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Abstract: Feeding a growing global population requires improving agricultural production in the face
of multidimensional challenges; and digital agriculture is increasingly seen as a strategy for better de-
cision making. Agriculture and agricultural supply chains are increasingly reliant on data, including
its access and provision from the farm to the consumer. Far-reaching data provision inevitably needs
the adoption of FAIR (Findable, Accessible, Interoperable, and Reusable) that offer data originators
and depository custodians with a set of guidelines to safeguard a progressive data availability and
reusability. Through a systematic literature review it is apparent that although FAIR data principles
can play a key role in achieving sustainable agricultural operational and business performance, there
are few published studies on how they have been adopted and used. The investigation examines:
(1) how FAIR data assimilate with the sustainability framework; and (2) whether the use of FAIR
data by the agriculture industry, has an impact on agricultural performance. The work identifies a
social science research gap and suggests a method to guide agriculture practitioners in identifying the
specific barriers in making their data FAIR. By troubleshooting the barriers, the value propositions of
adopting FAIR data in agriculture can be better understood and addressed.

Keywords: FAIR data; findable; accessible; interoperable; reusable; sustainability

1. Introduction

The global need for agricultural production has been increasing [1], and most food
production remains soil-based. With nearly all arable land under cultivation [2], agriculture
is projected to encounter several challenges including: sustaining maximum production,
limited natural resources, endangered environments and ecosystems, soil degradation
and erosion [3,4]. It is quantitatively confirmed that farming strategies, methods and
decision making are key factors in the future of sustainable and enhanced agricultural
production [5,6]. Operationally, digital agriculture and data/information mutually rely
on each other [3,7,8]. The volume of digital data in agricultural landscapes has grown
exponentially, much of it collected by sensors (both remote sensing and the Internet of
Things). Agricultural knowledge building, appropriate management responses [9] and
farm management decisions [10] highly depend on the data collected through the use of
digital technologies, and ubiquitous internet technologies provide access to all these data,
delivered on demand via high-speed broadband to mobile tablet devices [11]. Precision
agriculture technology employs data [12] to perform operations such as economising crop
inputs, optimising machinery performance and appropriate location finding [13]. The
digital agricultural revolution has led to a plethora of websites and mobile applications
(Apps) that are now available to assist the farmer, agronomist, agribusiness investor,
landscape manager and researcher in decision making. However, the applications and
tools are only as good as the data they use, and because of the disparity of data collection,
formats, and storage only a fraction of the required data are utilised. Current common
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limitations in system models for decision support are: (1) data scarcity (quantity, resolution,
and quality) and (2) inadequate knowledge systems to effectively communicate the results
to the end-user. These limitations are greater obstacles to the use of the tools than gaps in
theory or technology [14,15]. Seamless automated data collection (from both public and
private sources), data interoperability and the federation of multidisciplinary data (plant,
animal, soil, land, climate, weather, machinery, farm business, economics, marketing, trade,
etc.) are required, preferably utilising open cloud-based systems for data storage and open
standards for data exchange. Combining these data in new technologies, such as those
deploying data mining, machine learning, artificial intelligence algorithms and digital
twins, will ultimately provide the holistic viewpoint needed for sustainable agricultural
production [3,7,16].

Improving agricultural knowledge, appropriate management responses [9] and farm
management decisions [10] requires the stakeholders to increasingly depend on data
collected through the use of digital technologies, such as the internet, sensors and mobile
computing at a more localised scale [11]. Precision agricultural technologies massively
employ data [12] to perform operations such as economised crop inputs based on high
resolution location finding [3,16–18], hence requiring a robust database management system
with far-reaching data provision [19]. Since financial benefits highly depend upon the
suitability of the chosen farming techniques and technology, access to data, data literacy
and/or technical support are important needs in the adoption of innovative practices in the
agricultural sector [20–22]. FAIR data principles, first published by Wilkinson [23], provide
data originators and data depository custodians with a set of guidelines to ensure data
availability and reusability. While recognising an ever-growing need for automation of
wide-ranging data encounter, recovery, integration and analysis, the FAIR data principles
make this goal possible, by combining multidisciplinary, cross-disciplinary data, with
disparate data formats, from different sources, as well as by emphasizing that each of the
principles should be equally valid to both humans and machines [23–25].

FAIR (findable, accessible, interoperable, reusable) data principles add more value
to data by enhancing data utility, especially for legacy data sets. Data findability focuses
on maintaining its worldwide uniqueness through persistent identifiers that are machine-
readable and index-able to assist individuals and artificially intelligent systems. It is an
exclusive, persistent way to refer to the data using standard digital object identifiers (DOI),
uniform resource identifiers (URI) or uniform resource locators (URL). Accessibility ensures
that the data and other digitised information are available subject to specified conditions of
access. It has three major components, i.e., access protocol, access permission and metadata
permanency. Accessibility confirms that the data can be accessed by humans and devices
using standard internet protocols, provided that the access controls allow that. The controls
may require managing data licensing in a convenient way. Interoperability makes sure
that the data and other digitised information is unambiguously understood machine-to-
machine. In accordance with FAIR principles, data and metadata should be conveyed
using syntactic and semantic data structures covering the raw and highly processed data.
Ontologies, communicated through a resource description framework (RDF) or other open-
source frameworks, can carry data integration across the board. Through interoperability,
heterogeneous data distributed across disparate databases and devices can be brought
together in standardised and harmonised formats. Reusability segregates conventional data
management from FAIR data stewardship, which requires a multi-layered approach that
addresses the demand of data to be reusable. Fully described contextual and descriptive
machine-readable metadata is required to allow new consumers to reuse data for new
needs and applications, decades after those data were collected. It also requires enhanced
provenance metadata for tracing changes to names, editions, and parameters of analysis.
Principally, if data are not comprehensively and unambiguously described in a machine-
readable form, they have little benefit, regardless of whether they are published with open
access [23–28]. The adoption of FAIR data principles, a thorough review of literature reveals,
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is in its infancy in agricultural systems despite recognition of its value and development
of guidelines.

This study conducts a systematic literature review aimed at: (1) understanding the
adoption and use of FAIR data principles in the agriculture industry; (2) demonstrating
by what means the sub-indicator/characteristics of FAIR data complement sustainable
agricultural performance indicators, and the way the sustainability indicators assimilates
with the sustainable agricultural performance indicators; and (3) whether FAIR data have
impacted agricultural industry performance. Furthermore, this study uniquely describes
how the adoption of FAIR data contribute to sustainable agricultural (operational and
business) performance, by summarising the literature with comprehensive methodological
approaches that demonstrate FAIR data implementation processes. The research identifies
a social science research gap and suggests a method to guide agriculture practitioners
in identifying the specific barriers to making their data FAIR, and to duly analyse the
barriers to better understand and address the value propositions of adopting FAIR data
in agriculture.

2. Methodology

This systematic literature review follows more rigorous and transparent methodology,
following guidelines by Van der Knaap et al. [29], Moher et al. [30] and Koutsos et al. [31].

2.1. Scoping

This study attempts to answer two related research questions: To what extent have
FAIR data principles been adopted by the agricultural industry? and what role do FAIR
data principles play in agricultural performance?

The research uses the Web of Science digital database, initially created by the Institute
for Scientific Information (ISI) but now maintained by Clarivate [32], to search for more
authentic and comprehensive scientific literature. Considering the multidisciplinary nature
of FAIR data in agriculture, the search includes all the relevant Web of Science categories
and pertinent publications/journals. The broad literature search shows a clearer research
gap in this area, with no previous studies found that address the above research questions.

2.2. Planning

To find the qualified publications from the Web of Science, a far-reaching search
approach was carried out by using the most appropriate terms or keywords (given below),
combining with the Boolean operators (AND and OR). The search query we used is
as follows:

(“FAIR data” OR “FAIR data principles” OR “FAIR data guidelines” OR “ FAIR
principles” OR “FAIR guidelines” OR “findability” OR “accessibility” OR “inter-
operability” OR “reusability” OR “findable” OR “accessible” OR “interoperable”
OR “reusable” OR “datasets” OR “data sources”) AND (“metadata standards”
OR “metadata schema” OR “metadata schenes” OR “big date” OR “data man-
agement” OR “database”)

The search was limited by document type (article, review), years (2016–present) and
language (English). Following eligibility criteria, an additional search was conducted
through Google Scholar [33], applying the ‘snowballing’ (or ‘backward and forward snow-
ball’) technique [34]. The search was broadened because: (1) FAIR data are a relatively
new subject in the agriculture disciplines; and (2) agriculture is a multidimensional and
multidisciplinary subject that encompasses sociology, data science, economic, environ-
mental sciences, etc. The suitability criterium of the additional literature was assessed as
being peer-reviewed (approved by two independent reviewers), following Van derWindt
et al. [35] guidelines.

The selection criteria of the selected studies through the Web of Science were based on:
(1) the role of FAIR data towards agricultural performance; (2) the implementation of FAIR
data principles: i.e., applied research; (3) a comprehensive methodological approach, tools



Agriculture 2022, 12, 309 4 of 17

and/or rules, etc. To exclude studies not related to agricultural research (exclusion criteria),
the query results were refined by choosing most appropriate Web of Science categories:
(1) Agriculture Multidisciplinary; (2) Agriculture Dairy Animal Science; (3) Soil Science;
(4) Plant Sciences; (5) Green Sustainable Science Technology; and (6) Computer Science
Interdisciplinary Applications.

This review includes all the studies (with document type article, review) from the
last six years (2016–present) since the FAIR data principles were first published in 2016.
The search was confined to English language papers published by the top five publishing
houses, i.e., Elsevier, Springer Nature, MDPI, Wiley and Taylor & Francis, since that covered
most high-quality peer-reviewed papers.

At the initial stage, the total number of studies obtained was 1042. To further confine
the research focus to agriculture, the selection excluded numerous journals having entirely
different scope areas, for instance medical sciences, astronomy, industrial engineering,
computation and mathematics, etc. bringing the total number of studies to be assessed
to 469. There were five studies included through the ‘Google Scholar’ search. More
details are provided in the PRISMA (Preferred Reporting Items for Systematic reviews and
Meta-Analyses) statement (Figure 1).
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Figure 1. Systematic review based on PRISMA flowchart [30].

2.3. Identification/Search

Details of the studies found through the ‘advanced search option’ of the Web of Science
were exported into a reference manager (Endnote) and spreadsheet (Excel) for further
assessments. A Google Scholar search was again used to ensure that the maximum number
of relevant papers were captured, given the multidisciplinary and multidimensional nature
of the research objective. The snowballing technique was helpful for additional searching as
there was a limit on searching imposed in the Web of Science database. All studies obtained
from the search queries were fully checked based on their titles, abstracts, keywords, year
of publication and the research area and so on, to confirm their eligibility for inclusion.
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2.4. Screening

All the eligible literature found though the Web of Science and Google Scholar searches
were saved (with title, keywords, abstracts) in two separate files. Duplicates (3 studies)
were deleted. That resulted in 42 studies (full text) downloaded for a thorough assessment.

2.5. Eligibility/Assessment

The inclusion criteria comprise studies that: (1) cover the role of FAIR data in relation to
agricultural performance; (2) take a FAIR data approach to agricultural data; and (3) include
a comprehensive methodological segment on the practical implementation of FAIR data
principles. As shown in Figure 1, out of 469 studies, 45 records remained after being refined.
After deletion of duplicate studies, abstract reading and full-text skimming, there were
12 studies to be considered for full-text assessment.

Since the primary process of this systematic review has been to find studies that clearly
describe the role of FAIR data in relation to agricultural performance, as well as evidence
(i.e., a methodology approach) of the practical implementation of FAIR data principles, the
selected papers were assigned a strength of evidence based on a grading system, described
in Table 1:

Table 1. Strength of evidence based on a grading system.

Grade Criteria

Substantiated

include a clear role of FAIR data in relation to agricultural performance
include a comprehensive methodological approach that demonstrates
FAIR data implementation processes
scientific, evidence based, empirical, quantitative and/or case study

Partially substantiated

include a clear role of FAIR data in relation to agricultural performance
include a comprehensive methodological approach that demonstrates
FAIR data implementation processes
scientific, evidence based, empirical, quantitative and/or case study

Unsubstantiated studies discussing the role of FAIR data in other contexts and do not
qualify for the eligibility criteria

Finally, eight studies met the final appraisal criteria. The eight finalists were examined
and assessed for their strength of evidence. Of the final eight studies, two (N = 2 or 25%)
were graded as partially substantiated with the strength of evidence II, and six (N = 6
or 75%) were graded as substantiated with the strength of evidence I (Table 2). Average
citation rate of the included studies is calculated as 7.
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Table 2. Assessment of the selected studies based on their strength of evidence.

# Citation a Research Areas b

M
ethodology

Scientific

Em
pirical

C
ase

Study

D
escriptive

Evidence
c

Strength
of

Evidence
d

C
ited

by
e

1 Wijk et al. [36] Sci. and Tech;
Other topics * * * * +++ I 03

2 Harrison et al.
[37]

Agri.; Genetics
and Heredity * * * * +++ I 14

3 Dorich et al.
[38]

Sci. and Tech; Env.
Sci. & Ecology * * * * +++ I 05

4 Giuliani et al.
[39] Remote Sensing * * * * +++ I 19

5 Specka et al.
[40]

Computer Science;
Geology * * * * +++ I 02

6 Arnaud et al.
[41] Computer Science * * * * +++ I 04

7 Hackett et al.
[42] Plant Sciences * * * ++ II 01

8 Singh et al.
[43] Plant Sciences * * * ++ II 11

* Shows study descriptions (with respect to methodology, types) a Authors; b Web of Science research areas of the
included studies; c Substantiated (+++); Partially substantiated (++); Unsubstantiated (+); d Strength; e Citations.

In this literature review, the included studies were shortlisted based on the inclusion
criteria that were confined to the studies: (1) classified under the six Web of Science cat-
egories: Agriculture Multidisciplinary, Agriculture Dairy Animal Science, Soil Science,
Plant Sciences, Green Sustainable Science Technology and Computer Science Interdisci-
plinary Applications; (2) listed as article and/or review; (3) written in the English language;
(4) comprise applied implications of FAIR data, its implementation and comprehensive
methodological approach; (5) published with the top-ranked publishers, i.e., Elsevier,
Springer Nature, MDPI, Wiley and Taylor & Francis, in all the journals nominated for the
research area; and (6) published within last six (2016–present) years. There were three
studies selected through Google Scholar, using the snowballing search technique, based on
the reference lists of the studies obtained from Web of Science search. Notably, during our
literature review process, we found three studies, i.e., Capalbo et al. [15], Weersink et al. [11]
and Wolfert et al. [44], describing the importance of data/big data in the agricultural perfor-
mance without relating to FAIR data principles. Our search also found four research papers,
i.e., Koers et al. [45], Robinson et al. [46], Roitsch et al. [47], Ingram et al. [48] and Bahlo
et al. [49], recommending the adoption of FAIR data principles to enhance agricultural
performance, without explaining how or why. These papers do not meet the selections
criteria; hence, they were excluded during screening and eligibility processes.

It is acknowledged that farming is a multifaceted business with no ‘best bet’ or ‘one
method fits all’ solution due to the multiplicity of unforeseen factors. All the above
criteria may introduce bias in this systematic review that may influence or contrast with
the findings.
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2.6. Presentation/Interpretation

According to the Web of Science research areas, two studies were categorised under
‘Plant Sciences’, one listed under ‘Remote Sensing’, and five studies relates to Agriculture,
Science and Technology, Genetics & Heredity, Environmental Science, Ecology, and Geology
categories Moreover, the included eight studies have been published to different prominent
journals (Table 3).

Table 3. Web of science categories and journals included.

ID Web of Science Categories Journal

1 Multidisciplinary Sciences Scientific Data

2 Agri., Dairy & Animal Science; Genetics &
Heredity Animal Genetics

3 Green & Sustainable Science & Technology;
Env. Sci.

Current Opinion in Env.
Sustainability

4 Remote Sensing Int’l Journal of Applied Earth
Observation & Geoinformation

5 Computer Sci., Interdisciplinary
Applications; Geosciences, Multidisciplinary Computers & Geosciences

6
Computer Sci., Artificial Intelligence;
Computer Sci., Information Systems;

Computer Sci., Interdisciplinary Applications
Patterns

7 Plant Sciences Applications in Plant Sciences
8 Plant Sciences Trends in Plant Science

Although the trend is increasing (Figure 2), the minimal number of studies demon-
strates very slow adoption of FAIR data principles reported in agricultural research publica-
tions, which may reflect on the slow uptake by the agricultural researchers and practitioners.
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3. Findings

Since the publication of the FAIR data guidelines [23], there are only eight published
studies found through this systematic literature review approach of their adoption in agri-
cultural data. Though these studies confirm the significant role that FAIR data can have on
agricultural operational and business performance, the actual implementation of FAIR data
principles in the agricultural industry appears to be minimal. Figure 3 demonstrates indica-
tors, sub-indicators of FAIR data, their impacts on sustainable agriculture performance and
their assimilation with the sustainability framework [50,51]. The detailed analysis of the
final selected papers with respect to their objectives, roles towards agricultural performance,
scope and the sources or tools employed, is listed in Table 4.
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Table 4. Authors, objectives, and roles of FAIR data towards agricultural performance, scopes and
sources or tools in the included studies.

Author, Objective & Scope FAIR Data Role Towards Agricultural Performance

1. Wijk et al. [36]

Objective: To list a well-coherent and interoperable
dataset (following FAIR data principles) to help
standardization of agricultural household surveys
approach by collecting information on 758 variables, to
better quantify more than 40 different indicators on
farm and household characteristics, welfare,
productivity and economic performance.
Scope:
- In line with the rural household multiple

indicator survey (RHoMIS).
- A total of 21 countries in Central America,

sub-Saharan Africa and Asia.

Rural Household Multiple Indicator Survey (RHoMIS) aims to:

‚ promptly characterise a sequence of key indicators across the range
of agricultural products and off farm activities, together with
marketplace integration, nutrition, food security, poverty and
greenhouse gas (GHG) emissions.

‚ measure on- and off-farm paths to food security, various diets and
variations in poverty for rural smallholder farm households.

‚ attain sustainable development goals that require more improved
sustainable food production and development of rural economies.

‚ better understand the relationships between farming practices,
livelihood and the influences on farm performance and household
welfare that help with developing targeted investment to advance
in agronomic development. Trustworthy indicators at
farm-household level of both agri. performance and household
wellbeing help to better understand and model these relationships,
and to review, revise and update the strategy and execution of
intermediations involved officials through an extensive array of
changing geographies and socio-economic features.

‚ manage propagation of survey tools and indicators heading to
illogical, incoherent and un-interoperable datasets.
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Table 4. Cont.

Author, Objective & Scope FAIR Data Role Towards Agricultural Performance

2. Harrison et al. [37]

Objective: To develop high-quality and rich-supporting
metadata (in line with FAIR data guidelines) to
describe the project’s animals, specimens, cell cultures
and experimental assays.
Scope:
- Functional annotation of animal genomes

(FAANG) with an initial focus on farmed and
companion animals.

- UK, USA.

Functional annotation of animal genomes (FAANG) metadata helps in:

‚ creating sample and experiment metadata standards to enhance
data recording.

‚ standardising global vocabularies and or expressions by using
ontologies.

‚ utilising the wide-ranging livestock datasets produced outside of
the project by employing less rigorous legacy guidelines.

‚ developing authentication software to help the community in
fulfilling the metadata standards and to input their data to the
public archives, hence actively support the community.

‚ providing a community data portal that classifies all sample and
experimental datasets by using a single-focused user interface.

‚ successfully dealing with the challenges faced by the consumers in
creating infrastructure that mutually and efficiently coordinate
genome-to-phenotype research activities.

‚ maximising the usefulness and inter-comparison of assay data.
‚ creating a powerful genome-to-phenotype resource and supports

on-going developments in animal data standards as a whole, to
support the community.

3. Dorich et al. [38]

Objective: To create the Global N2O Database
(following FAIR data principles) to serve as a
repository for N2O datasets to be publicly available
data and for analytical advances.
Scope:
- Global N2O Database.
- Nitrous oxide emissions.
- Global.

The Global N2O Database deals with farming-oriented (nearly 20% of the
total global) GHG emissions and is likely to improve evaluations level by
improving annual N2O estimates. The Global Nitrous oxide (N2O)
Database aims to:

‚ improve Nitrous oxide (N2O) emission estimates that are primarily
obtained from agriculture and is an intoxicating greenhouse gas
(GHG) that is roughly 300 times more intense than CO2 and is the
most hazardous ozone-draining material.

‚ improve N2O assessments, detection of hotspots and alleviation
priority zones, and better interpretation of climate change
feedbacks.

‚ help with providing an opportunity for methods comparisons by
collecting exact data from all practices.

‚ provide value-added computation of annual emissions within a
monitoring, reporting and verification process (MRV) scheme for
enhanced policy making, for instance greenhouse gas exchanges
and to reduce N2O emissions.

‚ help to moderate and better prepare for climate change by
developing and verifying practical abatement strategies in the land
use sector, as agriculture has a cause and effect’ correlation with the
climate change.
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Table 4. Cont.

Author, Objective & Scope FAIR Data Role Towards Agricultural Performance

4. Giuliani et al. [39]

Objective: To develop an innovative, scalable and
flexible framework to monitor land degradation at
various scales by using various components of the
Global Earth observation system of systems (GEOSS)
platform to leverage EO resources.
Scope:
- Monitoring land degradation at various scales

system.
- Land degradation.
- Global.

Monitoring of land degradation at various (national, regional, global)
scales system, in accordance with the UN SDG 15.3.1 framework, is a
successful milestone that effectively embed science into the
decision-making process. This system enables users to use EO-based
resources more effectively and efficiently. It further aims to:

‚ reduce climate change and biodiversity losses, as well as ensuring
food security and sufficient provision of ecosystem services, at the
same time.

‚ produce multidisciplinary reliable knowledge on quantifiable
objectives, at different scales, in order to proficiently support
applied policymaking to ensure balanced functioning of the
ecosystem.

‚ achieve sustainable development goals (SDG) 15.3.1., by following
the data-information-knowledge pattern using the Trends.Earth
model [52] and several data sources to produce the indicator.

‚ provide more flexible and scalable version of Trends.Earth to
enhance decision-making processes and to scope of our planet, for
instance natural resources, etc.

‚ strengthen respective regional capacities to effectively assess and
map the degraded lands as per the UN sustainable development
goals (SDGs).

‚ institute ‘data analytics’ podia that can potentially help nations to
discover, access and use the necessary datasets to evaluate land
degradation.

5. Specka et al. [40]

Objective: To frame new model, BonaRes metadata
schema (following FAIR principles), by integrating the
INSPIRE and DataCite metadata schemas.
Scope:
- Model based on two schemas, i.e., INSPIRE and

DataCite metadata.
- The BonaRes metadata schema for geospatial

soil-agricultural research.
- Global.

In compliance with the INSPIRE and DataCite metadata schemes and
FAIR data principles, a modern research data management, BonaRes
metadata:

‚ supports cross-portal metadata interoperability with other
INSPIRE-compliant spatial data infrastructures (SDIs).

‚ increases the visibility and findability of researchers’ investigation,
as the data can be assigned a digital object identifier (DOI), which is
essential for data publications and data citations.

‚ allows targeted dataset queries and to better the discovery and
reusability of research data.

6. Arnaud et al. [41]

Objective: To annotate multidisciplinary research data
with the appropriate ontologies to stimulate the
ontology content to fill the gap rather than developing
completely new ontologies.
Scope:
- Consultative group on international agricultural

research (CGIAR) methodology.
- Multidisciplinary ontologies—Focuses on

ontologies in the fields of agronomy, crop,
environment, plant, and socio-economic.

- Global.

Annotation of and integrative, multifaceted, versatile, associative
research data with the most suitable ontologies aims to comply with the
FAIR data principles, and to strengthen the findability of data for further
reuse, hence adding to the return on investment (RoI) for information
collection and storage. It further aims to:

‚ provide most appropriate ontologies with more applicable and
reliable data control, including data stewardship, ownership and
robust policy.

‚ enhance technological structure (essential softwares, connectivity
and servers) that plays key role in arranging and classifying the
tangible data structures, i.e., ontologies, taxonomies and structured
vocabularies to finally form a supportable data management
system.

‚ exclusively increase the influence of agronomic research and
development (R&D) by following FAIR data guidelines to build
community trust level.



Agriculture 2022, 12, 309 11 of 17

Table 4. Cont.

Author, Objective & Scope FAIR Data Role Towards Agricultural Performance

7. Hackett et al. [42]

Objective: To present biodiversity data workflow, i.e.,
data collection and curation, from multiple sources
while abiding by FAIR data principles, to enable
researchers, managers, and policymakers to address
issues of global and future concern.
Scope:
- Biodiversity associated with globally vulnerable

prairie fen wetlands. Plant diversity research and
species-focused studies concerning the biology,
ecology and behaviour of the federally
endangered Poweshiek skipperling.

- Plant communities and the federally endangered
Poweshiek skipperling (Oarisma poweshiek).

- Michigan prairie Fens, USA.

Global biodiversity information facility (GBIF) data sets:

‚ help to deal with the heterogeneity of biodiversity data issues, faced
by data collections units, research and management communities,
by implementing FAIR data principles for large-scale research.

‚ provides new opportunities to better understand vibrant natural
systems and help establishing more applied data resource
management.

‚ successfully address specific queries in the fields of phylogenomics,
biogeography climatology, ecology and evolution, etc.

8. Singh et al. [43]

Objective: To develop a single database for annotated
plant stress images that supports FAIR principles (of
accessibility and reusability) to propose an overarching
strategy for utilizing ML techniques that methodically
enables the application of plant stress phenotyping at
multiple scales across different types of stresses,
program goals, and environments.
Scope:
- Plant stress phenotyping ‘plant stress severity’ to

encompass both biotic and abiotic stresses.
- Plant stress phenotyping, Maize plants.
- Iowa, USA.

Plant stress evaluations measure the visible signs and/or indications of
stress and its progress on different plant units (e.g., leaf, stem, or roots) at
the leaf, canopy, plot and field levels. A comprehensive database for
annotated plant stress images, embedded with FAIR data principles,
aims to:

‚ choose stress-resistant varieties and to develop better
stress-management schemes.

‚ standardise visual evaluations and to utilise imaging techniques to
better enhance the precision and trustworthiness of stress
assessment in contrast with single-handed visual measurement.

‚ enhance machine learning (ML) approaches combined with
image-based phenotyping to get up-to-date insights from highly
organised, annotated (supported with explanations and/or
comments), and high-dimensional (provided with the staggeringly
higher number of dimensions) datasets across wide-ranging
stresses and crops.

‚ concurrently build up the pace, precision, trustworthiness and
scalability of stress phenotyping, and agility for highly varying
program objectives; whereas innovative ML algorithms offer
extended plant stress phenotyping techniques to deal with these
challenges.

‚ advance mechanisation and accuracy of plant stress gravity
evaluations that improve the proportion of genetic gain within
crops, providing comprehensive management approaches. Notably,
stress gravity evaluations in plants are important for appraising
management strategies, plant breeding choice approaches and
checking novel varieties for their capacity to alleviate crop damages.
Additionally, efficiently quantify plant traits under different
environmental circumstances with a stipulated precision and
accuracy at various scales from organs to canopies.

Sustainable and enhanced agricultural production highly rely on the farming strategies,
methods and decision making made by the stakeholders [5,6,53]. Accomplishment of FAIR
data principles ensures data findability, accessibility, interoperability and reusability that
extensively contributes better decision making towards both the operations and business
management. Figure 3 demonstrates on how the sub-indicator/characteristics of FAIR
data lead to sustainable agricultural performance indicators, and the way the sustainability
indicators assimilate with the sustainable agricultural performance indicators, ultimately
complementing the sustainability triple bottom line framework.
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4. Discussion

The analysis of papers found through this systematic literature review clearly demon-
strate that the provision of FAIR data can help improve agriculture operational and business
performances. The multidimensional challenges in agriculture demand better decision
making, which in turn relies on better access to data for wiser decision making. In this
regard, a big responsibility lies on the shoulders of the stakeholders, i.e., farmers, farm
managers, agronomists, service providers, researchers, etc. to make their data FAIR.

However, the systematic literature review also found only a few documented cases
of practical examples that relate FAIR data to agricultural performance. While there may
be many reasons for the low number of published case studies of adoption of FAIR data
in agriculture, this review strongly indicates a need for social science research to explore
what those reasons may be. Clearly, the stakeholders’ value propositions for the adoption
of FAIR data in agriculture need to be better understood.

In accordance with Rogers’ [54], diffusion of innovation theory simply having knowl-
edge of a new idea is not enough. By and large, informative individuals go through a
persuasion stage to build either positive or negative attitudes towards the new idea, in
accordance with innovation decision processes. Every novel idea carries a certain level
of hesitation as the individual consumers of various personality types weigh up their
appetite for risk and capacity for adopting change and so on. It is keenly realised that
researchers should incorporate and comprehend the farmers’ social perspectives, seeing
that the comprehension of attitude and social capacity are the key indicators towards viable
agriculture and central to better explore the community attitudes and behaviour [55,56].

Firstly, agriculture practitioners’ attitude towards data and data sources in addition
to their capability to employ the information are critical factors for the useful utilisation
of those data [57,58]. Data are key in decision making [27], whereas the practitioners’
attitude towards data authenticity, data source, its genuineness and applicability are critical
factors towards its usefulness [57,58]. Secondly, practitioners and stakeholders play their
respective roles towards the betterment of agriculture. If agricultural data—as a key input
in decision-making—are not findable, and accessible, they will be of no use even though
they are well researched. Stakeholders’ data comprehension and knowledge exchange at
all levels are important factors towards agricultural improvement [59]. If the data are not
comprehendible to the end-users, they will not be used in accordance with the notion of
the behavioural economics [60]. Thirdly, the available agriculture data are found disparate,
disorganised and disarrayed [61]. The required datasets are either not available [62,63] or
the consumers are provided with restricted and/or limited access [19].

Theory of reasoned action (TRA) uncovers that an individual’s objective and decision
making depends upon the level of information or data they have [64]. Stakeholders’
knowledge building, including that of FAIR data, is essential. In this way, those with
limited or no technical knowledge are asked to educate themselves with the emerging
technology to better adapt with the modern advancements. Adoption of digital agriculture
in general, and the adoption of FAIR data principles in particular, are facing several
challenges. Politically, in Australia for instance, digital agriculture needs more proactive
steps towards policy making, cooperation, administration and cross industry collaboration.
Socially, digital literacy among all the key stakeholders can play a vital role to better
comprehend value proposition of digital agriculture, and to bridge the trust gap between
consumers, technology providers and data custodians. While device connectivity and the
required data input are key prerequisites to make the technology work, the lack of mobile
connectivity and internet telecommunications infrastructure, and limited or no access to
the required data, curtail practitioners to use the technology at its best [65]. Economically,
the Australian agriculture sector estimates an increase by 42% in its technology-oriented
capital by 2030, whereas the farming sector needs to adopt the latest farming technologies
and techniques to meet future production demands. Digital agriculture can add a gross
value of AUD 20.3 billion [63], while better agricultural planning and appropriate farming
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techniques have a potential to further supplement AUD 100 billion to the Australian
economy by 2030 [66].

The provision of FAIR data is a well-documented constraint in modern agricul-
ture [19,67,68], but there is little to no research on why FAIR data are not made available. If
FAIR data are widely regarded as important, why is it not widely adopted? Is stakeholders’
knowledge and perception towards FAIR data a barrier? To comprehend these questions,
a FAIR data process flowchart has been devised as a guiding template to direct the social
research. Using plain language, this flowchart attempts to step an agricultural practitioner
through the requirements for FAIR data to ascertain where they perceive barriers and
difficulties in adopting FAIR data processes.

The flowchart (Figure 4) intends to test the extents to which each of the required FAIR
data components (findability, accessibility, interoperability, reusability) present barriers to
adoption, whether these barriers are equally distributed across the four components and
whether there are specific steps within each component that present higher barriers than
others. By troubleshooting the specific barriers of each requirement, the value propositions
of adopting FAIR data in agriculture can be better understood and addressed.
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5. Conclusions

The advent of digital agriculture has provided agricultural practitioners with access
to a plethora of internet resources, sensors and applications for decision support in their
operations and businesses. The FAIR data principles were designed to address the challenge
of how to harness the increasing volume of disparate, but relevant data to improve decision
making and enhance agricultural performance. This systematic literature review reinforces
this hypothesis but finds very few published examples of how adopting the principles
are related to agricultural performance, indicating that the value proposition is yet to be
realised. To explore this tardiness will require social science research to find the specific
barriers in making data findable, accessible, interoperable and reusable, so that benefits of
digital agricultural can be more broadly gained.
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