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ABSTRACT 
 

Plant breeding and genetics contribute significantly to meeting global food requirements, but the current threat of climate change, high 

population growth, and scarcity of natural resources require classical breeding to become faster, more accurate, and predictive. Predictive 

breeding is an emerging strategy that integrates genomic, phenotypic, and environmental data with statistical and computational models 

to predict plant performance prior to field testing. It helps breeders select favorable lines earlier, reducing the need for multiple seasons 

of field-based experiments. Despite some challenges related to the availability of data, transferability of models, and insufficient 

infrastructure, predictive breeding is increasingly being explored in modern crop improvement programs. This review highlights the basic 

concepts, key tools, and applications of predictive breeding. 
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Introduction 

Plant Breeding and Genetics has been playing a vital role in securing global 
food production, since the selection made by prehistoric farmers, evolving 

through mendelian genetics to modern molecular breeding tools. Prehistoric 

domestication was primarily based on the perceptions of the farmer’s visible 
attributes such as production levels, taste, susceptibility to diseases and 

adaptability to new conditions (1). These purely phenotype-based selections 

gradually shifted towards genotype-informed improvement after Mendel’s 

laws of inheritance followed by their rediscovery with other key innovations 

in the mid to late nineteenth century (2) (3). In early 20th century, the first 

successful hybrid corn and the Green Revolution transforming global food 
production (4). By the end of 20th century, marker-assisted selection (MAS) 

as an emerging tool that offered breeders to select plants according to the 

DNA makers associated with important characteristics(5). But MAS is 
mainly effective for oligogenic traits but shows limited efficiency for 

polygenic traits. Moreover, it relies on biparental mapping populations with 

limited size and genetic diversity. (6)  
Despite these advancements, modern plant breeding faces major challenges, 

including climate change, increasing population, and low availability of 

resources (1). Rising temperatures, droughts, floods, erratic weather 
patterns resulting in difficulties for ensuring global food security and 

sustainable agriculture. These challenges indicate that traditional and 
molecular breeding alone are insufficient to feed a massively growing 

population under limited resources, resulting in a solution which is plant 

breeding must be faster, more precise, and predictive (7) (8).   
Predictive Breeding, Concepts and Fundamentals  

Predictive breeding is a modern approach that integrates genomic, 

phenotypic, and environmental data with statistical and computational 
models to predict how plants will perform before they are tested in the field  

(9) (10). It helps breeders to identify the most favorable candidate line 

earlier, faster without multiple seasons of field evaluation.  
The foundation of predictive breeding lies in combining three major data 

sources. Genomic information refers to genome wide DNA variation using 

dense molecular markers or sequencing, allowing both major and minor 
gene effects to be considered (11). Phenomics data is measured from plant 

physical traits using high drones, sensors and imaging systems (12). 

Environmental data is detailed information about Climate, soil, and 
management data of crop physical traits taken for every location (7). 

Statistical genomic selection models (9) as well as machine learning and 

deep learning models (13) are used to integrate all these data sets to predict 
the genetic potential for a trait, which is Genomic Estimated Breeding Value 

(GEBVs).  

Predictive breeding uses complete genome information to predict complex 
quantitative traits (11) while MAS relies only on few specific DNA linked 

markers (6). Predictive breeding models utilize multi environmental 

variables, it estimates the genotype X environment (G x E) interaction that 
highly influences crop performance, beneficial for climate smart crop 

breeding (8). It is the beginning of the digital breeding in which artificial 

intelligence and other automation tools help breeders manage these data sets 
and improve selection procedures (10). This method will succeed with the 

help of capable tools that are described in the following section.  

Tools and Technologies 

Predictive breeding practically allows breeders to make selections faster and 

more accurately using a broad range of tools. These are categories such as 

genomics, high-throughput plant phenotyping, crop simulation models, and 

statistical or computational models as shown in Fig.1 (14).  

 
Figure 1: Conceptual framework of Predictive Breeding 

Plants are genotyped using several genomics tools including single 

nucleotide polymorphism (SNP) arrays, Diversity Arrays Technology 

(DArT), and Genotyping-by-Sequencing (GBS), they provide the DNA 
level information of the plant (15). High-throughput plant phenotyping 

(HTPP) technologies i.e. drones (UAVs), ground sensors, and thermal and 

hyperspectral imaging system is used to measure plant physical traits (12) 
(16). DSSAT (17) and APSIM (18) are the crop simulation models that 

assume why plants show variations in their physiological behavior under 

environmental conditions, these tools are very beneficial to understand 

genotype X environment (G x E) interactions. Once these data are collected; 

statistical models (Ridge Regression Best Linear Unbiased Prediction and 

Genomic BLUP) (11), as well as machine learning (Random Forests and 
Support Vector Machines) (8), and deep learning models (13) are applied 

for prediction to estimate the GEBVs. These computational methods that 

make predictive breeding data driven. All these big data sets handled by 
bioinformatics integration and artificial intelligence (AI), further models 

analyzed these sets to support in practical application of predictive breeding 

(8).  
Applications  

Predictive breeding is adopted increasingly in breeding programs to 

improve yield and stress resistance across regions. Genomic selection 
reduces half of the time to develop cultivars in major crops using predictive 

breeding methods (9). It assists breeders to choose breeding lines timely 

without much expenditure and consumption of resources. It is very 
beneficial to develop climate resilient crop varieties, integration of 

environmental variables predicts genotypes under stress conditions (19) (7). 

It is helpful in countries that are mostly affected by climate change.  

Challenges  

Predictive breeding faces several challenges. It requires high quality and 

well-organized data, but limited availability of phenotypic data becomes 
challenging (12, 20). Moreover, its wide adaptability is also limited; models 
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are trained in specific population or environment, may perform poorly in 
another due to variations in genetic makeup or climate. Advanced machine 

learning and deep learning models can capture complex and non-linear 

relationships, but they require large datasets (13). Moreover, predictive 
breeding is data driven so highly trained personnel, infrastructure needed, 

which are not equally available across institutions and countries (8, 21).  

Future Perspectives  
Apart from these limitations. Development in phenotypic tools and standard 

data collection protocols make it appropriate for availability of organized 

and accurate data. Improvements in bioinformatics platforms, and training 
programs for researchers lower the technical barrier. Efficient machine 

learning and deep learning algorithms improve the prediction accuracy with 

limited data availability. Multi-environmental and diverse population 
structures integration will increase the transferability of models. With these 

improvements, predictive breeding will make important breakthroughs in 

future crop breeding.  
Conclusion  

Predictive breeding is an innovative technique that supports breeders to 

predict the future of their desired genotype. It is very beneficial to address 
the upcoming food security problems and climate challenges by integrating 

all the modern tools and artificial intelligence (AI) techniques. Although 

some limitations still exist, further application of biology and technology is 
likely to make predictive breeding a major processing component in next 

generation plant breeding. 
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