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Abstract

The Internet-of-things (loT) has been heralded as the third industrial revolution combining disruptive
technological change and a radical restructuring of the traditional ICT ecosystem. Technological
diversification allows companies in the information and communication technology (ICT) industries to
participate in the loT by transplanting their existing know-how to new application domains. In using the
ICT ecosystem perspective, this paper examines the diversification of 1323 ICT companies into loT by
investigating 86,159 main patents in the IoT area using the USPTO database. The paper examines the
extent to which the existing knowledge base allows ICT firms to diversify into the new technological
area, that is, IOT. It utilizes an entropy measure to characterize the extent to which ICT firms diversify
into loT. We propose that a firm’s knowledge position in a new emerging technological has an important
strategic value in terms of competitiveness. It characterizes a few new application domains in
neighboring industries like health or transport. The paper concludes that due to technological
pervasiveness lot provides for new innovative activities and technological opportunities for ICT
companies to grow in emerging sectors like wearables, industrial automation, smart energy and smart
mobility.



1. Introduction

Emerging technologies in the Internet of Things (loT) area are considered as the third industrial
revolution (Rifkin, 2014) and expected to provide new growth opportunities and challenges to
companies in the information and communication technology (ICT) ecosystem (OECD, 2015). loT
technologies are predicted to disrupt in particular the current and future Internet (Botta, de Donato,
Persico, & Pescapé, 2016) with respect to possible applications in a work and home environment such as
assisted living, domotics, e-health, smart transportation. In addition, loT will have serious implications
on businesses in areas like logistics, industrial automation, transportation of goods and security (Botta,
et al., 2016). Even if some applications have been available for some time, they are currently developing
their full potential based on the emergence of high-speed broadband.

An increasing number of publications have projected that the market for IoT services will grow
significantly, with yearly growth rates in Europe of over 20 percent in value between 2013 and 2020.
Furthermore, an increase in the number of 1oT connections within the European Union (EU) has been
projected, from about 1.8 billion in 2013 (the base year) to almost 6 billion by 2020. This should lead to
a growth in revenues of the loT industry from more than €307 billion in 2013 to over €1,181 billion in
2020. These revenues will be generated by hardware, software and services. This growth is expected to
deliver significant benefits to consumers, businesses and society, due to improvements in areas such as
transportation, healthcare or logistics (European Commission, 2015).

Most research on loT technologies assumes that cumulativeness and selectivity will become key
characteristics of the emerging loT ecosystem. Cumulativeness is related to the continuous building up
of knowledge in particular application fields, selectivity refers to the presence of small number of
participants in these fields. However, currently it is far from clear in which fields loT technologies will
become prominent in the short term. In addition, there currently is no consensus on a proper definition
of the loT sector. The theoretical discussion on the 10T is rooted in the concept of a machine-to-machine
(M2M) system (OECD, 2012b, 2015) which has as key elements the folllowing: a user or machine
monitored by devices and controlled by a M2M end user where data are generated, a M2M
management platform where data are transmitted and a back office where the data is finally collected
(OECD, 2012b). Even if the core ingredient is still “M2M”, the term “Internet of things” has gained more
popularity since 2011 (OECD, 2015). As a result, the definition of the loT now includes, apart from
monitoring devices (sensors) and M2M communication, big data and the cloud. Using cloud computing
and big data analytics, machine learning applications operating at a new level of artificial intelligence are
developed. In addition, the combination of these trends enables new forms of remote control in which
interaction with humans is still necessary but the machine takes care of most operational functions
(OECD, 2015). Remote controlled machines, in combination with machine learning, will lead to
autonomous machines and intelligent systems (OECD, 2015). Wired networks provide for sufficient
capacity but no locational flexibility, while and wireless networks allowing for flexibility but are limited
with respect to bandwidth and energy (OECD, 2015). Thus, the key drivers in the development of the loT
are in one of the four following categories: communications, storage, computation and applications
(Botta, et al., 2016).

The traditional ICT ecosystem, that has provided for a long time sufficient growth opportunities for
companies in the different layers (Fransman, 2010; J. Krafft, 2010), is now undergoing a shift in which
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ICT companies have to position themselves with respect to loT technologies. There is increasingly a need
for ICT companies to monitor new research and application areas within the IoT field.

In order to examine the knowledge position of ICT companies in the 10T field, the paper examines and
investigates 83,348 main patents in the loT using the USPTO database. In the rest of the paper will
discuss the recent theoretical literature on the l1oT ecosystem and the role of ICT firms in this ecosystem.
We the focus is on the extent that diversification of ICT firms in loT occurs before presenting our
empirical analysis. In the final section, the argument is summarized and conclusions are drawn.

2. The loT ecosystem and the role of ICT firms

2.1.ICT as a General Purpose Technology (GPT) and the layered structure of the ICT
industry

Recent research has pointed towards ICT being a general purpose technology (Cecere, Corrocher,
Gossart, & Ozman, 2014; Corrocher, Malerba, & Montobbio, 2007), affecting all sectors of the economy
due to the pervasiveness, scope of improvement and innovation spanning of the underlying
technologies (Bresnahan & Trajtenberg, 1995). With respect to pervasiveness, ICTs will not only be used
in all sectors but also be utilized as an input by downstream industries. However, the extent and speed
of technology adoption is not ubiquitous and often depends upon the presence of complementary
factors (Beaudry, Doms, & Lewis, 2010). With respect to the scope of improvement, ICT investment and
usage will affect innovation output at the company level through the different types of innovation
(product, process and organizational innovation) (Polder, Leeuwen, Mohnen, & Raymond, 2010).
Therefore, ICT facilitates the renewal of companies based on the accumulation of new knowledge and
technology. In addition, ICT fosters technological dynamism within companies where a technology not
only evolves over time, but the marginal cost of reproduction decreases (Park, Shin, & Sanders, 2007).
With respect to innovation spanning, ICT facilitates the development of new products and processes in a
variety of areas which are closely linked to the initial invention (David & Greenstein, 1990; Katz &
Shapiro, 1992).

With ICT as a GPT, the focus of research shifts to the application of ICT in a large variety of sectors and
the potential of these technologies to create new areas for exploitation and complementary innovation
(Bresnahan & Trajtenberg, 1995; Jovanovic & Rousseau, 2005). Even if ICT has been widely adopted
throughout the economy, the diffusion of ICT inventions — measured in patents - has differed across
industries (Cecere, et al., 2014). In order to understand the structure and the dynamics of the ICT

industry, the layered ICT model allows, in greater detail,” t o defi ne and understand

structure of the telecoms industrid§ransman, 2010). According to Fransman (2010), three layers in the
ICT ecosystem can be distinguished: the network element layer, the converged network layer as well as
the content and media layer - see Table 1 for examples of companies within these three layers.



Table 1:

The Layered model in the ICT industry

Layers | Activities Firms Examples Technologies
3 Internet access, Internet service T-online, Google, Browsers, Navigation
navigation, content | providers, Facebook software,
provision, social Navigation,
media social media
companies
2 Network operation | Network AT&T, France Telecom, Telephony, TV, Internet
operators Deutsche Telekom
1 Equipment Equipment Alcatel-Lucent, NEC, Transmission and
provision suppliers Siemens switching technologies

Adapted from (Fransman, 2010; J. Krafft, 2010)

2.2. ICT industry and the emergence of loT technologies

Over the past 20 years, the ICT industry has been characterized by rapid technological change at all
layers of the ecosystem. With the arrival of technologies and applications in the area of 10T, a number of
ICT companies have begun to innovate in the area.. Although some authors have proposed that loT will
lead to a disruptive technological change in the ICT industry (Business Innovation Observatory, 2015),
the extent of disruptiveness is currently far from clear with expectations that traditional industry value
chains (e.g., in transportation or health) might disappear and new challenges with respect to existing
competencies emerge (Business Innovation Observatory, 2015). Current studies have shown that parts
of the traditional value chain are differently affected by loT technologies. Some observers even predict
the emergence of a new loT ecosystem with fog computing, cloud computing and big data companies at
the center of industrial activity. The key to disruptiveness in the industry is, however, to link together
different loT technologies and application to create synergies (Forbes, 2016). Apart from these new
companies in the industry, technological change in IoT is also driven by existing ICT companies in the
industry.

2.3. Technological diversification of ICT firms into the loT field
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The literature has shown that ICT firms use technological diversification to expand their technological
competences to other technological fields (Granstrand & Oskarsson, 1994; Granstrand, Patel, & Pavitt,
1997). Based on technological diversification, a company is able to utilize the existing knowledge base
more widely and link to other knowledge areas through, for example, searching for new knowledge
content (Katila & Ahuja, 2002). Technological diversification can lead to a better utilization of economies
of scale in R&D leading to, in turn, a reduction of average costs, as diversified technologies have more
applications in other technological areas. Furthermore, a greater variety of applications can lead to an
improvement of technological knowledge based on learning effects and the build up of more experience



(Granstrand, 1998; Van Beers & Sadowski, 2003). Furthermore, the utilization of different technologies
can lead to economics of scope as new technology knowledge can cross-fertilize based on its broader
scope existing technological knowledge (Markides & Williamson, 1994). In this way, technological
diversification can lead to the application of existing technological knowledge into new technological
areas. Moreover, technological diversification allows firms to achieve higher speed in their R&D
processes (Granstrand, 1998). Compared to market-based technology transfer between two
independent companies, technological diversification within a company is faster and more effective
(Sadowski, 2004).

Companies that are technological leaders in one particular technological field might also utilize these
advantages in other fields. The “success-breads-success” formula (Klepper, 1997) also extends,
therefore, into across technological fields with technological diversification fostering the knowledge
position of firms in existing industries (Jackie Krafft, Quatraro, & Saviotti, 2014). In other words,
technological diversification is an important firm strategy to continue innovative activities in competitive
industries, while utilizing technological knowledge to expand into new emerging fields (Katila & Ahuja,
2002). With new emerging technological opportunities (Dosi, 1988), companies utilize technological
diversification to expand their existing technological knowledge and to leverage their R&D resources to
expand into new technological areas (Granstrand, 1998).

As R&D investment in new technological areas involves high uncertainty, technological diversification
reduces uncertainty we, therefore, propose that technological diversification can lead to economics of
scale, economics of scope, and provides advantages in R&D as technological development of new
products can be accelerated. For ICT firms with a specialized knowledge base in ICT, it can be expected
that they will also specialized in loT technologies. However, it is currently unclear whether the
technological specialization of a firm in a leading ICT area will also be related to a technological
specialization in a key loT area. Hence, we can formulate the first two hypotheses:

Hla: A higher degree of technological specialization of ICT firms in the ICT area is related to a
greater degree of technological specialization in the loT area.

H1b: A higher degree of technological specialization of ICT firms in the main areas of ICT is not
necessarily linked to a higher degree of technological specialization in main areas in loT.

The relationship betweemyrowth of technological diversificatiorand technologicalspecialization

It has been argued that technological diversification can allow firms to specialize earlier in new emerging
technological areas (Katila & Ahuja, 2002). A greater scope of technological diversification enables firms
to monitor developments in a variety of technological fields by, for example, using strategic alliances (J.
Hagedoorn & Duysters, 2002). In contrast to more equity based forms of firm cooperation such as joint
ventures or merger and acquisitions, more flexible contractual forms of firm cooperation support the
search behaviour of companies (Katila & Ahuja, 2002). Sometimes companies opt for partnering firms in
contractual forms of cooperation over equity forms though, however, there is no evidence that this
encroachment strategy is wide-spread (J. Hagedoorn & Sadowski, 1999). However, if the technological
diversification of a firm is growing over time, the company might have a very diverse technological



portfolio and will be unable to utilize the existing technological knowledge to specialize in a particular
technological area. Therefore, it is expected that the growth of technological diversification of ICT firms
is negatively related to technological specialization in the loT area. Therefore, we derive the following
two hypotheses:

H2a: A higher degree of technological specialization of ICT firms in the 10T area will be related to
a lower growth in technological diversification of these firms.

H2b: A higher degree of technological specialization of ICT firms in the main areas of IoT is linked
to a low growth rate of technological specialization in main areas in ICT.

3. Methodology and definitions

3.1 The definition of loT technologies

Rooted in the concept of a machine-to-machine (M2M) system (OECD, 2012a, 2015), loT can be defined
as set of complex technologies using sensors to monitor and control users or machines, generate data
on a large scale, transmit these data via a management platform and finally collect and analyze this data
to predict future developments of the system. IoT technologies contain the following key elements: a
user or machine monitored by devices and controlled by a M2M end user where data are generated, a
M2M management platform where data are transmitted and a back office where the data is finally
collected (OECD, 2012a). In order to analyze data on a large scale and to predict future developments of
the system, loT systems include cloud computing and big data analytics. Currently, machine learning
applications are developed operating at a new level of artificial intelligence. Remote controlled
machines in combination with machine learning will lead to autonomous machines and intelligent
systems (OECD, 2015). Figure 1 shows the architecture of the loT based on a normal Internet protocol-
based device (e.g., personal computer or a smart phone) that remotely accesses wireless sensor devices
via a gateway using the HTTP-CoAP standard (Sheng et al., 2013).



Figurel: Example of aInternet of things (IoT) architecture (Sheng, et al. 2013)

In contrast to traditional ICT technologies, a number of distinctive features characterize loT relating to
usage of new Internet protocols based on 128-bit addresses (IPv6) or the application of new software
protocols called Constrained Application Protocol (CoAP) that are used in simple electronics devices to
provide them with an option to communicate interactively over the Internet. Even if it is possible to
define a number of distinctive features of loT technologies (see Appendix 1), there is currently some
overlap between traditional ICT technologies and loT technologies. For example, Wifi standards are
traditionally defined according to IEEE 802.x are also used for loT technologies. Some Wifi standards
such as the 802.15.4 standards defining the physical and media access control for low-power wireless
sensor networks are, however, very specific to loT. In general, the key elements of a IoT value chain are
sensors (e.g., using IpV6 protocols), the transport infrastructure (e.g., using different CoAP on Low-
power and Lossy Networks (RPL)), big data analytics and applications (e.g., using personal computer or
wireless devices). The evolution of loT technologies is affected by development in areas like
communications, storage, computation and applications (Botta, et al., 2016).

Based on these characteristics, 10T technologies have a number of new applications in areas such as
assisted living, domotics, e-health, smart transportation. In addition, loT technologies will change
traditional areas like logistics, industrial automation, transportation of goods and security (Botta, de
Donato, Persico, & Pescapé, 2016).



Table 2: loT Application Sectors

Application area | Definition Examples Sectors affected
Smart Designed for a variety of purposes as | -Fitbit Health
Wearables well as for wear on a variety of parts

of the body, or embedded into
different elements of attire.

Smart home Solutions make the experience of - Sprinkler installation Construction
living at home more convenient and
pleasant.

Smart city Finding sustainable - Smart grids, smart Energy, traffic
solutions to the growing problems in traffic management
city

Smart Finding sustainable solutions to - Air & water quality Agriculture

environment growing environmental problems monitoring, smart

farming

Smart Industry To support infrastructure and more - Real time shipping Logistics
general purpose functionalities in tracking

industrial places

There is a growing literature on loT focusing on developments in different technological areas and
application sectors such as health, the construction industry, energy and traffic management,
agriculture and logistics (Vermesan & Friess, 2014).

3.3 Methodology to analyze main loT patents

In order to examine the knowledge position of ICT firms in the loT field, we first identify the important
ICT companies in the industry according to their position in the ICT ecosystem. After this, we link these
companies to their ICT patenting portfolio before characterizing the knowledge position of these firms
with respect to loT technologies.

Patenting activities in ICT

In order to examine the patenting activities in ICT, we use the classification developed by the OECD
(OECD, 2009, 2013, 2015) to identify all ICT patents according to IPC codes in the USPTO database. In the
academic literature (J. Krafft, 2010) and industry reports (OECD, 2015), patent analysis has been
undertaken in order to understand knowledge positions of firms and countries. Each patent application
contains detailed information on the innovator’s characteristics (such as industry code, year of
submission, assignee). There has been some discussion on the usefulness of using patent application as
an output indicator for innovation (Kleinknecht, van Montfort, & Brouwer, 2002; van Zeebroeck, 2011),
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demonstrating the strengths of this indicator to measure innovativeness of firms. The basic assumption
behind this research is that a higher number of patents will provide a stronger knowledge position for a
firm (OECD, 2013). The OECD has developed a classification of technological fields of ICT using IPC codes
in the following areas: telecommunications, consumer electronics, computers and office machinery as
well as other ICT (see Appendix 1). This classification has been utilized to examine ICT firms and to
compare OECD countries with respect to their competitive position (OECD, 2010). By using the OECD
classification, we were able to select all patent applications in the USPTO database at the global level
over the period 1920 to 2015 (see Figure2).

Figure 2:Methodology on generating a dataset on the Internet of Things

Patents in non-

ICT areas

In order to identify the most important patents in the ICT and loT areas, we used a well-established
technique, namely, main path analysis (Fontana, Nuvolari, & Verspagen, 2009; Verspagen, 2007). This is
explained below.

Identifying the important 10T patentsain pathanalysis

In a second step, we examined the most important patents in the ICT area by using main path analysis as
originally developed by Hummon and Doreian (Hummon & Doreian, 1989). Their approach towards
network analysis was based on examining citation networks in the scientific literature, whereby
scientific papers are nodes, and citations between these papers are links. With their approach they were
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been able to identify the main trajectory of knowledge development within a body of scientific
literature. More recently, this approach has also been used to examine patent networks (Fontana, et al.,
2009; Verspagen, 2007). We used this approach in the following way: by focusing first on all ICT patents
according to the OECD definition (2009), we investigated which of the patents are linked via a citation.
We included all patents that are cited (“backward citations”) or are cited by our source set (“forward
citations”). We included citation as a measure of inventive quality in terms of technological or economic
value (Harhoff, Narin, Scherer, & Vopel, 1999; Harhoff, Scherer, & Vopel, 2003; Henderson, Jaffe, &
Trajtenberg, 1998; Trajtenberg, 1990). Backward citations are used to investigate spillovers (“knowledge
flows”) between technology classes (Trajtenberg, Henderson, & Jaffe, 1997) or geographic regions
(Rosenkopf & Nerkar, 2001); Jaffe, Trajtenberg & Henderson, 1993; Tissen, 20010. Studies analyzing
backward citations have also shown that they indicate the localness of technological search by certain
organizations (Podolny & Stuart, 1995) (Fleming & Sorenson, 2001). This analysis resulted in a total of
2,395,972 ICT patents being identified.

After a weight was assigned to each individual link between the different patents, the algorithm
calculated different trajectories from each starting point. Every time a junction was found, the algorithm
followed the link with the highest value attributed to it. In case they have the same value, both
directions are followed until the endpoint was reached. As a result, for each starting point one or more
trajectories were found. The trajectory with the highest cumulative value of all weights of its links is
considered as the top main path (Verspagen, 2007). That means, this top main path represents the most
important knowledge flows in the network and contains the most important inventions in the
technological area. This top main path is also considered as a technological trajectory (Dosi, 1982;
Verspagen, 2007). For all ICT patents, this procedure generated 288,478 main ICT patents.

In a second step, we undertook a literature study on all available studies on loT in the professional
literature to generate relevant keywords. In order to verify our list of keywords we asked industry
experts to complete the list and/or eliminate terms that they thought were appropriate. The search
strategy used key words in the area of the loT like “2G”, “3G”, “4G”, “Wifi” or “Arduino” as found in the
literature (see Appendix 1 for overview about the literature consulted). However, this procedure did not
generate the expected results as some keywords were also used in other technological fields such as
“3G” or “2G”. Therefore, we used as a criterion whether an ICT patent was an |oT patent of whether or
not the patent belonged to transmission of digital technology (code “H04L”) or to switching technology
(codes “G05” and “G06”). Both technological classes have been used to examine the ICT industry (J.
Krafft, 2010). By including backward and forward citations, we generated a data set of in total 908,672
loT patents. After undertaking the aforementioned procedures to identify the main path in loT
technologies, we identified in total 86,159 main IoT patents. In order to check if the dataset on loT
generated we compared the results in terms of IPC classes with previous studies in the area and found
that a significant overlap existed (Intellectual Property Office, 2014; LexInnova, 2015).
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Identifying thedynamics ofoT patentsnd the main firms in theT area

As Figure 3 shows, patenting in the areas of ICT and loT has rapidly increased since the 1980s. In
particular since 2000, patenting in both areas has been rapid. Patents on the main path for ICT and loT
have followed these trends rather closely.

Figure 3: ICT and loT patents between 1970 to 2015, USPTO
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Table 4 displays the main contributors to patenting activities in the ICT and loT area. Not surprisingly, all
of these companies are manufacturing firms. According to Fransman’s layered ICT eco-system, all these
firms belong to layer 1, equipment provision. Most companies are from Japan (8), followed by the USA
(7), South Korea (2) and two Europe (2).
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Table 3: Major ICT firms in the loT area

Company Country ICT Patent Main path ICT patent loT Patent Main path loT Patent
Applications (2015) applications Applications (2015) Applications
(2015) (2015)
IBM USA 126704 17892 35840 2749
SAMSUNG South 90105 11795 32708 3546
Korea

CANON KK Japan 61959 7138 26963 2207
SONY CO Japan 58635 6392 34480 3072
TOSHIBA CO Japan 53380 5674 14145 1026
HITACHII CO Japan 48375 4629 13030 739
AVICODE USA 45653 7702 20984 2275
FUJITSU LTD Japan 43294 3586 17611 1213
NEC CORP Japan 41365 3146 16372 997
INTEL CORP USA 36861 4246 15147 1383
QUALCOMM USA 36540 5332 28032 3717
MOTOROLA USA 34009 3104 20060 1642
HEWLETT USA 33649 3983 11998 807
PACKARD

G.E. MED SYS USA 31680 4647 5085 478
FUJICO Japan 31585 3131 10051 628
PHILIPS NV Neths 30711 2064 11734 557
LG ELECT INC South 27763 4094 13858 1873

Korea

AG SIEMENS Germany 26997 2161 8895 608
MATSUSHITA Japan 26235 1580 10075 405
Total top 20 885500 102296 347068 29922
companies

Total 2396458 288646 909106 86311

4. Empirical Analysis

4.1 Defining technological diversification using an entropy measure

In order to account for technological relatedness, we use the concept of related and unrelated variety
(Frenken, Van Oort, & Verburg, 2007) to examine the distinction between patents that are related to
each other within the same IPC class and patents that are related to another patent outside the same
IPC class. In this context, related (technological) variety addresses the variety in IPC codes within the
same patent class; unrelated (technological) variety focuses on the variety of IPC codes between
different patent classes. To examine the technological (un-)relatedness, the strategic management
literature has extensively used the entropy measure (J. Chen, Jang, & Wen, 2010; Y.-S. Chen & Chang,
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2012; Hitt, Hoskisson, & Kim, 1997; Jacquemin & Berry, 1979). We follow the approach outlined by
Frenken et al (2007).

In general, the concept of technological (un-)related diversity can be illustrated with an example in the
ICT area. We focus on patents that have at least one IPC code starting with HO4L (transmission of digital
transmission). There might be 14 patents with 10 different IPC codes. That means, that each patent can
have up to 10 different IPC codes assigned to it. The number “1” shows that an IPC code is assigned to a
patent, the number “0” indicates that no IPC code is assigned to the patent. From all patents in the
dataset which have at least one of their IPC codes starting with HO4L, we then can calculate the co-
occurrences between HO4L and the 10 IPC remaining codes. From the number of co-occurrences, the
share of each IPC code can be calculated. For example, the share of HO4L2712 is calculated by dividing 7
by 30 which yields a share of 23.3%. From these shares it is then possible to calculate the entropy
contribution of each IPC code.

In contrast to the HHI index (Hall & Trajtenberg, 2004), the advantage of using the entropy measure is
that the measure can be decomposed at the each sectoral digit level. As a result, the entropy measure
can be decomposed at different digit levels can enter a regression analysis without necessarily causing
collinearity. According to Frenken et al (2007), this corresponds to the formula of total variety (1) which
is given by:

In the formula H indicates total variety, r|ds a variable for the share of each IPC code. Total variety can
further be decomposed in related and unrelated variety:

In formula (2), QD is a variable for unrelated variety between IPC codes which is defined as:

and O aindicates related variety:
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The variable 0Oindicates the sum of the shares of each IPC code (Frenken, et al., 2007). We can
disaggregate different level of relatedness at the 4- (or 7-) digit level, IPC codes would start in these
cases with the same first four (or seven) digits will be treated as related.

4.2 Empirical testing: correlations

In order to examine the first two hypotheses, we analyzed the correlations between four different
variables:

9 technological specialization of ICT firms in the ICT area (SPEC_IGT

9 technological specialization in the |oT area (SPEC_I¢;T

9 technological specialization of ICT firms in the main areas of ICT (SPEC_MPCI); and,
9 technological specialization in main areas in loT (SPEQVIP_IOT) (see Table 4).

In addition, we included different measures for technological diversification at the four-digit level
(Tot_Entropy_4) at the seven-digit level (Tot_Entropy 7D and for all levels (Tot_Entropy_Full).
Furthermore, three variables for the growth rate were calculated at these different levels as an average
(AvgDiversity_4D, AvgDiversity 7D, AvgDiversity). Full

By looking at the first row of Table 4 (below), it can be seen that technological specialization in ICT (as a
share of total patents) (denoted by SPEC_ICTis also positively correlated with technological
specialization in loT (as share of total patents (SPECOoT ) (value 0.673). This empirical result supports
hypothesis 1A.

Technological specialization in ICT (SPEC_ICTs also positively related to technological specialization in
the main path ICT patents (SPEC_MN_ICT) (0.074). However, it is not related to technological
specialization in the main path of IoT patents (Spec_MP_loT) (0.019). Therefore, hypothesis 1B is
supported.

Interestingly, we can already observe some initial findings with respect to the different variable of
technological diversification (Tot_Entropy_4DTot_Entropy_7DTot_Entropy_Full). All of these variables
are negative, as expected in hypotheses 2A and 2B. However, it contrast to hypotheses 2A and 2B, we
found a positive relationship between growth of technological diversification at the four
(AvgDiversity 4P and seven-digit (AvgDiversity 7Dlevels.
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Table 4: Correlation Matrix

SPEC _| SPEC_I | SPEC_MP_ | SPEC_MP_ | Tot_Entropy | Tot_Entropy | Tot_Entropy_ | AvgDiversity_ | AvgDiversity | AvgDiversity
CT oT ICT loT _4D _7D Full Full _7D _4D
SPEC_ICT 1 673" 074" .019 -.555" -.544" -527" -.001 .055" .104™
SPEC_loT 673" 1 .068" 1577 -578" -577" -.600" .066° 1577 2127
SPEC_MP_ICT | .074" | .068" 1 6117 -.123" -.104" -.1477 1117 -.065" -.078"
SPEC_MP_loT | .019 1577 611" 1 -.103"” -.097" 1257 -.013 .024 .013
Tot_Entropy_ | -.555" | -.578" -123" -.103" 1 953" 885" 318" 256" 2007
ap
Tot_Entropy_ | -.544" | -577" -.104" -.097" .953" 1 947" .289™ 2117 .088™
7D
Tot_Entropy_ | -.527" | -.600" -.147" -125" 885" 947" 1 218" .068" -.058"
Full
AvgDiversity_ | -.001 .066° 1117 -.013 318" .289" 218" 1 925" .820"
Full
AvgDiversity_ | .055° | .157" -.065" .024 256" 2117 .068" .925™ 1 936"
7D
AvgDiversity_ | .104" | 2127 -.078" .013 .200™ .088" -.058" 8207 936" 1
ap

(Note: Correlation is significant at the 0.01 level (2-tailed).~ ; Correlation is significant at the 0.05 level (2-tailed). )
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4.3 Empirical testing: Linear regression

In order to examine the four hypotheses in a multivariate setting, we developed a statistical model that
included the following variables:

YO QB0 Y

I "YO0,00w! "OYU0 w"YOOw! "YOL®OO6 Y'Y

Table 5: The Relationship between technological diversification and specialization in ICT firms

SPEC_ICT SPEC_loT SPEC_NP_ICT Model SPEC_NP_loT
Model | Model Il 1] Model IV
TECH_DIV -7.378%** -10.887*** 0.614*** 0.539**
(0.389) (0.501) (0.133) (0.1712)
GROWTH_DIV 20.022%** 46.938*** -7.795%** -3.995%*
(3.424) (4.413) (1.173) (1.506)
TIME_YEARS -0.197 -0.394*** -0.251 %** -0.275%**
(0.054)*** (0.069) (0.018) (0.024)
Adj R? 0.332 0.427 0.133 0.101
Observations 1322 1322 1322 1322

Note: *** = significant at 1 %; ** = significant at 5 %; * = significant at 10 %

Table 5 shows that all four models are significant. As expected, a higher degree of technological
specialization of ICT firms in the ICT area (Model 1) and loT area (Model 2) is related to a lower growth
in technological diversification of these firms (TECH_DJ)VThe growth of technological diversification
(GROWTH_DIV) is positively related to technological specialization in ICT and loT. However, a high
degree of technological specialization of ICT firms in the main areas of ICT (Model 3) and loT (Model 4) is
negatively related to a growth of technological diversification in ICT.
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5. Summary and Conclusions

The aim of this paper was to analyze the knowledge positions of major ICT firms in the emerging field of
the IoT. In the literature, the emergence of loT technologies has been considered as a disruptive
technological change leading to a radical restructuring of the traditional ICT ecosystem. In order to stay
competitive, ICT have to diversify into this new emerging technology. Technological diversification
allows ICT companies to participate in the loT by transplanting their existing know-how to new
application domains. In using the ICT ecosystem perspective, we examined the technological
diversification of ICT companies into the loT area by investigating 86,159 main patents using the USPTO
database.

We have demonstrated the extent to which the existing knowledge base of ICT firms allows them to
diversify into the new technological area of I0T. Although Table 3 identifies the position of leading ICT
firms, in terms of the number of their overall ICT and IoT patents, care needs to be taken when
suggesting that technological specialization in ICT will also lead to technological specialization in loT
technologies. It is not clear how firms leverage the position in all ICT patents into a technological
specialization in loT technologies; that is, what resources, competences and strategies are needed to
facilitate and then maintain this transition? It may be the case that the larger generators of general ICT
patents will naturally develop a significant position in loT technologies through the sheer volume of
patent applications, but it is not clear whether this is more competitively advantageous than a more
focused strategy?

Neither Philips nor Siemens immediately spring to mind as being at the forefront of loT developments,
yet as shown in Table 3 they have developed a significant portfolio of 10T patents. Exploring how this has
emerged could, for instance, take the form of a detailed analysis of how closely aligned their IoT patent
portfolios are to their ‘traditional’ lines of business. This would begin to shed light on whether their loT
strategies were deliberate or emergent. The strategies of Philips and Siemens could also be compared to
those firms like Qualcomm that we would reasonably expect to have a significant exposure to loT
technologies.

The paper concludes that due to technological pervasiveness IoT provides for new innovative activities
and technological opportunities for ICT companies to grow in emerging sectors like wearables, industrial
automation, smart energy and smart mobility. For firms to grasp these opportunities they need to be
able to see the possibilities that 10T represents. In other words, while a firm may possess a substantial
portfolio of loT patents this does not necessarily mean that it will create value from them. It may be the
case that the firm views loT as being complementary to its existing lines of business, and thus will price
them differently than if the firm views loT as being a new and separate business activity. It may,
however, be too early to say which loT patents will create value over the longer term. The IoT is a
dynamic market, which is rapidly evolving in terms of both the technologies used and the business
models deployed so what is perceived to be valuable today may not be so tomorrow. This creates
uncertainty for firms, in terms of where to position their R&D expenditure and which IoT markets to
focus on. Firms could react to this uncertainty by initially adopting a ‘scatter gun’ approach, or by closely
monitoring how the market develops and then acquiring other companies with the 10T patents that they
lack.
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Appendix 1: M2M and Networking

Reference Key components of Internet of things technologies
M2M Networking
Wired Wireless
M2M WPAN Wi-Fi | Zigbee 2G 3G 4G 5G NFC Bluetooth / RFID Z-wave | LPWAN VSAT
BLE
(OECD, 2012b) X X X X X
(OECD, 2015)
(Zainab, Hesham, X X X X X
& Mahmoud,
2015)
(Atzori, lera, & X X X
Morabito, 2010)
(Sheng, et al., X X
2013)
(Vermesan & X X X X
Friess, 2014)
(Perera, Liu, & X X X X X X X X
Jayawardena,
2015)
(Lee & Lee, 2015)
(Bradley et al., X
2015)
(Botta, et al., X X
2016)
(BEREC, 2016)
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Appendix 2. Definition of ICT-related patents, based on IPC codes

IPC code ‘ Details

Telecommunications

GO01S Radio navigation

G08C Transmission systems for measured values
G09C Ciphering apparatus

HO1P, HO1Q Waveguides, resonators, aerials

H01S003-025, H01S003-043, H01S003-06,
H01S003-085, H01S003-0915, H01S003-0941,
H01S003-103, H01S003133, H01S003-18,
H01S003-19, H01S003-25, H01S005

Semiconductor lasers

HO3B-D

Generation of oscillations, modulation,
demodulation

HO3H Impedance networks, resonators

HO3M Coding, decoding

HO4B Transmission

HO4) Multiplex communication

HO4K Secret communication

HO4L Transmission of digital information

HO4AM Telephonic communication

HO4Q Selecting, public switching

Consumer electronics

G11B Information storage with relative movement
between record carrier and transducer

HO3F, HO3G Amplifiers, control of amplification

HO3J Tuning resonant circuits

HO4H Broadcast communication

HO4N Pictorial communication, television

HO4R Electromechanical transducers

HO4S Stereophonic systems

Computers, office machinery

BO7C Postal sorting

B41) Typewriters

B41K Stamping apparatus

GO2F Control of light parameters

GO03G Electrography

GOS5F Electric regulation

G06 Computing

G07 Checking devices

G09G Control of variable information devices

Gi10L Speech analysis and synthesis

G1l1C Static stores

HO3K, HO3L Pulse technique, control of electronic oscillations

or pulses
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Other ICT

GO1B, GO1C, GO1D, GO1F, GO1G, GO1H, GO1J,
GO1K, GO1L, GO1M, GO1N, GO1P, GO1R, GO1V,
GO1W

Measuring, testing

G02B006 Light guides

G058 Control and regulating systems

G08G Traffic control systems

G09B Educational or demonstration appliances
HO01B011 Communication cables

HO01J011, HO1JO13, HO1JO15, HO1J017, HO1J019,
H01J021, HO01J023, HO01J025, H01J027, H01J029,
HO01J031, H01J033, H01J040, H01J041, HO1J043,
H01J045

Electric discharge tubes

HO1L

Semiconductor

(Source: OECD 2009)
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