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Abstract

Geographers have long been interested in where new technologies and industries emerge. The
presence and adoption of a new teabgy within a region has multiple positiaed negative
externalities. Scholars have commented on the contribution of these firms to the regional
economy, in terms of increasing human capital, innovation, and research and development.
Technology firms inparticular tend to locate in world cities and technology hubs, with
concentrations of highly skilled workers, venture capital, anchor institutions and knowledge
infrastructure. Using the blockchain industryaasasethisthesisexamines the geography of
nascent industries. Blockchain, which emerged in 200%sdest known for applications such

as bitcoin has application in supply chain optimization, royalty and copyright tracking,
cybersecurity, refugee identity and transaction systems, and votitemsyB| oc kc hai n o s
widespreadapplicationacross industries and regiopsovidesan excellentopportunity to
explorethe emerging geography of tech firms. This study explores this geography and attempts
to identify key patterns ankbcations Using economic data frol@runchbaseand analysis
usingElasticsearclthis study demonstrates thabckchain firms follows simdrpatternseen
elsewhere irthe tech industryLarge world cities remain at the forefront of both firm and
investor activity, and they are shownb® ofcrucial importancén global network. Based on

these findings, the study concludes by encouragiigypmakers to understand the importance

of these key geographies adédntifies areas fdurther researcto advance our understanding
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Chapter 1

|l ntroducti on

Geographers have long been interested in where new technologies and industries emerge. The
presence and adoption of a new technology within a regaarhave botlpositiveand negative
externalities. Scholars have commented on the contribution of these firms to the regional economy,
in terms of increasing human capital, innovation, and research and development, in addition to the
presence of entrepreneurial individu@Bollinger et al., 1983)Scholars have noted that some
regions are far more successful than otherattractingfirms and individualgFlorida, 2014,
Saxenan, 1994) The reason positadthatsomelocations are more suitable for certain economic
activity due to the presence of actors and assets within the locale that promote the production or
consumption of goods and services, all within close geograpbximity (Mudambi et al., 2018)

These ideas havieeen examined througlsing several theoretical concepssich as industrial
districts (Amin, 1989)and spatial cluster@athelt et al., 2004a)lThe main advantages of co
location are the presence of financial and human capital, accesh& khowledge pipelines
(Bathelt et al., 2004aand a drive to innovate and remain competitive, as there is a high penalty
for falling behind celocated peergPorter, 2006) The regions that best fit these descriptions are
typically world cities. These locales are able to provide both higher wages and the needed
infrastructure and ecosystem for firnf®erudder, 2008)However, the concentration of the
technology industry within a region can also been associated with growing social and spatial
inequality, leading to issues related to exclusion, housing affordability, gentaficaind
polarization within the labour mark@eaulieu et al., 2004; Brail & Vinodrai, 2020; Florida, 2017,
Glaeser et al., 2009)

Firms within the tech industry in particular tend to locate in woitiés and technology
hubs, with concentrations of highly skilled workers, venture capital, anchor institutions and
knowledge infrastructure (Brail, 2020Higher wages and thguality of theoverall innovation

ecosystentan be factors that attraaighly skilled workers. The main advantages for a worker in

A further discussion regarding the usage of #dAworld c
2.2.
1
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the region includaccess tgpecialized training progranme;cess ttacit knowledge and the ability

to network with likeminded individualsAdditionally, high quality, supportive institutions such

as universitiesind specialized economic development pedithataim to bolster innovation in the
regioncanadd to the appeaf particular location¢Florida, 2017; Florida & Hathaway, 2018; Lee

& Clarke, 2019) In addition to a highly specialized worker pool, access to venture capital and
funding is a large draw for these firms. Scholargimpentrepreneurial ecosystems and sipg
indicates that venture capital firms will locate in areas with access tehaapital, combined

with access to important global netwsfkingo et al., 2018)In this way, these firms are able to
source the capital needed to fundithgortfolio and expand their portfolio by tapping into the
network of other investors, either through investor conglomerates or networking. For example, an
investor maylearnabout an ugandcoming firm through their nevork and be able incorporate
that firm into their portfolio. Additionally, geographic proximitf the firm assetsvithin the
portfolio has been shown to increge®tfolio firm performance, both in terms of exits and overall
funding(Chen et al., 2010; Kang et al., 2020)

Firms within the tech industry tend to-tmcate within world cities partially due to the
presence of rchor institutions. These institutiorssipportthe entrepreneuriatécosystem and
provide some of the necessanfrastructure for firms to thriveSuch institutionsare recognized
as leaders anthcilitate both theattraction ofhighly skilled workers angbipelines tooutside
knowledgesourcesin the case of established world cities, anchor institutions can be thought of as
government and educational institutions teahance placbased competitive advantagdhis
may be accomplished typecialized funding through regional policy, or the presence of a-world
renowned educational or research institutiwhich facilitate innovation and knowledge transfer
to the regionBreznitz, 2014; Gertler & Vinodrai, 2005 subset of this scholarship focuses on
the role of anchor institutions in secondary andiaey cities. These cities are supported by
innovation policy with the aim of attracting an anchor firm, typically through governmental
subsidies for innovation, military spendii§enor & Singer, 20119r attractive tax incentives
(Brail, 2019)



The establishment of an anchor firm motivates the development of surrounding support
systems, which drives innovation and investment within the region. For example, consider a tech
giant such as Appleocatingin a region. Theresence of the firm will not onlgttracthighly
skilled workers from other regions bcénalso facilitate the growth of a cluster due to the co
location of firms from surrounding regiorfsirm relocation to these secondary and tertiary cities
may also be a result othe optimization ofcosts for firms and their workerg&rom a firm
perspective, a decrease in taxes, property and wages may be a factor in the decision to relocate
(Glaeser et al., 2009 osts for workerssuch as housing, and overall quality of life for the
employees maglsobe a cause for relocati@Brail & Vinodrai, 2020; Florida2019; Lee, 2019)
Co-location with anchor firms in these secondary and tertiary c#irallow firms to have access
to a subset of the same externalities gained from locating in a world city, potegtiallpwer
cost(Glaeser et al., 2009)

An analysis of emerging technology firmdeyt an opportunity teontribute tocurrent
debates abouhe locational dynamics of théech industry Blockchain is one such emerging
technology Blockchainis a distributed ledger technology that maintains transparsacyrity,
and accountability itransactionslt wasfirst described in 2008 in a whitepaper entitiittoin:

A peerto-peer electronic cash systemhich was published by the unknown individual / group
known only as Satoshi Nakamoto. This publication was followed by a software release in January
2009, which created a technology aimedatimresshe need for thirgparty trust. It did so by
distributing the knowledge of each transaction across the system and forcing the agreement of each
transaction within the system. The system works by requiring the confirmation by a peer of a
transaction that occurred through solving complex mathematical and ceypitazal equations.

In this way, no one peer controls the system, and thus this forces transhlatayoto, 2009)

Indeed, transparency is a key characteristic of blockchain technology, alongside robustness,
auditability and security(Christidis & Devetsikiotis, 2016)These characteristics have made
blockchain technology of high interest to firms and other organizatioasn@sans to make their

transactions safer and mdransparent.



While Nakamoto introduced blockchaior use indecentralized, anonymous curress;
the technology hakad wideapplication ina variety of industries.Blockchain has already seen
numerous applicatiorscrossindustries, such as food supmigains(Tan et al., 2018)financial
loans(Yang et al., 2018)lectiongBarnes et al., n.d.; Kshetri & Voas, 20,1&JucationChen et
al., 2018) health(Angraal et al., 2017; Drosatos & Kaldoudi, 2018hd energy{Cheng et al.,
2017) An example of a detailed application is the usage of transaction tracking to establish the
drug verification programs, in an effort to limitudy fraud, which has been found to have a large
impact on the industr§US Food and Drug Administration, 2029Fach application of the
technology has the potentialtroe v ol ut i oni ze or @ddtsthdrgaduseofc ur r en
blockchain from financial and serviebased applications such as banks, marketing and
cryptocurrencies to industrial uses such as smart contracts, blockchain technologies have garnered
the interest obusiness and industry leadar®und the worldIBM, 2017). Indeed, a wide range
of leading consulting companies, global think tanks, industry observers and scholars promote
blockchain as a potential industtcyhangi ng or 0 di ¢Carsop ktial, 2@18;t e c hn
Deloitte, 2020; PricewaterhouseCoopers, 20R&centreports suggest that the technology is no
|l onger about early adopters and experi ments,
(Deloitte, 2020, p. 3)These reportpoint to the facthat blockchain is an enabling technology

with wide application.

Recentscholarshipon the blockchain industrijasexamined the role of cryptocurrencies
in financialization, the relationship between venture capital and-wgiadynamics, and firm
competiiveness (FernandeZazquez et al.,, 2019; Park et al.,, 2020; Zook and Grote, 2020).
However, few studies focus explicitly on the geograptiythe blockchain industry or the
investment flows supporting these firms. Most scholarly studiethe industry areeither
technically focused explorations or economic case studies about the usage and ploalecttdin
utilization in corporationsMore technicalpapers examine the technology through the lens of
security and technical usabilifpinh et al., 2018; Pierro, 2017; Zhang et al., 20dl18hg with
cryptocurrency application@artoletti et al., 2019; Wu et al., 2018lsewhere scholarshave

2 More detailed explanations of blockéhaisage is described in Section 4.1.3
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examing the business use dilockchain (Gatteschi et al., 2018; Tapscott & Tapscott, 2017)
industry and investment dynamics with a focus on firms that changed their names to add
blockchainor bitcoin as a way to capitalize on the surge of investmglais & Jain, 2019)and
specific applications for blockchain through the lens of smart ¢fies et al., 2016While these
studiesadd to tke conversation about blockchain in a unique way, none of these papers explore the

blockchain industry as a whole.

Recent papers regarding the investment geography of the blockchain industry have
discussed the industry from the perspective of industppliation within the finance sector.
Additionally, they examine the flow of venture capital into various application areas, concluding
that venture capital investments remain focused imarnfce insurance andnformation and
communication applicationfFernande/azquez et al., 2019; Zook & Blankenship, 2018)
study by Friedimaier et a{2018) examines theegional distributionof blockchain firms and
identifies the presence of two leading geographical regibeagJS and W. None of hesepapers
offer a broa@r globalanalysisof the industryand our understanding of these glopatterns and
dynamics remains limitedt remains an open question as to whether the blockchain industry
follows well-established patterns associated vather technology industrie§ his relates to a
central debateamongsteconomic geographers and othsholarsregardingthe geographic
conditions angbatterns of emerging or new industréasl clusteréBoschma, 1997; Braunerhjelm
& Feldman, 2006; Heiberg et al., 2020; Henn & Bathelt, 2008)ever, it is expected that the
blockchainindusty will not deviatei in aggregate from these patterns which have been
documented in other technology industries, as it can be arguethélsat emerging tedirms

require similar ecosystesandwill profit from the saméocal externalitiesdescribed above

To help address thgap in our knowledgehis thesigxploreshe global geography of the
blockchain industryMore specifically, theaim of this research iso understand the firm and
industry dynamics associated with blockchain \atgti within a global context The primary
researchguestionguiding this thesis isWhat is the emerging geography of the blockchain

industry ? To elaborate on this question more futlye thesis exploratreesubquestions:

5



1. Does the blockchaiindustry conform to our a priomxpectations of the
characteristics of new technolomdustries?

2. How is the industry spread out globally and what are the key geographies of
theindustry?and

3. How is VC investment into the industry spread out across titgegbnd do
the patterns overlap with those found in geography of investment and finance
literature?

To answer these questions, the thesis draws on a database of 3,839 blockchain firms
founded between 2010 and 20@@ntified using Crunchbasegan acceptedource for analyzing
entrepreneurial firm dynamics (Block and Sandner, 2009; Friedlmaier et al., 2018). The data
include information on employment, location, and specializations. For firms receiving
investments, information on investment roumdss also clbected While somedataand metrics
were derived directly from the initi@@runchbasealataset, algorithms were developed to enable

further detailed analysis and categorization

Elasticsearcha distributed search and analytical engine afssinstrunrental in multiple
areas of this analysis. Specifically, the ability to create real time data transformations and
visualizations on an aldoc basis, in addition to analysahancing features such as Significant
Terms Analysis made this system an excel@ice for this work. While there have beew
efforts to useElasticsearclin social science literature (see Konone(&014) Shah et al(2018)
for exceptions), the engine lends itself well to the needs of economic geographers, ranging from
an easyto-use visualization platform to a sophisticated analysis toolses, ¢dbmbined with
programming and automation within larsges such as Python, enables detailed and sophisticated
analysis. Apart from aggregation and trend analysis, the dataset was geocoded, and network data
was created at the citggion level to capture investment interactions. Quantitative measures such
as Egenvector centrality were used to identify the key players in the network and examine the

network as a whole

3 Specific scripts will be made available at github.com/mholicka/EmergingBlockchain



Overall, the thesiaddsto currentscholarship by examining the firm and industry dynamics
of the global blockchain industryt finds that the blockchain industigppeas to conform to
understood patterns regarding emerging tech induskilessin the industryare small, with most
firms having fewer tan 10 employeeand their application arsare primarily focused on high
demand, low capital cosrea such as commerce and shopping. Geographically, the industry is
global, yet concentratgatimarily within world cities, such as Silicon Valley, Lond&wngapore,
and Beijing. Additionally, there appears to be a prominenceeaond tier world cities such as
Tallinn, Estonia and ZugSwitzerland. Investmestare primarily concentrated within key
locationsand the analysis shows that Silicon Valley is the dominant locatiobldackchain
investment and activifyholding a primgoositionin investment networksFive locationgSilicon
Valley, New York, Singaporel.ondon, and Beijin who are also extremely weaibnnected
account forthe majorityof investmentsLastly, supraegional néworks have been observed in
the United States and Asia. this way, the thesis contributes an analysis of the geography of an
emerging technology and aids scholars of economic geography in understandingatheslyri

emerging technologies.

The remainder of this thesis proceeds as follows: The second chapter critically examine
the literature surrounding technology, geographies of innovation and the geographies of
investments. Chapter dfers a detailedlesciption ofthe data and methods used to explore the
geography of firm location and investment in the blockchain industry. Chapter 4 egdh@ne
results and discuss the potential explanations for the findings, focusing on the thgeestidns
identified above, attessing the main characteristics and nature of the blockchain industry, the
global geography of blockchain firms, and the global patterns of investment associated with the
blockchain industry. Finally, Chapter 5 summarizes the findings based on theisaoélyize
industry, offers conclusions, identifies the main contributions of the thesis and its implications
both for policynakersand scholars interested in clustecgties, and innovation. In addition,

Chapter5 also identifes limitations andreas ofuture research.



Chapter 2

Literature Revi ew

Thisthesisfocuses ortheemerging geography éie blockchainindustry. Blockchain is a
decentralized transaction and data management technology with its initial applications being
Bitcoin, a cryptocurrencyBlockchain has been attractive to firms and policymakers dugago
promise of security, anonymity, and data integrity within the system. Furthermore, it is impossible
for third-party control within the system, as only partiggeratingwithin the system are abte
control it. Each node (party) in the system is able to add information to the systiefotmation
cannot be added without all the other nodes in the system agreeing that the information is correct,
commonlyachievedechnically via a proebf-work dgorithm. Most of the current use cases of
blockchainrelated tocryptocurrency, but there are a number of firms that are utilizing the
technologyin other application areatue toits transparency and traceabilithiaracteristicsThe
main advantages oftilizing the blockchain is the inability to modify or delete data that has been
put into the chain. This enables multiple overarching use cases, such as verification, supply chain
processing, and data transf@ai & Zhu, 2016) With applications within multiple industries, an
examination of thgeography of the blockchaindustry will allow scholars to identify where this
technology is takindhold andcompare these patterns wodely understood patterns regarding
technology clustering and activityf.o understand the emerging geography of the blockchain
industry, thisthess draws on three bodies of literature: Entrepreneurial ecosystems, cluster

dynamics and ventuipital(VC) and investmendynamics.



2.1 Entrepreneurial Ecosystems and Innovation

Geographers have extensively studied entrepreneurial firm dynamics as &oway
understand regional competitivendSpigel, 2020; Spigel & Stam, 2018; Spigel & Vinodrai,
2020; Stam, 2015)This scholarship points to specific factors tlnip definefirm dynamics.
These factors can be broken down into three atbasole of entrepreneurs in tech firmgC
interactiondeterminants of firm entryThis section will examine thedactors in relation to the

blockchain industry.

In startups and new venturethe role of the founder should not be understated. In order
to start a firm and develop a product, thendermust be intelligent and resourceful. This pattern
should hold tne in most industries, but the difference between tech and other industrigsasehe
of innovation and change. Additionally, the newness of both the market, combined with the
technology will lead to uncertainty and ambiguiBelmar & Shane, 2002Nonetheless, these
potential pitfalls are ofteseeras risks, as the potential rewards for being one of the first and most
respected in the industry has major advantages, and entreprefiteni@spirdo become the next
Google or Apple of a nasceinidustry. However, the breakneck speed of tech means that
technologies emerge and become obsolespeokly (Liao & Welsch, 2008)This in turn forces
those in the space to become extremely adept at recognizing opportunitegiagdvith agility

and speed to capitalize on them

Indeed, tech entrepreneurs are found to engage in moraustadtivity than nofiech
industries(Liao & Welsch, 2008)Firm formation is described in Katand Gardne(1988) as
based on four activities: intentionality, resources, boundalso known as legitimacy) and
exchange. Intentionality has been briefly mentioned above, ichwhe founder has plans fitve
success of the business by doing as much as they can in order to be successful. In this step, much
planning is done in order to secure talent and finaktay tech founders have engineering
degrees, and as such, thagable to better understand the feasibility of their product, as well as

have a higher chance to find the resources needed to gegirthsuct to market.



Katz and Garne(1988) additionally find that @source gathering by tech stags is a
crucial step in the@enturecreation process. The resources needed to succeed in the advanced tech
space encopass both tangible and intangible assets and are different for each industry. The
requiredtangible assets differ from industry to industry, even in the tech space, but the one
commonality shared by these startups is the need for intangible &sisetgble assets come in
the form of technologies, associated kAoew, and knowledgeéDeveloping and acquiringnése
tacit resourcess more time consuming andifficult thanfor tangible assets. It is not hard to
purchase a laptop but acquiring the knowledge to progeanbeextremelytime-consumingand
challenging. In most cases within tech entrepreneurship, there is a level of explicit resources
needed, mainly dealing with péigal interfaces (such as servers and laptops), but it is the ability

to utilize the tech and these physical assets optirttalys the key to survival in tech ventures.

Thus, with the entrepreneur having intentionality and resources, legitimacyarahge
arethe last two factor of venture creatias described by Katz and Gartner (19&®&gitimacy of
the industry is associated with more firms being created and the technology being developed into
a more reliable and stable platform, which seesstrd uses across industridhese firms then
participate in exchangewhich has been described Tiornikoski and Renk@2014)asthe first

sale made by the firm. Whenttea | € i s made, the firm iasngceosnosi de

In previous studies, innovatidmas been examined at the firm leweith characteristics
suchasfirm size and agaighlighted as importaniWhile some studies examined the relationship
betweerfirm size and innovation output, there is a lack of empirical evidence to cahfrmature
of this relationshigNaz etal., 2015) Furthermore, tis is a contested notiocs & Audretch
(1987)find that firm size has an impact on innovation, but does differ across industries. Mairesse
and Mohnen (2001) build on this notion and conclude that firm size does have a positive effect on
the innovation in R&D intensive s®rs. This conclusion is reached similarly more recent
papergdBaumann and Kritikos, 201&zarnitzki and Binz2008. However, ¢herstudiesdo not
back up these claim&or exampleCrepon et al. (1998) find that firm size is not a factor once

R&D differences between industries are considered. Similarly, Hansen (1992) looks at firm size
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and age butfind that there a negative correlation of innovation outRecentscholarship
regardngknowledge intensive services (KIff)dsthat firm size and age play a role in innovation
output.Audretsch et a2018)find thatsmaler, newef i r ms (r ef er r e)havea as
better ability to turn innovation inputs inkmowledge as opposed to mature firfhkey further

identify the importance of a highly skillddborpool within these industries.

The technology behind blockchain has already seen a plethasas in various industries,
from the traditional finance application in the cryptocurrency industry, logistics and supply chain
tracing, to voting systems. The majority of thewly founded blockchaifirms are developing
products m application areathat are both in high demand and do not require advanced
infrastructure.One key reason fowidespreadnterestin blockchainis that startups within the
industry do not require large amounts of tangible assets in orelegége in productevelopment.

In theearly stages of the firm, where the product is mainly a proof of concept, development can
be extremely cheap on the tangible side, but extremely expensive on the intangibkoside.
example there are many prexisting platforms such as Ethereum and NE® which there are
relatively lowcosts to develop (s€&/u et al., 2019jor a technical breakdown), but developre

is mainly gated by the knowledge of the programming language and archit@ftacge is that

this relative ease of development did not start until about.ZBdfore that timefirms needed to

start their own blockchain, which requsmmore tangible ssets such as servers, but once again,

know-how remains a key factor

More industrialuses such as thosi natural resources, healtipovernment and military
applications,are typically associated witimuch higher startup costs, due to needing more
infrastructure and the complexity of the work. In this way, investmeitieseareasare expected
to be considered nichdoshi, 2018) Additionally, firms that service these sectors are typically
pre-established andew entrants anare. As a result, new firms will have an extremely hard time
entering thesendustries and firms will often shift theapplication area to ensure survival. In this

case, even if a firm wanted to develop for a more industrial application, unless they have the needed
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networks, they will be subject to the influencing factor of survival, and will likely switch to an

applicaton area that will gain them the investment they r{&editon, 200Q)

Another key to the success of a firm is its ability to create the product. Should the factors
align with understood patterns as explainbdwve, yetif there is insufficient capital to innovate,
the firm will fail. In order to rectify this, outside investment in the form of venture capital is needed
to ensure capital to a firm. An investor provides capital to the firm, in exchange for samadl
gain, typically referred as Return on Investment (ROI). In addition to providing capital to the firm,
an investor is an invaluable asset to the firm, in the form of an access point to the knowledge
network associated with that investor or the syaidito which they belongKang et al., 2020)
Indeed, Hellmann and Pui1999)find that therds a significant reduction in the timie-market
of a product with VC involvement and overall find that relations with an investor increase the
competitiveness of a firfHellmann & Puri, 1999)Additionally, work done by Chemmanur et
al. (2011) which examines the role of VC imstenent and the efficiency [noted as TFP (total factor
productivity)] of firms findsthat overall firm efficiency increases with VC interactions, primarily
with improvement in saleJ heynote that VC involvement has a positive effect on the probability

of a successful exit of a firfChemmanur et al., 2011)

Literature surrounding entrepreneurial ecosystem and innovation within the blockchain
industry points to a number of factors that have an effect on firms within the industry. Using these
factors as a basebn indepth scholarship paints a picture of lemployee count firms being
founded in lower startup cost, high demand application areas. The speed of innovation will cause
a rapid identification of market gaps by the entrepreneur, who will find a firmalgui small yet
highly skilled workforce will be needed, which will develop on top onexisting frameworks.
Venture capital investment is expected to have a significant impact on the performance of the firm.
Additionaly, there is an expectation that the location will play a large part in the sutdbgs

firms.
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2.2 Clusters and The Geography of Innovation

The notion of clustexis not new to economic geographers. Cluster theorypapslarized
by Porter(1998) who defines clustersasa gdographically proximate group of interconnected
companies and associated institutions in a particular field, linked by commonalities and
complene n t a r(Forter, #9980 p. 199Further studies have attempted to add to -atefene
the definition (se&u et al., 2018or a review). There appears to be an agreement among scholars
thatclusterindhas a A cli engpracpg o ;aitt it vn@pencer et al.s2010,\p. 71&per e | 0
to a number of positive externalities, such as finarmmdhuman capitalknowledge transfer and
access to global pipelines. This concentratbriirms and/or activitywithin close geographic

proximity has been shown to increase innovation.

Multiple scholarshavelinked the presence of knowledge spillover to oninefeasongor
firm co-location(Leppéld, 2016; Moretti, 2004; 8pcer et al., 2010; Sternberg & Arndt, 2001)
By co-locating in a given region, firmare able to tap into deep and specialized labor market,
benefit from thespillover of knowledge created by the interaction of workers, and have access to
global pipdines (Bathelt et al., 2004aHowever, there are some scholars that agree that co
location has a positive relationship with firm and regional innovation, but do not necessarily agree
that the presence of knowledge spillovers is the reémothe celocation of firms. They argue
that the spillovers facilitated by close physical proximity of workers and firms has less to do with
co-location ofthe firms(Wan & Liu, 2011) Instead, they argue that it is the presence of skilled
workers and the ability to establighansactioAntensive relationships, such as those with

customers and suppliers that lead to théocation.
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Multiple case studieglentify thatco-localization is advantagpusto firms. For example,
Johansson & L66§2008)find that there are significant differences i thnovation of regions.
In particular, it is found that firms located in Stockholm tend to innovate more than in other regions
(Johansson & L66f, 2008This is further backed up in the European context by Naz (@0415)
who find that innovation in Germany is concentratecdgglomerationsThesepapers appear to

back up the claim that place and institutional support matters whkeumsding clusters.

Indeed, clusteringppearto bea worldwide phenomenon, and has bebservedacross a
wide variety of geographical contexiver sincehe idea gained popularity through the work of
Porter (1998), clusters have been a staple in North American economic (@@iaycil, 2011).
Numerous works point out theenefitsof clusteringto firms and regionsy North America. In the
Canadian contexiSpencer et a(2010)find that clustered industries have both higher incomes
and rates of growth as compared to their yobnster counterparts. Theselvantages aralso
observedin the U.S, withstudiesfinding that clustering of industries in the US allows those
industries to enjoy higher employment and patenting grdgigado et al., 2014)Higher
employment is found to have a positive effect on innovation, as there is an increase in efficiency,
productivity and thus return on investmef8sesnahan et al., 2004; Saxenian, 1994g presence
of externalities within thelusters such as human capital, knowledge transfer and-onopuuit
linkages are found to be the reasons for the success. A key observation about clustering in North
America is the ease of market integration as opposed to other r@gastiero, 2000; Turkina et
al., 2016) This eases human and knowledge mobility, and allows geographic forces to create

clusters, rather than a forcingatistersthrough policy such as is the case in Europe

Clustering has been a key element of economic poli&unope, withtargetedplans for
facilitating theclustering of certain industries with high innovation potensath as advanced
materials ad ICT. Indeed, similar to other regions, clusters in Europe are found to be much higher
performing thartheir non-clustered counterpar{&etels & Protsiv, 2021)One major difference
between clusters in Eurogempared to elsewherg that European clustease, witha tendency

for each nation tdhvave concentrated activifyfhe European Cluster Observatpi3009) One
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maj or chall enge is the presence of the fAnat.
members of the EU should be acting together, there are national inteegstten preventhe

most optimal clustering. Each country wishes to be seen as ihve\and thus try to create their

own clusters, even though this is not optimal, and créadestryfragmentatior{Crescenzi et al.,

2007 Addi tionall vy, unli ke the US, Eufoauge@ @ns i nnc
equality, rather than optimizatomh er e i s a s e dusteringwithin fafioaratiter n g 0 o
than utilizing the geographical processes and capital mobility as seen in thedel&i,cluster
cooperation is found to not be systematically supported at the regional or nation@lieseeai

et al., 2007; DG Enterprise and Industry, 20@\ditionally, DG Enterprise and Indust(2007)

find that clusters within Europe aveewed asa source ofegional and nationaompetitiveness,

with each nation wishing to be competitivBhe major factor for this is the differences in
institutions andcultures across the gmn; a lack of shared goals, philosophies and values can

create barriers to cooperation and competitiveness across national borders in Europe

In Asia, clustering has been usedspurinnovation, andtlustering has been supported in
multiple ways chiety through regional and national policies. In a study Asian clusters,
Intarakumnerd & Vang (2006) find that the promotion of industrial clusters is based on the
c o u n tevelofdevelopmentor exampleChina and India are large players on the current tech
stage, with China being an extremely important player in the current technology space. There is
evidence to suggest clustering is heavily encouraged at the national level. In pakimata,

(2011) explains that China was investing heavily into the technology sector, with multiple
programs focused on the creattiof a strong tech service sector to rival Bangalore in India. One

of Ch i nneost mfluential programs is thEhousaneHundred10 Project.The project has the

main goal of establishing 10 cities as bases of seoutsourcing, as well as attracting 19Qlti-

national firms, on top of 1000 local medium and large companies. Combined with the influx of
new technology graduates in China, such a program will enable the creation and growth of clusters
inthe citie e&h ar a e.tOther hations witlinJAdia), such as Japanltavee at ed O0i nt el
clusters6, whi c h-bagadaustars of univezsdids,ipublic R&D irstiutiansrand

knowledgei nt ensi v e c @ntaakumrenchf Y¥amg, 20860 p..4)he aim is to foster
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interaction between incumbendrganizations inthe region (universitiesfirms, and research
organi zations) to create technological i nnova
process was refined and | ed titgto tnioeate.dA\s Guoc t i m
(2015) c changels indpatent afiplications have a positive effect on growth of TFP,

i mplying that an increase in patent applicat.i
(Guo, 2015, p. 601 602)

Within the cluster literature, one of the key elementsithattenidentified as critical to
performance is the presenceanichorfirms. The notion of anchor firms in cluster literature is not
new. Feldman (2003312 describesanchor firmsasfimsthac an fAat t kamopools,s ki | | e
specializedntermediate industries and provide knowledge spillovers that benefit new technology
intensive firms in the regian It is oftenbecause of these anchdhst other firms cdocate with
them. In turn, they are able to benefit from many of the same advantages provided by clustering,
but already prestablished from the anchor. The anchor will be more likely to provide specialized
expertise, physical assetsfrastructure and positive spillovéfeirlinck & Khoshnevis, 2019)
Furthermore, firms are attracted to the ldedgmrpool that have the potential to transfer knowledge
to the new firmgNiosi & Zhegu, 200%h One of the main arguments for the presence of the anchor
firms in a cluster is the growth opportunity and the creation of regional dynéAgcawal &
Cockburn, 2003)By co-locating with an anchor, smaller firms can tap into the same market and
have the opportunity for growth that may not have been present by themselves.

Economic geographers have long established the role of cities in the geogfaphy
innovation. The literature agrees that the largest cities provide advarftagénnovation
(Backman & LO0f, 2015; Moretti, 2004; Wan & Liu, 20M/plfe & Conference Board of Canada,
2009) Cities have been found to increase the innovation of incumbest iue to a multitude of
factors including labor supply, knowledge spillover, and access to glkbalvledge pipelines.
This resonates witavi ew hel d in the | iteraturoddcoe® wor |l d
are critical componentsf the glokal economy. Thédeaof world cities is related to the contested

notion that there are select cities that hold high levels of concentrated powers andSvelth
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2014) While much literature focuses arsubset overy largecities(e.g.New York, London, and
Tokyo) that act as global financiaentergSassen, 1991)he world cities literature delineates a
hierarchicalsystemof cities. Various nomenclatures have been usedassify the position of
cities around the worl¢Beaverstock et al., 1999)Vhat once stagd off with a select few cities
that were both easyp tategorize and identify with strong locational identity has now transformed
into multiple groupings based on different criteria, evolving into a complex definiiowever,
the taldor téiwves 6 and +gehal citiesdndhdupedtar tas-rhave been the
subject ofmuch debate in the academic commuratyd while they each emphasize different

characteristics and elements of cities around the globe, they are often used interchangeably as well

Contemporary economic geograghgrature points to the notion of superstar cities, which
are based on the fAconcentration, aggl omer at i c
impacts; firmlevel market concentration; and the-aticompassing need for access to highly
specializep o o | s dBrail,t2@19, p. B)Ore such supstarcity is San Fracisco, which has
benefitedfrom a strong regional identitflinked to Silicon Valley)and purposeful actions taken
by both the regional and federal government in order to boost innovation and tech, such as
relationshipbuilding andhigh levels ofinvestmemin key industries to spunnovation. McNeill
(2016) describes San Francisco as a city of vempéal supported unicorns. This staatisact
interestfrom other firms, due to the benefits associated with clustering and having such a strong
infrastrcture. Indeed, economic development and locational strategies often base their strategies
on access and cultivation of talgMcNeill, 2016) This concentration of talent in firms is also
foundto increase the innovation of firnfg/olfe & Bramwell, 2016) and it is a key piece in the

regionbdés ability to sustain and increase its

The notion of global city was introducedi A Ci t i es of Evolutiono by
1915, since then, scholars have bsgmhesizinghe work, and one of the earliest synthesis was
Hall (1966)who described global cities as those cities whose are wetersof political power
combined with a very strong national governmgtdll, 1966) Other factors that were taken into

consideration were population, as well as economic power. Further work B#0s brought
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forth globalization into the equation, and its incorporation into the debate meant that leadership
was important. With firms spreading worldwide, their headquarter location and the number of
headquarters of MNC (Multinational Corporations) the city would determine its status.
Friedmann and Wolff (1982) argue that the role of the global city is to be a control center of the

gl obal economy, heavily influencing an econon
cities that facilitated th most relations were deemed as global c{fieedmann & Wolff, 1982)
Friedman (1986) goes on to call world cities
large and globalized firm, in that all decisions that are needed for the firms go through the main
base. A this time, the I|iterature was focused on
(Friedman, 1986)Naturally, this was an easy way to show the power of a Gitfheamore global

the city was, the more money flowed through it, leading to the need for better and better
infrastructure. Thus, only the most powerful and thus global cities could afford the best
infrastructure. This notion changed slightly in the 1990#) a split focus on both hard and soft

power. Soft power has been defined as strong economic, political and cultural infligece

2013) A global city should therefore hold a strong sense of locational and regional identity that is

known around the world.

Despite the use of these three differmrmsto describe the largest cities in the global
economy and their relative position, it is also important to understand the actual location of the
cities in questionk-igure2-1 provides a map showing one definition of global superstar cities. The
McKinsey Gbbal Institute (2018) uses a pragmatic, eaianted definitiorthat identifies these
cities based on GDP and personal income, identifgmgerstar citieas citiesthat havefi a
substantially greater share of income than peers and is pulling away fose peers over
t i rfMckinsey Global Institute, 2018)igure 21 reveals that there aggobal superstar cities
on eachcontinent andhowsC h i ngeoWirsg prowess main concentratioa occus in the USA,
Western Europe and Asia. Two countries in particular, USA and China dominate, accounting for
42% ofthetop50supert ar c i t i estwdy reidforégthentiseeripstiosscholars in the field.

The majority of the top 50 superstar cite® alobally integrated, innovative, financial centers.

Additionally, 22 cities are regional or national capitals.
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Figure 2-1 Global superstar cities
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It should be noted th&tigure 21 offersonly onedefinition; there are mamgther rankings

and classifications systems. For examflayjillo and Parilla(2016) utilize a combination of

factors involving clusters, innovation, talent, and infrastructure connectatiigh classifis cities

in seven categories. Beaverdtoet al. (2017) utilize concentrions of economic functions,

particularly in regard tofinances and banking services, as wellnerketing, advertising and

accountingThr oughout

t hi

s thesi s,

the term

owor |

4 From The superstar firms, sectors, and cities leading the global economy by Manyika et al., 2018, McKinsey

Globallnstitute

(https://wvww.mckinsey.com/~/media/McKinsey/Featured%20Insights/Innovation/Superstars%20The%20dynamics

%200f%20firms%20sectors%20and%?20cities%20leading%20the%20global%20economy&sigErdtardE x5

ExpandeévF.ashx). Copyright 2018 by McKinsey Gldbastitute
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Beaverstock et d. $2017)definition of world cities, specifically referring to those cities in the

A Al p taeegoryof world cities

The importance of clustering and-loxation was exploredh this section, settinghe
expectatiorthat the blockchain industry is likely to laeglobal yet clustered industry, with the
majority of firmslocatedwithin world cities. The presence of positive externalities and advantages
brought on by cdocation withinthesecitiesthat havenighimportance financial and otherwise,
in the global economig expected to play a large parfin r ms 0 ddcisiasaPariicalaplaces,
such as Silicon Valley, London, and Beijjifgpld status within the world city literature, due in
part to strong loational identies regional policies, anthe presence of financial and human

capitalin higher concentrationsompared tather cities.

Additionally, the literaturesuggests thpossibility of a subset of cities, which are up and
coming on the world $age due tothe presence of anchor fisrandor stronginstitutional
involvement.These cities have the potential to become future hubs of technologies, as anchor firm
or institutionsprovide firms and the regional economy with similar positive exteresliind
access to the global pipelinesfasnd inclusterdocatedin world cities Additionally, cities with
strong regional specializations or places where regional activity benefits from a specific
application are expected meaintaintheir importanceprimarily within the specialized application
areaLastly, one key el e me nihadditibn talocationrisnthe abilitgtoi | i t vy

gain and maintain capital, typicalchievedhroughreceivinginvestmentand financial backing

2.3 Venture Capital and the Geography of Investment

Investments are one of the ways for a firm to propagate its wealth and influence and
diversify its profits to potentially turn their profits into even more profits. The idea is that a
successful firm or indidual will invest their money into an idea, and thus a firm, with the hope

that their money will be utilized to create some service or product that is worth more than the initial

5 Seehttps://www.lboro.ac.uk/gawc/world2020t.htfok an updated list of world cities.
20



https://www.lboro.ac.uk/gawc/world2020t.html

investment or will continue to generate the money biasiestorsare typicaly classified as either

angel investors or venture capitalisihe differences between the$&o groupscan be best
summarized as varying levels of control on such items as board control, exit requirements and
ownership controf{Dutta & Folta, 2016)Thar study finds that angels and venture capitalists may
investin ways that areomplementary to each other, and both are seen as important to startup

firms.

Not all investments are successful, and indeed, investment into tech has been found to be
very risky in the past, as studies of technotbgged firms have reportédortum & Lerner, 2000;
Westhead & Storey, 199 Blowever his finding has been contestedMgson & Harrisor(2004)
which found t ha tantdifferences in the pefiormances af tgamnolbgy and non
technol ogy (Masavé& Hatrisore 8004 @ 327 hey propose three reasons for this
conclusion Frst, angels do not invest in the initial innovators, ratherftllewers Second the
risk of the investments may have been overstated in the p&nealy, the difference is due to
the difference between VC angels and business angels. The findings 8jgpum & Sgrheim
(2015) which find that there is differensbetweertechnology and netechnology angels. They
found a statistically significant differencetiseen the behavior, relationships and their overall
involvement(Bjgrgum & Sgrheim, 2015Morerecentarticles have suggested that investment is

heavily based on the type of firm.

Investments are highly correlated to connections and capital. The more connected an
investor is and the more capital they can provide, the more they can safely diversify their
investments and have the highest possible return on investments. Moreover, scholarship has found
a strong positive correlation between geographic proximity of investorb@ingortfolio in terms
of succes&ang et al. (2020)Success in this casefers to the number of exits and overall funding,
which was found to be higharnth investors and firms within close geographical proxifgng
et al., 2020) Taking this into consideration, the most logical place that investment firms should be
located is in largeworld cities World cities provide investors with the necessary inputs for
success. Investors require financial capital to fund the portfolio, in addition to the knowledge of
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who and where to invest, or where is a new areava@stment. Firstinvestment firms can eo
locate with the main institutions, and they are both able to learn from the institutions, as well as
develop the relationships needed for a successful relationship. Similarly, being in a capital city
means that the global pipelines that have been curatbér@ associated with the city can be

utilized by the investor to extract the best information.

The main take away of the literature is thatinvesdorse | ocated i n fAareas
i's high and i n(Mimgo e al., 2008, 9% Notablyevehite bere has been some
literature regarding thieranchingof the investor offices outside wforld citiesin an effort to be
close to their investments. Investments done by the central office have been found to outperform
those of the branches. While the biamoay be close to the investment, the advantages of the
capital city cannot be understatedld di t i onal | y, C h ehat aeone standard ( 20 1
deviation increase in the number of venture capital offices in a region is associated with an increase
in venture capital investments in that area of 4@.{@hen et al., 2010, p. 90hus, as the city
and the investor space within it grow, a positive feedback loop is established wherein investors are
likely to invest locally, which prompts further investors anddt grows in power and capital

due to this.

This discussion has signaled the fact that there is an expectation that the investor be located
in world cities, brought on by the access to needed capital and networks. Thus far, there has been
no mention of key gographies, rather a broad analysis. There is scholarship that suggests that
these geographies are indeed well known, and points specifically to certain city regions.
Nationally, venture capitalist investment within the US has saw a decrease since they2990
San Francisco and the Bay area [referred to a:
domi nant | ocat i o(RlorilacrHatlsatvay,r2018, p. 44 lustlocaleiwasyoand
to account for 1/8 of global investment. This spesiko the healthy amount of both firms and
investors being ctocated within this city region, alongside the movement of both angel and
venture capital. Global investment overall is highly clustered in specific geographies, with the top

geographies accoung for over 50% of total investment. This work additionally contributes to
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the notion of changing typology within global cities by introducing not just secondary and tertiary
cites as Brai(2019) yet an entire tiered subset, noting that there is a difference between emerging
and established global hubs.

2.4 Summary

Given this discussion, we caxpect that the blockchain industry wabnformto well-
known patternsassociated with the geographyiohovation.In this chapter,heseissueswere
exploredthrough three maithemesentrepreneurial ecosystems, geography of innovation and the
geography of investments. Each of these sections has provided both an expectation of the results,
and theoretical frameworto understangbotential explanations. The entrepreneurial ecosystem
involvesrelatively newfirms with asmall yet highly skilled workforce, with application areas
centered around high demand, low startup cost area, typically with-exigtig technical
framework. Investor relationships are expected to be key, and inaesity is expected to be
niche within industrial applications. The geography of innovation literature suggests that
understood patterns of firm location wikely continue, with a focus on docation and clustering
in world cities.Given this, it isexpected thathe blockchainindustrywill establish itself within
these world cities. Additionallya review of the literatursuggests that there will be a subset of
cities thatwill be important to the geography of theockchainindustry, and these tes are
expected to be supported via a combination of the presence of an anchor firm and high institutional
involvement. The examination of the VC literature creates an expectation of both domestic and
global investment, with a concentration in worldestdue to their connected nature and ability to
provide access taapital. In particular, Silicon Valley is expected to continue to be of crucial
importance to the industrgs a key location for both investors and blockchain firms
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Chapter 3
Data and Met hods

The main goals of this thesmre to understand thélockchain industry througta
geographicalens focused on location patterns ameestmentnteraction networksThere are two
major data groups that are needed for the analysis presentedwortkig-irms comprise most of
the dataset, and these are organizations that haveidelitified as being a company for their
primary role. Rarely is it the case that a firm has access to the capital needed to sustain itself, and
this is where the investaataset comes in. These are firms who have investments into the firms
within the industry. These datasets combine both quantitative and qualitative aspects of the firms
and investors. Quantitative data such as geographical location, employee couninbed of
funding rounds is paired with qualitative data such as firm descriptions, and firm categories. This

thesis utilizes both data types within the analysis.

The majority of the analysis in this work will stem from calculations aggregations
performed on one or more of these data fields. In addition to quantitative metric data, geographical
data will be utilized to perform analysis at the geographical level, with a focus on the city and
country level Most results in this work wibe presented in the form of charts, tables, maps, and
figures which have been calculated via these aggregations and put into visual formats where
appropriate. Keeping with the fact that is work aims to understand and quantify the relationships
between imestors and firms on a geographical level, graphing analysis will be utilized to quantify

and visualize these interactions.

The rest of this chapter is organized as follows: A short introduction to the dataset and
source will be followed by a generalizagtthodology which will include explanations of some of
the algorithms utilized in this analysis. This methodology will serve to explain the data gathering
process, cleanup and loading of the data into the aggregation engine, analysis techniques, and
exploratory network analysis. Lastly, data limitations will be explofecdhrder to begin analysis,

it is imperative to understand the data source.
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3.1 Dataset Sourcing

Data was acquired fror@runchbasgthe largest public database with firm and investor
profiles. Crunchbaseacquires dta via collaborationwith multiple actors, mainly venture
community networks such as Venture Prograsommunity involvementautomated news

collection via Al and machine learningnd human involvement.

Crunchbaséhasbeen used to see extent inacademic worldstudies.Liang and Yuan
(2016) were among the first to utiligyrunchbasen their research, which focused on utilizing the
connections among firms and investors in order to predict the relationships. Using the data and
statistical models, thegoncludedhat investors are more likely to invest into firms that they share
socialrelationships with, either in a direct or indirect sense. TarasewiMenon(2017)utilized
Crunchbasdo match companies and individuals wghtents. They note th@trunchbasdas a
large selection of micro data and combined with an international dimension, is a suitable data
source for database creation. Additional validity @unchbaseas a data source can be seen in
Block andSandne20M), in which they utilize the database in order to establish the effect of an
economic crisis on venture capital investment. Téeyphasizéhe accuracy of the data, finding
that the database contains 97% of the interest détaaPearsorcorrelationof r=0.67 (p <0.05)
to National Venture Capital AssociatigNVCA) data through the timeframe of Q1 2007 to Q1
2009 (Block & Sandner, 2009). They do note tRatinchbaseontains a strong focus on the US
market. This is one of many limitations with this datia which will be discussed in further detail

at the end of the chapter.
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3.2 Methods Overview

The dataetwas transformed through multiple stepscteatea database of blockchain
related economic activity. The data went through 3 major steps in the process, each with multiple
substeps. First waBatabase Acquisition and Cleanitgbuild adatabase of investment firms,
individuals and blockchain firms, dohg in geelocation using available data. Second, this
database was loaded inElasticsearcha distributed search and analysis engine, for further
analysis and visualization utilizing data mappings, and custom analyzers. This allowed for deep
analysis b patterns that may ndiave appeared simplyithin the data itself. Due to the nature of
the methods used in the analysis, data was manipulated and movdeldstitsearclas needed,
with the most common usage being aggregation. With all the data |daatdAnalysis could
begin, in which a combination of traditional statistics, mapping and network analysis were used to

create and display the results.

3.3 Database Acquisition and Cleaning

In order to begin any analysis, the raw data needed to be acqlé@ted, and prepared
for loading. This major step consisted of creating the database with Setup, Data Gathering,
Cleaning and Gebocating. The primary goal of this step was to transform the origetainto
separate information about the firms, invest@and the investments. A visual representation of

this step can be seen ilgkre 31.
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Figure 3-1 Database Acquisition and Cleaning methodology overview
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As can be seen in FiguBel, the creation of the datasets was split into three separate stages,

with the output of the previous step being used as the input of the next step. When needed,

additional data was queried from a snapshot olhachbasé&\PI, which will be explained in

the next section. The two major steps in this stage of the methodology are: primary data collection

and data cleaning and merging. These two stages yield the final database.

The first task was to extract the most pertinentrmfation from the raw datdn order to

minimize the possibility of changing data, which could lead to changes in the analysis, a snapshot

of theCrunchbaselataset was taken, from which all data would be extracted. In this way, current
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information would bainable to change, and the analysis could proceed without needing to worry

about changinghformation

The dataset contained all the firnisted onCrunchbasgwhich amounted to 804,593 at
the time of downloading. The interest category in this thesis was limit#ddkchain. As such, a
filter was wused to filter out the rows that
dataset contained 4,138 rewfblockchain firms. Further splitting of the data needed to be done
due to the identification of three maNhier rol e
each entry could selflentify with multiple roles, such as investor, company, and dchioeir
primary role was limited to one. This primary role column was the basis on which the rows were

split according to their identified primary role.

Table 3-1 Data Overviewi Primary role of organization

Type of organization Number of Rows
Company 3862

Investor 266

School 10

Total 4138

SourceCrunchbase Aut hor 6s Cal cul ati ons

As can be seen in Tab®l, it is not very surprising that the most frequently identified
primary role was that of Company, with only a small subset of rows identifying as Investor, and a
minimal portion of Schools.

Considering the selfeported nature of the data, there is &éepbal for exaggerain or
misrepresentatiarFor example, firms may choose to report additional related categories to their
main categories in an effort to be found by invest@mnchbaseautilizes both manual and

automated analysis of these s@pored fields, with the aim of establishing data validity.
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As this paper is mainly focused on the blockchain firms and their investors, the dataset was
limited to the Company and Investor roles. It is clear that the investor role does not represent the
full set of investors, as these are only the investors that identify as beindplodkehain category,
which does noaccount foventure capital firms. Firm investments were split into funding rounds,
which contained the data regarding the investor afifdavailable - financial contributions.
Utilizing the unique ID of the investor within the funding round data, investor informuatasn
acquired. Individual investors and their investments wagatified and linked to the companies.

For example, if Firm Xvas found to have a funding round of unique Identifier Y, with investors

A and B, these unique identifiers could then be used to get the needed information for A and B.

Investor information was added, increasing nloenberof investment firms from 266 to
1969. This was not complete however, as individual investors were also present in the funding
rounds, s@addingtheir information was necessary as walsummary of the investment rows can
be found in Tabl&-2.

Table 3-2 Data overview- investor type

Type Number of Rows
Individual 589
Organization 1969

Total 2558

SourceCrunchbase Aut hor 6s Cal cul ati ons

Table 3-2 demonstrateghat while organizational investment is prevalent, individual
investment is also present. At this point, the database consists of the investments, the investors,
and the firms. This data can be thought of quite raw at this point, with multiple poteisgaign
data fields, incomplete geographic information and more. The next step was to clean this raw data,

and geolocate it.
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As this paper is interested in both spatial and aspatial trends of blockchain investment, and with a
lack of geecoding providedrom the base data, it was necessary to perform theapiog of the

rows. In this process, each row was assigned a latitude and longitude based on a hierarchal scheme
of the locational data. At the same time, data integrity challenges such as incaiafdeteere
addressed. The main challenge that was faced in terms of data integrityssen datamainly

firm location. A possible solution to this challenge was to utilizewese deletion of datdhatdid

not contain locationatlata. Row-wise deletionis commonlyused infirm-level studies; for

example, excludéirms with errors in the data. Other substitution methods such as pairwise or
mean, or imputation methods, as described by works sucrasm, 2009;Kang, 201are

impossible in this case, as them@no additional data to substitute or impuléis resulted in an

exclusion of 23ut 0f3862firms and3 out 0of1969investorsdue toa lack of locatiordata Similar

deletion was done in thease of categorical analysisf the Acategory _group
missing.This resulted in the exclusion of 28flout3862firms and 353out of 3243investments.

The deletion of this datasks removingsome potentially key interactions in the case of investor

firm relationshipsas well agemoving some nuance and potential region specialization due to the
exclusionof firms that did not have information about their activitiesdayegory.Imputation

methods such as description analysis or the utilizaticthe category _listield were found to be

not possible due to the pcaegowywiieh daed notaavdalya i Bl ¢
more detailed applitn areaAdditionally, due a differencim the data characteristics associated

with the investment organizations and individuals (sasla first and last name, gender, and

featured company), these two groups wiezatel separatly throughout this entire step.

With data integritychecked, gedocation could occurGeocoding is the act of turning text to
longitude and latitude coordinates. Examples of-gmding is turning an address to a specified
longitude and latitude. For the purposes of this study, geolocation was done iti-tienad
fashion, with more detail (large scale) being preferable to broad (small scale) geocoding. This
allowed for the substitution of missing data wherever possible and ensured that all relevant data
was keptlIn this case, the data available for tioas1 in order of preference wasostal code,

address, city, region, state codeuntry code. In most cases, this hierarchy was followed, and it
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was common that if postal code or address was missing, so was the other, leading to the city being
used. Thigity-based approach was sound for the dataset at the time but proved to be lacking in
the nuance upon further examination, with Silicon Valley being the main cause of bias.

Through initial dataset examination and exploratory analysis, it was cleaitigmtithin
the Silicon Valley region posed a potential bias in the analysis with their large firm counts in
proportion to other citiesTo minimize the effect odn ovefrepresentation of these citiesthre
anal ysi s, the superwas cegtedpwhichoafjgrefagd all cite®inSilkoal | ey
Valley as defined by the Silicon Valley Historical Associat{ivhere Is Silicon Valley.d.}.
Notably, this approach is subject to potential author bias, and the reasoning behind this choice is

described irfurtherdetail in Section &

Given the welknown importance of Silicon Valley in the global technology industry, this
adjustment allowd for the better capture of the blockchain activity in the region. Additional
considerations for city regions such as New York (e.g., Brooklyn, Manhattan) were implemented
in a similar fashion. Throughout the course of analysis, no other city regionowad fo be
overrepresented in a similar way, and as such, the remaining regions were not modified. With all

the data gedocated, data cleaning and gleaation was completed.

The main goals dDatabase Acquisition and Cleaniwgre to gather the datdean it and
gecalocate the companies. At the end of this step, the data was separated into four distinct tables:
blockchain firms, investment firms, investment individuals and investmé&iish of the data
tables with firm or individual information were geoded. In order to better visualize and analyze

the dataElasticsearchvas chosen as the primary data storage and analysis tool.

® The full list of aggregated cities can be found in Appendix A.
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3.4 Elasticsearch

The large amount of data required for &malysis of this work required a data solution that
was flexible, customizable, and allowed quick analysSlasticsearciES), a distributed search
and analytical engine was chosen to store and analyze the data. The main advantage of
Elasticsearchs the ability to index all data types, from text to geographical coordindteis.
allows for real time data transformations, queries, and visualizations to be Tedenain
contributing factor to the usage &lasticsearchwas the relative ease of creatingmuex
aggregations throughout the analyflespite the advantages of a system such as this, there have
been few applications dlasticsearclhwithin the academic community (see KononelifR914)
Shah et al(2018)for exceptions)in order to better understand methodologies involving ES, a list
of a list of terms ad their RDBMS Relational Database Management Sy$teounterparts are
shown below(seeTable 33).

Table 3-3 Elasticsearchvs RDBMS Terms

Elasticsearch RDBMS
Index Database
Mapping Table
Document Tuple

[modified from A framework for social media data analytics usilggticsearcland KibangShah
et al., 2018]

One of the key advantages of ES is that the user is able to create the mapping as they are needed,
and dependent ahe document type. This allows for both automated and custom analyzers to be
used. For example, keyworddocument type allows for the searching and filtering on that
document (for example searching &iyy), which is very useful for quick and efficienttéring

and searchin@lasticsearch2021) Similarly, textfields such as descriptions are mapped and may
include custom analyzers which aid in extracting the core of the Teet.usage of custom

analyzers for text was used to separate categories from each other, allowing for deeper analysis of
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the categories ahallowing for categorization. The main custom analyzer for this work was used

to filter all the stop words and separate on commas. This allowed textsudhas a and Anal vy
Financi al Services, Il nf or ma tto becomeideact han oal noagl yy,t i R
Afinanci al serviceso, 0 i nf or.nTais sphkitimg atlozvs forn ol o0 gy
much greater analysis of the categories of firms in the same space. Before, the only firms that
would be aggregated together in a city would Haveave allN of the categories in the list. With

the custom analyzer, they only need to have 1 oRNtbategories to be aggregated. For example,
without the anal yz e DataandfAnalytics, Rinarciallsernscescarn k¢ ghirri m
B has categriesi Dat a and Anal yt i c s ,theywodldnotiveaggregated Bye ¢ h n G

categories, leading to incomplete analysis.

Keywords and geographic coordinates comprised most of the mappings. This allowed
searchingfiltering, and aggregation of titerms alongside visualization in the formnops. The
mapping structure was modified throughout the process, as data was added, and fields changed in
utility to the work. One of the main reasons for custom analyzers to be used is for the purpose of
Signficant Terms Analysis.

When there is a large amount of data, connections and trends can be skewed towards the
majority, and may not reveal thmostinteresting connections, or who the key players bre.
utilizing unique firm counts by location, an analysis of relative impogamay aid in the
identificationof patterns which may not be visible the datasetin order to distill and find the
true key pl ayer s, both from an i nvest ment a
aggregation was used. In effect, thiggregation utilizes Document Frequency / Inverse Document
Frequency (DF/IDF) to establish the relationships that are specific to the query, is/fach
technique to determine relevance of documents in quéaékfard et al., 2021; Ramos, 2008)
short, the model uses a ratio to determine the rarity of thewehim the dataset, compared to the
appearance of those items within the result set. If the document appears often in the result set, yet
is rare in the overall dataset, it is thought as significant for that search query. For example, there

" A full listing of mappings and analyzers can be found at github.com/mholicka/EmergingBlockchain/Mappings.
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were 2,222 totanvestments from U®ased investors to other locations globallysimple top 5

by total investment analysis produces the following counttisSA, Great Britain, Canada,
Singapore, and China. Digging deeper, utilizing Significant terms, the 5 simgpsficant
connectiongre USA, Canada, Israel, Cayman Islands, and tE@iis means that these countries

are proportionally seen more often in this particular query than they should be based on the dataset
and as such can be considered of higher relatiy@itance.This could signify a strong and
particular relationships between the taauntries

3.5 Data Analysis

Two main forms of data analysis were undertaken: Exploratory Analgsid
Categorization, and Network Analysis. Exploratory Analysis aimed toilesbie dataset metrics,
including distributionsfirm metrics,and geographies. Categorization was used to detail the
analysis by relating patterns of firm activity and investment to their product category within
geographic regions. Lastly, Network Analysvasconducted, testablish firmlevel connections
on a citylevel basis. This step aimed to examine the geography of the industry and establish cities
that are integral to theetwork.In this way, the global players at the city level can be found and

described.

3.5.1 Exploratory Analysis and Categorization

Once the index was loaded, exploratory analysis could begin. In this phase, the main goals
were to examine firm structure, as well pat&al and temporal relationships between firms. First,
Top 20 analysis was used to examine the higtaadting hits for a given statistic to discern
possible trends in the dafBop 20 analysis statistics included: spatial distribution of investors,
firms, investments, and temporal distribution of firm foundi@patial distribution was measured
in unique count of firmsinvestors A discussion regarding this decisiand the limitations it
introducescan be found in Section 3.8imilarly, firm structurestatistics, such as employee count
and category involvement, were used to provide additional evidence for trends and highlight key
players for a given statistic.
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As notedin the introduction to this section, the potential presence of regional and national
specializations was unaccounted for in the original dataset. The data did contain two fields that
listed specific selidentified categories of the firms, beingtegory lisf529 distinct categories]
and category_groups_list [46 distinct categories]. Thedecision to utilize the
categories_groups_ligteld was made with respect to the fact that categorization could be done
with consultation of industry articles, whereas categorization on such a high number of categories
was subject to bias and subjectviThus, it was necessary to categorize the firms and investors

into respective categories.

As mentioned above, there were 46 distinct categories withioatiegories_groups_list
field, and upon further examination, some of these categories couldipedrogether, in a super
category. Seventeen separate sugagegories were created with consultation to industry articles,
and extremely similar categories were categorized to one-safegory. This enabled overall
categorization to be more accurateeas t r emel y preval ent categori es

were not overshadowing fttrueo categories such

Categorieswith similarite ss uch as fAconsumer goodso and 0«
beput into the same super categorycommerce and shoppintn order to categorize the dataset,
an algorithm was needed. The goal of the algorithm was to utilize the logic of catego@zation
described above and automate the categorization of the firms. Upon further examination, the naive
solution which would simply categorize based on $sluen of categoriewithin the list typically
yielded eithefinanceor software and analyticsas thesavere by far the most represented in the
listings. This had the potential to detract from the true category, as most of these firms would be
in the software field, yet this did not bring the needed nuance to the categorization. As such, a tier
list of catgories was created, with the goal of assigning tiers to categories based on their overall
preval ence and how much of a firmds activitie

internet servicesvas t oo gener al t o a dvaygpiofie, yetreal estatep t ur e

8 The full mapping chart can be found in Appendix B.
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provideda

associated categories.

mor e

specific view 84 dedcrbes the tier listéasd the c t i

Table 3-4 Tier list of categories

Tier

Categories

Explanation

Top

Mid

Low

Source: Author

In order to better understand the categorization of a firm, an example is helpful. Consider

A A8 -A-_2_2_9_9_9_95_°9_-°2_-°

E R

Health

Natural resources and Energy

Sports and entertainment
Personnel

Education

Property and real estate
Government and military
Logistics and transportation
Food and agriculture
Community and lifestyle
Commerce and shopping
Privacy and security
Science and engineering

Software and analytics
Finance

Hardware

Mobile

Thesecategories were foun
to be the main identifiers of
a row.They may be
associated with lower tier
categories, but the rows the
have these categories were
found to be best categorize
based on that particular
super category.

While some rows identified
as just these categories, in
most cases there were
additional Top tier
categories.

These categories were
found to not be the main
category. They were usuall
combined with one or more
of the higher tier categories

Firm X, which reports to have activities in tf@lowing four categoriessoftware, data and

analytics,mobile, sportsThese are assigned to the super categories as follows: software [software

and analytics]data and analytics [software and analyticsfbile [mobile],sports [sports and

entertainmet). While there are more instancessoftware and analytic®), the algorithm assigns

the firm to sports and entertainment because it is in a higheAtigsual explanation of this

processand a comparison to the naive maximum of categosymmarizd in Figure3-2.
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Figure 3-2 Visual categorization methodology
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When this specific firm was examined in detail, it was a mobile gaming platform that
utilizes blockchain, providing some confirmation to thelity and approach of the algorithm.
Additionally, this example serves to reinforce the importance of the tiered approach. Should the
tiered approach not be present, this firm would be simply categorizaftasmre and analytics
obscuring the actual activities of the firm and potentially contributing to the loss of nuance in the
analysis. This algorithm will have challenges when there are no maximums based on the tier list.
Consider Firm Y with the super categoriessoftware ad analytics, health, educatio&ince
education and health are the same tier, manual intervention was needed to identity the category. In
this case, the description and website content were examined in order to establish the appropriate

category There wee only31 instancesvheremanual interventiomasneeded.

The main use case for the categorization of the firms and investors was to examine the

spread of the categories and examine the reasoning for potential concentrations of blockchain
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activities, which may be due to regional specialization or national polenys(Piras et al., 2012;
Sacco, 2017)

3.5.2 Network Analysis

Network analysis has been used in social science research to visualizeadyre a
connections between entiti@enali & Burlat, 2012; Heemskerk et al., 2016; Fagiolo et al., 2010)
In economic literature, agents tend to berfediin connections to others, and those agents better
positioned (i.e., more central) are able to benefitentban norcentral agents. This is especially
common within knowledg&ased industries, as it is the constant chamgeé evolutionof
knowledge alongside discoveries of new knowledge, whadivancesindusties Centrally
connected agents are ablddp into the overall network and be at the forefront of the knowledge,
with all relevant information going through them. They are also typically associated with high
levels of human and financial capif&lhan et al., 2019)in this way, these agents can be thought
as the most important to the industry. Itiugly then, the expectation is that the most central nodes
in the network would be located where the industry has already clustered, or where there is a strong

locational identity when it comes to innovation.

In this case, placbased connections betweevestors and firms were examined at the
city-level. The citylevel was chosen because this was the most detailed level of analysis possible
while maintaining anonymization of the firms. Thus, for this analysis, the agents (nodes) are the
cities themseles and the interactions (edges) are the sum of all undirected interactions. For
example, there werevo investments from Hangzhou into Beijing and 7 investmiata Beijing
to Hangzhou, thus the are ninenteractions between these cities
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Throughoutthe network analysis, it was imperative flacus onmeaningful relationships.
For this reason, only relationships between places where there were at least 10 interactions were
included. Sensitivity analysis was conducted to ensure that major interacémsrsapturedand
noise was reduced.he threshold of 10 wafund througha visualanalysis of the network.
Beginning with no threshold, the threshold was increased thetiinteractions on the map were
clear from a visual standpoiritowering the thresbid resulted in a very busy map, in which
examination of the interactions would have beleallenging Setting this threshold helped to avoid
such methodological pitfalls such as low firm count cities being shown as heavy investment places.
The goal of this exploratory network analysis was to find those nodes, otluitiese key to the
network. In netwrking terms, this thesis is mainly concerned with ¢katrality of the node.
Social science literature has utilized multiple algorithms to measure the centrality of a network.
Common algorithms for this purpose are degree, closeness and eigenveciditycéMang &

Street, 2015)each of these are discussed below with respect to how they are used in this analysi

One measure of node influence iIis Eigenvect
links are summed in order to get the tategreescore. The degree of a node in this case is simply
the number of different countries which have a relationship thi¢ node. These smlled first
degree connections are important, but further we can dig into these connections and their
subsequent connections, the more information that can be gathered about the nodes in the network.
Consider a strongly linked countby way of firstorder connections. That is, a country that has a
large number of connections to other countries. Previously in this paper, the importance of
networking and global pipelines was discussed. Considering that innovation and funding typically
comes from the main players (in this case the US, UK, and China), having a strong relationship
with those countries would enable tt@untryto be even stronger. This is wheigencentrality
through multiorder connection, allows us to see the strong soaihin the network. By
examining the degree of the connected nodes in addition to theldgste connection, the
strongest links can be fourditieswith strong eigencentrality will be globally connected and have
more direct access to the global pipes, which enables them to innovate more effectively.
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Economic literature has some examples of eigenvector centrality, with some precedent
being set by(Kaiser, 2017) in which they utilized this centrality measure to understand the
importance of countries in a connected network. Basedeolitéhature review in above sections,
there is an expectation of core nodes and periphery nodes in this network, and this notion was

found to be the case with the use of eigenvector centrality in this network.

3.6 Limitations

When dealing withbusinessdata, especially when taken from one source, a number of
potential limitations appear in the data. In the case of the data used in this thesis, there were several
limitations. These limitationsinclude source bias, author biasjrni selfreporting and
missing/incompleteata Each of these limitations is discussed below. The initial limitation comes
from the fact that the data comes from a firm in the United States and as such, it opens up a
possibility for a bias in which there is an overrepresentation of the firms in trexllBtates. While
this remains a limitation, numerous works, which were outlined in Section 3.1 have noted the
accuracy of the dataset, and as such, this dataset remains valid for the analysis. Similarly, this
opens up incentive for firms in the US to hawere detailed reporting, contrary to other countries,

for which the data may not be full due to a lack of reporting or the unavailability of data.

The dataset has experienced manipulation throughout the course ahdhysis Each
intervention and desion by the author subjects the dataset to potential bias. Major areas of
potential author bias include the classification of firm by application area and the geocoding. The
classification of firms was done with consultation with industry articles on aleren of the
application area, and informed decisions were made based on this data. While every effort was
made to ensure that there was a seamless transition of data throughout the manipulation, there was
some data loss due to a lack of available daté/ those firms missing locational and application

area data were discarded, as these were needed fields throughout this analysis.

The dataset for this work is comprised in part with-sgforted data. Bits very nature,

this data may not always reflesal world values. This challenge would be propagated through
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the analysis, as under or oweporting of application areas would subject the algorithm to
different results. Likewise, an inaccurate reporting of locational data would have the potential to
skew the analysis. Understanding this, previous scholarship regarding the accuracy of the data
source was consultédlock & Sandner, 2009)Vith a positive result regarding accuracy to+eal

world values and the presence of both automated and hwuendication throughout thelata

source the author saw no reason to distrust thisregbrted data.

Furthermore, the data underwent much transformation from the original dataset to the final
data. Multiple steps in the process forced deletiorf of r mfer@mation due to a lack of
geographical or categorical datgach firmremovedfrom the data has the potential to decrease
the robustness of the analydiata preparation was a key aspect of the analysis, and multiple steps
were taken in an effort tminimized data lossHowever, there were multiple instances of rows
without any locational data, and considering the need for location in the analysis, it was necessary
to remove them. One key aspect of analysis of this thesis was understanding thesdataapce
the limitations brought on by utilizing certain data versus others. For example, while the
categorical data contained the most information, it was not used in the network analysis portion,

in favor of the larger dataset, which did contain the eeegeographical data.

In addition toeconomic metrics, geographical data was utilized extensively throughout this
analysis. Similar to the above economicadanitations geographical data is subject to author
bias Bias in this area may have arisen primafilym the aggregation of city regionand the
analysis of spatialistribution As mentioneckarlier in this chapter, the cities within the defined
region of Silicon Valleywere aggregated in an effort to redube presence of primarily cities
within this region and enable a more global analysis. Notably,aproach is subject to some
challenges. The first beirige creation of the aggregated region causing an artificial concentration,
and the second being tfaet that this aggregation was repeated only for certain kedwregions
(such as the boroughs of New York), and may not be globally encompaitgiagreating an
imbalance within the regions as opposed to otl&ilison Valleyis commonly referred to the
academic literature, despite spanning multiple ci{f@sesnahan et al., 2004; Breznitz, 2014,

Etzkowitz, 2019; Saxenian, 1994his is also true when dealing witkkew York (Wolf-Powers,
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2005) Additionally, challenges arise from further aggregatiglubally. Not only is a dataset of
aggregations challenging to soufcem reviewed sources, but there is debategporoaches to
spatial aggregatiomnd defining the boundaries of metropolitan regidfsr example, some
scholars haveonsidered whether cities likgig and Zurichin Switzerlandshould be considered
part ofone metropolitan regiofDessemontet et al., 201®hile otherscholars have treated them
as separate cHgegions(Gugler & Keller, 2009; Kondova, 20},&uggestinghe viability of both
approachesDue to the challenge of obtainingdata sourceghat would provide the needed
aggregations, aggregatiaras onlydone for Silicon Valleyand New Yorklt should be noted that
by creating these aggregatiomencentratioamay be artificially inflatedthus resulting in a skew

in the results.

In this analysis, concentrations of firms are assessed using the numfsensofind
investors.This concentration measuis not idealand has the potential toverestimate the
importance of a particular place compared to relative meastmasideration was giveio using
additional measures of concentrations, sucloeationquotiens [LQ] or percentageneasures.
Unfortunately,these approachesgere not pursueddue toa number of challenges related to the
data In order to calculatéocation quotierd, datawould be requirad on the firms within the
blockchainindustryat the regional and global level, as well as for either the universe of firms or
the unverse of technology firmsn the case of the lattedefiningthe tech industrys extremely
challengingand the subject of debateamb et al., 2016Wolf & Terrell, 2016) In addition to
there being competing definiti ondefinefstatigtitae c h 6 ,
classifications of industries, which are absent from @menchbasedata. Thus, it would be
extremely difficult tooperationalize this appach given the structure of til¥unchbaselataset.
Similarly, the processes involved in the clearaipthe blockchain dataset posed significant
challenges anthe work to extend this from the small number of blockchain firntegaoverall
dataset (over 800,000 records) wagond the scope tie projectDespite these limitations, there

is a strong case for using this novel dataset.
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Chapter 4

Results and Discussi on

This chapter aim to answer theprimary researchquestion What is theemerging
geography of the blockchain industryie analysis is divided intthhree componentShe frst
section ornthe nature of theblockchainindustry examingthe blockchainindustry through firm
metrics and application arelt examina if the blockchainindustry conforms to the understood
patternsassociated with the broaderch industriesSecond, lte geographyof the blockchain
industryis examinedn terms ofboth firm and investor activity and application area. In this way,
the key firm concentratios can be identified anglaces wheranchor firms and institutional
involvementmay be central can be explorédnally, the geographyof investmentss examinel
through the lens of the connections between investors and ifirrttee blockchain ndustry
Exploratory network analysis compathe dynamics of investment within the blockchain industry
to patternglocumented within relevastholarship. The chapter conclsd®y offeringa summary

of findings and possible implications.

4.1 Nature of the Blockchain Industry

Firms in the blockchain industry utilize innovative technologies in their wioskutilize
innovative technologies to their full potential, a large amount of human and potentially financial
capital may be requireaining an understanding of thems within theblockchainindustry may

allow for a better understanding of industry dynamics.

Gaining an understanding of the firm metrics will allow for further analysisxisting
trends. Thisectionaims to give the reader an understanding oflifeckchainindustry in terms
of metrics and application area, with the role of the investor emagined in regard to these
metrics. In this way, thavestmentattractiveness of a firm can be examined, and these findings
can be exploredhrough ageographicallens This analysisalso examires whenfirms were
founded in which potential explanatiotisr firm sizecan be giverBased on the literature review,

there is arexpectation thatirms will be smalland there will be a high number of new startups.
43



Finally, the application aresof the firmsareexamin&. Combined, these metrics allow the reader

a window intounderstanihg the blockchainindustry. Withthis background in placéhe role of

the investor can be examindebtential patterns of investment can be analyzed and explained.
Additionally, the analgis aims to identify the most prevalent investment tgje this industry.

The chapter concludewnith a summary of the findings arehdeavordo answerthes ect i on o6 s
guiding question:Does the blockchain industry conforta our a priori expectations of the

characteristics of new technology industries?

4.1.1 Firms in the Industry

Figure 4-1 (below) shows when the firms in the dataset were foundedbldckchain
technology was only released in January 2009, the chart begins with firm founding in this year. As
thechart shows, it took time for the technology to be adopted. Note that the analysis eké&Bided
firms founded prior to 2009; these firms are mainly adopteskokchain rather than specializing

in the development dilockchain applications.
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Figure 4-1 Firm founding per year
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The data shown in Figuel demonstrates argdual increase in the numberbbdckchain
firms founded between 2009 a@d15, followedby a large increase between 2016 and 2018. The
two years of growth in firm founding as presented in this dataset were 2016 and 2017, wherein
54.6% of all firm foundingés occurred post 20
line with patterns of emerging industries. Throughout the early years of a new technology
emerging startupfirms are foundedhat use théechnology in the hopes that they vamehow
standout from other firms inthe field. The industrynay bethoughtof as innovative yet cannot

be thought of s.asafe enough investment for the majority of the investors
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There were regulatory shifts that changed the landscape of investmblackchain
technologiespotentially explaining thelecreasén the numbeof firms founded. For example, in
September 2017, China banned IGDgial Coin Offerings). ICOs allowed firms to crovgburce
investment in exchange for financial gain upon success of théSichiickes & Gutmann, 2020)

This in turn meant that traditional funding methods ddug replaced with ICOs in those firms
that were unable to get funding. The Chinese ICO ban was found to have regulatory spillover
effects that decreased the ICO volumes throughout the {&elthvitis etal., 2020)

The blockchain industry is comprised primarily of snfaiins. Figure 4-2 shows the

distribution of firms by size.

Figure 4-2 Employeecounts
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For the most part, blockchain firms are small, with 91% of all firms being betw&én 1

employeesas shown in Figure-4. There may be several reasons for thisst, blockchain is a
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new and emerging industry, and as such few firms will have established themselves in the market
and scaled up. Second, another possible explanation relates to the low barriers of entry in engaging
with blockchain technologies, relative to other technolsgi®lockchain as a technology is
advanced and challenging but does not require the same amount of physical capital and overhead
investment for its utilization as some other advanced technologies. In ordebtoakshain, it is

more important to have skdd humancapital technicalconnectivity and business relationships

rather tharaccess teupercomputers, as mdsockchain applications can be developed on any
laptopif the firm hasthe prerequisite knowledge of thigEameworks and algorithm&irm size

provides a brid glimpseinto theindustry andeveas whatappeargo be a startup culture within

the industry.

The application area of a firm can help to describe patterns that are being found. One
observation in th literature was the notion that firms in this space will typically align themselves
with an application area that ceaconsidered less capital intensive in terms of creation costs, and
also an application areahere there is marketemand. Such applicahs are typically within
marketing and software, as these can be seen to fit the patterntetlovicalrequirementand
barriers to entryand high demand. Tablel below shows thenain applications areas associated

with blockchainfirms.
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Table 4-1 Application Area

Industrial Application # of Firms %
Commerce and Shopping 1038 26.9%
Software and Analytics 816 21.1%
Finance 352 9.1%
Sports and Entertainment 271 7.0%
Privacy and Security 246 6.4%
Hardware 242 6.3%
Health 110 2.8%
Science and Engineering 110 2.8%
Logistics and Transportation 93 2.4%
Natural Resources and Energy 67 1.7%
Personnel 60 1.6%
Property and Real Estate 60 1.6%
Education 32 0.8%
Food and Agriculture 25 0.6%
Mobile 23 0.6%
Community and Lifestyle 17 0.4%
Government and Military 16 0.4%
Uncategorized 284 7.4%
Total 3862 100.0%

Source: Author's Calculations

As can be seen in Tabdel, while the application area of firms is diverse, a gdportion
of applications are focused on serdd®f note is ther% uncategorizedrea, which is théfth
highest by percentage. The lack of information from these firms may result in a skewed analysis,
but the lack oflata and the inability to imputais information leaves little choice in the matter.
In addition, based on theends regarding application discussed in previous sections, there is an
expectation that this chart will increase throughout the top categoriasy @hdnges in placement
would occur.The area which this lack of data could yield more nuance is the lesser categories,
such as government and militaBeing subject to a low n challengkee uncategorized firms could
add to concentrations to these argaentiallystrengtheninghte analysisThe top 5 categories,
which accounfor 70.8% of all firms in the dataset, are application areas that follow the trend of
low startup costs, and high demand. For examptejs in commerce and shopping can rely on
pre-existing platform or franework such as PAX for loyaligased cryptocurrency rewar@ilbul
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& Kn c e, rathe thdan&reating novel software applications. Additionallyntineber offirms

within this specific category could indicate a proof of market interest for a founder.

Industrial applications such as Health, Logistics and Transportation are not nearly as
popular. The reasoning behind this could be that firms in the spac&emdyabacked with a
specific project or goal in mind by a large player in the industry, or that the demand for this
technology in the application area is more limited. It is conceivable that demand for commerce
and financebased application would be bigghan demand for government and military or health

applications. We can explore this phenomenon further by investigating the role of the investor.

IPOs (Initial Public Offering) and acquisitions hapeeviouslybeen utilized as a measure
of succes&suo & Zhou, 2016)in which firms that reach this status have been shown to be
successful in the long run. Only a small percentage of the firms within the dataset [2%] have had
an IPO or have been acquired, which indicates that there is a large majority of small, operating
startups in the industry, which would conform to the undecsipatterns within literatur@.he
status of firms in the dataset is found in Tab2

Table 4-2 Firm status

Company Status Number %
Operating 3762 97.9
Acquired 50 1.3
IPO 27 0.7
Total 3839

Source: Author's Calculations

Table4-2 paints a picture of an emerging industry with only a few success stories. Most of
the firms in the dataset are operating, but only a few have gone onto an IPO, or have been acquired.
What this could indicate is that only a small percent of firms have Enaded the effectiveness
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of the product, yet they are an example of success, and other firms will strive for that success.

Further examination into these dynamics is beyond the scope of the current inquiry.

4.1.2 Firms Receiving Investment Funds

A possible measure of success for firms is the amount of outside investment received. This
allows for the firm to gain access to the network of their investor, which in turn has the potential
for further investments, which has the potential to drive thetbmards an IPO/ acquisition. Table
4-3 summarizeshe changes made to the original dataset via filtering to analyze only those firms

with investments.

Table 4-3 General vs Investment Representation

General Represented Percent

in Investment

DEE]
Firms 3839 997 25.9%
Investors 1969 1956 99.3%
Investors- Individuals 418 418 100.0%
Investorss Companies 1551 1538 99.2%
Total 5808 2953 50.8%

Source: Author's Calculations

Table4-3 confirms thabnly a small subset of the firms @# receivednvestments from
other firms. This could indicate a trend of specialized, targeted investment in only those firms with
the best of products or innovations rather than a more widespread investment intogtrg &l
whole. The other interpretation of this datath&t these companiearec onsi der ed fAan
companieso and t he ot Wesercreateod as @ aesuit ef shese comparies d a't
being invested in. Further analysis of this possible phenomeill follow in Section4.2 The
investor number being almost equal is not surprising, as the individuals were brought into the
dataset from the investment dataset, and a small reduction in investors between the datasets could

be attributed to anislabelingof the categories, or a braneéw investor witmoinvestments. Since
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investor numbers are almost equivalent,rdreaindeof this section will focus on the differences

in firms.
Table4-3 provides an initialinderstanding of the landscapetioe invested firms from a

geographical perspective, but a key aspect in understandisetitbtnds are what kirgdof firms

were interesting to investgravhich can be seen in Tablel4

Table 4-4 Firms by Employee Count

Employee Count Invested Firms All Firms Percentage
1-10 312 917 34.0%
11-50 326 1,564 20.8%
51-100 43 254 16.9%
101-250 28 255 10.9%
251-500 8 119 6.7%
501-1000 1 26 3.8%
10015000 4 20 20.0%
Missing Data 275 684 40.2%
Total 997 3839

Source: Author's Calculations

Missing data accounts for 40% of the data in Tablednd this has the potential to weaken
analysis.Based on the trends regarding employment, there is once again an expectation that the
distribution of the missing data be primarily within th&@ range, and as such, the expectation is
that this missing data wilincrease the overall scale of the resulsther than the results

themselves.

Table4-4 demonstrates investors are at two ends of the spectrum. On the ongndiand,
are higher proportions of small firms withvestors. These firms are typically considered start
ups, and they areftenthe trie disruptors and innovators in the field. As seen in the literature,
investors invest in these companies if the idea or innovation ithahihey believe will lead to
large return on investments. Furthermore, investment in these smaller companiexyngnlered

high risk in the sense of the probability of losing money, is actually fairly low risk, as the amount
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of money that needs to be raised in the funding roisndsmparatively smallCompounding this
with a diversification of portfolio, the ovefaisk in investment into small firms is low. As the
employee counts rise, the percent of invested firms goes down increasingly.

Additionally, investments into staups are typically followed with a strong presence of
the investor. In this way, the inst®r typically allows access to their networks and may mentor the
firm. This practice is beneficial for both the investor and the firm. By having a more-bands
approach, the investor is able to keep an eye on the investment in a sense and have ecinore dir
i mpact on the outcome. From the firmbés persp
monetarytechnologicaland perhaps even human is a great boon. By interfacing with the investor,
the firm is able to gain knowledge faster and perhaps efficgently than by themselves. The
caveat here is that an investor must allow for some autonomy of the firm, otherwise multiple
challenges will be had. As the number of employees increase, the firms are seen as more
successful, and investors are lessljiki® invest in firms that are largdrecause they cannot
directly influencethem as easilgndlarger firmsalready have the capital and resources needed in
order to be successful. On the opposite side of the employee counts, the largest companies and the
most established received investments at a percentage rivaling thaéi@fdslthe investment into
this bracket could be considered as Atoo big

investor.

4.1.3 Investment by Firm Specialization

Blockchainis atechnology whichcanrequire relatively low upstart costs in terms of
financial capital. It is fully feasible for a startup oRlemployees to pick up laptops and begin
innovating the next blockchain application. The challenge is thadtisihs like this typically
utilize the technology for the mosbviousor easiest application, as the costs are low and there are
already resources available for a quicker startup. Investment into these firms does not need to be
extremely large, as the upg is relatively easy, and the tech is more simplistic, yet almost
guarantees ROI. On the othend there are categories that need heavy investment, and these are

typically those that utilize the technology in more advanced cases.
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Blockchain is most

often associated witkcryptocurrencies.

However,

while

cryptocurrencies are thbkest known, investors are investing ifirms across a spectrum of

application aregsas Tablel-5 shows.

Table 4-5 Investor and Firm category

Investor Category # % Firm Category # %

finance 616 31.3% commerce and 234  23.5%
shopping

commerce and 118 6.0% software and analytics 77 7.7%

shopping

health 57 2.9% finance 66 6.6%

sports and 51 2.6% sports and 57 5.7%

entertainment entertainment

software and 35 1.8% privacy and security 46 4.6%

analytics

hardware 28 1.4% hardware 41 4.1%

property and real 19 1.0% health 24 2.4%

estate

community and 16 0.8% science and 23 2.3%

lifestyle engineering

naturalresources and 16 0.8% logistics and 19 1.9%

energy transportation

personnel 16 0.8% natural resources and 16 1.6%
energy

science and 16 0.8% personnel 14 1.4%

engineering

education 13 0.7% property and real estat 14 1.4%

logistics and 12 0.6% education 7 0.7%

transportation

privacy and security 12 0.6% food and agriculture 6 0.6%

government and 9 0.5% mobile 5 0.5%

military

mobile 9 0.5% community and 4 0.4%
lifestyle

food and agriculture 6 0.3% government and 3 0.3%
military

missing data 920 46.7%  missing data 341 34.2%

Total 1969 100.0% 997 100.0%

Source: Author's Calculations
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As can be seen in Tabde5, financial applications dflockchain technologies account for
only third in the most invested but are ttegegory that most of the investment firms identify as.
Table 45 faces similar challenges in terms of missing data as TaBleOhce again, based on
application area analysis from the literature, élpectation is that the scakell change, but be
unatered at the top end. It would brimgore detail to the lesser categories and strengthen the
analysisExamining the top 3 categories for each of the firm types revealdldlc&thain is being
used, as with a large number of technological innovationsy&oketing and commerce purposes.
Commerce and shopping, software and analytics and finance make up the large portion of the firm
categories. From the investment side of things, it is not surprising that the number one is finance,
as these are investmeritnis with large capital and mainly operate in the financial sector.
Secondly, as stated above, a large subset of the technology is being utilized for marketing and
commerce purposes, so it is to be expected that commerce firms will invest into tupsstart
ensure they are at the leading edge of the technology, allowing them to gain market share and

entice their customers.

After finance and commerce applications, investors were most interested in e [
and sport an@éntertainmentZ.6%]. Both of these application areas are not primarily associated
with blockchain yehave used blockchain technology to great effect. One major challenge in the
medical community, and more specifically in the pharmaceutical community is the prevdlence o
drug counterfeiting |, in which firms wil/ sel
wrong or no adXFoodeandbDragiddnanisiragon, 2@ 3he practice is not only
highly unethical but also extremely dangerous. It is for this reason that investors in the health space
are turning tdlockchain as a potential solution. Firms are utilizing the transattxaking power
of blockchain to ensuréhat the drugs are authentic via deep learning, IoT and other advanced

technologies, which aid in filtering out fake drugs.

Another category that is naiften mentioned withrespect toblockchain is sports and
gaming. As seen iiable4-5, firms specialimg in sports and entertainmeatcount for 5.7% of

all firms. Similarly, in the age of influencatriven online social network€hopra et al., 202}1)
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multiple firms are utilizing the financial side of cryptocurrencies in order to encourage posting
content in exchage for money. This iachievedvia distributing view money (which &form of

crypto currency) to all viewers in the tree, encouraging the best content as the poster gets the most
money. Il n essence, firms and investors in thi
cryptocurrencylike system to drive marketing thiout being subject to the same restrictions and
competition that normal marketing agencies face. These firms are th@orehoyalty agencies.

By being loyal to the clientds content, the e

Firms operating witin the commerce and shopping category exhibit the highest percentage
of investment. A majority of these firms focus on cryptorency based loyalty programs to entice
the consumer with financial rewards. Firms in the logistics spaces are utilizingitbegismart
contracts to enable a more effective supply chain, leading to reduced costs and lower risk. From
an investment perspective, the world is highly reliant on supply chains, and everyone is looking
for the best way to reduce their risk and de@eqagces to drive high consumer volumes. In turn,
investors into this field are banking on the
which would yield a very high ROI to the investing firm. This is similar in the transportation space,
whereininvestors are funding ideas and firms that have a high probability of mass adoption,
leading to high ROIOne such example of this is a firm that is utilizing smart contracts to establish
efficient, fast,and safe traffic patterns. Should this technolggin a foothold, it will be utilized
in multiple cities and locations, which will lead to high profitability of the firm, and thus bring

large ROls.
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4.2 Geographic Patterns of the Industry

Scholars have long understood the role of geography in industryriparfoe. For
example, the notion of clustering, first introduced by Porter (1998) highlights the relationship
between cdocation and firm success. It is not surprising that cegkrineswill have more of an
influence on an industrysuch placesre typi@ally associated with being economic, financial,
and/orculturalcapitals of the worldwithin these locales, there are number of positive externalities
from which firms can benefit, such as incredseowledge transfelaccess to human and financial
capitd and access to global pipelingathelt et al., 2004bYhese locales provide strong stapt
and innovation ecosystems, which in turn attract businesses. Relocation of firms, combined with
the nurturing ohomegrownalent through startups and sqiffs aid in firm attraction, which in
turn causes a positive feedback loop. Supported by a strong ecosystem, these locales grow into
potential clusters. Indeed, it is not only the firms, but the investors that will tend to locate in these
places. Thus, in th section, the analysis aims to understand the global geography of the blockchain
industry, both in terms of the location of blockchain firms and the patterns and networks of
investment that support thefhe measure for concentrationthis section is mique firms by

location. That is, the sum of uniquely named firms in the geographical area.

4.2.1 Global Geography of the Blockchain Industry

This section offes an understanding of the global geography of the industry. Based on
observations made elsewhere in the literatures énticipated that blockchain firms would
concentrate in world cities, as well as major technology .Htigsre4-3 shows a global map of

the concentrations of blockchain firms and investors

56



Figure 4-3 Country-level activity (Firms and Investors)
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Figure 4-3 demonstrates that blockchain activity (both firm andestor) can be found

across the globe, but there are higher concentrations in some countries, namely the United States,

China, and the United Kingdom. Each of these countries is home to a teghawdidgr financial

capital: London (UK), Silicowalley (US) and BeijingChina). To understand this pattern further,

firms and investorare investigatedeparately.
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Figure 4-4 Country-level firm activity
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Figure4-4 examines countrevel firm activity across the globend itclosely resembles
the pattern seen ind The ecosystems and access to both financial and human capital within these
locales both attracts firms to the countries and allows for the retention of local talent. Firms are
globally distributed, yet exhibit strong-¢acation within certain countriesuch as China, US, and
England. These countries are able to provide incumbent firms with the needed resources to thrive,

with access to the pipelines and the investors within close geographical proximity.
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Figure 4-5 Country-level investor activity
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Figure 45 examines where blockchain investors are located. It shows that investors are
more concentrated than blockchain firms, with high concentrations in only a few countites: U
States,China, and the UK Indeed, these countries house major global cities that offer high
concentrations of financial and human capital. Notably, FigeBdells a story of significantly
more investors in the United States than othe
New York and Silicon Valley, which have been centers of innovation and finance for multiple
decades, it is not surprising teesthat the US appears to be the key to this ind(Btail, 2019;
Florida & Hathaway, 2018Based on this nanallevel analysis, there is an expectation that, at
the city-level, there will be clusters of activity within these countriezble 46 (firms) and Table
4-7 (investors) provides the data behkidures 43 to4-5
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Table 4-6 Country level firm counts

Position Country # Firms % [n=3,839]
1 United States 1,266 33.0%
2 United Kingdom 345 9.0%
3 Singapore 210 5.5%
4 China 183 4.8%
5 Canada 156 4.1%
6 Switzerland 143 3.7%
7 India 137 3.6%
8 Germany 116 3.0%
9 Hong Kong 112 2.9%
10 Australia 74 1.9%
11 Netherlands 73 1.90%
12 Estonia 70 1.80%
13 France 60 1.60%
14 Spain 59 1.50%
15 Israel 47 1.20%

Source: Author's Calculations

Table 4-7 Country level investor counts

Position Country # Investors % [n=1969]
1 United States 983 49.9%
2 China 197 10.0%
3 United Kingdom 134 6.8%
4 Germany 53 2.7%
5 Canada 49 2.5%
6 Hong Kong 47 2.4%
I Japan 42 2.1%
8 India 35 1.8%
9 Singapore 35 1.8%
10 Switzerland 33 1.7%
11 France 32 1.60%
12 South Korea 32 1.60%
13 Australia 28 1.40%
14 Spain 26 1.30%
15 Israel 23 1.20%

Source: Author's Calculations
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As expected, the Top 10 countries are countries that havelbeemented to bat the
forefront of innovation and technology. The common theme in these countries is the high
number of investors. When investors are present and investing into their owardadkusters
tend to be created and prosper. This in turn creates a positive feedback loop in which firms
receive funding from the investors, which in turn leads to more firms moving into the area,
which further propels the area further. Another commgnaiithin this list is the presence of
world cities and technology capitalsarmajority of the countries in Talslé-6 and 47. These
are countries with large capital and high GDP. Both firms and investors need access to capital
and global pipelines, dais list is to be expected. Based on this tablebkbhekchain industry is
highly globalized, with each part of the world having firms and investors. A notable difference
between the US and others is visible in the numbers, but this could be dueawailatality and
not necessarily indicate the overwhelming position of the US as presented here. However, the
domination of the United States in the technology space is not exactly new, as the country has
beenamainstay in the technology and finance spfr multiple generations, highlighted by
strong institutional support, access to capital and-teghnology areas such as Silicon Valley
and New York. The largest difference between the US and most other countries, with the

exception of China is the sthdifference between the number of investors and firms.

Subnational (cityregion) location patterns of blockchain firms in North America, Europe
and Asia are examined. Additionally, analysis regarding possible regional specialization within
applicationareas is presented for each region. Percentages in this section represent the percentage
of total firms in the region a® the total number of firma the application area. For example, if
there are 10Qunique firms in the application area city thathosts 10 unique firmé the
application areavould account for 10% of thiotal. Categorieghatfollow the general patterns
observed in the dataset of either lowor primarily concentrated in the world citiegre not
subject tadetailed analysis. Categories in this group inclodesticsand transportation, education,

food, and agricultureAssociated figures may be found after the discussion.
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Figure 4-6 showsthe distribution of blockchain firms acroggorth America. North
America demonstrates clear activity clustering on both sides of the border. Silicon Valley and New
York are the main hotspots of activity in this s@gion, but there is activity throughoWhile
overshadowed by the main hotspots, smaller clusters in Vancouver, Toronto and Seattle appear in
the map. Categorical analysis of regioeveals that Montreal and Austin appear to be specialized
in the software and analytics category, as they htleerepresentation in the other categories.
Specifically, in the case of Montreal, this is the only category for which this city is listed, with a
1.2% share of total unique firms. Sports and entertainment in North America is concentrated in
known hotspts such as Los Angeles atie Cayman Islands. These are cities with a clear sports
and entertainment cluster, with Hollywood in Los Angeles serving as a capital of the application
area. Science and Engineering, which falls into the space of induspiaagipn for this work,
shows up in the major cities as per the other categories, but does show up in specific cities such as
Austin, Chicago, and Johannesburg, which are cities without much representatiorsen the
categories, indicating potential regibspecializations. Similarly, the application area of Science
and Engineering appears to have concentrations whalistin [2.7%)] and Chicagd2.7%].
Personnel, a category which is heavily represented by consulting firms, is extremely predominant
in the world cities of the West, and more so with a strong national specialization in the United
States. Within the top 15 cities represented in thtegory, 4 of them are located in the United
States, and 6 of them are located in North America. Apart from Silicon Valley and New York,
Atlanta [2.6%], Toronto[2.6%] and Seattl¢l.7%] appear to have concentrations of personnel
activity areas. The hardwea application area is prevalent in the major cities but appears to be
concentrated within SaBiego [2.8%] and Raleigh1.8%] in the United States. Nashville in
particular holds a strong Health ifidustry B.9%], with several anchor institutions that iate
a techforward approach to healthcare. In turn, this leads to advanced tech firms that wish to
specialize in the field to elmcate in the area in order to benefit from the infrastructure and capital
in the regior(seeAndes et al., 201§)Property and real estate shows a clear regional specialization
within Florida, as both Orlando and Miami are present atlist, with a total of 4% of the total
global firms between them. Natural resources and Energy, an inchatityald a strong identity

within certain cities and regiongield regional specialization toavith Houston playing host to
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about 5% of the total [n=® firms in the datasdfor a more indepth analysis of Houston and the
Energy industry, se€utino et al., 2019)North America is diverse in application areas yet does
display signs of regional specialization.

Figure 4-7 shows firm activity within Europe. There are high concentrations of firms in
London, Amsterdam, as well Zug and Tallin. These cities are globally connected, with a number
of investors and prexisting tech ecosystesreither through the presee of technology investors
(London), or the presence of strong anchor firms (Tallin and Zug). However, it appears that there
are concentrations of blockchain firms present across European cities. It is possible that this is due
to the stronger emphasis oclusterbased innovation policies and relevant institutional
involvement and policy to encourage clustering in citesoss different national contexts
(Crescenazi et al., 2007This is somewhat different from North America, where smaller clusters
are very clearly overshadowed by Silicon ¥glland New York. Firm activity within Europe is
widespread over the categories. World cities within Europe such as London, Berlin, and
Amsterdam can be found throughout the categorical analysis. Of note are cities such as Zug and
Tallinn, as they appear & multitude of categories, which speaks to the growth and maturity of
the cities. Within commerce and shopping, Moscow appears to display signs of regional
specialization in the area, but this may be a factor of the low firm count in Moscow, and the
prevdence of commerce and shopping in the dataset. Within the Personnel activity area, some
cities appear that do not have representation in other categories. Cities such asliBlavioh,
[1.7%)], Zurich, Switzerland2.6%], and Sofia, Bulgaria [1.7%] appetar host a concentration of
firms specializing in this application areéug and Zurich show activity iroperty andReal
Estate, and can be interpreted as a regional specialization in Switzertackl may be the result
of a specializegroptech/Contech cluster brought on by institutional involvement in the region
(Proptech Switzerlandh.d.) In theMobile category, even with afential small n challenge [n=
23], the city ofKiev, Ukraine appears, and is indeed the only time that the city appears. Upon
further examination, the local mobile provider, Kyivstar siastedo utilize advanced technology
such as big data arithsmassvely improved the network infrastructure in the reg(@lyivstar,

2020) Once again, this can be seen as a potentidlaarfirm, around which these firms will o
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locate in order to be privy to the positive externalities brought on by the presence of such a firm in
the region. Kyivstar has displayed interest in advanced technology, and the firm is extremely well
funded, sait is understandable that a firm in the mobile space woultbcate in the region.

Overall, Europe displays a wide range of activity, and this activity is more spread out across the

region as opposed to North America.

Figure4-8 shows firm activity within Asia and Oceania. Tech clusters can be seen in the
global cities in Asia: Shanghai, Beijing, Hong Kong, and Singapore. Smaller clusters in India,
Israel, South Korea, and Japan are prestegional specialization in this regican be seen in a
small number of cities. Tel Aviv and Israel have been analyzed by economic thinktanks and they
view Tel Aviv as a hotspot of tech innovation due to a strong economic infrastructure and
concentration of technology within the cifGetz & Goldberg, 2016)Specifically, therds a
concentration of software amadhalytics [.8%] within Tel Aviv. Firms in the Hardware application
area appear to have some concentration within India,@itnnai 1.8%)] and Bangalorfl.8%)]
appearing, specifically in this category. Indeed, there iseseamolarship to suggest that a
hardware cluster is present in the region, with Chennai and Bangalore being top cities in the space
(Khomiakova, 2007)MedTechappears to be prevalent across Asia, with Gatipei [3%] and
Sydney[3%] appearing in the top 15 in the category. MedTech is a large industry in Australia,
with a main cluster in SydngWSW Treasury, 2019)institutional involvement in the form of
policy-driven innovation from the Taiwanese government, with an aim to créegaléh could be
a factor in thepresencef Taipei in this categoffeuropean Union, 2018Asia seems to exhibit
similar trendgo Europe, in that most major urban centers have some blockchain firms, especially

in financial centers.
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Figure 4-6 Regional activity - North America

Source: Author's Calculations

Figure 4-7 Regional Activity - Europe

Source: Author's Calculations
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