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Abstract: In plant sciences, single-cell and spatial transcriptomics generate large complex datasets which
require structured metadata in order to make them interoperable and reproducible. In this work, we demon-
strate how the Annotated Research Context (ARC) can be used for the management of such data using a barley
single-cell RNA sequencing dataset integrated with spatial transcriptomics data. Experimental metadata was
captured in ISA tables using ontology annotations to ensure machine readability and interpretability. The com-
putational analyses were wrapped as Common Workflow Language (CWL) scripts to ensure reproducibility of
the results and reusability of both the data and the analysis pipeline. The ARC links input materials unambigu-
ously to the analysis results, allowing the research community to trace the entire investigation procedure. Our
use case shows the benefits of using an ARC for structuring and annotating heterogeneous data, enabling com-
parative analyses across different datasets. While wrapping analysis scripts with CWL required some technical
knowledge, the resulting standardized and reusable workflows outweigh this entry barrier. Parameter vari-
ations can be easily tested and results linked correctly without manual editing of the workflows themselves.
Overall, this work highlights how using the ARC framework for single-cell datasets improves the FAIRness of the
data and increases the reusability.
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FAIR Findable, Accessible, Interoperable, Reusable
GEO Gene Expression Omnibus

HCA Human Cell Atlas
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minSCe Minimum Information About a Single Cell Experiment
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NFDI National Research Data Infrastructure
RDM Research Data Management
scRNAseq single-cell RNA sequencing

SRA Sequence Read Archive

1 Introduction

In the light of scientific and technological advancements, research data management (RDM) is becoming more
and more important as the size and complexity of generated datasets continues to increase. Managing this data
necessitates clear guidelines and standardization protocols across research facilities in order to make research
data FAIR (Findable, Accessible, Interoperable, Reusable) [1]. By applying good RDM practices, data produced in
aresearch group will remain interpretable and reusable long after the original researchers have left, underlin-
ing the long-term importance of data stewardship. The RDM life cycle typically encompasses the phases: plan,
collect, process, analyze, preserve, share and reuse [2, 3]. In the planning stage, researchers are aided by data
management plan tools to determine how the data of their project will be structured, documented, and main-
tained [4, 5]. During the data collection, processing and analysis, metadata is recorded in a structured format
while adhering to community-accepted standards to ensure all experimental details are recorded, as well as
all data post-processing workflows and analyses [6, 7]. Making use of ontologies in the metadata annotation
ensures interoperability across different datasets and communities [8]. By publishing the generated data in
trusted repositories, data preservation and provenance, as well as visibility and reusability are ensured [9].

While these RDM stages apply across different scientific domains, adoption by different communities often
relies on additional characteristics of the individual research fields. In life sciences, the heterogeneity of high-
throughput technologies and the complexity of biological systems generate a variety of different types of data
which require specific metadata standards and infrastructures.

However, providing standardized metadata guidelines which are comprehensive enough to capture the
relevant aspects of an experiment while simultaneously not overwhelming the scientist with their complex-
ity is challenging. Such data can encompass phenotypic descriptions of organisms, sequencing information
from DNA or RNA, protein abundances, metabolomic spectra and identification files, or data model represen-
tations, among many others. Different types of experiments require specifically tailored metadata, as well as
sufficient metadata to link datasets across technologies for data integration. While there are multiple guidelines
for reporting different types of data, such as the Minimum Information about any (X) Sequence (MIxS) [10] for
sequencing information, or Minimum Information About a Plant Phenotyping Experiment (MIAPPE) [11] for
plant phenotypic information, metadata guidelines for reporting single cell data are particularly sparse.

However (within the plant sciences), single-cell transcriptomics has become more and more popular since
it enables the investigation of gene activity at cellular resolution [12, 13], allowing for in-depth analysis of the
heterogeneity of different plant tissues, tracing developmental trajectories [14, 15], and understanding responses
to environmental conditions [16, 17]. However, while these technologies were rapidly adopted by the plant
community, the development of widely accepted metadata standards is still lacking, leading to challenges regard-
ing integrating datasets across different studies. Though recent efforts have proposed best practices for plant
single-cell transcriptomics in plants [18, 19], these have yet to be widely adopted by the community.

To address challenges such as inconsistent sample annotations, missing growth parameters or experimental
conditions, and lack of data post-processing information, and to support sustainable RDM in plant sciences, the
German National Research Data Infrastructure (NFDI) consortium [20] DataPLANT [21] was established. The
NFDI association was founded to systematically manage scientific and research data across different domains.
Within the life sciences domain, DataPLANT aims to provide tools, standards and infrastructure for sustainable
research in the field of plant sciences to enable FAIR RDM practices across the plant science community. By
focusing on the needs of the plant science community through active interactions between researchers and
developers, DataPLANT bridges the gaps in metadata standardization, semantic annotation, and data processing
reproducibility, facilitating data integration and reuse even of complex datasets.
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In this work, we demonstrate how DataPLANT’s tools and infrastructure were applied to a dataset inte-
grating single-cell RNA sequencing (scRNAseq) data with spatial transcriptomics data from barley, resulting in
a barley transcriptome atlas.

2 Related works

Having outlined the general RDM challenges of single-cell transcriptomics in plants, we aim to summarize
existing repositories, standards and guidelines in this section.

2.1 Data repositories

Multiple repositories provide access to sScRNAseq data. These include most notably the Human Cell Atlas (HCA)
[22], as well as the Sequence Read Archive (SRA) [23], the Gene Expression Omnibus (GEO) [24] and the European
Nucleotide Archive (ENA) [25]. For all repositories, data can both be submitted and downloaded. However, data
reusability varies between databases, based on their different metadata schema.

The HCA outlines a detailed metadata schema [26] and platforms for the metadata, with their tier 1 meta-
data detailing technical information required for data integration and the understanding of batch effects, tier 2
metadata detailing biological information about the samples, and cell annotation metadata detailing metadata
on a per-cell level. As such, researchers can easily download and work with the count matrix of the datasets, as
well as investigate the raw sequencing data.

In comparison, the SRA and the ENA only provide metadata regarding the samples, the sequencing library,
and the sequencing procedure itself, as well as the raw sequencing data, but no derived data. In order to reuse
these data, the appropriate pipeline for the outlined technology needs to be applied first in order to regenerate
a gene expression matrix, which can be a daunting task without detailed knowledge of the experimental setup.
This shortcoming can be overcome by uploading and reusing data from GEO. Here, both raw sequencing data, as
well as derived data files such as the count matrices can be uploaded. Metadata encompasses a brief description
of the experimental design, as well as description of the applied protocols such as treatments, plant growth,
or extraction protocol, as well as information regarding the sequencing library and data processing can also be
added. However, the degree of detail can vary greatly from dataset to dataset. In comparison, there are additional
initiatives such as the Single Cell Expression Atlas, which contains curated scRNAseq data from any organism
with metadata based on the recommendations in the previously reported Minimum Information about a Single
Cell Experiment (minSCe) [18]. The count matrices for easy data reuse can be downloaded, as well as the raw
sequencing data from cross-linked databases such as SRA or GEO. However, while highly curated, this database
does not allow new data submissions.

2.2 Single-cell metadata guidelines

During the last few years, two notable guidelines for reporting scRNAseq data have been outlined [18, 19]. The
Minimum Information about a Single Cell Experiment (minSCe) by Fiillgrabe et al. mainly outlines metadata
about the experimental design of a sSCRNAseq experiment, as well as the metadata required to reuse the raw
sequencing data files, while Grones et al. focus on additional descriptions of the data processing, clustering val-
idation, and data availability. During the BioHackathon Europe 2023, the work group “Ontologies for single-cell
experiments” focused on reviewing minSCe schema while identifying metadata gaps for the description of plant-
related experiments. These gaps mainly included the description of the protoplasting procedure, the removal
of the plant cell walls, which is an essential step in the experimental procedure for plant cells [27], which is
discussed in Grones et al. but missing from the list of recommended metadata terms.

In plant sciences, the recently formed The Plant Cell Atlas [28] community is combining efforts to provide a
community resource describing the various plant cell types at high resolution. Still, the current data repository
limitations requires researchers to publish their scRNAseq data to alternative repositories such as ENA for the
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raw sequencing data, or GEO, where sequencing files, as well as integral processed data such as count matrices
and single cell data objects can be published as well, enabling easy reusability of the datasets.

Overall, it can be seen that there are still gaps in the infrastructure and metadata guidance in the plant
single-cell community. Frameworks such as DataPLANT’s Annotated Research Context (ARC) [21, 29] provide a
practical component to make project organisation FAIR. In the following sections, the RDM infrastructure that
was utilized in our use case for managing transcriptomics datasets of barley is outlined.

2.3 RDM infrastructure

The ARC is a lightweight ISA-based (Investigation-Study-Assay) [30] FAIR Digital Object, complying with the
Research Data Alliance’s FAIR Data Maturity Indicators [31], and is compatible with Research Object Crate (RO-
Crate) [32]. The ARC concept was designed by DataPLANT as a digital object for organizing research data and
metadata in a structured way, while fulfilling the FAIR principles outlined by Wilkinson et al. [1]. ARCs can be
reused by other communities and platforms that rely on RO-Crate via conversion using DataPLANT’s tools [33].
The ARC root corresponds to the RO-Crate root, representing an ISA investigation. Other assays and studies are
linked to that investigation with RO-Crate methods and follow their respective ISA RO-Crate profiles [34]. ARC
runs and workflows can be converted based on the ARC CWL RO-Crate profile. As such, an entire ARC can be
represented as an RO-Crate, making it compatible with other applications and workflows that are based on
RO-Crate. In contrast, RO-Crate outlines multiple other profiles apart from ISA RO-Crate profiles and ARC CWL
RO-Crate profiles as well, enabling easy (meta)data exchange between different communities and platforms.

ARC’s combine existing concepts from the ISA model and common workflow language (CWL) [35] to capture
the majority of the research data life cycle, from experimental design and raw data generation to computational
workflows and processed file outputs in a comprehensive, version-controlled research object. It was initially
designed within the plant sciences community, but can be easily applied in other research fields. The aim of
ARC is to allow researchers to collaboratively organize their analyses and make research data interpretable,
reproducible and easily reusable.

To manage an ARC, the cross-platform application ARCitect [36] was developed, which enables users to
set up and edit ARCs and synchronize them across platforms via the central PLANTdataHUB [21]. To annotate
the experimental procedures with ontology terms, it integrates the Swate tool [37], which provides metadata
templates in a familiar spreadsheet-based interface.

To cover the aspect of data storage, sharing and reusing of the research data life cycle, the PLANTdataHUB
was set up, where ARCs can be stored and shared with selected collaborators. It provides an integrated publi-
cation service once an investigation is completed and the research data is meant to be shared with the public,
where it will receive a referable DOI Together with ARCitect and Swate, the PLANTdataHUB forms DataPLANT’s
infrastructure for researchers to support them in managing their research data across the RDM life cycle.

3 Implementation

3.1 Experimental background

The previously presented concepts for RDM were applied in a cross-omics investigation on barley (Hordeum
vulgare) [38]. In this study, transcriptional networks in barley shoot meristem development have been analyzed
by integrating scRNAseq data and spatial high resolution single-molecule RNA-fluorescence in situ hybridization
data through data imputation. This strategy leverages the strengths of both technologies, the broad transcrip-
tome coverage in sSCRNAseq experiments, and the spatial resolution of in situ experiments, compensating for
their individual limitations. The resulting database provides information on the expression of a large number
of genes in each cell of a sectioned tissue.

Both methods were applied to H. vulgare in different developmental stages of spikelet development by
Demesa-Arevalo et al. Instead of profiling gene expression on the tissue level, as is done in bulk RNAseq, scR-
NAseq using BD Rhapsody technologies and Resolve Biosciences’ Molecular Cartography (MC) were applied
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for single-cell profiling (Figure 1). In BD Rhapsody, the entire transcriptome of the cells can be captured, by
isolating the individual cells, barcoding their RNA molecules, and sequencing the prepared library, allowing for
the reads to be mapped back to their original cells. In contrast, MC provides spatial context by directly measuring
expression of up to 100 genes in tissue sections, using indirect detection of gene-specific and barcoded probes
in multiple rounds of imaging to record the RNA locations within the intact tissue. While the detailed computa-
tional strategies and biological findings are presented elsewhere [38], we focus on the structured documentation
of the sample preparation, the experimental design, and the data analysis. This multi-omic approach, based on
two technologies which capture different dimensions of the transcriptome, requires capturing different meta-
data to ensure reproducibility, interoperability, and future reusability of the generated data. In the following
section we demonstrate how we could achieve (meta)data FAIRness using the ARC framework.

3.2 ARCin practice

To capture all (meta)data from the barley investigation, we created a new ARC (https://doi.org/10.60534/zfdth-
2g147). At the top level, contact persons and their roles in the investigation, as well as the public preprint and a
short description are outlined. With the experimental setup in mind, the information was split into three studies
and six assays (Figure 2).

The first study outlines the sample processing for the scRNAseq experiment. It consists of four metadata
tables which describe different steps of the sample preparation. The first sheet describes the plant growth,
making use of the DataPLANT template “Plant growth conditions”, with additional modifications to account
for a pre-germination step. The table outlines important characteristics such as organism, cultivar, age, day and
night temperatures, and light regimen, as is outlined in the minimum information recommendations of the
minSCe and from Grones et al. For each seed that was grown, one row was added to the table to track its subse-
quent processing. During this process we noticed ontological gaps regarding data for single-cell investigations.
Specific terminology is not always available, which inspired us to start developing an ontology for scRNAseq
studies, which both reuses the existing vocabulary, while simultaneously covering additional aspects relevant
in single-cell studies in plants, keeping the existing metadata recommendations in mind.

The second table describes which of the samples from the plants were subject to the protoplasting proce-
dure, where the cell walls were stripped from the cells, with detailed information about involved buffers and
cell wall digestion enzymes. While this metadata is not explicitly outlined, it can be considered as part of the
tissue dissociation process which is recommended information to record in both metadata schema.

The third table outlines how the individual samples were pooled for the subsequent analyses. Procedures
like this are indicated by having multiple input samples point to the same output sample.
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Figure 2: Relationships between assays and studies of the barley ARC. The ARC comprises three studies (indicated in green), one for the
scRNAseq experiment, one for the MC experiment, and one for the web interface analysis. The assays (indicated in yellow) performed
during the investigation are linked to the three studies, with three assays being linked to the scRNAseq study, two assays being linked to
the MC study, and one assay being linked to the web interface analysis study. Arrows with numbers indicate the number of output
materials from the individual processing steps (indicated in red) which serve as input materials for the next processing step.

The fourth and last table provides information about the reference genome which would be used in the
subsequent read mapping, under which DOI the resource is available, and it describes that it is located within
the ARC in this studies’ resources directory.

The second study details sample processing for the MC experiment. It contains the single metadata table
about the plant growth. Here, one metadata row describes one of the individual sections that were cut on the
tissue.

The third study describes an intermediate step in the data analysis, in which cell subsets were selected using
a web interface.

In total, six experimental assays were performed, three of which are linked to the sample material described
in the scRNAseq study, and two are linked to the sample material described in the MC study. The last assay is
linked to the web interface cell selection study. Using the output materials from the plant growth processing
step of the scRNAseq study and from the protoplasting processing step, bulk RNAseq was performed to be able
to analyze the effect of the protoplasting procedure on the gene expression. Three samples from each study
processing step were used for this procedure (Figure 2) by following the information in the output and input
columns in the metadata sheets, making it easy to understand the sample processing pipeline. The metadata in
this bulk RNAseq assay describes the library preparation and the sequencing platform, as well as which output
sequencing files were used for the identification of the genes affected by the protoplasting procedure.
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Most of the samples described in the scRNAseq study were used for scRNAseq sequencing, with 180 sample
outputs from the protoplasting procedure being pooled into 5 input samples for the sequencing. Here, the meta-
data outlines the number of input cells used, the library preparation procedure, and the sequencing instrument,
resulting in sequencing raw data files.

The last scRNAseq assay describes how the BD Rhapsody analysis pipeline was run, which uses the sequenc-
ing files as input and maps them against the reference genome, which is described in further detail including
genome name and genome version. In addition, the genome was annotated with Mercator4 [39], which is
described in the last metadata table.

All metadata annotations were performed using primarily ontology terms from relevant ontologies includ-
ing as OBI (Ontology for Biomedical Investigations) [40], NCBITaxon (NCBI organismal classification) [41], NCIT
(NCI Thesaurus OBO Edition) [42], PO (Plant Ontology) [43, 44], BAO (BioAssay Ontology) [45], and GENEPIO
(Genomic Epidemiology Ontology) [46], as well as DataPLANT’s own DPBO (DataPLANT biology ontology) [47].
This makes the metadata not only understandable, but also machine-readable, improving the overall interoper-
ability of the results in the investigation.

With the experimental metadata structured in the ARC, we then linked the raw data outputs to the subse-
quent computational analyses through modular workflows.

3.3 Integration and analysis

After structuring the experimental metadata in the ARC, we then continued to integrate and analyze the gener-
ated raw data using CWL workflows (https://doi.org/10.60534/zfdth-2g147). In order to integrate the data from the
two different methodologies, multiple different workflow steps needed to be applied to the data. To demonstrate
the benefit of using an ARC with the underlying CWL structure for this, we will focus on outlining the procedure
for a subset of our analysis pipeline.

The major two steps include integrating the scRNAseq data with the MC data, and the gene expression impu-
tation, where expression of the genes not measured in the MC experiment is computationally determined, based
on the gene expression of equivalent cells in the scRNAseq dataset. In order to provide a structured overview,
each step of the processes was divided into smaller modules which can be easily re-run and tested without
having to run the entire computational pipeline if only a few parameters should be tweaked and tested.

The data integration can be split into 5 steps: count matrix pre-processing, count matrix filtering, qual-
ity control, data integration, and clustering. While file pre-processing and filtering was done in Python, the
subsequent analyses were performed with the R package Seurat [48]. Seurat provides methods for exploring
scRNAseq data in an easy to apply and interpret manner. Here, we demonstrate how the developed workflows
were integrated into the ARC structure and made executable with CWL exemplary for the data integration.

First, file pre-processing was performed using the scRNAseq data outputs from the sequencing with BD
Rhapsody single cell technology (Figure 3). These consisted of three count matrices for three biological replicates
as csv files containing information about the number of gene transcripts per cell. To ensure easier interpretabil-
ity during the analysis, files were copied and renamed before any subsequent workflow steps.

For the downstream analyses with Seurat the matrices had to be filtered to exclude all genes from the three
scRNAseq count matrices which were not measured in the spatial experiment, resulting in three highly reduced
count matrices containing the same set of genes. These three filtered scRNAseq matrices, as well as the spatial
matrix could then be used as inputs for the analysis with Seurat.

The Seurat analysis was split into three different steps, the initial quality control of the data, the integration
of all four datasets, and the clustering of the integrated datasets.

All five of the analysis process steps were set up to work with CWL within the ARC structure. Each step is
defined by (a) a CWL tool script, (b) a Python or R processing script, and (c) a YAML configuration file. The CWL
script wraps around the processing script and defines how to run the processing script, which parameters and
parameter formats are required for execution, and which resources are necessary, such as Docker containers,
or a specific amount of RAM.

The processing scripts make use of the argparse package which is available for both Python and R in order to
read the run parameters from the command line and use the information for adjusting the analysis procedure.
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Lastly, the YAML configuration contains values for all arguments described in the CWL file, which are passed
to the command line once the CWL tool is run. Here, in addition to run parameters, the input and output file
locations can be specified.

All of the described CWL tools were then chained together into a CWL workflow which indicates the process
order of the individual CWL tools and handles dependencies between workflows.

The described structure of the workflows enables a clear interpretability of the processing and unambigu-
ously links final outputs (e.g. outputs used for a publication) back to the raw data files, and via the ISA metadata
worksheets back to the original input materials used in the study. This linkage allows the researcher to clearly
understand their own experiments and computational analyses, and helps identify weaknesses in their pipeline.
By setting up the computational analysis in a modular way, errors and irregularities in intermediate and final
output files can be easily narrowed down, and individual pipeline steps can be adjusted by creating new YAML
configuration files with adjusted parameters to re-run individual steps. An additional layer of validation by CWL,
which validates the general input formats of the YAML configurations against the requirements specified in the
CWL files, aids in avoiding mistakes in the YAML configuration, such as trying to input a number where a string
is required. Furthermore, the need of local installations for analysis tools can be avoided by providing Docker
containers for the individual pipeline steps, allowing other scientists to easily reuse hoth the entire workflow
pipeline, as well as individual steps with minimal effort.

After integrating the datasets based on the shared genes, gene expression imputation was performed [26].
Briefly, for each cell in the spatial dataset, the most similar cells in the scRNAseq dataset were identified based
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on their cosine similarity. Using the similarity as weights, an average gene expression was calculated across the
most similar cells and assigned to the cell from the spatial dataset. This way, gene expression information which
was not initially measured in the spatial dataset could be inferred using the complementary scRNAseq dataset.
The resulting information was then displayed in an online transcriptome atlas. Here, multiple tissue sections
can be explored, along with their gene expression information and gene annotations, cell cluster information,
and information about gene up- and downregulation.

3.4 Data visualization

During the barley investigation of Demesa-Arevalo et al., a webpage was set up where the data are displayed.
The BARVISTA (Barley Virtual in situ transcriptome atlas) provides information on five different sections of
barley, including three sections of the barley inflorescence meristem, one section of the barley vegetative shoot
apical meristem, and one section of a mutant inflorescence meristem. The webpage allows researchers to view
the different identified cell types, explore the gene expression of their genes of interest, and gain information
about gene up- and downregulation, all within the spatial context of the cells. This enables the further study
of specific regions of the barley inflorescence during development by allowing users to select individual cells
and download the corresponding gene counts to use for their subsequent analyses. Furthermore, the webpage
can be easily extended with data for additional sections such as different developmental stages or different
tissues. Using the same framework, data from different plants could be displayed as well, with the possibility of
generating a three-dimensional data presentation, reconstructed from serial tissue sections and gene expression
imputation.

4 Discussion

We presented how the ARC framework can be applied to a multi-omic investigation in order to collect and struc-
ture heterogeneous metadata and data, as well as computational workflows, in an easily interpretable, repro-
ducible and reusable way. Complementing the biological interpretation of the data, recording relevant metadata
is just as important to be able to exploit the full potential of the data, both within the original investigation, as
well as during data reuse at a later stage. As such, we aimed to make each step of the investigation as transparent
and as FAIR as possible. This could be achieved using the ARC framework, which structures (meta)data along ISA
tables using ontology annotations for experimental processes, and CWL workflows for computational processes,
making the information of an investigation machine-readable and interpretable. Additionally, data provenance
can be tracked by linking the initial input materials to the generated raw data outputs, across intermediate
analysis files to the final computational outputs. This aids both the researcher performing the analysis to eas-
ily follow their own experiments once they plan to publish their findings, and other researchers who want to
reuse the data at a later stage for their own analyses. Having clearly annotated, machine-readable process steps
allows for an easier integration of the data, as well as meta-analyses across multiple well-annotated datasets.
Furthermore, being able to work collaboratively on ARCs ensures a good information flow of all experimental
and computational procedures between partners, allowing all participants an increased understanding of all
aspects of the project. Another benefit of using the ARC framework is the semantic annotation of metadata with
ontology terms. Making use of defined vocabulary avoids ambiguous interpretation of descriptions and enables
a homogeneous usage of terms across different labs who might annotate information differently, such as using
either H. vulgare, Hy or barley for the organism description.

Still, there are some limitations when it comes to using ARC as the framework for RDM as well. Record-
ing experiment-specific metadata in table format provides a familiar and accessible environment for most
plant scientists who are already used to working with spreadsheets to document their experiments. In con-
trast, wrapping computational processes in CWL and YAML requires some technical knowledge, which can be
daunting for researchers without a programming background. Without much programming background, the
entry barriers can prove daunting. Still, the long-term advantages of wrapping all computational processes in
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standardized and reusable workflows outweighs the initial effort required to learn about CWL, and we hope that
our example presented here can be helpful in lowering the barriers of workflow development. Furthermore,
particularly emerging technology fields such as spatial transcriptomics are currently not well-represented in
ontologies. These gaps can slow down the metadata annotation process and force researchers to fall back to
free-text annotations rather than ontology annotations. This is mitigated to some degree by DataPLANT’s own
DPBO, which serves as a bridge between researchers missing specific metadata terms, and existing ontologies
not yet covering the terms themselves. New terms can be easily requested via GitHub, allowing researchers to
use specific vocabulary even if it is not yet covered by established ontologies.

Overall, we could show that ARC offers a versatile framework which can be applied to different types of
investigations, although it is not a universal solution for every research question. However, it is a powerful
aid for collecting structured metadata, provides data provenance, and enables reproducible workflows. More
importantly, ARC is more than just a local solution for the German NFDI community [20]. Since ARCs adopt the
RO-Crate framework, they are at the same time interoperable with existing international research data manage-
ment infrastructures which use RO-Crate. As such, ARCs can be aligned with other initiatives at the European
level, such as the European Open Science Cloud (EOSC) [49], and integrated into other frameworks beyond plant
sciences. This interoperability at the international level ensures that the data of each ARC can have a long-term
impact on the respective research community and enable data exchange across national boundaries.

Another promising advancement is the SciWlIn tool [50] from the FAIRagro NFDI consortium [51]. This tool
aids researchers in the creation of CWL tool scripts that wrap around the existing analysis scripts, and chains
them together into a workflow. This reduces the technical entry barrier for researchers who are not familiar with
workflow languages and CWL in particular, making it easier to integrate their own computational pipeline into
the ARC. This way, SciWIn can directly complement DataPLANT’s RDM infrastructure and aid in the FAIRification
process of the computational analyses.

In the near future, an integration of ARC with Galaxy is planned. Galaxy is already a widely adopted plat-
form for running computational analyses which can be run both via the web-based interface, or through the
command line [52]. As such, researchers will be able to benefit from both the structured metadata of an ARC, as
well as the option to run their analysis in the familiar Galaxy environment. Going further than Galaxy, there is
also a community demand for the support of the workflow languages Nextflow [53] and Snakemake [54]. While
there is currently no support for these languages planned, the modularity of the ARC means that they could be
incorporated in the future.

Additionally, the ARC format could be used to support downstream applications, such as visualization tools
similar to the webpage generated for the barley data. This could facilitate both maintenance of the applica-
tion, as well as the addition of new data by directly linking researchers and developers, allowing for a closer
communication and interaction to address the needs from both sides at one single entry point.

In the future, there is much potential for using ARCs to capture single-cell data. For one, the clear metadata
structure and machine-readable ontology annotations allow for easier data integration and reuse across dif-
ferent investigations, allowing for comparative analyses and meta-studies without extensive additional manual
curation, thus increasing the value of the individual datasets. Similarly, by further aligning metadata collection
guidelines and providing specific templates, ARCs can be closely aligned to public databases such as ENA or
GEO, especially for the submission of single-cell data, ensuring that researchers capture both all relevant infor-
mation to fully describe their dataset, as well as all information required by different repositories. This way,
all data can be preserved in the respective community-supported databases, while links between data are still
preserved within the ARC itself. To increase the adoption of ARC as an RDM framework, further focus should
be put on lowering the technical barriers for building standardized workflows for the average user. Overall, we
could demonstrate how ARCs can be applied to multi-omics investigations in plant sciences to improve dataset
FAIRness and highlight that both the original research team, as well as external parties who want to reuse the
data can benefit from the clear, unambiguous (meta)data annotations.
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