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1 | INTRODUCTION

The evolving fourth industrial revolution (Industry 4.0) is
currently reshaping manufacturing industries with a broad
deployment of new digital manufacturing technologies. By
integrating information technology and sensors into
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Abstract

Digital twins (DTs) are virtual representations of real-world entities like pro-
duction assets, processes, or products. They are updated at a defined fidelity
and frequency along the entire life cycle from development and engineering
over the production or implementation of a product or process until its usage
stage. Interconnected digital twins (IDTs) are DTs shared and connected across
organizations with the objective to create holistic simulation and decision
models of an entire physical system. In this paper, we investigate how IDTs
shape future digital manufacturing scenarios and impact innovation manage-
ment. We present the results of a real-time Delphi study, analyzing quantita-
tive and qualitative estimates on a set of 24 projections, forecasting the future
of digital manufacturing with a projection horizon towards 2030. Using this
data and 22 additional use cases of IDTs in manufacturing companies, we pre-
sent a baseline scenario where our Delphi panel reached a consensus, repre-
senting a likely future of digital manufacturing in 2030. By analyzing
projections where our expert panels' evaluations vary widely, we identify key
design decisions that may impact innovation management along the dimen-
sions of variation, choice, and control in digital manufacturing. We explain
how IDTs will impact external knowledge inflows, the emergence and gover-
nance of industrial data spaces, and the potential of data-driven and
Al-enabled applications for prediction and regulation to drive better decision-
making and continuous innovation.

KEYWORDS
digital manufacturing, digital twin, industry 4.0, platforms

mechanical systems, machines become able to collect and
share data in ways not previously possible (Appio
et al., 2021; Bjorkdahl, 2020). A core element of these
cyber-physical systems are digital twins (DTs), that is, real-
time representations of industrial assets and processes,
synchronized at a specified frequency and fidelity along
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the life cycle (Digital Twin Consortium, 2020). In
manufacturing, DTs access real time and historical data of
products, machines, or entire facilities, and use this data
in simulation models to enable more effective decision-
making, optimize manufacturing systems, or develop new
products and services (Fukawa & Rindfleisch, 2023; Tao
et al,, 2018). For instance, Bridgestone uses DTs to simu-
late the performance of its manufactured tires during
usage by utilizing real-time data from actual vehicles,
enabling the development of a new business model in the
form of a price-per-kilometer service (Parrot et al., 2020).

Still, to date, DTs have been mostly isolated in func-
tional silos and limited to specific phases of a product's life-
cycle (i.e., DTs of an object's development, production, or
usage stage). Firms such as Siemens extend this under-
standing by using DTs to interconnect and integrate data
and analytics from different production resources into one
data platform. The interconnection of DTs creates a single
source database, which can be utilized to build shared data
models for comprehensive real-time simulations across all
phases of the product and factory lifecycles (Stark, 2022).
The concept of interconnected digital twins (IDTs) refers to
a network of virtual representations of physical objects or
systems (twin of twins) to communicate and exchange data
across lifecycles in real time and optimize performance and
decision-making through simulation models on the system
level (Redeker et al., 2021; Silva et al., 2022). IDTs serve as
a central element in digital manufacturing by aggregating,
integrating, and sharing data and models to enable
advanced simulations throughout the product and produc-
tion process lifecycle (Stark, 2022; West et al., 2021). While
being accessible to multiple players within an industrial
ecosystem, IDTs allow complementors to use them in com-
bination with their data and models to develop comple-
mentary applications. Subsequently, as part of IDTs,
simulation models become more comprehensive and
meaningful for managing innovation activities (Redeker
et al., 2021; Silva et al., 2022; Tao et al., 2018).

However, research lacks implication on how IDTs
impact the amount and quality of external knowledge
inflows into the innovation process while governing the
resulting openness (Michael et al., 2022; West et al., 2021).
IDTs build on the idea of open data exchange between all
connected entities following a platform logic
(Gawer, 2014; Xu et al., 2020) to create value and drive
innovation jointly (Redeker et al., 2021; Silva et al., 2022).
But, data openness implies that manufacturers surrender
control over their data and its resource advantages (Alexy
et al., 2018). Such a decision is challenging for most estab-
lished firms and causes an inherent tradeoff between data
openness and knowledge protection (e.g., Laursen &
Salter, 2014; Moschko et al., 2023; Parker & van
Alstyne, 2018; Stanko et al., 2017). Hence, exchanging data

Practitioner points

« The paper presents the results of a Delphi
study forecasting the future of digital
manufacturing with a projection horizon
towards 2030.

« Based on the assessments of 35 international
experts from industry and academia, we derive
a base scenario indicating that future digital
manufacturing is likely to be (1) decentralized
in the structure of its technical data exchange,
(2) transparent to increase environmental sus-
tainability, (3) automated through Al-assisted
decision-making, and (4) outcome-oriented
through subscription models enabled by real-
time bidirectional data flows.

« A core technology of future digital manufactur-
ing systems is interconnected digital twins
(IDTs), understood as a network of virtual rep-
resentations of physical objects or systems to
communicate and exchange data across life-
cycles in real time and optimize performance
and decision-making through simulation
models on the system level.

« A complementary analysis of 22 use cases
derives a set of design choices that can help
overcome the challenges posed by IDTs and cap-
ture the value promised by this new technology.

through IDTs among different actors poses new challenges
and uncertainties (Fuller et al., 2020; Michael et al., 2022).

Companies also face uncertainties about the effects of
IDTs on their business model, or how IDTs can become
drivers for business model innovation (Stark, 2022; Xu
et al., 2020). So far, it is uncertain how IDTs can overcome
some of the limitations that humans face in innovation man-
agement, such as information searching, processing, and
evaluation enabling data-driven decision-making while col-
laborating and cocreating across different domains and exter-
nal stakeholders (Michael et al.,, 2022; West et al., 2021).
With our study, we aim to contribute to a better understand-
ing of how IDTs impact future digital manufacturing and
innovation. The following question guided our research:
“How do IDTs shape future digital manufacturing, what are
the opportunities and challenges of IDTs, and what are the
consequences for managing innovation?”

Our study uses a real-time Delphi study approach
(Gnatzy et al., 2011; Gordon & Pease, 2006) to identify
future scenarios for digital manufacturing enabled by
IDTs with a projection horizon towards 2030. Based on
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the assessments of 35 international experts from industry
and academia on a set of 24 projections, we analyzed
1930 ratings about the likelihood of occurrence and the
firm impact for these projections and 629 qualitative
comments providing a rationale for their estimates. As a
base scenario, our analysis indicates that future digital
manufacturing is likely to be (1) decentralized in the
structure of its technical data exchange, (2) transparent
to increase environmental sustainability, (3) automated
through Al-assisted decision-making, and (4) outcome-
oriented through subscription models enabled by real-
time bidirectional data flows. IDTs are a core enabler and
consequence of the scenario. Complementing this base
scenario, our analysis also identifies how specific design
choices for IDTs yield consequences for managing inno-
vation in future digital manufacturing. To investigate
how these design choices impact innovation manage-
ment, we further utilize insights from 22 use cases that
complement our Delphi study. Overall, our study contrib-
utes to a better understanding of the impact of IDTs on
the management of innovation for digital manufacturing
and explores a set of design choices that can help to man-
age the challenges resulting from IDTs to capture the
value this new technology promises.

2 | TECHNICAL AND
THEORETICAL BACKGROUND
2.1 | Development of the DT concept

The engineering and IS literature have already covered the
DT in some detail (Redeker et al., 2021; Tao et al., 2018).
From this literature, we can distinguish three development
levels of DTs: discrete, composite, and interconnected DTs,
mirroring a changing understanding from their closed and
silo-based local application towards system integration and
finally the open and interconnected utilization of DTs in
industrial ecosystems (Fukawa & Rindfleisch, 2023;
Gartner, 2019; West et al., 2021). At the first level, discrete
DTs are used to monitor and optimize the performance of
individual products or equipment within a firm's value
chain. At the second level, composite DTs integrate discrete
DTs with other external data sources to simulate and
predict the future behavior of an entire physical system.
Composite DTs provide a complete digital footprint of an
industrial asset, extending the traditional product lifecycle
management concept from the design stage to its entire
lifecycle (Gartner, 2019; Tao et al., 2018).

At a third development level, DTs are connected and
shared across different actors and organizations. The simu-
lation models underlying these IDTs become more mean-
ingful when DTs of different actors are combined, but also
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when discrete or composite DTs are utilized by different
actors from different perspectives (Michael et al., 2022;
Redeker et al., 2021; Silva et al., 2022). IDTs enable the
usage and commercialization of vast amounts of heteroge-
neous data across organizations in all stages of a product's
life cycle from development and production to usage, ser-
vice, and recycling. This triggers the development of new
forms of digital platforms (Redeker et al., 2021). IDTs
establish cross-company data spaces that link classic data
silos across organizational boundaries (Otto, 2022; Silva
et al., 2022). A data space describes the relationship
between partners who adhere to a commonly agreed-level
set of standards and guidelines about data storage and
sharing within one or many industrial ecosystems (Braud
et al., 2021; Otto, 2022). A central idea of the data space
concept is that data is not stored centrally, but rather at
the source. Thus, they are only transferred through seman-
tic interoperability as necessary. Supported by artificial
intelligence (AI) and machine learning, new insights can
be created (Cappiello et al., 2020).

The German Railway (Deutsche Bahn) is currently
exploring these virtual models of complex, interconnected
entities (e.g., a composite DT of an entire drivetrain of a
train that is shared with the trains' manufacturer, local
operators of maintenance centers, and Deutsche Bahn's
operation center). IDTs monitor operations of rail infra-
structure to optimize the efficiency of its deployed
resources. Thereby, they were able to improve the punctu-
ality rate of trains while reducing maintenance and
manufacturing costs of infrastructure assets. At the same
time, Deutsche Bahn builds a data space (its Digital Mobil-
ity Twin Platform) to model multimodal means of trans-
port by aggregating composite DTs from its own
infrastructure, but also from complementors (like bus com-
panies) and travelers to recommend the best mode of
transport. The objectives of IDTs are better data-driven
decision-making to achieve higher-level performance across
organizations and innovate the underlying manufacturing
of railway infrastructure (Deutsche Bahn, 2020)."

2.2 | IDTs, digital platform design, and
innovation in manufacturing

IDTs demand that established firms develop a new
understanding of value creation and value capture in dig-
ital manufacturing to capture their future opportunities

'In a further development, IDTs could become virtual representations of
entire meta-organizations across corporate boundaries to simulate and
steer cross-organizational collaboration and cocreation (West et al.,
2021). This DT of organizations is primarily discussed in the context of
smart cities as “DT of a city” (Gartner, 2019). However, this extended
view is out of this article’s focus on digital manufacturing systems.
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(Silva et al., 2022; West et al., 2021). The sharing of
knowledge, models, and data across all relevant domains
within and between manufacturing firms and their users
is commonly seen as a core element of the next genera-
tion of digital manufacturing. Different forms of digital
platforms facilitate this exchange and knowledge sharing
(Bjorkdahl, 2020; Jovanovic et al., 2021). These platforms
act like an operating system that enables application pro-
grams to read data from and send control signals to vari-
ous devices based on standardized internet technologies.
IDTs become a new core element for these digital plat-
forms (Hoffmann et al., 2019; Silva et al., 2022).

This development corresponds to the larger shift to
digital, platform-based business models that we can
observe in many sectors today (Redeker et al., 2021; Silva
et al., 2022; Xu et al., 2020). Since the early 2000s, the
industrial organization literature has begun to develop
theories on platforms, also referred to as two-sided mar-
kets or multisided platforms (Cennamo, 2021; Otto &
Jarke, 2019). Platforms connect multiple sides to enable
transactions or foster innovation between different types
of users who could not otherwise interact with each
other. To do so, platforms coordinate the network of
users (customers) and providers (complementors).
Together, they build an ecosystem consisting of a central
platform with multiple peripheral firms connected to it

platforms are a new form of organization that increases
the complementarity of assets to better create and com-
mercialize innovation (Gawer, 2014; Parker & van
Alstyne, 2018). The provision of a core technological
architecture enables other companies to build their inno-
vation capabilities and develop new products and services
as complementary assets while the focal firms can inno-
vate and extend the functionality and reach of the plat-
form's core technology to end users (Cennamo, 2021;
Jovanovic et al., 2021).

Following Gawer (2014), platforms are designed
through the configuration of four attributes, interfaces,
accessible capabilities, organizational form, and gover-
nance. The analysis of IDTs can be structured along with
these four attributes (see Table 1). Utilizing DTs across
organizational borders can yield new dimensions of
industrial value creation and thus innovation through
digital platforms when the right interfaces are designed,
required capabilities are accessible, a specific organiza-
tional structure is established, and an adequate gover-
nance mode is in place that is accepted by all members of
the platform ecosystem (Gawer, 2014; Silva et al., 2022;
Xu et al., 2020).

The rise of IDTs creates challenges in traditional
business-to-business relationships in vertically integrated,
rigid supply chains characterized by asset-specific and
process-specific investments, as typical for industrial

Core references

Damjanovic-Behrendt & Behrendt, 2019; Michael
et al., 2022; Piller & Nitsch, 2022; Stark, 2022; Xia
et al., 2021

Michael et al., 2022; Redeker et al., 2021; Silva
et al., 2022; West et al., 2021

Brauner et al., 2020; Dellermann et al., 2019; Fuller
et al., 2020; Piller et al., 2022; Xia et al., 2021

(Cennamo, 2021; Jovanovic et al., 2021). Hence,
TABLE 1 Influence of digital twins structured around platform attributes of Gawer (2014).

Platform

attributes Influence of interconnected digital twins (IDTs)

Interfaces Interfaces address both human-machine interfaces (HMI) and
machine-to-machine interfaces (APIs), which are core
enablers for IDTs. Externally, the openness of an API is a key
design factor of digital manufacturing platforms. Internally,
HMI captures layers between a human operator and a
manufacturing system from a cognitive and spatial dimension.

Accessible Capabilities refer to the organizational ability to access new

capabilities skills and external knowledge. IDTs offer opportunities in
collaborative work environments and offer increased
efficiency, innovativeness, and sustainability in industrial
production.

Organization  Organization embodies the effect of introducing IDTs with their
automation possibilities (e.g., through artificial intelligence)
on work organization, hierarchies, and human-machine
interactions in digital manufacturing.

Governance Governance refers to the impact of IDTs on the governance

structures of manufacturing ecosystems. A particular focus is
on collaborative value creation (innovation) and capture
(commercialization), that is, how different participants of data
spaces can profit from their contributions, and inquiring
about the rules and regulations for data exchange via IDTs
across organizational boundaries.

Cappiello et al., 2020; Otto, 2022; Silva et al., 2022;
Xu et al., 2020
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manufacturing firms today (Fuller et al., 2020; Michael
et al., 2022). IDTs establish a different logic of value crea-
tion and innovation by connecting multiple sides of the
market, including competing actors. While some firms
might profit from such collaboration in terms of
increased innovativeness, the competitive advantage of
others may shift from the machine (hardware/product) to
the data (virtual/service) layer. This shift creates uncer-
tainty about the future outcome and impact of DT tech-
nology and could negatively affect firms without
continued data access (Michael et al., 2022; Redeker
et al., 2021; West et al., 2021).

Our research objective is to show how the implementa-
tion of IDTs will shape future digital manufacturing and
its consequences for innovation management. Given the
high degree of environmental and technological uncer-
tainty resulting from system changes imposed by IDTs, we
want to derive reliable scenarios that predict these conse-
quences. The Delphi method has been established in the
technology management literature as a systematic and
holistic approach to develop different scenarios for such
research questions (Schoemaker, 1995).

3 | RESEARCH METHOD

We employ various methods to analyze the implications of
IDTs on innovation management. Our real-time Delphi
study included projection development workshops, a sur-
vey with academic and industry experts, and the develop-
ment of a consent and dissent scenario. Complementing
the Delphi, we analyze a large sample of industrial use
cases of DT technologies to gain insights into pioneering
applications of IDTs in digital manufacturing today and to
better illustrate the different future scenarios. Table 2 pro-
vides an overview of our methods, indicating our
approaches (how), the participants involved (who), the out-
come, and the intended purpose of each step.

3.1 | Real-time Delphi

Technological forecasting methods are an established meth-
odology in technology management (Beiderbeck
et al., 2021; Linstone & Turoff, 2002). Following common
practice, we drew on expert assessments to reflect the
diverse set of disciplines involved in the design, develop-
ment, and deployment of DT technologies and used the
Delphi method as a proven technique to structure complex
opinions from experts (Beiderbeck et al., 2021). Building on
the idea of “judgmental forecasting” (von der Gracht &
Darkow, 2010), Delphi studies are constructed in an inter-
active multi-round format, conducted anonymously, and in

NNOVATION MANAGEMENT

written form. The main part consists of the evaluations of
statements about the future, so-called projections. We chose
a real-time Delphi approach, originally developed by Gor-
don and Pease (2006) and improved by Gnatzy et al. (2011).
It uses an online interface to make the process more inter-
active and collaborative by providing instant feedback to
participating experts. Studies have shown the efficacy of
real-time Delphi approaches to be equal to the conventional
method relying on sequential offline rounds while provid-
ing more qualitative insights (e.g., Markmann et al., 2013).
An exemplary real-time Delphi in the context of an emerg-
ing digital manufacturing technology, additive manufactur-
ing (3D printing), is Jiang et al. (2017). To ensure the
reliability and validity of the results, a strict adherence to a
clear process is important (Hasson & Keeney, 2011; von der
Gracht & Darkow, 2010). Specifically, our real-time Delphi
study follows four building blocks:

3.1.1 | Projection development

First, we developed a set of projections on the implica-
tions of IDTs structured around the platform logic. We
organized two formulation workshops to develop state-
ments on how IDTs could impact future digital
manufacturing. These statements build the foundation
for the actual survey among our expert panel. Common
time horizons for these projections range from 8 to
10 years (von der Gracht & Darkow, 2010), which is why
we chose 2030 for our scenarios. As an analytical frame
and to anchor our study in existing theories (Beiderbeck
et al., 2021), we used the previously introduced platform
framework by Gawer (2014) (see Table 1). The workshops
were conducted in person at our university, each lasting
4 h. During these formulation sessions, 27 experts from
engineering, computer science, social sciences, and man-
agement to get a broad range of perspectives covering all
aspects of DTs and our analytical framework. These
experts did not participate in the survey later. As a result
of the first workshop, we identified an initial set of 76 pro-
jections across all four attributes. By clustering similar
projections to rule out redundancy, we could reduce the
number to 45. We performed dedicated desk research to
validate the projections (Schmalz et al., 2021). We then
circled the reduced setback to the workshop participants
to analyze dependencies and to guarantee that all dimen-
sions of our framework were covered. During this second
session, we could reduce the number to our final set of
24 projections (stated in Table 4). To ensure methodologi-
cal rigor, we checked the projections for short, unequivo-
cal, and precise wording to avoid any ambiguity
(Linstone & Turoff, 2002) and iteratively shaped the
wording (Markmann et al.,, 2021). Subsequently, we
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TABLE 2 Summary of research methods.

Method
(1) Real-time Delphi

How

Output

Purpose

Projection Formulation workshops Workshops: 27 experts 24 projections structured Identifying IDTs' impact
development  Desk research from engineering, by Gawer's (2014) factors on future digital
Pretest computer science, social platform framework manufacturing
sciences, and anchored in existing
management at the theory
university
Author Team
Pretest: 13 external
experts from industry
and academia
Survey Expert panel A panel of 35 experts in 1930 quantitative Forecasting the impact of
Multi-round survey digital manufacturing estimations IDTs on digital
through a real-time (refer to Table 3) 629 qualitative comments manufacturing
online tool
Consent Analysis of descriptive Author Team Base scenario structured Identifying consensus
scenario statistics (quantitative by Gawer's (2014) among experts about
analysis) platform framework the impact of IDTs on
future digital
manufacturing
Dissent Deductive and inductive 15 researchers from Data structure of first- Determining
scenario coding (qualitative engineering, computer and second-order codes uncertainties and risks

analysis, refer to
Appendix B)

(2) Case studies

Identification through Author Team
experts, literature
review, internet
research
Selection through
snowball and

theoretical sampling

conducted a pretest with 13 experts from both industry
and academia to ensure content reliability as well as face
validity (Beiderbeck et al., 2021). After a final editing
round, we settled on a set of 24 projections.

3.1.2 | Survey

Second, we identified, selected, and recruited a set of
experts in the field of digital manufacturing to serve as
our panel for the study (Gordon & Pease, 2006). It is

science, social science,
and management at the
university (subset of
formulation group)

for innovation;
Analyzing opportunities

that inform the design
choices for positioning

IDTs in digital and challenges

manufacturing resulting from IDTs;

structured by Gawer's Deriving reliable

(2014) platform scenarios and a set of

framework (refer to design choices for IDTs

Figure 2) and implications for
innovation
management

22 case studies of DTs in Getting insights into

real-world pioneering applications
manufacturing settings of IDTs;
(refer to Appendix A) Providing examples for

scenarios bridging the
gap between status quo
and future projections

necessary to predefine criteria for expert selection, ensur-
ing the right size of the panel, level of expertise, level of
heterogeneity, level of interest, and access to the panel
(Beiderbeck et al., 2021). Selection criteria included tech-
nical expertise, publications in the field of the domain, or
their professional experience. Put differently, the experts
did not only need knowledge about but should also be in
a position to influence the future. We identified the
experts by drawing on our network as well as profes-
sional platforms like LinkedIn. Using a pyramiding
approach, we asked the initially identified experts to
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refer people who know more about digital manufacturing
than they do to gather the most relevant and knowledge-
able set of experts. Our final panel includes 35 experts
(see Table 3), which is in line with methodological

NNOVATION MANAGEMENT

studies
(e.g., Beiderbeck et al, 2021; von der Gracht &
Darkow, 2010). Linstone (1981) suggests incorporating
multiple perspectives—in terms of both subject matter

recommendations and previous  Delphi

TABLE 3  Expert panel.
No. Affiliation Country Field
1 Academia Europe Information Systems
2 Industry Europe Aerospace
3 Industry Europe Automotive
4 Industry Europe Consulting
5 Industry Europe Conglomerate
6 Academia North America Engineering
7 Industry Europe Industrial Equipment
8 Industry Europe Industrial Equipment
9 Academia North America Engineering
10 Academia Europe Engineering
11 Academia Europe Engineering
12 Industry Europe Conglomerate
13 Industry Europe Aerospace
14 Industry Europe Consulting
15 Academia Europe Engineering
16 Industry Asia Electronics
17 Industry Europe Industrial Software
18 Academia North America Engineering
19 Academia Europe Economics
20 Industry Europe Automotive
21 Industry Europe Chemicals
22 Industry Asia Conglomerate
23 Academia Europe Information Systems
24 Industry Europe Industrial Equipment
25 Academia Europe Information Systems
26 Industry Europe Industrial Software
27 Industry Europe Automotive
28 Industry Europe Industrial Equipment
29 Industry Europe Industrial Equipment
30 Industry Europe Textile manufacturer
31 Academia Europe Engineering
32 Industry Europe Aerospace
33 Industry Europe Materials
34 Industry Europe Automotive
35 Academia North America Economics

Competency

Professor for Computational Analysis of Technical
Systems

Digital Transformation Manager

Data Scientist

Consultant in Industrial Complexity Management
R&D Strategy Consultant

Professor for Manufacturing Systems

Expert Manufacturing Excellence

Executive Vice President

Professor of Mechanical and Aerospace Engineering
Professor of Prognostics and Health Management

Senior Researcher for Applied Industrial Engineering
and Ergonomics

Expert Additive Manufacturing
Director of Production

Managing Director and Partner, Global Leader
Manufacturing

Professor of Production Systems

Vice Chairman and Board Member

Managing Director

Professor of Manufacturing Engineering
Professor of Economics and Entrepreneurship
Industrial Engineer

Innovation Manager

Senior Chief Researcher

Professor of Software- and Systems Engineering
Head of Product Marketing

Professor of Business Informatics and Data Science
Chief Technology Officer

Director of Manufacturing

Managing Director

R&D Manager Laser Technology

Head of Finance

Professor of Production Planning and Control

Founder and Technical Director for Lightweight
Construction Parts

Chief Technology Officer
Head of Operations Production Support

Professor of Management
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expertise and regional contexts—emphasizing the rele-
vance of different viewpoints. Thus, we aimed to compose
a heterogeneous panel, including experts from industry
(23) and academia (12), representing a broad range of
nationalities (8). In future-related settings that involve
technical and economic complexity, a higher level of het-
erogeneity can mitigate cognitive bias (Bokrantz
et al., 2017). Previous studies have also shown that hetero-
geneous panels produce more accurate assessments as
they reduce polarization of preferences (Yaniv, 2011).

For the actual survey, we used an internet-based soft-
ware tool by Gnatzy et al. (2011). The experts were
exposed to one projection at a time and asked to assess its
estimated probability of occurrence (in percentage) and
firm impact on a 5-point Likert scale (1 = very low;
5 =very high) for the year 2030. To support a more
nuanced analysis, we asked the experts to provide quali-
tative arguments to explain their estimates. In total, we
collected 1930 quantitative estimations and 629 com-
ments. After each response, the experts were displayed
the intermediate results (mean, interquartile range
[IQR], and standard deviation) and the anonymized com-
ments from the other participants. Then, experts were
asked to revise their estimates and to engage in the dis-
cussion. Direct feedback and the possibility to see and
react to the qualitative arguments from other experts—
while ensuring anonymity—have proved to increase the
accuracy of the results (Aengenheyster et al., 2017;
Gnatzy et al., 2011).

3.1.3 | Consent scenario

We used the Delphi results of the survey to develop
future scenarios. For that, we first calculated descriptive
statistics, including mean and standard deviations for the
probability of occurrence and firm impact. To identify
consensus, we used IQRs as a robust statistical measure
(Beiderbeck et al., 2021). Following previous studies, a
consensus was reached if the IQR of the estimated proba-
bility of occurrence did not exceed 2.0 for the projection
(Jiang et al., 2017; von der Gracht & Darkow, 2010).
These projections comprise our base scenario.

3.1.4 | Dissent scenario

While Delphi studies aim to structure expert assessments
to achieve consensus, it is common practice to look at
extremes or varying degrees of consensus to build scenar-
ios (Markmann et al., 2013). Such a dissent analysis can
provide additional insights (Beiderbeck et al., 2021).
Given that the realization of IDTs leads to challenges, in

particular for the platform logic of digital manufacturing,
we decided to include not only projections with high
probability and high impact, but also selected projections
that did not reach consensus, but can be classified as
“black swan projections” (Jiang et al., 2017), that is, pro-
jections with low probability, but medium to high impact
in case they would occur, as well as projections with
extreme uncertainty. This second step included clustering
some of the projections to higher aggregate themes (von
der Gracht & Darkow, 2010).

The analysis of the qualitative comments involved a
combination of inductive and deductive coding
(e.g., Goduscheit & Faullant, 2018; Michelfelder &
Kratzer, 2013). The inductive part employed open coding
(Saldafia, 2021). Following Gioia et al. (2013), this first-
order analysis stayed close to the experts’ statements repre-
senting their different arguments and evaluations. In a
second-order analysis, we used axial coding (Strauss &
Corbin, 1990) to cluster these codes into higher themes.
This deductive part linked the codes to our theoretical
framework by Gawer (2014). The coding was done with
15 researchers from different disciplines who coded all
themes. Initially, each researcher coded individually. After
each step of coding, we compared the outcomes and dis-
cussed the differences. Through refinements in a live ses-
sion, we iteratively adjusted the coding, referring back to
our theoretical framework, until we achieved intercoder
agreement. Combined, the first-order and second-order
analyses served as the basis of our data structure
(Cloutier & Ravasi, 2021). Appendix B (Table B1) presents
the coding scheme used in this research stage and the
results from this analysis. The data structure informs the
design choices for positioning IDTs in digital manufactur-
ing and its implications for managing innovation.

3.2 | Use case analysis

While the Delphi study focused on the impact of IDTs
and platforms on future digital manufacturing, we con-
ducted an additional use case analysis to assess the
impact of DTs on levels one and two (discrete and com-
posite DTs), but also to get early evidence on pilot appli-
cations of IDTs. Using a snowball sampling method
(Noy, 2008), we identified use cases based on the consul-
tation of our Delphi experts, extensive literature review,
and internet research. The final selection of relevant use
cases was guided by theoretical sampling along with the
four platform attributes (Eisenhardt & Graebner, 2007).
Further, all use cases should present DTs in real-world
manufacturing settings. Purely conceptual examples,
cases limited to research contexts, or cases outside
manufacturing were disregarded. For providers of generic
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DT software, such as Amazon TwinMaker or Siemens
Intosite, we chose specific customer use cases that illus-
trate the functionality of the respective DT (software).
We further search for use cases that provide insights into
the data spaces that emerge as a result of IDTs, like
Catena-X or DataConnect. As a result, we compiled
22 use cases across different manufacturing industries.
For each case, we collected data from several sources,
including interviews, internal firm documents, company
websites, press releases, and literature research (see
Appendix A, Table Al for an overview of the use cases
and sources). With this collection, we are able to provide
examples for each Delphi scenario, but also to illustrate
the gap between the status quo and the future projec-
tions. In addition, it supports the triangulation of our
Delphi results and the illustration of our findings.

4 | RESULTS
4.1 | Descriptive statistics of the Delphi
survey

Table 4 shows the set of projections along the four plat-
form attributes of Gawer (2014) and the quantitative
results of our Delphi study. Figure 1 shows the average
estimates for the probability of occurrence and firm
impact for all 24 projections. Most of the projections have
an estimated impact >3.0, indicating a high relevance
and fit for the study. We achieved consensus (IQR <2.0)
for 4 out of 24 projections (16.6%), namely Projection P1
(subscription models), P11 (workforce reduction), P15
(environmental sustainability), and P24 (decentraliza-
tion). All those projections have an estimated probability
of occurrence >50%, as expected from other Delphi stud-
ies (e.g., Ogden et al., 2005). The relatively low consensus
rate is common in technology-related Delphi studies
(e.g., Jiang et al., 2017; Keller, 2014). At the same time, it
indicates that the impact of IDTs is still very controver-
sial, especially when incorporating experts from different
fields. In addition, DT technology integrates a variety of
different sub-technologies, making consensus less likely.
From the descriptive analysis, we further structured our
Delphi study results into two parts, each using the plat-
form attributes of Gawer (2014) as our analytical theory
frame to analyze how IDTs shape future digital
manufacturing. First, we explain the consent projections
that build a base scenario about the impact of IDTs on
future digital manufacturing. Second, we explain the dis-
sent projections that create opposing design choices for
positioning IDTs in future digital manufacturing, which
we use in the final chapter to discuss the consequences
for future innovation management.

NNOVATION MANAGEMENT = ==

4.2 | Base scenario: Impact of IDTs on
future digital manufacturing

As usual for Delphi studies, the base scenario builds on
the projections that reached consensus (P1, P11, P15, and
P24). The platform attributes adapted from Gawer (2014)
served as our theoretical lens to structure the impact of
IDTs on future digital manufacturing when drafting this
scenario.

The interface attribute describes how DTs interact
with other DTs, complementary assets, and users. Here,
the projection of decentralization (P24) reached a consen-
sus among experts. Decentral production systems are
driven by the desire to produce more locally to become
more resilient against global supply chain disruptions, to
be able to serve customers faster, and to reduce the envi-
ronmental footprint. “Current trends towards de-
globalization and greater self-sufficiency, together with
rising geo-political trade conflicts are all likely to make
more local production quite likely” (Expert 19, academia).
IDTs are a strong enabler for this setup. First, they allow
a network of local plants to still achieve economics of
learning and generate visibility about best practices
(resulting, e.g., from local continuous improvement activ-
ities) as in a large centralized manufacturing setup. Soft-
ware companies like SWIM.AI already help to build
locally connected DTs that combine local data processing,
data analytics, edge computing, and machine learning to
provide real-time insights to optimize production pro-
cesses (Case no. 6). However, decentralized production
setups require an aggregate level to manage the produc-
tion network in a connected way. Such an aggregation of
local twins to “twin of twins” or “system of system twins”
is a typical task of a platform architecture that becomes
crucial for realizing a decentralized setup without losing
the efficiencies of a local manufacturing system. In the
future, manufacturing firms could use these production
networks to share even manufacturing capabilities and
resources on the platform. Hence, IDTs build the basis to
enable shared and virtualized production capacity across
different production systems.

For the accessible capabilities attribute, which
describes the ability of organizations and innovating
agents to access external knowledge and competence, we
identified environmental sustainability (P15) as a consen-
sus. Our panel experts stated that shared simulation
models enable effective virtual prototyping, fewer defec-
tions, optimized inventory, and better forecasting of
required outputs. Hence, the consumption of resources
and energy can be significantly reduced through IDTs.
Further, the recycling and reuse of products are sup-
ported by information about the exact usage profiles of
each product or asset.
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IDTs become key enablers for more environmental
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changes in workforces. Agriculture and manufacturing
have, for instance, already become highly mechanized,
and these trends will continue” (Expert 19, academia).

For the governance attribute regarding the coordina-
tion mechanisms of collaborative value creation (innova-
tion) and capture (commercialization), subscription
models (P1) emerged as a consensus. IDTs enable contin-
uous synchronization between virtual and physical sys-
tems, that is, IDTs with an execution engine in the form
of an embedded simulation model can adapt physical sys-
tems based on virtual simulations. Consequently, produc-
tion machines can be adjusted continuously according to
changing user needs to create value, addressing the desire
for more flexible and customizable production. For
machine vendors, adjustable machinery based on IDTs
allows the introduction of new collaborative coordination
mechanisms to create value but also to capture value
differently—for example, where manufacturers pay for
their use by volume or outcome, instead of investing in
the asset upfront. “Today we are already ordering
production lines and equipment based on contractual
KPIs (OEE, FPY, cycle times, changeover times, etc.). We
buy guaranteed production capabilities and not just
machines” (Expert 34, industry). Such “as-a-service”
models change the forms of collaboration, ownership,
and risk when machine vendors become operators who
collaborate automatically via IDTs with manufacturing
firms. Manufacturers, in turn, give up some control but
reduce their investment requirements and share the risk
with the vendor.

In the transport sector, Hitachi Rail monitors the
IDTs of its trains via the platform Lumada IoT. This
allows the manufacturer of railways to offer and collabo-
ratively  coordinate  “trains-as-a-service” in  the
United Kingdom. Hitachi Rail keeps ownership of the
trains and is paid by railway operators for on-time trans-
portation (Case no. 11). Such a model is only feasible eco-
nomically by utilizing a set of interconnect composite
DTs that not just allow the provider (Hitachi) to monitor
usage, utilization, and performance of the assets but also
to cooperate with the operator (e.g., British Rail) and con-
tinuously increase the performance by providing advise
how to operate or maintain the trains in a better way.

Our base scenario shows that in the future of digital
manufacturing, IDTs facilitate (data) platforms that are
decentralized by offering interfaces to connect and share
data and applications across locations, stakeholders, and
lifecycles. Through increased integration and transpar-
ency along the value chain, external capabilities are more
easily incorporated to increase environmental sustain-
ability. These decentralized yet integrated digital
manufacturing platforms allow for new collaboration
modes and revenue models. At the same time, IDTs shift

NNOVATION MANAGEMENT

the required skills internally by reducing the workforce
while making it easier to incorporate new skills from
third parties.

4.3 | IDTs in digital manufacturing:
Alternative futures

In addition to our baseline scenario, which is grounded
on the consensus projections (of our experts), Table 4
indicates that our diverse set of experts evaluated most of
our projections controversially. These disagreeing evalua-
tions reflect the uncertainty about the future of digital
manufacturing but also point to different options for
future development (Beiderbeck et al., 2021; Markmann
et al., 2013). Hence, we extended our analysis to a
broader range of projections (P2, P3, P4, P6, P9, P10, P13,
P16, P20, and P21). For each projection, we especially
analyzed the experts' qualitative arguments which sub-
stantiated their quantitative evaluations (refer to
Appendix B for our coding scheme and information on
the rationale for why we included a specific projection in
this analysis). Combined, the quantitative and qualitative
analysis revealed alternative predictions of the impact of
IDTs. Different design choices of platforms emerge, and
the resulting setup of the platform will differ. These
design choices denote opposing alternatives that arise
from the extreme positions in our Delphi study. In the
following, we elaborate on these divergent options, refer-
ring again to Gawer's (2014) framework of platform attri-
butes to structure our analysis. Figure 2 depicts these
choices along with the attributes and illustrative use
cases.

4.3.1 | Design choices of IDTs: Interfaces

The projections on open interfaces (P20) and data sharing
(P21) cover the interface attribute. While P20 refers more
to expected regulatory actions concerning a “forced”
openness of interfaces, especially the lack of consensus
for P21 is interesting. It covers the competitive conse-
quences of a firm's strategic decisions with whom and
how to share data in the form of IDTs. Some experts
argued that data sharing with external organizations
threatens one's competitive advantage: “Production data
are mostly sensible so that a share of data endangers our
business model” (Expert 2, industry). Thus, data sharing
will only be done selectively, if it provides a concrete ben-
efit in return: “Sharing data out of production has no
value in itself for producing firms. There needs to be a
clear contractual agreement of what firms are sharing
data get in return and in the end it all needs to clearly
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Platform
Attribute Projection Design choices Use case example
John Deere Digital Farm Twin:
Open and closed interfaces at different
Open interfaces (P20) Proprietary Open system layers: Machines with open data
Interfaces Data sharing (P21) interfaces interfaces interfaces can be integrated in various digital
farm twins, but interfaces for 3rd party apps
to access the data remain selectively closed.
Deutsche Bahn Digital Twin:
. . Digital twin of train assets and train
Accessible Digital services (P13) Product Service operations to optimize resource utilization
Capabilities Production transparency (P16) innovation innovation and improve hardware. At the same time
mobility twins to offer services for multi-modal
means of transportation via an open platform.
o ) Invista / Amazon AWS TwinMaker:
Hybrid intelligence (P6) Digital twin with connected worker
2 gt ; Human Algorithmic application that provides decision-support
Organization o ) > ) PP p! pp
o Employee twin;(F0) decision-making decision-making for emerging issues. Learns from tacit
Employees' rights (P10) knowledge and shares learning with other
workers who implicitly assimilate.
GAIA-X/Industrial Data Space:
Central data platform (P2) Metamodel for a secure and trusted
: Unregulated Regulated industrial data exchange that feed into
Governance : Data mediator (P3) competition ecosystem (multiple) digital twins governed by an
Industrial GDPR (P4) institutionalized alliance of different
stakeholder organizations.
FIGURE 2 Design choices of interconnected digital twins in digital manufacturing.

translate into either lower cost or better quality of the
products they are producing and selling” (Expert
34, industry). In terms of platform implications, this will
either lead to closed interfaces where data are only
shared within a firm's production network, or selectively
open interfaces, where only specified partners get access
to a firm's platform. Thereby, they keep control of their
data but miss out on new forms of value creation and
learning by integrating third-party complementors
(Parker & van Alstyne, 2018).

The experts in our Delphi panel argued that data
sharing and open interfaces are prerequisites to collab-
orate and innovate on a platform fueled by data from
IDTs. “Distributed networks, which share data, can
react agile on new market environments. To lift the
entire potential of data in the value chain, it is neces-
sary to share the data” (Expert 5, industry). These
experts called for a “mindset change across internal
and external silos” (Expert 34, industry) to reap the
benefits of openness, such as new forms of value crea-
tion based on connected data. This would require open
interfaces so that complementors can access the plat-
form's data. While data sharing creates value on an
interorganizational level, it makes value capture more
difficult on the firm level.

Consequently, the design choices of platforms for
future digital manufacturing resulting from the conflict-
ing evaluations of projections P20 and P21 encompass a
design-choice continuum from proprietary interfaces for
internal platforms to open interfaces for cross-industry
platforms. In our use cases, we can observe both

approaches. BAOWU started to connect its production
network across China but only selectively allowed third-
party service providers to access the data for specific tasks
(Case no. 7). In contrast, the open Catena-X data space
was initiated to include and interconnect DTs from all
actors along the automotive value chain (Case no. 17).
Interestingly, the driver of data sharing in Catena-X has
been the shared objective to increase ecological sustain-
ability by providing better visibility along the entire auto-
motive value chain.

4.3.2 | Design choices of IDTs: Accessible
capabilities

Regarding accessible capabilities, the projections on digi-
tal services (P13) and production transparency (P16) pro-
vide interesting insights. Here, the design choices
encompass different options of what is considered a com-
petitive resource (digital services or the underlying hard-
ware). Some experts pointed towards innovation
opportunities to optimize existing products (machinery)
and continuously improve their quality based on the
increased transparency about production and usage pat-
terns provided by IDTs. “Hardware capabilities and inno-
vations are and will still remain critical to the success of
all hardware-related products and services—you cannot
sustainably sell inferior hardware covered by digital gim-
micks. While software will become a nice add-on, being
able to offer high-quality hardware “underneath” at low
prices will lead to success for many firms (especially in
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B2B) because in many cases it's simply most profitable to
focus on core hardware competencies” (Expert 34, indus-
try). Additionally, IDTs support the development and
usage of innovative new materials and designs, as their
embedded simulation models combined with generative
algorithms expand the design space during development
to a large extent (Rindfleisch et al., 2017). Consequently,
some experts predicted “that we will see a return to much
more competition based on hardware capabilities due to
innovations in materials, design, functionality, and
shrinking of global value chains” (Expert 19, academia).
Firms that follow these assumptions will likely focus on
building the required digital capabilities in-house, as here
the analytical and simulation models in the DTs are
closely related to a specific internal manufacturing setup.
This is in line with observations that investments into
new technologies in manufacturing have mainly been
triggered by improvements in operational efficiency or
quality—developments that do not require a fundamen-
tal change of the organization (Bjorkdahl, 2020). These
firms would focus on building internal digital platforms
with closed proprietary interfaces of their IDTs.

As a catalyst for digital platforms, IDTs provide many
opportunities for open innovation. Specifically, experts
predict that competitive resources and differentiating fac-
tors will be rather based on data-driven service innova-
tion: “The software is the complex part to operate the
hardware. Hardware only remains valuable in niches
with critical infrastructure” (Expert 5, industry). These
digital services will often be jointly developed and
deployed with external partners in collaborative models
facilitated by data platforms. By incorporating third-party
complementors, firms benefit from learning effects they
would not be able to realize on their own: “For many
industries (not all), having a deep process and machine
know-how collected at the machine manufacturer is
more efficient than building up large decentralized expert
teams yourself. Also, it's easier for machine manufac-
turers to level their workload over multiple customers
worldwide regarding the development of turnkey solu-
tions and services. Furthermore, lessons learned can be
transferred from a large number of use cases” (Expert
11, academia).

As a result, the design-choice continuum ranges from
a focus on continuous data-driven product and process
improvements to a focus on new business models around
service innovations jointly developed with partners
leveraging ecosystem data via IDTs. Firms have the
choice of exploiting existing hardware resources indepen-
dently or exploring data-based service innovations jointly
with partners (van Dyck et al.,, 2021). Doosan (Case
no. 20) developed IDTs for its wind farms to design new
turbines based on a comparison of predicted performance
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and actual production output. Foxconn (Case no. 10)
started offering its digital manufacturing platform BEA-
CON to customers and suppliers. Customers can upload
their DTs to Foxconn's digital platform, and Foxconn
analyzes the data using 1 of the 30 apps it has developed
for this platform. Foxconn communicates necessary
adjustments or maintenance needs back via the apps and
improves its analytics models with an increased amount
of data. Suppliers can use this data to customize and/or
innovate their machinery and services based on usage
patterns. Consequently, Foxconn benefits from new ser-
vice innovations and revenues generated through the
interactions between suppliers and customers.

4.3.3 | Design choices of IDTs: Organization
The projections on hybrid intelligence (P6), employee
twin (P9), and employees' rights (P10) address the level of
the organization. All projections refer to procedures of
internal decision-making and organizational learning.
Specifically, connecting DTs on digital platforms enables
new forms of Al-driven predictions and prescriptions for
decision-making. All experts agreed that simulation
models and data analytics based on IDTs will shift
decision-making towards more autonomous (machine-
based) decisions, but they differed in their evaluations of
the remaining degree of human involvement. Some pre-
dict that core decision-making will remain with humans.
The role of Al would be to provide decision support by
identifying patterns and making predictions based on
data from IDTs, but it will remain on human decision
makers to decide on this input. In this understanding,
the rise of IDTs will not impact the structure of an orga-
nization. Human leaders will be held accountable for
decision-making: “In the end, someone has to be respon-
sible, and this person will be top of the hierarchy”
(Expert 2, industry). Other experts expect that algorithms
will take over most parts of the decision-making process
in manufacturing, leaving humans only with a veto right.
In such a scenario around autonomous machines, algo-
rithms cannot just interpret heterogeneous data sources
more frequently, identify patterns unobvious to humans,
and predict the upcoming incidents in manufacturing
systems, but also generate and execute prescriptions of
how to react to the predicted event.

A special case is the DT of humans, so-called human
digital twins. Human IDTs in manufacturing comprise all
connected data that can be assigned to human actors
(e.g., patterns of behavior, knowledge, skills, and experi-
ences) to support decision-making and enhance activities
within a production system (Mertens et al., 2021). As
human IDTs entail personal data and algorithmic
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decisions, the protection of the affected personal rights of
employees and other stakeholders becomes crucial to cre-
ate acceptance when employing such technology. Some
experts suggested anonymization procedures as a solu-
tion: “Advanced anonymization techniques will be a pre-
requisite for more data-driven production systems”
(Expert 25, academia).

Overall, the design-choice continuum ranges from
human decision-making supported by Al to algorithmic
decision-making, leaving humans just a veto right. While
full algorithmic decision-making is yet to be implemen-
ted in industrial settings on a larger scale, we could
observe various degrees of Al support by IDTs. For exam-
ple, Foxconn equipped its industrial internet platform
with features to automate decision-making for opera-
tional machine processes to reduce the reliance on
human labor (Case no. 10). Similarly, HIROTEC (Case
no. 13) developed IDTs for its CNC machines that
enabled automated inspection of the manufactured
exhaust systems, reducing the need for manual inspec-
tion and quality decisions by humans.

4.3.4 | Design choices of IDTs: Governance
The projections on the role of a central data platform
(P2), data mediators (P3), and industrial GDPR
(P4) address the governance attribute and deal with dif-
ferent approaches to competition and regulation of data
exchange. Managing access to data emerged, with little
surprise, as a critical issue for digital manufacturing.
Thus, one question is where IDTs are stored and pro-
cessed. Consider as an example the question of whether
machine learning applications should run locally and
decentral at the manufacturer's site or centrally in the
cloud of a hyperscaler (like Amazon Web Services, Micro-
soft Azure, or Google Cloud). In our survey, experts per-
ceived these technology firms to be in a favorable
position to leverage the opportunities of IDTs: “In the
end, AWS, MS Azure follow the trend from consumer
realm to industrial realm” (Expert 23, academia),
highlighting their advantage of huge economies of scale
and learning concerning data storage and analytics:
“Google and other providers have a strong position and
for firms, it is necessary to get this data” (Expert 31, aca-
demia). Subsequently, some experts feared that large
tech-savvy firms can force smaller firms to share data
through IDTs: “Only very big firms can try not to return
the data, smaller firms need to do so to obtain the part-
nership” (Expert 17, industry).

Some experts propose local data analytics using edge
processing through IDTs or complementary technologies
like Blockchain (distributed ledger technology) to enable

decentralized platforms: “Some applications need ‘(near-)
hard’ real-time data. In this case, direct data connections
and control loops are needed at the source” (Expert
34, industry). These approaches have implications for
competition management on digital platforms, resem-
bling different policy approaches. A free-market
approach suggests that firms coordinate through bilateral
contracts, and firms are responsible for protecting their
valuable resources as “regulations move slowly” (Expert
6, academia). However, this scenario may result in detri-
mental effects on competition and society, favoring fewer
firms at the expense of the rest (Winner-takes-all effect):
“If indeed competition will shift towards the digital spec-
trum, data-driven network economies may benefit only a
few firms, and overall firm impact will be significant, but
likely negative from a societal point of view” (Expert
19, academia).

Standards and regulations for data exchange through
IDTs can foster a decentralized platform setup that
enables a variety of not predetermined interactions. “A
legal basis would definitely address many obstacles and
risks that are currently prevalent. As it is the same with
other industrial goods and services that are covered by
regulations, industrial data need to be considered, too. As
there are currently many efforts such as GDPR [General
Data Protection Regulation, author’s note], it seems likely
to pass over to the industrial context” (Expert 15, acade-
mia). Overall, the design-choice continuum for IDTs on
the policy level spans between unregulated competition
where firms compete for ways of collecting, processing,
and analyzing data, and regulated ecosystem approaches
where regulation and standards govern the data exchange
across organizations. Large multinational providers of
manufacturing equipment, such as Siemens and GE, and
IT infrastructure providers, or digital hyperscalers such
as Amazon and Microsoft, attempted to define the gover-
nance structures through their scaled platform designs
(Cases nos. 4, 16, 20, and 21).

In contrast, approaches like the Industrial Data Space
(IDS) set out to create a decentralized framework for data
exchange based on open standards and consensus-driven
governance rules (Case no. 19). The IDS was developed
by a consortium of European manufacturing firms
together with Fraunhofer Society as a response to this
uncertainty and the perceived competitive threat by
global platforms like AWS or Microsoft (Otto, 2022;
Otto & Jarke, 2019). It provides a framework and
platform for secure and trusted data exchange in large
distributed system architectures of data spaces and IDTs
that are governed by an institutionalized alliance of dif-
ferent stakeholder organizations (Silva et al., 2022).
Recently, the IDS has been integrated into the European
GAIA-X initiative, governed by more than
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250 participating organizations from many different sec-
tors (Braud et al., 2021; Otto, 2022).

Our analysis predicts that the use of IDTs will have a
significant impact on collaboration, innovation, autono-
mous decision-making, and governance. IDTs can be
developed with proprietary or open interfaces to share
data, and firms must focus on building data spaces to cre-
ate production transparency and exploit data-driven ser-
vice innovation. However, there are concerns about IDTSs
regarding privacy, union interventions, and ethical ten-
sions related to hybrid intelligence and human DTs. In
addition, the design of IDTs has implications for govern-
ing competition and innovation in digital manufacturing,
and a free market approach may have detrimental effects
on competition and society, favoring a few companies at
the expense of the rest.

5 | DISCUSSION AND
IMPLICATIONS FOR FUTURE
INNOVATION MANAGEMENT

Prior research has discussed how new digital
manufacturing technologies, such as 3D printing, cloud
computing, or Al, impact the innovation process (Appio
et al, 2021; Bjorkdahl, 2020; Haefner et al.,, 2021;
Rindfleisch et al., 2017). IDTs offer a new dimension to
innovation in digital manufacturing. They connect and
integrate data from different assets and resources, creat-
ing a single source of data and analytics that becomes the
starting point for many different applications (West
et al., 2021). Our Delphi study and complementary analy-
sis of 22 industrial case studies contribute to a better
understanding of IDTs and their impact on future digital
manufacturing. The uncertainties identified within our
Delphi expert panel on the exact developments and
effects of IDTs helped us to identify a set of specific
design choices that need to be addressed when managing
future digital manufacturing and innovation.

From an innovation management perspective, IDTs
exchange and integrate external data sources to create
enhanced simulations along product and process life
cycles (Silva et al., 2022; Stark, 2022). Any innovation pro-
ject depends on the generation and evaluation of a contin-
uous inflow of ideas, concepts, and information from
internal and external sources (Beretta et al., 2018; van den
Ende et al., 2015)—an inflow that can be largely comple-
mented by IDTs. Hence, IDTs will impact the amount and
quality of external knowledge inflows into the innovation
process. This demands, in turn, new dedicated governance
rules to balance collaborative innovation.

Accordingly, we discuss the implications of IDTs and
their related data platforms (data spaces) for future
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innovation management. First, we structure our implica-
tions of IDTs for (digital) innovation management
according to Beretta et al. (2018), who argue that innova-
tion processes can be influenced along the dimensions of
variation and selection. Afterwards, we discuss the impli-
cations of IDTs and their governance models for collabo-
rative innovation management, followed by a discussion
of the main limitations and conclusion of our research.
As an overview, Table 5 summarizes major research
questions for innovation management that could become
part of a future research agenda on IDTs.

51 | IDTs and the generation of
variation for innovation

Increasing variation through IDTs in the innovation pro-
cess aims to access a wider range of knowledge inputs
that raise the likelihood of innovation outputs. Many
organizations open themselves to external sources to gen-
erate large, divergent, and complex knowledge spaces
that drive and manage variation for innovation (Beretta
et al., 2018; van den Ende et al., 2015). IDTs increase var-
iation in the innovation process. To do so, our Delphi
findings and the derived design choices imply that IDTs
utilize open interfaces (Projection no. 20) embodied in
products, services, or technologies in the production sys-
tem to mediate transactions between the physical and the
virtual world. IDTs with open interfaces enable the col-
lection of engineering, production, and usage data by cre-
ating cross-organizational repositories that enable higher
degrees of data sharing (Projection no. 21) (Damjanovic-
Behrendt & Behrendt, 2019; Redeker et al., 2021; Silva
et al., 2022; Stark, 2022).

Firms can utilize IDTs to increase the number of
valuable knowledge inflows for their innovation process.
Take as an example the generated information during a
product's usage stage captured through IDTs such as in
the case of Teslas' electric cars (Case no. 14) or trucks
from Volvo and Scania (Case no. 15). The IDTs enable
simultaneous data transfer between the vehicles and the
production plants (e.g., Tesla's Gigafactories), which facil-
itates the real-time data integration of product and
manufacturing lifecycles. This is a valuable inflow of
knowledge for innovation not available before. The inte-
grated information of the lifecycles not only provides
new insights to a manufacturer on how products are
actually used by its customers but also insights about the
product behavior and its status, for example, the correla-
tion between specific production parameters and the
product's durability in given usage situations.

Real-time data integration of both lifecycles creates
new access capabilities to improve the simulation models
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Future research agenda for IDTs in innovation management.

Implication of IDTs

IDTs increase the variation in the innovation process
through broad, continuous, and collaborative
knowledge inflows from open interfaces and data
sharing.

IDTs enable new approaches for open innovation,
allowing firms to innovate with a larger and more
diverse set of interconnected partners.

IDTs generated an inherent trade-off between the benefits
of openness in terms of data sharing and the risk of
losing critical knowledge, necessitating the need to
manage the openness paradox.

IDTs support the selection of knowledge inputs in the
innovation process and can transfer the cognitive load
of decision-making towards simulation models.

IDTs enable hybrid intelligence to assist in the problem-
solution fit of selection decisions for innovation.

IDTs enable the automation of simulations, generating
new approaches for hybrid testing with algorithm-based

Example of research questions for innovation
management

How do IDTs change the individual risk of knowledge
leakage more towards a collective risk—but also a
collective opportunity for innovation?

How do data spaces create opportunities and incentives
to share knowledge while being protected

through IDTs?

How IDTs can balance the degree of the paradox of
openness through their design choices?

How do IDTs impact human-machine (AI)
collaboration to facilitate organizational learning and
innovation?

To what extent humans will remain part of strategic
and operational decision-making in innovation
management and how does that impact creativity in
the innovation process?

decision-making in the selection process.

Innovation
governance
innovation process.

Two alternatives for the orchestration of innovation
activities emerge, impacting the competitive industry

dynamics: IDTs could be either
1. governed by one keystone player, or
2. by an alliance of actors managing a data space
together in a decentralized governance mode.

on the engineering stage for new product and
manufacturing process innovations while increasing pro-
duction adaptability. Sharing the data of IDTs create
access to this knowledge beyond the manufacturer. Exter-
nal partners along the value chain, such as suppliers, pro-
duction partners, and sales agents, can use the data of
IDTs to continuously improve and innovate their pro-
cesses and products or enable collaborative innovation
for digital services (Projection no. 13). IDTs increase varia-
tion in the innovation process through real-time data
integration of product and manufacturing lifecycles, gen-
erating broader, and continuous knowledge inflows.
Additionally, sharing lifecycle data generate broader utili-
zation of these data, leading to new forms of collaborative
innovations. Hence, IDTs foster open innovation, allow-
ing a larger and more diverse set of partners to search for
a specific solution to a given innovation task from exter-
nal sources (Niu & Qin, 2021; Silva et al., 2022).
However, to create shared data through IDTs (so that
new, useful variation for innovation becomes possible), a

IDTs necessitate suitable governance models that account
for all divergent interests of different actors in the

« What are the organizational tensions of digitalizing
human knowledge through IDTs for hybrid
intelligence in the selection process of innovation?
Under which conditions will one central orchestrator
emerge who disproportionally benefits from IDTs while
ensuring overall ecosystem health for innovation?
« How do alliance-driven approaches establish new
forms of decentral innovation ecosystems through IDTs
and the originating data spaces?

sufficient number of companies must share their data
(Michael et al., 2022; Silva et al., 2022). In this context,
the literature on innovation management points to the
“paradox of openness” (Arora et al., 2016; Laursen &
Salter, 2014); that is, the tradeoff between the benefits of
openness in terms of incentivizing more external contrib-
utors to share data and the shortcomings of openness in
terms of increased uncertainties—such as the risk of
revealing critical knowledge to competitors (Moschko
et al., 2023). The paradox of openness suggests that if too
little is shared through IDTS, others might not be willing
to contribute and share data through the IDT network.
Opening up to outside sources of knowledge to innovate
may weaken the firm's power to capture rents from that
knowledge. Data openness through IDTs, for example,
poses a risk for machine manufacturers that physical pro-
duction assets and their IP are commoditized, when other
actors appropriate the assets’ value by capturing its pro-
cess or application knowledge and providing complemen-
tary digital services (Projection no. 13). Firms are more
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likely to seek external collaborators if they can protect
their innovation through patents, and more generally,
guard against unintended knowledge spillovers to part-
ners. However, a focus on patenting and exclusivity
makes a firm less efficient in developing collaborative
innovations and, thus, a less attractive partner (Arora
et al., 2016; Foege et al., 2019). Hence, the degree of data
sharing (Projection no. 21) through IDTs is a critical
design choice of our Delphi findings. It impacts the varia-
tion of possible innovation opportunities for value crea-
tion on an interorganizational level while making value
capture through IP protection more difficult on the firm
level (Michael et al., 2022).

Formal (e.g., patents, copyrights) and informal
(e.g., secrecy/anonymity, selective revealing) IP protec-
tion practices are focusing on guarding a single firm to
manage the paradox of openness (Arora et al., 2016;
Foege et al., 2019). The increasing interconnectedness
through open interfaces of IDTs generates large and com-
plex data spaces among all connected actors. In this con-
text, the question arises of how IDTs change the
individual risk of knowledge spillovers more towards a
collective risk—but also a collective opportunity for inno-
vation (Michael et al., 2022; Otto, 2022). This value con-
stellation bears new interesting implications in the
context of variation for innovation that complement prior
debates in the (open) innovation literature.

For instance, Catena-X (Case no. 17) integrates and
shares data in the form of IDTs through a federated data
space to foster collaboration and innovation for more
environmental sustainability, illustrating Projection
no. 15 from our base scenario. The ambition of the part-
ners behind Catena-X is to increase production transpar-
ency (Projection no. 16) by tracking components and
products along the entire automotive value chain and
measuring their social and ecological footprint. A central
feature of the Catena-X architecture (or other data space
initiatives like GAIA-X, Case no. 19) is sovereign, cross-
organizational data exchange—that is, the actor sharing
data via IDTs retains control and decides independently
who is involved in the data exchange, how, when, and
where. IDTs can be complemented with other digital
technologies (e.g., Blockchain) to share, control, and pro-
tect the production data, its IP, and the identity of data
owners for greater data sovereignty (Braud et al., 2021;
Otto, 2022; Redeker et al., 2021). In turn, the higher level
of control over data and capabilities contained in IDTs
increases companies’ willingness to share production and
usage data for innovation.

In consequence, IDTs create innovation opportunities
concerning measures and governance schemes to balance
data sharing, distributed data control, and decentral
interactions in IDSs (Otto, 2022; Silva et al., 2022). Future
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research can investigate the effects of such developments
from the perspectives of competitive strategy and novel
ways of generating innovation collectively. In this con-
text, a major question arises of how IDTs can balance the
paradox of openness through potential design choices in
such data spaces, following the established concept like
selective revealing or strategic openness (Alexy
et al., 2013; Alexy et al., 2018)—that is, strategically open-
ing and revealing nonsensitive manufacturing data
(e.g., from machine and product commodities) while
simultaneously ensuring the protection of sensitive com-
ponent and process information in the physical and vir-
tual manufacturing system. Besides the data space
initiatives of Catena-X and GAIA-X, we could only
observe very early other practices of such behavior in our
case data (e.g., in Case no. 22, DataConnect). Further
research, perhaps following a design science paradigm,
needs to investigate this development in more detail.

5.2 | IDTs and the selection of
innovation

Research has shown that too much variation is problem-
atic because it generates countless knowledge inputs that
might be of low quality and are difficult to evaluate
(Beretta et al., 2018; van den Ende et al., 2015). Selection,
hence, involves analytical and reflective convergence of
knowledge inputs from different sources into the innova-
tion process. According to cognitive load theory (Paas
et al., 2004), selection quality suffers as evaluators face
cognitive overload and are not able to identify the most
promising knowledge inputs for innovation among the
wide range of alternatives (Beretta et al., 2018; Cheng
et al., 2020; van den Ende et al., 2015). In this context,
IDTs can facilitate the offloading of all or some of the
cognitive load for decision-making towards the simula-
tion models embedded in IDTs (Fukawa &
Rindfleisch, 2023; Tao et al., 2018; Xia et al., 2021).

Our identified Delphi design choice for organization
shows that machine intelligence coupled with IDTs offers
greater information processing capacity and decision
accuracy for organizing innovation through hybrid intelli-
gence (Projection no. 6; Dellermann et al., 2019; Fuller
et al., 2020; Xia et al., 2021). IDTs utilize algorithms to
integrate and process large amounts of data required to
analyze performance and make predictions. They support
humans in connecting different data sources, but also
actors with resources and information to support collec-
tive and better-informed decision-making within a pro-
duction system (Hoffmann et al., 2019; West et al., 2021;
Xia et al., 2021). Industrial applications such as ABB Abil-
ity (Case no. 3), Foxconn BEACON (Case no. 10), or PTC'’s
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ThingWorx (Case no. 13) use IDTs to automate simula-
tions of manufacturing by taking inputs from sensors,
machines, and other production sources to improve and
innovate production processes. For example, a DT of a
production line with its machines can simulate how its
elements will behave under different conditions or
designs and identify potential issues before they occur.
The simulation intelligence generated by IDTs links
problem and solution information in an automated way,
supporting decision-making about the appropriate
problem-solution fit in a production system. Automated
simulation models provided by IDTs allow for new
approaches to experimentation and trial-and-error learn-
ing in innovation management—for example, combining
human and machine intelligence (AI) in the form of
hybrid testing approaches (Fuller et al., 2020; West
et al., 2021; Xia et al., 2021).

In this context, future research has to identify ways in
which firms can organize such decision-making for inno-
vation selection between humans and algorithms and
allocate prototyping and testing tasks to either humans
or Al embedded in IDTs (Piller et al., 2022). Based on
these results, we propose to investigate how different
design choices of IDTs can impact human-machine col-
laboration for selection and decision-making to facilitate
organizational learning and innovation. Investigating dif-
ferent sets of design choices that determine the extent to
which humans remain part of strategic and operational
decision-making in innovation management could be at
the heart of such future research. For instance, IDTs
allow for more (autonomous) Al-based decision-making
and thus a potential reduction of human contributions
and workforce (Projection no. 11). However, this future
development also reduces the autonomy of teams in their
freedom to innovate, which might hamper creativity in
the innovation process. How to find the right balance
between contributions from machines and humans
remains an open question for future research, asking also
for a reconsideration of the established literature on team
composition in innovation management (Bouschery
et al., 2023).

An extreme design choice from our Delphi findings is
the comprehensive virtualization of human resources
and decisions in manufacturing by Human DTs (Mertens
et al., 2021). INVISTA (Case no. 16) builds IDTs by using
AWS IoT TwinMaker to capture and interconnect the
tacit knowledge and experience of employees working in
the production system, but also in engineering and devel-
opment. Such interconnected employee twins (Projection
no. 9) can share learning with others who implicitly
assimilate and benefit from the collective insights to
improve the decision-making in the selection process of
innovation. The digitalization of human knowledge and

learning by IDTs facilitates new possibilities for
company-wide and cross-organizational knowledge man-
agement and hybrid intelligence (Projection no. 6;
Brauner et al., 2020; Fuller et al., 2020), but might also
create new organizational tensions (Dellermann
et al., 2019; Raisch & Krakowski, 2020). For instance, our
Delphi findings show issues regarding employee rights
(Projection no. 10) in terms of data privacy conflicts and
the need to anonymize human-related production data—
potentially impacting the application scope and decision-
making capabilities of hybrid intelligence through IDTs
in the innovation process.

5.3 | IDTs and innovation governance

A third implication of IDTs for innovation management
originates from the alternatives of orchestrating digital
platforms (Otto, 2022; Xu et al., 2020). IDTs distributed
among different actors necessitate suitable governance
models that account for all divergent interests in the
innovation process (Silva et al., 2022). From our Delphi
findings, we imply that manufacturing firms must man-
age the positive and negative effects of evolving IDTs.
Similar to other digital platforms, we see two alternatives
for the orchestration of innovation activities. IDTs could
be either governed by one keystone player (Iansiti &
Levien, 2004), the established model for many central
data platforms (Projection no. 02), or by an alliance of
actors managing a data space together in a decentralized
and federated governance mode (Otto, 2022; Silva
et al., 2022; Xu et al., 2020).

In the case of IDTs managed by one keystone player, a
single entity is orchestrating value creation and capture
from exchanged data (Otto, 2022; Redeker et al., 2021).
This is the typical model of central data platforms
(Projection no. 02) in consumer markets, but also a
model that many operators of industrial data platforms
originally follow (van Dyck et al., 2021)—for example,
Cases no. 4 GE Predix, no. 12 John Deere Operations
Center, or no. 13 PTC ThingWorx. A keystone player acts
as a data mediator (Projection no. 03), who forces strong
centralization of data and knowledge within an ecosys-
tem to create “winner takes all” platform business models
(Eisenmann, 2006). Keystone players act within unregu-
lated competition and aim to control the network effects
and also new value capture mechanisms—such as sub-
scription models (Projection no. 01) for industrial
machines (e.g., Case no. 8 Munich Re and Bosch), data or
new digital services (e.g., Case no. 10 Foxconn BEACON),
and so forth. In this context, innovation management
research could investigate the issue of how one central
orchestrator will emerge who disproportionally benefits
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from IDTs while ensuring overall ecosystem health for
innovation, that is, fairly regulating the value appropria-
tion of the innovation variation and selection, protecting
the network knowledge, and addressing the openness
paradox.

But some of the case studies complementing our
Delphi research indicate an interesting alternative
approach to a platform managed by one keystone player:
an alliance-orchestrated or federated data space. In this
case, IDTs and their underlying data space are designed
and jointly orchestrated by multiple actors from a specific
industry domain under common rules and standards.
Examples of such federated data spaces are DataConnect
(Case no. 22), GAIA-X (Case no. 19), or Catena-X (Case
no. 17), which foster decentralization (Projection no. 24)
of value creation and capture (Braud et al., 2021;
Otto, 2022). Drivers of such an approach are the need to
utilize domain-specific contextual knowledge for better
predictions and prescriptions, but also a desire for data
sovereignty and distributed control, which is based on a
future Industrial GDPR (Projection no. 04) to create regu-
lated ecosystems in digital manufacturing (Cappiello
et al., 2020; Otto, 2022). Future research should investi-
gate how these alliance-driven approaches establish new
forms of decentral innovation ecosystems through IDTs.

Hence, alliance-driven approaches governing IDTSs
provide many interesting options for future research
(Fukawa & Rindfleisch, 2023) and build the foundation
of creating data spaces that increase the decentralization
(Projection no. 24) of digital platforms (Braud et al., 2021;
Otto, 2022). In practice, manufacturers have different
design choices that shape the IDT network and its com-
plements in a way they perceive as a fair balance in their
participation and share between value creation (innova-
tion) and value capture. The aim is to foster, incentivize,
and protect collaborative innovation activities among all
interconnected actors, which drive innovation variation
and selection collectively in an ecosystem.

5.4 | Limitations and conclusion of the
Delphi study

Our research is not without limitations. First, our Delphi
survey was conducted during the COVID-19 pandemic.
While we could use this to our advantage to assess the
impact of the pandemic on operations, it is also possible
that experts rated projections higher which were of
greater importance or presence to them. A further analy-
sis of the lower-rated projections could thus be fruitful.
Second, the real-time Delphi method relies on the subjec-
tive input and opinions of those involved. As with any
subjective data collection technique, the risk of bias
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exists. Participants' responses may be influenced by self-
selection, perspective, experience, or personal bias. This
subjectivity can potentially have an impact on the gener-
alizability and objectivity of the findings. As our scenar-
ios are based on qualitative data and supported by
quantitative assessments, the inclusion of more second-
ary statistical data alongside the Delphi estimates could
improve the accuracy of our predictions and address
potential biases (Jiang et al., 2017).

Third, while Delphi panels do not require a repre-
sentative sample and our expert panel is in line with
other Delphi studies in terms of size and heterogeneity
(Beiderbeck et al., 2021), the generalization should be
considered against the demography of our sample and
our implication should be validated by larger scale sur-
veys among manufacturers. For example, our research
did not aim to statistically analyze differences between
the subgroups of our experts. When analyzing the
data, we did also not find any differences or patterns
in response behavior that could be explained theoreti-
cally. Future research could leverage a larger panel
with distinct subgroups to analyze significant differ-
ences (e.g., depending on geography or nationality).
This could be particularly fruitful given, for example,
the different philosophies of data privacy across the
globe as a factor in shaping views on digital
manufacturing.

Digital manufacturing in general and IDTs in particu-
lar are phenomena that are just beginning to emerge.
IDTs have the potential to revolutionize innovation in
digital manufacturing by enabling the generation of
diverse knowledge inputs and facilitating informed
decision-making through hybrid intelligence. However,
successful implementation and management of IDTs
require addressing challenges related to data sharing,
striking a balance between human and machine contri-
butions, and developing robust governance models to bal-
ance value creation (innovation) and value capture
among interconnected entities. Besides many open and
emerging technical issues, various managerial questions
will shape the development in this area. Our study design
could not capture these organizational and individual-
level dynamics. But, innovation management research
has a rich methodological toolbox and experience to
study these questions in future research. With this in
mind, we hope that our study can encourage more
research in this important and fascinating field.
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APPENDIX B

TABLE B1
Attribute Projections
Interfaces Open interfaces
(P20)
Data sharing (P21)
Accessible Digital services
Capabilities (P13)
Production
transparency
(P16)
Organization  Hybrid
intelligence (P6)

Employee twin
(P9)

Employees' rights
(P10)

JOURNAL OF PRODUCT INNOVATION MANAGEMENT

Coding scheme for design choices.

Selection
rationale

Black swan

High impact, high
probability

High impact, high
probability

High impact, high
probability

High impact, high
probability

Black swan

High dissent

First-order codes

Competition of proprietary
standards

Different regional standards
Open interfaces as a growth
booster

Open standards as prerequisites
to overcome interoperability
issues

Sharing as a threat to a business
model

Cost-benefit evaluation of
sharing

Sharing required for innovations
in the production ecosystem
Forced to share data by strong
players

Product competencies due to
innovation in material and
design required

Product capabilities for
specialized equipment critical
Data-based services as a
differentiating factor
Innovations based on data

An expected increase in
production efficiency

Lack of data readiness
Demand for new skills and
interdisciplinary knowledge
Transparency as an enabler for
simulation models

Operational decision-making,
not strategic

Change in management power
Data-based decision-making

Al supplement human decision-
making

Concerns due to data privacy,
regulation, and unions

Only partially until 2030
Employee information beneficial
for production planning

Decision support instead of
digitizing humans
Anonymization is not sufficient
to protect privacy

Personalized data are a
prerequisite for advanced
analytics

Second-order codes

Proprietary interfaces vs. open
interfaces

Product innovation vs. service
innovation

Human decision-making vs.
algorithmic decision-making
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TABLE B1 (Continued)
Selection
Attribute Projections rationale First-order codes Second-order codes
Governance Central data High dissent « Tech players are pushing for a Unregulated
platform (P2) dominant position competition vs. regulated
« Fragmented market with legacy ecosystem
hardware
+ Decentral ecosystem, not a
monopoly platform
Data mediator (P3)  High dissent » Middlemen or standards
« Trust and security required
« Distributed ledger technology
eroding middlemen
Industrial GDPR High impact, high  « A matter between two or more
(P4) probability partners, no regulation

AUTHOR BIOGRAPHIES

Regulation too slow

Legal basis to address current
obstacles

Chance for EU with GAIA-X
and IDS

o
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