales to stimulate the position of the UK in the digital transformation. 

A knowledge space perspective can be used as a policy evaluation tool to see whether 
policy initiatives are effective and efficient and suggest alterative priorities. 
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Appendix A Robustness Test for Crunchbase, Top 100 
Companies in 2018. 

 

Name City Country Total 
Funding 

In our 
dataset: 
1/0 

Zhong An Shanghai China $936.99m 1 

Oscar Health New York US $727.5m 1 

Lemonade New York US $180m 1 

Trōv Danville US $87.8m 1 

Slice Labs New York US $15.5m 1 

Quantemplate London UK $13.58m 1 

PolicyGenius New York US $51.05m 1 

Kin Insurance Chicago US $17.71m 1 

Bought By Many London UK $9.03m 1 

Simplesurance Berlin Germany $33.26m 1 

Atidot Ramat Gan Israel Undisclosed 1 

Huize Shenzhen China $15m 1 

Joany Los Angeles US $19.18m 1 

Coya Berlin Germany $10m 1 

Beam Dental Columbus US $9.93m 1 

Next Insurance Palo Alto US $48m 1 

The Zebra Austin US $63.03m 1 

Sherpa Żabbar Malta $2.3m 1 

Snapsheet Chicago US $43.25m 1 

Bunker San Francisco US $8m 1 

Goji Boston US $104.2m 1 

Brolly London UK $1.31m 1 

WeFox Group Berlin Germany $33.5m 1 

Metromile San Francisco US $205.5m 1 

CoverWallet New York US $28.3m 1 

Coverfox Insurance Mumbai India $27m 1 

Qover Brussels Belgium $7.56m 1 

Datacubes Schaumburg US $2.5m 1 

Root Insurance Columbus US $12m 1 

Sure New York US $10.6m 1 

One Inc Folsom US $52.2m 1 

Osigu Guatemala C. Guatemala $7.04m 1 

Singapore Life Singapore Singapore $50m 1 



Michiel Van Meeteren, Tzameret H. Rubin, Joseph Watson 

80 

Ladder Palo Alto US $44m 1 

Digital Fineprint London UK $3.1m 1 

Swyfft Fort Hunt US $7.5m 1 

Cyberwrite Tel Aviv Israel $150,000 1 

Xiaoyusan Shenzhen China $14.53m 1 

Cover San Francisco US $11.12m 1 

Toffee Insurance Gurgaon India Undisclosed 1 

Wrisk London UK $8.81m 1 

Figo Pet Insurance Chicago US $8m 1 

Pineapple Johannesburg South Africa $399,910 1 

Hey Mondo Barcelona Spain $250,000 1 

Stonestep Zürich Switzerland $4m 1 

Inzurer Hong Kong Hong Kong $257,796 1 

Acko General 
Insurance 

Mumbai India $32.1m 0 

Shift Technology Paris France $39,8m 0 

Neos London UK $7,693,734 0 

BIMA Stockholm Sweden $110.6m 0 

iCarbonX Shenzhen China $199.27m 0 

Jetty New York US $15.5m 0 

Alan Paris France $13m 0 

Clover Health San Francisco US $425m 0 

Cytora London UK $9.38m 0 

Arya Mumbai India $750,000 0 

Quilt Boston US $3.25m 0 

August Home San Francisco US $73m 0 

Cape Analytics Palo Alto US $14m 0 

Embroker San Francisco US $14.4m 0 

Blockstream Montréal Canada $151m 0 

Stride Health San Francisco US $38.9m 0 

Boundlss Perth Australia $1.55m 0 

Neurensic Chicago US $8.5m 0 

Otonomo Herzliya Israel $40m 0 

Roost Sunnyvale US $16.88m 0 

Clarifai New York US $40m 0 

Lumity San Mateo US $33m 0 

PolicyPal Singapore Singapore Undisclosed 0 

Gravie Minneapolis US $40.7m 0 

Baozhunniu Beijing China $19.53m 0 

ComparaGuru.com Mexico City Mexico $11m 0 

Cuvva London UK $2.65m 0 
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League Toronto Canada $29m 0 

Neura Herzliya Israel $13.02m 0 

Insurancebox Hangzhou China $2.21m 0 

Sentiance Antwerp Belgium $17.47m 0 

Avaamo Los Altos US $9.3m 0 

The Care Voice Shanghai China $2.59m 0 

Huddle Sydney Australia $4.42m 0 

Factom Austin US $9.54m 0 

Concirrus London UK $4.2m 0 

Asset Vault London UK $120,000 0 

Tractable London UK $9.9m 0 

SynerScope Vught Netherlands $1.9m 0 

WeTrust Fremont US $5m 0 

Gen Life Hong Kong Hong Kong Undisclosed 0 

Zhongtuobang Shanghai China $0 0 

Go Bear Singapore Singapore $0 0 

Clearsurance Newburyport US $5.75m 0 

C-Bien Paris France $10.29m 0 

Cambridge Mobile 
Telematics 

Cambridge US $2.5m 0 

Karamba Security Ann Arbor US $17m 0 

Carma San Francisco US $100,000 0 

Turtlemint Mumbai India Undisclosed 0 

Ensa New York US $1.75m 0 

Cover Genius Sydney Australia $1.55m 0 

TikkR Stockholm Sweden $16,362 0 

Buzzvault London UK $9.19m 0 

Emerge Analytics Johannesburg South Africa $16,362 0 

SOURCE of InsurTech list: https://www.postonline.co.uk/asia/3494476/top-100-InsurTech-firms-2018. 
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