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11 Abstract: The topic of technology development and its disruptive effects has been the subject of
12 much debate over the last 20 years with numerous theories at both macro and micro scale offering
13 potential models of technology progression and disruption. This paper focuses on how the potential
14 theories of technology progression can be integrated and considers whether suitable indicators of
15 this progression and any subsequent disruptive effects (particularly considering these
16 geographically) might be derived, based on the use of big data analytic techniques. Given the
17 magnitude of the economic, social and political implications of many disruptive technologies, the
18 ability to quantify disruptive change at the earliest possible stage could deliver major returns by
19 reducing uncertainty, assisting public policy intervention and managing the technology transition
20 through disruption into deployment. However, determining when this stage has been reached is
21 problematic because small random effects in the timing, direction of development, the availability
22 of essential supportive technologies or “platform” technologies, market response or government
23 policy can all result in failure of a technology, its form of adoption or optimality of implementation.
24 This paper reviews some of the key models of technology evolution and their disruptive effect
25 including, in particular, the geographical spread of disruption. It suggests a methodology for
26 utilising the recent explosion of open and web-discoverable data to determine a methodology to
27 achieve this earlier determination and considers the potential exploitation of big data modelling and
28 predictive analytical techniques to achieve this goal.

29 Keywords: Geographies of Disruption; Data Analytics; Policy Intervention; Uber; Disruptive Technology;
30 Disruptive Innovation; Path Dependency; Platform Development; Platform Economics

31

32 1. Introduction

33 Governments, think-tanks, commercial organisations and consultancies invest substantial resources
34 and expertise in technology forecasting, but it remains a highly imprecise process. On which

35  technologies should a government focus its research budgets? How might technological change

36  result in the need for major or long lead-time infrastructure changes? Where will the technical and
37  commercial challenges to an established market leader come from? What technology

38  developments might become a threat to the defence or security of a nation and how might a

39  Government mitigate against such threats? There is an element of both corporate and international
40  competition, with different countries taking the lead within certain technologies, and potentially
41  gaining significant advantage from disruption compared with other incumbents. Meanwhile,

42 specific commercial innovation centres such as Silicon Valley cultivate different specialisms of

43  disruptive technology. Geography, and specifically the spatial concentration of knowledge for a

44 given innovation, are also significant to disruption (Martin, 2015 [1]; Nathan and Vandore, 2014 [2];
45  Schmidt, 2015 [3]).
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46  Many studies of technology consist of future predictions of a single or small set of most probable
47  outcomes and can have significant influence on Government investment strategies. Yet they have a
48  poor track record of successfully defining future outcomes. Indeed, there is a highly respected

49  body of literature from economic and business process modellers. For example, both Christensen
50 (1997) [4] and NRC (2009, 2010) [5,6] argue that the stochastic nature of factors influencing

51  development and the exploitation of new technology makes effective forecasting impossible.

52 However, others (for example, Arthur, 1994) [7] acknowledge the seemingly random nature of

53 problems and unpredictability of outcomes at the early stage of evolution of a new technology but
54 argue that unpredictable and external influences induce a process known as path dependency

55  wherein the later stages of evolution become locked-in and increasingly deterministic.

56  Accepting Arthur’s view of technology evolution, the challenge becomes one of being able to

57  monitor and measure this transition from randomness to determinism in as timely a manner as

58  possible, or even know when the state is transitioning. So doing might enable public policy makers
59  and commercial organisations to incrementally reduce the envelope of uncertainty and increasingly
60  narrow their focus for policy intervention or investment and plan for the consequences of an

61  emerging technology outcome from the earliest possible time. The financial and wider benefits

62  that may result from earlier identification of the winning outcome from the disruption could

63  provide significant commercial advantage.

64  There is also a geographic element to the potential disruption; it may be possible to predict the

65  progression of disruption in one geographic region by looking at indicators (retrospectively) in

66  another which has already been disrupted (exploiting footprint of existing information on the

67  disruption). Examples of how this might be done in practice is developed in Parts 4 and 5 of the
68  paper. Itis the pursuit of the objective of assessing potential disruption, and its likely geographic
69  and temporal scope that is the subject of this paper. The proposition is that a big data approach

70 could be applied to technology disruption forecasting, and this paper takes some initial steps to
71  establish to what degree this is possible in practice.

72 The remainder of the paper is divided into five parts and is organized as follows. Part 2 reviews
73 models of technology structure and change focusing on the work of Christensen and Arthur as

74 overarching concepts, and drawing-in specific work from other researchers to support a more

75  detailed unified model. Part 3 discusses the development of an overall model of technology

76 composition. To provide a consolidated model of technology growth against which technology

77 progress can be assessed there is a need to try and capture key elements of the various proponent’s
78  models described above and provide an integrated conceptual framework for measurement. Part 4
79  considers the characterisation of technology change; that is, the extent to which it can be modelled
80  and the range of technological outcomes be narrowed, making policy intervention or further

81  research and development more informed. It examines the proposition that early indicators are
82  potentially possible because of the unprecedented level of information available via the Internet
83  and the availability of big data analytics and proposes experimental architectures to do this. Part 5
84  presents a case study (Uber) looking at the evolution of the smartphone platform and how it then
85  supports a disruptive application. Part 6 exploits this case study to describe an experiment and its
86  results in measuring disruptive application deployment geographically over time and its

87  correlation with smartphone deployment through time and space. Part 6 concludes the paper,

88  summarising the various models of technology progression, and considers the next steps in

89  developing indicators of likely technology progression.

90
91

92
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93 2. Understanding Technology Change

94  Intwo reports on the Persistent Forecasting of Disruptive Technologies (2009, 2010) [6,7] The

95  National Research Council assessed the landscape of technology forecasting, summarising the main
96  theoretical approaches in this field. Whilst it identified potential analytical tools, no significant level
97  of experimentation was noted. At the time the Internet did not provide pervasive data and big data
98  tools were embryonic. Almost a decade later, this paper reports new research which addresses the
99  issue of forecasting from different perspectives and then considers potential measurement

100 approaches.

101  We present an approach which incorporates a range of measures to give an integrated and

102 automated index of technology progression. It draws on two key theories, Arthur’s model of
103 technology’s structure (2009) [8] and Christensen’s model (1997) [4] of dynamic behavior in

104  technology related markets. It is underpinned with the work of Mazzucato (2015) [9] on the

105  foundational role of government institutions in supporting disruptive technology evolution, of
106  Arthur (1994) [7] on Path Dependence, Mokyr (2016) [10] on tinkering, and an emerging body of
107 work on the economic role of digital platforms (for example, Langley and Leyshon (2017) [11],
108  Srnicek (2017) [12] and McAffe and Brynjolsson, (2017) [13]. Lastly the model draws on under-
109  pinning practical approaches to measuring technology progression including approaches drawn
110 from the big data domain. Christensen’s theories have seen significant criticism over the past
111 decade, most recently Lepore (2014) [14], arguing his characterizations are too simplistic and not
112 representative of real situations, but at a macro level his key concepts are useful.

113 2.1 Technology Anatomy and Ecosystems

114 Arthur (2009) [8] describes technology’s anatomy and ecosystem offering some general unifying
115  concepts. He classifies technologies as follows: fundamental, based on their defining physical

116  properties, compositions (domain clusters) of other technologies and lastly supporting (enabling
117 other technologies to succeed). He suggests key technologies characterise a design

118  approach/viewpoint, Arthur also describes an ecosystem of producers (academia, government,

119  industry) and consumers. We formalise Arthur’s concepts in information theory terms as well as
120 integrating key concepts in the other research. This enables the definition of a machine describable
121 model and consideration of how it might be populated. Arthur suggests that as technology

122 develops it drives a set of support tools, ways of thinking, and a form of grammar and expertise
123 which reinforce a specific set of approaches in line with the technology’s capabilities. Institutions
124 and corporations develop around a technology to deliver the skills and capability to support it.

125 These aspects of Arthur’s description of technology provide a structural model which could be used
126  to capture the state of technologies and is used in this paper to provide a potential framework for
127 technology assessment. Disruption by a new technology typically results in not only the technology
128  being replaced, but also the skills, ways of working and competitive advantage for specific

129 organisations also becoming obsolete (a process particularly addressed by Christensen). Arthur’s
130 macro-model of the technology ecosystem is explored in greater depth in Part 3.

131 2.2 Business Models

132 Formative work on technological change by Christensen (Bower and Christensen, 1995), The

133 Innovator’s Dilemma (1997) [4] and The Innovator’s Solution (2002) [16] identified two forms of
134 technology evolution: sustaining and disruptive. Sustaining technologies are well understood by
135  those using them and typically evolve slowly, developing on an incremental basis. Each stage
136  provides a better version of the technology. A typical example is the development of the internal
137  combustion engine which has been continually refined. Disruptive technologies, meanwhile, are
138 initially characterised by significant limitations compared with existing technologies but have the
139 potential for dramatic improvements in efficiency, cost reduction or other highly significant
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benefits. Electric cars, for example, currently are expensive, have a short range and require long
charging times due to battery limitations. But once these issues are resolved they are likely to be
cleaner, more efficient, and due to inherent simplicity (at least at a purely mechanical level), more
cost effective.

Disruptive technologies often favour the newcomer over the incumbent, resulting in the
displacement of existing organisations or ways of working. Christensen identifies the example of
IBM (the mainframe computer manufacturer) being displaced from the 1970s by Digital Equipment
Corporation (DEC) with new mini-computer technology. DEC were later displaced by a plethora of
corporations (including a now smaller IBM) which developed the personal computer. Christensen
undertakes an in-detail analysis of technology progression in the disk industry analysing how new
technologies, adopted by new entrants, can quickly displace existing organisations using current
technologies resulting in continual business emergence and business failure. Incumbents may see
the new technology coming, but are often unable to sustain development in current and new
technologies concurrently and so are unable to react in time (Schoenberger, (1997) [17]).
Christensen’s model suggests that newer, cheaper alternative technologies initially have significant
flaws preventing them from usurping extant technologies. As flaws are mitigated (perhaps with
additional supporting technologies) the new technology quickly becomes disruptive, taking the
bulk of the original technology’s applications (Figure 1). An example is the demise of the high price
3D workstation: dramatically improving personal computer technology available at much lower
cost meant the 3D workstation market receded as only exceptionally high performance warranted
the price (for example in computer aided design (CAD) in architecture). Fixed infrastructure
phones/landlines have been substantially replaced by mobile phones, as evidenced by the lack of
public pay-phones available in most cities. The mobile phone was initially limited by range and
battery life but when new battery technology became available and mobile transmission masts
became more prevalent these disadvantages quickly were mitigated.

Performance
demanded at the high
end of the market

& Performance
s® g0 demanded at the |
(e c‘ﬁ“ﬁ emanded at the low

Product Performance

Dksrupive e end of the market
technological (e
innovation g
Time

Figure 1 — Christensen's Model of Disruption, Bower, Christensen (1995)

2.3 Institutional Influences

Mazzucuto (2011) [9] has argued that technology is to a large degree driven by government funded
research, citing the example of the iPhone which exploits and relies upon over 20 government
funded technologies (e.g. GPS, High Performance Batteries, Microprocessors, Solid State Memory,
etc.). Figure 2 shows the amount of government funded research that went into the iPod/iPhone
products delivered by Apple and considered commercially innovative.
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However, to what extent is this still true? Historically governments funded ‘blue sky’ research
whereas corporate organisations fund more applied research. While government funding of
research organisations is significant, Big Tech companies such as Google, Amazon, Apple and
Microsoft are now running significant research organisations, undertaking fundamental science,
but where not all research is publicly released. This development may lead to a development of
oligopolies if not monopolies as conforms to the model of path dependence model described by
Arthur. Srnicek (2017) [12] also addresses this issue describing the role of venture capitalists in
providing waves of cash, so called venture capital welfare, allowing technology companies
undertaking complex research to survive longer and transition to financial viability.

First
Generation
iPod (2001) Commercial Product iPod Touch
and iPhone
(2007) iPad
Development (2010)

Government Sector
Technology Research
Exploited

( DRAM Cache (DARPA) — (
( Lithium lon Batteries (DoE) —— (
( Signal Compression (ARO) | S (
[ Liquid Crystal Display (NIH, NSF, DoD) ————— ( SIRI (DARPA)
[ [
[ [

Internet (DARPA)

HTTP/HTML (CERN)

Cellular Technology (US-MIL)

Micro Hard drive (DoE/DARPA)  b——————
Click Wheel (RRE, CERN) I —

NAVSTAR-GPS (DoD/Navy)

Multi-touch Screen (Doe, CIA/NSF. DoD)]—

Figure 2 - Mobile Phone Origins, (derived from Mazzucato 2015)

Mokyr (2016) [10] suggests technology development sometimes derives from ‘tinkering’ i.e. not all
significant technology development is planned but can be the result of both accidental discoveries
and ad-hoc innovation. This is consistent with all of the above models and may be considered an
input into both the path dependent model and Christensen’s model of new technology
development.

2.4 Path Dependence, Platform Development and Technology Readiness Levels

Arthur’s (1987) [18] work on path dependency describes a model of technology evolution where the
chance of dominance increases with each small successful deployment. Small early advantages
increase the chance of one technology succeeding, and this small advantage then magnifies with
further small gains and therefore increased chances of success (the path dependence). The premise
is that a small lead can have an exponential effect. ~ The initial technology dominance appears to
be random but, at some point, path dependency becomes more deterministic and therefore
predictable. Our suggestion is this tipping point may be measurable; path dependence provides an
explanation of the case of the VHS video format, which achieved greater success than the Betamax
format, despite the latter being generally agreed to be the superior platform. VHS, mainly due to
early content availability, eventually achieved complete dominance. In this case technological
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200  superiority was not the ultimate reason for success or failure but instead resulted from early
201  adoption by content providers.

202 A related model of technology exploitation is based around the concept of platforms. Langley and
203 Leyshon (2017) [11] identify specific socio-technological ecosystems which support and can

204  accelerate technology growth. These platforms may be, for example, on-line exchange markets, such
205  asthe Apple or Android App stores, or finance related, such as crowd-funding platforms. Because
206  of the nature of information technology development, the platform model is a key driver in

207  technology adoption. Platforms often compete initially but winning providers gain significant

208  advantage and contribute to path dependency. The implications of this transition to platform

209  capitalism is described in Srnicek (2017) [12].

210  Objective assessment of progression/disruption requires measures of technology state/progress.
211 One measure, Technology Readiness Level (TRL), was conceived by NASA to characterise

212 technology status for use in space missions and is now supported by the European Association of
213 Research and Technology Organisations (EARTO). It includes well defined characterisations and
214 associated measures of technology state in a domain. The measures are shown in Figure 3. As a
215  well-recognised, domain specific quantization of a technology state it is relevant to this paper’s
216  goal. It does not, however, address the issue of disruption itself or rate of change of technology
217  state, which could be added by considering for example technology cost in a domain (say TRL/£) or
218  TRL change over time.

€=}

. Actual system proven through successful mission operations

. Actual system completed and qualified through test and demonstration

. System prototype demonstration in an operational environment

. System model or prototype demaonstration in a relevant environment

. Technology Component validation in relevant environment

. Technology Component validation in laboratcry environment

. Analytical and experimental critical function and/or characteristic proof of concept

. Technology concept and/or application formulated

=N w0y N0

. Basic principles observed and reported

219

220 Figure 3 — The Technology Readiness Level Model (NASA)

221 2.6 The Gartner Hype Curve

222 Gartner (see Linden A and Fenn J, 2003) [19] postulate that the progression of technology can be
223 depicted as the "Hype Cycle’ (Figure 4) with technology becoming ‘hyped” and then falling back as
224 it fails to broadly deliver, but finally achieving utility in a limited domain.. Published by Gartner
225  annually for more than 15 years for a range of sectors it is a potential benchmark of technology

226  disruption (e.g. https://www.gartner.com/smarterwithgartner/top-trends-in-the-gartner-hype-cycle-
227  for-emerging-technologies-2017/).
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Figure 4 — Characterisation of the Hype Cycle Representation

The hype cycle model measures more than TRL, indicating status in relation to adoption. While an
absolute numerical measure is not available, the region of the graph in which the technology exists
is a potential measure (e.g. building to peak of expectations, falling to trough of disillusionment,
etc.). There is also a relative measure possible in that items are before or ahead of other items in
progression along the curve.

A good example of progression is Augmented Reality, which over 10 annual cycles has moved
progressively through the cycle. AR became ‘hyped” with the release of the Google Glass AR
glasses but widespread experimentation revealed problems with hardware maturity, lack of
accurate very high resolution mappings, etc. and was not widely adopted. However, AR is now
delivering in specialist areas where data quality is high and the weight of better hardware is less of
an issue than in wearable technology, e.g. in automotive design. In this case the hype cycle was a
good predictor, although Gartner do not promote it as such. Nevertheless, for our purposes it does
offer a useful measure of technology progress and it remains a potential benchmark for comparison
of our work.

Big Data Analytics

Big data analytics offers the prospect of supporting current manual methods of technology trend
assessment with automation. Within this paper, we adopt the description of big data from Mayer-
Schoenberger and Cuckier (2013) [20] which defines big data in terms of approach. They outline
four essential elements of the big data approach we can exploit for technology progress analysis.
First, datafication, identified as the process of producing structured observations from unstructured
data (an early 19th Century example was analyzing the narrative in the archive of ship’s logs to
provide better navigational maps/tables. Second, the use of all the data rather than sampling,
possible because of improved computing and storage. Third, accepting that large amounts of data
are typically of highly variable quality, but quantity helps mitigate this. Fourth, and finally, the idea
that where a desired measure cannot be made, a proxy measure correlated with it can substitute.
For example, it is difficult to remotely measure the state of maintenance of properties and therefore
their fire risk, but if the state of repair of the front of a building (which can be captured by bulk
photography) correlates well with maintenance state (and can with historical data be proven to
correlate), it can be used as an effective future measure. We apply this approach to technology
disruption measurement (see Part 4).

The various technology progression/disruption perspectives discussed above, are summarised in
Figure 5 which conceptualises the research interplay. The research topics are organised horizontally
based on their relevance to technology development or technology effect, and vertically based on
their scope. Arthur’s and Christensen’s models offer overarching viewpoints. More specific
research, such as that on institutional influences or platforms, falls into more specific categories.
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265  The specific measures and tools are then grouped below. This organisation then allows the

266  consideration of an integrated model (Part 3).

Technology Technology
Developments Effect

Technology Anatomy and

Evolutionary and Disruptive

Primar
Th .y Eco-system. Business Patterns
eories (Arthur) (Christensen)
Platform
Institutional Path Individual
Aspects .Of S s e Development
Progression (Langley,

(Mazzucato) (Arthur) (Mokyr)

Leyshon)

Technology The Hype Cycle

Measures Re::mess Model
vels .
" (Linden, Fenn)
(Sadin)
Tools
267
268 Figure 5 — Framework for integrating Different Research into Disruption

269  Insummary, each of the above approaches offer a viewpoint on how technology can be assessed,
270  modelled and potentially measured and trends predicted. There are more candidate theories that
271  may be useful in building a consolidated model/forecasting system, but the set above is considered
272 sufficient in describing an approach to unified technology forecasting based on big data techniques.

273  3.Developing the Overall Model of Technology Composition

274  To provide a consolidated model of technology growth against which technology progress can be
275  assessed we need to capture key elements of the research described in part 2. An integrated

276  framework for measurement is also needed. This work is ongoing but its progress to date is
277  addressed here. Key elements of technology are described in Arthur (2009) [8]. We conceptualise
278  this using Unified Modelling Language (UML) , summarised in Figure 6. Arthur identified

279  technology anatomy as well as human/society interaction with technology.
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280
281 Figure 6 - Model of the Nature of Technology (Derived from Arthur 2009)

282 Arthur proposes three primary types of technology;- fundamental technology, based on a

283  phenomenon (e.g. lithium’s properties for high performance batteries); supporting technologies,
284  often needed to make a fundamental technology work (e.g. battery charging or cooling

285  technologies) and a cluster of technologies which become identified as a technology (e.g. the

286  smartphone). He suggests that technologies also develop technical languages, provide a palette of
287  tools/functions and develop clusters of expertise; in combination all these elements evolve.

288  Inthe Human/Societal Aspects of Arthur’s model, there are societal groups interacting with the
289  technology such as the creators, (individuals, academic institutions and commercial organisations)
290  and exploiters. Exploitation is characterised by both need and barriers. If we capture the state of
291  various technology ecosystems over time using our formalisation of Arthur’s model (figure 6) we
292  can potentially compare them using Christensen’s model (measuring their utility/readiness against
293  cost). Figure 7 shows this. For each technology, we can add information related to its potential
294 disruptive effect (as characterised by TRL/£, position on the Hype Curve, or potentially other

295  indicators such as its geographical spread). If Figure 6 is considered as a snapshot in a time series,
296  then we have an integrated model which represents both the nature of technology, Arthur (2009) [8]
297  and technology disruption, Christensen (1997) [4]. Further work is in progress to generate such an
298  integrated model described in UML.
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Figure 7 - Model Changeover time (Arthur and Christensen).

With the above model we consider how indicators may characterise progression of a technology.
TRL may be used as a measure of technology against an exploiter domain. The concept of
technology domain is implied rather than explicitly discussed by Arthur but is an important aspect
of technology readiness. For example, a technology may be small and light but not robust enough
to satisfy the satellite domain, but adequate in another domain. Arthur’s model does not describe
the driving need for the technology. It does not, for example, define a model for domain or market
specific need which would drive the evolution of the technology or cause practical disruption.
However, we believe this area needs modelling to address the disruptive effect.

Mazzucato suggests that technology growth is significantly driven by government funded research.
If so, by examining the progression of government research and considering it in relation to domain
specific gaps provides a potential indicator of future disruption. Research on platform capitalism
(Langley and Leyshon, 2017 [11]; Srnicek, 2017 [12]), suggests that technologies have an ecosystem
(processes, practices and tools and even terminology/language). A platform is an incarnation of the
Arthur cluster technology model. There are several platform types including technological (e.g.
music media platforms, app-stores) and financial (e.g. crowdfunding models). It is viable to identify
metrics (level of adoption, level of funding, etc.) which allow some form of analysis of the
progression of these platforms. Brackin, et al (2014) [21], suggested that, in the case of smartphone
evolution, the platform is typically a second phase in a technology evolution, where the first phase
is the establishment of a sufficient group of technologies to provide the platform (Figure 8).
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322 Once established, a platform facilitates easy/fast entry for developers and thus a significant level of
323 exploitation because the cost of developing new apps is relatively low and there is a wide market
324 for the apps created.

325  This model suggests that while single fundamental technologies may have a significant disruptive
326  effect so may combinations of technologies (e.g. the smartphone platform). The growth of such
327  derived technologies are potentially easier to monitor. In Part 4 we consider how it might be

328  possible to monitor an evolution of such component technologies into a new, disruptive composite
329  or domain technology.

330 4 Harnessing the Power of Indicators

331  Above we have considered possible models of technology evolution. Now we consider whether the
332 range of technological outcomes -- specifically technology success in terms of adoption -- can be
333 narrowed, making targeting or further research and development more informed and allowing risk
334  mitigation in terms of uncertainty. Based on the models in Part 3, we now consider how to produce
335  measurable indicators, reducing technology outcome uncertainty, providing indicators for policy
336 intervention and allowing earlier exploitation or mitigation. Many previous attempts to predict
337  technology success exist and success has been no better than random (for example, the Labour

338  government of the 1960s and 1970s industrial strategy of ‘Picking Winners’, which in the event it
339  has been suggested, largely picked losers (HM Government Green Paper 2017, p9) [22]). We

340  describe why our approach, whilst not promising prediction success at all stages of the technology
341  evolution cycle, does offer the potential to reduce risk and envelope of uncertainty in forecasting at
342  all stages from the point that path dependency starts to become established.

343 General approaches to technology forecasting (e.g. expert committees) are well established. This
344  paper suggests that more automated, domain specific identification of a range of trends over a

345  longer term may provide indicators of the range of likely outcomes and therefore assist in strategy.
346  The NRC reports, which are the most extensive review of the subject of prediction focus on a wide
347  range of prediction methodologies, and identify some tools, but do not focus on objective measures
348  of technology progress or potential indicators thereof, delivered using big data analytics. The

349  research aims to address this omission.

350  Inmany fields of data analytics the use of indicators is possible because of the unprecedented level
351  of information available via the internet and the availability of big data. Mayer-Schoenberger and
352 Cuckier (2013) [20] argue that big data provides an analysis via indirect measures. The

353  progression of, for example, a influenza epidemic by the footprint of search queries of potential
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354  victims (people with symptoms googling to see if they might be affected is one example. The key
355  benefit of this over government figures was the speed of indication. In effect it provided almost a
356  real-time monitoring capability (a virtual sensor) to measure the geographic spread of the virus.

357  We suggest that a big data approach can be applied to technology disruption forecasting. The

358  measures possible include identifying or ranking a set of most likely disruptive technologies in a set
359  of domains or the likely disruption of a given technology over time and space. The research aims to
360  exploit both direct causative and indirect correlated but non-causative indicators. The prediction
361  precision may only allow narrowing of the potential set of disruptive technologies rather than a
362  specific prediction but still has value through directing focus on to those specific technologies in a
363  domain. This is consistent with other big data analytics strategies.

364  We consider the opportunity of using big data techniques from three aspects. First, a key element
365  of developing and exploiting indicators is to have a sufficient model of the system being measured
366  so that indicators can be put into context and exploited (see Part 2, above). Second, the potential
367  indicators that could be produced are then considered. Using big data techniques and internet

368  sourced data, it is unlikely that such indicators will provide a direct causal measure. Third, and
369 finally, a method to validate the indicator approach. To do this the example of the development of
370  the smartphone platform as a test case is considered (Part 5, below). This is a technology and

371  ecosystem which is within the timeframe of available data (i.e. information is still available on the
372  progression of smartphone technologies on the internet to allow backtracking) and it also provides
373  afull cycle model, from original technology through to the development of a platform and the
374  subsequent development of technologies using that platform in the explosion of Apps we see today.
375 There are also strong links back to institutional research as identified by Mazzacuto (2011) [9].

376  Two key elements need to be measured. The first is the evolving state of the model of technology
377  and its influence (disruption). The second is the dynamics of the model; how does it evolve as time
378  passes and what clear patterns can be used to narrow the range of possible directions it could take.
379  These are key elements of any ‘monitoring system’ for technology evolution. The indicators may be
380  subtle and almost certainly indirect. There is also a geographic element to technology development
381  (its effect is not only progressing in time but also in location). Each of these aspects is considered.

382  Asa first experiment to identify if the approaches of Mayer-Schoenberger and Cuckier (2013) [20]
383  were applied to technology forecasting, specifically: using data/analytics rather than subjective
384  measures to characterise disruption; analysing all the collected data from a source (in this case
385  Apple and Uber), and; using a proxy measure where a direct measure is not possible, an initial
386  experiment was undertaken. This was not an extensive experiment exploiting the entirety of the
387  model described in Part 2 but instead a proof of concept run using historical data where the

388  outcome is already known, thus offering a test case.

389  The question posed was, ‘Is it possible to identify if the geographic spread of disruption is

390  measurable over time from websites which exploit a given technology’? In particular, we

391  considered whether we could use indicators to validate the model shown in Figure 8 which

392 suggests a time lag from technology availability to disruptive effect from an exploiting application.
393 The technology chosen was the smartphone to determine if can correlate the geographic

394  distribution of smartphones over time against an exploitation/disruptive effect, again

395  geographically varying over time, of a well recognised application (in our case the taxi management
396  application Uber).

397 5 Technology Progression: a case study

398  The following case study considers two elements of the progression of the smartphone. First,
399  smartphone evolution as a technology and how it developed into a platform, and second, the
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400  platform effect resulting in individual disruptive applications exploiting the technology (and
401  particularly their geographic spread).
402  Today’s smartphone platform meets Arthur’s (2009) [8] criteria for a technology domain. It is a
403  collection of technologies which in combination provide a powerful platform. It also follows the
404  platform pattern described in Langley and Leyshon (2017) [11] and Srnicek (2017) [12]. The
405  smartphone platform is more than the technology in the phone itself; this was true even of previous
406  generations of mobile phone (which were dependent on the cell network which is part of the
407  technology platform which makes it work at all). With smartphones the platform includes the
408  internet, the app store infrastructure, m-commerce, social media, underpinning mapping and
409  routing information, and on-line sources of sensing. A summary of the smartphone platform is
410  shown in Figure 9.
Applications
Uber TrainTimes. Twitter Facebook Amazon Very Google GoogleMaps Instagram BBC
(Travel) (Travel) (Social) (Social) (Shopping) (shopping) (Search) (Navigation) (Photos) (Newsfeed)
Smartphone Platform (Arthur: Domain Technology Cluster)
Supporting Information Platform Communications Network Phone Hardware
The Internet ‘ | Cellular Networks ‘ | Communications Technology
Application Storage and Display and Batteries and
Programming The App Store Mast Design/Size/Power Compression Interaction Charging
Framework Technologies Technologies Technologies
Sensor networks . L Audio and Voice Computing Positioning and
(including the e N eommunications Recognition Device Orientation
411 phone itself) Ratiom jechoglosythubselc) Technologies speed/power Technologies
412 Figure 9 - Technologies supporting the smartphone Platform
413 These technologies break down to further clusters, and eventually into specific fundamental
414 technologies (such as the use of Lithium chemistry to construct more efficient batteries, for
415  example).
416  There was also a competition between putative platforms, in line with Arthur’s premise that
417  initially a wide range of technologies have the chance to succeed. At the beginning of the
418  smartphone era, between 2000 and 2006, there were a range of companies active in this market,
419  including Nokia, Motorola, Blackberry, Sony and Microsoft. It was not until the 2006-2007 that
420  smartphones with sufficient display quality and interactivity became available (for example,
421  Apple’s iPhone and IoS, and HTC’s **using Android software) to support advanced apps that the
422 market polarised.
423 Apple’s uniquely integrated two-sided platform (involving iPod/iPhone hardware, the easy to use
424  user interface and the iTunes platform), moved seamlessly into the role of providing the primary
425  smartphone capability. And as it became established, its probability of success moved from low, as
426  one of many, to a dominant position. The success of this platform was its integrated nature, and so
427  the actual phone hardware was not necessarily critical, more important was the web integration.
428  Apple also made the experience more seamless with its own stores offering products and on-the-
429  spot support. This in itself was a notable business disruption, moving control of the platform from
430  the network operators to Apple and the smartphone system providers. Smartphones are not yet
431  globally available with some poorer countries still using the simpler feature phone technology. For
432 smartphones to work it is essential that the communications/cell infrastructure is in place with



http://dx.doi.org/10.20944/preprints201811.0599.v1
http://dx.doi.org/10.3390/ijgi8010034

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 November 2018 d0i:10.20944/preprints201811.0599.v1

14 of 24

433 sufficient data capability (e.g. 3G technology), plus there is price-point sensitivity in developing
434  nations. Hence smartphones fit the model of Arthur (2009) [8] and Christensen (1997) [4], that
435  technologies are constrained by their weakest link (in this case availability of communications
436  infrastructure, and cost of production).

437  Over time, , smartphones have become more viable because of technologies such as Lithium

438  batteries and other fundamental developments which reduced weight and increased run-time

439  improved usability in a broad consumer market. As a result, smartphones reached a tipping point
440  (Gladwell, 2000) [23] to become firstly disruptive, but then an incumbent technology, supporting
441  many applications (phone, navigation, social interaction, photography, etc.). Once the smartphone
442 developed as a platform there was an opportunity for external developers to exploit the platform
443 (Simon, 2011 [24]), but this process takes time. Early smartphones were limited to basic web

444  browsing and navigation, but after series of iterations of the platform and business models, more
445  complex apps such as Airbnb and Uber developed. The ability to exploit the platform may not be
446  simply technological; it is also related to available data (social media, mapping data, etc.), or market
447  need (financial viability) by the platform. A key element of the progression is the significant drop in
448  the cost of entry to provide a commercial offering because of the platform’s inherent level of

449  support for easy distribution, payment system support, data, etc. This allows smaller innovative
450  organisations to deploy as easily as existing businesses; Brackin, Hobona and Jackson (2014) [21]
451  have characterised this characterisation shown in Figure 8 (identifying a significant delay from

452  platform deployment to application disruption. In this model the deployment time lag can also be
453 due to regulatory, legal or safety constraints (as, for example, in the case of Uber). The availability
454 of the platform and applications may also play out geographically as well as temporally.

455  The Global Positioning System (GPS) was not available in most smartphones until July 11th, 2008
456  when Apple released the iPhone 3G in the USA which also promoted the capability of turn by turn
457  navigation from the phone. We could therefore consider this date as the real birth of pervasive
458  location based services (LBS). Adoption was not synchronised globally. The release of the iPhone
459  and the Android HTC phone three months later were received with very large levels of adoption in
460  the USA. The adoption pattern was richer countries adopting quickly and countries in the third
461 world catching up later. Several sources, (e.g. Ericsson Mobility Reports (2012-2017) (see

462  https://www.ericsson.com/assets/local/mobility-report/documents/2017/ericsson-mobility-report-
463  june-2017.pdf) show that in 2015 while over 75% of phones in the USA were smartphones, this was
464  only true of 48% of phones in European countries, and for sub-Saharan Africa only 25%. The ability
465  to deploy LBS-based taxi services (such as Uber) is facilitated by, but also limited to, the availability
466  of the smartphone as an essential prerequisite.

467  Asan example of a disruptive application (which is a candidate for the model shown in figure 8) we
468  consider Uber (the smartphone-based taxi app). A start-up as recently as 2012, Uber has progressed
469  to being a global business operating in hundreds of cities across the world. Uber fits the model

470  shown in figure 8 as it was not the ‘core’ target of the location-enabled smartphone technology

471  (which was more focussed on applications such as navigation).

472  The Uber app has led to significant disruption in the taxi industry globally; it is disruptive because
473 itaddresses critical gaps in traditional taxi and minicab services, particularly in cities by providing
474  an easily accessible service, availability/status information and rapid payment, all achieved via the
475 same platform. For drivers, it offers a flexible business model and access to a wider pool of

476  customers than those approaching a taxi rank. It also guarantees payment and frees drivers from
477  the need to carry cash (although this is ultimately dependent on the market in each nation -- Uber
478  has had to respond both to local taxi customs and the availability of credit cards for payment

479  registration). Uber requires minimal direct physical or human resources in order to expand (it is in
480  effect a concession model, based on owner/drivers) and the taxi ordering process is fully automated
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481  through the app, removing the need for call-centre staff. As a result,the business can ‘scale’ very

482  quickly.

483  There are jurisdictional issues (for example laws conceived before, and in conflict with new

484  technology approaches) as well as direct opposition from incumbents but a key prerequisite for
485  Uber deployment is the availability and adoption of the smartphone platform. In Part 2 it was
486  suggested that disruption from an application only occurs sometime after it is technically possible
487  because of many factors. These are summarised in Figure 10 for Uber.

Technical Viability of App A Disruption from App A Widespread Adoption
! ; /Disruption
T >
Time
[ Comms/Cell Infrastructure |——— [ Legal/lurisdictional Issues ———
[ Available Mapping Data [ Accepting community ]——
[ Relevant Sensors ]— [ Language Support ]—
[ Sufficient Deployed Devices ]— [ Promotion/Socialisation H
[ App Store Availability ]—
[ Developed Application ]—
488
489 Figure 10 — Issues Affecting Uber Disruption

490  Having considered the evolution of the location enabled smartphone platform and a key disruptive
491  application is it possible to objectively measure and compare the progression of both the

492 smartphone and disruptive application based on it? Uber is a disruptive application that evolved
493  from a need (identified by the founders of Uber) which could be addressed by a newly available
494  technology. A key question is whether there was a lag between the availability of location-enabled
495  smartphone technology and the availability of Uber in the way that the model shown in figure 8
496  suggests, and, if so, is the lag measurable? This is the subject of the experiment described in Part 6.

497 6 Experimentation - Smartphone Availability Versus Disruptive Applications

498  In order to assess if the model shown in figure 8 is valid, and to try and obtain an objective measure
499  of the time lag it predicts in a real situation, an experiment was devised undertaking a historical
500  assessment of smartphone technology availability (both geographically and in time) against Uber
501  deployment (the disruptive application). The goal was to answer the question ‘can we objectively
502  and comparatively measure the progression of both of these over the last 10 years’.

503  The Ericsson data described in Part 5 provided an indicator of the geographical expansion of the
504  mobile platform over time but the information is very coarse. A more precise measure was needed.
505  Soa proxy indicator was considered to measure the spread of smartphone technology in line with a
506  big data approach (a correlated proxy measure). Apple has been a leading supplier of smartphones
507  for over a decade and sells phones directly to customers, so an Apple Store presence might, as a
508  proxy, also indicate the level of smartphone uptake by country or region. So the postulate is that the
509  presence of an Apple Store in a city is a good indicator of the widespread availability of

510  smartphones in that location (or at least deployment will follow very shortly afterwards); it will be
511  an underestimate as iPhones are available from other sources but it would be expected to have

512 some correlation with phone purchases. Apple have over a number of years published a list of Store
513 Locations on their website. The experiment exploited this by scraping these locations from the

514  Apple web site and analyzing them. The same approach was applied to Uber which publishes a list
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515  of locations where services are available on its web site. It is good practice to validate a proxy

516  indicator against a real indicator. The best approach possible in this case was to compare the Apple
517  prediction of spread against the Ericsson prediction. The two show similar deployment patterns
518  and soitis suggested the Apple Store openings is at least no worse a measure and potentially offers
519  more precision. There are other measures, for example mobile phone mast deployment but none
520  that are as easily accessed.

521 A similar approach was applied to both websites, Apple (store locations) and Uber (service

522 locations). Both websites describe the current state of the service (stores or services), but to obtain
523 details over a period (e.g. per year) the Internet Archive’s Wayback Engine was used which

524 provides regular historical snapshots of existing websites (Apple and Uber). Data was available
525  over the last 12 years. The pages for Apple and Uber over the last decade were automatically

526  scraped for listed cities. Each city name identified was geo-coded (also using the country/region as
527  aqualifier) with the GeoNames open source gazetteer. The results of the capture were imported
528  into OpenOffice spreadsheet (to display the tabulated results) and by QGIS (to visualise the

529  results geographically). The experiment architecture is shown in Figure 11.

Webpage OpenOffice
Placename i
Wayback Engine ikl Tabular View
Website Archive (Apple St =
e Store LIS
(Apple, UBER etc.) 2R - ’
Uber Locations etc) Collate by
Place name, Coduntry
Country or and Year
Region
Place name GeoCoding
Gazetteer View
-l e
Lat/Long (Date) s i
ReSUltS |mmmmms) = %
Countil Reverse Country (Date) m,
Gazetteer Geocoding
530
531 Figure 11 — Store Location Capture Experimental Architecture

532 The store locations from scraping the Apple website archive over the last decade were tabulated
533 and sorted, and also visualized geographically. The tabular and geographic outputs are shown in
534  Figures 12 and 13 respectively.

535
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Figure 12 — Apple Store Openings 2006-2017 (Tabulated)

The cell numbers show the number of stores open in that country in each year. This offers
potentially a more detailed assessment of smartphone deployment. The measure indicates the level
of adoption not only by region but by country and in fact by place. As can be seen from Figure 15,
the first stores in 2006 were in London and Belfast, followed by a handful of locations in 2010 and
then significant expansion in 2017.

7 Apple Stores 2006
B Apple Stores 2010
¥ _Apple Stores 2017

Figure 13 — Global Apple Store Openings 2006-2017 (World Mercator Projection)

The correlation of the number of stores with smartphone deployment can only be indicative,
because as there are other outlets for iPhones and Apple Stores sell more than iPhones. But it does
provide an indication of support for real sales of SmartPhones so it certainly is instructive. These
results do correlate on a region basis with the Ericson Study, providing some validation of
correctness as described above.
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550  Similarly the locations from the Uber website (as archived in the Wayback Engine) for each year
551  since 2012 were gathered (by automated scraping) and collated. Results are presented in Figures
552 14 (tabulated) and 15 (geographically) for the top 20 countries where Uber deployed.
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554 Figure 14 — Uber Availability (cities per country) 2012-2016 (Tabulated)

555  Results for three representative years from the above is shown plotted geographically.

* Uber2012
Uber 2015
Uber 2017

556

557 Figure 15 — Global Uber Supported Cities 2012/2017 (World Mercator Projection)

558  The pattern of Uber’s geographic expansion suggests initial deployment in one or two cities

559  (typically capital cities) in a given country and then expansion to other major cities in the following
560  years. This may simply be because major cities are the most viable location in terms of potential
561  customers, with critical mass, testing out the regulatory environment, but those living in cities are
562 also likely to have the largest numbers of smartphones (in total, and per capita), due to high

563  population density, high levels of wealth and high availability of 4G and broadband hotspots.
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564

565  The statistics for the regional deployment of Uber show that deployment is in line with, and lagging
566  behind the availability of smartphones (derived from the Ericsson Mobility Surveys). After the

567  USA, Uber placed its first services in France, but then quickly moved on to East Asia which shows
568  the highest density of smartphone use outside of North America (results shown in figure 16). While
569  more deployments, such as in Europe did follow, it appears that East Asia was given priority by
570  Uber. Only in 2014/2015 is there any noticeable deployment into South America and this correlates
571  with its low uptake of smartphones compared with standard devices in that area. Similarly, Africa
572 has not been an early choice for deployment. But comparing the Uber results to the Apple Store
573 openings, the proxy measure (the results in Figures 12/13 and Figure 14/15), indicates there is a

574  level of apparent correlation between an Apple Store opening in a country and Uber deploying its
575  services using measures of order of city/country opening and delay in years. The first occurrence of
576  both an Apple store opening in a country and Uber deploying in a country were tabulated. The
577  results were both sorted by date. Initially Apple pre-dated Uber by a number of years. This gap
578  reduces over time. Figure 16 shows the correlation for the top 10 countries with Apple stores and
579  Uber services. The deployment year for both Apple and Uber in each country is shown by a black
580  line. The top 10 Uber and Apple stores correlate with deployment (100%) with Uber lagging apple
581 by between 2 and 8 years.
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583 Figure 16 — Apple Store opening numbers overlaid with Uber opening.
584 The bold lines indicate initial opening in that country for Apple Store and Uber.

585  Thereis also a time lag (consistent with the proposition illustrated in figure 8), with Uber following
586  onanumber of years after the Apple Store has opened in a city (and typically when the number of
587  Apple stores in a country reaches double figures). Exceptions exist, Uber was deployed in France
588  just two years after an Apple Store, potentially explained by Uber folklore. The availability of
589  smartphones is not the only factor so complete correlation is not expected, but the results do

590  demonstrate using a measurable proxy indicator approach taken from big data methodology (e.g.
591  Apple Store openings as an indicator of smartphone deployment status) has potential as a

592 technique and, as a predictor disruption level from an app (Uber deployments), does indicate the
593 potential of this paper’s proposition.

594
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595 6 Conclusions

596  This paper has outlined research related to assessing future technology trends and looked at how
597  these trends could be monitored using big data approaches. Part 2 described some of the key

598  underpinning theoretical research, particularly from Arthur and Christensen on both the anatomy
599  of technology and the typical developmental aspects of technology which cause disruption. Our
600  research uses these as primary pillars but draws in work from other researchers, in particular

601  Mazzucuto, Mokyr, Srnicek, Langley and Leyshon, all of which offer components to enhance the
602  high-level models of Arthur and Christensen. The final part of the paper looked at both measures of
603  technology progress (characterized by both the TRL Level (NASA) and the Hype Cycle (Gartner) as
604  well as considering the state of research around big data which represents a method of assessing
605  technology progress.

606  Part 3 describes an implementable model based on the theories from Part 2. This provided the
607  underpinning framework for the various metrics which will be used in assessing technology

608  progression and provide indicators of likely technology progression. The model captures both the
609  technological aspects and the eco-system in which the technology exists. It outlines the more

610  specific model which describes the behavior as a technology coalesces into a platform. The

611  conclusion is that the various theories do interlink and together offer the potential to support a set
612 of measures of disruption.

613  Part4 examined those measures or indicators and suggested two specific indicators which can be
614  generated using big data approaches and technologies. The first identifies that any new technology
615  requires a range of supporting technologies, and if the progression of all the components can be
616  assessed individually then an overall progress assessment can be made. One way to obtain an early
617  indication of this progress is to scan academic databases and build up statistics on component

618  research progress.

619  The second indicator described is a measure of progress of a technology geographically and over
620  time. An implementation of this can potentially scan a relevant website offering a technology which
621  isidentified as disruptive and assess its growth over time and space. The technology to support
622  the first indicator (the likely disruption based on level of research activity globally), still under

623  development, shows promise. The results will be the subject of a future paper. Research on the

624  second indicator (measuring geographic expansion of a platform as an indicator of potentially

625  disruptive geographic expansion of an app on the platform) also shows promise. Further work on
626  parallel examples of this will also be undertaken for future papers.

627  Part5 provided a case study of technology progression into a platform and the resulting disruptive
628  application deployment. It considered the progression of the smartphone, which fits the model of a
629  hybrid technology described by Arthur, and the platform concept. It also considered the model of
630  the time-lag from underpinning technology deployment to disruption through new applications.

631  Part 6 undertook a practical experiment using historic data and looked at a macro level at the

632  deployment of the smartphone platform over space and time and what indicators could be used.
633  The first indicator was derived from Ericson reports on the smartphone market development. The
634  second indicator used the data-driven technique described in Part 4 to generate indicators of

635  smartphone growth, the premise being that Apple Store openings are a proxy for smartphone
636  adoption; this provides amore  geographically specific measure (country/town as opposed to
637  region): while the correlation demonstrated here is against iPhone deployments as opposed to
638  smart phones in general, the results show it is a potentially useful indicator. The second part of
639  the experiment looked at the deployment of Uber and also used the experimental platform to derive
640  indicators of Uber’s deployment through time and geographically. Lastly the Apple and Uber
641  examples were compared, and the premise described in Part 2, that there is a significant and to
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642  some degree predictable lag between technology availability and applications exploiting, it was
643  shown (from these initial results) to be valid, with Uber deployments tracking Apple Store

644  openings with a lag of approximately 5 years, and following the same geographic spread. This
645  result indicates a level of prediction is possible using data analytics.

646  We conclude that while the research identified in Part 2 offers different viewpoints that provide
647  opportunities for measurement of technology progression/disruption, we have also shown that it is
648  possible to develop measures and technology that support some of these indicators. Lastly, we have
649  demonstrated that a degree of correlation exists between such measures, suggesting but not yet
650  proving the level of causality in the case investigated.

651  Future work will build on the consolidated model described in Part 3 and will further develop both
652  the analysis platforms and indicators. The goal is to assess if data-driven approaches, allied with a
653  unified model, can provide automated indicators of technology trends which could make a useful
654  contribution to current approaches in the fields of technology forecasting and business modelling.
655  Whilst a completely automated, high-accuracy forecasting system for technology may not be

656  possible, our approach can make a contribution to the improvement in the information available to
657  forecasters and provide policy makers a more reliable basis on which to determine policy.

658  Supplementary Materials: Raw data and analysed results (tabulated and geographic) are available
659  on github. Please contact the corresponding author for details.

660 Author Contributions: Primary contributions and experimentation were provided by Roger Brackin MSc.
661 Critical review, suggestions relating to reference material and related research were provided by Prof. Michael
662 Jackson, Prof. Andrew Leyshon and Prof. Jeremy Morley.

663 Funding: This research received no external funding

664 Conflicts of Interest: The authors declare no conflict of interest.

665  References

666 1.  Martin, R. (2015). Rebalancing the Spatial Economy: The Challenge for Regional Theory. Territory, Politics,

667 Governance: 1-38.

668

669 2. Nathan, M. and E. Vandore (2014). Here Be Startups: Exploring London's “Tech City’ Digital Cluster.
670 Environment and Planning A 46(10): 2283-2299.

671

672 3. Schmidt, S. (2015). Balancing the spatial localisation ‘Tilt": Knowledge spillovers in processes of knowledge-
673 intensive services. Geoforum 65 (Supplement C): 374-386.

674

675 4.  Christensen, C. M. (1997). The Innovator’s Dilemma: When New Technologies Cause Great Firms to Fail,
676 Boston: Harvard Business Review Press.

677

678 5. National Research Council (2009). Persistent Forecasting of Disruptive Technologies 1st ed., National
679 Academic Press.

680

681 6. National Research Council (2010). Persistent Forecasting of Disruptive Technologies 2nd ed., National
682 Academic Press.

683

684 7. Arthur, W. B. (1994). Increasing Returns and Path Dependence in the Economy, Michigan: University of
685 Michigan Press.

686

687 8. Arthur, W. B. (2009). The Nature of Technology and How It Evolves. New York: Simon & Schuster Inc.
688

689 9.  Mazzucato, M. (2011). The Entrepreneurial State, Soundings: Number 49, Winter 2011, pp. 131-142(12)


http://dx.doi.org/10.20944/preprints201811.0599.v1
http://dx.doi.org/10.3390/ijgi8010034

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 November 2018 d0i:10.20944/preprints201811.0599.v1

22 of 24
690
691 10. Mokyr, J (2016). A Culture of Growth: The Origins of the Modern Economy. New Jersey: Princeton
692 University Press.
693
694 11. Langley, P. Leyshon, A (2017). Platform capitalism: The intermediation and capitalisation of the digital
695 economic circulation. Finance and Society, 3, 11-31
696
697 12.  Srnicek, N. (2017). The challenges of platform capitalism: Understanding the logic of a new business model,
698 Juncture Vol 23, Issue 4. Wiley.
699
700 13. McAffe, and A. Brynjolsson (2017). E. Machine, Platform, Crowd: Harnessing the Digital Revolution. W. W
701 Norton and Sons.
702
703 14. Lepore, J. (2014). New Yorker - The Disruption Machine: What the gospel of innovation gets wrong
704 https://www.newyorker.com/magazine/2014/06/23/the-disruption-machine
705
706 15. Bower, J. and Christensen, C. (1995). Disruptive Technologies: Catching the Wave, Harvard Business
707 Review, January-February 1995
708
709 16. Christensen, C.M. & Raynor, M.E., 2003. Innovators Solution, Creating and Sustaining Successful Growth.
710 Harvard Business Review Press.
711
712 17.  Schoenberger, E. (1997) The Cultural Crisis of the Firm, Oxford: OUP
713
714 18.  Arthur, W. B. Ermoliev Y. Kaniovski Y. (1987) Path Dependent Processes and the Emergence of Macro-
715 structure, European Journal of Operational Research 30 (1987) p294-303.
716
717 19. Linden, A & Fenn, ] (2003), Strategic Analysis Report No R-20-1971, Gartner. http://www.ask-
718 force.org/web/Discourse/Linden-HypeCycle-2003.pdf
719
720 20. Mayer-Schoenberger V, Cuckier K (2013), Big Data: A Revolution That Will Transform How We Live, Work
721 and Think. Houghton Mifflin Harcourt
722
723 21. Brackin, R. Hobona, G. Jackson, M. (2012), The Connected Individual, Task 1, Advanced Geospatial
724 Intelligence Services Research, DSTL. (available from author)
725
726 22. HM  Government Green Paper, Building our Industrial Strategy, January 2017,
727 https://www.gov.uk/government/uploads/system/uploads/attachment_data/file/611705/building-our-
728 industrial-strategy-green-paper.pdf
729
730 23.  Gladwell, M (2000). The Tipping Point: How Little things can make a big difference, Boston: Little Brown
731 and Company
732
733 24. Simon, P. (2011) The Age of the Platform: how Amazon, Apple, Facebook and Google have redefined
734 business, Las Vegas, Motion Publishing.
735

736  Bibliography

737 25.  Amoore, L. 2013, The politics of Possibility. Risk and Security Beyond Probability. Duke University Press.
738 Durham and London 2013.

739

740 26. Christensen, Clayton M. M. (2002) "The rules of innovation." Technology Review 105.5 (2002): 32-12.

741


http://dx.doi.org/10.20944/preprints201811.0599.v1
http://dx.doi.org/10.3390/ijgi8010034

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 November 2018 d0i:10.20944/preprints201811.0599.v1

23 of 24

742 27. Evans, N. D. (2003). Harnessing the Power of Breakthrough Technology For Competitive Advantage,

743 Financial Times Prentice Hall.

744

745 28. Fenn, ]. Raskino, M. (2008). Mastering the Hype Cycle: How to choose the right Innovation at the Right
746 Time. Boston: Gartner Inc/Harvard University Press.

747

748 29. Higgins, A., Paevere, P., Gardner, J., Quezada, G., 2012. Combining choice modelling and multi-criteria
749 analysis for technology diffusion: An application to the uptake of electric vehicles. Technological
750 Forecasting and Social Change 79, 1399-1412.

751

752 30. Larson, RW., (2014). Disruptive Innovation and Naval Power: Strategic and Financial Implications of
753 Unmanned Underwater Vehicles (UUVs) and long term underwater Power Sources. MIT.

754

755 31. Louie, G (2015), Email response from Persistent Forecasting of Disruptive Technologies Chair, confirming
756 that no further work was undertaken after 2010 report (Per. comm.)

757

758 32. Marsh D, Rhodes R. A. W (1992), Policy Networks in British Government, Oxford University Press. Stone,
759 D, 2012, Journal of Direct, Data and Digital Marketing Practice, April 2012, Volume 13, Issue 4, pp 280-294.
760 https://link.springer.com/article/10.1057/dddmp.2012.1

761

762 33. MOD-Development, Concepts and Doctrine Centre, DCDC (2014). Strategic Trends Programme Global
763 Strategic Trends - Out to 2045 Fifth Edition.

764

765 34. Paap,]. & Katz, R., (2004). Anticipating disruptive innovation. IEEE Engineering Management Review, 32,
766 pp.74-85.

767

768 35. Piirainen, K. & Lindqvist, A., (2009). Enhancing business and technology foresight with electronically
769 mediated scenario process. In PICMET: Portland International Center for Management of Engineering and
770 Technology, Proceedings. pp. 2397-2410.

771

772 36. Saxenian, A (1994). Regional Advantage: Culture and Competition in Silicon Valley and Route
773 128. Harvard University Press.

774

775 37.  Schumpeter, (2015). Clay Christensen should not be given the last word in Disruptive Innovation. London:
776 The Economist, 28th November 2015

777

778 38. Schwartz, P. (1988). The Art of the Long View’ Planning for the future in an uncertain world. New York:
779 Bantam Doubleday Dell Publishing Group Inc.

780

781 39. Seung-Pyo, ], (2012), A comparative study of hype cycles among actors within the socio-technical system:
782 With a focus on the case study of hybrid cars. Technological Forecasting & Social Change, issue 79, 2012.

783  Author Biographical Notes

784  Roger Brackin, MSc is Chief Technology Officer of Envitia PLC and part time PHD Student looking
785  at the subject of predicting technological disruption. Mr Brackin has 10 years’” experience in the
786  area of technology forecasting and horizon scanning (running a significant research activity in this
787  area for a major government agency) as well as 30 years’ experience in geospatial technologies and
788  systems and geomatics. He holds degrees in Electronics (BSc) and Computer Science (MSc) He is
789  the author of several open standards, public engineering reports for international bodies and has a
790  keen interest in technological development and innovation.

791  Professor Andrew Leyshon is Professor of Economic Geography and Associate Pro-Vice Chancellor
792  for Research & Knowledge Exchange in the Faculty of Social Sciences at the University of


http://dx.doi.org/10.20944/preprints201811.0599.v1
http://dx.doi.org/10.3390/ijgi8010034

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 November 2018 d0i:10.20944/preprints201811.0599.v1

24 of 24

793 Nottingham. Research has focused on money and finance, the musical economy, and diverse

794 economies, and the author and editor of numerous books that reflect these interests. Elected as a
795  Fellow of the Academy of Social Sciences in 2007, he is also a Fellow of the Royal Geographical
796  Society. In 2015 he was Eminent Research Scholar in the Faculty of Business and Economics, at the
797  University of Melbourne.

798  Professor Mike Jackson is Emeritus Professor of Geospatial Science at the University of Nottingham
799  Geospatial Institute and a consultant in the area of geospatial intelligence. Previously: Founder and
800  Director of the Centre for Geospatial Science, University of Nottingham; Director, Space

801 Department at QinetiQ and CEO of Laser-Scan Holdings PLC. He was a non-executive Director of
802  the Open Geospatial Consortium (OGC) and past President of the Association of Geographic

803  Information laboratories for Europe (AGILE). He has published over 100 papers and book chapters
804  in the areas of geographic information systems, geo-intelligence and remote sensing. He has a PhD
805  from Manchester University and is an FRICS and FRGS.

806  Jeremy Morley is Chief Geospatial Scientist at Ordnance Survey. Professor Morley has worked in
807  geospatial research since the mid-90s, starting in the former Dept. Photogrammetry and Surveying
808  at University College London before moving to the University of Nottingham in 2009 as Geospatial
809  Science Theme Leader in the Nottingham Geospatial Institute. He has focussed on topics including
810  crowd-sourcing and citizen science, open and interoperable geographical information services, and
811  applications of geospatial science in fields from plant sciences to planetary mapping. At Ordnance
812  Survey he leads the Research and Education team who carry out research and standards

813  development in collaboration with universities and other research organisations.

814


http://dx.doi.org/10.20944/preprints201811.0599.v1
http://dx.doi.org/10.3390/ijgi8010034

