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ABSTRACT

The shift from competition between products or firms to ecosystem competition requires a
deeper understanding of the emergence of technologies. The perspective of innovation
ecosystems considers the development of technologies based on prior innovations, and
therefore allows us to predict technology development based on the trajectories of existing
products. We present a novel patent-based framework for early detection of enabling
technologies in ecosystems. We test the framework on the case of the emergence of industry
4.0, and therefore establish a theoretical definition of industry 4.0, which we operationalize using
longitudinal patent data. In this context, our analysis confirms that the surge of industry 4.0
innovation has stabilized on a high level. Through an exploratory patent citation analysis, we also
detect an expansion of industry 4.0 into areas formerly occupied by managers. We observe that
industry 4.0 has reached a mature state of development. More importantly, however, our
validated framework for forecasting enabling technologies of innovation ecosystem emergence
permits the identification and prediction of subsequent, complementary technologies.

This project has received funding from the European Union’s Horizon 2020 research and innovation programme under the Marie
Sktodowska-Curie grant agreement No 956745. Results reflect the author's view only. The European Commission is not responsible for
any use that may be made of the information it contains.

Disclaimer: This Deliverable has been submitted to the European Commission. It might be subject to change until final approval.




N
() EINST4INE

CONTENTS

ABSTRACT ..ottt ettt ettt ettt et et eee et e st e s et e e ae st e b e te e st e st et eneeneentetes 3
1. Innovation ECOSYSteMS EMEIQENCE. .....cc.eeviiiieeeee e 5
2 Enabling TEChNOIOGIES .....c.eveieeeieeeee e 6
3. INAUSTIY 4.0 ...ttt et e ettt e e e e nee 7
4 Framework for Enabling Technologies of Ecosystem Emergence ...........c.cccoeeveriiennenne. 9

o TR D - 1 ¥ R S SO U PSP OTPPOPPPRR 9

4.2, MENOM. ... .ottt ettt enees 9
5. Empirical validation of the framework in Industry 4.0.............ccooieiiiiiiii 12
6. Conclusions for Innovation Management ............cccoooviieiieoieeciiecie e 22
7. REFEIBNCES ... ettt ettt 25
AULhOT BIOGIaPRS ...ttt et ettt et e et e st e eenee e 33
PARTINERS ...ttt ettt ettt ettt et e s b e e st et e beeseenaenseeneeneesenseens 34
FUNDING ...ttt ettt ettt et e eae e st e e ese e st et e seeseensanseeseeneensenseenis 34

This project has received funding from the European Union’s Horizon 2020 research and innovation programme under the Marie
Sktodowska-Curie grant agreement No 956745. Results reflect the author's view only. The European Commission is not responsible for
any use that may be made of the information it contains.

Disclaimer: This Deliverable has been submitted to the European Commission. It might be subject to change until final approval.




(> EINST4INE

1. INNOVATION ECOSYSTEMS EMERGENCE

Digital technologies may compete or complement other technologies depending on the context
in which they evolve (Denicolai et al., 2021; Granstrand & Holgersson, 2020). Therefore, to
understand the progress of one innovation, we must consider the ecosystem in which it is
embedded (Adner & Kapoor, 2016; Baldwin et al., 2024). In innovation ecosystems, innovations
evolve based on an existing technology landscape (Basalla, 1988). A disruption occurs when an
innovation is applied to a new domain, and therefore commences a distinct technological
trajectory (Levinthal, 1998). Hence, an innovation which is not disruptive to its original domain
may spawn radical innovation when horizontally transferred to another domain (Carignani et al.,
2019). It then becomes a platform upon which other innovations build (Autio & Thomas, 2014).
Thus, as technologies mature, some of them enable the development of new technologies or of
entire ecosystems (Nylund et al., 2024; Nylund et al., 2022, Teece, 2018). The relationships
between technologies therefore explain the growth of the ecosystem as such.

The evolving nature of innovation ecosystems means that enabling technologies span from prior
innovations. In this report, we ask whether the future trajectories of enabling technologies can
be predicted based on the technologies on which they are based. We rely on theory on innovation
ecosystems to devise a framework for the identification of enabling technologies, based on the
trajectories between innovations manifest in patent citations (Choi & Park, 2009). The proposed
framework is validated using data from the industry 4.0 innovation ecosystem. Finally, we
discuss the implications of this work for theory and practice.
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2. ENABLING TECHNOLOGIES

Digital technologies may compete or complement other technologies depending on the context
in which they evolve (Denicolai et al., 2021; Granstrand & Holgersson, 2020). Therefore, to
understand digital transformation, we must consider the ecosystems in which innovations are
embedded (Adner & Kapoor, 2016: Dabrowska et al., 2022). In innovation ecosystems,
innovations evolve based on an existing technology landscape (Basalla, 1988). A disruption
occurs when an innovation is applied to a new domain, and therefore commences a distinct
technological trajectory (Levinthal, 1998). Hence, an innovation which is not disruptive to its
original domain may spawn radical innovation when horizontally transferred to another domain
(Carignani et al., 2019). It then becomes a platform upon which other innovations build (Autio &
Thomas, 2014). Thus, as technologies mature, some become platforms and enable the
development of new technologies or of entire ecosystems (Nylund et al., 2022, Teece, 2018). The
relationships between technologies therefore explain the growth of the ecosystem as such.

The evolving nature of innovation ecosystems means that enabling technologies span from prior
innovations. In this report, we ask whether the future trajectories of enabling technologies can
be predicted based on the technologies on which they are based. We rely on theory on innovation
ecosystems to devise a framework for the identification of enabling technologies, based on the
trajectories between innovations manifest in patent citations (Choi & Park, 2009). The proposed
framework is validated using data from the industry 4.0 innovation ecosystem. Finally, we
discuss the implications of this work for theory and practice.
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3. INDUSTRY 4.0

We validate the proposed framework by applying it to the empirical setting of industry 4.0.
Industry 4.0 has been identified as a watershed in technological trajectories (Yu & Yan, 2022).
The term industry 4.0 itself emerged from the “High-Tech Strategy” of the German government.
It has ever since been used interchangeably with the fourth industrial revolution and is focused
on digitally integrating processes and machines (Xu et al., 2018). While the “Industry 4.0" agenda
has received the most international attention, similar initiatives outside of the German context
exist such as China’s “Made-in-China 2025” and (Li, 2018) Japan’s Society 5.0 (Holroyd, 2022)
initiatives. This concept of bringing together the digital and physical worlds will create intelligent
production sites, smart products, new business models and will better integrate customers
(Pereira & Romero, 2017). Though the industry 4.0 concept was initially to a large extent practice-
driven and technology-oriented, it has diffused into academia. However, “Researchers and
companies hold different points of view about the Industry 4.0 concept and visions” (Pereira &
Romero, 2017).

Hermann et al. (2015) describe industry 4.0 with six design principles: interoperability,
virtualization, decentralization, real-time capability, service orientation, and modularity. This
transformation is enabled by an ever-expanding portfolio of technologies, including Cyber-
physical systems, the Internet of things, cloud computing, big data, advanced robotics,
augmented reality, simulation, additive manufacturing, blockchain, artificial intelligence and 5G
(Alcécer & Cruz-Machado, 2019; Bigliardi et al., 2020; Bodkhe et al., 2020; Xu et al., 2018). At its
core "industry 4.0 defines a methodology to generate a transformation from machine dominant
manufacturing to digital manufacturing” (Oztemel & Gursev, 2020).

Hence the driving technology underlying the concept of industry 4.0 is the concept of Cyber-
Physical Systems (CPS) (Lee et al., 2015; Maier et al., 2015). These systems are described as
combinations of embedded systems and global networks (Rajkumar et al., 2010). Kagermann et
al. (2013, p. 5) describe CPS as follows: “In the manufacturing environment, these Cyber-Physical
Systems comprise smart machines, storage systems and production facilities capable of
autonomously exchanging information, triggering actions and controlling each other
independently”, which enables interconnected companies to delicate capacities and orders
automatically (Ghobakhloo, 2018).

Notably, this intra- and cross-company intelligence integration (Kagermann et al. 2011) does not

only reshape the manufacturing process but also enables business model innovation (Mueller et
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al., 2018). For example, industry 4.0 technologies underly much recent development in business
models based on green and sustainable technologies (Najmaei & Sadeghinejad, 2023).

Given this increase in complexity and interdependency of company interactions (Yang et al.,
2022), the supply chain view must be abandoned in favor of an ecosystem approach (Benitez et
al., 2020). Since the resulting ecosystem of interconnected actors jointly creates customer
facing value, we will employ an innovation ecosystem (Jacobides et al., 2018) view throughout
this report.

To streamline these complex interdependencies between different actors, the development of
standards such as dominant designs is crucial in an innovation ecosystem (Miller & Toh, 2022).
In addition, “dominant designs drive structures of investment in resources, capabilities, and
complementary innovations that reach far beyond the single firm” (Brem & Nylund, 2024).
Especially in the setting of industry 4.0 the development of a reference architecture is imperative,
since “Industrie 4.0 will involve networking and integration of several different companies
through value networks. This collaborative partnership will only be possible if a single set of
common standards is developed. A reference architecture will be needed to provide a technical
description of these standards and facilitate their implementation.” (Kagermann et al., 2013, p.6)
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4. FRAMEWORK FOR ENABLING TECHNOLOGIES OF
ECOSYSTEM EMERGENCE

4.1. DATA

Patent data is useful to analyze wider networks of innovations (Stuart, 1999). We combine
longitudinal patent data from the OECD REGPAT and OECD Citations databases regarding
patents filed at the European Patent Office (EPO). The data spans a time period of 30 years, and
such long time series allow for conservative forecasts by avoiding temporary effects (Armstrong
et al., 2015). Patent counts of EPO patents are better indicators of innovative performance
compared to similar patents from the United States Patent and Trademark Office (USPTO)
(Geerts et al.,2018; Jaffe & Lerner, 2004) due to the higher patenting costs of the EPO (Van
Pottelsherghe de la Potterie & Frangois, 2009), lower work-load of patent examiners, and lower
patent-granting rates (Quillen & Webster, 2001). The citation patterns of EPO patents are also
more focused. EPO patents tend to cite about a third as many patents as US patents, (Michel &
Bettels, 2001) since EPO aims to include only the most important documents (Webb et al., 2005).

4.2. METHOD

The detection of enabling technologies poses a conundrum for researchers: Early forecasts tend
to be less accurate. On the other hand, once estimates are sufficiently accurate, it may be too
late for managerial action (Lenz, 1985). The solution is to make very early evaluations and update
as new information becomes available (Porter, 1991). A crucial challenge of early forecasts is
the identification of enabling technologies or the detection of weak signals (Ansoff, 1975).
Qualitative methods e.g., Delphi-based scenario analysis rely on the knowledge of experts to
identify early technologies and thus depend on involving the right experts in order to obtain
reliable predictions (Rowe & Wright, 1999). Patent-based methods have been developed for
studying technology evolution processes (Kumar et al., 2021). They have been used for
discerning technologies of particular importance e.g., general purpose technologies (Feldman &
Yoon, 2012), but require that technologies achieve an impact prior to identification. However,
capturing technologies at the initiation stage would enable a more adequate assignation of
resources.
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We device a new framework for ecosystems, as outlined earlier, to identify paths from mature
technologies to new trajectories. The proposed framework is depicted in Figure 1.

Step 1: Define the innovation ecosystem
in terms of patent classes

Step 2: Draw growth curves for the
selected patent classes

Step 3: Identify core technologies in terms
of innovative performance and maturity

Step 4: Fit logistic growth curves to core
technology data

Step 5: Are the core
technologies in the upper
stage of the S-curve?

YES
Step 6: Analyze citing technologies

Step 7: Are there technologies
that cite core technologies but
do not belong to the ecosystem?

NO

Step 8: Discuss implications of results for
management and policy making

Figure 1. Proposed framework for forecasting enabling technologies of ecosystem emergence
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In step 1 of the proposed framework, we define the innovation ecosystem in terms of patent
classes. We use prior theory for this definition, but if there are no existing studies to rely on, the
researcher may have to engage in e.g., constructing an ontology for the innovation ecosystem in
order to determine the relevant patent classes (Trappey et al.,2016). In step 2, we draw growth
curves for the selected patent classes in terms of innovative performance, measured as the
patenting frequency of each patent class, and calculated as the number of patent applications
in a given year (Ahuja & Katila, 2001, Hall & Ziedonis, 2001; Keil et al., 2008; Stuart, 2000). The
growth curve is one of the most prominent models that management theory has inherited from
the study of natural ecosystems (Pearl, 1925). Such curves have previously been used to model
patent production (Rusek et al., 2023). In step 3, we identify core technologies in terms of
innovative performance and maturity through analyzing the growth curves. In step 4, we fit
logistic growth curves to core technology data, since in the study of technology growth within
ecosystems, we expect the innovative performance to assume a symmetric sigmoid shape
without a known upper limit. In step 5, we verify whether the core technologies are in the upper
stage of the sigmoid shape. If the core technologies are in the upper stage of the S-curve, we
continue the analysis with step 6. If they are not, we proceed to the discussion in step 8. In step
6, we analyze the citing technologies through establishing which patent classes most frequently
cite the core technologies. In step 7, we verify whether there are technologies that cite core
technologies, but do not belong to the ecosystem, as defined in step 1. If there are, we recursively
analyze those technologies by returning to step 2. If not, we proceed to the discussion in step 8.
Finally, we discuss the validated framework and its implications for management and policy
making.
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5. EMPIRICAL VALIDATION OF THE FRAMEWORK IN
INDUSTRY 4.0

STEP 1. DEFINE THE INNOVATION ECOSYSTEM IN TERMS OF PATENT CLASSES

We study the industry 4.0 ecosystem using the proposed framework for forecasting enabling
technologies. We first define the innovation ecosystem in terms of patent classes as per step 1
in the framework. The core technology underlying the concept of industry 4.0 is cyber-physical
systems (Lee et al., 2015). We therefore begin our definition with the top ten IPC patent classes
of cyber-physical systems namely GO5B 19/418, GO5B 19/042, GO5B 19/00, GO5B 19/18, GO6F
19/00, GO5B 19/05, GO5B 23/02, G0O5B 11/01, HO4L 29/06, and GO5B 19/02 (Trappey et al., 2016).
We exclude HO4L 29/06 which represents the transmission of digital information and GO6F 19/00
related to electric digital data processing, since these two patent classes are related to the
general transmission and process of data and not only to cyber-physical systems. We also
exclude G05B023/02 electric testing or monitoring and G05B011/01 electric control or regulating
systems in general, due to the general nature of these patent classes. This leaves us six distinct
subclasses of the class GO5B control or regulating systems in general; functional elements of
such systems; monitoring or testing arrangements for such systems or elements. These six
patent classes are described in Table 1.
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Table 1. Industry 4.0 defined in terms of patent classes.

Source: Authors elaboration based on descriptions from WIPO
http://web2.wipo.int/classifications/ipc/ipcpub

IPC
G05B019/042

G05B019/418

G05B019/05

G05B019/18

G05B019/00
G05B019/02

Description

Program-control systems. Program control other than numerical control, i.e. in
sequence controllers or logic controllers using digital processors

Program-control systems. Total factory control, i.e. centrally controlling a plurality
of machines, e.g. direct or distributed numerical control (DNC), flexible
manufacturing systems (FMS), integrated manufacturing systems (IMS),
computer integrated manufacturing (CIM)

Program-control systems. Programmable logic controllers, e.g. simulating logic
interconnections of signals according to ladder diagrams or function charts

Program-control systems. Numerical control (NC), i.e. automatically operating
machines, in particular machine tools, e.g. in a manufacturing environment, so as
to execute positioning, movement or coordinated operations by means of program
data in numerical form (GO5B 19/418 takes precedence)

Program-control systems.

Program-control systems. Electric
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STEP 2. DRAW GROWTH CURVES FOR THE SELECTED PATENT CLASSES

We draw the growth curves in terms of innovative performance, i.e. yearly number of patents, for
each of the six patent classes of the industry 4.0 ecosystem in Figure 2.

innovative performance
200 300 400
| | ]

100
I

o -
1988 1998 2008 2018
Year
G05B019/042 G05B019/18
GO05B019/418 G05B019/00
G05B019/05 G05B019/02

Figure 2. Growth curves for industry 4.0 technologies.

STEP 3. IDENTIFY CORE TECHNOLOGIES IN TERMS OF INNOVATIVE
PERFORMANCE AND MATURITY

In Figure 3, the patent classes G05B019/042 and G05B019/418 are notable in terms of innovative
performance and growth. We thus identify these two patent classes as core technologies of
industry 4.0.
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STEP 4. FIT LOGISTIC GROWTH CURVES TO CORE TECHNOLOGY DATA

We use a nonlinear least-square estimation to fit the following logistic function to the data for
each patent class:

B1

X = '30 + 1+e—B2(t-B3)

where x is innovative performance, t is the year, and B is indicated in Table 2. Models 1 and 2
represent the two main patent classes of industry 4.0. For these models, o is taken as 0 and the
fitted model is thus a three-parameter function. In Figures 4 and 5, we plot the data together with
the fitted logistic function. We see from the adjusted R? and the root-mean-square error (RMSE)
as well as in the figures that while both patent classes fit the sigmoid curve very well, the fit of
model 1 is better and while class G05B019/042 is still in a growth phase, it is nearing stability
and convergence. G05B019/418 is experiencing a growth spurt that deviates from the trajectory.
This may be a temporary deviation, as has happened before, but it could also indicate a new
growth phase for innovation in computer-integrated manufacturing systems of industry 4.0.

Table 2. Logistic function estimates

B1 366.194 ** 394.253 ** 615.368 **  548.983 **
B2 0.106 ** 0.108 ** 0.549 ** 0.492 **
Bs 2009.145 ** 2009.036 **  2011.371 ** 2013.215 **
Adj. R? 0.983 0.933 0.995 0.996
RMSE 20.020 36.073 27.356 16.420
N 75 91 24 34

** Estimates significant on the 5% level
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Figure 3. Data for patent class G05B019/042 with fitted sigmoid curve.
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STEP 5. ARE THE CORE TECHNOLOGIES IN THE UPPER STAGE OF THE S-CURVE?

Industry 4.0 has clearly entered a stage of maturity after a stage of rapid growth and is about to
reach the upper stage of the sigmoid shape. However, for patent class G05B019/418, the
behavior in the last years is unstable.

STEP 6. ANALYZE CITING TECHNOLOGIES

We list those technologies that most frequently cite the core technologies of industry 4.0 in Table
3.

Table 3. Main patent classes citing core technologies of industry 4.0.

Citations to G0O5B019/042 Percent Citations to G05B019/418 Percent

G05B019/042 19.91 G05B019/418 12.97
G05B019/05 5.82 G05B019/042 7.12
G05B019/418 476 G05B023/02 4.58
G05B023/02 2.65 G05B019/05 2.18
H04L012/28 1.32 G06Q010/00 1.69
G06F009/44 1.06 B25J009/16 1.69
GO6F009/445 1.06 H04L029/08 1.62
H04L012/40 1.06 G06Q010/00 1.48
H04L029/06 1.06 G05B019/414 1.13
H04L029/08 0.99 GO06F017/50 1.13
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STEP 7. ARE THERE TECHNOLOGIES THAT CITE CORE TECHNOLOGIES BUT DO
NOT BELONG TO THE ECOSYSTEM?

Both technologies mostly refer to the own technology, with citations to other technologies being
fragmented across a large number of patent classes, and mainly to those within the ecosystem.
However, one patent class sticks out in Table 3, for gaining over three percent of citations from
patent class G05B019/418 without belonging to the defined ecosystem. This citing class is
G06Q010, which represents data processing systems or methods, specially adapted for
administrative, commercial, financial, managerial, supervisory or forecasting purposes. The
subclass G06Q010/00 refers to systems and methods for administration and management and
G06Q010/06 systems resources, workflows, human or project management. Descriptions of the
subclasses of G06Q010 are included in Table 4.

Table 4. Subclasses of citing patent class.

Source: Authors elaboration based on descriptions from WIPO
http://web2.wipo.int/classifications/ipc/ipcpub

IPC Description
G06Q010/00 Administration; Management

G06Q010/10 Office automation, e.g. computer aided management of electronic mail or
groupware

G06Q010/06 Resources, workflows, human or project management, e.g. organizing, planning,
scheduling or allocating time, human or machine resources; Enterprise planning;
Organizational models

G06Q010/08 Logistics, e.g. warehousing, loading, distribution or shipping; Inventory
or stock management, e.q. order filling, procurement or balancing against orders

G06Q010/04 Forecasting or optimization, e.g. linear programming, “travelling salesman
problem" or "cutting stock problem"

G06Q010/02 Reservations, e.g. for tickets, services or events
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REPEAT STEP 2. DRAW GROWTH CURVES FOR THE SELECTED PATENT CLASSES

We draw growth curves for all subclasses of G06Q010 in Figure 5.
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Figure 5. Growth curves for managerial automation.
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REPEAT STEP 3. IDENTIFY CORE TECHNOLOGIES IN TERMS OF INNOVATIVE
PERFORMANCE AND MATURITY

We see that the general management and administration systems patent class is giving way to
more specific classes, and that two classes exhibit particularly rapid growth, i.e. G06Q010/06
resources, workflows, human or project management and G06Q010/08 logistics. We thus
identify the latter two as core technologies.

REPEAT STEP 4. FIT LOGISTIC GROWTH CURVES TO CORE TECHNOLOGY DATA

We again fit the logistic function to the data for patent class G06Q010/06 and G06Q010/08, and
display the resulting coefficients and diagnostics in models 3 and 4 of Table 2. We fit the data
from year 2006, when these technologies enter a growth cycle.

We plot the data points and the fitted functions in Figures 7 and 8.
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Figure 6. Data for patent class G06Q010/06 with fitted sigmoid curve.
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Figure 7. Data for patent class G06Q010/08 with fitted sigmoid curve.

REPEAT STEP 5. ARE THE CORE TECHNOLOGIES IN THE UPPER STAGE OF THE
S-CURVE?

The data indicates that the technologies are still in a growth phase although they are nearing the
stable upper stage. We thus proceed to the final step by discussing the implications of the
validated framework in the following section.
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6. CONCLUSIONS FOR INNOVATION MANAGEMENT

We find that industry 4.0 is in a mature, stable state of development. More importantly, our
framework for forecasting enabling technologies permits the identification of subsequent,
complementary technologies. This is an important result in the context of technology
trajectories. Technologies in such a stable state of development tend to be on a high level of the
S-curve (Katz, 1961; Utterback 1994). Hence, it is reasonable to assume that this stability will
also lead to a platform for new technological developments, as argued by (Gawer & Cusumano,
2002; 2014). If and how this will lead into a standardization process yielding a dominant design,
needs further empirical investigation. Nevertheless, the establishment of an innovation platform
is important for the future development of industry 4.0 as a term, and notably, as an innovation
concept.

In addition, the framework indicates that we are moving from factory automation to managerial
automation. Managerial work is replaced by automation in a wide array of tasks e.g., the
management of resources, workflows, people, projects, and office tasks. Managers may
progressively find their tasks replaced by automation. Artificial intelligence allows for a
redistribution of tasks and with new service-based business models, even smaller firms can
implement managerial automation (Ferras-Hernandez et al., 2023). With the right tools, even
innovation processes can be originated and facilitated by artificial intelligence (Brem et al.,
2023). In the limit, artificial intelligence can guide the strategic management of firms (Ferras-
Hernandez et al., 2022).

Frey and Osborne (2017) conclude that managerial tasks requiring a high degree of social
intelligence have lower probability of automation. Such managerial tasks which are difficult to
automate include discussing issues, resolving problems, and negotiating. Still, the difficulty of
automating a certain task does not mean it will not eventually be automated. Apparently, there
is a high dependence on the type of task which is performed. Tasks including exploitative
behavior are different to tasks related to explorative behavior. In the latter case, a manager has
to be open to new things, whereas in an exploitative setup efficiency is the main goal (O'Reilly &
Tushman, 2013). An extreme example is an entrepreneur who has to engage in explorative tasks
e.g., to develop new products, and exploitative tasks to organize the company with very
operational tasks e.g., writing invoices (Brem, 2017). Hence, managerial automation may
primarily focus on exploitative tasks, which can be linked to industry 4.0 tools, such as
automating the billing process.
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Early work in the 1980’s begun discussing the impact of innovation on the automation of human
tasks (e.g., Hudson, 1983), or the impact of technological change in organizations (e.g.,
Damanpour, 1987). However, managerial automation is not substituting industry 4.0
(Schumpeter, 1942), nor it is an extension of these technologies (Adner & Kapoor, 2016). Instead,
it is a complementary set of technologies which extends the industry 4.0 ecosystem into a new
area previously dominated by humans. The innovation ecosystem perspective thus enables us
to identify complementary technologies, and not only substitutions or extensions (Nylund et al.,
2022). Complementarities increases the likelihood of discontinuous strategic transformation
(Makri et al., 2010).

For managers and policy makers, the framework offers insights regarding the present state and
future development of industry 4.0. In Figure 3, we see that the growth phase of innovation in
industry 4.0 took place around 2000. The concept became widely implemented around 2011
(Kagermann et al., 2011), and we thus perceive a time lag of about ten years from invention to
implementation. If the time lag for managerial automation is similar, that would mean a wide
implementation of managerial implementation around 2022-2024. With the shortening time lags
of innovation adoption, this lag may be shorter for managerial automation (Brem & Viardot,
2017). The emergence of managerial automation calls for action regarding organizational
design, regulation, etc. Since human capital is crucial to industry 4.0 implementation, training in
these areas would increase the readiness of firms (Adebanjo et al., 2023). Even simple tools
such as chathots require employee capability (Sharma et al., 2024). Further, the introduced
framework for forecasting enabling technologies can be applied by to other innovation
ecosystems in order to predict technological change in light of the ever-shortening time cycles.

The simplicity of the proposed method is likely to reduce errors and improve implementation of
the resulting predictions, since each step can be understood by the responsible managers (Green
& Armstrong, 2015). An inherent limitation in using patent data is that it focuses on the invention
process rather than on innovation diffusion. To deepen the understanding of the development of
the industry 4.0 innovation ecosystem, future research may add complementary data on
functions related to diffusion. The lack of data for the last few years also constitutes a limitation
of this article. Repeating the analysis as new data becomes available is likely to yield additional
insights. The use of European data only ensures consistency within the data set, but inclusion of
data from other continents would open avenues for research regarding the globalization of
industry 4.0.
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With new tools for detecting enabling technologies, researchers, managers, and policy makers
can prepare to adapt to technological change and to contribute to the development of innovation
ecosystems. Hence, there is much future research to be done with these powerful tools.
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