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Abstract With the development of high-throughput omics, remote sensing and artificial intelligence, big data is transforming corn
breeding. Research shows that the combination of machine learning and multi-omics can better predict and screen the yield and stress
resistance of corn, and also accelerate the breeding speed of new varieties. The emergence of unmanned aerial vehicle (UAV) sensors,
deep learning, and federated learning has made high-throughput phenotyping, early yield prediction, and multi-party collaborative
breeding work easier to achieve. Meanwhile, the multi-genome database of corn and the intelligent analysis platform have also laid
the foundation for the integration and sharing of global resources. Of course, this process also poses many challenges, such as
different data sources, the complexity of biological issues themselves, and the influence of socio-economic factors. Overall, however,
big data has become an important force driving corn breeding to be more intelligent, precise and sustainable. Next, it is necessary to
strike a balance between technological innovation and green development and enhance cooperation. Our research objective is to
explore how these new methods can be utilized to help corn breeding serve global food security more efficiently.
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1 Introduction

Corn, as a major global food crop, high-yield, stress-resistant and highly adaptable varieties are of great
significance to food security and sustainable agricultural development. Traditional corn breeding methods, such as
population selection and hybrid breeding, were of great help to crop improvement in the past. However, these
methods have deficiencies in accuracy and efficiency, and have been difficult to meet the increasing demand for
food and cope with the complex environmental challenges (Andorf et al., 2019; Bhuiyan et al., 2025).

In recent years, high-throughput omics and information technology have developed rapidly, and agriculture has
entered the era of big data. Big data contains information in multiple aspects such as genomics, phenotypes and
the environment. Algorithms such as artificial intelligence (AI) and machine learning (ML) can be used to analyze
and predict the complex relationship between genes and the environment (Nepolean et al., 2018; Najafabadi et al.,
2023; Crossa et al., 2024; Farooq et al., 2024; Wu et al., 2024; Zhu et al., 2024). These technologies have made
trait prediction in corn breeding more accurate, accelerated the cultivation of new varieties, and also promoted the
emergence of intelligent and precise breeding (Jiang et al., 2019; Fritsche-Neto et al., 2021).

This study will introduce the progress of big data analysis in corn breeding, with a focus on the integration of
multi-omics data and the application of Al and ML in gene mining, phenotypic prediction, and genomic selection.
At the same time, the role of these methods in enhancing efficiency, improving decision-making and addressing
future challenges will also be discussed. Finally, the existing problems will also be pointed out and the directions
for future research will be proposed. Through interdisciplinary cooperation and technological innovation, big
data-driven corn breeding is expected to provide support for global food security and sustainable development.

2 The Role of Big Data in Modern Breeding

2.1 Sources of big data in maize research

Modern corn breeding cannot do without various types of big data. These data provide a basis for trait prediction
and genetic improvement. The main sources include:
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Genomic data: As sequencing technology becomes increasingly advanced, the whole genome and pan-genome
data of corn are constantly increasing. These data contain information such as sequences, genetic models,
structural variations and transpose elements of different varieties, subspecies and wild relatives (Woodhouse et al.,
2021; Sen et al., 2023).

Multi-omics data: including transcriptome, epigenome, proteome and metabolome, etc. This information can
reveal the regulation of gene expression and metabolic pathways, and also explain the molecular basis of
phenotypic differences (Sen et al., 2023; Wu et al., 2024).

High-throughput phenotypic data: By using technologies such as unmanned aerial vehicles, orbital platforms,
remote sensing and image analysis, phenotypic data can be obtained at different growth stages, such as plant
height, flowering period and leaf area (Meng et al., 2021; Guo et al., 2022; Adak et al., 2023; Li et al., 2023; Wu
et al., 2024).

Environmental and management data: including climate, soil, fertilization and irrigation, etc., this information is
important for understanding the interaction between genes and the environment and optimizing breeding methods
(Meng et al., 2021; Guo et al., 2022; Li et al., 2023).

Database and resource platforms: such as MaizeGDB and Maize Feature Store, integrate and manage various
types of data to facilitate the use and analysis by researchers (Woodhouse et al., 2021; Sen et al., 2023).

2.2 Integration of heterogeneous data
There are many types of data for corn breeding, including structured, semi-structured and unstructured data. How
to effectively combine these data is the key to improving efficiency.

Multi-omics data fusion: Integrating genomic, phenotypic and metabolomic data, and then using machine learning
and artificial intelligence methods to improve the accuracy of trait prediction. For example, the combination of
SNP, image traits and metabolites can significantly improve yield prediction (Adak et al., 2023; Sen et al., 2023;
Wu et al., 2024).

Database and platform integration: Databases like MaizeGDB, which adopt the pan-genome framework and link
genomic, expression, methylation and variation data from different sources, can support cross-species and
cross-environment comparisons (Woodhouse et al., 2021; Sen et al., 2023).

Semantic and ontological integration: Through semantic framework and ontological methods, the problem of
inconsistent data meaning can be solved, enabling intercommunication and unified retrieval of different data
sources.

Distributed and cloud computing platforms: By leveraging Hadoop, Spark and cloud platforms, large-scale data
can be efficiently stored and processed, and real-time integration can also be achieved.

Intelligent Algorithms and Data Cleaning: Facing multi-source complex data, methods such as intelligent
clustering and anomaly detection can be used to improve data quality and integration efficiency.

Although big data integration has promoted the intelligence of corn breeding, there are still many problems, such
as inconsistent standards, different data meanings, unstable quality and privacy security. In the future, it is
necessary to strengthen cross-domain cooperation, improve data standards and sharing mechanisms, and enhance
the integration capabilities of real-time, cross-domain and unstructured data.

3 Analytical Tools and Approaches

3.1 Machine learning and AI in breeding

Machine learning (ML) and artificial intelligence (AI) have become two important tools in current corn breeding.

These two methods mainly automatically extract information from a large amount of genomic, phenotypic and

environmental data to achieve the purpose of improving the accuracy and efficiency of trait prediction (Esposito et

al., 2019; Xu et al., 2022; Yan and Wang, 2022; Crossa et al., 2024; Wu et al., 2024; He et al., 2025) (Figure 1).
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The commonly used specific methods at present include support vector machines, random forests, gradient
boosting and deep neural networks, etc. These algorithms and deep learning (DL) models have been widely
applied in various techniques such as genotype-phenotype prediction, gene mining, and multitrait improvement
(Galli et al., 2021; Yan et al., 2021; Kudiyarasudevi and Suresh, 2024; Wu et al., 2025). Platforms similar to
AutoGP combine multiple ML and DL models, allowing users to select the most appropriate algorithm for faster
and more accurate genomic selection. meta-ensemble learning integrates different algorithms to make multi-trait
prediction more stable and better adaptable to different situations

Artificial Intelligence

Machine Learning

Deep Learning

Figure 1 Relationship between Al, ML, and DL (Adopted from Cravero et al., 2022)

3.2 Genomic selection and predictive breeding

Genomic selection (GS) uses whole-genome markers and statistical or machine learning models to predict an
individual's breeding values. This can shorten the breeding time and also improve genetic progress (Tong and
Nikoloski, 2020; Xu et al., 2022; Mora-Poblete et al., 2023; Barreto et al., 2024; Kudiyarasudevi and Suresh, 2024;
Wu et al., 2024; He et al., 2025; Wu et al., 2025). Nowadays, some new methods, such as deep learning,
automated machine learning (AutoML), and ensemble learning, can handle high-dimensional and multi-type data.
These methods have significantly improved the prediction accuracy of complex traits such as yield and stress
resistance. For example, after the AutoML framework combines the dimensionally reduced environmental
parameters and feature labels, the prediction accuracy can be increased by 14% to 28%, which is helpful for the
development of climate-adaptive corn varieties (He et al., 2025). Meanwhile, deep learning models with multiple
traits and multiple environments perform better than traditional Bayesian models and linear hybrid models in the
prediction of complex traits such as flowering period (Mora-Poblete et al., 2023).

3.3 Data visualization and decision-support systems

With the increasing volume and complexity of data, the role of data visualization and decision support systems
(DSS) in corn breeding is becoming more and more important. Modern intelligent breeding platforms (such as
AutoGP, CropGBM, etc.) all come with visual interfaces. They can present multi-dimensional data such as
genotype, phenotype and environment in an interactive way, helping researchers intuitively understand the
prediction results and key factors (Yan et al., 2021; Wu et al., 2025). These systems not only improve the
efficiency of data interpretation, but also provide references for breeding decisions, such as selecting parental
combinations and screening superior strains. In addition, the decision support system driven by big data can also
automatically recommend the best breeding plan, promoting intelligent and precise breeding (Esposito et al.,
2019).

251



—
-~

\
Bioscience Evidence 2025, Vol.15, No.5, 249-259

BioSci Publishar- http://bioscipublisher.com/index.php/be

4 Applications in Maize Breeding

4.1 Trait improvement examples

Nowadays, corn breeding mostly utilizes big data and new biotechnologies. Researchers have made breakthroughs
in multiple aspects of corn, including yield, drought resistance, disease resistance and nutritional quality, through
techniques and methods such as genomic selection (GS), multi-omics data and machine learning models. Lorenzo
et al. (2022) utilized the BREEDIT platform and CRISPR/Cas9 technology to simultaneously improve 48
growth-related genes in corn. The improved corn material has seen a 5% to 10% increase in leaf length and a 20%
increase in leaf width. Molecular marker-assisted selection and genomic selection have also been widely applied
in drought and disease resistance improvement, significantly enhancing the yield and stability of maize under
adverse conditions (Gedil and Menkir, 2019; Liu and Qin, 2021; Prasanna et al., 2021; He et al., 2024).

4.2 Accelerated breeding cycles

Big data and new technologies have significantly shortened the time required for corn breeding. Ploidy doubling
(DH) and genome editing techniques (such as the IMGE system) can obtain homozygous superior lines within two
generations, which is much faster than traditional methods (Nepolean et al., 2018; Wang et al., 2019; Prasanna et
al., 2021). Meanwhile, high-throughput genotyping and phenotypic analysis, combined with automated data
processing platforms (such as AutoGP), can quickly obtain and analyze genotype-phenotypic data, improving the
selection efficiency. Furthermore, facilities such as "speed breeding" and digital greenhouses can enable corn to
complete multiple generations of cycles in a year by controlling photoperiod and growth environment,
accelerating the breeding and promotion of new varieties (Singh et al., 2020).

4.3 Digital platforms and breeding networks

Digital platforms and global breeding networks have also made cooperation and innovation in corn breeding
smoother. Platforms like AutoGP, which combine genotype extraction, phenotype extraction, GS models and
multiple machine learning algorithms, can provide users with one-stop intelligent breeding tools and lower the
threshold for using complex models (Wu et al., 2025). International maize improvement projects (such as IITA,
CIMMYT) have promoted cross-institutional and cross-regional cooperation and variety sharing through digital
data management, decision support systems and high-throughput phenotypic platforms (Gedil and Menkir, 2019;
Prasanna et al., 2021; Liu et al., 2025). These platforms have not only improved the utilization rate of data, but
also accelerated the adaptation and promotion of new varieties in different regions, promoting the modernization
of global corn breeding.

5 Case Study: Big Data in Action for Maize Breeding

5.1 Background of the program

With the development of high-throughput omics and automated phenotypic technologies, corn breeding has
entered the stage of big data. Traditional methods have limited efficiency and accuracy when dealing with
complex traits and multi-environment data. To better predict yield and improve traits, some international and
regional breeding projects have begun to introduce multi-omics data, environmental information and artificial
intelligence tools to make maize improvement smarter and more data-dependent (Beyene et al., 2021;
Fritsche-neto et al., 2021; Sarzaeim et al., 2022; Zhang et al., 2023; Wu et al., 2024).

5.2 Implementation of big data analytics

In 2024, Wu's team integrated multi-omics data from 156 maize recombinant inbred lines (including 2 496 SNP
markers, 46 image traits across 16 growth stages, and 133 major metabolites), all collected through an automated
phenotypic platform. The team used methods such as partial least squares, random forests, and Gaussian process
regression to predict its yield, and compared different data types and feature screening methods. Research has
confirmed that the use of multi-omics data combined with the random forest model can significantly improve the
prediction accuracy (Wu et al., 2024). In 2021, Beyene et al. carried out international projects such as CIMMYT.
In tropical corn breeding, they compared different genomic selection strategies by leveraging the genotype and
phenotype data accumulated over many years and optimized the predictions through cross-validation.
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5.3 Outcomes
After the combination of multi-omics and machine learning, the accuracy rate of corn yield prediction increased
from 0.32 to 0.43, which was significantly better than that of single data (Wu et al., 2024).

Genomic selection has achieved early screening of new strains in tropical maize, with the highest prediction
accuracy reaching 0.71, saving a large amount of experiments and resources (Beyene et al., 2021).

Federated learning methods enable different institutions to collaborate and improve model performance and
prediction accuracy without sharing raw data (Zhang et al., 2023).

Deep learning combined with high-throughput phenotypes has also improved the early prediction of complex
traits such as yield and flowering period, accelerating the progress of breeding (Sarzaeim et al., 2022; Shu et al.,
2022).

5.4 Lessons learned

Integrating multi-omics and multi-source data can improve the prediction of complex traits, but it also poses
higher requirements for data quality, feature screening and model selection (Beyene et al., 2021; Sarzaeim et al.,
2022; Wu et al., 2024).

Cross-institutional and cross-regional data collaboration, such as federated learning, can enhance the
generalization ability of models while protecting privacy, and is suitable for large-scale breeding networks
(Fritsche-Neto et al., 2021; Zhang et al., 2023).

New technologies such as high-throughput phenotyping and deep learning need to be combined with traditional
breeding experience in order to truly achieve the transition from "data-driven" to "decision support" (Beyene et al.,
2021; Sarzaeim et al., 2022; Shu et al., 2022).

Continuous improvement of data collection, cleaning and feature engineering processes is the basis for the success
of big data breeding projects.

6 Challenges and Limitations

6.1 Technical barriers

There are many technical challenges in big data analysis in corn breeding. First of all, the volume of data is
extremely large and its sources are complex, including genomic, phenotypic, environmental and management
information, etc. This puts a lot of pressure on data storage, transmission and processing (Kamilaris et al., 2017;
Nepolean et al., 2018; Cravero et al., 2022; Xu et al., 2022). Data cleaning, integration and standardization are
also very difficult, especially for unstructured data such as images, text and sensor data, which are not easy to
automatically process and extract effective information (Onsongo et al., 2022). In addition, machine learning and
deep learning models are highly dependent on high-quality, well-labeled data. However, agricultural data often
have missing parts, noise and inconsistent labels, which can reduce the prediction accuracy and generalization
ability of the model (Govaichelvan et al., 2023; Crossa et al., 2024; Kudiyarasudevi and Suresh, 2024; Wu et al.,
2024) (Figure 2). Meanwhile, the shortage of high-performance computing resources and professional data talents
also limits the application of big data in breeding (Lassoued et al., 2021).

6.2 Biological complexity

The traits of corn are influenced by many factors, including genotype, environment, and the interaction between
genes and the environment (GXE). This makes the breeding problem highly biologically complex (Nepolean et al.,
2018; Xu et al., 2022; Crossa et al., 2024). Integrating multi-dimensional omics data can improve the prediction
effect, but the model will become more complex and more difficult to interpret (Wu et al., 2024). Complex traits,
such as yield and stress resistance, are often jointly determined by polygenic, epigenetic and metabolic networks,
and vary greatly in different environments, which also limits the migration and generalization ability of the model.
In addition, the genetic basis of some traits is still unclear, and there is a lack of reliable functional annotation and
biological verification, which poses obstacles to precision breeding (Nepolean et al., 2018; Xu et al., 2022).
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Figure 2 Components of modern plant breeding include not only phenotypic data collected from observed field cultivar trials but also
genomic (molecular markers), phenomic (images from drones, airplanes, satellites), and enviromic (temperature, sun radiation,
precipitation, soil humidity) data (Adopted from Crossa et al., 2024)

6.3 Socioeconomic and ethical considerations

The promotion of big data breeding is also influenced by social and ethical aspects. First of all, data collection,
storage and analysis all require high costs and long-term infrastructure support. Developing countries and small
and medium-sized breeding institutions often have difficulty affording these costs, which can easily lead to the
digital divide (Bhat and Huang, 2021; Lassoued et al., 2021). Secondly, issues of data privacy, security and
intellectual property rights are prominent. Many institutions are reluctant to share data, which will affect
large-scale cooperation and innovation (Lassoued et al., 2021; Xu et al., 2022). In addition, the governance,
standards and ethical norms of agricultural big data are still not perfect. Sensitive issues such as farmers' rights
and interests, data ownership and algorithm transparency require multi-party cooperation and policy promotion.

7 Future Perspectives
7.1 Next-generation breeding with big data
In the future, corn breeding will enter the "intelligent breeding" stage. It will rely on big data, artificial intelligence
(A]) and multi-omics ensemble prediction (such as iGEP) to combine the information of genotype, phenotype and
environment (G-P-E) (Xu et al., 2022; Zhu et al., 2024; Liu et al., 2025). Al and machine learning will drive the
automation of the entire process, making it more efficient and accurate from gene discovery, functional gene
mining to complex trait prediction (Farooq et al., 2024; Wu et al., 2024; Zhu et al., 2024) (Figure 3). Intelligent
Precision Design Breeding (IPDB) proposes an open, collaborative and shared platform to promote cooperation
among biologists, informatics experts, breeders and farmers. Meanwhile, the combination of cross-species
prediction, pan-genome and environmental omics will also bring new ideas for the improvement of complex traits
and adaptive breeding.
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7.2 Scalability

As data becomes larger and more complex, big data analysis in corn breeding requires better scalability. Cloud
computing, distributed storage and high-performance computing platforms will become the basis for processing
large-scale data (Xu et al., 2022; Govaichelvan et al., 2023; Zhu et al., 2024). Data sharing and joint analysis
among different institutions and regions (such as federated learning) are expected to break data silos and enable
models to be better applied globally (Zhao et al., 2021). Meanwhile, improving the algorithm, automating feature
screening and an efficient data cleaning process will also enhance the efficiency and practicality of the analysis
(Wu et al., 2024). In the future, the popularization of low-cost genotyping and high-throughput phenotypic
technologies will lower the threshold, enabling breeding projects of different scales and resource conditions to use
big data methods.

7.3 Towards sustainable maize production

Big data combined with artificial intelligence-driven smart breeding (emphasizing the use of computers and
algorithms to improve breeding) is providing new support for sustainable corn production. By more accurately
predicting and optimizing the interaction between genotypes and the environment, new varieties with high yield,
strong stress resistance and higher resource utilization rate can be bred, thereby enhancing food security and
environmental adaptability (Xu et al., 2022; Farooq et al., 2024; Liu et al., 2025). Meanwhile, digital decision
support systems and intelligent management platforms also play a role in precision agriculture, such as more
scientific management of fertilizer and water, prevention and control of pests and diseases, and reduction of
carbon emissions. All these can promote the development of green agriculture (emphasizing ecological protection
and low-carbon development) (Wolfert et al., 2017; Lassoued et al., 2021). Furthermore, the open and shared
breeding platform and the sound data governance system will further promote international cooperation and
technological innovation, and provide assistance in addressing the challenges brought about by climate change
and population growth (Zhu et al., 2024).

8 Conclusion

With the help of big data analysis in combination with machine learning and artificial intelligence (common
methods in intelligent breeding), the prediction process of corn breeding has become faster and more accurate.
After combining data from different sources such as genomics, phenotypic information and environmental
conditions, the algorithm can automatically select key features and improve the model, thereby making the
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prediction of complex traits such as yield and stress resistance more reliable. The combination of multi-omics data
(such as genes, transcriptomics, metabolomics and other multi-level data) with ensemble learning and deep
learning methods has significantly improved the accuracy of yield prediction, with some studies even achieving an
increase of over 12%. Meanwhile, new approaches such as high-throughput technology, unmanned aerial vehicle
(UAV) remote sensing, and multimodal data fusion have also made the identification and rapid screening of early
traits more efficient, thereby accelerating the progress of breeding. In addition, methods like federated learning
can achieve data sharing and joint modeling among different institutions without directly exchanging raw data.
This not only enhances the performance of the model but also improves the efficiency of resource utilization.

Big data has become an important driving force for corn breeding. It has brought about three changes: First, it has
shifted breeding decisions from relying on experience to relying on data, achieving more automation and
intelligence; Second, through large-scale data integration, the genetic analysis and prediction accuracy of complex
traits have been enhanced. Third, it has promoted cross-disciplinary and cross-institutional cooperation and
facilitated the development of new concepts such as Intelligent Precision Design Breeding (IPDB). Big data not
only accelerates the breeding and promotion of new varieties, but also provides support for addressing climate
change and food security.

Looking ahead, corn breeding needs to strike a balance among technological innovation, open sharing and
sustainable development. Technically, it is necessary to continue developing efficient algorithms, low-cost
high-throughput technologies and intelligent decision-making platforms to enhance the efficiency and practicality
of big data analysis. In terms of inclusiveness, efforts should be made to promote data sharing and the
construction of open platforms, reduce the digital divide, and enable different regions to have fair access to global
breeding resources. In terms of sustainability, intelligent breeding should serve green agriculture, cultivate new
varieties that are high-yielding, stress-resistant and have high resource utilization rates, and help the global food
system transform towards sustainability.
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