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Abstract: This study proposes a systematic categorization of Metaverse data and identifies
its specific storage requirements. As digital worlds continuously generate massive volumes of
data, they place increasing demands on existing data storage solutions. Based on a systematic
literature review, the study addresses the research question: Which data categories exist in the
Metaverse, and what specific storage requirements do they impose? Building on this analysis,
the study evaluates DNA data storage as a future-oriented alternative to conventional storage
technologies. The Metaverse is underpinned by key technologies such as the Internet of Things
(IoT), Extended Reality (XR), Digital Twins (DT), Artificial Intelligence (Al), Blockchain,
5@, and cloud and edge computing. Depending on their relation to the physical or virtual
sphere, these technologies can be functionally grouped into three layers: content, device,
and infrastructure. This framework forms the conceptual basis for identifying the primary
sources of data generation and classification. The analysis reveals two primary sources of
data creation within the Metaverse: physical data, generated by humans, objects, and the
environment, and virtual data, produced through digital representations and interactions. A
total of 23 data categories were identified and their storage requirements evaluated according
to seven criteria: write frequency, access intensity, latency, data volume, protection needs,
redundancy, and lifespan. In an example application, the identified data categories and their
storage requirements were compared to the properties of DNA data storage. According to
current research, DNA data storage is particularly well-suited for long-term archiving of large
data volumes due to its exceptional density and durability. However, broader adoption will
require significant cost reductions and improvements in access speed. The study concludes
that integrating DNA-based storage concepts could enhance the sustainability and scalability
of data management in future Metaverse ecosystems.
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1. Introduction

The Metaverse represents the next stage in the evolution of the Internet,
where the boundaries between physical and virtual worlds increasingly blur [1,2].
It enables immersive experiences and real-time interaction within persistent digital
environments that are accessible anytime and anywhere. For a growing number of
users, the Metaverse has become a central space for social interaction across private
and professional contexts [3]. It is not a single platform but a convergence of diverse
technologies that together form a complex sociotechnical system connecting physical
and virtual realities. As a result, enormous amounts of data are continuously generated
through human activity, environmental sensing, and digital interaction [4]. These
data differ in type, format, and temporal relevance, leading to highly diverse storage
requirements. Understanding these requirements is essential for designing efficient
and sustainable data storage architectures for the Metaverse.

Despite the huge data volumes and its importance in the Metaverse, the relation
of technology and data, as well as data categories and their respective storage
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requirements are insuffiently researched (see Section 2). This study aims to address
this research gap by identifying key Metaverse technologies, proposing a Metaverse
framework that integrates these technologies with a data-centric perspective, and
applying it to derive the types of data generated in the Metaverse and determine their
specific storage requirements. Thus, it also provides a sound basis for deliberate
design decisions regarding data storage in the development of Metaverse platforms or
experiences.

The resulting data categories and associated storage requirements are then used
to assess the applicability of DNA data storage in the Metaverse context. While
traditional storage technologies such as hard drives and solid-state drives currently
meet most demands, they are expected to reach their physical [5] and energetic
limits [6] as data volumes increase exponentially [7]. This raises the question of how
to achieve more efficient long-term storage, specifically for archiving Metaverse
data. DNA data storage has emerged as a promising alternative. Synthesized DNA
offers exceptional density, stability, and longevity, making it a potential medium for
sustainable data preservation [8].

The remainder of the article is structured as follows. Section 2 presents related
work to motivate the research question and situate it within the existing body of
knowledge. Section 3 explains the applied research process, while Section 4 presents
the respective results. The application of the results is demonstrated on the example
of DNA data storage in Section 5. Finally, Section 6 discusses the results, points out
limitations of the presented study, and presents directions for future research.

2. Related work

A comprehensive overview of the relevant technologies and data structures is
required to establish a solid conceptual foundation for analyzing data categories and
their specific storage requirements within the Metaverse. Therefore, a systematic
literature review was conducted to identify, classify, and evaluate current research in
this area.

Three scientifically recognized and discipline-specific databases were used:
ScienceDirect, Web of Science, and SpringerLink. The search combined the terms
“Metaverse” AND “data.” To ensure a precise, targeted selection, the search was
limited to publications that contained both terms in the title (“All in title”). The
search phrase was deliberately kept broad to capture a wide range of potentially
relevant literature. All searches were conducted in German and English to include the
international academic publication landscape. Only sources published between 2021
and mid-2025 were considered in the literature search.

In total, 119 publications were retrieved from the three databases (ScienceDirect:
22; Web of Science: 70; SpringerLink: 27). The significantly higher number of results
in Web of Science reflects its broader interdisciplinary coverage across computer
science, communication studies, psychology, and economics.

Given the number of results, a multistage selection process was applied to
identify relevant contributions in a transparent and reproducible manner. The process
consisted of seven steps, which are depicted in Figure 1. In addition, the figure
comprises the applied inclusion and exclusion criteria. After completing all seven
steps, 30 publications remained, which were classified as relevant to answering the
research question. Most of these were published between 2023 and mid-2025 (2021:
0; 2022: 1; 2023: 13; 2024: 11; 2025: 5) and comprised 23 journal articles, one
conference paper, and six book chapters.
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Figure 1. Literature selection process including inclusion and exclusion criteria

Despite the substantial data volumes generated in the Metaverse, current
research treats these data in a largely superficial manner. The analysis of the 30
selected publications reveals that no consolidated overview of Metaverse data has
yet been established. As a result, the origins, structure, and storage implications of
Metaverse data remain insufficiently understood.

To determine storage requirements in the Metaverse, it is first necessary to
identify the sources of these data. Because these origins are closely linked to the
technologies in use, the question arises of how these technologies can be functionally
positioned within the Metaverse.

Different approaches address this question. Two of them, despite following
different theoretical foundations, reveal a comparable functional structure. Jung
and Jeon (2022) draw on Porter’s Diamond Model from economics, which was
originally developed to explain the international competitiveness of nations [9]. They
transfer its logic to the Metaverse and propose a categorization into infrastructure,
devices, content, and platforms. Casale-Brunet et al. (2023), by contrast, base
their approach on an architecture-oriented layered model and divide the Metaverse
into three closely interconnected levels: technological infrastructure (hardware,
software, communication, blockchain, computing resources, and data storage), an
interaction layer (AR, content creation, avatars, digital twins), and a user ecosystem
(social interactions, digital assets) [10]. Both models therefore distinguish between
technological foundations, interactive components, and user-centered content.

An alternative perspective is offered by Zhang et al. (2023) and Ates et al.
(2023), who draw a clearer distinction between physical and virtual space [11,12].
At the center of their approach is the bidirectional flow of data: real environments
are captured through sensors and interactive devices, which belong to the physical
space. The resulting data are processed through an infrastructure layer and transferred
into the virtual space, where they generate content, form digital twins, or enable
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immersive experiences. Compared with the previously mentioned approaches, the
infrastructure layer here is understood not only as a technical foundation but also as a
connecting element between both spheres.

Although existing classifications offer useful reference points, they are
insufficient for this work. They lack an explicit focus on the role of data within
the Metaverse. Therefore, this study introduces a new framework that combines
technological elements with a data-focused approach.

3. Materials and methods

To derive data categories in the Metaverse systematically and reproducibly, a
structured multi-step methodology was applied. It is depicted in Figure 2.

e o 2. Functional
1. Identification of positioning 3. Identification 4. Derivation of 5. Assesment of
Metaverse key . . . . storage
. within of data origins data categories A
technologies requirements
Metaverse

Figure 2. Multi-step research process. (Authors” own illustration.)

The first step of this methodology focused on identifying the key technologies
mentioned in existing Metaverse literature. Across the reviewed literature, nine
publications were identified. They explicitly describe technological components
of the Metaverse. These works pursue different objectives, such as outlining future
technology trends in the Metaverse [13] or analyzing security-related aspects
of specific components [14]. They vary notably in the breadth and depth of the
technologies they discuss. Despite these differences, a thematic overlap emerges.
Table 1 indicates how many of the nine sources list each technology as a component
of the Metaverse.

Based on this comparative analysis, several patterns become visible. Extended
reality technologies (XR), blockchain, and Al appear in close to all of the examined
approaches. Digital twins, communication technologies such as 5G, and cloud and
edge computing are also identified as central components in more than half of the
reviewed sources. loT appears in four of the nine sources, while brain—computer
interfaces (BCI) and data mining are mentioned only sporadically and are therefore
not examined in detail.

Table 1. Metaverse technologies identified in the reviewed literature. Key technologies printed bold (Authors’

own table.)
Source ToT HMI XR BCI 3D Model DigitalDigital \yr b Mining Block-chain 56~ 1044 &
Twin  Human Edge
n X X X X X X X X X
(4] X X X
[13] X X X X X
[15] X X % %
[16] X X X X X X X
2] X X X X X X X X
4] X X X X <
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Continuation Table:

Source IoT HMI XR BCI 3D Model

Digital Digital /1,  Mining Block-chain 56~ C1o"d &

Twin  Human Edge
[10] X X X X
[11] X X X

It is important to note that certain technologies are subsumed under broader
concepts. Digital human reconstruction is treated as a subdomain of digital twin
technology. Similarly, 3D modelling — which is essential for creating virtual
environments and avatars — can be considered part of XR. Human—-machine
interaction (HMI) is likewise not treated as an independent technology in this
work. It describes the interface between humans and digital systems, encompassing
technologies such as XR, 10T, and BCI.

Based on these considerations, seven key Metaverse technologies were derived:
IoT, XR, digital twins, Al, blockchain, communication technologies (primarily 5G),
and cloud and edge computing.

In the second step of the research process (see Figure 2), the identified key
technologies are compiled into a consistent framework. To link this technological
structure to actual data-creation points, in the next step (3), the phases of the data
lifecycle were mapped to the framework.

In the Metaverse, the data lifecycle typically comprises six consecutive phases:
collection, storage, transfer, processing, sharing, and deletion [14]. The challenge
of heterogeneous data origins becomes apparent already in the collection phase
[4,10,11]. Due to the large number of different data sources, the literature often refers
to multi-source data [17]. Although storage is defined as a separate phase, it does not
represent a closed step. From a technical perspective, data remains stored throughout
all subsequent phases, either temporarily—for example, in working or intermediate
memory—or permanently in a database. Storage, therefore, forms the foundation for
all subsequent phases and accompanies the data in different forms throughout the
entire lifecycle.

For this study, the data lifecycle is extended by an additional phase: virtual
representation and interaction. This phase is positioned between data processing and
data sharing and focuses on data generated exclusively within the virtual sphere. This
data creation point is often overlooked in the traditional data lifecycle, which is why
it is explicitly stated here (see Figure 3).

Based on this foundation, step 4 of the research process (see Figure 2) identifies
data categories in the Metaverse.

To evaluate the suitability of different storage technologies, including DNA
data storage, the derived data categories must be assessed against clearly defined
storage requirement criteria — step 5 of the research process. The aim is to make
these specific storage requirements transparent. Seven storage requirement criteria
(SC) are used for this purpose. These criteria capture the technical, organizational,
and security requirements of a storage system. They address the frequency of access
and modification, required availability, data volume, need for protection, need for
redundancy, and the expected lifespan of the data. Most criteria include three levels
to enable comparative classification. The redundancy criterion is the only exception
with two levels because it is formulated as a yes-no decision. Table 2 provides the
exact definition of each criterion.
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Figure 3. Phases of the data lifecycle in the Metaverse based on [14], extended by Phase 5 “Virtual Representation &

Interaction.” (Authors” own illustration.)

Table 2. Storage requirement criteria with definitions and categories. (Authors” own table.)

ID

Criterion

Description Levels

SCl1

SC2

SC3

SC4

SC5

SCo6

SC7

Frequency of writing How often are new data produced or existing data modified?

Access frequency

Latency

Data volume

Sensitivity

Redundancy

Retention period

once
occasionally
continious

rarely
How often are the stored data accessed or used? occasionally

continious
offline

delayed
real time

How quickly must the data be available?

low
moderate
high
non-sensitive
restricted
confidential
yes

no

<1 hour

1 hour - 1 year
> 1 year

How many units of a data category typically occur?

How sensitive is the data with respect to confidentiality?

Is it necessary to replicate the data to mitigate failures?

How long is it necessary to store the data after it is created?

4. Results

In the following, the results of all steps of the research process depicted in
Figure 2 are presented.

4.1. Key technologies
As explained in Section 3, the systematic literature research identified seven
Metaverse key technologies, which are explained in further detail in the following.

4.1.1. IoT

Originally, the Internet of Things was designed to capture data from the physical
world as comprehensively as possible [18,19]. In the context of the Metaverse,
IoT devices function primarily as perception systems [17]. Equipped with sensors,
cameras, and similar components, they act as sensory organs that continuously collect
data from the real environment [20].

4.1.2. XR

Extended Reality (XR) is an umbrella term for immersive technologies such as
virtual reality (VR), augmented reality (AR), and mixed reality (MR), which connect
digital and physical worlds in different ways [21,22]. Although XR and IoT have
different technical focuses, they cannot always be clearly separated in practice. Many
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devices now combine functionalities of both technologies and act as human—machine
interfaces (HMI), serving as an interactive bridge between users and their technical
surroundings [13,18]. Users navigate XR environments using specialized wearables
such as headsets and smart glasses [12], as well as through gestures and voice
commands. Current development efforts focus on improving resolution, reducing
device weight, and lowering costs [9].

4.1.3. Digital Twins

Digital twins represent digital replicas of real-world objects, systems, processes,
and humans [4,18]. A digital twin system can be divided into three components: the
physical object in the real world, its virtual counterpart in the digital environment,
and the data streams that connect both layers and flow bidirectionally between them
[23]. Through this data connection, digital counterparts are continuously updated with
real-time information [18]. As with [oT devices, the underlying data originates from
multiple sources, such as various loT sensors or user inputs.

4.1.4. Al

Al is considered the driving force of the Metaverse. It refers to the scientific
discipline of training computer systems to simulate human intelligence, including
abilities such as learning, creativity, and decision-making, as well as image and
speech recognition, which are already widely used in Metaverse applications [4,13].
In the context of the Metaverse, Al plays a central role in generating, analyzing, and
personalizing content and user experiences [4].

4.1.5. Blockchain

Blockchain technology forms the economic foundation of the Metaverse
[4,14,21]. It enables secure, decentralized, and transparent transactions [10,24,25],
allowing digital assets to be exchanged and valued.

Future blockchain developments in the Metaverse aim to increase autonomy,
intelligence, and scalability. Relevant trends include agent-based intelligent systems,
blockchains based on biological identity features, self-sovereign identity (SSI), and
non-fungible tokens (NFTs) [13]. An NFT verifies the authenticity of a digital asset
and assigns it to a specific owner [4,9]. Examples include digital artworks, music,
virtual land, in-game items, or virtual clothing.

4.1.6. Communication Networks

5G communication networks form the foundation for the high-speed, low-
latency data transmission required by immersive Metaverse technologies such as XR
[9,18]. In addition, 5G ensures stable connectivity for edge devices that continuously
capture and transmit real-time data. Without this network infrastructure, high-quality
3D content and interactions within virtual environments could not be delivered with
the necessary fidelity and responsiveness [9].

While 5G primarily focuses on high data throughput, the development of 6G
aims for a much broader paradigm. 6G seeks to integrate communication, sensing,
computing, and storage into a unified information system [11]. Its expected data
transmission speed is projected to be 50 times that of 5G and roughly 1,000 times that
of 4G. South Korea plans to introduce 6G commercially as early as 2028 to support
data-intensive applications such as the Metaverse [9].

4.1.7. Cloud- and edge computing
Modern cloud architectures distinguish compute and storage in the cloud
from data collection or presentation on client devices. For Metaverse applications,
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however, this architectural principle falls short because it does not take into account
the processing capabilities of end-user devices [4,17]. IoT and XR devices now also
include powerful processors and can perform parts of the data processing independently
[4,26]. As a result, data are increasingly processed directly at the point of origin—an
approach referred to as edge computing [18,27]. This creates an architecture in which
processors such as CPUs, GPUs, TPUs, FPGAs, and ASICs are distributed across the
entire network rather than being operated exclusively in centralized data centers [4,18].
Decentralized processing reduces transmitted data volumes, lowers latency, and enables
real-time execution of compute-intensive applications [11,26]. In the Metaverse, in
particular, dynamic resource orchestration is required to efficiently distribute compute
resources between the edge and the cloud [11,18].

4.2. Framework

Step 2 and 3 of the research process (see Figure 2) aim at proposing a framework
of Metaverse technologies and data origins. It is depicted in Figure 4 and incorporates
the seven key technologies outlined in Section 4.1. Following Zhang et al. (2023) and
Ates et al. (2023), the physical and virtual spheres are considered separately [11,12].
From the models of Jung and Jeon (2022) and Casale-Brunet et al. (2023), the clear
distinction between technical and interactive components is adopted [9,10]. The
components of the Metaverse are structured into three layers: infrastructure, devices,
and content.

PHYSICAL VIRTUAL
.................................. CONTENT senrnrnssnrrsinsrsasnrrnsnnnsnnns GONTENT
Human Object Environment a METAVERSE A
o Avatar
n ® ﬁ a g —
R Q ENVIRONMENT
.................................. DEVICES P R METAVERSE B
) XR&loT ! '~ Digital Twin
—
@J- X <3
X0 = :
feedback '
............................ INFRASTRUCTURE* sssssssssansssurassuasassans vsssssnsssssensssannsssss [NFRASTRUCTURE® sssstssssasausansusaransnnans
| Al || 8 Communication | | [a] 5 J | [ Communication |
|n Compute: [ cLouD EDGE DISTRIBUTED ]| | @ Compute: [ cLoUD """ ""epeE | DISTRIBUTED ]l
| Storage: [ clown LOCAL DEVICE OFS ]| | B storage: [  ciouo [ TGCALDEVIEE | ofs ]l
*physical and virtual infrastructure are based on physical hardware | a a B Blockchain |

Figure 4. Framework locating key Metaverse technologies and linking data-lifecycle phases to functional components
across physical and virtual space. (Authors” own illustration. Icons by various authors — Flaticon www.flaticon.com).

The content layer on the physical side represents the starting point for real-
world data that can be captured. Three physical data sources are distinguished:
humans, objects, and the environment. Humans serve as a source of motion data,
gestures, speech, and biometric attributes. Objects are items observed in the
Metaverse and can be represented as digital twins in the virtual space. Connected
objects, such as networked vehicles, are also included here. While such objects
may be equipped with sensors, a distinction is made between their role as physical
entities to be virtually represented and their role as data-capturing devices. When
considered within the observed real-world domain, they are classified as objects in
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the content layer. When functioning primarily as sensor-equipped interfaces for data
acquisition, they are assigned to the device layer as [oT devices. The third data source
in the physical content layer is the environment. It describes the physical context in
which humans and objects exist—{factors that influence them but are not part of them.
Examples include light exposure, location, and weather data. Virtual content refers to
everything that can be “seen” or “experienced” within the Metaverse. Users perceive
visual information such as 3D environments, avatars, and digital twins, as well as
auditory stimuli generated through simulated sounds and speech. Functional elements
such as digital assets and NFTs are also assigned to the virtual content domain.

The device layer comprises all devices in the Metaverse that serve as interfaces
for capturing or transmitting data from the physical content domain. In addition to XR
devices such as VR controllers, headsets, and gloves, this layer includes IoT devices
specifically designed to collect data through sensors. An example is the Apple Watch,
which measures activity and physiological data. Such information can be used in the
Metaverse to adapt content dynamically. In a virtual fitness game, for instance, the
difficulty level may adjust based on a user’s current heart rate.

Since no physical devices exist in virtual environments to measure or capture
data, this layer is absent on the right-hand side of the framework. However, a dynamic
exchange occurs between sensor data transmitted from physical devices to the virtual
environment and feedback signals that return from the virtual world to the user [14].
While Metaverse devices primarily capture physical data, they respond to virtual
events, such as avatar interactions.

The infrastructure layer is understood, following Ates et al. (2023), as the
technical connector between both spheres [12]. It encompasses key technologies
across Al, communication, compute, and storage. Although the hardware supporting
these technologies resides in the physical world, it processes and stores data
originating from both environments. The origin of the content determines how the
infrastructure is applied.

Physically captured data are processed and stored both locally on Metaverse
devices and within central cloud systems. Virtual content, by contrast, is primarily
managed in the cloud. Local device storage is used only to a limited extent—for
example, when frequently visited virtual environments are cached locally to enable
offline access. Additionally, the Metaverse uses blockchain technology within the
virtual sphere to securely manage NFTs and verify their authenticity.

To enable a coherent derivation of the Metaverse data categories, the phases
of the data lifecycle (see Figure 3) are mapped onto the framework. This mapping
reveals where data are generated, processed, and stored in both physical and virtual
spaces. The numbered elements in Figure 3 indicate the specific lifecycle phase that
occurs at each point.

4.3. Data Categories

The Metaverse can be understood as a continuously growing source of data
[14]. Based on the developed framework, two central points of data generation can
be distinguished: raw data originating from the three physical sources—human,
object, and environment—and data generated exclusively within the virtual sphere.
Beginning with the physical sphere, each layer of the framework is revisited in the
following section, this time with a focus on the data that arises there throughout the
lifecycle. These data are presented in an organized manner, grouped into categories.

4.3.1. Physical content layer
In the physical content layer, the data pool is purely potential, as concrete raw
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data emerge only when states and movements of corresponding devices are captured.
Consequently, the first phase of the data lifecycle—data collection—begins only
at the device layer. With slight adjustments, the data categories used in robotics
by Herath et al. (2024) can be applied to humans as a physical data source in the
Metaverse [21].

Biometric data refer to individually identifiable physical characteristics
that can be used to identify or authenticate a person. These include facial features,
fingerprints, iris patterns, and characteristic voice profiles [21]. They are mostly static
or change only very slowly. Physiological data, in contrast, describe variable bodily
parameters such as heart rate, blood pressure, body temperature, respiratory rate, or
oxygen saturation. They are particularly relevant for sports and medical applications,
such as health monitoring [26]. While physiological data captures internal bodily
states, motion data focuses on external movements. They form the basis for spatial
interaction and motion tracking. At this point, the categorization used in robotics
is adapted by treating positional data as part of motion data. This includes spatial
position [13], head and hand movements, body posture, gestures, and gait patterns.
These data also allow inferences about a person and are sometimes categorized as
biometric data in the literature [21].

Behavioral and interaction data extend beyond pure motion information and
concentrate on user behavior. They include gaze direction, reaction times, device
usage intensity, and input modalities such as touch, speech, or gestures [13,28].
Such information can reveal what users pay particular attention to [28], allowing
conclusions about personalization [4] and usability of specific interfaces.

When considering physical objects or the environment as data sources, the
literature still lacks a structured classification of Metaverse-related data [18]. Object
recognition data refer to visual characteristics such as shape, dimensions, color, and
surface texture. These data are mostly static because the underlying identification
features rarely change. They are captured through camera systems or by scanning
barcodes, QR codes, serial numbers, or RFID tags [4]. If the object is movable,
further subdivision into object tracking data is possible. These dynamic data are also
captured by visual tracking systems or integrated sensors and document movements
and spatial position over time. In certain domains, such as industry, logistics, or
medical technology, machine condition data can also be relevant. These data
provide information on operational status, error messages, and measurements that
change continuously during use. Together, these three data types form the basis for
digital twins, whose state is represented in real time in the Metaverse.

To reproduce real-world environmental conditions in the Metaverse,
environmental data must be measured. These are predominantly physical
measurements, such as temperature, light exposure, and humidity, which describe
a specific state. They are typically recorded continuously and can change within
seconds. Analogous to humans and objects, environmental movements can be
captured as well. These include highly variable phenomena such as wave and plant
movements, shifting shadows, the bending of a bridge in the wind, or seismic
vibrations. Such environmental dynamics are recorded using distance, acceleration,
infrared, ultrasound, or radar sensors. Another category is positional data [13].
These data document the exact location and geographic coordinates of an object, for
example, via GPS. Here, positional data are intentionally assigned to the environment
because they describe the spatial context in which humans and objects exist, rather
than their intrinsic properties. They enable precise spatial alignment in the Metaverse
and support navigation and synchronization between the physical and virtual worlds.



Metaverse 2026, 7(2), 8343.

4.3.2. Device layer

The device layer marks the starting point of the data lifecycle. Here, all
previously described data categories from the content layer are captured as raw
data. In addition to these content-related datasets, the Metaverse device itself
generates further technical datasets. These include metadata that provide contextual
information about the raw data, such as the capture time, device location, calibration
details, or the file formats used. Some of these metadata remain permanently linked
to the raw data to support later interpretation and analysis. Other metadata—such as
current signal quality or temporary session IDs—are relevant only for a short period
and are continuously overwritten during operation.

Device diagnostic data are generated in parallel. Their content is similar to the
machine condition data described above, but they originate not from the observed
object itself, but from the Metaverse device in use. They provide information on the
device's operational status, battery level, or error messages. While these data are
secondary to the content experience in the Metaverse, they are essential for stable
technical operation. In most cases, such data are transient and are regularly replaced
by updated status information. In exceptional cases—for example, for maintenance
or error analysis—they may also be stored permanently. Some device diagnostic data
is also displayed within the virtual sphere, such as an on-screen warning when the
battery level is low.

4.3.3. Infrastructure layer for physical-sphere data

In the infrastructure layer, several phases of the data lifecycle take place.
Phase 2 refers to the storage of the various data categories. It begins immediately
after data collection on the local device's memory and extends to additional storage
architectures, such as cloud data centers. In Phase 3, data are moved between these
storage architectures and transferred from the physical world into the virtual one.
This occurs through high-performance communication technologies such as 5G —
the key technology introduced in Section 4.1 — as well as Wi-Fi and satellite-based
connections. In part, Phase 4 of the lifecycle is already anticipated at the device
layer, where edge-computing technologies preprocess raw data directly on the end
device [26]. This may involve compressing large files or filtering sensor data before
transmission to the virtual sphere [17]. However, most data processing occurs in the
infrastructure layer on more powerful server resources, often supported by Al models.

Two cross-cutting data categories emerge from these phases. First, system
and operational data are produced across all infrastructure components. They are
generated to monitor, control, and maintain the infrastructure's technical operations.
These data document and safeguard the infrastructure's technical state and include, for
example, access logs, bandwidth usage, signal strength, CPU load, and backup logs.
A further subdivision of these data by specific infrastructure domains, e.g., storage
and network, is not supported by the reviewed literature.

Second, processed data forms an essential basis for content within the
Metaverse. These data result from transforming and integrating raw data to derive
meaningful information. In Phase 4, data from multiple sources are combined and
interpreted. In the Metaverse, it is not sufficient to harmonize heterogeneous data
streams. Instead, the focus lies on reconstructing events based on these data [4]. For
instance, combining a person’s motion, positional, and interaction data can reveal that
Avatar A picked up a virtual cup from a table. Processed data include compressed
video streams, aggregated sensor measurements, analytical results, or detected objects
derived from image data. Raw data from the physical content layer is often processed



Metaverse 2026, 7(2), 8343.

multiple times, resulting in multiple versions of the same data. Moreover, data may be
used for different purposes, leading to varying formats or degrees of preprocessing.

4.3.4. Virtual content layer

In the virtual content layer, every digital element becomes both a data point and
a potential data source from the moment it is created. Unlike in the physical world,
there is no need to capture data through external devices. Every action automatically
leaves a digital trace, ensuring that no event remains undocumented [21]. This
continuous system recording results in a highly detailed data foundation and marks
the point of data creation within the virtual sphere.

At this point, Phase 5 of the data lifecycle begins: digital representation and
interaction. In this phase, the processed data from previous steps is used to generate
and further develop digital content. The data generated here can be divided into two
main categories: representation data and interaction data, although some data types
serve both purposes.

Representation data assigns digital equivalents to the original data sources—
human, object, and environment. Human-related data give rise to the digital identity,
which includes avatar appearance and predefined profile information. Object-
related data becomes digital assets, such as virtual clothing, tools, vehicles, or
buildings. Environment-related data describes how a city, forest, or room should be
represented virtually. The interpreted raw data from the physical world are not only
displayed but also used in real time to control their virtual representations.

At the same time, the virtual content layer is not solely dependent on real-
world input. New content can be generated directly within the digital environment.
Generative Al technologies can create not only text and images but entire scenarios
within the Metaverse. Although the underlying Al models are trained on real-world
data, they no longer depend on it to generate synthetic content.

Digital interaction data arises whenever users, virtual objects, and systems
interact. These data can be grouped into three categories based on the actors involved.

The first group covers interactions between multiple users. Here, communication
data, such as chat messages, voice transmissions, video streams, or avatar gestures,
is generated. Equally important in the Metaverse are coordination data, which allow
avatars to remain synchronized and move in relation to one another—for example,
through the alignment of avatar movements or gaze directions.

The second group includes interactions between users and virtual objects.
Usage data record how and when a user performs specific actions, such as switching
on a virtual lamp or opening a virtual door. When an object is purchased, sold, or
exchanged, transaction data is created. In the case of NFT-based digital assets, these
are stored on a blockchain.

The third group of digital interaction data relates to interactions between systems
and users. These include feedback data, which the system returns as visual, haptic,
or auditory responses—for example, an object lighting up when selected or a click
sound signaling a completed action. In addition to feedback data, this group includes
control data. While usage data merely records the instruction (e.g., that a door should
be opened), control data contains the technical parameters and commands through
which the system executes the action.

Within the virtual sphere, all of the above data categories are accompanied by
metadata. Although not part of the content itself, metadata forms the foundation for
rights management and data administration. Static representations contain information
about origin, ownership, usage rights, format, and version. For dynamic interaction
data, metadata such as timestamps or involved actors are recorded. Metadata plays a
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crucial role in enabling virtual representations to be used across different Metaverse
environments. Building on this, Phase 6 of the data lifecycle begins, in which digital
assets are shared, traded, or used across platforms.

4.3.5. Infrastructure layer for virtual-sphere data

The infrastructure for virtual data follows the same principles as for physical
data. Virtual content generated in Phase 5 must also be stored, transferred, and
processed. It therefore passes through Phases 2 to 4 of the data lifecycle as well.
As with physical data, new processed data and new system and operational data are
generated in these phases.

A technological particularity is the use of blockchain technology. It plays a
connecting role across the phases of storage (Phase 2), transfer (Phase 3), and sharing
(Phase 6). In the storage phase, it records transactions and state changes transparently
and permanently. In the transfer phase, the blockchain assumes a supportive function.
Unlike classical communication technologies, it does not exchange data; instead, it
ensures that transactions are authentic and unaltered.

The deletion phase (Phase 7) is not considered further in this context, as it
generates no new data.

In total, this analysis identifies 23 data categories that arise across the different
phases of the data lifecycle in the Metaverse. Table 3 provides a summarized
overview. Although metadata appear at several points within the Metaverse, they are
treated as a single data category in the following analysis.

Table 3. Overview of functional data categories. (Authors” own illustration.)

Sphere* Layer

Main category

Relevant phases in data

D
life cycle ata Category

P Content

P Content

P Content

P Device

P Device

P Infrastructure

A\ Content

A/ Content

Human-related data Data source for phase 1

Content data 1

Technical data 1.4

Component-independent

Representations 5

Biometric data

Physiological data

Motion and posture data
Behavioral and interaction data

Object recognition data

Object-related data Data source for phase 1  Object tracking data

Machine condition data
Physical measurement data

Environment-related data Data source for phase 1 ~ Environmental dynamics

Positional data
Captured raw data from the physical
content layer mentioned above
Metadata
’ Device diagnostic data
System and operational data
2,34
Processed data
Digital identities
Digital assets
Virtual environment data
Metadata

Communication data

User-to-user interaction 5,6 Coordination data

Metadata
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Continuation Table:

Relevant phases in data

Sphere* Layer Main category life cycle Data Category
Usage data

A% Content User-to-object interaction 5,6 Transaction data
Metadata
Feedback data

v Content System-to-user interaction 5,6 Control data
Metadata

A% Infrastructure Blockchain 23,6 Metadata

*(P = physical, V = virtual)

4.4. Storage Requirements

Based on the seven storage requirement criteria presented in Table 2, the 23
identified data categories are evaluated and compared in a matrix shown in Table 4.

The assessment of the data categories depends strongly on the specific
application and target group, so more than one category may apply in some cases.
Because no comparable assessments are available in the literature, this study uses
informed estimates. To enhance transparency, selected entries from the matrix are
explained in more detail in the following section.

4.4.1. Frequency of writing (SC1)

The frequency of writing (SC1) depends primarily on whether the data are static
or dynamic. Static data are rarely modified after their initial generation. This category
includes biometric, object-recognition, and transaction data, which are typically
captured once. Their virtual counterparts, such as digital identities and digital
assets, are also created once but can be updated when needed, for example, when a
user adjusts an avatar or purchases a new virtual item. Feedback data are produced
intermittently and triggered by specific interactions, so they occur often but not
continuously. All remaining categories are classified as dynamic data. These data are
continuously updated or newly generated, and include data categories such as object
tracking, positional, and usage data.

Table 4. Evaluation of data categories based on storage requirement criteria (SC). Author’s own illustration.

SC1 SC2 SC6  SC7
SC3 SC4 SC5 .
Data category Frequency Access e . Redun- Retention
.. Latency Data volume Sensitivity .
of writing frequency dancy period
Biometric data once continious  real time low confidential yes > 1 year
Physiological data continious  continious real time moderate confidential yes 1 hour - 1 year
Motion and posture data continious  continious  real time high restricted no <1 hour
Behavioral and interaction . . . .
data continious  occasionally delayed high restricted yes > 1 year
Object recognition data once occasionally delayed moderate restricted yes > 1 year
Object tracking data continious  continious real time high restricted no <1 hour
Machine condition data continious  continious real time moderate restricted yes 1 hour - 1 year
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Continuation Table:

Data category

SC1 SC2 SCé SC7

SC3 SC4 SCS

Frequency Access Redun- Retention
of writing frequency

Latency Data volume Sensitivity dancy period

Physical measurement data continious continious real time high non-sensitive no 1 hour - 1 year
Environmental dynamics  continious continious real time high non-sensitive no <1 hour
Positional data continious  continious real time high restricted no <1 hour
Metadata continious high restricted yes > 1 year
Device diagnostic data continious  continious real time moderate restricted yes 1 hour - 1 year
System and operational data continious  continious real time moderate restricted yes 1 hour - 1 year
Processed data continious  continious real time high restricted yes 1 hour - 1 year
Digital identities occasionally real time low confidential yes > 1 year
Digital assets occasionally continious real time moderate restricted yes > 1 year
Virtual environment data ~ continious continious real time high restricted yes > 1 year
Communication data continious  continious  real time high confidential yes 1 hour - 1 year
Coordination data continious  continious  real time high restricted no <1 hour
Usage data continious  occasionally delayed moderate restricted yes > 1 year
Transaction data once occasionally delayed moderate non-sensitive yes > 1 year
Feedback data occasionally continious real time moderate non-sensitive no <1 hour
Control data continious  continious real time high restricted yes <1 hour

4.4.2. Access frequency (SC2)

The access frequency (SC2) was not rated as low for any of the 23 data
categories. As with SC1, most dynamic data categories are accessed continuously.
This is due to the need for content to be permanently available in the Metaverse to
maintain the immersive experience. Digital identities persist in the background but
are accessed only during specific events, such as authorization checks. If they take
the form of a human digital twin, however, they remain constantly active as long
as the user moves within the Metaverse. Some data categories, such as metadata,
are accessed only intermittently. Although they are recorded automatically, they are
retrieved only when needed, for example, to locate or interpret raw data. The same
applies to behavioral and interaction data, user data, and transaction data, which are
accessed only in specific situations. Biometric data, by contrast, are continuously
accessed for authentication, while object recognition data are retrieved only
intermittently, for instance, during inventory processes in industrial settings.

4.4.3. Latency (SC3)

Latency (SC3) varies with the importance of the data to the user experience
and system operation. Some data categories, such as behavioral and interaction data,
metadata, and usage data, are not critical for immersion and can therefore be delivered
with a delay. For transaction data and object recognition data, accurate and verifiable
recording is the main priority. As long as transactions are processed reliably, a delay is
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acceptable here as well. In contrast, continuously used and reactive data streams must
be available in real time. They must be retrieved within fractions of a second, as even
minor delays can disrupt interactions. This applies to object-tracking, coordination,
and feedback data. Real-time availability is essential not only for maintaining an
uninterrupted user experience but also for technical stability. System and operational
data and device diagnostic data, therefore, require real-time access as well to ensure
the functionality of the Metaverse.

4.4.4. Data volume (SC4)

The data volume (SC4) is rated as very high for most data categories. This
applies to data captured continuously by sensors in the physical world, such as motion
and posture data, physical measurements, and environmental dynamics. Processed
data also contributes substantially to the overall data volume in the Metaverse, as
numerous intermediate products are generated during processing. In contrast, the
volume of technical data from system operations or device diagnostics is considered
lower. Metadata typically contains descriptive information and is usually generated
alongside other data categories, such as transaction data. The volume of transaction
data varies significantly with user activity and can range from a few entries to a very
large number. Static categories such as object recognition data, digital assets, and
digital identities produce only a limited number of data points because they are rarely
modified or updated. Biometric data and digital identities fall into the lowest-volume
categories, as they are typically captured once per user and accessed only occasionally.

4.4.5. Sensitivity (SC5)

The sensitivity (SC5) of data in the Metaverse is generally assessed as high.
Personal data is particularly sensitive, including biometric and physiological data,
digital identities, and communication data. They contain confidential information and
may cause severe harm in cases of identity theft. Data categories without a personal
reference, by contrast, are considered low risk. These include physical measurements,
transaction data, feedback data, and environmental dynamics. The latter may,
however, require increased protection if they contain information from private
spaces. The same applies to object recognition data when they allow conclusions
about private property or company-owned machinery. All remaining data categories
require restricted access, meaning that most data in the Metaverse must be considered
sensitive. This includes digital assets, positional data, and system and operational
data. They enable indirect inferences about user behavior, system states, or critical
processes and are therefore susceptible to misuse.

4.4.6. Redundancy (SC6)

A high redundancy requirement (SC6) can be seen as an indicator that certain
data are particularly relevant to either users or Metaverse providers. Losing this
data would have serious consequences. Personal or system-critical data should be
stored redundantly. Hard-to-reconstruct data, such as transaction or communication
data, can also be important from a user perspective. To ensure traceability, backups
of this data should also be created. Little or no redundancy is required for data that
can be easily captured again or for which individual values have limited relevance.
This includes motion and posture data, environmental dynamics, and feedback data.
An exception applies to physical measurements when a non-repeatable natural event
is documented.

4.4.7. Retention period (SC7)
The retention period (SC7) is often closely linked to the redundancy requirement.
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The more important the data are for future access and analysis, the longer they
generally need to be stored. Examples include biometric data, digital assets,
behavioral and interaction data, and usage data. In contrast, some data categories
consist of individual data points that are processed immediately after capture. These
data are not accessed again and therefore do not require long-term storage. In many
cases, each generated data point is overwritten by the next one. Such short-lived
data include positional, coordination, and certain usage data. Between these two
extremes are data categories with a medium retention period. Physiological data, for
example, helps users identify anomalies. When longer time series, such as heart-rate
patterns, are analyzed, they can inform personalized adjustments of workload levels
during virtual training sessions. Data in this medium category is neither overwritten
immediately nor archived permanently; their informational value decreases over time.
Additional examples include system and operational data, machine condition data,
and device diagnostic data.

For long-term trend analyses, extended storage can also be helpful for categories
originally classified as short- or medium-term. The classification is highly context-
dependent.

5. Application to DNA data storage

Deoxyribonucleic acid (DNA) is the primary source of information for the
structure and function of living organisms [29] and is therefore described as the
carrier or storage medium of genetic information [30,31]. At present, DNA is
considered the most compact and durable data storage medium available [31]. It
represents a cross-fusion technology at the interface of IT and biotechnology [32].
These characteristics make DNA a promising medium for the long-term storage of
digital information.

From a biological perspective, DNA is classified as a macromolecule, meaning
a very large molecule composed of many individual building blocks [33,34].
Each of these so-called nucleotides (nt) comprises one of four bases: adenine (A),
thymine (T), cytosine (C), or guanine (G) [29,34]. The sequence of these four bases
along a single DNA strand carries the genetic information of an organism and makes
DNA an exceptionally efficient storage medium [33] — not only in nature but also
for technical applications. A single nucleotide is approximately 0.3 nanometers in
size and represents the smallest unit of genetic information [31]. The helical outer
structure is shaped by a backbone of alternating deoxyribose and phosphate groups
[32]. This backbone does not itself carry genetic information. The actual information
lies in the space between the two strands, where the four bases pair through hydrogen
bonds [35]. The quaternary genetic code inspired the concept of DNA data storage,
which builds on the idea that any binary information can be encoded in a DNA
sequence composed of A, T, C, and G [7].

DNA exhibits several characteristics that make it an attractive medium for data
storage. Table 5 compares key properties of DNA data storage to other technologies.
The most significant potential of DNA data storage lies in its far higher storage
density [33,36] and capacity compared with traditional storage technologies [5]. The
entire human genome, with its approximately 3.2 billion base pairs—corresponding
to 6.4 billion nucleotides—fits inside the nucleus of a single human cell [8]. The
literature reports widely differing estimates of the theoretical storage density per
gram of DNA, ranging from about 215 GB (2.15x10"" bytes) per gram of DNA [5]
to 2x10°' bytes per gram [37]. These substantial differences arise primarily because
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some studies calculate theoretical maxima, while others incorporate experimental
conditions and practical limitations. Nevertheless, even conservative estimates
show that DNA enables storage densities far beyond those of the most advanced
conventional technologies.

An additional advantage is DNA's extreme stability, as demonstrated by up
to 300,000-year-old archaeological samples [8,38,39]. Compared to other data
storage technologies, DNA does not require copying data at the end of the life span.
Furthermore, it is considered environmentally friendly as it remains stable without
an energy supply and can be synthesized without significant use of natural resources
[8,30,32,39—41]. Finally, DNA is considered a highly secure storage medium [32].
Once stored, information remains readable as long as the corresponding sequences are
not physically or chemically destroyed. Built-in error-correction mechanisms, such as
intentionally inserted redundant segments, protect against data loss and ensure long-
term integrity [8,27]. As an offline medium, DNA is independent of digital networks
and thus protected from cyberattacks. Access to the stored data requires physical
possession of the DNA sample, which adds an additional security barrier.

On the other hand, DNA data storage comes with drawbacks compared to other
data storage media. The synthesis of synthetically encoded DNA remains a major
technological bottleneck. Current challenges primarily relate to three areas. The
cost of synthesis remains exceptionally high. Overall processing speed — especially
writing — is comparatively low [8,30,42]. Third, efficient rewriting mechanisms are
lacking, making it difficult to modify or overwrite data once it is stored [43].

Table 5. Comparison of data storage technologies. (Authors” own table with reference to [5,7,30,31,44-48].)

Optical Hard Disc Solid State DNA
Storage density 8 x 10" bit/cm’ 10" bit/cm’ 10" bit/cm’ 10" bit/cm’
Typical storage capacity per unit ~ 128 GB ~10TB ~1TB > 100 EB
Life span ~ 10 — 25 years ~5—10 years ~ 10 — 15 years > 1000 years
Write Speed (order of magnitude) MB/s GB/s GB/s MB/h
Cost <100 USD/TB <100 USD/TB <100 USD/TB ~800 USD/MB

The potentials and challenges of DNA data storage will now be compared with
the storage requirements of the identified data categories. This comparison allows the
potential application areas of DNA data storage in the Metaverse to be derived. The
following paragraphs examine each storage requirement criterion and identify the
most suitable category for DNA data storage.

At present, the writing and reading processes for DNA data storage are not
automated and remain highly time-consuming. Moreover, data stored in DNA cannot
be modified afterward. Changes must therefore be applied externally and then written
back into DNA, requiring a repeat of the costly synthesis step. For this reason, data
categories with low frequency of writing (SC1) and low access frequency (SC2)
are more suitable candidates. In addition, DNA-stored data cannot be retrieved in
real time with today’s technologies. Consequently, data categories evaluated with
the latency (SC3) options “offline” or “delayed” are most appropriate for further
consideration.

By contrast, the data volume considered under SC4 imposes virtually no
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limitations. The storage capacity of DNA far exceeds that of current technologies,
allowing even huge data volumes to be stored without difficulty. DNA is also regarded
as a highly secure storage medium. Data categories classified as “confidential” under
SC5 are therefore particularly well suited for DNA storage. The most important
criterion for assessing the applicability of DNA in the Metaverse is SC6. The
literature primarily praises DNA as a medium for “cold” data — data that change
infrequently and are accessed infrequently [30,31,48]. Archiving and backup storage,
therefore, represent the prime examples of DNA data storage applications.

Maintaining DNA is comparatively inexpensive and environmentally friendly.
Nevertheless, the costs of writing data to DNA must be weighed against the costs of
maintaining it in conventional storage. The longer the retention period (SC7) of a data
category, the more economical DNA storage becomes.

A classification by file format or degree of structure is irrelevant for answering
the research question. Because DNA storage is based on binary data, any data format —
such as text, audio, or image—and any level of structure can be stored.

Comparing the above-explained properties of DNA data storage to the
requirements of Metaverse data categories (see Table 4) reveals that only “object
recognition data” and “transaction data” might be potential applications for DNA
data storage. Moreover, neither of these categories would benefit from DNA’s very
high storage capacity, as their data volumes are not considered very large. As a
result, the advantages over conventional storage technologies would not be fully
realized, and economic viability would remain questionable. Unless the challenges
related to financial feasibility and faster data access are significantly reduced in the
coming years, DNA storage is unlikely to be used as the sole storage solution for any
Metaverse data category.

The assessment differs when DNA data storage is considered as a complementary
technology alongside conventional storage systems. In many data categories that
generate very large volumes, such as behavioural and interaction data, metadata,
virtual environment data, or communication data, the redundancy requirement (SC6)
is also very high. For precisely these large-scale archiving needs, many authors view
DNA as a promising solution. DNA could alleviate pressure on existing storage
technologies by storing backups and archives of large volumes of important or
sensitive information. This would free up additional capacity for short-lived data.

In summary, DNA data storage is unlikely to replace current storage methods
soon. Hybrid solutions are possible, where cloud services manage data needing quick
access, and DNA 1is used for long-term archiving and backups. It's also worth noting
that progress in this field is rapid. As the common limitations and current constraints
diminish, the potential uses for DNA storage within the Metaverse could grow
significantly.

6. Discussion

In the context of this study, the metaverse is understood as a further development
of the internet, in which the boundaries between physical and virtual worlds are
becoming increasingly blurred. It is available anytime, anywhere, and features
immersive experiences, social interactions, personalized content, and social rules.
Digital identities and a digital economy are also defining elements, supported by low
computing and transmission latency and persistent structures. While research has
already focused on related technologies, the data perspective, with its origins and
requirements, was not well understood.
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This study conducted a systematic literature review to identify key Metaverse
technologies, including IoT, XR, digital twin, Al, blockchain, 5G, and cloud and
edge computing. Depending on their relationship to the physical or virtual sphere,
these technologies can be functionally divided into three levels: content, device, and
infrastructure. This resulted in a framework for the metaverse's components.

Applying the seven phases of the data life cycle to this regulatory framework
revealed two central points of data creation: on the one hand, data is created
physically by people, objects, and the environment; on the other hand, it is made
virtually through digital representations and interactions. In this work, 23 data
categories were identified, and their storage requirements were analyzed based on the
following seven selected criteria: (SC1) frequency of writing, (SC2) access frequency,
(SC3) latency, (SC4) data volume, (SC5) sensitivity, (SC6) redundancy, and (SC7)
retention period.

Thus, the study contributes to research by offering the first systematic
classification of Metaverse data. This classification clarifies which data categories
emerge, how they relate to underlying technologies, and which requirements they
impose on storage systems. As Metaverse data volumes are expected to grow
substantially, existing storage technologies will reach technical and economic limits.
An application use case of the study results might therefore be the assessment
of alternative storage approaches. The analysis supports this by establishing a
basis for evaluating the suitability of emerging technologies such as DNA data
storage. The classification also provides practical value, offering organisations and
developers a structured overview of relevant data categories and their associated
storage requirements. Developers of Metaverse platforms or designers of immersive
experiences gain an overview of involved technologies and corresponding data
from the Metaverse technology and data framework (see Figure 3). This helps make
deliberate design decisions to fulfill data security and retention requirements, for
example.

At the same time, the analysis has limitations. The systematic literature review
aimed at creating a sound scientific basis for the analysis. Nevertheless, selecting
relevant literature remains subjective. The inclusion and exclusion criteria allow
interpretive flexibility, as does the decision about which information from the
sources to include. The thematic categorisation of this information is also affected by
individual judgment and is therefore not fully traceable.

The chosen search term combination “Metaverse” AND “data” focused
on data-related literature, allowing the results to be systematically narrowed.
However, this restriction limited the thematic breadth and depth of the analysis.
The reviewed literature did not provide systematic listings of data categories, data
sources, or Metaverse components, necessitating the development of an independent
methodological approach. The data categories were therefore derived from the
functional composition of those key technologies most frequently mentioned in the
reviewed sources. This selection is not exhaustive and reflects the technological
emphasis of the included publications. Although the study focused on data,
additional data categories could be identified by incorporating further technologies or
components of the Metaverse. Future studies may use alternative search combinations
such as “(key) technology” AND “Metaverse” or “components” AND “Metaverse” to
broaden the scope.

Another constraint is the inconsistent terminology used in the Metaverse domain,
which makes it difficult to distinguish data categories and system components.
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