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Abstract 

The so called Metaverse is among the most popular emerging themes in contemporary 
business and academic discourses related to digital transformation. Beside the hype and 
buzz around the topic, recent research has established important progress related to the 
technical foundations and use-case scenarios. However, the preconditions to manifest 
these promising potentials, that is the underlying socio-technical ecosystem, is, to date, 
not well-understood. In particular, we still do not know much about the key building 
blocks of technical knowledge and who creates this knowledge base necessary for the 
Metaverse. Therefore, in this study, employing cluster-analysis to a complex dataset 
involving 2297 Metaverse-patents, we reveal key areas of technological knowledge as 
well as important actor groups shaping the development of the knowledge base. Building 
upon these inductively derived knowledge generation structures, we discuss important 
implications for managers and academics and propose an Information Systems research 
agenda to further explore the emerging Metaverse ecosystem.    

Keywords: Metaverse, Nascent Ecosystems, Knowledge Generation, Patent Analysis, 
Cluster Analysis  

Introduction 

Since September 2021, Google Trends for the search term “Metaverse” skyrocketed from nearly zero up to 
100 in January 2022 indicating the topic’s popularity. Companies have also started to evaluate how 
Metaverse applications can create business value, by either offering a new revenue source or optimizing 
processes: For instance, BMW is said to have built a virtual factory in the Metaverse (Diaz 2023). Another 
example is Fortnite, a computer game by the developer firm Epic Games, which offers a variety of virtual 
experiences in the Metaverse (Seidel et al. 2022). However, there are also examples that indicate 
uncertainty regarding the future of the Metaverse: Meghan Bobrowsky, a journalist of The Wall Street 
Journal even called it the “Meh-taverse”, as companies like Microsoft and Meta started to streamline their 
Metaverse related departments in their latest cost cutting initiatives (Bobrowsky 2023). Walt Disney even 
closed their Metaverse department, which was planned to develop strategies and content for upcoming 
Metaverse applications (Whelan and Flint 2023).   

Aside from the hype and buzz we witness in business media these days, there is still a lack of clarity as to 
what the Metaverse actually is, how it can be defined (Park and Kim 2022; Peukert et al. 2022) and whether 
the Metaverse already exists (Schöbel and Leimeister 2023). Accordingly, academic work has picked up the 
topic, commented and projected its potentials as well as related challenges (e.g. Dincelli and Yayla (2022) 
and Schöbel and Leimeister (2023)). For instance, Dincelli and Yayla (2022) identified applications of the 
Metaverse in literature and investigated immersive virtual reality (VR) and its opportunities and challenges. 
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Schöbel and Leimeister (2023) conceptualized the Metaverse as a meta-ecosystem and derived 
opportunities for further research in this context. Albeit these valuable contributions, highlighting 
particular aspects and potentials, what is missing to date is a systematic assessment of the existing 
substance of the Metaverse. One way to do this is an analysis of the established knowledge base underlying 
the Metaverse. What we do know from current work is that Metaverse applications build upon a complex 
assemblage of technologies and associated heterogeneous actors (Dincelli and Yayla 2022; Dolata and 
Schwabe 2023). Therefore, scholars unanimously point to the value of the ecosystem lens for understanding 
the phenomenon (Schöbel and Leimeister 2023; Seidel et al. 2022). Indeed, research about digital 
innovation ecosystems (Wang 2021) may lend some insights and ideas for structuring the Metaverse and 
capturing its dynamics. At the same time, the Metaverse and its current state offer a unique opportunity to 
learn about the emergence of modern digital innovation ecosystems by focusing the underlying knowledge 
base. Prior Information System (IS) research has generated rich insights about mature ecosystems such as 
enterprise software and the role of knowledge for their success (Ceccagnoli et al. 2012; Haki et al. 2022; 
Huang et al. 2009).What we do know is that, for nascent ecosystems, the cultivation of the underlying 
knowledge base is crucial for its further development  (Moeen et al. 2020; Moeen and Agarwal 2017; Moore 
1993): This may hold true even more for digital innovation ecosystems as, while for all innovations the 
integration of heterogeneous knowledge is crucial, with digital innovation, the heterogeneity of knowledge 
and accordingly the demand for balancing and integrating knowledge (Yoo et al. 2012) increases.  

In this study, we investigate the following research question: How is the knowledge base of the emerging 
Metaverse ecosystem constituted? Finding answers to this question is important for both academic and 
practical reasons. On the one hand, the current academic discourse may profit from more systematic 
empirical analysis to move beyond the state of generalized commentaries, visions or niche investigations. 
Apart from the context of the Metaverse, IS research needs to advance its understanding of nascent 
ecosystems that build upon digital technologies (Wang 2021). On the other hand, managers may better 
navigate strategic questions pertaining to the Metaverse on the basis of a systematic assessment of existing 
key technology areas as well as key actors shaping the knowledge base. Accordingly, we collected a 
comprehensive dataset on Metaverse knowledge by deriving patent data from the United States Patent and 
Trademark Office (USPTO) patent database. The dataset was enriched with the Standard Industrial 
Classification (SIC) code for each firm holding a patent to determine from which industry sector the patent 
holder originally comes from. Based on this dataset we conducted two step-cluster analyses to identify 
technology clusters as well as clusters of firms creating knowledge in the identified technology clusters. We 
identified six technology clusters, which are focused either on a specific application or on technological 
infrastructures for the Metaverse and seven clusters of firms contributing knowledge to one of these 
technology clusters or, in the case of one particular cluster, to all technology clusters. 

Our findings contribute to theory by providing a first exploratory, yet systematic examination of the 
knowledge base that makes up the Metaverse including the associated actors. To advance IS knowledge 
related to the phenomenon, we discuss existing, often conceptual work, in the light of our empirical 
findings. Furthermore, we contribute to digital innovation ecosystem literature by revealing knowledge 
generation structures as an important means to understand nascent instances (Moeen et al. 2020). 
Additionally, we underscore and extend existing work on the digital innovation ecosystem holarchy (Wang 
2021). Moreover, our results offer valuable insights for practitioners as we identified an existing knowledge 
base for Metaverse infrastructure and applications, created by heterogeneous actors. Firms can use our 
findings to pro-actively check possible strategies and evaluate various diversification opportunities offered 
by the Metaverse. Our findings further allow firms to evaluate which knowledge already exists, assess which 
further opportunities for knowledge generation remain and identify possible partners with existing 
knowledge.  

Theoretical Foundations 

The Metaverse in the Academic and Practical Discourse 

The term Metaverse was coined by Neal Stephenson in his science fiction novel Snow Crash in 1992. In the 
dystopian world of the novel, the Metaverse is a virtual world, accessible with specific hardware (Dolata and 
Schwabe 2023; Seidel et al. 2022; Stephenson 1992). Apart from the novel, the Metaverse-concept also 
receives attention in scientific literature. Park and Kim (2022) described the Metaverse as a “three-
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dimensional virtual world where avatars engage in political, economic, social, and cultural activities” 
(p.4211). This definition was recently advanced by Schöbel and Leimeister (2023) who described the 
Metaverse as “a massively scaled and interoperable meta ecosystem of other digital ecosystems of real-time 
rendered 3D virtual worlds that can be experienced synchronously and persistently by an unlimited number 
of complementors and consumers with an increased user experience caused by a creativity-guided co-
creation of goods managed by orchestrators and supported by platform owners” (Schöbel and Leimeister 
2023, p.7). In literature, the Metaverse has been investigated from different perspectives, for example 
Dolata and Schwabe (2023) identified three main perspectives in research, which are namely technical,  
use-oriented, and  structural. In what follows we structure existing literature according to these 
perspectives.  

The development of the Metaverse from a technological perspective is divided into three stages by Dolata 
& Schwabe (2023): In a first stage, virtual worlds were hosted on a computer and ended as soon as the 
computer is turned off. The second stage involved well known multiplayer online games, made possible by 
faster internet connections and progress in 3D graphics. The third stage begun with software and hardware 
advancements and developments since the late 2000’s. One crucial aspect for the implementation of the 
Metaverse are therefore different hardware and software technologies (Dincelli and Yayla 2022; Peukert et 
al. 2022), especially sufficient hardware power and engines for 3D virtualizations (Dolata and Schwabe 
2023). Those technologies are the basis for features of a successful Metaverse implementation such as 
immersive realism, ubiquity of access and identity, interoperability, and scalability (Dionisio et al. 2013). 
Dionisio et al. (2013) described immersive realism as the realism of the virtual world that makes users feel 
immersed in it. Ubiquity means the accessibility with several devices like PCs and mobile devices, and the 
assurance that the virtual identity will be preserved as the user transitions in the Metaverse. Interoperability 
describes standards for digital assets and the possibility to move between locations, whereas scalability 
describes an architecture with enough power for a Metaverse with a huge number of users. These features 
of a successful Metaverse highlight, that there are several technologies needed to build and operate a 
Metaverse. One type of required technology can be summarized as extended reality (XR) (Mystakidis 2022). 
According to Mystakidis (2022) this includes Virtual Reality (VR), Augmented Reality (AR) and Mixed 
Reality (MR). These technologies allow to access and experience the Metaverse and are the foundation of 
immersive virtual reality applications (Dincelli and Yayla 2022). Other technologies that ensure ownership 
of virtual goods and virtual properties and enable virtual transactions between users of the Metaverse are 
required, which is possible with nonfungible tokens (NFTs) (Dolata and Schwabe 2023; Mystakidis 2022).  

The use-oriented perspective is focused on the user and field of applications. Gaming is a frequently named 
field of application and seen as “the most common platform in the popularization of the Metaverse” (Park 
and Kim 2022, p.4225). Interestingly, gaming providers like Epic Games also offer experiences in their 
games different to the original purpose of the game, e.g. concerts in Fortnite in separated environments 
(Seidel et al. 2022). Besides gaming (e.g. Park and Kim (2022)), different office applications (Xi et al. 2022), 
entertainment, travel and retail (Dincelli and Yayla 2022), social interaction, marketing and education 
(Park and Kim 2022) or healthcare (Zahedi et al. 2022) are among the often bespoken fields of application. 
Activities previously located in the physical world could be completely handled in the virtual world by using 
XR devices, e.g. an appointment at the real estate agent followed by driving to work afterwards can be 
replaced by the Metaverse as both can be virtually conducted by using XR technology in the office (Schöbel 
and Leimeister 2023).  

Finally, a stream in the literature approaches the Metaverse from a structural perspective. Due to the 
aforementioned variety in technologies as well as heterogeneity in actors that need to engage in a complex 
interplay, research in this areas has strongly emphasized the value of an ecosystem perspective (Schöbel 
and Leimeister 2023; Seidel et al. 2022). The ecosystem perspective on the Metaverse is valuable because 
several actors from different industries and ecosystems are involved in the creation and operation of the 
Metaverse. As described above, heterogeneous actors must interact as, for instance, hardware is delivered 
by other actors than virtualization engines and experiences by other actors as well (Dolata and Schwabe 
2023). Furthermore, Seidel et al. (2022) outlined that every unique universe the Metaverse is composed of 
has its own infrastructure that allows it to keep and convert digital assets like skins or currencies, also when 
transitioning between different universes. Schöbel and Leimeister (2023) further highlighted that the 
Metaverse as a meta-ecosystem connects several physical and virtual worlds as an intersection between 
them. Similarly, scholars perceive the Metaverse as a network consisting of multiple virtual worlds (Dionisio 
et al. 2013) or further an ecosystem connecting several ecosystems (Schöbel and Leimeister 2023; Seidel et 



 Knowledge Generation Structures in a Nascent Ecosystem
  

 Forty-Second International Conference on Information Systems, Hyderabad 2023
 4 

al. 2022). The Metaverse is described as not being one single virtual world, but as a network of virtual worlds 
which offer several different experiences (Dionisio et al. 2013; Seidel et al. 2022) and is accordingly viewed 
as a construct which could become an “ecosystem of ecosystems” (Dolata and Schwabe 2023, p.36). 
Therefore, the Metaverse not only seems to be suitable to apply existing knowledge on digital innovation 
ecosystems, but also offers the possibility to learn about the interaction of vertically and horizontally 
dispersed ecosystems (Wang 2021). However, while different technologies were identified, their relevance 
was highlighted and potential actors were named, a systematic analysis of how the ecosystem could be 
structured is missing. Building upon the current state of the literature, it seems that the technology is 
available, and possible user-applications were identified, but there seems to be less knowledge on the 
structural foundations, which may result in a bottleneck for the realization of the Metaverse. 

Nascent Digital Innovation Ecosystems 

An ecosystem in a business context is a metaphor derived from biology and describes networks consisting 
of several companies interacting cooperatively and competitively (Moore 1993). Ecosystems are 
characterized, inter alia, by heterogeneous actors (Yoo et al. 2010), which share the goal of  joint value 
creation (Adner 2017). Innovation ecosystems are described as focused on an innovation or value 
proposition (Jacobides et al. 2018). Digital innovation, that is, new products, services and processes based 
on digital technologies (Nambisan 2017), have further emphasized the importance of innovation 
ecosystems due to their interconnected, distributed, and combinatorial nature (Yoo et al. 2010, 2012). As 
to these traits, digital technologies and the actors creating and participating in digital innovation stem from 
different industry backgrounds and can be found on different architectural layers (Selander et al. 2010; 
Wang 2021; Yoo et al. 2010). Managing them is a challenge for organizations (Baldwin 2012), which is why 
firms are changing the way of how they organize and why ecosystems could be an appropriate form (Wang 
2021) to leverage the innovation strategies of heterogeneous actors (Yoo et al. 2010). Wang (2021) defined 
digital innovation ecosystems as “a loosely coupled set of autonomous actors (people and organizations 
who interact without hierarchical fiat) involved in the development and implementation of innovations 
enabled by digital technologies” (Wang 2021, p.397), highlighting two main constituents of digital 
innovation ecosystems, namely the actors and technology (Nischak et al. 2017).  

Importantly, the high level of interconnectedness involved in digital innovation puts a premium on 
extending the perspective even more to include not only a particular ecosystem but also its connections to 
vertically or horizontally dispersed associated ecosystems (Davis 2016; Wang 2021). While this next step of 
digital innovation ecosystem research is still in its infancy, first empirical work has illustrated the value of 
an inter-ecosystem perspective (Wang 2021). For instance, Biedebach et al. (2021) find evidence for the 
influence of the IT ecosystem on the automotive ecosystem. Furthermore, actors can also benefit from a 
diversified strategy by not investing only in one ecosystem, but splitting the operations across multiple 
ecosystems (Selander et al. 2013). Besides, also ecosystems can be a part of other ecosystems. Wang (2021) 
developed a “holarchy of digital innovation ecosystems” (Wang 2021, p.402), showing entities (holons) as 
parts of ecosystems on different levels of the holarchy with Product/Service, Business/Entrepreneurial and 
Category Ecosystems. Viewing digital innovation ecosystems from this perspective highlights the multilevel 
nature (Wang 2021): First, digital technologies facilitate innovation on different levels of the digital 
innovation ecosystem and second, ecosystems are at the same time part of a higher-level ecosystem (part) 
and a higher-level ecosystem for underlying ecosystems (whole).  

The development of an ecosystem is a process following multiple steps. According to Moore (1993), 
ecosystems in a business context undergo several distinct stages, namely Birth, Expansion, Leadership and 
Self-Renewal, each of which is characterized by specific challenges. Of these stages, Birth and Expansion 
are the ones pertaining to nascent ecosystems, as both are related to steps necessary for building and scaling 
an ecosystem, while Leadership and Self-Renewal are related to further improving an existing ecosystem. 
A similar distinction was also made by Han et al. (2022) who further noted a limited co-evolution between 
actors and low monetization in the Birth stage and fast growth in the Expansion stage, while the ecosystem 
still can fail. While substantial research in existing IS literature  has been devoted to already existing and 
mature ecosystems such as enterprise software (Ceccagnoli et al. 2012; Huang et al. 2009, 2018), the 
literature for new and emerging digital innovation ecosystems is scarce. A notable exception is Hodapp et 
al. (2019), who investigated nascent digital platform ecosystems and their value co-creation challenges, as 
value creation differs between mature and nascent ecosystems due to specific characteristics (Hodapp et al. 
2019): In nascent ecosystems unexpected innovation can lead to technological challenges, it is unclear who 
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will be the competitors and uncertainty regarding the availability of required resources (Hodapp et al. 
2019). Further, actors from different ecosystems can have difficulties to agree on the design of a nascent 
ecosystem (Du 2018; Hodapp et al. 2019). In nascent ecosystems a primary challenges for actors are the 
definition of a value proposition and the protection of an idea to prevent other firms from creating a similar 
offer (Moore 1993). This observation highlights the value of a knowledge-based perspective on nascent 
ecosystems. We know from existing research on established ecosystems that the underlying knowledge base 
is important for the development of an ecosystem as a whole (e.g. Huang et al. (2018)) and that digital 
innovations are based on heterogeneous knowledge bases (Yoo et al. 2012). However, while mature 
ecosystems build upon knowledge recombination, knowledge creation is particularly relevant for nascent 
ecosystems.  Also aside from IS literature authors perceived these differences of nascent and mature stages 
of ecosystems (Adner and Kapoor 2010; Dattée et al. 2018; Han et al. 2022; Jacobides et al. 2018): Dattée 
et al. (2018) noted that the sharing of existing intellectual property may be necessary in order to develop an 
ecosystem to the desired direction. In contrast, in nascent stages of ecosystems, firms are dependent on 
knowledge creation of other actors, as “suppliers” must develop required components for a solution before 
it can be brought to market (Adner and Kapoor 2010). Accordingly, authors noted that ecosystems can 
emerge from knowledge ecosystems if the innovation from those can be commercialized (Clarysse et al. 
2014). Albeit these potentials, we do not know much about the knowledge creation in emerging digital 
innovation ecosystems. The emerging Metaverse presents an opportunity to observe and analyze a modern 
emerging digital innovation ecosystem and the underlying knowledge base to advance both digital 
innovation ecosystem research and the scholarly discourse on the phenomenon. 

Methodology 

Data Collection 

Our analysis of knowledge building for the Metaverse is based on patent data. Patent data is a widely used 
data source for analyzing structures in knowledge generation (Ardito et al. 2018; Lou and Wu 2021; Stephan 
et al. 2017). Past empirical work has shown the importance of patents for digital innovation (Hanelt et al. 
2021). Furthermore, Moore (1993) mentioned in the context of emerging ecosystems that protection of an 
idea to prevent other firms to create a similar offer is an important challenge at a particular stage of 
ecosystem development. Patents as a form of intellectual property are a suitable way to protect knowledge, 
used especially in the incubation stage of emerging industries, as they can be used to prevent the 
development of similar technologies (Moeen et al. 2020). Additionally, other authors investigating 
knowledge structures also relied on patent data (Bierly and Chakrabarti 1996). 

We derived the patent data from the patent search of the USPTO, which provides access to patent data 
published by the USPTO (Chiang et al. 2017). We specifically used the USPTO advanced search, which 
includes all US patents but also patents from other patent offices around the world, if they are also 
registered in the USA. Forman and van Zeebroeck (2011) used the USPTO database to enrich their dataset 
of business IT investment data with patent data. The USPTO participates in the electronic priority 
document exchange (PDX) program, meaning that several patent office’s exchange priority documents 
electronically (USPTO 2023a). In practice it means a lot of patents are registered worldwide, as companies 
fill patent applications for several patent offices. For example, Beijing Baidu Netcom Science and 
Technology Co Ltd as a Chinese company registered a patent at the USPTO, but also in Japan and Korea. 
The USPTO is also part of the Patent Cooperation Treaty (PCT), which allows the filing of a patent in several 
countries by filling only one international patent application (USPTO 2023b). We searched the USPTO 
database for the term “Metaverse”, assuming that a relevant patent mentions the Metaverse, and derived 
both, already granted and pre-granted patents. Other researchers also applied keyword-based searches to 
extract patents (Battke et al. 2016; Costantini et al. 2015), but added patent classification codes or created 
a list with appropriate keywords. We decided to use only the keyword, because we aimed to search 
exploratively for patents related to the Metaverse and this approach allows a clear focus. We further assume 
that the Metaverse cannot be limited to specific classifications and a list with keywords would not be 
exhaustive. To enhance the database, we added cited patents as these are technologies related to the found 
patents and therefore also relevant for the knowledge base, which resulted in a dataset of 2297 patents. As 
patent application procedures can be tedious, it makes sense to also include those patent applications which 
are currently evaluated to ensure that also relatively new knowledge is included in the dataset. Regardless 
of whether the patent is a granted or a pre-granted patent, all patent records contain the title of the patent, 
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an abstract, a detailed description, applicant information, assignee information and the IPC/CPC codes 
related to the patent. Additionally, they also have a document ID which relates to the patent ID or the ID of 
a pre-granted patent and an application ID which is unique and referenced for granted and pre granted 
patents. We favored the Cooperative Patent Classification (CPC) codes instead of International Patent 
Classification (IPC) codes as CPC is an extension of the IPC code and jointly managed by the European 
Patent Office and USPTO. Based on the application ID we ensured that each patent is listed only one time 
in the dataset. We removed accordingly duplicates and all pre-granted patents if the granted patent is 
already included in the dataset. Furthermore, we determined the patent holder by checking if it is currently 
assigned. If yes, we choose the assignee. If not, we checked if there is an applicant we can choose as patent 
holder. For some patents, there is no assignee or applicant because only the inventor, i.e., a person and not 
a company is assigned. In those cases, we removed the patent from the dataset. In a further step we checked 
the entity holding the patent. Occasionally, patent holders are the same but written differently. For example, 
there is the notation “Corp”, “Corp.” and “Corporation”, all of which have the same meaning, so we have 
chosen one notation for each case to ensure that the firm is consistently named. In a next step, for each 
company holding a patent, the four-digit SIC Code was determined and assigned. SIC codes are a standard 
in industry classification which is used to determine the sector in which a patentholder is active (Stephan 
et al. 2017). We used the primary SIC code, because we aimed to identify from which industries the 
patentholders are originally from and not all activities of all business units.  However, it was not possible to 
add a SIC code for every company, as several companies have no publicly available descriptions of their 
business or only an entry in a company register which does not include the primary sector of the company. 
For those companies no SIC code was assigned.  

Data Analysis 

The purpose of this study is to investigate the knowledge generation structures of the Metaverse by 
identifying the knowledge base from a technology perspective and the firms developing this knowledge. Our 
dataset offers several opportunities to investigate the technological knowledge and the actors creating or 
holding this knowledge. An appropriate approach for identifying technology and actor groups is cluster 
analysis, as applied by other authors who used, inter alia, patent data in their studies (Bierly and 
Chakrabarti 1996; Wacker et al. 2014). We decided to apply two-step cluster analyses, similar to studies 
seeking to segment groups (Rundle-Thiele et al. 2015; Tkaczynski 2017), using the software SPSS to identify 
patterns in the dataset regarding the technology (CPC codes) and firms. Both, cluster analysis and SPSS are 
widely used by researchers to identify patterns in datasets and cluster homogeneous groups (e.g. Biedebach 
and Hanelt (2020)). We applied a two-step clustering for both cluster analyses as it is suitable for large data 
sets (e.g. Rundle-Thiele et al. (2015)) and able to find groups in datasets with a similar quality as other 
classification methods (Kent et al. 2014). Additionally, it is suitable for explorative analysis (Tkaczynski 
2017) as needed for this study: Two-step clustering includes automatic determination of the most suitable 
number of clusters (IBM 2022; Tkaczynski 2017), which is an advantage over K-Means clustering for this 
particular dataset. These clusters might be not a perfect result if considering the context, but at least a very 
good basis. Further the two-step clustering assumes that variables of the cluster analysis are independent. 
The variables we use to cluster our data points (patents) based on their similarities, are each one CPC code, 
which is either assigned to the patent or not. We therefore assume the independence of variables is given. 
The same is true for the second cluster analysis which clusters the firms based on their involvement in the 
resulting clusters. In general this method follows two distinct steps (Rundle-Thiele et al. 2015): First, a 
cluster features tree is constructed (Okazaki 2007; Rundle-Thiele et al. 2015) to create preclusters, which 
are, in a second step, clustered by a hierarchical clustering algorithm that allows to evaluate solutions with 
different numbers of clusters (Norušis 2011). In the model summary view for two step clustering the quality 
of a cluster can be evaluated based on the silhouette measure of cohesion and separation (IBM 2021): It 
indicates whether the results are “poor” (no significant evidence), “fair” (weak evidence) or good 
(reasonable or strong evidence ) based on Kaufman and Rousseeuw (1990) rating for clusters. This measure 
allows us to decide whether resulting clusters are sufficiently distinguishable and simultaneously how 
similar the included objects of a cluster are. The silhouette measure of cohesion and separation measures 
averages over the complete dataset: 

𝐵𝐵 − 𝐴𝐴
max(𝐴𝐴,𝐵𝐵) 
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A is the distance to the cluster center of the cluster the specific object is assigned to, and B is the distance 
to the center of the nearest cluster it is not assigned to. The results can range from -1.0 (all values are on 
the cluster center of another cluster) over 0.0 (equidistant to own and nearest cluster center) and 1.0 (all 
directly on own cluster center). This means, the higher the coefficient is, the better objects of a cluster match 
to its assigned cluster while simultaneously not match the nearest cluster, which indicates a higher cluster 
quality. However, this does not mean that only clusters with a silhouette coefficient with 1.0 are good. Lower 
values also indicate that objects of a cluster fit to their assigned cluster, even though not perfectly. The first 
cluster analysis aimed to identify technology clusters in the context of the Metaverse. In order to identify 
these technology clusters, we performed a cluster analysis for CPC codes assigned to each patent. These 
CPC codes as a kind of technology code allow us to identify technology-based clusters. While the two-step 
cluster method does not need a transformation of data for statistical reasons (Rundle-Thiele et al. 2015), 
we needed to reduce the complexity of CPC codes. CPC codes are very detailed as each code is for a specific 
technology and application, but they are also clearly structured in sections, classes, subclasses and groups 
or subgroups. To reduce the complexity, we used the subclass instead of the complete CPC code. The 
subclass is already quite detailed and can contain hundreds of specific complete CPC codes. Additionally, 
we do not aim to identify clusters with very specific technology application, but clusters with similar 
technology categories. Accordingly, we first cut off the digits after the first four digits and second, created 
one variable for each unique CPC subclass. For the two-step cluster analysis, we coded these variables 
binary with “0” for not assigned and “1” for assigned to the patent. The two-step cluster analysis uses the 
log-likelihood distance as a distance measure for categorical variables determining the similarity between 
clusters, assuming that the categorical variables are multinomial distributed (IBM 2022). Two-step 
clustering offers the possibility to automatically determine the best number of clusters for the dataset 
(Rundle-Thiele et al. 2015). However, this is solely based on statistical measures like the Bayesian 
Information Criterion or the Akaike Information Criterion and not on further considerations taking the 
context into account (IBM 2022). We first performed cluster analysis with a number of clusters determined 
in the first step of the two-step cluster analysis based on either the Bayesian Information Criterion or the 
Akaike Information Criterion and then evaluated the results. The statistical quality of the resulting clusters 
was defined as “fair”, indicating acceptable results (Rundle-Thiele et al. 2015). However, the results must 
be also evaluated in the context of the data and aim of analysis. Cluster analysis as an exploratory approach 
does not necessarily lead to one perfect result, it is also possible that there are more adequate solutions 
(Biedebach and Hanelt 2020). Therefore, we decided to test further cluster analysis with different number 
of clusters that have similar cluster qualities compared to the results of the automatically determined 
number of clusters. We take existing Metaverse literature into account when evaluating the results, in which  
technologies, applications and actors where identified (Dincelli and Yayla 2022; Dolata and Schwabe 2023). 
After carefully evaluating the results, we identified six clusters as the best solution from the statistical and 
contextual perspective. The silhouette measure of cohesion and separation of this cluster analysis is 0.3, 
which is defined as a “fair” quality of the clusters meaning the indicated cluster quality is in the mid-range 
and a sufficient result in terms of heterogeneity between clusters and homogeneity within the cluster: A 
silhouette coefficient of 0.3 indicates that the data points are on average not all directly on the center of 
their clusters and not equidistant between the own and nearest other cluster center. That is, the resulting 
clusters are not completely distinct, but there are enough differences between clusters and similarities 
within clusters to speak of distinguishable groups. The silhouette measure of cohesion and separation need 
to be above a level of 0.0 for a sufficient distinction between clusters (Rundle-Thiele et al. 2015).  

The second cluster analysis was conducted with the aim of identifying companies that are similar in terms 
of the patents they hold in the technology clusters identified in the first cluster analysis. For the analysis, 
we added the results of the first cluster analysis to the original data set: First, we created a list of all the 
companies in the dataset and second, we added the clusters of the first cluster analysis as new 
characteristics of the firms in the dataset. We then summed up the number of patents each firm holds in 
each of the technology clusters and added these sums to the dataset. For the second cluster analysis we 
again applied the two-step clustering. Each cluster of the previous cluster analysis is one variable for this 
cluster analysis, containing the number of patents a firm holds in this cluster, which are continuous data. 
For this type of data, we again used the log-likelihood as distant measure, but this time for continuous data. 
We did not specify a minimum or maximum number of clusters for the analysis. Further, we needed to 
choose an information criterion for the determination of the number of clusters. We decided to choose the 
Akaike Information Criterion as it is a widely used information criterion in model selection and suitable for 
large datasets  (Cavanaugh and Neath 2019). We again evaluated the resulting clusters regarding their 
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contextual quality. This time the cluster quality was good, both statistically and contextually. Therefore, we 
decided not to choose a number of clusters that deviates from the automatically determined number. The 
silhouette measure of cohesion and separation is 0.7 for this cluster analysis, which is defined as a “good” 
quality of the clusters. A silhouette coefficient of 0.7 indicates that the data points are on average near on 
the center of their clusters. That is, the resulting clusters are quite distinct and sufficient differences 
between clusters and similarities within clusters exist to speak of distinguishable groups. 

Results 

In this section we describe the findings of both cluster analyses, based on the CPC codes in technology 
clusters and SIC codes in the firm clusters. The first two-step cluster analysis for the CPC subclasses 
revealed six technology clusters: For more precise technology information we decided to use the more 
specific CPC groups to describe the resulting clusters. CPC groups are included if they are above a threshold 
of 15% of all CPC codes assigned to a patent within the cluster to ensure a sufficient relevance of the CPC 
group. It should be noted that there is a wide variety of further CPC groups which we do not mention here. 
In the following we give a brief description of the clusters: 

Cluster Description 
Technology Cluster 1: 
“Data Infrastructure” 

As the main CPC groups are related to applications like information retrieval, 
databases and transferring data, we decided to name this cluster “Data 
Infrastructure”. The CPC codes suggest that it is an infrastructure cluster with 
patents related to hardware and software inventions primarily used in the 
context of data and databases. 

Technology Cluster 2: 
“Digital 
Entertainment” 

As the main CPC groups are related to interactive television, video on demand, 
data transferring, 3D image rendering, image analysis and 3D models and 
images for computer graphics, we decided to name this cluster “Digital 
Entertainment”. The CPC codes suggest that it is an application cluster with 
patents related to technologies used for digital entertainment offerings.  

Technology Cluster 3: 
“Network and 
Security 
Infrastructure” 

As the main CPC groups are related to cryptographic arrangements for secure 
communication and network services, network security and other security 
arrangements, we decided to name the cluster “Network and Security 
Infrastructure”. The CPC codes suggest that it is an infrastructure cluster with 
patents related to technologies used for network and data security. 

Technology Cluster 4: 
“Healthcare” 

As the main CPC groups are related to applications like diagnostic, devices and 
apparatus bringing media into the body and sensors and other devices, we 
decided to name this cluster “Healthcare”. The CPC codes suggest that it is an 
application cluster with patents related to technologies used for healthcare 
related technology.  

Technology Cluster 5: 
“Gaming” 

As the main CPC groups are related to video games and input arrangements 
transferring data in a form the computer can handle, as well as network services 
are represented in this cluster, we decided to name this cluster “Gaming”. The 
CPC codes suggest that it is an application cluster with patents related to 
technologies for hardware and software used for gaming applications.  

Technology Cluster 6: 
“E-Commerce and 
Asset Trading”. 

As the main CPC groups are related to commerce, payment architecture and 
finance, we decided to name this cluster “E-Commerce and Asset Trading”. The 
CPC codes suggest that it is an application cluster with patents related to 
technologies used for different asset exchange and e-commerce applications. 

Table 1. Results of First Cluster Analysis 
The second cluster analysis based on the clusters of the first cluster analysis revealed seven firm clusters. 
To describe which firms can be found in the cluster, we used the SIC codes and evaluated how often a SIC 
code can be found in the respective cluster. We used the three digit SIC codes as we aggregated SIC codes 
(Stephan et al. 2017). All clusters are characterized by a diversity of actors, visible through a wide variety of 
SIC codes. While the dataset includes a lot of firms with computer programming, data processing, and other 
computer related services SIC codes (737) or firms with no assignable SIC code, it is nevertheless possible 
to identify a certain trend within the clusters. In the following table the industry focus and exemplary firms 
can be found: 
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Cluster Main industries based on 3-digit SIC codes Examples 
Firm 
Cluster 1 

data processing and communication. ZTE CORPORATION, JPMorgan Chase 
Bank, Mastercard International 
Incorporated and Coinbase, Inc. 

Firm 
Cluster 2 

computer programming, data processing, 
computer equipment and communication 

NVIDIA Corporation, Meta, Roblox 
Corporation and Tencent Technology 
(Shenzhen) Company Ltd 

Firm 
Cluster 3 

computer programming, data processing and 
communication equipment, management 
services and advertising 

Nintendo Co., Ltd., Adobe Inc., Konami 
Co., Ltd. And Disney Enterprises, Inc. 

Firm 
Cluster 4 

computer programming, data processing, 
educational institutions and communication 
equipment and services 

Oculus VR, LLC, Sony Ericsson Mobile 
Communications AB and Warner Bros. 
Entertainment Inc 

Firm 
Cluster 5 

computer programming, data processing, 
security and commodity exchange, allied 
services and security brokers 

Bank of America Corporation, The 
NASDAQ OMX Group, Inc. and 
Bloomberg L.P 

Firm 
Cluster 6 

computer programming, data processing, 
computer equipment, electronic components 

Huawei Technologies Co., Ltd., Taiwan 
Semiconductor Manufacturing Co., Ltd. 
And Dell USA, L.P 

Firm 
Cluster 7 

medical and laboratory instruments and 
analytical, optical and measuring instruments 

Kimberly-Clark Worldwide, FANUC 
CORPORATION and Leica Microsystems 
CMS GmbH 

Table 2. Results of Second Cluster Analysis 
Each firm cluster is related to a technology cluster: Firms within a firm cluster hold primarily patents in 
one of the technology clusters, so the clusters are homogenous in terms of technology knowledge created 
by the firms (see figure 1). An exception is the second firm cluster which consists of firms holding patents 
in several technology clusters. However, this does not mean that the firms in clusters are homogenous if 
they hold patents in the same technology cluster, rather they are quite heterogeneous in terms of their 
industries (SIC codes).   

Firm 
Cluster: 

Technology 
Cluster: Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Sums 

Cluster 1 Patents total 5 0 172 0 0 7 184 
Patents [%] 3% 0% 93% 0% 0% 4%   

Patents per firm 0,03 0,00 1,13 0,00 0,00 0,05 1,21 
Cluster 2 Patents total 208 341 317 63 148 131 1208 

Patents [%] 17% 28% 26% 5% 12% 11%   

Patents per firm 1,70 2,80 2,60 0,52 1,21 1,07 9,90 
Cluster 3 Patents total 9 30 22 1 132 16 210 

Patents [%] 4% 14% 10% 0% 63% 8%   

Patents per firm 0,08 0,28 0,20 0,01 1,22 0,15 1,94 
Cluster 4 Patents total 0 164 0 0 4 10 178 

Patents [%] 0% 92% 0% 0% 2% 6%   

Patents per firm 0,00 1,00 0,00 0,00 0,02 0,06 1,09 
Cluster 5 Patents total 0 5 20 0 35 169 229 

Patents [%] 0% 2% 9% 0% 15% 74%   

Patents per firm 0,00 0,04 0,15 0,00 0,26 1,27 1,72 
Cluster 6 Patents total 85 0 3 2 0 18 108 

Patents [%] 79% 0% 3% 2% 0% 17%   
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Patents per firm 1,02 0,00 0,04 0,02 0,00 0,22 1,30 
Cluster 7 Patents total 0 17 4 159 0 0 180 

Patents [%] 0% 9% 2% 88% 0% 0%   

Patents per firm 0,00 0,14 0,03 1,27 0,00 0,00 1,44 
Sums Patents in Cluster 307 557 538 225 319 351   

Table 3: Distribution of Patents in Technology Clusters to Firm Clusters 
We want to exemplarily outline these differences with two clusters highlighting the differences in 
knowledge generation (figure 2 and 3). While firms in cluster 1 have a clear focus on patents that can be 
found in technology cluster “Network and Security Infrastructure”, firms in cluster 2 have patents in 
multiple technology clusters. It indicates that firms in cluster 2 create knowledge for several technology 
clusters, while firms in the other cluster are more focused in their knowledge creation as they primarily 
create knowledge for one technology cluster. 

 
Figure 1: Connection between Firm Cluster 1 and Technology Clusters  

 

 
Figure 2: Connection between Firm Cluster 2 and Technology Clusters  

Discussion 

Technology Perspective 

The cluster analysis for CPC subclasses revealed six different technology knowledge areas. These clusters 
indicate that actors generate knowledge related to several specific fields of application. We identified the 
application clusters “Gaming”, “Digital Entertainment”, “Healthcare” and “E-Commerce and Asset 
Trading”. This finding is partly supported by prior Metaverse research that has identified fields of 
application like gaming, office applications, social applications, marketing, education, travel, entertainment 
and healthcare (Dincelli and Yayla 2022; Park and Kim 2022; Zahedi et al. 2022). We cannot confirm the 
existence of all these applications mentioned in literature based on patented knowledge. We assume that 
this can have at least three reasons: First, it is possible that these applications currently do rather exist in 
visions or projections but are still away from being realized in practice. Following this train of thought, one 
could assume that the fields of application we identified reside on a higher maturity level. As an alternative 
explanation, second, it is possible that no knowledge must be patented for the application, for instance if it 
is very generic knowledge or the application does not need specific knowledge. Third, it might be that actors 
do generate knowledge in further fields of application but do not associate their work with the emerging 
theme of Metaverse.  
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We found several different technologies in each cluster. It indicates that not only application-specific 
knowledge, but also general technology knowledge can be found to a certain degree in each cluster. For 
instance, the cluster “Healthcare” contains a lot of knowledge related to healthcare, but also a few CPC codes 
indicating knowledge related to network technologies. Dionisio et al. (2013) described immersive realism, 
ubiquity, interoperability, and scalability as crucial for a successful Metaverse. These characteristics 
highlight that there are several technologies needed to build and operate the Metaverse, as it requires 
technology that makes users feel immersed, standards for interoperability and hardware to access and 
operate the Metaverse. Following the characteristics, we can assume that applications not only demand 
knowledge specific for the application, but also general technologies for network, visualization, or 
immersive VR purposes. However, it should be noted that a patent can have multiple CPC codes, which 
could also lead to patents that are classified as both, very application specific, but also related to network 
and other technologies. Our study shows that a lot of knowledge related to the Metaverse was and still is 
created. Therefore we assume it is likely that a large proportion of required components developed by 
“suppliers” for the Metaverse already exist and uncertainty regarding the technological foundation of the 
Metaverse is already decreasing (Adner and Kapoor 2010). 

Apart from that, we identified two clusters that cannot be associated with a particular field of application. 
These technology clusters might be best understood as infrastructural clusters and comprise “Data 
Infrastructure” and “Network and Security Infrastructure”. They cover mainly technology related to 
databases, data transfer and security of connections. In Metaverse literature, different technologies such as 
XR technologies (Mystakidis 2022), NFTs, hardware (for infrastructure) and 3D virtualization engines were 
identified (Dolata and Schwabe 2023). We found two infrastructure clusters, covering the fields of data, 
network and security infrastructure. We therefore can only partly confirm that the technologies mentioned 
in literature are developed for the Metaverse. However, it is possible that technologies for the metaverse 
are also developed in an application cluster if the technology is primarily used for this purpose and not as 
infrastructure. For instance, Oculus VR (now part of Meta), produces head mounted displays which are an 
XR technology. Their knowledge is associated to the “Digital Entertainment” cluster, as this is a technology 
not related to Metaverse infrastructure but to specific entertainment related applications. A further 
explanation could be that the Metaverse strongly builds upon generalistic digital infrastructures, 
“comprising an installed base of diverse information technology capabilities and their user, operations, and 
design communities” (Tilson et al. 2010, p. 748-749). Accordingly, no new knowledge generation is required 
for the basic technological foundation. For instance, powerful hardware is required (e.g. Dincelli and Yayla 
(2022) and (Dolata and Schwabe 2023)), but the development of these is not Metaverse-specific as 
manufacturers work on hardware for several purposes like artificial intelligence and cloud computing. As 
our analysis suggests, however, actors build Metaverse-specific knowledge in very selective infrastructural 
areas and for very different application scenarios, supported by the fact that all clusters are characterized 
by a variety of CPC codes. 

Actor Perspective  

The actor-related cluster analysis revealed seven firm clusters. We find that, although firms within the 
clusters are very similar in their knowledge generation practices, they differ substantially in terms of their 
origins and affiliations. Our findings show a vast variety of SIC codes in each firm cluster, highlighting the 
diversity of actors with heterogeneous knowledge and capabilities from different ecosystems. For instance, 
the fourth cluster comprises, on the one hand, Oculus VR (today part of Meta), a producer of head mounted 
displays and, on the other hand, Warner Bros. Entertainment Inc, a company from the cinema business. 
This finding lends support to current literature suggesting that the Metaverse can be viewed as a meta-
ecosystem connecting multiple ecosystems (Schöbel and Leimeister 2023). Our results also suggest that the 
Metaverse evolves via inter-ecosystem interactions, that is, actors from one ecosystem can participate in 
another ecosystem and contribute with their capabilities to this ecosystem (Biedebach et al. 2021) and do 
not rely on only one ecosystem (Selander et al. 2013). IS literature further indicates digital innovations 
require heterogeneous knowledge (Yoo et al. 2012) making it accordingly a crucial factor. Aside from the IS 
literature authors noted that the building of nascent industries is driven by the knowledge creation and 
aggregation of actors (Moeen et al. 2020) and that different knowledge is important for the Metaverse 
(Dincelli and Yayla 2022). By highlighting the variety of industries actors come from we can state that the 
knowledge base is already very heterogeneous, and firms contribute heterogeneous knowledge and 
capabilities. We also believe that the vast number of firms and heterogeneous knowledge base also indicates 
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that it may come to disagreements of actors seeking to define standards in the Metaverse, as was found for 
other nascent ecosystems like the mobile payment ecosystems (Du 2018). While every firm cluster contains 
several different SIC codes, it can be observed that computer programming and data processing-related SIC 
codes, which usually relate to software, are present in every firm cluster. This indicates that in each firm 
cluster the capabilities and knowledge of firms from these industries can be found making this industry 
sector a substantial part of the Metaverse knowledge base. This aspect can be found implicitly in literature: 
Authors usually highlight the importance of technologies related to software like NFTs and 3D virtualization 
engines (Dolata and Schwabe 2023; Schöbel and Leimeister 2023). Nonetheless they back our findings: A 
lot of software related firms will be part of the Metaverse and seem to have either application specific 
knowledge or general technical knowledge, as they contribute their knowledge to both or several types of 
found technology areas. 

Combined Perspective 

Prior literature highlighted that digital technology and associated actors constitute digital innovation 
ecosystems (Nischak et al. 2017; Wang 2021). We investigated both by performing cluster analyses for CPC 
codes and based a second cluster analysis on the results to identify firm clusters. Combining the results of 
the technology and firm clustering, we find that firms seem to pursue different knowledge generation 
strategies when it comes to the Metaverse. A closer look at the firm and technology clusters reveals firms 
that seem to “fit” the associated technology cluster very well while others do not. For instance, Leica 
Microsystems CMS produces microscopes and is in the firm cluster in which firms primarily have patents 
in the “Healthcare” cluster. OSRAM, primarily a manufacturer of lighting equipment, is located in cluster 1 
with companies holding primarily patents in the technology cluster “Network and Security Infrastructure”. 
This shows that OSRAM has created knowledge in a technology area that goes beyond their usual business, 
while Leica Microsystems CMS has created knowledge in the area they know. Authors noted that firms start 
to evaluate how the Metaverse affects them and already started their Metaverse initiatives (Peukert et al. 
2022). This requires either new knowledge or the adaptation of existing knowledge. Researchers identified 
different generic knowledge strategies applied by firms, for instance Exploiters, with low R&D spending 
and the aim to increase the benefit of a single product by finding new use cases or Innovators, who learn 
fast and offer radically new products (Bierly and Chakrabarti 1996). We assume that firms in the Metaverse 
also follow such generic knowledge strategies: Our results suggest that different knowledge strategies 
probably are applied. It seems that some firms focus their knowledge on areas, they are familiar with, while 
other follow a more diversified strategy. As the above example shows, we identified firms that create 
knowledge in their usual business, firms that go beyond that and create knowledge in areas new for them 
and further those firms probably doing both, as they create knowledge in different technology areas.  

Another nuance in the knowledge generation strategies applied by firms is that some actors create 
knowledge rather in infrastructure-related clusters, others rather in application-related clusters, which 
suggests that they either aim to deliver foundational technology necessary to build and operate the 
Metaverse or offer specific applications in the Metaverse. Further, our results revealed actors that are active 
in both, application and infrastructure. NVIDIA is a quite good example, as the firm is active in the 
semiconductor industry and therefore part of the technical infrastructure of the Metaverse, but also offers 
the Omniverse as an exemplary application in the Metaverse. According to IS literature digital innovations 
can be found on different architectural layers which are loosely coupled (Yoo et al. 2010). These layers 
include a device, a network, a service and a content layer. Firms can address one or several layers (Selander 
et al. 2013) as innovation is created across different architectural layers (Yoo et al. 2010). This can be 
confirmed by the results of the study. We found firm clusters either focused on infrastructure or 
applications and moreover a cluster with firms creating knowledge for both. Assuming that these layers can 
be applied to the Metaverse, we further can assume that technology clusters can be on different layers. This 
suggest that a firm focusing on an infrastructure cluster probably aims to create knowledge for the device 
or network layer, while a firm with a specific application aims to deliver knowledge for service and content 
layer. However, the boundaries are blurred, as application clusters also contain hardware related patents 
and firms, meaning the firms can be assigned to different layers depending on their patents. The example 
of NVIDIA further shows that companies also create knowledge for more than one layer, highlighting the 
aspect of innovation created across different architectural layers. 
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Implications 

This study aims to contribute to the emerging Metaverse literature by systematically investigating the 
knowledge base and identifying both, actors, and applications of the Metaverse. We identified actors 
creating knowledge in form of patents, which are also named in literature like Adidas, NVIDIA and 
Microsoft (Dolata and Schwabe 2023). Further we identified Metaverse applications in our study which 
suggest that some of the in literature mentioned possible applications (Dincelli and Yayla 2022; Park and 
Kim 2022; Zahedi et al. 2022) have an existing knowledge base in the Metaverse context. While we cannot 
confirm the existence of all these applications, we empirically identified application and infrastructure 
clusters based on existing patents, while other researchers based their findings primarily on literature and 
examples from practice. A further contribution is the identification of a Metaverse knowledge base which 
is, according to literature, crucial for further development of an emerging ecosystem (Moeen et al. 2020; 
Moeen and Agarwal 2017; Moore 1993). With this empirical verification we can also confirm that the 
Metaverse is not only a marketing buzz word (Peukert et al. 2022), but has an existing knowledge base with 
patented knowledge. Our study further contributes to Metaverse literature by applying the ecosystem lens 
proposed by other authors (Schöbel and Leimeister 2023; Seidel et al. 2022). We can confirm that this 
perspective is valuable as we identified heterogeneous actors that originate from other ecosystems 
contributing to the knowledge base of the Metaverse. In extant work, the Metaverse is viewed as an 
ecosystem of ecosystems or meta ecosystem connecting multiple ecosystems (Schöbel and Leimeister 2023; 
Seidel et al. 2022), which relates to the holarchy of digital innovation ecosystems with multiple levels of 
ecosystem types as a possible approach for explanation (Wang 2021). We argue that the Metaverse might 
fits this holarchy to a certain degree and perhaps also offers an additional perspective: We found a firm 
cluster consisting of heterogenous firms who build knowledge in every technology cluster. While this cluster 
illustrates activities in different technology fields, the six remaining clusters have a clear focus on one 
technology cluster. We further identified six technology clusters of which four are application specific and 
two are infrastructure related. We argue that these six technology clusters indicate category ecosystems, 
while the firm cluster in which firms hold patents in each technology cluster indicates a new business/tech 
landscape pertaining specifically to the Metaverse. The Metaverse seems to connect existing (category) 
ecosystems which is in line with literature, stating that the Metaverse is a meta ecosystem connecting 
different existing ecosystems (Schöbel and Leimeister 2023). We further propose that with the Metaverse 
a virtual layer could be added to existing ecosystems: For instance, “Healthcare” is not a typical application 
considered when thinking about virtual reality, but it is one that can be identified in the knowledge base of 
the Metaverse.  

Moreover, our results offer valuable insights for practitioners as we identified an existing knowledge base 
for Metaverse infrastructure and applications, created by heterogeneous actors. The chase for knowledge 
and applications started, for example, Nike, as a sporting goods manufacturer, created patents to ensure 
that they can sell products virtual in the Metaverse. Knowledge will likely be a key factor for successfully 
doing business in the virtual world of the Metaverse. Firms therefore should pro-actively check possible 
strategies for the Metaverse, potentially viewing our results and the identified strategies as a blueprint. They 
should answer the question whether the firm aims to follow a diversification strategy or a more focused 
strategy. To be specific, they might either focus on adapting existing knowledge for the Metaverse or on 
diversifying by creating new knowledge applied in new fields in the Metaverse. For some firms it might also 
make sense to do both, for instance by contributing to the underlying infrastructure with adapted existing 
knowledge and offer applications based on created new knowledge. Either way the Metaverse seems to offer 
various diversification opportunities that firms should scrutinize carefully. Further, firms can evaluate 
based on our findings which knowledge already exists and find opportunities for their own knowledge 
creation. We also show that it is possible to identify possible partners with existing knowledge by examining 
the knowledge base of the Metaverse.  

Limitations and Future Research 

Factors Limiting Generalizability  

Our study is surely not free from limitations. We limited our patent identification efforts on the USPTO, 
which is obviously very biased towards the United States. However, a lot of patents are registered in the 
United States, even if the filing firm is from a foreign country, which means the number of patents not found 
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is probably very low. In the USPTO database, we searched for patents explicitly referring to the Metaverse. 
We purposefully selected this approach to be as focused as possible on actors and technologies that 
explicitly address the Metaverse to be able to scrutinize the actual substance related to this phenomenon, 
which is surely surrounded by a lot of hype and buzz. This approach might be a limitation as  there may be 
further patents relevant for the knowledge base of the Metaverse, which this focus failed to capture as they 
might utilize other terms such as “Virtual World”. The limits of a keyword-based search were also 
mentioned by other authors who combined it with patent classes (Battke et al. 2016), an approach that is 
not suitable for an explorative search in the context Metaverse, which is not related to specific patent 
classes. Furthermore, our approach cannot ensure that our dataset contains only patents that have already 
found application in the Metaverse context. Nonetheless, other approaches might be also promising, which 
we further outline in the Agenda for Future Research. Another limitation refers to the cluster analysis, as 
we decided to apply two-step clustering and other approaches might be similar appropriate. However, as a 
two-step cluster analysis allows to evaluate the solution for contextual fit similar to hierarchical clustering, 
we are convinced that the decision made sense. Further, it is possible that a different order of the two cluster 
analyses would yield different results. Similar to authors who used patent data, we focused on the 
knowledge from a structural perspective rather on details on firm level (Bierly and Chakrabarti 1996; Lou 
and Wu 2021; Stephan et al. 2017). It is also possible to investigate the knowledge on firm or patent level, 
which might generate additional insights which this study cannot deliver. Moreover, the dataset in general 
may contain information for additional insights, for example, patterns between objects of technology and 
firm clusters which we did not systematically analyzed in this study. 

An Agenda for Future Research 

Based on the aforementioned limitations as well as the findings of our study, we can derive an agenda for 
future IS research related to the knowledge generation structures in the Metaverse. This research agenda is 
structured along three key themes- antecedents, manifestations and consequences of knowledge generation 
structures. A first step, related to the antecedents, would be the identification of factors leading firms to 
engage in knowledge generation in particular technology areas or application scenarios as well as, 
ultimately, the adoption of a specific knowledge strategy. For instance, internal factors like pre-existing 
knowledge, spending on R&D, financial power or top management team (TMT)-structures (such as the 
presence of a CIO or CDO in the TMT) or external factors like competitive forces or potential cooperation 
partners might drive firm decisions about its Metaverse investment. A second step would be a further 
analysis of firms, as there might be substantial differences regarding technology fields they originate from.  
Some might be typical technology related firms, while others are more traditional firms which have no 
connection to software or hardware, but to possible fields of application instead.  

Second, regarding the manifestations of knowledge generation structures in the Metaverse, a good future 
research opportunity is to refine our results. One conceivable way to improve our results is by creating a 
dictionary or applying machine learning approaches to find patents not using the term Metaverse and 
additionally ensure that all patents fit the Metaverse context. Such a study could reveal a more exhaustive 
list of Metaverse related patents. Another approach would be to use other sources like annual reports of 
companies to identify further actors. We have identified seven firm clusters which are groups of actors, but 
an investigation of the specific roles these actors take was not part of our study. Therefore, we suggest to 
investigate which roles are relevant in the Metaverse and how they can be characterized (Biedebach and 
Hanelt 2020). Further, there might be differences related to the approach of firms to profit from an 
emerging Metaverse ecosystem. For instance, there might be firms actively engaged in the Metaverse and 
those who create complementary knowledge. As the Metaverse is an emerging ecosystem knowledge is 
created rapidly. Therefore, we suggest to repeat the investigation of the knowledge base in future. It is likely 
that every month new knowledge is generated and patented. As soon as the knowledge is increased and 
more connections between patents arise based on citations, it is appropriate to apply a patent citation 
network following great role models in past research (Ardito et al. 2018; Stephan et al. 2017). Additionally, 
Han et al. (2022) identified the dimensions roles, structures and processes for multiple stages of ecosystem 
development. Applying their model to the Metaverse might increase the understanding by giving more 
insights to characteristics and possible challenges in both, the current and future stages of the ecosystem.  

Third and finally, several opportunities for future work arise that relate to the consequences of knowledge 
generation in the Metaverse. On the one hand, it seems promising to evaluate the performance of the 
identified strategies in the Metaverse context. For instance, are there strategies better suite a specific 
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industry than others? This would be a valuable contribution for practitioners as well as it is a starting point 
allowing to adapt the firm’s strategy for the Metaverse. This aspect includes the question of whether 
companies that actively work on the Metaverse and other companies that do not but create related 
knowledge have different approaches to knowledge generation and knowledge strategies. A further 
important factor in the context of these knowledge strategies is the question whether created knowledge is 
valuable or not. This could be identified by using a proxy like citations of a certain patent. When firms 
decide to join the Metaverse, they must probably decide whether they want to be part of a firm cluster 
related to an application cluster, an infrastructure cluster or to several technology clusters. As this decision 
will influence the strategy and the knowledge generation, it would be interesting to evaluate what 
performance implications engaging in different clusters has. With increasing interest in the Metaverse both 
practitioners and researchers will probably search for opportunities of new applications, but also for 
existing ones that could be migrated to the Metaverse. We outlined the heterogenous actors in the 
Metaverse ecosystem which originated in different ecosystems. Based on this finding, a highly interesting 
future research opportunity is to investigate interactions of these actors on different levels of ecosystems 
(Wang 2021). It would be interesting to see if there are interactions and if yes what kind of interactions. 
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