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The US agriculture and food systems research and education system remains the envy of the world, and the US Department of Agriculture
and the Land-Grant University system lead the public and private partnerships that have improved agricultural productivity and human health
phenomenally for over 160 years. The continuation of these improvements relies on equitable access to trustworthy data—particularly in genetics
and phenomics—and the ability to leverage such data to address future scientific challenges. In this article, we discuss the growing need in
agriculture for phenomic databases that follow findable, accessible, interoperable, and reproducible data (FAIR) guidelines, as well as the need
for public policy supporting a sustainable funding model for these databases.
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1. Needs for phenomic databases in
agriculture

The US Department of Agriculture (USDA) and the Land-
Grant University system lead the public and private partner-
ships that have improved agricultural productivity and human
health. The increases in crop yields, animal production,
safety, healthfulness, and food security for people in the
USA and around the world are astounding. Our system was
built on cooperation and coordination between the public
sector and private enterprise. The US agriculture and food
systems research and education system remains the envy of
the world and attracts the best from around the globe. We can
produce food in sufficient amounts for global needs, yet there
are gains to be made in productive efficiency. The system
is immensely complicated, but a foundational requirement
is gathering, validating, curating, storing, and using data.
An underlying knowledge base of genetics (genome) and
phenotypes (phenome) is critical. Therefore, this article
focuses on one key part of that complex system, the phenomics
of agricultural plants and animals. Phenomics refers to the
systematic study of the traits of organisms. It is just one
part of the need for findable, accessible, interoperable, and
reproducible data (FAIR) (Wilkinson et al. 2016) in support
of agriculture and food systems.

It is paramount to understand that not only scientists ben-
efit from data sharing. We are serving people, all people. The
growing requests from farmers and farm groups, businesses,
and consumers for access to publicly supported research and
information, and the recent Congress and Administration
policy and funding support for such access, demonstrate
broad potential benefit. This article will focus on the work
on phenomics, but the needs and approach reach across all
aspects of food and agriculture.

1.1 Addressing challenges in food production

Improved breeding methods have been phenomenally suc-
cessful (Schultz et al. 2020; Kaniuka 2023); however, these
approaches are slow, resource intensive, and limited in scope.
It remains a challenge to predict how a specific crop or
breed will perform under different environmental conditions
(Rahman et al. 2015). The cost of including multiple geno-
types and environments has, in many cases, resulted in studies
with a decrease in the number of samples and an increase in
the data collection per sample. This has reduced the power
of comparison and the applicability of the results. Research
to solve today’s and tomorrow’s problems requires serious
investment in larger scale studies for usable knowledge.
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In addition to phenotypic data acquisition and correlation
of phenotypes with genetic data, more complex analyses of
both genomic and phenotypic data will require additional
resources and skills than currently available (Houle et al.
2010). The integration of phenotype data with genomic infor-
mation enables more precise selection of desirable traits and
easier reuse and validation of previous data, accelerating
the development of high-performing crop varieties and live-
stock breeds. Phenomic databases enable the systematic col-
lection and use of data on crop and livestock traits such as
plant growth patterns, root structure, drought tolerance, post-
harvest quality, milk yield, and meat quality, with metadata
meeting current scientific standards. These traits have signif-
icant economic value; breeding to optimize these traits can
contribute significantly to food and feed security.

1.2 Understanding genotype–environment
interactions

The interaction between an organism’s genetics and its envi-
ronment (G × E) is fundamental to agriculture and our
understanding of ecological and environmental adaptabil-
ity. There is often not a direct link between a variant in a
genome and an observable phenotypic trait; most key traits
are polygenic, resulting in several phenotypic variations. The
use of phenomics databases, integrated with genetic/genomic
databases, is imperative to determine the key G × E rela-
tionships between soil quality, temperature, light, nutrition,
humidity, and disease pressures that influence plant and ani-
mal traits. Using high-throughput tools such as drones, sen-
sors, and artificial intelligence/machine learning (AI/ML) for
large-scale, automated trait collection will be required (Kopeć,
2024). Sample processing remains slow in relation to the speed
of application and improvement (Houle et al. 2010). Making
phenotyping data FAIR is the best way to maximize the
scientific and social return on the investment in phenotyping
research, teaching, and application.

1.3 Enhancing agricultural sustainability and
resiliency

Phenomic databases can significantly increase agricultural
sustainability, maintaining productive and resilient systems
regardless of changes in production or climate patterns or
economic vagaries. By analysing how plants and animals
respond to input levels in different environments, varieties that
need less water or nutrients, or are more resistant to stress
or disease, can be identified. This contributes to agricultural
sustainability by reducing the use of natural or chemical inputs
(Kant et al. 2011; Seleiman et al. 2021). One impressive exam-
ple of the application of phenotypic knowledge is a camera-
guided, laser-equipped weeding machine (Carbon Robotics
2025). The machine stores data on the weed phenotype and
then moves down the field, using the camera and the database
to direct a laser beam to the weed with the precision of the
actual size of the seed. This represents how direct on-farm
application of FAIR phenomic data is here, now.

Using high-throughput data from satellites and sensors,
phenomic-based technologies can facilitate the management
of livestock and crops specific to a geographic area or
environment and increase productivity by reducing the
amount of input. Phenomic tools increase water use efficiency
in plants and reduce methane emission levels in animals (Islam
et al. 2020). By monitoring plant and animal responses in real
time, farmers can make data-driven decisions on irrigation,

fertilization, feed, and pest control, reducing environmental
impact while maintaining productivity (Ghamkhar et al.
2025). AI models contribute to biodiversity conservation
and sustainability by analysing historical phenotypic data
and environmental conditions to predict various parameters
such as seed viability rate, disease resistance, reproductive
efficiency, and adaptability of indigenous breeds to climate
stressors (Tuia et al. 2022).

2. Development of phenomic databases

In this section, we present summary details on the technical
breadth and expertise and methods needed for such a suc-
cessful system. Developing robust phenomic databases neces-
sitates multidisciplinary coordination that integrates cutting-
edge technologies such as data curation, geospatial data sci-
ence, computational infrastructure, and agricultural science.

2.1 Data acquisition technologies

Modern phenomic databases rely on diverse technologies to
capture phenotypic traits at scale. Technologies for generating
high-throughput phenotyping data in recent years include
field-based platforms such as Uncrewed Aerial Vehicles
(Chang et al. 2017) and autonomous rovers (Madec et al.
2017), controlled-environment systems (Jiang and Yang
2022), and lab-based sensors (Bogati et al. 2023). These
systems generate multimodal data including RGB (red, green,
blue), multispectral/hyperspectral, light detection and ranging
point clouds, and X-ray computed tomography scan data.
Airborne and spaceborne remote sensing further enable
macro-scale phenotyping measurements. The Internet of
Things devices facilitate monitoring of field conditions such
as temperature and soil moisture; these data are often boosted
by edge computing to enable real-time field management in
conjunction with robotics to automate data collection for
consistency.

2.2 Database processing, architecture, and
storage solutions

Seamless data use requires thorough processing to ensure
compatibility across the system, including sensor calibration
and noise reduction, geometric and radiometric corrections,
and normalization across devices or environments. It is essen-
tial to have well-documented processing steps included in
the metadata to maintain contextual relevance and prevent
potential confusion in the use of phenotypic data.

Scalable storage architectures are essential to handle large-
volume datasets. Early adopters of these technologies stored
the collected phenomic data in local storage solutions, but
this option is quickly becoming obsolete. Recently, hybrid
solutions that combine cloud-based systems (e.g. AWS, Google
Cloud) for flexibility with on-premises servers for sensitive
data are gaining popularity. Various database architectures
are utilized to store big phenomic data. For example, rela-
tional databases (e.g. PostgreSQL) manage structured meta-
data, whereas NoSQL systems (e.g. MongoDB) store hetero-
geneous data types, such as images and time series. Alter-
natively, data lakes are often used to aggregate raw and
processed datasets, with hierarchical storage tiers optimizing
cost and access speed.

2.3 Data standardization

Interoperability demands adherence to standards. The ‘pheno-
type community’ is still in the early stages of establishing such
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standards. The Minimum Information About Plant Pheno-
typing Experiments (MIAPPE) initiative (Papoutsoglou et al.
2020) is the first of its kind, being an open and community-
driven data standard aimed at harmonizing data from plant
phenotyping experiments. The MIAPPE provides a specifica-
tion that includes a checklist and a data model of the metadata
required to adequately describe plant phenotyping experi-
ments. FAIRsharing (Sansone et al. 2019) is a platform for up-
to-date information about relevant standards (like MIAPPE),
databases, and policies that promote the discoverability and
reuse of research data (Goble et al. 2020).

Many factors can limit standards adoption, including insuf-
ficient communication with researchers, poor language defini-
tions, resistance to change, and non-enforcement by journals
and scientific societies. Information availability and educa-
tion around best data practices remain a significant obstacle
to data publication and public access. Creating a helpful,
dependable data service that community members desire will
also improve FAIR goals and standards adoption (Wilkinson
et al. 2016). A centralized platform built on quality data
standards encourages the community to establish and adopt
robust biocuration practices. Research conducted through
accessing these databases will enable researchers to add data
to this platform, thus increasing the quality of available data
to the community (e.g. Brown et al. 2021; Woodhouse et al.
2021; Gladman et al. 2022; Peng et al. 2023; Hislop et al.
2024). Educating the community about standard practices
and citation when accessing public data increases participa-
tion from data generators (Shanahan et al. 2021) and stresses
the importance and consistency of FAIR standards in research,
workforce development and application.

2.4 Collaborative framework and open-source
platforms

Open-source ecosystems accelerate responsible and relevant
database development. Projects like CyVerse (Swetnam et al.
2024), PHENET (Wibberg 2024), and Data to Science (Jung
et al. 2024) provide shared infrastructure, while platforms
such as Breeding API (BrAPI) (Selby et al. 2019) enable
interoperable data exchange. The Agricultural Genome to
Phenome Initiative (AG2PI) (Tuggle et al. 2022) is a major
research effort funded by the USDA National Institute of Food
and Agriculture (NIFA) aimed at developing a framework for
integrating genomic and phenomic data across diverse agri-
cultural species. The initiative fosters collaboration between
plant and animal scientists, ensuring that data collection
methodologies and analytical tools are standardized. Fur-
thermore, the International Plant Phenotyping Network and
its regional partners are working together to increase the
visibility and impact of plant phenotyping while enabling
cooperation by fostering communication between stakehold-
ers in academia and industry.

2.5 Genotyping platforms

Decreases in cost have increased integration of genotyping
data, and combining genotyping and phenotyping has
emerged as a popular multi-omics approach to studying
genotyping. The integration of genotype and phenotype is
a core requirement of solving complex problems in food
production. The creation of mid- and high-density genotyping
panels across various agricultural commodities permits
rapid identification and selection of accessions, strains,

cultivars, and stocks for breeding programmes and basic
functional research. Single nucleotide polymorphism (SNP)
or microsatellite genotyping arrays have been generated for
blueberries (Clare et al. 2024), alfalfa (Medina et al. 2025),
potato (Ellis et al. 2018), and cattle (Reverter et al. 2020).
Development of these tools required collecting decentralized
information from multiple sources, including classification
of sample phenotypes using potentially non-standardized
ontologies. Centralizing phenotypic data allows data stan-
dardization, enabling relationships to existing genotypic
database samples, removing complications associated with
data processing, and streamlining the process.

3. Benefits of improved phenotyping and trait
discovery

Database interoperability and reproducibility rely on stan-
dardized ontologies, sample collection and processing, and
metadata documentation. Creating phenomic databases that
embody these features enables trait discovery programmes
to use the data for AI/ML approaches. Genetic mark-
ers were identified through machine learning approaches
using standardized morphological data from genome-wide
association studies and a SNP genotyping panel (Medina
et al. 2024). Open data access stimulates innovation in
phenotyping, machine learning, data mining, and network
analysis by reducing the cost of research and leveraging
previous investments for novel discoveries. Bioinformatic
and computer science tools rely on publicly available
data. Benchmark datasets provide essential performance
metrics and openly available datasets provide experimentally
confirmed datasets that otherwise would be lacking in many
research areas (Friedrich and Friede 2023). Tools for exploring
genomics data platforms provide utility and ease of targeting
specific information whose development would not be
possible without existing data repositories (Shiell et al. 2025).

Integration of curated phenotyping data advances and
strengthens many areas of science. With pangenomics,
having quantitative and reproducible phenotypic data allows
researchers to properly subset populations for trait discovery
and breeding programmes. In crop trait discovery, numerous
diversity and breeding populations are developed to optimize
traits such as cold tolerance, disease resistance, biomass,
flowering time, and/or grain/fruit traits (Visakh et al. 2024).
Understanding the metadata of the original experiments
and identifying these traits provide essential information for
correctly identifying and studying phenotypic traits. Providing
and maintaining a centralized phenotyping platform offers
benefits to the broader scientific community to better serve
the wider global community.

3.1 Existing phenotypic databases’ impact on the
scientific community

Phenotypic databases provide an invaluable resource for
the scientific community, which supports the application in
the field. The cellular phenomics databases supported by
European Molecular Biology Laboratory (EMBL) provide
a centralized database for Homo sapiens and Drosophila
melanogaster with open access and indexable data (Kirsanova
et al. 2015). The existence of this phenomics database
enables shared phenotypic results in the research community,
provides a maintained platform for authors to submit their
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data, provides credits to authors who submit their data,
and encourages sharing between researchers, which overall
improves the data quality within the scientific community
(Burel et al. 2015). Generating phenotypic databases provides
a resource for cataloguing known and unknown phenotypes,
spurring innovation (Brookes and Robinson 2015). Access to
supported and maintained phenotypic databases relevant to
agriculture, with standardized formats, regular updates, and
user support is required for the innovation we need.

Reliable and consistent data collection, trait descriptors,
standardization, and metadata improve the agricultural
framework for stakeholders. Germplasm repositories, such as
the USDA National Plant Germplasm System and the USDA
Animal Germplasm Program, ingest standardized ontologies
and phenotypic data for various germplasm (Blackburn et al.
2019; Volk et al. 2021). These types of features improve pre-
breeding and gene discovery through genomics studies. Dense
morphological data benefits collection management, pro-
viding curators with additional methods to check processes
and ensure accurate germplasm validation and classification
during storage and propagation. Genotyping panels improve
repository collections by ensuring proper sampling of genetic
variation (Park et al. 2021; Berry and Spangler 2023).

3.2 Integration with other databases

The problems of the agricultural and food systems are global,
and thus the research and education needs are complex. We
already coordinate several databases in agricultural, business,
and medical contexts, so there are examples to learn from
and build on. Areas such as food yield and production, food
distribution and waste, and consumer preferences and spend-
ing are all examples of connected systems. FAIR access to
these connected databases will be a requirement. The authors
assume as given that the present uses of AI will develop into
further and more rapid expansion of uses of AI across the
board: AI/ML will be essential to fast and economic use of
integrated databases (NASEM 2024a,b; National Academy of
Medicine, 2025).

Phenomic databases translate complex genetic informa-
tion into observable traits and are a hub for the integration
of environmental metrics that affect target traits such as
soil properties, weather metrics, and greenhouse gas con-
centrations. Integrating these datasets helps identify gene-
trait associations and develop predictive models for breeding
and trait selection. By linking phenotypic data with produc-
tion databases, researchers and industry professionals can
refine best management practices. Phenomic databases can
contribute to post-harvest management by improving quality
assessment techniques. Machine learning models can predict
fruit ripeness, optimize storage conditions, and reduce food
spoilage throughout the supply chain.

Innovation in phenotypic data repositories would improve
the overall computational landscape by enabling genotypic
by phenotypic analysis. Improvements to phenotypic data
collection such as imaging, segmentation, and data processing
have increased access to collecting quality phenotypic data
(Onnela 2021). The increase in phenotypic data collection
has highlighted the lack of appropriate database structures
such as those that exist for other data types such as
genomics, metabolomics, and transcriptomics. Integrating
phenotypic data with microbiome, transcriptomics, and
genomics data provides a more comprehensive picture of
the organism’s expression (Yang et al. 2021; Zhang et al.

2025). Database integration has long been an issue due to
differences in nomenclature (Feng et al. 2022). The Universal
Protein Resource (UniProt) (Bairoch et al. 2005; Rigden
and Fernández 2022) provides an example of the data
alignment between nomenclature done well. Nuances in
database integration require meticulous curation by dedicated
personnel; done correctly, this would be a massive benefit to
our key beneficiaries: people who eat.

4. Policy to support and sustain agricultural
phenomic databases

To successfully integrate databases to support agriculture, we
have identified several obstacles and limitations including a
lack of data, standardization, and quality; infrastructure lim-
itations for accessibility or sharing; and inadequate policies,
funding and management. A continued and expanded public
and private partnership, combining government policy that
supports research, acquisition, curation, storage and free use
of data with the expertise of application and commercializa-
tion, has been the cornerstone of agricultural and food systems
improvement. No single part of society, nor single country, did
it alone, nor can they in the future. Plant and animal breeding
organizations and commercial businesses, American agricul-
ture businesses, veterinary medical associations and pharma-
ceutical businesses, chemicals and machinery improvements,
and global cooperatives have all been the result of publicly
funded research resulting in free use data, which can then
be leveraged as appropriate to bring a product or service
into use. Federally funded agricultural research and education
have stimulated many jobs and economic activity, and sup-
ported towns, schools, counties and families. One successful
example of development of critical research infrastructure
in areas such as phenomics is the Horizon Europe strategy
for research and technology infrastructures (European Com-
mission: Directorate-General for Research and Innovation
2024). This strategy and its associated funding opportunities
promote and support research data and services for national
competitiveness.

The National Agricultural Statistics Service gathers infor-
mation on a broad scale and is in high demand across the
agricultural research, education, application and management
system. The NIH NCBI is the prime example of a knowledge
database (Pubmed) and specific research databases (Genbank)
which are funded by taxpayer dollars at a very low cost rela-
tive to return. The success of crop and animal improvement is
all based on a combination of forward-thinking government
policies and funding; national and international commodity
associations and economic development organizations; user
fees (checkoffs); and commercial development and sales. Pol-
icy that can adequately support the rate of knowledge acquisi-
tion and application for the food systems of the future must be
supported by cogent laws, regulations, tax structures, research
spending and education of the workforce. This is consistent
with strengthening the Land Grant University System, stream-
lining regulations, encouraging and supporting coordination
and collaboration among university scientists, private indus-
try, breed associations, and non-governmental organizations
as was called for in the National Academies Board on Agricul-
ture and Natural Resources Consensus Study (NASEM 2022).

Another key step forward was the 2022 Office of Science
and Technology Policy (OSTP) ‘Nelson’ memorandum which
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directed that federally funded research data should be made
openly accessible. This policy fosters transparency, encourages
collaboration, and ensures that phenomic data can be lever-
aged by researchers, industry professionals, and policymakers
to drive innovation. It is paramount that we, as scientists and
teachers and consumers, continue to encourage Congress and
the Administration to support these plans to their completion
and implementation.

5. Conclusions and recommendations

Phenomic databases are transforming agriculture by pro-
viding a comprehensive understanding of how genetic and
environmental factors shape plant and animal traits. Their
integration with genomics, precision agriculture, and food dis-
tribution systems offers numerous benefits, from improving
breeding programmes to reducing food waste. The develop-
ment of phenomic databases is not without significant hur-
dles. Key challenges include data heterogeneity, computational
costs, and open data accessibility. Recent advancements in
computational frameworks and interdisciplinary collabora-
tion are paving the way for scalable, equitable solutions. High-
performance computing and open access phenomic databases
may provide breakthroughs in processing speed and enable
advanced AI/ML model development. These techniques, pro-
cesses, and systems are not ‘extras that would be nice to
have’ but absolute requirements to study, predict, prevent, and
respond to our changing agriculture and food systems.

As our data technology evolves, the potential of phenomic
databases will only grow. Public policies, such as the OSTP
memorandum, play a crucial role in ensuring that phenomic
data remains accessible, fostering collaboration across scien-
tific disciplines and supporting sustainable agriculture. The
expansion and refinement of phenomic databases will be
essential for addressing global food security challenges and
advancing a more resilient and efficient food production
system.
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