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Abstract

Our study focused on plant breeding, from traditional methods to the present most advanced genetic and data-driven concepts. Con-
ventional breeding techniques, such as mass selection and cross-breeding, have been instrumental in crop improvement, although they
possess inherent limitations in precision and efficiency. Advanced molecular methods allow breeders to improve crops quicker by more
accurately targeting specific traits. Data analytics and information technology (IT) are crucial in modern plant breeding, providing
tools for data management, analysis, and interpretation of large volumes of data from genomic, phenotypic, and environmental sources.
Meanwhile, emerging technologies in machine learning, high-throughput phenotyping, and the Internet of Things (IoT) provide real-time
insights into the performance and responses of plants to environmental variables, enabling precision breeding. These tools will allow
breeders to select complex traits related to yield, disease resistance, and abiotic stress tolerance more precisely and effectively. More-
over, this data-driven approach will enable breeders to use resources judiciously and make crops resilient, thus contributing to sustainable
agriculture. Data analytics integrated into IT will enhance traditional breeding and other key applications in sustainable agriculture, such
as crop yield improvement, biofortification, and climate change adaptation. This review aims to highlight the role of interdisciplinary
collaboration among breeders, data scientists, and agronomists in absorbing these technologies. Further, this review discusses the future
trends that will make plant breeding even more effective with this new wave of artificial intelligence (AI), blockchain, and collaborative
platforms, bringing new data transparency, collaboration, and predictability levels. Data and IT-based breeding will greatly contribute to
future global food security and sustainable food production. Thus, creating high-performing, resource-efficient crops will be the foun-
dation of a future agricultural vision that balances environmental care. More technological integration in plant breeding is needed for
resilient and sustainable food systems to handle the growing population and changing climate challenges.
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1. Introduction

Plant breeding has been a cornerstone of agricul-
ture, continuously evolving to meet the demands of food
security, environmental adaptability, and crop improve-
ment. Initially, plant breeding relied heavily on traditional
methods, such as mass selection and crossbreeding, where
plants with favorable traits were selected for propagation
[1]. These methods allowed for the gradual accumulation
of beneficial characteristics within a plant population, al-
though they required multiple generations to achieve de-
sired outcomes. Mass selection, one of the earliest tech-
niques, involved selecting and cultivating plants with de-
sirable traits from a large population, while pure-line se-
lection improved genetic uniformity by using single supe-
rior plants as the basis for new crops [2]. The develop-
ment of Mendelian genetics in the 19th century marked a

turning point in plant breeding by introducing genetic prin-
ciples that allowed for the prediction of trait inheritance
[3]. Mendel’s discoveries laid the groundwork for quantita-
tive genetics, which enabled breeders to focus on complex
traits like yield and disease resistance, accelerating crop
improvement [4]. The advent of hybridization techniques
further revolutionized plant breeding in the 20th century
by combining desirable traits from different parent plants,
leading to the development of hybrids with enhanced pro-
ductivity and resilience [5]. With the rise of biotechnol-
ogy in the latter half of the 20th century, genetic trans-
formation technologies, such as Agrobacterium-mediated
transformation, allowing for the insertion of specific genes
into plant genomes, achieving precise trait modification [6].
The introduction of genome editing technologies like clus-
tered regularly interspaced short palindromic repeats and
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CRISPR-associated protein 9 (CRISPR-Cas9) in the 21st
century has added another layer of precision, enabling the
targeted alteration of plant DNA without introducing for-
eign genes [7]. These advanced tools have drastically re-
duced the time required for trait development and offer un-
paralleled control over crop characteristics [8].

However, the integration of data analytics and infor-
mation technology (IT) into plant breeding represents a
transformative shift in the field, allowing for more pre-
cise, data-driven approaches to crop improvement. The use
of big data, artificial intelligence (AI), and machine learn-
ing (ML) in plant breeding has enabled breeders to analyze
complex datasets from genomic, phenotypic, and environ-
mental sources, facilitating marker-assisted selection and
genomic selection [9,10]. By leveraging large-scale data,
breeders can now predict and identify desirable traits with
greater accuracy, accelerating the breeding process and re-
ducing the cost associated with traditional breeding cycles
[11]. Information technology supports real-time data col-
lection and analysis, particularly through high-throughput
phenotyping platforms that capture extensive phenotypic
data, allowing breeders to evaluate a vast number of plants
under various environmental conditions [12]. Additionally,
IT facilitates data storage and sharing, enabling collabo-
ration across institutions and geographic boundaries, thus
enhancing the scalability of breeding programs [13]. The
combination of data analytics and IT in plant breeding has
ushered in an era of precision breeding, where specific ge-
netic markers associated with advantageous traits can be
targeted, creating crops that are not only high-yielding but
also resilient to biotic and abiotic stresses. By synthesiz-
ing recent innovations in plant breeding and the role of
data-driven technologies, this review seeks to provide a
comprehensive perspective on how merging breeding tech-
niques with data analytics and IT can contribute to global
food security, improve crop resilience, and foster environ-
mentally sustainable farming. The insights from this re-
view aim to guide future research and applications in data-
driven plant breeding, helping to create adaptive and effi-
cient crop breeding strategies suited to the demands of a
rapidly changing world.

This review aims to provide an in-depth examination
of advancements in plant breeding techniques, with a spe-
cific focus on the integration of data analytics and IT. The
scope of the review encompasses both traditional and mod-
ern breeding methods, exploring how these methodologies
have evolved to meet the challenges of contemporary agri-
culture. Key objectives include (i) examining the history
and development of plant breeding techniques, from mass
selection to genome editing; (ii) discussing the transforma-
tive role of data analytics and IT in accelerating breeding
cycles and enhancing precision; and (iii) highlighting the
applications and potential of these integrated approaches for
sustainable agricultural practices.

2. Traditional and Advanced Plant Breeding
Techniques

Traditional plant breeding methods have been the
foundation of crop improvement for centuries, primarily in-
volving mass selection and hybridization to enhance desir-
able traits. The progression of plant breeding techniques,
from traditional methods like mass selection and cross-
breeding to advanced methods such as CRISPR/Cas9 and
synthetic biology (Fig. 1). Thus, the mass selection, one of
the oldest methods, involves selecting a group of superior
plants from a population based on observable characteris-
tics, such as yield or resistance, and then cultivating seeds
from these plants to enhance trait frequency in subsequent
generations [1]. While effective for traits controlled by a
few genes, the mass selection is limited by its low precision
and is typically slow, often requiring multiple generations
to achieve significant improvements [14]. Hybridization
is another traditional breeding method that gained promi-
nence in the 20th century and involves cross-breeding two
genetically distinct parents to combine advantageous traits
in their offspring [5]. Hybrid vigor, or heterosis, is fre-
quently observed in these crosses, resulting in hybrids with
higher productivity, disease resistance, or stress tolerance
compared to their parents [4]. However, hybridization can
be labor-intensive and time-consuming, as it may take sev-
eral generations to stabilize desired traits within a new hy-
brid population (Fig. 2). Moreover, both mass selection
and hybridization are limited by their reliance on the natu-
ral genetic variation within a species, restricting the poten-
tial for introducing entirely new traits. The development
of molecular biology and biotechnology has introduced a
new era of modern breeding techniques that include ge-
netic transformation, genome editing, and marker-assisted
selection (Fig. 1). These techniques enable breeders to ma-
nipulate plant genomes directly, allowing for precise trait
selection that is often impossible to achieve through tradi-
tional breeding alone. Genetic transformation, particularly
Agrobacterium-mediated transformation, allows for the in-
sertion of specific genes into plant genomes, bypassing the
need for conventional breeding cycles [6]. This technique
has enabled the development of genetically modified (GM)
crops with traits such as herbicide tolerance, pest resistance,
and improved nutritional content, which has had a signif-
icant impact on global agriculture [15]. While effective,
genetic transformation has faced public resistance and reg-
ulatory scrutiny in many regions, limiting its widespread
adoption.

Furthermore, genome editing technologies, especially
CRISPR-Cas9, have further refined genetic manipulation
by allowing targeted modifications to specific genes within
a plant’s DNA [16]. Unlike genetic transformation, genome
editing can make precise alterations without introducing
foreign DNA, making it both a faster and more publicly ac-
ceptable method for crop improvement [7]. Applications of
CRISPR in plant breeding include enhancing disease resis-
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Fig. 1. Showing the hierarchical diagram of plant breeding evolution. CRISPR, clustered regularly interspaced short palindromic
repeats. Created using PowerPoint.

Fig. 2. Using genome editing through multiple techniques for crop improvement. TALEN, transcription activator-like effector
nucleases; ZFN, zinc-finger nuclease. Created using PowerPoint.

tance, improving stress tolerance, and increasing nutritional
quality, with significant potential to address challenges as-
sociated with climate change and food security [8].

However, the integration of data analytics and in-
formation technology (IT) in plant breeding has further
enhanced the precision and efficiency of modern breed-
ing techniques. Data science, powered by big data and
machine learning algorithms, enables breeders to analyze
vast datasets from genomic, phenotypic, and environmen-
tal sources to optimize breeding decisions and predict trait
performance with high accuracy [17]. For instance, ge-
nomic selection is highly dependent on statistical models
that leverage large datasets to predict an individual plant’s
performance based on its genotype, a process made more
efficient through IT-driven analytics [18]. Gene editing in-
volved with marker-assisted selection (MAS) and genomic

selection (GS) represents additional modern techniques that
use molecular markers to track and select desirable traits
[19]. MAS involves identifying and selecting specific DNA
markers that are associated with traits of interest, thereby
accelerating the breeding process and increasing selection
accuracy [9]. Genomic selection, a more recent advance-
ment, uses statistical models to predict the breeding value of
plants based on their genetic profiles, enhancing efficiency
for traits influenced by multiple genes [20]. Together, these
modern breeding techniques have enabled more rapid and
precise development of crop varieties suited to the demands
of modern agriculture.

High-throughput phenotyping (HTP), enabled by IT
and data analytics, allows breeders to collect and analyze
phenotypic data on a large scale, providing valuable in-
sights into trait expression under different environmental
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conditions [21]. IT tools also facilitate the real-time mon-
itoring and analysis of breeding trials, allowing breeders
to make data-driven selections that are less susceptible to
environmental variation. Through machine learning and
AI, data analytics can identify complex patterns in breed-
ing data, improving the ability to select traits such as yield,
disease resistance, and stress tolerance with greater preci-
sion [22].

The combination of advanced breeding techniques
with data analytics and IT has led to a new paradigm known
as precision breeding, where digital tools and genetic in-
sights converge to create optimized crop varieties tailored
to specific agricultural needs. This integration not only en-
hances the speed and accuracy of breeding but also con-
tributes to sustainable agriculture by enabling the develop-
ment of resilient, high-performing crops suited to the chal-
lenges of modern farming.

3. Data Analytics and Information
Technology in Plant Breeding

Data analytics plays a crucial role in modern plant
breeding by leveraging big data, data mining, and statistical
analysis to identify and predict beneficial crop traits. The
primary steps in plant genetic transformation and genome
editing include large construct transformation, gene ex-
pression regulation, organelle transformation, transgene re-
moval and confinement, and genome editing (Fig. 3). These
steps aim to improve precision, safety, and efficiency in
plant biotechnology. Big data analytics allows breeders to
analyze vast datasets collected from genomic, phenotypic,
and environmental sources, facilitating informed decision-
making in crop improvement [18]. For instance, by analyz-
ing large-scale genomic data, breeders can identify molec-
ular markers associated with desirable traits such as disease
resistance or drought tolerance, thereby accelerating the se-
lection process [23]. Additionally, data mining techniques
enable breeders to extract meaningful patterns from com-
plex datasets, aiding in the identification of gene-trait as-
sociations and optimizing breeding strategies for specific
environments [24]. With the rapid advancements in high-
throughput sequencing and phenotyping, data analytics has
become essential for managing and interpreting the vast
amount of data generated in breeding programs. Statisti-
cal models such as genomic selection rely heavily on data
analytics to predict the breeding value of individual plants,
allowing breeders to make accurate selections based on
genotype information. This approach has proven effective
in improving complex traits controlled by multiple genes,
thus enhancing the accuracy of crop improvement programs
[22].

Information technology (IT) has become integral to
plant breeding by supporting data management, real-time
monitoring, and high-throughput phenotyping. IT infras-
tructure facilitates the storage, retrieval, and sharing of vast
datasets, enabling collaboration across institutions and geo-

graphic regions [12]. Data management platforms, such as
integrated databases and cloud computing, allow breeders
to store and access genomic and phenotypic data efficiently,
promoting efficient workflow and knowledge sharing [25].
Real-time monitoring tools in plant breeding leverage sen-
sors, remote sensing technologies, and IoT (Internet of
Things) devices to gather continuous data on environmental
conditions and plant performance [21]. These technologies
enable breeders to monitor crop growth and detect stress
conditions in real-time, providing insights into plant re-
sponses under diverse environments. Furthermore, high-
throughput phenotyping platforms, often powered by IT,
capture phenotypic data on a large scale, helping breeders
to evaluate traits like yield, biomass, and stress resilience
quickly and accurately [26].

Machine learning (ML) and artificial intelligence (AI)
have introduced a new era of precision breeding by enabling
predictive modeling and data-driven decision-making. Pre-
dictive models built using ML algorithms analyze patterns
in genomic and phenotypic data, allowing breeders to make
accurate predictions about plant performance and iden-
tify optimal parent combinations for crossbreeding [27].
For example, random forest and support vector machines
are popular algorithms that help predict complex traits by
analyzing data from previous breeding cycles [17]. AI
tools, such as deep learning, facilitate the analysis of high-
dimensional data, such as images from high-throughput
phenotyping, to assess plant health and growth character-
istics [28]. By automating trait evaluation, AI reduces the
time and cost associated with phenotyping and increases the
accuracy of trait selection. The integration of ML and AI
in plant breeding also enhances resource efficiency by en-
abling precise applications of water, fertilizers, and other
inputs based on predicted plant needs, supporting sustain-
able agricultural practices [29]. The convergence of data
analytics, IT, and AI in plant breeding underscores the shift
towards precision agriculture, where technology-driven in-
sights inform every stage of crop development. This ap-
proach enables breeders to address complex challenges,
such as climate change and food security, by creating re-
silient and high-performing crop varieties suited to specific
environments.

4. Applications of Modern Plant Breeding
Enhanced by Data Analytics and IT

The various objectives of plant breeding focus on
enhancing traits like disease resistance, higher yield, im-
proved quality, and stress tolerance (Fig. 4). These objec-
tives aim to optimize plant growth, adaptability, and pro-
ductivity under diverse environmental conditions. Data an-
alytics plays a critical role in enhancing crop yield and opti-
mizing resource efficiency, particularly by enabling breed-
ers to identify traits that maximize productivity with mini-
mal input. Through the analysis of big data from field tri-
als, breeders can assess and select high-yielding varieties
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Fig. 3. Key components of plant genetic transformation and genome editing. Created using PowerPoint.

that require less water, fertilizer, and other inputs [18]. By
combining data on plant genotypes with phenotypic out-
comes, predictive models help breeders pinpoint genetic
markers associated with traits like drought tolerance and
nitrogen-use efficiency, which can lead to crops that require
fewer inputs for optimal yield [23]. Additionally, preci-
sion agriculture tools supported by data analytics allow for
real-time monitoring of crop health and growth, enabling
farmers to apply resources only where needed, thereby im-
proving resource efficiency and reducing waste [24]. Abi-
otic stresses, such as drought and extreme temperatures,
alongside biotic stresses from pests and diseases, signifi-
cantly impact crop productivity. Modern plant breeding
enhanced by data analytics and IT offers innovative solu-
tions to these challenges by identifying genetic traits linked
to stress resilience. For example, genomic selection mod-
els use environmental data and genomic information to pre-
dict plant performance under specific stress conditions, en-
abling breeders to develop stress-tolerant varieties faster
and more effectively. Technologies like CRISPR and ma-
chine learning assist in identifying and editing genes asso-
ciated with pest and disease resistance, providing crops that
are more resilient to pathogens without the need for chem-
ical interventions [22,30,31].

Furthermore, real-time data collection via remote
sensing and IoT devices allows breeders to monitor stress
responses in crops and make data-driven decisions that im-
prove plant resilience to various stressors [21]. Data-driven
approaches are essential for enhancing the nutritional qual-
ity of crops and achieving biofortification. By integrat-
ing data from molecular, phenotypic, and environmental
sources, breeders can identify genetic markers linked to nu-
trient content, such as vitamins and minerals, and select for

these traits in new crop varieties [9]. For instance, bioin-
formatics tools aid in the analysis of genetic pathways that
influence the synthesis of micronutrients, allowing breed-
ers to develop crops with higher levels of iron, zinc, and
other essential nutrients [32]. Data analytics also enables
breeders to track nutrient retention across generations, en-
suring that biofortified traits remain stable. Such advance-
ments contribute to the development of nutritionally supe-
rior crops that address global malnutrition challenges [24].

The integration of data analytics and IT in plant breed-
ing supports sustainability goals by enabling the develop-
ment of crops that are more adaptable to changing envi-
ronmental conditions and less reliant on chemical inputs.
Using big data from climate models, breeders can predict
future growing conditions and develop varieties adapted to
specific ecological niches [23]. Furthermore, genomic tools
enable the selection of traits associated with soil health and
carbon sequestration, supporting sustainable practices that
enhance environmental resilience [12]. Precision breeding
approaches driven by machine learning optimize crop man-
agement, reducing the environmental footprint of agricul-
ture by minimizing inputs like water and pesticides [17].
By fostering crops that are both productive and ecologically
sustainable, data-driven plant breeding contributes to a re-
silient agricultural system that aligns with environmental
and societal needs.

5. Key Areas of Innovation and Fine-Tuning
Breeding Technologies

Advancements in data-driven technologies have trans-
formed genetic transformation techniques, allowing for pre-
cise and targeted modifications that were previously chal-
lenging. Genetic transformation, which involves intro-
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Fig. 4. Applications of plant breeding to fulfill different objectives. Created using PowerPoint.

ducing new genes into plant genomes to impart desirable
traits, has traditionally used methods like Agrobacterium-
mediated transformation and particle bombardment [6].
However, these methods often lacked precision, resulting in
unintended genetic changes. The integration of data analyt-
ics and IT, particularly bioinformatics, now allows breed-
ers to predict gene expression outcomes and improve trans-
formation efficiency by selecting optimal gene insertion
sites [33]. Moreover, CRISPR-Cas9 and other genome-
editing tools have added another layer of precision to ge-
netic transformation, enabling specific modifications at tar-
geted genome sites. CRISPR-based methods combined
with data analytics help breeders identify candidate genes
associated with advantageous traits, optimize guide RNA
design, and predict off-target effects, significantly improv-
ing transformation success [8]. Through the use of com-
putational tools, these techniques reduce the risk of un-
intended genetic disruptions, making genetic transforma-
tion more accurate and acceptable for regulatory frame-
works [34]. Data-driven approaches have enhanced mass
selection by facilitating the identification of genetic mark-
ers linked to desirable traits, allowing for more targeted se-
lection while maintaining genetic variability within a popu-
lation [35]. Using data analytics and high-throughput phe-
notyping, breeders can now evaluate thousands of plants
simultaneously, selecting individuals with optimal genetic
profiles that also retain genetic diversity, which is essential
for crop adaptability and resilience [24]. Statistical and ma-
chine learning models assist in assessing phenotypic traits

across different environmental conditions, streamlining the
mass selection process and enabling breeders to focus on
specific traits while ensuring that other beneficial traits are
not lost [23].

Furthermore, despite significant advancements, sev-
eral technical, regulatory, and environmental challenges
limit the full integration of data analytics and IT into plant
breeding. Technical challenges include the high costs of
infrastructure, such as high-throughput phenotyping plat-
forms, and the need for specialized expertise in bioinfor-
matics and data science [12]. Moreover, data integration
remains challenging, as phenotypic, genomic, and environ-
mental data often come from different sources and require
standardized formats and analysis tools for meaningful in-
sights [17]. Regulatory challenges also impact the adoption
of advanced breeding technologies. For instance, regula-
tory bodies in different regions have varying guidelines for
genetically modified organisms (GMOs) and gene-edited
crops, complicating the approval process for novel traits
developed using genetic transformation and genome edit-
ing [34]. Additionally, the public perception around genetic
modification and privacy concerns regarding the use of big
data in breeding can hinder adoption and innovation [36].

Environmental challenges are significant, as the de-
ployment of genetically modified or precision-bred crops
may have ecological impacts, such as gene flow to wild rel-
atives and effects on biodiversity [37]. Therefore, develop-
ing strategies to minimize these impacts is essential for the
responsible use of these technologies. As plant breeding
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continues to advance, addressing these challenges through
improved regulatory frameworks, technical solutions, and
public engagement will be critical to ensuring sustainable
and widespread adoption.

6. Challenges and Limitations of
Data-Driven Plant Breeding

The implementation of data-driven approaches in
plant breeding faces several technical and infrastructural
limitations, primarily related to data integration, high costs,
and skill gaps (Fig. 5). Data integration is a major hurdle, as
breeding programs generate massive amounts of data from
diverse sources, including genomic, phenotypic, and envi-
ronmental datasets, often in disparate formats. Integrating
and analyzing these heterogeneous datasets requires sophis-
ticated bioinformatics infrastructure, which is frequently in-
accessible to smaller breeding programs [9]. Furthermore,
the high costs associated with high-throughput phenotyp-
ing platforms, sequencing technologies, and computational
tools can be prohibitive, especially for developing countries
and resource-limited institutions [23].

Moreover, there is a significant skill gap in bioinfor-
matics and data science within the plant breeding sector,
which limits the ability of breeding programs to leverage
data-driven technologies fully. Advanced data analytics re-
quires specialized expertise in genomics, data science, and
machine learning, which are not traditionally part of plant
breeders’ training [17]. To address these limitations, in-
vestments in capacity building and infrastructure, as well
as collaborations between breeding institutions and tech-
nology providers, are essential. Data-driven plant breed-
ing raises important ethical and regulatory concerns, par-
ticularly related to data privacy, intellectual property rights,
and the ethical use of gene editing. Data privacy is a sig-
nificant issue, as breeding data often includes sensitive ge-
netic information that must be handled responsibly. Inad-
equate data governance frameworks may lead to unautho-
rized access and misuse of proprietary breeding data [38].
Intellectual property (IP) rights also play a crucial role in
data-driven breeding. Innovations, such as genetically en-
gineered and gene-edited crops, are frequently subject to
IP restrictions, potentially limiting access for small-scale
breeders and farmers [36].

Additionally, the ethical implications of gene edit-
ing technologies like CRISPR have prompted regulatory
scrutiny. Concerns over potential off-target effects and the
long-term impact of gene editing on ecosystems and food
systems lead to strict regulations in some regions, which can
delay or prevent the deployment of advanced breeding tech-
nologies [34]. As data-driven breeding expands, develop-
ing globally consistent regulatory frameworks that balance
innovation with ethical considerations will be critical.

Data-driven plant breeding must address potential en-
vironmental concerns, particularly regarding biodiversity
loss and unintended ecological impacts. Genetic diver-

sity is essential for crop resilience and adaptability, but
the focus on developing high-yielding, data-optimized vari-
eties can lead to genetic homogeneity within crops, making
them vulnerable to pests, diseases, and changing climates
[39]. This loss of diversity could reduce the resilience of
agricultural systems, as monocultures are more susceptible
to widespread losses from biotic and abiotic stresses [40].
There are also concerns over the unintended ecological im-
pacts of genetically modified or gene-edited plants, such as
gene flow to wild relatives and potential disruptions to local
ecosystems [37]. As precision breeding and genetic trans-
formation techniques becomemore widespread, it is crucial
to monitor and manage these ecological risks. Implement-
ing best practices, such as promoting genetic diversity in
breeding programs and conducting thorough environmen-
tal impact assessments, can help mitigate these risks while
enabling the responsible use of data-driven technologies.

7. Future Directions and Prospects
As data-driven plant breeding evolves, several emerg-

ing technologies, including artificial intelligence (AI), In-
ternet of Things (IoT), and blockchain, are paving the way
for new methodologies and efficiencies in crop improve-
ment. AI, particularly machine learning and deep learn-
ing, offers predictive capabilities that can revolutionize trait
selection by identifying complex patterns in genetic and
phenotypic data, thus expediting the breeding process [28].
IoT, through remote sensing and smart sensors, enables
real-time monitoring of plant growth and environmental
conditions, providing breeders with valuable data that can
inform breeding decisions based on real-time insights [41].
Blockchain technology, although still emerging in agricul-
ture, holds the potential for data transparency and traceabil-
ity, enabling secure and decentralized data sharing across
breeding programs, which could enhance collaboration and
data integrity [42]. These technologies offer promising
prospects for accelerating breeding efficiency and ensuring
data security and accessibility. As these technologies be-
come more integrated into breeding workflows, they have
the potential to create a connected and intelligent breed-
ing ecosystem that supports faster, more precise crop im-
provement. The future of data-driven plant breeding hinges
on interdisciplinary collaboration across fields such as ge-
nomics, bioinformatics, environmental science, and com-
puter science. Collaborative research can address the com-
plexity of agricultural systems by combining expertise from
diverse disciplines, allowing for a holistic approach to crop
breeding challenges [35]. For instance, partnerships be-
tween plant scientists and computer scientists can lead to the
development of more robust machine-learning algorithms
tailored to agricultural data, improving predictions of trait
performance and resilience under various conditions [43].

Moreover, international collaboration is also critical
in pooling resources and sharing knowledge across regions.
Projects like the International Wheat Genome Sequencing
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Fig. 5. Current methods, applications, and challenges of plant breeding. LED, light-emitting diode. Created using PowerPoint.

Consortium (IWGSC) and the Consultative Group on Inter-
national Agricultural Research (CGIAR) platforms for crop
improvement exemplify how global collaboration can drive
innovations that benefit plant breeding worldwide [44]. In-
creased investment in research and development and foster-
ing partnerships between academia, industry, and govern-
ment institutions can enhance the scope and impact of data-
driven breeding technologies. Data-driven plant breeding
holds significant promise for addressing sustainable agri-
culture and global food security challenges [45,46]. En-
hanced breeding technologies can contribute to sustainabil-
ity by creating crops that require fewer inputs, such as water
and fertilizers, while maintaining high productivity. This is
critical for adapting to climate change, where resilient crop
varieties canmitigate the impacts of extremeweather events
[23]. Furthermore, precision breeding enables the develop-
ment of biofortified crops that improve nutritional quality,
supporting food security initiatives that address malnutri-
tion in low-resource regions [32]. By aligning data-driven
breeding efforts with sustainable agriculture goals, breeders
can develop crops that are not only high-yielding but also
environmentally resilient. This approach can help meet the
United Nations’ Sustainable Development Goals (SDGs)
for zero hunger and responsible consumption and produc-
tion by creating a balance between high productivity and
environmental stewardship [47]. As the global population
continues to rise, data and IT-enhanced breeding will be es-
sential for creating a sustainable and secure food system for
future generations.

8. Conclusion

Data analytics and information technology (IT) have
fundamentally transformed modern plant breeding, en-
abling unprecedented precision, efficiency, and adaptabil-
ity in crop improvement. These technologies facilitate the
analysis of vast genomic, phenotypic, and environmental
datasets, allowing breeders to identify and enhance bene-
ficial traits that were once difficult to capture through tra-
ditional methods. By integrating high-throughput pheno-
typing, machine learning algorithms, and genomic tools,
data-driven breeding accelerates the development of re-
silient and productive crop varieties. This shift has im-
plications far beyond the breeding process itself; it sup-
ports the creation of crops that can withstand environmen-
tal stresses, contribute to food security, and promote sus-
tainable agricultural practices. The role of data analytics
and IT in modern breeding demonstrates how technology
can address complex agricultural challenges in a climate-
stressed world. The future of plant breeding will depend on
continued innovation and interdisciplinary collaboration.
As more advanced technologies such as artificial intelli-
gence (AI), the Internet of Things (IoT), and blockchain be-
come available, their integration into breeding will further
optimize trait selection and data management, improving
decision-making and breeding efficiency. AI and machine
learning are already transforming trait prediction, while IoT
devices enable real-time monitoring of crop health and en-
vironmental conditions, providing invaluable insights for
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breeders. Meanwhile, blockchain has the potential to se-
cure data sharing and enhance collaboration across institu-
tions by creating transparent, decentralized breeding data
networks. To fully realize these benefits, breeders, data
scientists, agronomists, and regulatory bodies must work
together to bridge the gap between technology and agricul-
ture, fostering a collaborative environment where expertise
from diverse fields converges for sustainable innovation.
As the global population continues to grow, the demand
for sustainable food systems has never been more urgent.
Future plant breeding must not only focus on increasing
yield but also consider the broader environmental impact
of agriculture. Data-driven breeding can play a crucial role
in achieving this goal by developing crop varieties that re-
quire fewer resources, such as water, fertilizers, and pes-
ticides, and are more resilient to climate change impacts.
By supporting the United Nations’ Sustainable Develop-
ment Goals (SDGs), data-enhanced breeding can contribute
to sustainable agricultural practices that balance productiv-
ity with ecological stewardship. This approach aligns with
the vision of resilient agriculture that not only meets food
demands but also respects natural ecosystems.

Looking forward, the integration of technology in
agriculture offers exciting possibilities for developing a re-
silient, data-informed agricultural landscape. Plant breed-
ing will increasingly rely on precision-based methodolo-
gies, driven by advanced analytics and real-time data, to
adapt to rapidly changing environmental conditions. By
embedding sustainability into breeding objectives, we can
work toward a future where agriculture is both productive
and environmentally harmonious. In this vision, data an-
alytics and IT do not merely serve as tools for improve-
ment; they redefine the scope and potential of plant breed-
ing, transforming it into a discipline that addresses global
food security and environmental resilience through science
and technology. Ultimately, the convergence of breeding
technologies with data analytics and IT paves the way for
a sustainable, adaptive agricultural system capable of thriv-
ing in an uncertain future.
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