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Abstract

The biological transformation of industry introduces new demands for data management in production systems. Biointelligent 
value creation (BVC) systems integrate biological, technical, and digital components within decentralized, modular, and adaptive 
production networks. In these systems, data platforms are essential for enabling integration, coordination, and data-driven control 
across heterogeneous actors and domains. However, a systematic understanding of which data platforms exist, how they support 
biointelligent value creation, to what extent they fulfil their requirements, and what is currently lacking. This paper addresses this 
gap by conducting a systematic literature review of 40 peer-reviewed publications, identifying and categorizing key technological 
approaches, infrastructure concepts, and application domains. A functional framework is developed to assess platform capabilities 
across core, additional, and future-oriented requirements—from data integration and automation to semantic processing, predictive 
modeling, and real-time analytics. The findings show that while current platforms address selected requirements, no existing system 
fulfils the comprehensive demands of BVC. Major challenges include limited interoperability across biological and technical 
domains, insufficient support for non-expert users, and the lack of standardized, scalable architectures. The paper concludes with 
design implications and proposes the vision of a Biointelligence Metaverse – a modular, semantically enriched ecosystem 
combining data lake architectures, AI-based analytics, and IoT infrastructures to enable sustainable and collaborative value 
creation.
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1. Introduction

The biological transformation of industry marks a fundamental shift in production and value creation by embedding 
biological principles into industrial systems for more sustainable and efficient value creation [1]. Within this context, 
biointelligence has emerged as a key approach. It is the result of the convergence of biology, hardware and 
software [2]. Biointelligent Systems (BIS) integrate biological components (e.g., cells, enzymes) with technical 
infrastructure (e.g., reactors, sensors) and digital controls to form adaptive, self-optimizing systems. Applications 
include cell-based manufacturing, 3D-printed food, and decentralized therapeutic production [3, 4].  

When scaled, BIS form Biointelligent Value Creation (BVC) Systems – modular, decentralized production or 
service networks that utilize living biological resources while involving both industrial and non-industrial actors. BVC 
aims to reduce waste, minimize transport, and support circular processes [5, 6]. A defining feature is the inclusion of 
diverse stakeholders – companies, small enterprises, communities, and individuals – broadening access to production 
capabilities.

One of the most fundamental issues is the unpredictability and variability of biological inputs such as cells, bacteria, 
and biomass. Cells or microorganisms react non-deterministically, and real-time monitoring is often limited due to 
inadequate sensor technologies. These uncertainties complicate process control and modeling. Moreover, BVC is 
socio-technically heterogeneous: participants differ in expertise, infrastructure, and digital maturity. While some 
require high-end data management systems, others rely on intuitive interfaces. This results in dynamic, trust-dependent 
environments with increased coordination demands. Figure 1 illustrates how BVC span micro to macro levels of 
production, embedding biointelligent capabilities across layers.

Fig. 1. Levels of biointelligent value creation and categorization of biohybrid system (BHS), BIS and BVC.

A representative example is the vision of decentralized CAR T cell therapy mini-factories [7], where patient-derived 
cells are processed on-site. Here, biological materials, digital tools, and technical infrastructure converge across 
clinical staff, technicians, and suppliers [8]. Such adaptive, localized systems require robust information logistics (IL)
ensuring that the right information reaches the right stakeholders at the right time, in the right format and quality [9, 
10].

Information logistics systems (ILS) operate alongside physical supply chains, handling data collection, storage, 
processing, and dissemination – often in the opposite direction of material flows. In BVC, the decentralized and 
interdisciplinary structure increases IL complexity. Seamless data exchange is essential for coordinating biological, 
technical, and human processes, ensuring traceability and shared interpretation [11]. Despite increasing interest in 
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biointelligent production, there is little research on the specific data platforms used and to support IL in BVC. This 
paper contributes to the emerging discourse on biointelligent value creation by systematically reviewing and evaluating 
data platforms that aim to support BVC or comparable production systems. It provides three key contributions: (1) a 
synthesis of 40 peer-reviewed publications to map technological and conceptual developments; (2) a functional 
framework that classifies platform requirements into core, additional, and future-oriented capabilities specific to BVC; 
and (3) an assessment of how well current platforms meet these requirements, identifying critical gaps-particularly in 
interoperability, semantic processing, and inclusivity. To address those gaps, the paper introduces the concept of a 
Biointelligence Metaverse – a novel, AI-supported data and automation infrastructure designed to accelerate the 
implementation of BVC by enabling inclusive, modular, and real-time coordination across domains.

The remainder of the paper is structured as follows: Section 2 presents the methodology of the systematic literature 
review. Section 3 summarizes the results, including a functional analysis of existing data platforms. Section 4 discusses 
the findings and proposes the Biointelligence Metaverse as a future-oriented platform concept. Section 5 concludes 
the paper and outlines directions for future research.

2. Methodology

This study conducts a systematic literature review to provide a structured overview of current research on data 
platforms in biointelligent value creation. The 40 selected studies were systematically examined regarding methods, 
results, and discussions. Extracted information was consolidated to answer the research question and synthesize the 
current state of knowledge. The review follows the PRISMA protocol to ensure transparency, standardization, and 
reproducibility [12]. The central research question guiding the study was: Which data platforms are currently 
discussed in the context of biointelligent value creation, and to what extent do they fulfill the requirements of 
biointelligent value creation systems? In the context of this paper, data platforms are integrated digital infrastructures 
that enable the ingestion, storage, management, analysis and exploitation of heterogeneous data from biological, 
technical, and organizational domains.

Table 1. Publication databases and search string.

Publication data bases Search String

Scopus, Web of Knowledge TITLE-ABS-KEY ("data storage architecture" OR "data management" OR "data platform" 
OR "data lake" OR "data warehouse" OR "data repository " OR "information archive" OR 
"data organization") AND TITLE-ABS-KEY ("bio") AND TITLEABS-KEY ("production" 
OR "manufacturing" OR "production AND process" OR "industrial AND production" OR 
"value AND creation" OR "production AND systems" OR "manufacturing AND systems" 
OR "industrial AND systems" OR "production AND networks" OR "value AND creation 
AND systems" OR "manufacturing" OR "non-expert"  OR "on-demand" OR "modular 
production")

Figure 2 illustrates the selection and review process. A keyword-based search was conducted in Scopus and Web 
of Science, targeting publications that explicitly address data platforms in the context of biointelligent production or 
value creation (see Table 1). 

Fig. 2. Flowchart of the systematic literature review using the PRISMA protocol for studies on data platforms in BVC.
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The initial search yielded 719 results; after removing duplicates, 562 records remained. Title and abstract screening 
reduced this number to 341 potentially relevant studies, since the other removed studies had no reference to BVCs. A 
detailed eligibility assessment based on full texts and abstracts led to 40 publications meeting the inclusion criteria, 
i.e., discussing concrete aspects of biointelligent value creation (see Section 1). Of these, 40 were included in the final 
analysis; 52 were excluded due to insufficient relevance, primarily lacking a biological data link and one for inadequate 
methodological clarity.

3. Review Results: Data Platforms for Biointelligent Value Creation

In this review, 40 publications on data platforms in BVC were analyzed, all dealing with integrating biological and 
technical components. Figure 3 shows the platforms analyzed by infrastructure type (left) and application context 
(right). Efficient value creation" refers to platforms focusing on improving resource efficiency and circular economy 
through optimized data management. Half of the studies focus on circular models; 65% examine decentralized or 
modular systems that coordinate distributed actors. On-demand production is only marginally addressed (5%), and no 
study explicitly addresses non-expert users, defined here as those without advanced BIS or data management skills. A 
major gap remains in platforms integrating biological, technical, and organizational data into intuitive, user-friendly 
interfaces. This is key to enabling adaptive, comprehensive production models.

The results are divided into two parts: (1) functional requirements and platform capabilities and (2) use case-specific 
applications in different BVC configurations.

Fig.3 Distribution of reviewed publications by BVC application focus. The chart shows how many studies address efficiency, circularity, 
modularity, on-demand use, and non-expert accessibility.

3.1. Functional Roles of Data Platforms in BVC

BVC systems tightly integrate biological, technical, and organizational domains, demanding data platforms that 
surpass conventional industrial systems in functionality, flexibility, and adaptability. Central to this is managing 
heterogeneous data across various fields such as biomedical research [13–17], plant pathology [18], biofuel production 
[15, 19], and microalgae cultivation [20, 21]. Three core requirements are consistently emphasized in the literature: 
Interoperability and standardization, semantic modeling and adaptive analytics.

Interoperability remains a primary challenge due to the heterogeneity of biological and technical data. Numerous 
studies propose domain-specific platforms [13, 18–20, 22, 23], often using cloud infrastructures for scalability [13, 
14, 17, 24]. Standardized data formats and metadata schemes are essential [14–16, 18, 25, 26], with ontologies like 
LOINC supporting consistent representation [16]. Provenance tracking and data quality assurance enhance 
transparency [14, 16, 25].

To address data heterogeneity, architectural solutions such as lakehouses [14], data lakelands [24, 27] and data 
lakes [28] are employed. These support raw data storage and flexible querying. The FAIR principles-findability, 
accessibility, interoperability, and reusability-are frequently cited as foundational guidelines [18, 28, 29]. These 
principles serve as a foundational framework for developing robust data infrastructures.
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Integrated platforms are applied across various domains, from omics data analysis [30] and short read mapping [31]
to bioprocess optimization [20]. Managing unstructured data (e.g., lab notes, clinical documentation) remains a 
challenge [18, 24, 28, 32]. Platforms like Kibio and KibioR facilitate large-scale biological data integration [29] , and 
targeted applications such as bioenergy field data collection are discussed in [27].

Some studies demonstrate real-world integration of biological and technical data. For instance, [33] combines 
biobank and wearable sensor data with electronic health records using HL7 FHIR and NLP. Lean Digital Twin 
architectures are applied to biorefineries [34] and regenerative bone therapy [35], incorporating additive manufacturing 
and in silico modeling.

Sector-specific platforms include biosensor-based systems in precision agriculture [36], phenotyping tools for crop 
breeding [37], livestock monitoring [38], and mobile diagnostics for uric acid detection [39]. Further applications span 
biogas tracking [40], biomass logistics [41], and pharmaceutical manufacturing [45]. Despite domain diversity, 
common challenges persist: lack of interoperability [22, 42], insufficient standardization [22, 33–35], and limited 
scalability. Proposed solutions include integrated platforms [35, 36], semantic models [22, 43], and machine learning 
for adaptive control [36]. Cloud computing remains a key enabler [37, 39, 40, 44], while the FAIR principles continue 
to serve as a normative reference [44].

3.2. Platforms for Data Utilization in Different BVC Aspects

BVCs extend BIS by enabling interaction between multiple systems in modular, decentralized networks (see 
Figure 1). They follow principles like circularity, modularity, decentralization, demand-responsiveness, and 
inclusivity for non-expert users. Data platforms are essential to realize these principles by coordinating diverse 
stakeholders, managing bio-technical processes, and optimizing resource use through adaptive control.

3.2.1. Data Platforms for Circular Value Creation Systems

In BVC systems designed around circular economy principles, data platforms are critical in optimizing resource 
loops and enhancing traceability. However, the reviewed literature reveals a significant gap in platforms explicitly 
tailored to circular value creation. While some systems address relevant industrial processes, they often do not 
contextualize their functionality within a broader circular framework [15, 21]. For instance, SABANA [21] is an IoT-
based platform for algae cultivation, and Super-O [15] supports biofuel optimization, yet neither system explicitly 
connects with circularity principles.

In the bioenergy sector, spatial data for biomass sourcing [27] and GIS-based logistics modeling [41] are explored, 
whereas Buyel et al. [16] highlight integration challenges in biopharma. Technologies such as blockchain are used to 
enhance transparency and accountability, as seen in biofuel tracking systems [45] and cold chain monitoring [46]. In 
agriculture, cloud-based databases improve resilience [47], and participatory monitoring approaches support 
decentralized governance [48]. Nevertheless, only a few contributions, such as [43], address circularity at the platform 
level, signifying a clear research gap.

3.2.2. Platforms in Decentralized and Modular Production Networks

The literature reflects growing attention to decentralized and modular production as central tenets of BVC. These 
systems require data platforms capable of supporting distributed operations, real-time coordination, and modular 
dataflows. Examples include bioinformatics frameworks with modular designs [49], IoT-based systems for algae 
production [21], and SERS sensor data platforms for automated quality control [23]. Kadi4Mat [50] serves as a rare 
example of a platform explicitly designed for decentralized bioprinting.

The challenges in managing data across transnational networks are illustrated in case studies such as IMPC and 
IKMC [26]. Key concerns include standardization, funding sustainability, and governance. Some systems, like 
ProBioRefine [15], manage diverse feedstocks and processing routes, hinting at latent modularity. Tools like BETY-
db [24] and Kibio [29] exhibit potential for decentralized applications but lack explicit integration frameworks.
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In general, the literature emphasizes the need for interoperable and sustainable data infrastructures [22]. Cloud-
based and containerized workflows [44], Lean Digital Twin models [34], and RDF databases such as SBOL Stack [25]
are examples of supporting technologies.

3.2.3. Platforms for Data Utilization in Dynamic, Demand-Oriented Value Creation

Dynamic and demand-oriented BVC systems require high-performance platforms capable of real-time data 
processing and adaptive decision-making. Several contributions propose scalable architectures such as lakehouses 
[18], distributed systems [21, 32], and HPC-enabled platforms [23, 31]. Applications range from cohort discovery in 
biomedical research [51] to bioprocess optimization [15] and bioprinting [50]. Data quality and metadata management 
emerge as critical success factors. Robust curation, ontological metadata, and privacy-preserving data sharing methods 
are emphasized [24, 26, 49]. Platforms like Kadi4Mat support sensitive data handling through techniques such as 
double-blind testing [50]. Sustainability concerns are also addressed, with emphasis on funding models and public 
infrastructure [26]. Cloud computing is widely employed to support scalability, as seen in platforms operating on 
Azure [30], GCP [44], and AWS [40]. Domain-specific applications include DSS tools in agriculture [36], digital 
twins in biorefineries [34], and microbial databases [42]. Challenges such as data governance, standard inconsistencies, 
and platform interoperability are recurrent themes [22, 33].

3.2.4. Platforms for Data Utilization in Non-Expert Production Models

Although user-friendly platforms are essential to make biointelligent production accessible to non-experts, the 
literature reveals a clear research gap: no study explicitly addresses platform design for non-specialist users in BVC 
contexts. Insights from related domains suggest that inclusive, low-threshold platforms could significantly broaden 
participation and enhance the accessibility of BVC systems.

4. Discussion

4.1. Alignment of Platform Capabilities with BVC Characteristics

The literature reveals a fragmented platform landscape with varying degrees of coverage, architectural coherence, 
and alignment to BVC-specific needs. These findings are synthesized across three dimensions (Figure 4): (1) types of 
decentralized BVC systems, (2) application domains for data platforms, and (3) functional platform requirements. 
These requirements are categorized into core, additional, and future-oriented functions. 

Fig. 4. Categorization of functional requirements for data platforms in BVC, grouped into core functions, additional capabilities, and future-
oriented functionalities. 
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Core functions represent the baseline: integrating data, storing it, analyzing it and automating it. Additional 
functions (e.g. scalability, traceability) are critical in distributed BVC networks. Future-oriented functions (e.g. real-
time processing, semantic modelling) enhance system adaptability and intelligence once operational stability is 
achieved. Importantly, these functional categories are not exclusive to BVC but reflect general requirements for robust 
platform design. Their relevance intensifies in BVC due to increased heterogeneity and complexity. Table 2 
synthesizes the capabilities of reviewed platform types by mapping them to three categories of requirements and 
assigning coverage levels based on treatment in the literature. The ratings reflect an evaluative assessment focusing 
on functionality or conceptual relevance. Technologies such as data lakes or semantic models may support multiple 
purposes; however, Table 2 only lists technologies where there is clear evidence of specific application to ensure 
methodological transparency. While core functions such as data integration and automation are well supported, 
additional and future functions remain underdeveloped. User-friendliness, flexibility, inclusivity and modularity are 
rarely implemented, and semantic models and predictive capabilities are absent, limiting customization.

Table 2. Evaluation of existing data platforms based on the functional requirements of BVC to determine the extent to 
which a requirement is met by existing data platforms. Functional requirements were rated from 0 (not addressed) to 5 (fully 
addressed) based on the information provided in the publications, considering reported features and application examples.

Requirement / 
Function

Rating 
(0–5)

Applied Technologies – Data Platforms Sources

C
or

e 
fu

nc
tio

ns

Data Integration 
(biological, 
technical data)

4 FIWARE, LIMS LabWare, SABANA Cloud, Web of Microbes 
(WoM), KibioR

[21, 29, 42, 49]

Data storage
4 Azure Data Lake, SciDB, U-SQL,  Kadi4Mat, Google Cloud, 

Kibio, AagingBase, @Web, Bio2RDF, Data Lakelands, WoM,  
de.NBI, GIS-based databases, MongoDB

[17, 18, 24, 28–30, 33, 35, 
37, 41, 42, 47–51]

Data analysis 3 PostgreSQL, SciDB, R Shiny, CogStack platform [13, 19, 23, 24, 33, 44, 47, 
49]

Automation 4 FIWARE Orion Context Broker, Apache Spark [13, 20, 22]

A
dd

iti
on

al
 F

un
ct

io
ns Flexibility 2 Genome and proteome databases, blockchain systems, SQL 

databases, Powersim, OLAP, data warehouses, biosensor databases
[16, 22, 36]

Traceability 2 Hyperledger Fabric, IoT gateways, blockchain systems [45, 46]

Scalability 2 Data lakehouse, data lakes, ELIXIR, DataCafe [24, 26, 32, 42]

Actor Networking 3 Data lakehouse, Data Lakelands, ELIXIR, DataCafe [24, 26, 31, 32, 42]

User-Friendliness 
(Low-Code) 0 - -

Fu
tu

re
-O

rie
nt

ed
 

Fu
nc

tio
ns

Ontologies and 
Semantic Data 
Processing

2 BioPAX, EBI RDF, ELIXIR, Natural Language Processing 
Platform, @Web, ProBioRefine

[24, 28, 33, 42, 43]

Real-Time Data 
Processing 2 MinIO, Apache Kafka, Node-Red [46]

Predictive 
Modelling 2 Amazon Web Services (AWS), DynamoDB [25]

This shows the difference between technology focus and what's needed at the system level. Platforms mostly focus 
on efficiency and infrastructure but ignore user-orientation, integration of meaning and being adaptive, which is vital 
for scalable and strong BVC systems. Functions for coordinating people in a decentralized way, such as 
interoperability, tracking and modular control, are not dealt with equally.

4.2. Implications for Platform Design in Biointelligent Systems

For core requirements such as data integration and storage, many platforms-especially data lakes [18, 28], lakehouse 
architectures [18], and RDF-based systems [25, 26]-receive high coverage ratings (4). These technologies have been 
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implemented in industrial and biomedical applications, enabling scalable ingestion and cross-format data 
consolidation. Automation is also widely supported through machine learning and workflow orchestration 
components, as discussed in platforms such as Kibio and Kadi4Mat [29, 50]. Additional requirements such as user-
friendliness and modularity are less mature. Few contributions explicitly address non-expert usability, such as low-
code environments, and most platforms lack modular plug-in architectures. The functional gap is due to a lack of 
design focus on inclusive and flexible platform use, not technical infeasibility [50].

Future-oriented requirements, including semantic reasoning, real-time coordination and predictive analytics, are 
the least covered. While some studies refer to ontologies or digital twins [34], the integration of semantic models into 
operational workflows remains conceptual. Predictive modeling is mentioned in the context of bioprocess optimization 
[20, 31], but is rarely embedded in the platform architecture in a generalizable way.

4.3. Biointelligence Metaverse

Current data platforms do not meet the diverse and complex requirements of BVC. A novel digital infrastructure 
that supports existing industrial processes is needed to address these shortcomings. The biointelligence metaverse 
(BM) is a forward-looking framework for developing such systems. BM is an AI-supported, semantically structured 
data and automation environment that makes biological systems digitally accessible, modifiable and controllable down 
to the cellular level. It builds on functional requirements, including modularity, interoperability, traceability and 
support for dynamic biological variability. The metaverse combines real-time data integration, transfer learning, virtual 
design environments and digital process modelling.

A core objective is to democratize access to biological system design. This includes enabling non-expert users to 
explore, configure, and adapt biological components for specific needs-without requiring deep domain knowledge. 
Through intuitive interfaces, embedded simulation, and guided decision-support tools, the BM could make complex 
bio-design tasks operable by actors from healthcare, agriculture, municipalities, and SMEs. Use cases range from AI-
supported process optimization and adaptive automation in cultivation systems to simulation-guided scaling of 
biotechnological production. The concept supports modular digital twins and domain-specific extensions, ensuring 
technical depth and sectoral relevance. Unlike existing solutions, the BM is not a closed system, but an open, 
interoperable infrastructure designed to evolve. Ultimately, the goal is to create a robust foundation for the next 
generation of biointelligent platforms-capable of enabling inclusive, adaptive, and sustainable value creation. As such, 
the BM outlines a research and innovation trajectory rooted in the challenges identified throughout this study.

In this context, the FabOS reference architecture is a model for building modular, open, AI-integrated platform 
ecosystems. Its principles offer key design impulses for the envisioned BM and underline the importance of cross-
domain platform standards in industrial applications [52]. 

5. Conclusion

The present study shows that although existing data platforms address selected functional aspects of BVC, none of 
the solutions examined fully meet the identified requirements. Basic functionalities such as data integration, storage 
and automation are partially implemented, but there are significant deficits in of interoperability, semantic data 
structuring, real-time processing and usability for non-specialized user groups. The requirements identified can be 
divided into core, additional and future functionalities. While basic capabilities can be found in several systems, more 
advanced functions, such as traceability, actor coordination and adaptive control, are still underdeveloped. In 
particular, the integration of semantic models, predictive analytics and dynamic system control is only partially 
realized. One limitation of this survey is that it focuses exclusively on peer-reviewed academic publications, which
may result in industrial developments and proprietary solutions not being considered. In addition, the functional 
analysis is based on reported system characteristics. It does not include empirical testing or practical validation, which 
limits the assessment of performance and user experience in operational environments.

Further research should develop scalable architectures that enable semantically integrated, cross-domain 
dataflows—combining data lakes, AI, digital twins, and IoT for adaptive information logistics. In addition, the 
environmental and social impact of decentralized BVC architectures, especially regarding their potential contribution 
to sustainable production, must be empirically investigated. Finally, future work should explore BM as a unifying 
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framework that integrates platform technologies, intelligent analytics and user-centered interaction to enable 
integrative and collaborative biointelligent value creation.
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