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ABSTRACT

For the agricultural scientific community, data sharing is crucial both for the advancement of the discipline and
ability to meet global challenges, such as the target no. 2, i.e., “Zero Hunger,” of the Sustainable Development
Goals (SDG 2030). In this context, FAIR (Findable, Accessible, Interoperable and Reusable) principles play an
important role, as they guarantee the findability, accessibility, interoperability, and reusability of shared data. To
improve the practice of data sharing, institutions, funders, and publishers are increasingly demanding data be
shared as well as be of an acceptable level of quality, including compliance with FAIR principles. Therefore, the
objective of this work is twofold: first, this research aims to determine the degree of compliance with the FAIR
principles exhibited by a number of datasets; and second, it aims to explore useful and valid methodologies and
procedures that can be used to perform this evaluation quickly, automatically, and effectively. For this purpose,
the Data Citation Index (DCI) was used to obtain many datasets in the field of agriculture, which were further
grouped by repositories and evaluated using the automated assessment tool F-UJI provided by the FAIRSFAIR
project. The results indicated that the principle that exhibited the highest scores was “Findable”, while “Reus-
able” received the lowest scores, as none of the analysed repositories achieved a 50% compliance score in this
respect. The datasets published in the Zenodo and Dryad repositories exhibited better overall results in terms of
the FAIR principles, and the AG Commons repository was the third best rated repository, representing only one of
the first three repositories belonging to the agricultural sector. Regarding the use of F-UJI as an automated
assessment tool and DCI as a source for obtaining datasets, we conclude that this methodology is useful, and that
although it can be improved, it is easy to use and implement by other scientific groups and agents of interest.

1. Introduction

sharing in agriculture and food systems is key to the digitalisation of
knowledge (Laurin et al., 2021; Mey et al., 2019; Restrepo et al., 2022).

The use of open data in research and practices has been consolidated
and improved over the past two decades in various scientific fields
(Quay et al., 2022). In the case of agriculture, data sharing has become
increasingly prevalent in response to the needs and demands of the
sector (Top et al., 2022). These needs and demands are based on the high
complexity of a sector, such as agri-food, the success of which depends
on a sustainable supply of healthy and nutritious food for the nine billion
people expected to exist in 2050 among other factors, while simulta-
neously addressing issues, such as climate change and land degradation
(Top et al., 2022). In other areas of science, such as genetics (Schatz
etal., 2022) and space (Scott et al., 2020), the rapid development of data

In addition, the promotion of data sharing in agricultural research is
necessary in the broad context of the Sustainable Development Goals,
specifically regarding meeting the second goal, i.e., “Zero Hunger”. This
goal directly alludes to advances in research and technological devel-
opment services that can improve agricultural productive capacity in
developing countries, particularly in the least developed countries
(United Nations, 2022).

The FAIR principles constitute one of the best collective efforts made
in recent years to promote the openness and appropriate sharing of
research data. These principles, designed in 2016 by a group of re-
searchers, institutions, and publishers, seek to generate a guide for good
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Table 1
Assessment targets within each principle (Devaraju et al., 2020).

Fair principles Targets

Findable Object identification
Descriptive core metadata
Inclusion of data identifiers and data content descriptors
Searchable metadata

Data accessibility

Metadata preservation
Semantic interoperability
Linked related resources

Data usage license

Provenance of data creation
Community-endorsed metadata
Community file formats

Accessible
Interoperable

Reusable

v root:
metric_specification: "https://doi.org/10.5281/zenodo.4081213"
metric_version: "metrics_v@.4.yaml"
request:
metadata_service_endpoint: null
metadata_service_type: null
normalized_object_identifier: "10.5281/ZENOD0.4264713"
oaipmh_endpoint: null
object_identifier: "http://dx.doi.org/10.5281/ZENOD0.4264713"
test_debug: true
use_datacite: true
results: [] 16 items
software_version: "1.4.9b"

<

¥

<

summary:

» maturity:

» score_earned:

» Score_percent:

» score_total:

» status_passed:

» status_total:

test_id: "b0c98b951c3375ea2f4aa68f0f7714a588a9140e"
timestamp: "2022-06-09T12:55:07Z"

total_metrics: 16

Fig. 1. Example of a JSON file created automatically after evaluation of a
dataset using F-UJIL
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= Figshare
Zenodo

Dryad

Ag Data Commons
48.66
= KNB Data Repository

10.70 = ZALF Open Research Data
= AEDA
= CSIRO Data Access Portal

= OTHERS
17.46

Fig. 2. Percentage of repositories where the datasets were deposited.

practices to ensure that data sharing has real utility (Wilkinson et al.,
2016). As their publication in the scientific field, the FAIR principles
have served as a breakthrough in open data management, best practices,
and the impetus to make digital objects from different sources (such as
science, public administration, private sector) available to society (Pe-
ters-Von Gehlen et al., 2022). According to Quay et al. (2022), FAIR
principles and Open Science are two milestones that are relevant to all
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disciplines and have revolutionised the concepts of scientific data stor-
age and management. However, FAIR principles are aspirational in the
sense that they do not strictly define how to achieve the ideal state of
FAIRness, but rather describe a series of instructions, attributes, and
behaviours that can help researchers achieve this goal (Wilkinson et al.,
2019). These principles are not incremental; some criteria can be
satisfied regardless of whether others are satisfied. Despite their rapid
acceptance as concepts in the community, it is important to investigate
how these principles can be adjusted to a particular domain.

With regard to this adaptation of FAIR principles to concrete realities
and specific fields, such as agriculture, various studies have contributed
to and provided ideas (Ali and Dahlhaus, 2022; Pommier et al., 2019;
Wise et al., 2019). One such contribution is a recently published study by
Ali and Dahlhaus (2022), who conducted a systematic review of the role
of FAIR principles in sustainable agriculture. This review highlights the
advantages of applying these principles to the data generated by the
field of agriculture, but also indicates that only a few studies have
addressed the practical application of these principles. Among the
studies that have attempted to apply FAIR principles in the context of
agriculture, a study by Pommier et al. (2019) described application of
FAIR principles in the field of plant genomics through the creation and
maintenance of the GnplS repository. This repository was designed to
store and disseminate a genomic data archive that complies with FAIR
principles in terms of metadata traceability and dataset citability, in
accordance with Open Science recommendations. Another example is
the work of Wise et al. (2019) on the benefits of FAIR for research and
development in the biopharmaceutical industry and other life sciences,
such as biomedical, environmental, agricultural, and food sciences.
According to these studies, industry investment in following the FAIR
principles could be a differentiating factor with respect to how data are
exploited both internally and externally by other actors. Additionally,
one line of research that promotes the advantages of FAIR principles and
highlighted the shortcomings pertaining to their application is the work
of Kinkade and Shepherd (2021) on the publication of geoscience data.
Among the primary conclusions of these authors are claims that the
principles must be reconsidered and the metrics that demonstrate their
compliance should be developed to determine the FAIRness of a digital
object.

In line with the requirements highlighted by Kinkade and Shepherd
(2021), several tools have been developed based on a series of metrics
that can be used to assess the compliance of a dataset with FAIR prin-
ciples. These tools pursue the same objective of evaluating the degree of
FAIRness of a dataset but employ different methodologies. In general,
these tools can be divided into three groups as automatic, manual, and
hybrid tools (Peters-Von Gehlen et al., 2022; Sun et al., 2022). Ac-
cording to Peters-Von Gehlen et al. (2022), none of the three models are
perfect; however, each offers certain advantages. Manual approxima-
tions capture contextual approximations that are more subjective,
whereas automatic approximations are stricter in terms of the aspects of
the analysis conducted by the machine. More difficulties are encoun-
tered in the context of automatic evaluation, and the search for alter-
natives is urgent. One response to this need is the development of
automatic tools for the management of datasets and the assessment of
compliance with FAIR principles. One such tool is F-UJI, whose acronym
includes the components “F” for FAIR and “UJI” for “Test” (in Malay),
which was created as part of the FAIRSFAIR project. According to its
creators, the goal of the F-UJI is to evaluate FAIRness beyond the level of
an object (dataset) itself (Devaraju and Huber, 2021b). For this purpose,
it is important that, as in Huber et al. (2021), all components of the data
ecosystem (ranging from the datasets to the accompanying metadata
and the repositories that host them) are prepared for machine read-
ability, because F-UJI's automated testing relies heavily on the clarity
and evaluability of these criteria in computing environments by any
person or group. One of the most valuable contributions of the F-UJI is
that it has been made available to the scientific community as an open-
source tool that can be used to evaluate a large number of datasets
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Fig. 3. Number of datasets per top 15 WOS categories.
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Table 2
Number of records per content type®.
Content type Total %
Dataset™ 3433 54,6
Data study** 2768 44
Software”** 87 1,4

# A description of the different types of content can be found at https://res
earchguides.drake.edu/l1d.php?content_id=58803678.

* Dataset: A single or coherent set of data (or a data file) provided by the
repository as part of a collection, data study, or experiment. These can be of
multiple file formats such as spreadsheet, video, and audio. Datasets may have
cited references or can be citable, but more commonly they inherit metadata of
the overall study.

™ Data study: A description of studies or experiments held in repositories
with the associated data used in the data study. These are linked to a repository
and may optionally link to a dataset relating to the more granular data files.
Data studies can be a citable object in the literature and may have cited ref-
erences attached in their metadata together with information on such aspects
as the principal investigators, funding information, subject terms and
geographic coverage.

" Software: A single software object provided by the repository, such as a
piece of source code, a model, or a complete application. Software may have
cited references or can be citable.

simultaneously (Devaraju and Huber, 2021b). This functionality offers
interesting possibilities in a context where compliance with FAIR prin-
ciples is becoming increasingly important (Devaraju et al., 2021). In the
near future, the requirements for data sharing by institutions, funders,
and publishers will not merely be that the data are shared but that they
are minimally findable, accessible, interoperable, and reusable as found
in many countries and institutions (Coalition for Advancing Research
Assessment (CoARA), 2022; National Institutes of Health, 2023; Sales

et al., 2020; Wiseman et al., 2018). In the European context, the
“Agreement on Research Assessment Reform” was recently published by
the Coalition for the Advancement of Research Assessment (CoARA) at
the end of 2022; which was signed by more than four hundred in-
stitutions (Coalition for Advancing Research Assessment (CoARA),
2022) and highlights the particular importance of open science in gen-
eral, open research data in particular, and the FAIR principles as a
guarantor of research quality and transparency. Similar trends have also
been observed in other contexts such as the new data management and
sharing policy of the National Institutes of Health in the United States
(National Institutes of Health, 2023), the explicit commitment of the
Brazilian government to data science and FAIR principles (Sales et al.,
2020), and the Australian government’s commitment to integrating
FAIR principles into a national agricultural data governance framework
(Wiseman et al., 2018).

Regarding the relevance of finding automatic FAIRness evaluation
tools that can respond to the needs and demands associated with FAIR
research data, we found some studies in which such tools, including the
F-UJI, have been used (Peters-Von Gehlen et al., 2022; Sofi-Mahmudi
and Raittio, 2022; Sun et al., 2022). In these studies, FAIRness evalua-
tion tools have been used to test a small number of datasets on a specific
topic (Sofi-Mahmudi and Raittio, 2022) or at a generic level without
focusing on a specific area (Peters-Von Gehlen et al., 2022; Sun et al.,
2022). However, the following research gaps have been identified:

1. Studies that have jointly addressed FAIR principles and agriculture
or related areas focus on very specific examples are difficult to
replicate or extrapolate to other contexts.

2. However, the methodologies of some studies mention the use of
tools, such as the F-UJI to analyse datasets drawn from a specific
scientific area. These studies employed this approach only for small
datasets.

Table 3

Number of records by type of content in the eight major repositories.
Content type Figshare Zenodo Dryad Ag data commons KNB data repository ZALF open research data AEDA CSIRO
Dataset 292 1009 674 547 189 185 127 98
Data study 2759 2 3 0 0 1 0 0
Software 0 82 0 0 0 0 0 0
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Fig. 4. Percentage of the overall score obtained by Zenodo’s datasets.

3. Whether in agriculture or any other specific area, no research has
used F-UJI to evaluate compliance with FAIR principles with respect
to a large number of datasets or to specify the source of the data.

Therefore, the goal of this study was to analyse the degree to which
datasets in the agricultural area comply with FAIR principles using the
Data Citation Index of the Web of Science (Clarivate Analytics) for
dataset retrieval and F-UJI as an automatic FAIR assessment tool based
on the open-source information provided by its creators.

2. Methods
The methodology used in this study consisted of three stages.
2.1. Capture of datasets on agriculture

The datasets were obtained through the Data Citation Index (DCI), a
resource offered by the Clarivate company and included in the Web of
Science (further WoS) catalogue. The DCI provides access to a large
number of descriptive records on datasets obtained through partnerships
with repositories, large-scale data, and metadata providers. The DCI
provides more than 80 different types of data (i.e., image, sequence data,
geoscientific and audio-visual information), all of which were included
in our study. The strength of this resource is that it provides an overview
that is difficult to achieve when datasets or repositories are viewed in

isolation (Clarivate Analytics, 2017).
The following search equation was used to retrieve datasets on
agriculture in the DCI:

TI (title) = Agriculture OR AK (author keywords)
= Agriculture OR SU (subject category) = Agriculture

2.2. Downloading the records

The following variables were imported for each record:1) type of
content (dataset, data study, software, or repository), 2) data source (the
source from which the data were obtained), and 3) Web of Science
category of the data source (i.e. multidisciplinary agriculture, ecology,
biodiversity conservation, and environmental sciences).

The bibliographic information collected using the DCI for each re-
cord includes authors/creators, year of publication (the collected re-
cords were published from 1900 to the present), title of the dataset,
publisher (understood as the repository in which the data are deposited
or the organisation responsible for making the data available), version,
and permanent identifier (e.g. a unique URL, databank accession num-
ber, or another permanent identifier such as Handle (hdl) (http://www.
handle.net/)).

A total of 7507 records (datasets) were downloaded from the DCI in
the .txt format and processed using the Bibliometricos software. Nine


http://www.handle.net/
http://www.handle.net/

L. Petrosyan et al.

Summary FAIR score percent

# data sets
E
1

Ecological Informatics 76 (2023) 102126

60 80 100

Total score %

Fig. 5. Percentage of the overall score obtained by Ag Data Commons’ datasets.

duplicate records were identified and eliminated, resulting in 7498 re-
cords. Subsequently, these 7498 records were transferred to and
organised in a relational database.

Of these 7498 records, 1169 did not include a digital object identifier
(DOI) as a unique identifier; therefore, they were excluded from the
database. The remaining 6288 records were identified as the overall
sample referenced in this study (84.4% of the total number of records).

2.3. FAIR evaluation of datasets using the F-UJI tool

The FAIR evaluation performed using the F-UJI tool was based on
aggregated metadata, including metadata embedded in the landing page
and metadata retrieved from a PID (Persistent Identifier). F-UJI con-
siders the following schemes to be PIDs: Handle, Persistent Uniform
Resource Locator, Archival Resource Key, Permanent Identifier for Web
Applications, and DOI (Sun et al., 2022).

The assessment of datasets using the F-UJI focused on several generic
cross-domain metadata standards, such as those proposed by Dublin
Core, DCAT, DataCite, and Schema.org (Devaraju et al., 2020). The re-
sults of these evaluations provided various scores regarding the data and
dataset metadata based on 16 metrics distributed across four principles:

five metrics for findable, three for accessible, three for interoperable,
and five for reusable. Each of these metrics has been described in detail
by Devaraju et al. (2020) (Table 1).

F-UJI is a REST (Representational state transfer) API' service that
uses the OpenAPI specification.” The tool is open-source and falls under
the MIT License, which makes it possible to install the service by
downloading it from GitHub (Devaraju and Huber, 2021a).

As discussed before, F-UJI can be used in two ways:

1. The online application offers an intuitive summary of the FAIR as-
pects of the evaluated data objects (PID). However, resources can be
evaluated manually by inserting only one PID.

2. The tool can be installed locally, and a Python script can be executed
to realise API calls in the loop for each PID in the queue. Thus, F-UJI
can compile a large number of datasets (the script can be found on
GitHub published by the FAIRSFAIR project).

Thus, we used the second approach to perform a massive evaluation
featuring many datasets (5967 PIDs).

1 REST API is a software architectural style that describes the architecture of
the Web.

2 OpenAPI Specification (OAS) defines a standard, programming language-
agnostic interface description for HTTP APIs.
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Fig. 6. Percentage of the overall score obtained by AEDA’s datasets.

After compilation, the tool produces JSON files for each PID that
contain the assessment results. These files include scores, practical tests,
inputs/outputs, and assessment contexts for each of the 16 metrics (see
the demo of the tool in FAIRSFAIR, 2020).

Fig. 1 shows an extract from a JSON file that includes the identifier
number, metric name with results (output), evaluation score, debugging
messages, and a summary of all metrics in the evaluation. Finally, to
visualize the scores after compiling all the PIDs, we created a report by
running a computational notebook (. ipynb document) provided by the
FAIRSFAIR team (Devaraju and Huber, 2021a). This notebook provides
an overall analysis and visualisation of all PID responses assessed using
the F-UJL

In summary, a) the report reads JSON’s responses, b) collects all the
total scores for the FAIR metric within a data frame, and c) visualises the
metrics and summarises the evaluations (in our case, the datasets
associated with each repository). The characteristics of the report are
discussed in the Section 3.

For further analysis, two aspects of the findings of this study were
considered.

1. The overall repository score considers the results obtained from the
datasets for all principles.

2. Scores obtained by each repository with respect to the four principles
separately.

3. Results
3.1. Results obtained from the DCI

Of the 6288 valid records included in the sample, 5962 (94.81%)
corresponded to the period from 2013 to 2022, with 2014 being the year
with the highest productivity. Regarding data sources, 30 different re-
positories were observed (Fig. 2).

Of the 11,162 distinct authors identified, 11 had more than 100
published datasets, with the most productive author being Ignazio
Carbone (n = 177), a professor at North Carolina State University
working in the areas of evolutionary biology, molecular population
genetics, and genomics. In terms of the number of citations received,
3277 records received at least one citation, accounting for 52.1% of the
total citations. Of these, 15 received five or more citations. The most
frequently cited dataset, i.e., “Dr. Duke’s Phytochemical and Ethnobo-
tanical Databases”, received 17 citations; this dataset was deposited in
the “Ag Data Commons” repository in 2016, was of the type “dataset”
and fell within the WoS category “agriculture, multidisciplinary”. This
dataset can be accessed at the following DOL: https://data.nal.usda.gov/
dataset/dr-dukes-phytochemical-and-ethnobotanical-databases.

A total of 41 different subject categories were identified, the most
notable of which were “multidisciplinary sciences” (54.47%), “agricul-
ture, multidisciplinary” (11.34%), “ecology” (9.02%), and “biodiversity
conservation” (8.5%) (Fig. 3).
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Fig. 7. Percentage of the overall score obtained by CSIRO’s datasets.

Three typologies were discovered, of which the most frequent was
“dataset” (54.43%) (Table 2).

To evaluate the datasets using F-UJL, the datasets were divided into
the top eight repositories based on the number of datasets deposited
(Fig. 2). The number of datasets deposited in these eight repositories
accounted for 94.9% of the total number of datasets, which was
considered sufficiently representative. Of these eight repositories, four
were general repositories, i.e., Figshare (https://figshare.com/), Zenodo
(https://zenodo.org/), Dryad (https://datadryad.org/stash), and CSIRO
(https://data.csiro.au/), and four were thematic repositories, i.e., Ag
Data Commons (https://data.nal.usda.gov/), KNB Data Repository (htt
ps://knb.ecoinformatics.org/), ZALF Open Research Data (https://
open-research-data.zalf.de/default.aspx), and Agricultural and Envi-
ronmental Data Archive (AEDA) (http://www.environmentdata.org/).
The content distributions of the top eight repositories by content type
are presented in Table 3.

3.2. Results of the FAIR assessment of the datasets selected by the F-UJI
tool

The results obtained using the F-UJI tool were based on the 16
metrics described previously, which were established in the FAIRSFAIR
project and distributed among four principles.

Following the analysis of each group of repositories using this tool,
we passed the results through a computational notebook report,

ultimately obtaining visualisations of the summaries of each FAIR
principle for all eight repositories.
The report itself contained two sections:

1. “Read jsons responses” creates a data frame that includes all scores
obtained for each of the 16 metrics,

2. “Visualize different FAIR metrics” creates a histogram plot of the
results that includes visualisations of each principle and the overall
FAIR score, as shown below (Figs. 4—11).

Our simulation provided an approximate illustration of the infor-
mation obtained using automated tools. The charts (Figs. 4—11) ob-
tained from the reports represent the FAIR scores of the 5,967 data
objects tested, which were divided primarily by repositories (Table 4).

This study focused on summary scores per principle and the overall
FAIR score. However, the information provided in this report is highly
complex. Our research dataset is published in the Figshare repository
(Petrosyan et al., 2022), from which all research results of the experi-
mental analysis and simulation are available (including the JSON files
from F-UJI and files from reports).

The results obtained from each repository based on the aspects
analysed are described in detail in (Table 4). Figs. 4—11 show the graphs
of the overall scores obtained from each repository. The vertical axis
represents the number of objects tested, and the horizontal axis indicates
the FAIR scores of the datasets. The FAIR scores ranged from 100%
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Fig. 8. Percentage of the overall score obtained by Dryad’s datasets.

(highest) to zero (lowest). According to Devaraju and Huber (2021a),
when analysing the results, a score of 50% or above is considered to
indicate an average level of FAIRness, whereas a score of 80% or above
is considered exceptional.

It is important to note that the results for each repository, both
overall and for each FAIR principle, were averages of the evaluation of
each repository’s datasets.

Overall, of the eight repositories analysed, four were above 50%
overall compliance with the FAIR principles, and four were below. Of
these, two were of the generalist type (Zenodo and Dryad) and two were
of the specific type (Ag Data Commons and ZALF Open Research Data).
Of those scoring lower, one was a generalist (Figshare) and one was
specific to agricultural areas (AEDA).

When the data were considered in principle, Dryad, Zenodo, Ag Data
Commons, and ZALF Open Research Data (in that order) also obtained
the best scores in findability, with Dryad, Zenodo, and Ag Data Com-
mons scoring over 90. All repositories had approximately 50% compli-
ance with this principle, which had the highest scores in the overall
calculation.

Regarding the principle of accessibility, Zenodo, Ag Data Commons,
and Dryad stood out once again, with the latter obtaining 100%, the only
perfect score of all the percentages collected. However, none of the other
five repositories obtained more than 50% scores for this principle, and
the scores did not exceed 35% in any case.

Regarding the principle of interoperability, Zenodo, Ag Data Com-
mons and Dryad achieved more than 50% compliance, followed by
CSIRO Data Access Portal, which scores 47.95%. This was the first
principle in which two repositories achieved less than 10% compliance.

The reusability principle is the only one of the four in which no re-
pository exceeds 50% compliance, and only Zenodo could achieve 49%.
It is also the only principle by which two repositories failed to reach 1%,
with one (AEDA) achieving 0%.

Several observations related to the types of DOIs belonging to Fig-
share were detected during testing with F-UJI. In this case, it was
necessary to split the database into three parts because, when testing the
database, the F-UJI server was blocked by a large number of REST re-
quests (3051). Thus, it was observed that within Figshare, there are
several types of DOIs that belong to third parties, that is, data deposited
in Figshare, but with a DOI indicating another origin. FigShare contains
63 datasets (or DOIs) of its own origin and 2988 datasets of different
origins. Among these different origins, 2939 have a DOI referring to the
journal PLOS ONE. Considering these peculiarities, the 63 datasets
belonging to Figshare showed much higher FAIRness scores, both
globally and for each principle, than those of the third parties (Table 5).

4. Discussion

This study made it possible to obtain many datasets for agricultural
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Fig. 9. Percentage of the overall score obtained by KNB’s datasets.

areas, which could then be analysed using the F-UJI tool to assess their
FAIRness through a unique identifier.

The results of this study allowed for an approximation of the possi-
bilities of the DCI to obtain information on the characteristics of data in
agricultural areas. These characteristics provided information on topics
such as the origins of the data (the sources), disciplines from which they
came, most productive authors, typologies, and degrees of FAIRness. For
analysis, the results were divided into two parts: 1) primary character-
istics of the datasets obtained through the search equation in the DCI,
and 2) the FAIRness analysis of these datasets using the F-UJI tool.
Similar differentiation has been used for the discussion.

In the first part, we obtained an overview of the data published in the
agricultural sector over the considered period, with the most productive
period being from 2013 to 2022. The fact that this was the most pro-
ductive period may provide a double explanation. On the one hand, it
has been in the last decade that the practice of data sharing has gained
the most momentum, with important milestones occurring, such as the
publication of the FAIR principles in 2016 (Wilkinson et al., 2016) and
creation of the DCI in 2012 in response to the growing demand for tools
to facilitate data and metadata management (Clarivate Analytics, 2017).
Specifically in the field of agriculture, it was in 2013 that the GODAN
initiative was announced at the Open Government Partnership Confer-
ence, following the 2012 G8 discussions, where the leaders in atten-
dance committed to the New Alliance for Food Security and Nutrition

(Global Open Data for Agriculture and Nutrition, 2019). Among GOD-
AN’s major objectives is the precise promotion of a data ecosystem
within the agri-food sector that reflects the needs and complexities of all
stakeholders, from the farmer to the final consumer, and provides in-
formation that can support decision-making. According to this organi-
sation, 14 types of data, including geographic, meteorological, and
market data, are required by the agricultural sector. These types of data
were grouped into the following sections: 1) legislation and adminis-
tration data; 2) data on natural resources, land, and the environment; 3)
agronomic and agricultural technology data; and 4) socioeconomic data
(Global Open Data for Agriculture and Nutrition, 2019).

Regarding the WOS categories to which the data belong, with the
exception of “multidisciplinary sciences” because of its broad coverage,
the second category in terms of the amount of data is “agriculture,
multidisciplinary”, which is directly related to the field of agriculture. If
we focus on the following categories, the most common are those that
are traditionally identified with the practice of data sharing, such as
those related to ecology and the environment or meteorology (Bergh-
mans et al., 2017; Nature Communications, 2018; Sieber, 2015).

Regarding the sources of data, of the 30 repositories detected, the
most frequent were Figshare, Zenodo, and Dryad, all of which were
considered multidisciplinary or generalist. There are several possible
explanations for this observation. Within the context of data sharing,
these three repositories have a long history, making them more
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Fig. 10. Percentage of the overall score obtained by ZALF’s datasets.

accessible and recognisable (Enis, 2013; Hansson and Dahlgren, 2022;
He and Han, 2017; Sicilia et al., 2017). All three are open access, and in
the case of Figshare and Zenodo, they are free to both readers and au-
thors who deposit their data. Zenodo is also the reference repository of
the European Union, supported by the OpenAlIRE initiative, and a
reference for numerous projects in the European context (Sicilia et al.,
2017). Figshare and Dryad have important partnerships with publishers,
institutions, and other organisations. Dryad is also the only repository
among the top 8 that includes a data curation service prior to publication
through a system called “Dryad’s Data Publishing Charges (DPCs)”
(Dryad, 2023). The top eight repositories selected by the authors to
deposit their data were thematic or institutional. Of these, the one with
the largest representation was the Ag Data Commons, an institutional
data repository belonging to the United States Department of Agricul-
ture, which was created to support the agricultural research community
in sharing and discovering data (United States Departament of Agri-
culture, 2023). Among thematic repositories, the most frequent of the
top eight was the Knowledge Network for Biocomplexity (KNB), an in-
ternational repository aimed at facilitating ecological and environ-
mental research. There are different opinions in the literature regarding
the usefulness of using generalist, thematic, or institutional repositories
and the advantages of one or the other.

Generally, while the thematic repositories have the positive aspect of
focusing on a specific area and potentially limit the entry of data that do
not correspond to that area, the generalist repositories are better known
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and have much wider coverage (Abadal, 2012). On the other hand, a
report by the FAIRsharing initiative, which published a series of rec-
ommendations that repositories must meet to be considered a valid
infrastructure for hosting and disseminating research data, focused only
on generalist and discipline-specific data repositories, excluding insti-
tutional repositories because they are less global in nature (Sansone
et al., 2020). However, this report was harshly criticised by the
Confederation of Open Access Repositories (COAR) because, among
other reasons, institutional repositories were left out and claimed that
globality was being prioritised and local quality initiatives were being
left out (Confederation of Open Access Repositories, 2021).

Regarding the FAIRness analysis of the datasets, these were “pack-
aged” in the eight most frequently used repositories to be analysed in F-
UJL In other words, the results were differentiated by the repository.
The generalist repositories, Zenodo and Dryad, were not only among the
most frequently used but also those that obtained the best scores at a
general level. Next, to obtain an overall score above 50%, the institu-
tional repository Ag Data Commons and thematic repository ZALF Open
Research Data were identified as two repositories worth highlighting in
the agricultural area, at least in terms of FAIRness.

Regarding the scores per principle and considering the document
published by FAIRSFAIR (Devaraju et al., 2020) which specifies what
exactly is evaluated in the metrics, the level of compliance in the content
of the eight selected repositories was similar to the alphabetical order of
the principles themselves, with findable being the most compliant and
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Table 4
List of all repositories tested by F-UJI and their results for each FAIR principle
and overall.

Table 5
Figshare repository results: the datasets were divided into two groups because of
a huge FAIR rating gap by F-UJI

Repositories Analized Total F A I R Figshare Analized Total F A I R
DOIS (num) fair % DOIS (num) fair %
FIGSHARE 3051 18,96 49,35 31,77 1,18 0,96 PLOS ONE &
ZENODO 1093 72,5 96,12 92,74 747 49 other 2939 18,1 48,6 31,31 0 0
DRYAD 677 70,22 99,6 100 71,97 40 resources
AG DATA Figshare 63 60,6 85,03 54 57,53 46,7
COMMONS 547 62,1 91,7 64,7 52,4 44,35
KNB Data 189 3718 77,2 2927 2208 17,56 . . .
Repository publisher), it was challenging to ensure that data and metadata were
ZALF Open 185 52,61 83,81 33,6 45 40 accessible through a standardised protocol or that metadata continued
Research Data to be availabl hen the dat 1 ilabl
AEDA 127 22,54 196 31 9,92 0 o] ; aval1 .a e.even A e]r;.l. e 1 a w§re nﬁ onger avall ela fe. .
egarding interoperability, there is a huge potential for improve-
CSIRO Data 98 41,32 71,4 333 4795 20 & & P Y g P P

Access Portal

reusable the least compliant. Although for each principle there were also
repositories that scored higher than others, with Zenodo, Dryad, and Ag
Data Commons again the best scorers, the degradation observed from
findable to reusable was observed in all repositories. Translated to the
content metrics, while data and metadata reached a minimum level of
identifiable and basic descriptive elements (creator, title, data identifier,
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ment, such as representing metadata using a formal knowledge repre-
sentation language, using semantic resources, or establishing links
between data and related entities. Finally, the principle of reusability
deserves special mention, as no repository reached 50%. Suggesting that
considering the sample analysed, we are still far from adequately
addressing aspects such as whether the metadata truly specify the con-
tent of the data, whether they include information on licences, or
whether both the data and metadata use standards and formats recom-
mended by the scientific discipline to which they belong.
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The results obtained in relation to the four FAIR principles agreed
with the study conducted by Huber et al. (2021), with the goal of ana-
lysing the state-of-the-art integration and data analysis approaches
implemented by world-leading research infrastructures in the earth
system and environmental sciences, including some of the repositories
analysed in our work. They concluded that, although data repositories
have generally made the deposited data searchable by researchers, it is
particularly difficult for machines with the current resources offered by
these platforms. In general, they stated that although the data were often
persistently identified, as we also observed, the way to proceed with
them was designed for navigation and manual processing, which is
typically challenging or impossible for machines. This fact is particularly
relevant regarding interoperability and, above all, reusability in areas
such as agriculture and related fields, where integrated data from one or
more sources must be transferred to a computational environment that is
suitable for analysis.

Another aspect is the type of content, according to the differentiation
made by the DCI between the dataset, data study, and software. In
general, most records are classified as either data studies or datasets,
with software being much more residual. Although the top eight re-
positories contained few records that were not datasets, the case of
Figshare was different. In this repository, which was also the most used,
90.52% of the records were of the data study type. Subsequently, when
analysing the DOI of each repository through F-UJI, we found that the
vast majority of the data study records belonged to papers published in
this journal (PLOS One, 2019). In the subsequent F-UJI analysis, Fig-
share obtained very low scores when PLOS ONE DOI was isolated from
the remainder. This phenomenon illustrates the need to understand the
differences between the different typologies of materials that can exist in
the DCI and in the repositories to which it connects. The definition of the
DCI itself states that the resource “provides a single point of access to
quality research data from global repositories across disciplines” (Clar-
ivate Analytics, 2022). While it is true that research data take many
forms, are handled in many ways, use many approaches, and are often
difficult to interpret once removed from their initial context, it is also
true that, in theory, their ultimate purpose when shared is to allow
research to be replicated or verified and to allow others to ask new
questions about existing data (Borgman, 2012). However, Figshare re-
cords from PLOS ONE, which are considered data studies, scored so low
on the F-UJI that one might suspect that they are not research data, but
other types of supplementary materials that are not intended to meet
FAIR principles.

5. Limitations

This study had certain limitations. First, DCI, a useful resource that
provides access to more than 400 repositories and several million
datasets, data studies, and software, was used to capture information on
agricultural data. However, it is not a source that covers the entire
universe of currently published agricultural data. Additionally, some
repositories were not integrated into the DCI and may have been
excluded from the analysis. Additionally, we used only the unique
identifiers of the data object in the DOI format, excluding other unique
identifiers. Although it is true that identifiers in the DOI format
comprised the majority (84.4%), in future studies, we could consider
including other identifiers and checking how the F-UJI responds to
them.

6. Conclusions

From a general perspective, the implications of this study are rele-
vant to any field of science, particularly agriculture and ecology, both of
which are highly interrelated. In the spirit of coming to a full circle, we
began the introduction to this paper by discussing the importance of
data and the practice of sharing it to meet global goals such as Zero
Hunger. However, there is no advantage in sharing data without
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addressing data quality. For this reason, it is necessary to continue
developing metrics such as the one proposed by F-UJI and methodolo-
gies such as the one proposed in this study that favour not only the
availability of data but also that they are really useful to use, share, and
reuse.

Regarding F-UJI, as mentioned by its creators, it is a continuously
developing tool. Automatic testing of research data objects is based on
the FAIR ecosystem, and its success depends on automatic testing with
clear criteria that can be evaluated using machines.

Using F-UJI and conducting this study was possible because its cre-
ators made the code necessary to evaluate a large number of datasets
quickly and automatically available to the scientific community,
without having to enter each identifier individually. Therefore, we were
able to install our own server using the latest version of the code
available on GitHub. In this way, compliance with the FAIR principles of
6288 datasets related to the agricultural field was evaluated, and the
results indicated that, from highest to lowest, compliance with the
principles followed the same alphabetical order as the principles
themselves, with findability being the highest rated and reusability the
lowest. None of the repositories analysed reached 50% of the score for
the reusability principle; therefore, it is important to investigate the
causes of this low score and, at the same time, seek mechanisms for
improvement. Finally, the datasets published in the Zenodo and Dryad
repositories had the best results in terms of the FAIR principles, with Ag
Data Commons (an institutional repository in the agricultural area)
being rated third-best.

Regarding the audiences to whom this work could be of interest, it is
worth highlighting the professionals behind the repositories and other
dataset management and maintenance resources (including the WoS
DCI) as it can guide them along the lines of improvement in compliance
with the FAIR principles. In addition, it is relevant to the research staff,
for whom the use of tools, such as the F-UJI, can provide guidance on
compliance with the four principles in the datasets that they handle on a
daily basis. Finally, software developers, both those behind F-UJI and
others who are exploring similar lines of evaluation of FAIR principles,
can provide an example of a specific case of the use of this type of tool
and detect possible shortcomings and options for improvement.

In conclusion, as a concrete proposal for F-UJI, additional docu-
mentation on the use of the tool is valuable when installing the server.
Although it had a vast description of the metrics used, a more precise
documentation of the code was missing. Regarding proposals for future
work, we believe that it would be interesting to address two main points.

First, the methodology proposed in this study, which combines the
process of obtaining datasets and their subsequent evaluation, can be
used to investigate the degree of FAIRness of datasets in disciplines other
than agriculture. This would allow comparisons to be made between
areas of science and to understand the current scope of FAIR principles
six years after their creation. On the other hand, it would be interesting
to further apply the proposed methodology and artificial intelligence
models such as neural network techniques (or self-organising maps
(SOMs)) (Van Hulle, 2012) to the database already evaluated by the F-
UJI to obtain a classification of the established clusters and detect pat-
terns in the results. Second, this study did not explore the differences
between the different types of data (image, sequential data, geoscientific
information, audiovisual) in terms of the level of FAIRness. However, it
could be interesting to address this issue in future studies to determine
whether there would be a greater or lesser degree of compliance
depending on the type of material.
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