
ABSTRACT 

ROGERS, ANNA RENE. Genotype-by-Environment Interactions and Environment-Specific 

Genomic Prediction in Maize. (Under the direction of Dr. James B. Holland). 

 

 

Plant breeders face many challenges in the coming decades, including sustainably 

contributing to feeding a growing world population, and breeding for resilience to climate change. 

Increases in available data from phenotypes and genomic data to environmental measurements 

may aid in creation of genomic selection models that account for genotype-by-environment (G×E) 

interactions that traditionally have been considered nuisance factors in the breeding process, 

allowing these interactions to be exploited in breeding for local adaptation. 

In CHAPTER 1, I review the evolution of plant breeding methods leading to current day 

genomic selection (GS), how GS has evolved in the genomics and big data era, the impact of G×E 

interactions on phenotypic variance, and I provide perspective to how harnessing G×E might aid 

plant breeders in generating locally optimal varieties. 

In CHAPTER 2, I explore the relative importance of genotypic and G×E variances to 

agronomically important traits in the Genomes to Fields (G2F) 2014-2016 dataset, demonstrating 

that G×E is of equal importance to G for yield. Further, I examine the relationship between 

environmental covariates and yield to give an idea of what environmental covariates and window 

resolution might be useful in environment-specific prediction. 

In CHAPTER 3, I demonstrate a method to systematically build genomic prediction 

models by selection of the best performing genetic marker matrix, window size for environmental 

data, and dimension reduction for G×E terms so that it can be efficiently used for environment-

specific genomic prediction. I compare models with and without different parameterization of 

G×E terms for environment-specific prediction under a variety of cross-validation schemes 



relevant to practical breeding scenarios. I demonstrate that addition of specific genetic-by-

environment variable effects improves environment-specific prediction ability when the target 

environment is adequately represented in the training data, but not otherwise.   Environmental 

similarity between training and testing sets is the most important factor influencing environment-

specific prediction ability, indicating that training data must be carefully designed for 

environment-specific prediction to work well, even with the addition of G×E effects in the model. 

In CHAPTER 4, I perform a pilot study for GS in the Germplasm Enhancement of Maize 

(GEM) project in collaboration with the USDA-ARS and Bayer Crop Science. My results 

demonstrate good prediction ability within the two regional sub-programs of the GEM project, 

suggesting that GS could be of substantial practical value for improving genetic gain within this 

program. This work will help to shape the incorporation of GS in the GEM program and build 

training data for their future use. 

In CHAPTER 5, I give a blameless post-mortem analyzing our work with environmental 

data and try to give general guidelines for how to approach problems using this type of data for 

GS modeling. 
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CHAPTER 1. Literature Review 

A Brief History of Plant Breeding 

In the last 10,000 years, domestication and selective breeding of plants and animals has 

allowed humans to play a part in their own evolutionary trajectory and continues to allow us to 

shape our future today (Harlan 1992; Hickey et al. 2017). While today’s methodologies of marker 

assisted selection (MAS) and genomic selection (GS) would look unrecognizable to the farmer-

breeders of the 19th century, let alone the first plant breeders of the fertile crescent, both ancient 

and modern breeders have the same goal of improving plants for a variety of human uses by 

selecting the ‘best’ individuals based on numerous traits of interest (Harlan 1992; Troyer 1999, 

2004; Hickey et al. 2017; Bernardo 2020). 

Early plant breeding was based solely on phenotypic selection, and only after the 

rediscovery of Gregor Mendel’s work in 1900 were the principles of inheritance formally 

integrated into plant breeding culture (Troyer 1999; Hickey et al. 2017; Bernardo 2020). Over the 

last century plant breeding has undergone a renaissance, resulting in increasing food quality and 

security for a world population of over 7.5 billion, coevolving alongside ideas and technologies in 

engineering, genetics, chemistry, and statistics. Through this interdisciplinary approach, plant 

breeding has evolved from individual selection to pedigree-based or family mean-based selections, 

and from pedigree-relationship estimates to genomic marker-based relationship estimates (Lorenz 

et al. 2011; Hickey et al. 2017). Even in the last 20 years, the landscape of plant breeding has 

shifted dramatically with the incorporation of genomics tools and data (Lorenz et al. 2011). 

In the last 30 years, much effort has been directed towards identification of the genes 

underlying phenotypes via QTL mapping and GWAS across disciplines of genetics. These efforts 

have yielded useful results and have decent power for detecting loci when a trait is controlled by 
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a few loci, generally variants with large effects (Manolio et al. 2009). In crops, GWAS and QTL 

studies have identified loci associated with various agronomic traits (Salvi et al. 2007; Buckler et 

al. 2009a; Turner et al. 2010; Fournier-Level et al. 2011; Romay et al. 2013; Alter et al. 2016), 

but associations have remained elusive when the phenotype in question is polygenic in 

architecture. Many important traits in both animal and plant breeding fit into the latter category, in 

which a phenotype is controlled by a large number of variants, each with a small effect (Falconer 

and Mackay 1996; Meuwissen et al. 2001). Animal breeders developed concepts of breeding value 

predictions for individuals in the absence of direct phenotypic evaluation, using information from 

relatives connected through known pedigrees (Henderson 1953), which naturally led to the modern 

concept of genomic selection, while plant breeders during this period were developing double-

haploid technologies and utilizing recurrent selection (Hickey et al. 2017).  

Molecular markers would begin to be used in the 1990s successfully for the selection of 

major disease resistance and grain quality by plant breeders (Eagles et al. 2001; Dubcovsky 2004; 

Collard and Mackill 2008), but MAS yielded disappointing results for quantitative traits due to 

conflicts between the methodology, which utilized identified QTL to estimate breeding values for 

a trait, and the genetic architecture of traits of interest (Meuwissen et al. 2001; Holland 2004b; 

Bernardo 2008; Heffner et al. 2009; Jannink et al. 2010). QTL utilized in MAS had limited 

positional accuracy, usually identifying a region rather than a causal variant, and their estimated 

effects on phenotypes were often inconsistent because of different marker-trait phase in different 

genetic backgrounds, lack of QTL segregation in some families, or imprecise QTL location and 

effect estimates (Holland 2004b; Bernardo 2008; Heffner et al. 2009). QTL regions were more 

useful for breeding in scenarios where a trait was controlled by a few major effect genes. The 

methods used to identify these QTL were unable to accurately estimate effects under more 
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polygenic architecture or low heritability traits. In addition, the QTL identified in mapping 

populations often had inconsistent effects that did not translate in the applied breeding scenarios, 

in part because the QTL model operated under the assumption that no epistasis was present 

(Holland 2004b; Heffner et al. 2009; Jannink et al. 2010).  

In response to these problems, genomic selection was proposed by Meuwissen et al. (2001), 

although its widespread implementation would not occur until around 2010, when costs of 

generating molecular marker data decreased enough to become economically justifiable for use in 

breeding programs (Bernardo 2008; Heffner et al. 2009; Jannink et al. 2010; Heslot et al. 2013). 

Genomic Selection (GS) sought to resolve the lack of selection accuracy observed in MAS by 

integrating high density genetic markers from across the genome in estimating breeding values for 

selection candidates. Use of higher density markers and statistical techniques for marker effect 

regularization rather than significance testing have helped to solve issues encountered by MAS in 

polygenic and low heritability traits, although accurate GS models require a large amount of data 

for model training (Heffner et al. 2009; Lorenz et al. 2011; Crossa et al. 2017). Over the past 

decade, GS has been rapidly adopted across animal and crop species in both industry and academic 

settings (VanRaden 2008; Heffner et al. 2011a, 2011b; Sorrells 2015; Cuevas et al. 2017; Isik and 

McKeand 2019). Although GS still faces a number of challenges, including how to account for 

epistasis and maintenance of genetic diversity, GS has shown promise across a variety of crops 

and has increased the rate of genetic gain in breeding programs (de los Campos et al. 2013; Hickey 

et al. 2017; Voss-Fels et al. 2019).  

Phenotypic Variance and its Constitutive Components 

The core idea in plant breeding is that many observable phenotypes (which can include 

aesthetic, agronomic, food quality, or industrial use traits) are at least partially heritable and that 
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heritability can be leveraged for improvement via selection. This core draws on principles from 

population and quantitative genetics, in which phenotypic variance (𝜎𝑃
2) can be decomposed into  

variance components due to genotypic main effects, macro-environmental effects (differences 

among the main effects of location-year combinations), micro-environmental effects (differences 

among experimental units within location-year combinations) genotype-by-macro-environment 

(G×E) interactions, and genotype-by-micro-environment interactions (Comstock and Robinson 

1948; Comstock and Moll 1963; Falconer and Mackay 1996):  

𝜎𝑃
2 =  𝜎𝐺

2 + 𝜎𝐸
2 +  𝜎𝐺×𝐸

2 + 𝜎𝜀
2 

where 𝜎𝐺
2 corresponds to the genotypic, 𝜎𝐸

2 to the macro-environmental, 𝜎𝐺×𝐸
2  to the G×E 

interaction (between genotypes and macro-environments), and 𝜎𝜀
2 to the combined micro-

environmental and genotype-by-micro-environmental interaction variance components. 

Genotypic variance partitions more finely into additive (𝜎𝐴
2), dominance (𝜎𝐷

2), and epistatic 

components, though it is important to note that precise estimation of higher-order variance 

components is often difficult, and may not be possible in all cases (Comstock and Robinson 1948; 

Holland 2001; Hill et al. 2008). Additive genetic variance has been the main focus of plant 

breeding as it is the heritable portion of genetic variance in outcrossing situations, although 

dominance variance is often important to consider when working with hybrid or clonally 

propagated crops, as dominance interactions can be captured and reproduced in hybrids between 

selected inbred lines or in clones. G×E variance can similarly be broken down into additive-by-

environment, dominance-by-environment, and epistatic-by-environment variance components. A 

clear understanding of how these underlying components contribute to phenotypic variance leads 

to better understanding of the genetic architecture for traits of interest. This enables breeders to 

make more informed decisions regarding the breeding method to be used, the selection of parents 
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for future generations, and the balance between stability and plasticity for a trait. Further, for 

hybrid crops, this understanding can aid the selection of the best combinations of lines to use for 

creating hybrid cultivars. Further, understanding the partitioning of phenotypic variance gives a 

preliminary indicator as to what types of genomic selection models might be most useful for 

predicting traits given their genetic architecture, influence of environment, and how much G×E 

there is.  

Genotype-By-Environment Interactions 

Genotype-by-Environment (G×E) interactions occur when relative performance among 

genotypes differs depending on underlying environmental factors (Falconer and Mackay 1996; 

Anholt and Mackay 2004), and are commonly observed in complex phenotypes studied across the 

gamut of subfields in genetics (Manolio et al. 2009; Lasky et al. 2015; Edwards 2016; 

Krishnamurthy et al. 2017; Yang et al. 2017). There are two major approaches to studying G×E: 

statistical modelling, which is traditionally used in plant breeding programs, and biological studies 

of a plant’s active response to biotic and abiotic pressures present in their environments. In the 

statistical view, G×E is the variable response of genotypes to environmental stressors experienced 

throughout an organism’s lifetime (Falconer and Mackay 1996; van Eeuwijk et al. 2016; Gage et 

al. 2017). From the biological perspective, statistical modeling of G×E interactions often give little 

insight as to what G×E signifies in regards to development and response across fluctuating 

environmental conditions. Instead, one could consider G×E to be a biological phenomenon with 

its own genetic architecture. G×E represents a portion of phenotypic variance that hinders broad-

scale adaptation but can be leveraged for generating materials well-adapted to a specific locale 

(Gage et al. 2017). Deepening biological understanding of G×E interactions and how they 
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influence plant development may provide information that allows G×E interactions to be useful in 

a positive sense for future plant breeding efforts (Hammer et al. 2019).  

The concepts of adaptedness, environmental sensitivity, developmental plasticity, and 

stability are helpful for framing a holistic perspective on G×E and its importance in the plant 

breeding process. Adaptedness can be defined as the fitness of an organism to a set of 

environmental pressures (Bradshaw 1965; van Eeuwijk et al. 2016). How well a given genotype 

responds to present environmental factors is important to partitioning breeding material and 

discussions of local adaptation of a genotype (van Eeuwijk et al. 2016; Gage et al. 2017). 

Environmental sensitivity reflects the variable response of a single genotype to environmental 

stimuli, often framed as an undesirable change in performance under a given condition. Thus, 

adaptability and sensitivity to environments refer to desirable and undesirable changes in 

phenotypic value across a range of environments (Tollenaar and Lee 2002; Adee et al. 2016; 

Krishnamurthy et al. 2017; Murray et al. 2019). Plasticity refers to the changes in phenotype due 

to active responses to stimuli from the environment, which contrasts with stability, the propensity 

for a phenotype change very little even in the face of stressors (Gage et al. 2017; Li et al. 2018). 

To contrast the twin concepts, plasticity indicates the ability for individuals to respond to 

environmental stressors, while adaptedness refers to genetic changes that make a population able 

to withstand its environment (Bradshaw 1965). Bradshaw (1965) noted that both are forms of 

adaptation: adaptedness reflects adaptation to environmental conditions by changes to the genetic 

code, and plasticity reflects more temporary adaptation, such epigenetic changes or responses via 

indirect stimuli. Adaptation takes place over generations and result in phenotypes determined by 

the most adverse conditions that the plant has to weather (Bradshaw 1965). These intertwined 

concepts adaptedness, sensitivity, plasticity, and stability determine the scope of plant breeding 
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problems and are weighed by breeders throughout the breeding process to create cultivars well 

adapted to certain environmental conditions, but stable enough that common perturbations in said 

conditions do not drastically alter phenotypes. Greater plasticity may indicate more potential for 

local adaptation, but stability is indicative to breeders of potential for broad scale marketability 

(van Eeuwijk et al. 2016).  

Balancing the twin goals of local adaptations and adaptation to a broad range of 

environments is a challenge for breeders to maximize return on invested time and resources 

(Murray et al. 2019), which is context dependent to the breeders goals. For an industrial breeding 

program this goal may be to increase yield across a large growing region or for a public sector 

breeder to improve crop quality for the largest number of farmers, both of which may prioritize 

broad adaptation over local. The International Center for Maize and Wheat Improvement 

(CIMMYT), for example, operates with the goal of creating varieties of maize and wheat for 

farmers across a wide variety of locations and emphasize creating varieties that work across 

multiple regions rather than a locally-adapted variety for each small area. In contrast, if a breeder’s 

goal is to improve crop production for a specific use case or for a specific region, local adaptation 

may be emphasized. One example of emphasizing local adaptation over broad is Cornell 

University’s recent push in breeding malting barley for the craft brewing industry of New York, 

which came in response to the New York state legislature Farm Brewing Law (Neyhart et al. 2019; 

Sweeney et al. 2020). The 2012 bill introduced regulations requiring stepping stones to increase 

in-state ingredient sourcing with the end directive that by 2024 brewers will have to source at least 

90% of their ingredients from the state (Neyhart et al. 2019; Sweeney et al. 2020). The efforts of 

the malting barley breeding program have focused on adapting malting barleys to the wet springs 

of New York where disease and preharvest sprouting are issues and have resulted in the release of 
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a new variety of malting barley: Excelsior Gold (Jordan 2021). The balance between broad and 

local adaption depends on the objectives of a breeder and how gain is measured for their program. 

Breeding goals will have a place on the spectrum between broad and local adaptation, and 

regardless of the place on this spectrum, having a better understanding of G×E and its conceptual 

counterparts can help breeders to drive selections and reach their goals for genetic gain.  

G×E interactions complicate both early- and late-stage testing of cultivar development, 

and as such are often treated as a nuisance factor to be minimized, as the goal of many breeding 

programs is to develop stable performing cultivars across a wide range of environments (Comstock 

and Moll 1963). A keen understanding of the relative importance of G×E interactions and their 

underlying biological implications can help in optimization of breeding efforts given limited 

resources available to any given program. In a typical plant breeding program, a breeder will 

evaluate a large early-stage population at one or a small number of environments, with the need to 

quickly whittle down those individuals to a few elite individuals to be tested across a more 

expansive sample of environments. This optimization problem of finding the ideal set of 

environments and genotypes to test in early stages is a continual challenge for breeders, 

complicated by the presence of G×E interactions which might affect the rankings of individuals 

tested under multiple stressors. However, we can also consider G×E interactions as a factor with 

potential to be exploited for local adaptation of varieties; as such, G×E variance could be used to 

better understand the relationship between the early-generation breeding values observed in initial 

evaluation sites and later stage breeding values that are averaged across larger samples of 

environmental stressors. This problem is critical to designing efficient selection strategies and 

driving decisions along a breeding pipeline.  
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Genomic Selection 

Genomic selection (GS) is a statistical method for estimating breeding values of selection 

candidates, leveraging effects of both large- and small-effect loci. As genomic sequencing 

continues to become cheaper, GS can be more readily utilized in both animal and plant breeding 

programs to efficiently direct resources, accelerate breeding cycles, maintain genetic diversity, and 

optimize mate selections in species where inbreeding depression is an issue (Heffner et al. 2009; 

Crossa et al. 2017; Hickey et al. 2017; Isik et al. 2017; Isik and McKeand 2019). Genomic 

selection also addresses key limitations placed on breeders prior to widespread availability of low-

cost genotyping options for selections. In particular, GS allows for selection from a wider pool of 

individuals via genomic estimated breeding values (GEBVs) than a breeding program may be able 

to measure phenotypes on accurately. GS also allows for selection of individuals in off-season 

nurseries where phenotypes of interest may not relevant to the target production environments.  

Genomic Data 

Animal and plant breeders utilizing GS have adopted a variety of techniques from statistics, 

and recently machine learning, to incorporate principles of quantitative genetics theory into GS 

models useful for breeding programs. For traits with highly polygenic genetic architecture, 

accurate GEBVs can be predicted using genomic relationship matrices and best linear unbiased 

predictions from linear mixed models. These matrices estimate the proportion of genomic identity-

by-descent among individuals in a population using whole genome identity-in-state marker 

information (VanRaden 2008; Endelman and Jannink 2012; Isik et al. 2017). In the commonly 

used additive case, these genomic relationships between pairs of individuals are computed under 

the assumption that all markers are associated with equal amounts of genetic variance, 

corresponding to a highly polygenic genetic architecture. Additive marker-based realized genomic 
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relationship matrices generally result in better fitting models and improved prediction accuracy 

than models using pedigree information alone to estimate genetic similarity (Burgueño et al. 2012; 

Heslot et al. 2014; Crossa et al. 2017; Howard et al. 2019; Juliana et al. 2019). Commonly used 

GS models also provide estimates of the additive genetic variance (𝜎𝐴
2) and “genomic heritability” 

of traits (de los Campos et al. 2015). These concepts can be further generalized to other types of 

realized genomic relationships. For example, measuring proportions of shared heterozygosity at 

markers can be used to estimate realized dominance genomic relationships, which extends the 

capability of GS to estimate non-additive genetic variance components (Vitezica et al. 2013; 

Muñoz et al. 2014) and predict the performance of hybrids from a given cross (Kadam et al. 2016; 

Guo et al. 2019; Ramstein et al. 2020). Although additive GEBVs are the appropriate criterion and 

basis for candidate selection in production of new breeding populations and early stage 

intermating, the variances and genotypic predictions incorporating dominance and higher-order 

genetic effects can be highly useful in some plant breeding challenges, for example breeding of 

clonally propagated species, highly inbred varieties, polyploid crops, and in the production stage 

of hybrid crops (Endelman et al. 2018; Ovenden et al. 2018). 

Another question under consideration when incorporating molecular marker data into GS 

is how to model marker data with statistical assumptions that match different trait genetic 

architectures. In recent years, GS modeling has grown beyond the use of the first proposed 

Genomic Best Linear Unbiased Predictor (GBLUP) type models to incorporate machine learning 

techniques and Bayesian models that allow for differential shrinkage of marker effects and, in 

some cases, selection of markers in prediction models (de los Campos et al. 2013). GBLUP 

models, which use the realized genomic relationship matrix to model covariance between 

individuals, operate under the assumption that all markers contribute equally to genetic variance. 
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This assumption is equivalent to the assumptions made by ridge regression models (Hoerl and 

Kennard 1970), which use regularization techniques to shrink the effect of each marker towards 

zero (Gianola 2013). In ridge regression, shrinkage is applied consistently across all predictor 

variables under the assumption that the response is a function of a large number of predictors each 

explaining a small amount of variance (Endelman 2011; James et al. 2013; Gianola 2013; Isik et 

al. 2017). Ridge Regression BLUP (RR-BLUP) is commonly used to reference this in GS 

literature, and has been observed to be approximately equivalent to GBLUP (exactly equivalent 

under conditions where the number of markers approaches infinity and the number of phenotypes 

is fixed) as expected due to their overlapping model assumptions (Habier et al. 2007; Endelman 

2011; Tan et al. 2017). While GBLUP and RR-BLUP allow fitting of models using high density 

marker data sets, they make the strong assumption that all markers are equally associated with trait 

variance. This works well when working with complex traits where this assumption is 

approximately true, but may not be optimal for more oligogenic inheritance architectures, where 

models that employ both shrinkage and selection techniques in tandem such as Least Absolute 

Shrinkage and Selection Operator (LASSO) (Tibshirani 1996; Park and Casella 2008; James et al. 

2013) can be advantageous. LASSO relaxes the assumption of ridge regression that all covariates 

(markers, in the case of GS) contribute to the response, allowing some covariate effects to be equal 

to zero. Thus, LASSO performs variable selection by forcing covariates out of the model, leading 

to sparser models with easier interpretation than ridge regression (Tibshirani 1996; Park and 

Casella 2008; James et al. 2013; Isik et al. 2017). While the ability to perform both shrinkage and 

selection can be an advantage in some scenarios, neither the LASSO nor the GBLUP/RR-BLUP 

model is a universally best model: LASSO tends to outperform in scenarios where a subset of 

predictors have larger, non-zero coefficients and the GBLUP and RR-BLUP type models perform 
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better when variance is accounted for by many markers each with a small effect (James et al. 2013; 

Isik et al. 2017). 

GWAS and QTL studies performed over the last twenty years have helped to understand 

genetic architectures for many agronomically important traits (Zheng et al. 2008; Buckler et al. 

2009a; Peiffer et al. 2014; Xue et al. 2016). These traits span a spectrum from those controlled by 

one or a few genes with large effect, such as the DGAT gene which controls oil content in soybean 

and maize (Zheng et al. 2008; Roesler et al. 2016) and influences milk production in cattle (Nayeri 

et al. 2016), to those controlled by many loci each with very small effect as first proposed by Fisher 

(1918). Many traits lie somewhere in between these two extrema on the spectrum, for example 

maize flowering time which is controlled by a few moderately large-effect genes overlaying a 

more polygenic background (Buckler et al. 2009b; Romay et al. 2013; Alter et al. 2016; Guo et 

al. 2018; Liang et al. 2019), or many disease resistance traits in plants where there are multiple 

genes with moderate effects (Chen et al. 2016; Martins et al. 2019). While the GBLUP and RR-

BLUP models work well as trait genetic architecture becomes more polygenic and moves towards 

the infinitesimal case, the assumptions of these two models do not hold well for traits toward the 

more monogenic end of the spectrum.  

As trait architecture moves more toward the oligenic and monogenic parts of the spectrum, 

LASSO provides an advantage over RR-BLUP and GBLUP by allowing some markers to have 

zero effect, but this still does not allow us to implement what is known about more oligogenic 

genetic architectures in GS modeling. Bayesian techniques provided a solution to fill this gap by 

allowing the genetic architecture to be established as the prior in Bayes Theorem, leading to a 

series of models known as the ‘Bayesian Alphabet’, the first of which were proposed by 

Meuwissen et al. (2001). The Bayesian alphabet models provided a way to implement our 
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understandings of genetic architecture into statistical models via priors describing distributions of 

marker effects, which is useful when previous QTL or GWAS have established an oligenic 

architecture.  

BayesA, the first of the alphabet models was created to allow for markers to vary in 

contribution to genetic variance, which accounts for the possibility that allelic frequency, linkage 

disequilibrium, and the effect magnitude of linked variants may all contribute to the weighting of 

a particular marker’s effect. This method uses three stages of parameter estimation, first 

performing a normal least squares regression, then using a normal distribution as a prior to estimate 

marker effects for each marker, and finally estimating marker variance from an inverted chi-square 

distribution (Meuwissen et al. 2001; Gianola et al. 2009; Gianola 2013). Using BayesA 

methodology, shrinkage of effects is marker-specific, differentiating it from RR-BLUP, in which 

shrinkage is consistent across the genome. This implies strong assumptions regarding genetic 

architecture, as the hyper-parameters of BayesA influence the amount of shrinkage applied to a 

given marker, and can thus also affect the inferences drawn on marker effects from such models 

(Meuwissen et al. 2001; Gianola et al. 2009; Gianola 2013). Despite drawbacks of hyper-

parameter influence on marker effect inference, BayesA captures the scenario in which a few, large 

effect QTL contribute to a majority of trait variance by allowing a subset of markers to have larger 

effects with less shrinkage and forcing markers with small effect closer to the expected value of 

zero (Meuwissen et al. 2001; Gianola et al. 2009; Gianola 2013; Isik et al. 2017).  

BayesB follows BayesA, but introduces an additional hyper-parameter, 𝜋, which specifies 

during each iteration of the Gibbs sampler what proportion of markers are allowed to have a non-

zero effect. This differs from selection models like the LASSO in that the Bayesian models permit 

any marker to have non-zero effect with probability 𝜋, whereas LASSO regularizes marker effects 
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in such a way that some are shrunk to zero (Meuwissen et al. 2001; Gianola et al. 2009; Gianola 

2013; Isik et al. 2017). Both BayesA and BayesB have drawbacks in that they are sensitive to 

choices of priors and the initial values set for hyper-parameters; Gianola et al. (2009) noted that 

neither model allows for Bayesian learning to move parameter estimates far from the distributions 

assumed by the initial prior and hyper-parameter values. This means that user input for initial 

values can control the extent of shrinkage even as the amount of data available to the model 

continues to grow. In Bayesian learning, as the amount of data available increases, the influence 

of the prior should decrease, but this does not occur in BayesA and BayesB, especially in the case 

where the number of individuals 𝑛, is far less than the number of markers, 𝑝 (Gianola et al. 2009). 

Because of these drawbacks, use of BayesA and BayesB have been somewhat limited, although 

they provided a basis for development of other Bayesian alphabet models that have been powerful 

for cases where there are a few large effect variants with a polygenic background. 

To address issues of hyper-parameter impact and priors used, Habier et al. (2011) 

introduced BayesCpi. As suggested by Gianola et al. (2006) and implemented by Habier et al. 

(2011), the hyper-parameter 𝜋 is treated as an uknown value to be estimated from marker data and 

the markers have a common marker variance rather than a specific variance for each model (Habier 

et al. 2011; Isik et al. 2017). Notably, using a common marker variance not only improved model 

performance, but also decreased computing time as the sampling algorithm no longer needs to 

generate marker-specific variances each iteration (Habier et al. 2011). Beyond BayesA, BayesB, 

and BayesCpi, the Bayesian alphabet has continued to expand, although these four are the most 

prevalent in the literature to date. Gianola (2013) pointed out that there is a common misconception 

that trait genetic architecture can be inferred from Bayesian model results; rather, use of these 
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models allows users to leverage our biological understanding to give a model a starting point to 

learn from.  

More recently, different kernels (including non-linear kernels) for computing genetic 

similarities (or distances) amongst individual of a population have been proposed, (Gianola and 

van Kaam 2008; de Los Campos et al. 2009; Gota and Gianola 2014; Bandeira e Sousa et al. 2017; 

Cuevas et al. 2017). Most commonly, parametric kernels which model genotypic relationships 

according to specific models of quantitative genetics have been used for genomic selection (Gota 

and Gianola 2014). Non-parametric kernels can also be used for predictive purposes, but 

interpretation of genetic similarities measured by these kernels is challenging to interpret, as they 

do not correspond to principles of genetics (Gota and Gianola 2014). Gaussian Kernel (GK) 

methods are one example of non-parametric kernels, which have been shown to increase prediction 

accuracy by 9 to 70% depending on the trait and model (Cuevas et al. 2017, 2018). In a similar 

study, non-parametric kernel methods were observed to increase predictive accuracy by up to 70% 

when compared to GBLUP models if environmental information was not included, but those gains 

were reduced to the point of being negligible when environmental data was included (Costa-Neto 

et al. 2020). GK methods for computing genomic relationships can potentially capture complex 

marker effects in addition to major marker effects and interaction effects (Granato et al. 2018). 

Despite promising results in certain scenarios, GK has not come to the forefront as a leader in GS 

predictive modeling, likely in part because of inability to make inferences from model results. The 

challenge of interpretability is one of the major challenges faced by complex predictive and 

machine learning algorithms: often algorithms with greater predictive ability lack interpretability 

that might be useful for biological inference. The additional complexity, along with the substantial 

computing power and time necessary to execute such models, combined with inconsistent 
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improvement in predictive accuracy, are why simpler models such as RR-BLUP and GBLUP are 

still the most widely used for GS (Cuevas et al. 2017, 2018; Costa-Neto et al. 2020). Still, as 

computation power continues to increase and more complex algorithms from statistical learning 

become easier to implement, it is likely that implementation of these more complex 

parameterizations will become more widespread. 

While model choice is an important consideration when implementing genomic selection, 

it should be noted that many of the previously mentioned models share assumptions with one 

another and it is dependent on genetic architecture and available computational resources whether 

implementing a machine learning model, Bayesian analysis, or non-linear kernel function to 

compute covariance will result in substantial improvement over the standard GBLUP (de los 

Campos et al. 2013; Isik et al. 2017). In fact, many studies documented similar prediction 

accuracies for Bayesian and non-linear kernel models compared to the simpler GBLUP models 

and have thus not been adopted in the wider plant breeding community, where time constraints 

impose practical limitations to the implementation of more complex models (Heslot et al. 2012; 

Costa-Neto et al. 2020; Holland et al. 2020).  

Genomic Diversity 

Long term success in plant breeding is a balance between efficient selection for genetic 

gain and maintenance of genomic diversity in breeding populations. Intense selection cycles may 

lead to bottlenecking and reduced allelic diversity throughout the genome, which may limit future 

genetic gains, including adaptation to climate change (Pollak 2003; Gage et al. 2017). Genetic 

diversity in maize is very high in comparison to other crops, and maize has moved far from its first 

domestication from teosinte in Mexico to be grown all over the world (Goodman and Galinat 1988; 

Holland and Goodman 1995; Cooper et al. 2001; Morgante et al. 2005; Holland 2018). The global 
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maize metapopulation has high levels of genomic diversity and low linkage disequilibrium 

(Romay et al. 2013), but also has clear evidence of selective sweeps in specific regions of the 

genome that appear to confer lowered plasticity (Gage et al. 2017), and sub-populations that have 

been selected in localized breeding programs have less diversity and higher linkage disequilibrium 

(Ching et al. 2002; Duvick et al. 2004; Yan et al. 2009).  

At the metapopulation level, maize diversity is partitioned geographically into temperate 

and tropical maize, and inbreds group into five major genetic subpopulations including stiff stalks 

(SS), non-stiff stalks (NSS), tropical inbreds (TS), popcorns, and sweetcorns (Liu et al. 2003; 

Romay et al. 2013). Breeding between these primary groups results in an additional mixed group 

of individuals that do not fit into one of the primary groups due to having a mixture of genetics 

from two or more groupings (Liu et al. 2003). Tropical maize harbors greater genetic diversity 

than temperate maize (Cooper et al. 2001; Liu et al. 2003; Pollak 2003), leading breeders to view 

it as a source for adding useful genetic variation for disease and pest resistance to the elite maize 

breeding pool (Goodman and Brown 1988; Cooper et al. 2001; Pollak 2003; Nelson et al. 2006; 

Goodman et al. 2015).  

Publicly available temperate North American maize inbreds are often partitioned into two 

major heterotic groups, the SS and NSS groups described above. More recently, commercially 

developed inbred lines have become available for public use (Mikel and Dudley 2006) and a third 

major group, the Iodents is now recognized. These modern heterotic groups were initially 

developed almost arbitrarily (Chandler and Tracy 2007), but over time, empirical selection for 

groups of lines that produced higher yielding hybrids from inter-group crosses than from intra-

group crosses generated the modern heterotic groups (Holland 2009). Genomic analysis reveals 

that inbred lines are diverging over time from open-pollinated ancestral landrace populations (van 
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Heerwaarden et al. 2012). Romay et al. (2013) also observed genetically distinct groupings of 

maize inbreds from different countries and, within the U.S., differences between states, 

demonstrating that population structure is at least partially regional. Studies from the genomics era 

have highlighted how maize breeding populations have evolved over time from initial, open-

pollinated landraces to the initial generations of inbred lines, which subsequently diverged into 

heterotic groups (Goodman and Galinat 1988; Liu et al. 2003; van Heerwaarden et al. 2012; 

Goodman et al. 2015) that have become increasingly separated over time, with some reduction in 

diversity represented in elite inbreds with high genetic contribution to current breeding populations 

(Ching et al. 2002; Romay et al. 2013). 

For breeding, high diversity is generally considered to be helpful to making genetic gain, 

but how genetic diversity is partitioned into regional groups adapted to specific conditions can 

challenge a breeder’s ability to utilize exotic materials. While it is well-established that diverse 

maize lines can aid in breeding for resistance to disease, resilience under abiotic stressors, and 

beneficial agronomic traits (Holley and Goodman 1988; Holland and Goodman 1995; Holland et 

al. 1996; Pollak 2003; Tarter et al. 2003; Nelson and Goodman 2008; Jumbo et al. 2011), the U.S. 

maize germplasm pool has remained a mostly closed system where private enterprise dominates 

the hybrid seed market (Nelson et al. 2016). In 1996, it was estimated that 2.9% of private sector 

germplasm contains genetics from exotic material, with only a tenth of that exotic genetics coming 

from tropical origins (Cooper et al. 2001).  The Latin American Maize Project (LAMP) was the 

first international project for coordinated evaluation of a major world crop between public and 

private partners and helped to identify genomic diversity that might be useful for crop 

improvement and commercial maize breeding (Holley and Goodman 1988; Salhuana et al. 1998; 

Pollak 2003).  
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Studies branching from LAMP led to identification of materials with favorable alleles for 

yield, disease and pest resistance, and other agronomic traits (Holland et al. 1996; Kraja and 

Dudley 2000). Desire to move from identification of breeding material to practical integration into 

breeding programs led to the organization of the Germplasm Enhancement of Maize (GEM) 

project, a cooperative effort of the USDA-ARS, universities, and private industry partners with the 

goal of providing a wider base of breeding germplasm developed from useful exotic accessions 

and pass that wider diversity into the hybrids grown by farmers (Pollak 2003). GEM seeks to 

broaden the base of U.S. germplasm by providing long-term, continued investment into adaptation 

of exotic, tropical material to more temperate breeding conditions. The efforts of GEM over the 

last 28 years have focused on introgression and incorporation of genomic diversity from tropical 

material into elite germplasm pools. Introgression involves the backcrossing and selection of a 

desirable chromosome segment into elite background, with the aim of causing little disruption to 

elite genetic makeup during the introduction process, while incorporation aims to generate 

populations with higher proportions of exotic alleles that broaden the germplasm base (Lewis 

2002; Holland 2004a).  

For incorporation to occur, germplasm must be adapted to the target environments, which 

poses a challenge for incorporation of tropical diversity into Northern breeding programs. Because 

maize is grown from the equator to very high latitudes in both Southern and Northern Hemispheres, 

adaptation to different latitudes and thus different daylengths is a primary barrier to the useful 

exchange of genetic resources globally (Holland 2018). For example, tropical breeding materials 

may require several generations of adaptational selection to more temperate climates before they 

can be used as breeding material with temperate elite materials (Samayoa et al. 2018). This leaves 

useful diversity in tropical maize related to disease or pest resistance difficult to access for 
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temperate breeding programs which might benefit from introgression of tropical alleles and 

incorporation of wider tropical genetic variation. Lines derived from the GEM program have 

helped to adapt this material and have demonstrated that exotic and semiexotic lines incorporating 

tropical backgrounds are on par with elite inbreds across multiple agronomic and resistance traits, 

at least in the Southeastern USA (Holley and Goodman 1988; Holland and Goodman 1995; Tarter 

et al. 2003; Nelson et al. 2006, 2016; Nelson and Goodman 2008).  

To create a pathway for this diversity to be useful for temperate breeding programs, 

populations derived from exotic germplasm sources first need to be adapted to more temperate 

growing zones. This pre-breeding can often take multiple steps of adaptation especially when 

moving to more northern latitudes, meaning that useful alleles remain inaccessible until adaptation 

has occurred. Because tropical maize differs so greatly from temperate germplasm, genomic 

selection models trained on temperate materials cannot accurately predict the breeding values of 

exotic germplasm, due to the principals described above wherein accurate genomic predictions 

rely on small genetic distances between training and test sets. To integrate tropical maize into the 

breeding pipeline, models must be trained on it to estimate marker-trait associations for selection. 

It has been suggested that GS models generated on elite × exotic crosses could assist in rapid 

cycling of selections for adaptation that would move exotic genetics into the breeding pool more 

quickly than the traditional wait for adaptation (Bernardo 2009). These simulations indicate that 

for higher incorporation of exotic background, it might be useful to perform genomic selection on 

the F2 of elite × exotic crosses, which will have higher levels of genetic variation and lead to 

greater incorporation and introgression of exotic background in the germplasm pool (Bernardo 

2009). This however, does bring up the issue that if selecting on an elite × exotic cross, one might 

simply be selecting for temperate adapted alleles via the GS model. If this is the case, then the pre-
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breeding adaptation step is still necessary for bringing exotic materials into more Northern 

breeding programs. Pre-breeding may be unavoidable if looking to preserve beneficial tropical 

alleles for incorporation into the U.S. germplasm base. Most studies of maize for genomic selection 

and prediction have focused on germplasm from either a single company (Jarquín et al. 2014) or 

from populations derived from related breeding programs (Bandeira e Sousa et al. 2017; Cuevas 

et al. 2018; Costa-Neto et al. 2020). Similar trends exist for GS studies in wheat (Lopez-Cruz et 

al. 2015; Crossa et al. 2016; saint Pierre et al. 2016; Pérez-Rodríguez et al. 2017; Howard et al. 

2019; Juliana et al. 2019). The amount of diversity needed in GS model training set to obtain good 

prediction accuracy when implementing GS in diverse populations of germplasm is not precisely 

known. Windhausen et al. (2012) used a diverse set of maize lines from eight International Maize 

and Wheat Improvement Center (CIMMYT) breeding program populations to train GS models to 

predict hybrid performance. Prediction accuracy ranged from 0.30 to 0.45 when performing 

predictions across diversity panel lines evaluated in the same environments, but when evaluating 

progenies of new breeding populations, prediction accuracy was on average zero (Windhausen et 

al. 2012). The decrease in accuracy observed when moving from the training panel to the new 

breeding populations suggests that marker effects computed in one population cannot be simply 

transferred to another population because QTL and marker allele frequencies and their linkage 

phases differ too much. The results of this study highlight the principle that training sets for a 

model must reflect their test set for genomic prediction to work (Habier et al. 2010; Lorenz et al. 

2011; Windhausen et al. 2012).  

Devising training sets with enough diversity to represent the potential validation 

germplasm while also having sufficient within-population sampling to generate accurate genomic 

relationships amongst individuals is an important consideration for programs to consider when 
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implementing GS in the breeding pipeline, as training population design can significantly influence 

accuracy during model validation (Lorenz et al. 2011; van Eeuwijk et al. 2016; Akdemir and 

Isidro-Sánchez 2019). In addition, training populations will need to be continually updated to 

ensure against loss of predictive accuracy, which occurs as training and testing material diverge 

during the breeding process (Müller et al. 2017). Incorporating more diverse material in the 

breeding pipeline can be advantageous if the relationships between training individuals and 

breeding candidates remain sufficiently close to maintain a desired prediction accuracy to make 

genetic gain.  

Environmental Data  

Using the methodologies and thought processes behind the models developed for 

incorporating genomic marker data as predictors for GS, we can further extend our GS model to 

include environmental covariates and their interactions with genetic markers. This is analogous to 

the use of genetic markers in its implementation and creates models that can predict average line 

performance across a set of environmental conditions or environment-specific performance of a 

given genetic background (Heslot et al. 2014; Jarquín et al. 2014; saint Pierre et al. 2016; Tiezzi 

et al. 2017). In recent studies, the common way to do this has been through reaction-norm 

modeling using a small set of environmental covariates. This approach has been successful in cases 

where influential environmental covariates are known and can be integrated into modeling (Jarquín 

et al. 2014; Tiezzi et al. 2017; Millet et al. 2019). However, most of these studies have focused on 

a small number of environments and genetic backgrounds, which might not demonstrate the 

expected genetic gain under a more heterogenous target population of environments or population 

of genetic backgrounds. More recently, models have been proposed to extend the concept of the 

genomic relationship matrix (which measures genomic similarity amongst individuals) to 
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environmental relationship matrices (which would measure the similarity amongst environments 

based on weather data and other environmental variates) (Jarquín et al. 2020; Costa-Neto et al. 

2020). A difficulty with implementation of this approach is that whereas the weighting of 

individual marker influence on a genomic relationship matrix is established under the theory of 

polygenic inheritance (Fisher 1918; Endelman and Jannink 2012), we do not know how to properly 

weight environmental variables in estimation of the environmental genomic relationship matrix 

and these weights likely vary from between crops and traits within crops.  Reaction norm models 

assume that all environmental variables contribute equally to the environmental variance, similar 

to GBLUP or RR-BLUP, but without a good theoretical basis. Using such models to better 

understand relationships between testing environments could lead to improved models for 

estimation and prediction of breeding values across testing environments, however they provide 

only a statistical method for quantifying environmental contribution rather than a biological 

understanding of developmental impact. Non-parametric kernel models could provide a solution 

for prediction by allowing creation of environmental distance matrices with differential weighting 

of environmental variables, although these models will likely be difficult to interpret (de Los 

Campos et al. 2009; Gota and Gianola 2014).  

Understanding the impact of environmental factors on phenotypes throughout development 

at a more granular level is already an important part of crop modeling research (Chapman 2008; 

Lobell et al. 2013; Pauli et al. 2016; Bustos-Korts et al. 2019; Hammer et al. 2019), but approaches 

for incorporation of these data for modeling environmental and G×E interactions into the GS 

prediction framework is in their beginning stages (Cooper et al. 2014; Jarquín et al. 2014, 2020; 

Malosetti et al. 2016; van Eeuwijk et al. 2016; Millet et al. 2019; Hammer et al. 2019). As noted 

by Heslot et al. (2014) crop growth modeling has mainly focused on underlying physiology in a 
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well-known genetic background, while sacrificing prediction accuracy across the wider array of 

materials. To make such models useful for breeders to use in selections, higher accuracy models 

are needed. Leveraging environmental data to model environmental covariances informed by crop 

models is a step towards performing genomic predictions in new environments, and combining 

relevant environment and marker information together will lead to more accurate environment-

specific prediction for genetic backgrounds. Developing this framework is integral to improving 

rates of genetic gain in the face of climate change and food insecurity. 

Developments in Modeling Genotype-By-Environment Interactions 

Jarquin et. al (2014) utilized Bayseian approaches to generate genomic prediction models 

incorporating both marker data and environmental covariates, and demonstrated that these models 

outperformed models including only marker data in wheat. Prediction accuracy decreased when 

moving from predicting the performance of lines that have been observed in some environments 

to a test set of lines that had not been observed at all previously (Jarquín et al. 2014). This 

prediction accuracy decrease was likely due to lower coancestry between the training population 

and the test set of unrelated lines, in comparison to results from a training-test split from within 

the same breeding program. This was noted as a major challenge by Jarquin et. al, (2014) who 

point out that using a more diverse set of test materials that reflect crop diversity may increase 

predictive ability. Similar studies in wheat showed similar gains from incorporation of 

environmental data, one in which weather covariates were used to develop a set of stress indices 

(Heslot et al. 2014), and second utilizing marker x environment interactions to implement genomic 

selections (Lopez-Cruz et al. 2015). 

Lopez-Cruz et al. (2015) have proposed GBLUP models partitioning the G×E model into 

components due to genetic main effects and to environment-specific genetic effects. The variance 
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component for genetic main effects measures the stability of genetic performance across the 

environmental gradient, whereas the environment-specific components are deviations from the 

stable effects (Cuevas et al. 2018). Such interpretations can be useful for understanding the impacts 

of breeding towards stability across the target population of environments, which has been a 

common pursuit of plant breeders over the past century. Some prediction studies from the 

International Maize and Wheat Improvement Center (CIMMYT) have focused on comparing the 

use of different parameterizations for modeling genomic relationship matrices, inclusion of 

random intercepts for each genotype, and variable types of G×E covariance structures for genomic 

prediction across diverse environments (Burgueño et al. 2012; Crossa et al. 2016; Acosta-Pech et 

al. 2017; Bandeira et al. 2017; Cuevas et al. 2017, 2018; Pérez-Rodríguez et al. 2017; Granato et 

al. 2018; Howard et al. 2019; Juliana et al. 2019; Costa-Neto et al. 2020). Findings showed that 

the use of G×E terms increases predictive ability in all datasets, but that the increase in predictive 

ability depended greatly on phenotypic correlations between environments (Bandeira et al. 2017; 

Cuevas et al. 2018). The training set of environments must also reflect the target population of 

evaluation environments in order to generate reasonable environment-specific predictions (Lorenz 

et al. 2011; Brawner et al. 2013; Sorrells 2015; van Eeuwijk et al. 2016). When sample covariances 

between some environments were close to zero or negative, more flexible models were better able 

to approximate environmental covariances and had higher prediction accuracies (Crossa et al. 

2017; Cuevas et al. 2018). However, more flexible models, especially those with unstructured 

covariances for G×E , come with a cost in computational speed and higher memory requirements 

to observe the gain in prediction accuracy (Isik et al. 2017; Cuevas et al. 2018; Granato et al. 

2018). 
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Genomic prediction models utilizing defined G×E structures to estimate environmental 

covariance using phenotypic relationships or creating indicator matrices that allow for computation 

of environment specific marker effects have improved environment specific prediction accuracy 

for genomic selection models, but these structures do not define what underlies the phenotypic 

covariance between environments in the way that realized genomic relationships do for genotypes. 

While practical for utilizing the same sites year over year, this approach does not cover the scope 

of scenarios many breeders encounter where they may need to predict performance in a site that 

has not been previously tested, or of individuals who have not been observed before. The above 

models also lack biological interpretability, as G×E variance can only be interpreted as a deviation 

from the main genetic effect and cannot be attributed to specific environmental factors. For plant 

breeding, models that accommodate the addition of new environmental and genotypic information 

will be most useful. Current genomic-enabled prediction models do this using covariances between 

individuals within and across environments. This, however, is a limited to environments where at 

least some related individuals already been phenotyped. Such a G×E prediction model cannot 

accommodate the addition of novel environments, as they lack information needed to compute 

covariance between previously tested and new environments. To solve this, integration of 

environmental covariates is necessary, such as in the reaction-norm models proposed by Jarquín 

et. al (2014) and the crop development models used by Millet et. al (2019). 

Principles of Genomic Selection 

Genomic selection is at its core an optimization problem where a breeder needs to allocate 

limited resources to make efficient genetic gain across a suite of phenotypes, often having to weigh 

the importance of making gain in one phenotype at the expense of another. This optimization 

problem will continue to be a challenge even as methods for incorporating big data sources become 
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more efficient, because increased availability of data does not alleviate physical limitations 

breeders face in field space, personnel, and economic resources. Using this data to work within 

these constraints and drive decisions will be what aids in generating genetic gain. A review of the 

literature suggests the following several key concepts from statistical learning, which are critical 

to designing an effective genomic selection program: 

1) Training and test sets need to be related 

a. In the context of genomic selection this implies that training and test sets need 

to be genetically related to one another 

b. In the environment specific prediction context, this also implies that 

environments must be related to one another 

2) All models are wrong -some models are useful (Box 1976) 

a. Equipping oneself with a good understanding of the tools available to them will 

aid in solving complex problems (as well as not overcomplicating a simpler 

problem). 

i. Matching trait architecture ties biological understanding into the 

statistical modeling process and may improve selection accuracy in 

some cases (Gianola 2013).  

ii. In cases where a priori knowledge is not available, choice of model 

should be driven empirically 

b. Deriving inference on causality from a GS model is incorrect 

c. There is no holy grail model that will solve all prediction problems 
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In addition to these general principles for genomic selection, when the use case is for G×E 

modeling and environment specific prediction, the following corollary, which comes from a 

generalization of principle one, must also be considered: 

Perspective 

As genomic and environmental data becomes less cost prohibitive and easier to obtain, 

agricultural breeding programs will see increased availability of data to generate genomic selection 

and prediction models. Such data will give breeders the ability to understand how genomes and 

the environment interact throughout the development of complex traits. 

 Environments are rapidly evolving under global climate change, indicating that some 

current land reserved for agriculture may become less suited for cultivation of crops and that 

current cultivars grown in a location may become less adapted to new climate in that location. As 

climate change occurs, it is imperative that breeders are able to predict how to harness genetic 

diversity in ways that both mitigate resource drain and perform well under changing environmental 

pressures. This means understanding G×E in plant species will become important for development 

of future lines that can withstand more frequent environmental stressors and more extreme weather 

events. Genomic prediction will be vital to decreasing the number of cycles necessary to make 

genomic gains in development of these future lines in a variety of crops. In the following research 

we focus on bringing together multiple data types to model G×E in genomic selection and 

prediction models that can be readily utilized by plant breeders to incorporate new genotypes and 

past environmental data. Predictive models that harness not only genomic data, but environmental 

data and G×E will be an essential part of a plant breeder’s toolbox as they confront climate change, 

a growing world population, and increased need for alternative energy resources.  
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The following research was published in G3: Genes, Genomes, Genetics. It details the extensive 

data cleaning and quality checks utilized to process Genomes to Fields genomic, phenotypic, and 

environmental data from initial raw values for use in genomic selection modeling. In this paper, 

we described the estimation of genetic and genotype-by-environment effects using a large set of 

maize hybrids evaluated in unbalanced design across 65 environments using parsimonious 

modeling techniques that account for differing genetic variances within, and genetic correlations 

between, environments using factor analytic models. These models demonstrate the large 

proportion of dominance and dominance-by-environment variances for yield. Further, 

https://doi.org/10.1093/g3journal/jkaa050
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exploratory analyses of the relationship between environmental covariates and G×E effects 

provide a basis for future avenues exploring environment-specific prediction. 

  



   

43 

 



   

44 

 



   

45 

 



   

46 

 



   

47 

 



   

48 

 



   

49 

 



   

50 

 



   

51 

 



   

52 

 



   

53 

 



   

54 

 



   

55 

 



   

56 

 



   

57 

 



   

58 

 



   

59 

 

 

  



   

60 

 

Supplemental Methods 

The following methods were used for data cleaning and processing before statistical analyses. 

Marker data 

Low coverage marker data were generated through Genotyping-By-Sequencing 

(GBS)(Elshire et al. 2011) for inbred parental lines at the  Cornell University Institute for Genomic 

Diversity and at the University of Wisconsin Biotechnology Center using the TASSEL-GBS 

Pipeline (Bradbury et al. 2007; Glaubitz et al. 2014) to create a TagsOnAPhysicalMap (TOPM) 

file from version 2 of the maize reference genome (TOPM file AGPv2).  SNPs aligned to the 

TOPM were later uplifted to version 4 of the maize reference genome.  The raw GBS dataset 

available on CyVerse (www.cyverse.org) contained 955,690 markers and 1,517 inbred parental 

lines, including duplicates of some lines.   These data underwent a number of cleaning and filtering 

techniques to arrive at a dataset of 1,918 hybrid crosses with 20,373 markers distributed across the 

genome (Figure S7).   

First, markers with greater than 40% missing data were removed in TASSEL (Bradbury et 

al. 2007) using the Filter Genotype Table Sites option. Next, an analysis of depth per marker was 

performed to check for markers with very high sequencing depth, suggesting mapping of paralogs 

to a single marker location.  A custom Python script was used to extract read depths associated 

with each genotype call from a VCF file.  Depth analysis was performed in R using a custom script 

to examine the distribution of read depth calls for data in two ways (R Core Team 2020).  First, 

total depth per marker was examined to see if any markers had particularly high depth as a first 

pass searching for possible alignment of paralogs.  Second, a matrix of depth values for each inbred 

line and marker combination was examined to determine a reasonable cut off for removal.  Markers 

with any read depth over 40 corresponding to an individual genotype call were considered possible 

http://www.cyverse.org/
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cases of alignment of paralogs and were removed from analysis, leaving 188,799 markers in the 

dataset.   

Next, markers with greater than 20% missing data were removed using TASSEL to 

minimize the need for imputation of missing values (retaining 59,122 markers after this step).  

Heterozygosity was analyzed in TASSEL using the Analyze Heterozygosity function, and markers 

with greater than 5% heterozygosity among the inbred parents were removed, leaving 57,536 

markers.  Heterozygosity was analyzed a second time by inbred line. Inbred lines with greater than 

5% heterozygosity were removed, leaving 1,371 parental lines.  After this, imputation was 

performed using LD KNNi (Money et al. 2015) in TASSEL with default settings for High LD 

Sites = 30; Number of nearest neighbors = 10; Max distance between site to find LD = 10,000,000.  

This method was chosen because some samples were in the GBS dataset multiple times and 

samples in the dataset were known to have population structure from past studies (Romay et al. 

2013; Peiffer et al. 2014).  After imputation, 1.54% marker scores remained missing and were 

filled in as the major allele homozygote.  

Using this complete data matrix, we performed principal component analysis (PCA) to 

check if duplicate samples properly clustered together post-imputation, and if similarity of PCA 

scores matched known pedigree relationships.  Data passed this check and subsequently markers 

were thinned by position, resulting in 25,709 markers with a minimum distance of 100 bp between 

markers.  Next, duplicate lines were removed, keeping only the observation with the highest 

coverage from each set of duplicates, leaving 1,186 unique parental lines.  From here, 

monomorphic markers were removed, leaving 22,214 markers.  Discrepancies in line names 

between genotype and phenotype data were harmonized to create a consensus list of names to be 



   

62 

 

used for both datasets.  PCA was performed again on the filtered parental dataset as a check to 

ensure data integrity and matched expectations for population structure.   

The cleaned inbred genotype data were used to generate hybrid genotypes using TASSEL 

(Bradbury et al. 2007). To generate hybrid genotypes, inbred parent heterozygous calls (< 0.08% 

of the data) were first set to homozygous calls of one of the two alleles at the marker at random, 

with equal probability using a custom R script.  Then TASSEL’s Create Hybrid Genotypes 

function was used to generate genotype scores for hybrids present in the 2014-2016 data.  Of the 

2,196 hybrids included in the phenotypic data, genotypes were produced for 1,918 (96%) hybrids, 

the remaining hybrids had at least one parent that was not genotyped or was removed from the 

genotype data set during filtering.  Reciprocal crosses were merged into a single common hybrid 

entry. Genotypes were numericalized to counts of the minor allele with respect to the full panel of 

hybrids for all subsequent analyses. Finally, any missing genotype scores (2.13%) were imputed 

to 0, homozygous for the major allele.  Realized additive (A) and dominance genomic relationship 

(D) matrices were estimated using the hybrid marker data in TASSEL (Bradbury et al. 2007) using 

centered IBS (Endelman and Jannink 2012) and dominance centered IBS methods (Muñoz et al. 

2014), respectively (Files S13, S14, and S15).   To identify genetic groups within the hybrids, 

cluster analysis was performed on the hybrid genotype data using Ward’s Method for 

agglomerative clustering (Ward 1963) with complete linkage metric.  To compare the genetic 

relationships of hybrids and their inbred parents together, we combined the genotypic data for two 

sets and performed principal components analysis. 
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Phenotype data 

Hybrid phenotype data from each location were submitted to a common data curation team, 

who assembled complete data sets for all locations in each year.  Trait data included days from 

planting to anthesis (DTA) and silk emergence (DTS), height to topmost node (plant height) and 

to primary ear node (ear height), stand count, number of lodged plants, plot grain yield, grain 

moisture at harvest, and test weight as described on in the G2F website 

(https://www.genomes2fields.org/). Environments varied for which traits were recorded; however, 

all environments have measurements for grain yield, stand counts, plant heights, and ear heights.   

Prior to release of the compiled trait data sets, the curators of the G2F hybrid data 

performed the following filtering to remove individual trait values with low biological probability.  

Days to anthesis or silking < 20 or > 100 days after planting were set to missing.  Ear height less 

than 20 cm were set to missing.  Yield, test weight, and grain moisture content were all set to 

missing if plot weight was less than 454 g.  The original dataset also contains the local check 

hybrids, which are selected by the primary investigator at that location, known to perform well in 

the region, but which were not genotyped, so we removed them from our data set.  Notes on a 

variety of data reliability issues were included with the trait data, including comments from 

investigators regarding damage to plots from machinery and animals, plots that suffered flooding, 

areas with low stand count, misplantings, and hybrid substitutions.  Comments were examined to 

determine reliability of data, and unreliable data were discarded.  Information on blocks of the 

experimental designs was not included in the original compiled data files, we added blocking 

information based on known experimental design features. In 2014 and 2015 fields were arranged 

with incomplete block designs and replications. In 2016 incomplete blocks were not part of the 

field experimental design, so a constant block value of 1 was assigned to all 2016 plots.  

https://www.genomes2fields.org/
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We removed all data from plots with stand counts equivalent to planting densities of less 

than 37,066 plants per ha-1.  Plot grain yields were converted to Mg ha-1 and yields greater than 

18.83 Mg ha-1 were set to missing.  Days to silking less than 40 days after planting were set to 

missing. The ratio between ear and plant height was calculated and the plant and ear height values 

were set to missing wherever the ratio was below 0.25 or above 0.75.  All phenotypic data from 

plots in an intersection of 2.5 inter-quartile range (IQR) and more than 30% above or below the 

mean stand count within a location were removed from further analysis. Outlier filtering was also 

performed on yield data by censoring yields that were outliers by both 2.5 IQR and > 30% different 

from the mean (Figure S8).  After filtering, 31,787 plots with phenotypic observations remained.  

All environments data for grain yield, but some missing values were present for other traits.

  

During the initial Stage 1 analysis of individual environments, we discovered that the 

within-site heritability for all traits from Delaware in 2014 had zero heritability. Inspection of the 

raw data revealed that during the compilation of data from different locations, the data from this 

location had undergone a permutation from the original plot numbers. Information provided 

directly by the collaborators at the University of Delaware was used to correct the assignments of 

hybrids to plots.  We also discovered that all traits from KSH1_2015 and KSH1_2016 had 

heritabilities less than 10%, but we were unable to identify a data compilation error. Therefore, 

these two sites were removed from all further analyses.   

Echidna software achieved convergence relatively quickly for complex models with 

multiple relationship matrices or FA structures for Stage 2 analyses.  Even complex G×E models 

were able to run in just over a day on eight 3.5 GHz processors and 64 GB RAM using Echidna 

Version 0.92 without specifying initial parameter values. All models reported here would be 
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considered feasible for a breeding program to implement for use in making selection decisions in 

a timely fashion.   

 

Weather Data 

Spectrum (Aurora, IL) watchdog weather stations were placed adjacent to fields to collect 

readings on temperatures, humidity, dew point, precipitation, wind direction and speed, and solar 

radiation every thirty minutes.  However, some stations were not deployed until up to 6 weeks 

after planting, and some stations malfunctioned, resulting in large amounts of missing data in the 

raw weather datasets.  To remedy this, values for missing weather variables except solar radiation, 

were imputed using daily measurements from the nearest local airport weather station.  First, 30-

minute resolution Spectrum station weather data was summarized to daily values (File S16). 

Maximum, minimum, and mean daily temperatures were calculated, along with daily mean 

dewpoints, humidity, wind speed, and total precipitation.  Missing values for temperatures, dew 

point, windspeed, and total precipitation were imputed using information scraped from Weather 

Underground’s (https://www.wunderground.com/) historical database from the closest airport.  

Wind speed and direction measurements from all Spectrum stations were considered to be 

unreliable because the winds were partly blocked once adjacent maize plants grew to the height of 

the anemometer.  Therefore, all wind speed values were imputed using web scraping from Weather 

Underground. As a check on weather data reliability, the weather data for each environment was 

compared to data from same dates at nearest weather stations included in the Iowa Environmental 

Mesonet (IEM) ASOS (https://mesonet.agron.iastate.edu/ASOS/). Daily Spectrum station and 

IEM station data were correlated highly in 2014 and 2015 but had approximately zero correlation 

in the 2016 data set (File S17).  Further investigation revealed a permutation in the initially released 

https://www.wunderground.com/
https://mesonet.agron.iastate.edu/ASOS/
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2016 environmental data, rendering it unusable.  For this reason, all 2016 Spectrum station 

environmental data were discarded and replaced with the nearest 2016 IEM data for respective 

locations as a best proxy for field data.  Data from 2014 and 2015 was checked for outliers where 

G2F and IEM data for temperature related variables differed by more than 7 °C.  In these cases, 

three data sources closest to the environment (Spectrum data, IEM, and Weather Underground 

were compared to determine a consensus value.  Where Weather Underground agreed with the 

Spectrum data, the Spectrum data point was kept, and where Weather Underground agreed with 

IEM, the IEM values were kept. Temperature, dew point, and relative humidity are all interrelated, 

providing a means to impute missing data for one of the values when the other two measurements 

were recorded. Dew point (𝑇𝑑) is a function of relative humidity (𝑅𝐻; the ratio of actual water 

vapor pressure to saturation vapor pressure) and mean daily temperature (𝑇) to dew point as 

follows (Lawrence 2005): 

𝑇𝑑 =   
243.04 [ln (

𝑅𝐻
100) +  

17.625 ∗ 𝑇
243.04 + 𝑇]

17.625 − ln (
𝑅𝐻
100) −  

17.625 ∗ 𝑇
243.04 + 𝑇

         (1) 

This equation was tested on observations where all three values were present to check for 

accuracy.  Finding high accuracy (𝑅2 = 0.9993), this calculation was used to impute dew point 

for observations where readings for 𝑅𝐻 and 𝑇 were present, but 𝑇𝑑 was missing. 

A formula to calculate relative humidity was derived from equation 1 and is given in 

equation 2 by solving algebraically for relative humidity.  This equation was tested on observations 

where all three values were present from the in-field weather station to check for accuracy and was 

found to be highly accurate (𝑅2 = 0.9999).  Equation 2 was used to impute relative humidity for 

observations where readings for 𝑇 and 𝑇𝑑 were present, but 𝑅𝐻 was missing. 

𝑅𝐻 = 2.71828
5756.46∗𝑇∗𝑇𝑑 − 3.95542∗106∗𝑇 + 6.75353∗106∗𝑇𝑑 + 3.40025∗108

1250∗𝑇∗𝑇𝑑 + 303800(𝑇 + 𝑇𝑑) + 73835552          (2) 
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After web scraping and imputation, growing degree days (𝐺𝐷𝐷) were calculated for all daily data 

points using equations from the NDAWN (https://ndawn.ndsu.nodak.edu/).  𝐺𝐷𝐷 is a measure 

used to understand plant growth and development, calculated using temperature data.  An indicator 

variable for rain was created with a value of zero on days when no precipitation was captured by 

the Spectrum Watchdog, and one otherwise. Irrigation was captured by the Spectrum watchdog 

weather stations in most locations.  For locations noted to not have irrigation collected by the 

watchdog, the amount of irrigation applied was added as precipitation for consistency amongst 

environments.  In 2016, irrigation values were added to the imputed weather data from IEM. 

Solar radiation is known to follow a cyclical pattern with little to no detectable radiation 

activity when no light is present (i.e. night), and activity peaking around midday when the sun 

reaches its zenith (Myers 2013).  Field station data showed high radiation activity in many sites 

during nighttime daytime hours, indicating that the sensors likely were not functioning properly.  

Data from the National Solar Radiation Database (https://maps.nrel.gov/nsrdb-viewer/) were used 

to impute solar radiation for each site by accessing the data from the closest collecting station to 

the field.  These data were then used to estimate the mean Global Horizontal Irradiance (GHI) for 

each day along with the maximum GHI observed for each day.  The maximum GHI will be referred 

to as peak GHI hereafter. 

Effective photoperiod was calculated using tables of sunrise and sunset times from the 

United States Naval Observatory under the recommended guidelines of computing the length in 

minutes between sunrise and sunset times and adding one hour to give effective day length 

(https://aa.usno.navy.mil/data/docs/RS_OneYear.php#notes). 

Field soil samples were taken during the 2016 field season, but no soil sample 

measurements existed for the 2014 or 2015 seasons.  For 2016, we took the soil composition 

https://ndawn.ndsu.nodak.edu/help-corn-growing-degree-days.html
https://maps.nrel.gov/nsrdb-viewer/
https://aa.usno.navy.mil/data/docs/RS_OneYear.php#notes
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measurements (sand, silt, clay percentages) for locations where information was available. For 

locations where no such information was available, data from the USDA Natural Resources 

Conservation Services Web Soil Survey (https://websoilsurvey.sc.egov.usda.gov/) was used to 

impute soil type.  For imputation, web soil survey soil types and percentages were recorded and 

used to compute approximate soil composition values for sand silt and clay in R (File S16).  

Daily weather data for each year was processed in R using a custom sliding window 

function (File S16) to reduce dimensionality into multiple datasets with resolution ranging between 

five-day and 30-day periods.  The mean values for each variable were averaged over days within 

each window. All three years of periodic mean weather data from all years were then combined 

into a common data set that was centered and scaled by variable prior to analysis (File S18). 

 

  

https://websoilsurvey.sc.egov.usda.gov/
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CHAPTER 3. Environment-Specific Genomic Prediction using 

Dominance Genetic and Environmental Covariates in a Public 

Cooperative Maize Experiment 

 

Anna R. Rogers & James B. Holland. 2021.  

 

The following research manuscript is in preparation for submission to G3: Genes, 

Genomes, Genetics. It details the building of prediction models incorporating Genotype-by-

Environment (G×E) interaction effects by selecting an optimal SNP marker set, temporal window 

of environmental covariates, and appropriate G×E term for dimension reduction to enable 

environment-specific genomic prediction. The research in this manuscript highlights the 

importance of both genetic and environmental relationships between training and testing sets, and 

demonstrates that improvement in prediction ability achieved by incorporating G×E into 

prediction models varies by environment.  
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Abstract 

Technological advances have made possible the collection of a wealth of genomic, 

environmental, and phenotypic data available for use in plant breeding. Incorporation of 

environmental data into environment-specific genomic prediction (GP) is hindered in part because 

of inherently high data dimensionality. Computationally efficient approaches to combining 

genomic and environmental information may facilitate extension of GP models to new 

environments and germplasm, and better understanding of genotype-by-environment (G×E) 

interactions.  Using genomic, yield trial, and environmental data on 1,918 unique hybrids evaluated 

in 59 environments from the maize Genomes to Fields project, we determined that a set of 10,187 

SNP dominance coefficients, and a 5-day temporal window size for summarizing environmental 

variables were optimal for GP using only genetic and environmental main effects. Adding marker-

by-environment variable interactions required dimension reduction, and we found that reducing 

dimensionality of the genetic data while keeping the full set of environmental covariates was best 

for environment-specific GP of grain yield, leading to an increase in prediction ability of 2.7% to 

achieve a prediction ability of 80% when data were masked at random.  We then measured how 

prediction ability was affected under stratified training-testing sets to approximate scenarios 

commonly encountered by plant breeders, finding that incorporation of marker-by-environment 

effects improved prediction ability in cases where training and test sets shared environments, but 

did not improve prediction in new untested environments. The environmental covariance between 

training and testing sets had a greater impact on the efficacy of prediction than genetic covariance 

between training and test sets.  
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Introduction 

Genotype-by-environment (G×E) interactions occur when environmental factors do not 

have the same effect on all genotypes, such that the relative phenotypic differences among 

genotypes vary across environments. G×E interactions are commonly observed in complex 

phenotypes studied across all subfields of genetics (Manolio et al. 2009; Lasky et al. 2015; 

Edwards 2016; Krishnamurthy et al. 2017; Yang et al. 2017) and complicate the understanding of 

genetic and genotypic effects. In plant breeding, G×E represents a portion of phenotypic variance 

that hinders broad-scale adaptation, but may be leveraged for development of varieties with 

relatively better performance in the presence of specific environmental pressures, for example 

drought (Adee et al. 2016) or salinity tolerance (Krishnamurthy et al. 2017). Plant breeders have 

traditionally treated G×E as noise that hinders stability across a wide market (Comstock and Moll 

1963), in part because of the challenge it poses during the selection process. Identifying superior 

genotypes in plant breeding programs is difficult because G×E interactions can lead to the selection 

of genotypes based on performance in one or a small set of test environments in the early stages 

of a breeding program that might have relatively poor performance in later stage multi-

environment trials (Crossa et al. 2017; Hickey et al. 2017). Without a good understanding of G×E 

interactions and their impacts on performance in early-stage selections, G×E interactions become 

a nuisance at later stage when promising lines meet new stressors. This also poses a problem when 

breeding for future environments, where climate change threatens to alter the growing 

environments in ways that may not favor current genetic backgrounds. To breed for future 

environments where extreme weather events are likely to be more frequent, leveraging G×E will 

may help to develop more resilient cultivars. 
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Over the last decade, Genomic Selection (GS) has become widely used in both plant and 

animal breeding programs, in part due to the decreased cost of genomic data and increased 

computational power available for statistical modeling (Cooper et al. 2014; Hickey et al. 2017; 

Hammer et al. 2019; Voss-Fels et al. 2019). As technologies for capturing environmental data 

developed and became more cost effective for use in breeding programs, models have been 

proposed to integrate environmental covariates into GS (Jarquín et al. 2014; saint Pierre et al. 

2016; Millet et al. 2019; Monteverde et al. 2019). These range a spectrum from extensively 

researched crop models that rely on biological understanding of the developmental response of 

specific genotypes to changing environmental conditions (Pauli et al. 2016; Bustos-Korts et al. 

2019), to reaction-norm models identifying a few covariates that are posed to have important 

effects on end point phenotypes (Burgueño et al. 2012; Heslot et al. 2014; Jarquín et al. 2014; 

Crossa et al. 2016; Millet et al. 2019; Li et al. 2021), and to machine learning models that ‘learn’ 

what covariates are important to a given trait from a large amount of environmental data based on  

assumptions of effect distributions (Bandeira e Sousa et al. 2017; Cuevas et al. 2017, 2018; 

Montesinos-López et al. 2018; Costa-Neto et al. 2020; Li et al. 2021). Inferences about the causes 

of G×E interactions may be possible with crop physiology models, but are difficult from machine 

learning model results.  

Physiologically-grounded crop models rely on extensive and detailed experimentation to 

estimate model parameters (Bustos-Korts et al. 2019; Hammer et al. 2019), which can provide 

high predictive ability of genotypes used to train models in new environments, but much lower 

prediction ability for new genotypes not used in model training (Millet et al. 2019). These results 

suggest that transferring information on crop growth models between populations remains 

challenging (Millet et al. 2019),  limiting their practicality to large scale breeding programs, where 
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thousands of genotypes and environments may be present and generating the data necessary to 

create crop growth models may not be feasible (Hammer et al. 2019). Even when such models can 

be used, computational power presents a challenge and parsimony is often preferred to speed up 

modeling for real-time breeding decisions (Hammer et al. 2019).  

Reaction-norm and machine learning models provide simpler alternatives for integrating 

both genomic and environmental data for genomic prediction, in part because these methodologies 

are relatively straightforward extensions of GS models that handle environmental data and G×E 

interactions in ways analogous to use of genomic marker data in GS (Crossa et al. 2016). One 

caveat of many genomic prediction studies incorporating environmental data into GxE modeling 

is that they tend to focus on relatively small numbers of environments and genetic backgrounds, 

which may not be representative of breeding programs that incorporate more heterogeneity of 

genotypes or target population of environments. Predictive studies using both environmental and 

genomic data sources have shown that use of G×E terms increase predictive ability, but that the 

increase in predictive ability depends greatly on phenotypic correlations between testing and 

training environments (Bandeira et al. 2017; Cuevas et al. 2018; Monteverde et al. 2018).  For 

genomic prediction models to work well, covariance between genotypes is important, but for the 

environment-specific prediction case that covariance between environments is also quite important 

(Jarquín et al. 2014, 2020; saint Pierre et al. 2016; Monteverde et al. 2018). Multi-environment 

genomic prediction models rely on information sharing across correlated environments, such that 

training environments with low correlation to test environments limit the sharing of information 

(Monteverde et al. 2018, 2019). When covariances between training and testing environments 

were close to zero or negative, linear G×E models had difficulty predicting phenotypic outcomes, 

but in some cases more flexible kernel models were better able to approximate these environmental 
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covariances and recover prediction ability (Crossa et al. 2017; Cuevas et al. 2017, 2018). These 

kernel models tend to be costly in memory requirements and computational speeds, creating a 

significant barrier to entry for small breeding programs with limited resources and large programs 

requiring speedy selections (Isik et al. 2017; Cuevas et al. 2018; Granato et al. 2018). Because of 

this, more computationally efficient methods that require less resources are necessary for genomic 

prediction to be implemented for the models to be of use to making breeding decisions.  

Rogers et al. (2021) curated the Genome to Fields (G2F) 2014-2016 hybrid yield trial 

phenotypic, environmental, and genomic data into datasets appropriate for use in GS models. 

Environmental covariates were related to covariances between environments and G×E covariances 

in this data set (Rogers et al. 2021), thus we hypothesize that environment-specific genomic 

prediction could be aided by the inclusion of environmental covariates and genotype-by-

environment interactions models. Because some environmental data are collected many times per 

environment, integrating these data into genomic prediction models requires a choice of 

appropriate resolution of windows over which environmental data are summarized. Higher 

resolution may help prediction ability, but it increases computational demand. Similarly, very 

high-resolution genetic marker data may improve prediction ability but there is a tradeoff between 

prediction ability and computational resource requirements when increasing marker density. 

Combining genetic marker coefficients and environmental variable coefficients to create 

genotype-by-environment interaction coefficients increases the number of model parameters by 

the product of the two components; therefore identifying an appropriate balance between the 

density of genetic and environmental factors and the memory demands and computational speed 

of prediction models is important. One proposed solution to this problem is the use of 

environmental indexing over an optimal window, which has been successful in the case of maize 
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flowering time where a small set of environmental covariates have large effects on phenotypic 

outcomes (Li et al. 2018).  This approach has used for traits in several species where environmental 

factors with large influence on phenotypes are well understood (Li et al. 2021). Such approaches 

are not easily generalizable to prediction of grain yield, which is influenced by a large number of 

environmental factors and exhibits substantial GxE interaction variance. 

Jarquin et al. (2020) utilized the first two years of G2F hybrid yield trial data to test 

reaction-norm models involving one-hour windows of environmental data and genomic 

relationship matrices to model general and specific combining ability genetic components. These 

models involved 25,152 environmental covariables summarized into an environmental covariance 

matrix, which assumes that all environmental covariates contribute equally to the relationships 

between the environments (Jarquín et al. 2020). This approach for including G×E interactions did 

achieve consistent improvement in predictive ability for grain yield (Jarquín et al. 2020). Here we 

approach environment-specific prediction in a way that allows marker-environmental variable 

interactions to have different weights in prediction models, as learned from the data, for greater 

flexibility in modeling the covariances between environments. 

The objectives of this study were to (1) optimize genetic marker and environmental 

covariable data sets to balance genomic prediction ability against model dimensionality (as a proxy 

for computational resource requirements), and (2) measure the effect on prediction ability of 

different prediction models when training and testing data sets were stratified by genetic or 

environmental relationships, to reflect real world prediction scenarios encountered by plant 

breeders.  We compared the prediction ability of genetic marker data sets coded to represent 

additive versus dominance coefficients and randomly sampled to different marker densities. We 

also compared temporal window sizes for summarizing environmental variables, and dimension 



   

78 

 

reduction of either the genetic or environmental data for use in incorporation G×E effects in models 

for environment specific genomic prediction. Finally, we compared the relative utility of different 

ways to represent G×E effects in prediction models under scenarios with varying levels of genetic 

and environmental separation between training and testing data sets. 

Materials and Methods:  

Environmental, Phenotypic, and genetic marker data from years 2014-2016 of the Genomes to 

Fields maize project described in Rogers et al. (2021) were used for predictive modeling. In this 

study we included additional soil parameters for each field-testing environment in the USA 

locations from the USDA-NCRS Soil Survey Geographic Database (SSURGO) (United States 

Department of Agriculture) obtained using the package soilDB (Beaudette et al. 2021) in R (R 

Core Team 2020) (File S1). Parameters measuring soil particle size, water holding capacity, slope, 

and erosion factors were obtained for all soil horizons up to 2 m of depth (Table S1). Soil horizons 

are layers defined by physical, chemical, and biological properties. The proportion of each horizon 

in the first 2 m of soil was computed and then used as a weight in computation of weighted values 

across horizons for each soil parameter. Missing values for coarse and fine silt representative value 

(RV, siltco_r and siltfine_r) correspond to zero values and were imputed as zero where missing. 

Values for exchangeable cations (cec7_r), NH4OAc extracable bases (sumbases_r), and 

exchangeable hydrogen ions (extracid_r) were observed to be missing in very few cases and 

imputed using the R package mice (van Buuren and Groothuis-Oushoorn 2011). The USDA Soil 

Survey does not include data outside of USA, therefore to include these parameters in predictive 

modeling only the 59 U.S. environments were used for this study, dropping six yield trial 

environments in Ontario, Canada, and leaving 16,106 hybrid-environment yield best linear 
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unbiased estimates (BLUEs) for analysis, all of which had corresponding genetic marker data, 

weather data, and soil data.  

Marker Matrices 

The imputed and filtered set of 20,373 SNP marker calls described in Rogers et al. (2021) was 

used as the starting genotypic data set for this analysis. Additive allele calls were recorded as 

counts of the minor allele (0, 1, 2). Dominance genotype calls were derived from the same matrix 

and called each homozygote as a zero, and heterozygous genotypes as one (Vitezica et al. 2013; 

Muñoz et al. 2014). Each set of marker coefficients was centered and scaled within loci such that 

marker 𝑖 followed a distribution where 𝑚𝑖 ∼ 𝑁(0, 1).  

Models 

Models were fit using R 4.0 (R Core Team 2020) using the North Carolina State University 

High Performance Computing Cluster (NCSU HPC) Henry2 cluster with the package BGLR 

(Pérez-Rodríguez and de los Campos 2010), using a custom shell script for batch submission of 

job (File S2) and a custom R script for job execution (File S3). The Henry2 cluster is a 

heterogeneous Intel Xeon based Linux cluster, and compute nodes include a mix of several 

generations of Intel Xeon processors in dual-socket blade servers. Nodes containing the same 

generation of processor may have varying amounts of memory. Core counts for nodes range from 

8-32, and memory ranges from 16-512GB. For the purposes of this high throughput calculation, 

jobs were placed on 'first available' nodes having at least 70GB of RAM. Jobs were submitted 

using a shell script (File S2), which takes arguments for the number of folds to execute, what type 

of model to run, where to direct output, and what type of cross validation to run. The jobs submitted 

using this script then execute the R script (File S3) for a given fold, loading a workspace custom 



   

80 

 

for the model type run. All data used for prediction can be found in the folder R_data_objects (File 

S4). Post hoc analyses were done in R (File S5). 

Models were built strategically to answer questions about what components are useful for 

building complex G×E models for prediction. Data sets available to use for predictive modelling 

include both additive and dominance marker matrices of 20,373 markers, windowed 

environmental data sets covering five, ten, fifteen, and thirty-day windows along with soil data 

derived from the USDA soil survey, and trait BLUEs from stage one analysis of each environment 

that accounted for differences in experimental design (Rogers et al. 2021). With these components 

available, we would be able to ask a number of questions regarding what components would be 

most useful for building a G×E model -including the necessary number of markers, resolution of 

environmental data, and what type of G×E term was the most useful for modeling. A model using 

the complete data would involve 20,373 additive marker coefficients, 20,373 dominance marker 

coefficients, 377 environmental covariates at the higher resolution of five-day windows, and two 

G×E terms with 7,680,621 interaction covariates each, for A×E and D×E effects, respectively. 

This model would require more RAM and computing time than reasonable for a plant breeding 

program, thus we investigated subsets of this full model to reduce memory and time requirements.  

To reduce the complexity of the parameter space, we broke this problem into several steps. 

We first compared the ability of marker matrices of size 5,093 markers, 10,154 markers, 15,280 

markers, and 20,373 markers to predict genetic main effects. Next, models utilized the chosen 

markers and added environmental data summarized into one of four different temporal window 

sizes to determine what resolution of environmental data provided the highest prediction ability 

for environment-specific hybrid values. Finally, the selected genetic and environmental 

components were used to create G×E models for environment-specific prediction. This allowed us 
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to test a reasonable subset of all possible models that could be created for their performance in 

environment-specific prediction while addressing relevant questions to what components were 

necessary for creation of a useful G×E model. 

Genetic Main Effects 

To determine if genotype effects could be accurately modelled with a smaller number of 

markers than the complete set of 20,373, we generated subsets with 5,093, 10,154, or 15,280 

markers by randomly sampling from the original data set. Then models for genetic main effects 

were fit on hybrid yield BLUEs averaged across environments from Rogers et al. (2021). Models 

of the following form were compared for their ability to predict genetic main effects: 

𝒚 = 𝜇 + 𝑴𝑏 + 𝜺 

Where 𝒚 is the vector of yield BLUEs averaged across environments, 𝜇 is the grand mean, 

𝑴 is a marker matrix containing centered and scaled additive (𝑨) marker or dominance (𝑫) 

marker calls with row dimension equal to the number of unique hybrids (1,916) and column 

dimension equal to the number of markers (5,093, 10,154, 15,280, or 20373), 𝑏 is the vector of 

marker effects, and 𝜺 is the vector of residual effects.  

In addition, models with both additive and dominance effects were tested, using equal 

numbers of markers for each effect: 

𝒚 = 𝜇 + 𝑨𝑏 + 𝑫𝑐 + 𝜺 

Where 𝒚, 𝜇, and 𝜺 are the same as described previously, but both additive (𝑨) marker and 

dominance (𝑫) marker matrices of identical dimensions were fit, and 𝑏 and 𝑐 are the vectors of 

marker additive and dominance effects, respectively. All marker effects were fit under Bayesian 

Ridge Regression using the BGLR package (Pérez-Rodríguez and de los Campos 2010) . 
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Within each class of model complexity (defined by the total number of marker effects 

modelled), we chose the model with higher average prediction ability using 10-fold cross 

validation in which a random set of 10% of the hybrids were placed in the test set for a given fold. 

Prediction ability within each test set was computed as 𝐶𝑜𝑟(�̂�𝑖, �̂�𝑖,𝐵𝐿𝑈𝐸), the correlation between 

the predicted value for hybrid 𝑖 and the BLUE for hybrid 𝑖. Prediction abilities were averaged over 

folds. Then, using the simplest class of models, which involved a single marker matrix of 5000 

markers, as a baseline, we selected models with higher complexity if they increased prediction 

ability by at least 1% compared to simpler models. By this process, we selected the matrix of 

10,154 marker dominance effects for use in subsequent models.  

Environment Main Effects 

Next, we compared the ability of models incorporating environment effects to predict 

environment-specific hybrid BLUEs. Models had the form: 

𝑦 = 𝜇 + 𝑴𝑏 + 𝑬𝑐 + 𝜀  

Where 𝑦 is the vector of hybrid-environment combination yield BLUEs, 𝑴 is the matrix of 10,154 

marker dominance coefficients, 𝑏 is the matrix of marker effects, 𝑬 is either a matrix of 

environment label dummy variables or the matrix of environmental variables summarized within 

five, ten, fifteen, or thirty-day windows plus additional soil parameters, 𝑐 is the vector of 

environment main effects or environmental variable effects, and 𝜀 is the vector of residual effects. 

Marker effects were modeled with Bayesian ridge regression; environment label main effects were 

modeled as fixed effects, or environmental covariables were modeled with a distribution of effects 

under LASSO (Tibshirani 1996; Park and Casella 2008; de los Campos et al. 2013). 

Models were compared based on the mean ability to predict hybrid-environment BLUEs 

from a single year held out from the training set, averaged over the three possible training-test set 
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combinations, chosen as a challenging scenario for prediction in untested environments. The 

environmental window with the highest mean predictive ability across the three years was utilized 

as the environmental component in subsequent G×E modeling. 

G×E Effects and Dimension Reduction Methods 

To make computation of G×E effects more computationally tractable, dimension reduction 

was used to model the interaction between the genetic and environmental parts of the model. 

Without dimension reduction, the G×E term would involve 3,828,058 predictors (derived from all 

combinations of 10,154 markers and 377 environmental covariates from the selected environment 

variable matrix), which would require impractically long computation times. Dimension reduction 

can be applied to either the marker or environment matrices prior to creation of the matrix of G×E 

effects.  To compare dimension reduction of the genetic effects to that of environmental effects, 

we kept one of the two effect matrices intact and applied principal components analysis to the 

other matrix, retaining a number of principal components such that the product of genetic and 

environmental effects was always maintained at approximately 100,000 effects. Specifically, this 

was achieved by retaining all 10,154 marker dominance effects along with the first 10 principal 

components (PCs) of the environmental variable matrix and computing a matrix 𝑮𝑬𝑷𝑪 with 

101,540 columns by multiplying each column of the marker matrix by each column of the 

environmental PC matrix element-wise. Alternatively, we multiplied each column of 377 

environmental variables by each of the first 265 PCs of the marker matrix to form a matrix 𝑮𝑷𝑪𝑬𝑑 

with 99,905 columns. The first 10 PCs of the environmental variable matrix accounted for 60% of 

the total variance of that matrix, and the first 265 PCs of the marker matrix accounted for 70% of 

the total marker variation. We accounted for computation time for dimension reduction when 

comparing computation time for different models.  
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 Models incorporating G×E effects had the form: 

𝑦 = 𝜇 +  𝑴𝑏 + 𝑬𝑐 + 𝑮𝑬𝑷𝑪𝑑 + 𝜀, or 

𝑦 = 𝜇 +  𝑴𝑏 + 𝑬𝑐 + 𝑮𝑷𝑪𝑬𝑑 + 𝜀, 

where terms are the same as defined in the previous section, with the addition of the matrix 

of marker-by-environment predictors (𝑮𝑬𝑷𝑪 or 𝑮𝑷𝑪𝑬) and the vector of marker-by-environment 

effects (d). Marker effects were estimated under Bayesian Ridge Regression, whereas 

environmental covariate main effects and G×E effects were each estimated with LASSO with 

BGLR (Pérez-Rodríguez and de los Campos 2010). 

These two models were then compared under different cross-validation scenarios, as described 

below.  

Computation of prediction ability and statistical bias 

Our goal was to evaluate different models for prediction ability under different scenarios 

defined by the scheme to separate training from test data sets. In each case, we held out the 

specified proportion of hybrid-environment BLUEs from the training set, and then measured 

prediction ability as the mean correlation over folds or replications between predicted values and 

observed BLUEs within the held-out test set. The prediction ability correlation within each fold 

was measured in two ways: 1) correlation across environments measured as a single correlation 

value involving all held-out observations, and 2) within-environments where correlation was 

measured for each environment on all held-out observations in said environment.  

Within-environment bias was computed within each test set to determine if models had 

bias towards over- or under-predicting held out observations: 

𝐵𝑖𝑎𝑠 = �̅�𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 − �̅�𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 
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Negative bias indicates that the model systematically predicts yield values lower than 

observed in the given environment, and positive bias indicates prediction of yield higher than 

observed on average. Within-environment bias relates to how accurately environment main effects 

are captured by the model. 

Cross validation and sampling schemes 

Prediction ability of the different models was measured under a variety of cross-validation 

and sampling schemes that mimic prediction scenarios encountered in plant breeding programs 

(Figure 1a). The first two methods (CV1 and CV2) were proposed by Burgueño et al. (2012), and 

are designed to mimic two situations often encountered by plant breeders. We also propose 

additional sampling scenarios that approximate other scenarios that may often be encountered by 

plant breeders. Code for all sampling schemes is in File S3. 

Baseline Sampling 

The different sampling schemes resulted in different sizes of training data sets, so we first 

measured the effect of reducing the number of observations within training sets on prediction 

ability by using random sampling to place 10, 20, 30, 40, 50, or 60% of the observations in the test 

set, such that the model was trained the remaining data.  Baseline sampling was done such that a 

specified percentage of observations were held placed in the test set using random sampling. This 

was repeated 10 times for each hold out percentage to compute a mean prediction ability. 

CV1 

Cross Validation 1 (CV1) is designed to evaluate prediction of genotypes that have not yet 

undergone field evaluation, such as in the case of newly developed lines (Burgueño et al. 2012). 

In this scenario, all observations of a random set of 10% of the hybrids were held out from model 
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training, and the trained model was used to predict the values of this 10% of hybrids at all 

environments in which they were actually observed (Figure 1a).  

CV2 

Cross Validation 2 (CV2) is used to approximate the scenario where genotypes are 

evaluated in a subset of environments (Burgueño et al. 2012). In this scenario, half of the existing 

observations of 10% of the hybrids from CV1 are held out as part of the test set, while the other 

half are used in training (Figure 1a). The half of observations used in training will be part of the 

test set in a different, non-overlapping fold. This scheme allows for the correlation of performance 

between environments to aid in prediction of performance at another related environment.  

LO1Y: Leave Out One Year 

Leave out one year (LO1Y) cross validation was designed to ask the question: How well 

can environment-specific performance be predicted from training data collected in different years 

than the test environments? In the practical breeding situation, historical data are available to 

predict future performance. In our case, we used data from two years as training data and the held-

out third year was the test set (Table S2, Figure 1a).  

LORE: Leave out Related Environments 

To test the impact of reducing the similarity between testing and training environments on 

the ability to predict environment-specific performance, we used the seven environment clusters 

defined by weather variables described in Rogers et al. (2021) to define training and test sets 

(Table S2). Each environment cluster was used once as the test set, with model training performed 

on the other six environment clusters. If environmental similarity between training and test sets is 
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important for prediction ability, we expect prediction ability to decrease more in this case than 

when holding out random sets of environments (Figure 1a).   

LORH: Leave out Related Hybrids 

Practical breeding programs often introduce new breeding families, prompting the question 

of how well environment-specific performance of new germplasm sub-populations can be 

predicted from training data on distinct germplasm. To measure the change in prediction ability 

due to genetic differentiation between training and test sets, we used the ten marker-defined hybrid 

clusters identified by Rogers et al. 2021 to define training and test sets (Figure 1a). In this scenario, 

we used environment-hybrid BLUEs from nine of ten hybrid cluster as training data and 

environment-hybrid BLUEs from the tenth cluster as test data, repeating this process for all ten 

clusters as the test set (Table S2).  

LO1E: Leave Out One Environment 

A possible practical implementation of environment-specific prediction is to predict 

performance within a location that is in the same year and geographically similar to a relatively 

large training set. By careful stratification of testing sites, a breeding program could potentially 

leverage training data to predict in untested locations within the range of the training sets (Figure 

1a). To evaluate prediction ability in this scenario, we used leave one environment out cross-

validation, wherein environment-hybrid BLUEs from 58 of the environments are used for model 

training and prediction ability is measured within the single held-out environment (Table S2). This 

process is repeated by using each individual environment as the test set in turn.  



   

88 

 

Bidirectional Cross Validation Methods 

The following CV methods combine two directions of data censoring to create training and 

test sets, they are designed to examine problems commonly encountered in breeding and 

approximate loss of prediction accuracies expected in such scenarios. Each method censors a set 

of hybrids, either leaving out 10% of hybrids at random using the folds from CV1 or in a stratified 

manner by leaving out genetically-defined hybrid clusters, and also censors a set of environments 

by either leaving out one entire year of data or an environmental cluster (Figure 1a). The training 

data in these cases are comprised of data not in the set of held out hybrids or environments, i.e., 

the complement of the union of the held-out hybrids and environments (Figure 1b). The paired 

test set is the intersection of the held-out hybrids and environments (Figure 1b).  This results in 

differing levels of similarity between training and testing environments, and between training and 

test set genetic composition (Figure 1c). In a few cases where individual test environments 

contained less than eight hybrid observations, we did not estimate the within-environment 

prediction ability.  

CV1 + LO1Y: Leave out 10% of hybrids and 1 year of data 

To simulate prediction of similar materials in future years, we leave out any observations 

in the union of a random hybrid fold and the observations from a single year (𝐸(𝑓𝑜𝑙𝑑𝑠)  =

 30, 𝑎𝑐𝑡𝑢𝑎𝑙 𝑓𝑜𝑙𝑑𝑠 =  30). For example, when the test set of hybrids is the first CV1 fold and the 

test year is 2014, 470 observations of hybrids from fold one in 2014 are censored, all 4193 

additional observations from 2014 are also held out to fully mask year 2014 from the training set, 

and all observations of the held out 470 hybrids from years 2015 (n = 505) and 2016 (n = 989) 

were also censured to fully mask the test set genotypes from the training set. In this case, a total of 
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5652 observations are held out of training, and of these, 470 compose the test set while the 

remainder are discarded (Figure 1b, Table S2). 

LORE + LO1Y: Leave out Related hybrids and 1 year of data 

To test the problem of predicting performance within a new genetic group in a different 

year than the training set, we created training sets that leave out any observations in the union of a 

related hybrid cluster and a single year of data, paired with test sets that include the intersection of 

the hybrid cluster and year. This uses the LORH folds along with the year fold. For this set, the 

actual number of folds (28) is lower than the potential number of folds (30, from all combinations 

of three years and 10 hybrid clusters), because none of the hybrids from cluster 3 were planted in 

2014, and none of the hybrids from cluster 10 were planted in 2016 (Table S2).  

CV1 + LORE: Leave out 10% of hybrids and related environments 

This method is designed to test environment-specific prediction ability of germplasm 

related to the training set but evaluated in distinct environments Training sets for this scenario hold 

out a random 10% of hybrids (from a CV1 fold) and one environmental cluster, paired with a test 

set composed of the intersection of the test hybrids and environment cluster (Table S2).  

LORH + LORE: Leave out related hybrids and environments 

The most challenging scenario for prediction is the idea of predicting performance of new 

germplasm in untested environments. For this scenario, training sets leave out the union of a hybrid 

cluster and an environment clusters, and their paired test sets include the intersection of these 

hybrid and environment clusters (Table S2).  
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Results and Discussion 

Genetic main effect prediction 

Models for genetic main effects fit using additive marker matrices, dominance marker 

matrices, and combinations of the two demonstrated that using dominance marker matrices 

resulted in a mean prediction ability increase of 8.2% (𝑝 <  2 × 10−16) compared to using an 

additive marker matrix of with the same marker number (Figure 2). These results are consistent 

with Rogers et al. (2021), who demonstrated that although the additive genetic variance component 

was greater than the dominance variance component for yield in the complete data set used here, 

GBLUP models utilizing a dominance relationship matrix had better fit to the data than their 

additive counterparts, and also predicted marginal genotype mean values better.  

Fitting both 𝑨 and 𝑫 together did not improve prediction ability compared to fitting 𝑫 of 

the same marker number alone (𝑝 = 0.423) (Figure 2). Rogers et al. (2021) previously 

demonstrated a moderately high correlation between the additive and dominance relationship 

matrices (𝑅𝑜𝑓𝑓−𝑑𝑖𝑎𝑔 =  0.83, 𝑅𝑑𝑖𝑎𝑔 = 0.54). Increasing marker number did not increase 

predictive ability for models using 𝑨 alone, but resulted in predictive ability increases with 

diminishing returns for models utilizing 𝑫 (Figure 2). Increasing from 5,093 to 10,154 dominance 

markers resulted in a prediction ability increase of 1.1 percentage points on average, while 

increasing from 10,154 to 15,280 markers resulted in an additional increase of only 0.5%, and 

adding markers beyond 15,280 did not result in a consistent increase in prediction ability. From 

these results, we selected the dominance marker matrix with 10,154 markers to represent hybrid 

genetic effects for all subsequent environment-specific prediction modeling. 
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Environment Main Effects 

Weather variables were summarized into 5-, 10-, 15-, and 30-day windows along with 23 

variables representing soil parameters. We compared the use of summary values of weather 

variables with differing temporal resolution to model environment main effects along with the 

10,187 marker dominance effects when predicting hybrid-environment mean values. All models 

were compared using a ‘Leave Out One Year’ CV (LO1Y) strategy, in which a single year of data 

was left out as the test set, to provide a challenging scenario for prediction using environment main 

effects.  

Models using the five-day window set had the best performance of the models tested, 

improving environment-hybrid prediction accuracies by 30%, 19%, and 5% compared to 

environment labels in test years 2014, 2015, and 2016, respectively (Figure 3). Therefore, the five-

day window size was used for weather variables in subsequent G×E models to serve as the 𝑬 

portion of the modeling efforts. Larger weather data window sizes resulted in increased prediction 

ability for the 2014 and 2015 data, but decreased ability for the 2016 data compared to environment 

labels. This indicates that addition of environmental variables helps for genomic prediction ability, 

but the decrease in prediction ability when predicting observations in year 2016 is likely due to 

differences between 2016 and previous years in terms of population composition and weather 

(Rogers et al. 2021).  

 



   

92 

 

Adding G×E interactions to prediction models 

Baseline Prediction Ability 

Downsampling training size had only a small effect on overall prediction ability. For 

example, removing 60% of observations from the training set resulted in an average decrease in 

prediction ability of 1.9% compared to holding out 10% of observations (Figure 4). These results 

indicate that observed differences in prediction ability from stratified train-test sampling schemes 

would be almost entirely due to the stratification itself rather than due to training set sample size. 

Results also demonstrated that the effect of training size was not consistent among all test 

environments, with some test environments having little to no change in prediction ability when 

reducing training population size. This is likely because the G2F experimental trials were neither 

balanced for genotype composition, nor evenly distributed geographically. As more data are 

removed from the training set, less densely sampled geographies experience faster drops in 

prediction ability in part due to reduced covariance to the training set (Figure S1).  

Does the dimension on which reduction occurs matter? 

On average, the addition of the G×E term using PCA on the markers resulted in a 2.7% 

increase in prediction ability, while addition of the G×E term using PCA for dimension reduction 

on the environmental data increased prediction ability by 2.0% in the baseline cross-validation 

scheme (Figure 4). These results indicate that while both additions of G×E result in an increase in 

average across environment prediction ability, the model reducing dimension of the genetic 

component better captures the G×E effects observed in the data. This could stem from the reduced 

dimension on the environment side not capturing as high a percentage of the observed variance in 

comparison to the PCA of the markers (60% compared to 70%), or that PCA may not efficiently 
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weight the environmental covariates, which we assume have varying effects. Many G×E type 

models utilize crop modeling to determine the most important environmental variables to include 

in genomic prediction models, allowing a priori pre-selection of environmental variables (Lobell 

et al. 2013; Heslot et al. 2014; Bustos-Korts et al. 2019; Hammer et al. 2019). We used LASSO 

on the environmental covariable main effects and their interactions with markers in the hope that 

irrelevant environmental variables and interactions would have their effects shrunk to zero 

empirically during the training model fit.  Dimension reduction by PCA on the marker data is 

perhaps more reasonable for highly polygenic traits that are controlled by many variants with 

nearly equal very small effects, than it is on the environmental data, where the assumption of 

similar importance among variables is not grounded in biology or physiology. 

Within-environment prediction results for the baseline scenario that randomly sampled 

different training set sizes showed that addition of the PCA(Markers)*Env G×E term increased 

mean-within environment prediction ability by 6.9% on average. Including this G×E term in the 

prediction model was more helpful for certain types of environments with greater deviation from 

the average G2F environment, which would have a score of approximately zero for each factor in 

previous environmental analyses (Rogers et al. 2021). On the FA biplot of the first two factors, 

this average G2F environment would be located within the temperate Northeastern, Midwestern, 

and Southern cornbelt groups (Rogers et al. 2021). This follows from interpretation of the G×E 

term as genotype-specific deviations from the expected value in a given environment(Pérez-

Rodríguez et al. 2017). Addition of the G×E term lead to a negligible effect on within-environment 

ability for midwestern and northern environments, but increased prediction ability across all 

training sizes for the dry plains environments (KSH2_2016, TXH2_2014, TXH2_2015), and 

increased prediction ability for GAH1_2014 and TXH1 in 2015 and 2016 (Figure S1). Prediction 
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ability was reduced in 13 environments, with a maximum reduction of 10.3% (TXH1_2014). 

Addition of G×E interactions did not improve predictive ability of GAH2_2016 (decrease of 6.7%) 

or ILH1_2016 (increase of 0.5%), indicating that the negative genetic correlation for yield between 

these two environments and other environments reported by Rogers et al. (2021) limited recovery 

of useful information for genetic effects in these unusual environments. These examples serve to 

underline the important conclusion of previous prediction studies that at least moderate correlation 

between environments is needed for sharing of information to improve prediction ability (Bandeira 

et al. 2017; Pérez-Rodríguez et al. 2017; Monteverde et al. 2018, 2019; Howard et al. 2019; Costa-

Neto et al. 2020).  

 

Does the effect of G×E interactions in prediction models depend on the relationships 

between training and test sets? 

The G2F hybrid clusters, described in greater detail Rogers et al. (2021), include diverse 

sets of hybrids with some overlap in parentage, which likely provides great enough covariance to 

aid in prediction of the related hybrids left out in LORH. Furthermore, although hybrids were not 

randomized to environments, stratification by hybrid clusters did not greatly reduce the 

environmental covariance between training and test sets (Figure 1c). All schemes where whole 

environments or years were left out (LORE, LO1Y, and the bidirectional methods) led to decreased 

prediction ability. Prediction of performance in a ‘new’ year of data or cluster of related 

environments is very challenging (Figure 5). Although the maize Genomes to Fields experiment 

includes a relatively large sample of environments, it remains insufficient for training robust 

models that extrapolate to new environments, at least without incorporating crop model-guided 

environmental variable selection. The two bidirectional CV schemes leaving out related 
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environments (CV1 + LORE: Leave out Related Environments + 10% of Hybrids, and LORH + 

LORE: Leave out Related Environments and Hybrids) performed similarly to LORE despite the 

test set being comprised of hybrids that were not seen in the training data (Figure 5). The results 

from the bidirectional methods, LO1Y, and LORE underline that accurate estimation of 

environmental effects is a large driver of prediction ability in the G2F dataset. 

Addition of environmental covariates and G×E terms increased prediction ability across 

CV1, CV2, and LORH sampling schemes, but did not aid prediction ability in more complex 

sampling schemes (Figure 5). On average, CV1 across environment predictive ability for the G×E 

model using PC(Markers) was 80.8%, a gain of 8.0% ability over the G + E model (Figure 5, 

Table S3). The PC(Env) gave an increase of prediction ability of 4.6% over the G + E model, but 

lagged behind the PC(Markers) model, similar to observations in the baseline test. Across-

environment prediction ability for CV2 for the full model was 81.9%, compared to the baseline 

82.9% ability for the randomly sampled model of comparable size. This method had the highest 

prediction ability across environments, likely because the test set hybrids were present in the 

training set. Burgueño et al. (2012) note that CV2 is an easier prediction problem than CV1 because 

of this, but that it adds time to the generation interval because field testing is required for all 

selection candidates. Within environments in the CV2 scenario, the PC(Marker) G×E model had 

an average gain of 8.3% over the G + E model, compared to the PC(Env) model’s average gain of 

4.6% over the G + E model (Figure 5, Table S4). In the scenario where single environments were 

left out (LO1E), addition of the G×E terms increased prediction ability slightly in comparison to 

the G + E model. This indicates that having enough related environments allows the G×E model 

to make gains in prediction accuracy. Observations of no increase in prediction ability from the G 

+ E model to either G×E model in scenarios where test environments are entirely excluded from 
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training sets indicate that while G×E information can improve prediction ability in some cases, it 

was not helpful when the environments in the test sets were not sampled directly in the training 

sets. This suggests that our estimates of specific marker-by-environmental covariable interaction 

effects cannot be extrapolated beyond the specific environments in which they were estimated.   

We characterized the genetic similarity between training and test sets for each prediction 

scenario using the mean dominance genomic relationship coefficient (estimated in Rogers et al. 

2021). We also computed the covariances between all pairs of environments using the complete 

set of scaled environmental variables and used these covariance values as measures of 

environmental similarities (Figure 1C). We then performed ANOVA on the 30 prediction ability 

mean values from the 30 combinations of prediction models and cross-validation schemes using 

following model: 

𝑃𝐴𝑖𝑗 = 𝑚𝑖 + �̅�𝑗 + �̅�𝑗 + 𝜀 

Where 𝑚𝑖 is the model (G+E, PC(Markers)*Env, or PC(Env)*Markers), �̅�𝑗 is the mean 

dominance genetic relationship between the train and test sets for sampling strategy 𝑗, �̅�𝑗 is the 

mean environmental covariance between train and test sets for sampling strategy 𝑗, 𝜀 is the residual 

error, and 𝑃𝐴𝑖𝑗 is the mean across-environment prediction ability for model 𝑖, with mean genetic 

and environmental covariances �̅�𝑗 and �̅�𝑗, respectively.  Results from this ANOVA demonstrate 

that mean environmental covariance between the train and test sets was very important (𝑝 =

2.623 × 10−10) for across environment prediction ability (Table 1), consistent with observed 

decreases in prediction ability when environmental covariance between train and test set is 

lowered, as done in sampling schemes including the LO1Y and LORE components. In contrast, 

prediction model and genetic similarity had no significant effect on mean prediction ability (Table 

1).   
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The genetic relationships among the G2F hybrids are highly complex, as demonstrated by 

Rogers et al. (2021). Therefore, even separating the hybrids by genetically-defined clusters was 

not sufficient in this case to dramatically reduce prediction ability across groups.   

Where does G×E help the most? 

Although addition of the GxE term did not increase overall prediction ability across 

sampling scenarios, we hypothesized that GxE effects might be useful in environments that deviate 

from the average G2F environment. This follows from the idea that G×E effects are considered to 

be environment-specific deviations from the stable genetic and environmental main effects 

(Lopez-Cruz et al. 2015), consequently we would then expect G×E to be most helpful in cases 

where the environment deviates more from the mean environment. The G2F environments 

represent an unbalanced sample with the number of temperate northern and midwestern 

environments outnumbering the more southern, humid environments and dry plains environments. 

Gain when moving from G + E models to G×E models was present for most environments on 

average in simple sampling schemes (CV1, CV2, LORH). Within environments under CV1, there 

was a large range of prediction accuracies observed, from -49.5% to 94.3%, with mean prediction 

accuracies (averaged across folds) ranging from -0.06% (GAH2_2016) to 72.2% (WIH1_2016). 

Two environments, ILH1_2016 and GAH2_2016, had very low mean within-environment 

predictive abilities. This can be attributed to their unusual correlations with other environments, 

which were previously observed to be small and negative (Rogers et al. 2021). Because of their 

negative yield correlation with other environments, these two environments create challenges for 

prediction as they diverge from the expected patterns of the model (Burgueño et al. 2012; 

Monteverde et al. 2018). Under CV2, within-environment prediction accuracies had a similar 

range to those observed in CV1, ranging from -47.9% to 94.1%, with average prediction accuracies 
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ranging from 12.3% (ILH1_2016) to 77.9% (WIH1_2016). In CV2, GAH2 has average within-

environment prediction ability of 44.7%, indicating that presence of GAH2 data was helpful in 

improving prediction ability for an environment with little covariance to other environments in the 

dataset. In this scenario all of the environments had at least a small increase in prediction ability 

when adding G×E effects to the model, indicating that overlap of hybrids in the train and test sets 

aided prediction ability.  

In particular G×E models aided prediction ability in the Georgia environments (GAH1) 

and the humid Texas environment (TXH1) (Figure 6a). Smaller, but still consistent increases were 

also observed in North Carolina (NCH1) environments when G×E terms were added to the model, 

indicating that these environments had deviations in yield that were well explained by the G×E 

term. Notably, introduction of G×E did not help in the dry plains environments (KSH1 and TXH2), 

which have a different type of G×E than the southeastern, humid environments. This can trace 

back to assumptions made during G×E modeling using the M×E approach, where the M×E type 

of model (here PC(Marker)xEnv or PC(Env)xMarker) imposes restrictions on the covariance 

between environments such that the G×E effects are constant rather than variable (Lopez-Cruz et 

al. 2015). The constant G×E effects estimated in this approach are then estimating the G×E effects 

for the ‘most common’ deviation from the mean environment, in this case being the southern, 

humid locations where G×E addition gives us the greatest boost in prediction ability. This 

sacrifices the ability of the G×E model to aid other locations that deviate from the average 

environments, highlighting the limitations of the M×E type of approach outlined by Lopez-Cruz 

et al. (2015).  

In the case of more challenging sampling schemes, moving from a G + E model to a G×E 

model resulted in a slight decrease in prediction ability on average (Figure 6b). This is likely 
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because estimation of G×E effects in environments distinct from the test environments was not 

useful for extrapolation to the test environments and added noise to the model. Therefore, for the 

addition of G×E interactions to improve environment- specific prediction, the training 

environments must adequately represent the test environments.  

Correlations between predictive ability and heritability 

Across all sampling methods, within-environment predictive ability was at least 

moderately correlated with within-environment heritability (Table 2). In most cases, the G×E 

model using PCA on the markers had the highest correlation of predictive ability and heritability. 

Correlation between predictive ability and heritability was strongest for CV2, when a set of hybrids 

were only left out at half of the environments that they appeared in, and was lowest in the LO1Y 

scenario (Table 2). These correlations indicated that environments with higher heritabilities tend 

to have higher prediction accuracies across all models, although structured subsampling weakens 

the relationship between heritability and predictive ability. This is indicative that good heritability 

is not a substitute for adequate testing of target populations of both environments and genotypes, 

as within-environment predictive ability decreased and became less correlated with within-

environment heritability when the test and train sets had lower overlap.  

The expected relationship between prediction ability and within-environment heritability 

for a given environment 𝑗 can be demonstrated theoretically with the following: 

𝐸(𝑃𝐴𝑗) = 𝑟(�̂�, �̂�𝐵𝐿𝑈𝐸) = 𝑟(𝑔𝑖(𝑗) + 𝑒𝑝, 𝑔𝑖(𝑗) + 𝑒𝑜) 

𝐶𝑜𝑣(𝑔𝑖(𝑗) + 𝑒𝑝, 𝑔𝑖(𝑗) + 𝑒𝑜)

√𝑉𝑎𝑟(𝑔𝑖(𝑗) + 𝑒𝑝)𝑉𝑎𝑟(𝑔𝑖(𝑗) + 𝑒𝑜)

=
𝜎𝐺𝑗

2

√(𝜎𝐺𝑗

2 + 𝜎𝑒𝑝
2 ) (𝜎𝐺𝑗

2 + 𝜎𝑒𝑜
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Where the expected within-environment prediction ability of environment 𝑗 (𝐸(𝑃𝐴𝑗)), is 

equivalent to the correlation between the predicted breeding value (�̂�) and the observed BLUE 

(�̂�𝐵𝐿𝑈𝐸). The breeding value is comprised of the true breeding value of a given hybrid 𝑖 in 

environment 𝑗 (𝑔𝑖(𝑗)) plus the prediction error (𝑒𝑝), while the BLUE is comprised of this true 

breeding value plus and estimation error (𝑒𝑜).  

At the theoretical maximum of prediction ability there is no prediction error, such that 𝑒𝑝 =

0, and the above simplifies to: 

𝑀𝑎𝑥(𝑃𝐴𝑗) =  
𝜎𝐺𝑗

2

√(𝜎𝐺𝑗

2 ) (𝜎𝐺𝑗

2 + 𝜎𝑒𝑜
2 )

=
𝜎𝐺𝑗

2

𝜎𝐺𝑗
√(𝜎𝐺𝑗

2 + 𝜎𝑒𝑜
2 )

 

Since within-environment heritability for environment 𝑗 is: 

ℎ̂𝑗
2 =

𝜎𝐺𝑗

2

𝜎𝐺𝑗

2 + 𝜎𝑒𝑜
2

 

Then a perfect prediction model will have prediction ability equal to the square root of the 

within-environment heritability: 

𝑀𝑎𝑥(𝑃𝐴𝑗) =  
𝜎𝐺𝑗

√(𝜎𝐺𝑗

2 + 𝜎𝑒𝑜
2 )

=  
√

𝜎𝐺𝑗

2

(√(𝜎𝐺𝑗

2 + 𝜎𝑒𝑜
2 ))

2 = √
𝜎𝐺𝑗

2

𝜎𝐺𝑗

2 + 𝜎𝑒𝑜
2

=  √ℎ̂𝑗
2 

This demonstrates that the heritability within testing environment sets an upper limit on 

prediction ability within that environment because the observed values used in computing 

prediction ability are themselves measured with error whose magnitude depends on the heritability. 
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How does bias change depending on sampling scheme? 

Within-environment bias varied by environment, with some yield values being more likely 

to be under- or over-estimated than others (Figure 7). Train-test composition influenced within-

environment bias more than the type of model (as was true for overall prediction ability), with the 

sampling schemes where the training set represented the test set well (CV1, CV2, LORH) having 

within-environment bias values close to zero, and LORE having the most extreme within-

environment bias values. This indicates that stronger positive genetic and environmental 

covariances between training and test sets help to reduce prediction bias. Addition of G×E terms 

tended to slightly reduced bias in environments where G×E aided prediction, but had little effect 

on bias in other environments, consistent with the assumptions of the G×E model estimating G×E 

effects as deviances of the most common differing environment. TXH2_2015 consistently had a 

high negative bias (Figure 7), our models predicted the mean yield of this environment to be 2.2 

Mg Ha-1 while the observed mean yield of the environment was 10 Mg Ha-1.  We discovered that 

the source of this anomaly was the use of supplemental flood irrigation that was not recorded as 

precipitation or supplemental irrigation, and thus could not be accounted for in our environmental 

dataset.  This means that TXH2_2015 appears to be a much drier environment than was 

experienced by plants grown there and creates a large negative bias where we underestimate 

environment mean yield.  This example serves to underline the importance of tracking and 

inclusion of management effects such as irrigation.    

Conclusions 

Our results demonstrate that dominance effects are more important than additive effects 

for prediction of grain yield in this hybrid maize data set, and that utilizing both dominance and 
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additive effects does not improve prediction ability. This comes with the caveat that our dominance 

matrix was parameterized such that marker calls measure heterozygosity (Vitezica et al. 2013; 

Muñoz et al. 2014). Other parameterizations may measure dominance such that addition of 

additive genetic effects would aid prediction ability. 

The above results demonstrate that addition of environmental data as a measure of 

similarity between environments aids in environment-specific genomic prediction. The window 

size used matters, and can be selected empirically, although it is still unknown if identifying the 

optimal windows for any given covariate will substantially increase prediction ability. The 

parameter space for optimizing windows is vast and challenging to address in a way that is 

computationally feasible for the rapid turn-around between data collection and prediction of 

breeding values usually required for plant breeding programs. Jarquin et al. (2020) used hourly 

weather values summarized into an environmental relationship matrix for genomic prediction in a 

subset of these same experiments, but reported little gain in prediction ability even in CV1 and 

CV2 type scenarios, noting that this was in part because of the equal weighting of very high 

dimensional weather data for modeling. Our approach utilized a 5-day window size for 

summarizing weather variables, allowing for the use of each of these variables individually in 

prediction models while reducing computational burden and averaging out noise present within 

hourly and daily values. Additionally, the use of LASSO to model the environmental and GxE 

effects permits the model to learn which covariates are important to a given trait, demonstrating 

gain in predictive ability compared to the parameterization used by Jarquin et al (2020).   Use of 

these environmental covariates permits prediction of environment-specific performance, but the 

ability of such predictions depends greatly on the training data including environments similar to 
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the new environment. However, environment-specific prediction is also a function of within-

environment heritability, which limits prediction ability in environments where heritability is poor. 

Our G×E models aim to enable environment-specific prediction such that both E and G×E 

effects for new environments can be estimated using available environmental data, differing from 

traditional genomic selection models in that to predict performance in a new environment only 

marker data for the genotypes of interest and historical environmental data are needed. This eases 

implementation by not requiring extensive field trials to estimate G×E and E effects in an 

environment prior to selection germplasm for said environment. Our approach can expand to other 

crops and may be especially useful in crops where G×E variance is a high contributor to 

phenotypes of interest. We found that dimension reduction still allowed G×E to aid in prediction 

while allowing for models that were computationally tractable under reasonable constraints (no 

model was allowed to run for more than 24 hours, and had to be able to run using less than 70 GB 

of RAM). The PC(Markers)*Env approach outperformed the PC(Env)*Markers approach under 

similar dimensionalities, indicating that dimension reduction on the marker side summarized 

information in such a way that allowed for better modeling of G×E effects than the 

PC(Env)*Marker counterpart.  

Both approaches using dimension reduction to model G×E aided prediction in the most 

common deviant environment from the average G2F environment, in our case the most common 

deviant environment type was a southern, humid environment. Both of these approaches follow 

the same assumptions and computation as the traditional Marker*Environment approach, which 

imposes restrictions on the modeling of G×E covariance between environments by requiring the 

covariances to be positive. This limits the ability of the model to estimate G×E effects for a wider 

geography of environments where G×E covariance between a pair of environments may be 
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negative. G×E provides a complex problem to prediction and breeding precisely because the types 

of G×E observed in the G2F environments vary widely with geography. Further, the quality of 

testing environments follows the principle described by Tolstoy in the opening line of Anna 

Karenina: “Happy families are all alike; every unhappy family is unhappy in its own way” (Tolstoy 

1887).  Similarly, in plant breeding experiments, all high-yielding environments tend to be alike, 

while each poor-performing environment is deficient in its own way due to particular sets of abiotic 

and biotic stresses. This provides a significant challenge for prediction models -how do you model 

both the G×E present in humid, hot North Carolina and the G×E present in the dry plains of 

Kansas? The M×E type approach is limited in its ability to capture the effects of these contrasting 

G×E scenarios. 

Currently modeling G×E effects in a way that approximates the biological reality is 

challenging, largely because of computational limitations in both memory and the turnaround time 

needed by plant breeders to drive crossing decisions. The M×E approach is limited to estimation 

of linear G×E effects, whereas many covariates likely have a threshold or other nonlinear 

relationship with yield. For example, presence of drought is detrimental to maize development but 

high amounts of rain that may cause flooding are also detrimental to development meaning that 

the relationship between yield and rainfall tends to be quadratic. Neural network models have 

become more popular in recent years because of their abilities to handle such types of nonlinear 

relationships, but these types of models often require very large datasets, along with high amounts 

of RAM and computer processing power. These requirements mean that this approach is currently 

untenable for most plant breeders, especially those in the public sector. For most use cases, we 

would argue that the M×E type approaches here can provide reasonable prediction ability using 
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resources commonly available to academic breeding programs such that they could implement this 

type of genomic prediction modeling. 

It is important to note that modeling G×E will not rescue a breeder from poor sampling of 

the target populations of environments and genotypes of interest. Keeping these basic tenants in 

mind when running field trials for selections will allow the G×E model to help by providing a good 

basis of training data for accurate estimation of G×E effects, and allow a breeder to optimize 

resources to test representative genotypes across a reasonable sample of target environments. G×E 

modeling will likely be most useful for programs that have a set of target environments for future 

lines that are looking to direct early pipeline material towards a specific target population of 

environments. It would likely also help in merging material across a larger net of environments, 

such as the case of breeders who would like to move material developed in one geography to 

another, both of which already have data. Framing G×E modeling to solve specific problems in 

plant breeding and identifying portions of breeding pipelines where G×E would be useful for 

driving decisions and optimizing in-field testing will be important to integrating it into the plant 

breeder’s toolbox.  
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Figures 

 

 

A) B) C) 

 
Figure 1. Cross-validation schemes involved either random or stratified sampling of hybrids or 

environments.  A) Schematic of bidirectional cross-validation structure designed to leave out sets 

of hybrids and sets of environments at the same time. B) Diagram of training and test data for 

bidirectional sampling schemes.  A set of hybrids and environments were held out from training, 

and prediction accuracy was computed in the data set representing the intersection of hybrids and 

environments held out from the training data. C) Average environmental and genomic similarities 

between training and test sets for each sampling scheme and mean prediction ability from model 

using interactions of principal components of the marker matrix and all environment variables 

(PCA(Markers)*Env). 
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Figure 2.  Prediction ability for hybrid yield main effects using either additive (A) or dominance 

(D) marker coefficients or both (A+D) with differing numbers of markers (5,093, 10,154, or 

15,280, or 20,373k) measured using 10-fold cross-validation. 
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Figure 3.  Hybrid-environment yield prediction ability of models using 10,187 dominance marker 

coefficients and environment labels or environmental variables summarized in 5-, 10-, 15-, or 20-

day windows measured by holding out a full year of data as a test set.  
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Figure 4.  Baseline prediction ability of hybrid-environment yield performance from 10-fold cross 

validation using different percentages of randomly sampled training and testing data, using a 

model with 10,187 marker dominance coefficients, weather variables summarized in 5-day 

windows, and G×E effects computed from interactions of the principal components of the 

environment variables and all markers (PCA(Env)*Markers) or from interactions of principal 

components of the marker matrix and all environment variables (PCA(Markers)*Env). Each model 

and percentage of train-test split was run on 10 random samples. Prediction ability was measured 

on values across all environments. 
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Figure 5. Distributions of hybrid-environment yield prediction ability across cross-validation 

replicates for models including 10,187 marker dominance coefficients and 377 environmental 

covariates, along with no G×E effects or G×E effects computed using principal components of the 

environmental data (PCA(Env)*Markers) or using principal components of the marker data 

(PCA(Markers)*Env). Each model was evaluated in test sets selected by random sampling (CV1), 

partial replication across environments (CV2), leaving out a single year of data (LO1Y), 

stratification by environment clusters (LORE), by hybrid clusters (LORH), leaving out single 

environments (LO1E), and bidirectional censoring schemes leaving out both a year and 10% of 

hybrids (CV1 + LO1Y), a year and related hybrids (LORH + LO1Y), environment clusters with 

10% of hybrids (CV1 + LORE), and environment and hybrid clusters (LORH + LORE). 
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A)

B)

 
Figure 6. Representative examples for two patterns of change in within-environment prediction 

accuracy when adding G×E interactions to the G + E model to as either PCA(Env)*Markers or 

PCA(Markers)*Env, using A) random cross-validation across hybrids scheme (CV1) or B) 

stratified sampling leaving out groups of related hybrids and related environments (LORH + 

LORE)  
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Figure 7. Prediction bias measured as the difference between the mean of test set hybrids within 

one environment and the mean of the corresponding BLUEs at the same environments for hybrid-

environment prediction models based on 10,187 marker dominance coefficients and 377 

environmental variables alone (G + E) or with the addition of PC(Env)*Marker interactions or 

PC(Marker)*Env interactions. Each column is one of the 59 G2F environments, sorted 

alphanumerically. Each row corresponds to a cross-validation sampling scheme. 
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 Tables 

Table 1. Analysis of variance of mean prediction ability based on regression on the train-test 

dominance genetic relationships and train-test environmental covariances, and a factor 

representing prediction model type. 

 Df Sum of Squares F value P value 

Model Type 2 0.00007 0.002 0.998 

Mean Dominance Genetic  

Relationship (Train, Test) 

1 0.0038 0.250 0.621 

Mean Environmental Covariance 

(Train, Test) 

1 1.565 102.0 2.623 × 10−10 

Residual Error 25 0.384   
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Table 2. Correlation between within-environment prediction ability and within-environment mean 

heritability for models including 10,187 marker dominance coefficients and 377 environmental 

covariates, along with no G×E effects or G×E effects computed using principal components of the 

environmental data (PCA(Env)* Markers) or using principal components of the marker data 

(PCA(Markers) * Env) for each sampling method.  Bidirectional schemes are shaded grey. 

Method G + E PC(Env) * Markers PC(Markers) * Env 

CV1 0.609 0.724 0.767 

CV2 0.671 0.773 0.807 

LO1Y 0.461 0.497 0.486 

LORE 0.640 0.615 0.635 

LORH 0.577 0.627 0.541 

LO1E 0.670 0.639 0.629 

CV1 + LO1Y 0.437 0.476 0.475 

LORH + LO1Y 0.476 0.533 0.477 

CV1 + LORE 0.564 0.567 0.587 

LORH + LORE 0.530 0.562 0.545 
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Supplemental figures & Tables 

 
Figure S1. Increase in prediction ability within environments by adding G×E effects using the 

PCA(Markers)* Env GxE term to a model with 10,000 marker dominance coefficients and 5-day 

window weather variable summaries. Prediction abilities are compared within training sets 

including 40% to 90% of the full data set, sampled at random.  
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Table S1. Descriptions of soil parameters taken from SSURGO metadata column descriptions 

Parameter Description 

slope_r Slope gradient of field 

tfact Soil loss tolerance factor, denoting the maximum amount of erosion where 
the soil can be considered a medium for plant growth 

sieveno40_r Fraction of soil that passes through a number 40 sieve (0.42 mm square 
opening) 

sieveno200_r Fraction of soil that passes through a number 200 sieve (0.074 mm square 
opening) 

sandvc_r Percentage of very coarse sand (1.0-2.0 mm diameter) in sample 

sandco_r Percentage of coarse sand (0.5-1.0 mm diameter) in sample 

sandmed_r Percentage of medium sand (0.25-0.5 mm diameter) in sample 

sandfine_r Percentage of fine sand (0.10-0.25 mm diameter) in sample 

sandvf_r Percentage of very fine sane (0.05-0.10 mm diameter) in sample 

siltco_r Percentage of coarse silt (0.02-0.05 mm diameter) in sample 

siltfine_r Percentage of fine silt (0.002-0.02 mm diameter) in sample 

claytotal_r Percentage of clay (particle size < 0.002 mm diameter) in sample 

ksat_r Amount of water that moves through a unit area of saturated soil in unit time 

awc_r Amount of water available to plants, adjusted  

wthirdbar_r Volumetric content of soil water retained at a 1/3 bar tension 

wfifteenbar_r Volumetric content of soil water retained at a 15 bar tension 

kwfact Quantification of susceptibility of soil particles to detachment and movement 
by water to measure erosion factors 

caco3_r Quantity of Carbonate (𝐶𝑂3) expressed as 𝐶𝑎𝐶𝑂3 

gypsum_r Percent by weight of hydrated calcium sulfate in sample 

sar_r Relative amount of Sodium to Calcium and Magnesium extracted from water 
saturated soil sample 

cec7_r Amount of exchangeable cations at pH 7.0 

sumbases_r The sum of 𝑁𝐻4𝑂𝐴𝑐 extractable bases at pH 7.0 

extracid_r Measure of soil exchangeable hydrogen ions 

resdepb_r Distance from soil surface to lower boundary of restrictive layer 
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Table S2. Across-environment prediction accuracy computed as correlation between BLUEs and 

predicted values for models including 10,187 marker dominance coefficients and 377 

environmental covariates, along with no G×E effects or G×E effects computed using principal 

components of the environmental data (PCA(Env)* Markers) or using principal components of the 

marker data (PCA(Markers) * Env) for each sampling method.  Bidirectional schemes are shaded 

grey. 

Method G + E PC(Env) * Markers PC(Markers) * Env 

CV1 0.777 0.794 0.808 

CV2 0.786 0.803 0.819 

LO1Y 0.286 0.267 0.262 

LORE 0.216 0.207 0.203 

LORH 0.734 0.743 0.750 

LO1E 0.476 0.480 0.470 

CV1 + LO1Y 0.246 0.275 0.236 

LORH + LO1Y 0.252 0.205 0.237 

CV1 + LORE 0.161 0.171 0.173 

LORH + LORE 0.167 0.158 0.175 
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Table S3. Across-environment prediction accuracy computed as the mean of within-environment 

prediction accuracies for models including 10,187 marker dominance coefficients and 377 

environmental covariates, along with no G×E effects or G×E effects computed using principal 

components of the environmental data (PCA(Env)* Markers) or using principal components of the 

marker data (PCA(Markers) * Env) for each sampling method.  Bidirectional schemes are shaded 

grey. 

Method G + E PC(Env) * Markers PC(Markers) * Env 

CV1 0.436 0.482 0.517 

CV2 0.464 0.510 0.547 

LO1Y 0.363 0.365 0.353 

LORE 0.452 0.430 0.439 

LORH 0.296 0.311 0.307 

LO1E 0.476 0.480 0.470 

CV1 + LO1Y 0.347 0.352 0.340 

LORH + LO1Y 0.252 0.258 0.234 

CV1 + LORE 0.401 0.380 0.386 

LORH + LORE 0.285 0.278 0.269 
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CHAPTER 4. Genomic Selection for the Germplasm Enhancement 

of Maize Project 

 

Anna R. Rogers, Yang Bian, Paul Nelson, David Peters, Matthew Krakowsky, & James B. 

Holland. 2021.  

 

The following research was done as part of a cooperative effort between the USDA 

Germplasm Enhancement of Maize (GEM) program, Bayer Crop Science, and North Carolina 

State University as a pilot study of the potential benefits from investing in genomic selection 

modeling for the GEM breeding programs in Ames, IA and Raleigh, NC. Results indicate that 

genomic selection models could contribute substantially to increasing genetic gain in this applied 

maize breeding program. This research is being prepared for submission to the journal Crop 

Science. 
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Abstract 

The Germplasm Enhancement of Maize (GEM) project was initiated in 1993 as a 

cooperative effort of public and private sector maize breeders with the goal of enhancing the 

genetic diversity of the U.S. maize germplasm pool. The GEM project selects progeny lines with 

good adaptation to, and high topcross yield potential in, target maize growing environments of 

USA from crosses between elite commercial lines and exotic, typically tropical, parents. The GEM 

program has released hundreds of useful breeding lines based on phenotypic selection within 

selfing generations and multi-environment yield evaluations of GEM line topcrosses to elite 

adapted testers. Developing Genomic Selection (GS) models for the GEM program may contribute 

to increases in the rate of genetic gain by 1) increased selection intensity through sampling more 

germplasm 2) improved selection accuracy compared to early generation topcross trials with 

limited replication, and 3) reduction of the breeding cycle time.  Here we evaluated the prediction 

ability of GS models trained on five years of GEM topcross evaluations from the two GEM 

programs in Raleigh, North Carolina and Ames, Iowa, documenting within-program prediction 

abilities for grain yield of 56% and 59%.  We demonstrate that prediction ability across program 

(Ames to predict Raleigh, and vice versa) was poor, with prediction accuracies of -7% and 14%, 

respectively. Using GS models trained within-program for off season selection, each GEM 

program should be able to effectively double the rate of gain per year compared to use of 

phenotypic selection alone.  
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Introduction 

In the United States, maize (Zea mays L.) is the most important feed grain crop 

(https://www.ers.usda.gov/topics/crops/corn-and-other-feedgrains/)  with commercial hybrid 

varieties mainly produced by private sector companies.  Commercial breeding programs are mostly 

closed systems  with extensive recycling of high-performing lines (Mikel and Dudley 2006), 

resulting in limited introgression or incorporation of from outside priority breeding pools, leading 

to concerns about genetic vulnerability to environmental changes, abiotic stresses, emergence of 

new pathogens and invasive insect species (Pollak 2003).  Private sector germplasm in the United 

States represents reduced genetic variation relative to the diversity of Zea mays L. as a species 

(Smith and Cooper 2006; Nelson and Goodman 2008; van Heerwaarden et al. 2012; Nelson et al. 

2016).  

At the metapopulation level, maize diversity is partitioned into groups corresponding to 

geographic origin, breeding history, and end use. Publicly available inbreds group into at least five 

major genetic subpopulations including stiff stalks (SS), non-stiff stalks (NSS), tropical inbreds 

(TS), popcorns, and sweet corns (Liu et al. 2003; Pollak 2003). Breeding between these primary 

groups results in an additional mixed group of individuals that do not fit into one of the primary 

groups due to having a mixture of genetics from two or more groupings (Liu et al. 2003). Such is 

the case of European Flints, which have diverged from their American progenitors (Rebourg et al. 

2003). However, when breeding between these primary groups, care must be taken to not disrupt 

heterotic patterns. Most recent commercial inbred lines developed in the USA are derived from 

crosses within heterotic groups, often recycling important parental lines (Mikel and Dudley 2006).  

Genetic studies of elite germplasm have demonstrated that sub-populations in localized 

breeding programs have less diversity and high linkage disequilibrium in comparison to the global 



   

127 

 

maize metapopulation (Ching et al. 2002; Duvick et al. 2004; Yan et al. 2009). Heterotic groups 

have become increasingly separated over time, with some reduction in genetic diversity 

represented by elite inbreds with high genetic contribution to current breeding populations (Ching 

et al. 2002; Romay et al. 2013). Concerns regarding decrease in genetic variability occurring in 

these closed breeding pools prompted initiation of the Latin American Maize Project (LAMP), 

which evaluated 12,000 accessions from its twelve participating countries, and was the first 

international project to systematically evaluate the global resources of a major crop (Holley and 

Goodman 1988; Salhuana et al. 1998; Pollak 2003). LAMP and related studies identified 

populations from Latin America that might be useful for both increasing the genetic variation and 

the yield potential of US maize (Holley and Goodman 1988; Holland et al. 1996; Salhuana et al. 

1998). Tropical maize harbors greater genetic diversity than temperate maize (Cooper et al. 2001; 

Liu et al. 2003; Pollak 2003), leading breeders to view it as a source for adding useful genetic 

variation for disease and pest resistance to the elite maize breeding pool (Goodman and Brown 

1988; Cooper et al. 2001; Pollak 2003; Nelson et al. 2006; Goodman et al. 2015). 

While maintenance of genetic diversity is essential for minimizing genetic vulnerability to 

potential disease and environmental pressure, it is also important to retain useful genetic variance 

for traits of agronomic performance.  Indeed, as noted by Goodman (1992), there is little evidence 

that there is a monopoly on favorable alleles for yield in elite U.S. maize.  However, extracting 

useful alleles from exotic and unadopted sources through germplasm introgression breeding efforts 

is often a hindrance to short term genetic gain.  Building on the success of the LAMP Project, the 

Germplasm Enhancement of Maize (GEM) program was created to organize efforts of increasing 

diversity of U.S. maize germplasm in a public-private cooperative between the United States 

Department of Agriculture's Agricultural Research Service (USDA-ARS), universities, and 
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industry.  GEM seeks to broaden the genetic base of U.S. germplasm by introgressing exotic 

accessions into elite proprietary germplasm provided by the private GEM cooperators.  This ‘pre-

breeding’ step is intended to overcome the major adaptation barriers of the exotic germplasm and 

to release lines which can be readily integrated into elite temperate breeding programs.  The 

program is spearheaded by two USDA projects located in Ames, IA (which develops 25% exotic 

inbreds) and in Raleigh, NC (which develops 50% exotic inbreds). Since the program’s inception 

in 1993, 334 GEM lines have been released: 191 from Ames, 124 from Raleigh, and 19 from other 

public entities. 

GEM breeding efforts have followed a modified pedigree method to develop lines from 

crosses between elite material made available by private cooperators, and exotic germplasm 

accessions identified through public programs (“Germplasm Enhancement of Maize”). GEM 

utilizes phenotypic selection, both among inbreds per se in summer and winter nurseries, and 

among topcross hybrids, created by crossing GEM line selection candidates to elite testers, in 

multi-environment yield trials.  Some of the nursery work and yield trial testing is provided to 

GEM in the form of in-kind donations from private cooperators. A typical GEM breeding 

workflow is used to develop S2 and S3 lines from crosses between elite Corn Belt Dent inbreds and 

exotic germplasm for release (Figure 1).  In the initial season, accessions chosen by the GEM 

breeder are crossed to elite proprietary material within a chosen heterotic group by corporate 

partners, forming the breeding cross.  In the Ames, IA program, the breeding cross is then crossed 

to a third proprietary line within the same heterotic group to create a three-way cross (25% exotic 

parentage). The Raleigh GEM program typically initiates selection within segregating populations 

with 50% exotic parentage. In the third season, the S0 derived three-way cross or F2 is grown and 

selfed to generate ~300 ears which are subsequently grown ear-to-row to undergo per se selection 
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for earlier flowering, lower ear height, less lodging, better disease resistance, and healthy ear 

production. The selected S1 ears are then planted ear-to-row and selfed to generate the S2 

generation.  Selection occurs within and among S1 families to select approximately 50 desirable 

S2 ears per family to top-cross with an elite tester from the complementary heterotic group. First 

stage topcross yield trials are conducted at approximately six locations with one replication per 

location. From topcross data, the top ten S2 lines are selected and increased in bulk to form S2:4 

lines.  These lines are also evaluated for agronomic quality, disease and pest resistance as lines per 

se, and topcrossed to two additional testers (not the same tester as used previously) from the 

complementary heterotic group.  The topcrosses are evaluated at eight locations and outstanding 

lines coded and released as S2:4 lines via the North Central Regional Plant Introduction Station for 

distribution to the public. 

During the initial years of GEM, all breeding crosses within GEM were derived from 

crosses between exotic accessions and one or two elite proprietary inbreds, where the elite-adapted 

parents were provided by a private GEM cooperator.  To maintain intellectual property, 

information about the commercial lines used as parents of GEM lines was never revealed beyond 

their heterotic group origin (Stiff Stalk, SS, or non-Stiff Stalk, NSS, groups).  The inability to 

directly genotype commercial parents on one side of the pedigree and the use of genetically 

heterogeneous exotic populations on the other side of the pedigree hindered genetic analysis of 

GEM lines.  In recent years, however, the GEM program has begun recycling GEM lines as parents 

of breeding populations, facilitating genetic study of new GEM breeding lines and making 

implementation of genomic selection feasible.  In addition, there is an increasing volume of elite 

lines with expired PVP certificates which are becoming available.  These 100% public sources of 

breeding parents will allow for continued use of elite germplasm for GEM breeding while also 
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facilitating genetic study of the GEM germplasm. Integrating GS into the GEM breeding protocol 

may permit increased genetic gain by increasing the number of selection cycles that can be 

performed in each year of the breeding cycle, increasing the number of individuals that can be 

selected for yield potential beyond the limit imposed by field phenotyping resources, and allowing 

for optimization of crossing within a population (Lorenz et al. 2011; Sorrells 2015; Guo et al. 

2019).   

This study is the first to examine a GEM program breeding population using genetic data, 

with the objectives of 1) training a model for genomic selection for topcross yield combining 

ability using GEM material to be used by GEM breeders in Ames and Raleigh, and 2) compare 

prediction ability between the two programs containing 25% and 50% exotic germplasm. 

Materials and Methods 

All genotyping and analytical resources were donated by Bayer as part of its ongoing in-

kind support for GEM.  Some of the methods and algorithms are proprietary details and cannot be 

disclosed. 

Phenotypic Data 

Yield trial phenotypic data for the GEM programs in Ames, IA and Raleigh, NC were 

provided by GEM breeders for use in model training. Both programs utilized S2 GEM breeding 

lines crossed to commercial testers appropriate for their respective regions. The Raleigh and Ames 

programs had no overlapping commercial testers and follow separate breeding practices, and thus 

were treated as two separate datasets throughout analysis. 

For the Ames program, these yield trials comprised data from 2014-2019 for trials around 

the Midwest containing 12,373 observations. In this dataset, location and year were combined into 
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a single environment term. The GEM program in Ames uses 13 testers mostly crossing along 

heterotic group lines, but sometimes breaching heterotic group lines. Data were from unbalanced 

single replication trials donated in-kind by industry cooperators of the GEM project, with checks 

replicated across years and experiments. After removal of observations missing values for yield, 

11,717 observations remained for analysis in the Ames dataset. Of these, 898 observations were 

of check lines, with the remaining 10,819 observations representing the unbalanced yield trial data 

of 1,762 GEM lines, most of which are crossed to multiple tester lines. 

For Raleigh, geographic trial locations were not given, but data were provided from years 

2017-2019 containing 6,021 observations. The Raleigh data breaks further into experiments and 

coded locations.  Experiments refer to a group of GEM lines within a given year, with experiments 

planted at multiple locations.  These locations are coded within a year to preserve privacy of 

industry cooperators of GEM.  A coded location in one year, for example W02 in 2018, may not 

be in the same geographic location as W02 in 2019. This meant that for analysis, location had to 

be nested within experiment.  For Raleigh a single tester was used for each heterotic group, such 

that all SS lines were crossed to a single NSS tester, LH283 x LH287, and all NSS lines were 

crossed to a single SS tester, LH132 x PHG39. Data were from single replication trials donated in-

kind by industry cooperators of the GEM project, with checks replicated across years and 

experiments.  Observations missing values for yield were removed from analysis, leaving 5,670 

observations in the Raleigh dataset. In this unbalanced dataset, 589 distinct GEM lines were 

present. 

Genomic Data 

High-density SNP data for 100 parental lines were generated using a Bayer genotyping 

array.  SNPs for parental samples went through a QC process to ensure marker quality, abundance, 
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and coverage in the genome.  A subset of over 40,000 markers were then selected and imputed 

using an internal reference panel and imputation algorithm.  The 2500 progeny were genotyped 

using a low-density sequencing technology.  Imputation was then performed to bring low-density 

progeny samples to SNP density equal to the parental lines using BEAGLE 5.0 (Browning and 

Browning 2007; Browning et al. 2018). After imputation, no missing data were present.  Data from 

imputed progeny and parental lines were then used to create an additive genomic relationship 

matrix (𝑨) for use in GS modeling with the R package AGHmatrix (Amadeu et al. 2016) using the 

VanRaden parameterization (VanRaden 2008).   

Statistical Analyses 

Due to differences between the Ames, IA and Raleigh, NC GEM programs, the two were 

treated as separate datasets and analyzed with different models. Analysis of data from each 

program followed a two-stage approach. First best linear unbiased estimators (BLUEs) for each 

hybrid (combination of GEM Line and tester) were generated while accounting for environments. 

Then in the second stage genomic best linear unbiased predictors (GBLUPs) for each GEM line 

were computed using the genomic relationships from the additive genomic relationship matrix (𝑨) 

in a general combining ability (GCA) model. Although it is possible to incorporate specific 

combining ability (SCA) effects into genomic prediction models (Kadam et al. 2016), doing so 

requires genomic information on the testers, which were not available in this study because some 

testers were commercial lines not available for genetic study. 
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Ames, Iowa 

Stage One Hybrid BLUEs 

In the first stage, best linear unbiased estimators (BLUEs) for each hybrid (combination of 

GEM line and tester) were generated using ASReml-R 3.0 (Butler et al. 2009) using the following 

model: 

𝑦𝑖𝑗 = 𝜇 + 𝐻𝑖 + 𝐸𝑗 + 𝜀 

Where 𝑦𝑖𝑗 is the yield value of hybrid 𝑖 in environment 𝑗, 𝜇 is the overall mean yield, 𝐻𝑖 is 

the fixed effect associated with hybrid 𝑖 which denotes a GEM line crossed to a tester or a check 

hybrid, 𝐸𝑗 is the random effect of environment 𝑗, and 𝜀 is the residual error, which includes 

confounded effects of experimental error and hybrid-by-environment interaction because of the 

lack of replication within environments.  BLUEs for each GEM line-tester combination (hybrid) 

were obtained using the following:  

�̂�𝑖∙ = 𝜇 + �̂�𝑖 

These BLUEs (not including the check hybrids) were then utilized as the response in stage 

2 modeling.   

GCA BLUEs for Ames GEM program 

The Ames GEM program data set included 13 unique tester lines, and most Ames GEM 

lines were evaluated on multiple testers. Therefore, we estimated GCA BLUEs for each Ames 

GEM line using the following model: 

𝑌𝑖𝑘 = 𝜇 + 𝐺𝑖 + 𝑇𝑘 + 𝜀 

Where 𝐺𝑖 is the fixed effect for GEM line 𝑖 and 𝑇𝑘 is the random effect of tester 𝑘.   GCA 

values for each Ames GEM line were estimated as: 
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�̂�𝑖∙ = 𝜇 + �̂�𝑖 

These GCA BLUEs were used as our best estimates of ‘observed’ line genetic values when 

computing prediction ability for the Ames GEM program below. Because the line-by-tester 

treatment design for the Ames program was not a complete factorial, some portion of the SCA 

effects are confounded with GCA effects, and the remaining portion contribute to the residual term 

in this model.  

Stage 2 GBLUPs 

The following GCA model was fit in stage 2 to obtain GEM line genomic best linear 

unbiased predictions (GBLUPs) using the additive genomic relationship matrix (𝑨): 

𝑌𝑖𝑘 = 𝜇 + 𝐺𝑖 + 𝑇𝑘 + 𝜀 

Where 𝑌𝑖𝑘 is the stage 1 yield BLUE of GEM line 𝑖 crossed with commercial tester 𝑘, 𝜇 is 

the grand mean, 𝐺𝑖 is the random GCA effect of GEM line 𝑖, modeled using the additive genomic 

relationship matrix (𝑨) such that 𝐺𝑖 ∼ 𝑁(0, 𝑨𝜎𝐺
2), 𝑇𝑘 is the fixed GCA effect of commercial tester 

𝑘, and 𝜀 is the residual error (𝜀 ∼ 𝑁(0, 𝜎𝑒𝑟𝑟𝑜𝑟
2 ). The GBLUPs from this model are predictions of 

GCA effects for Ames GEM lines.  

Raleigh, North Carolina 

Stage 1 Hybrid BLUEs 

For Raleigh, BLUEs for each hybrid were generated using ASReml-R 3.0 (Butler et al. 

2009) using the following model: 

𝑦𝑖𝑗𝑘 = 𝜇 + 𝐻𝑖 + 𝐸𝑗 + 𝐿(𝐸)𝑗𝑘 + 𝜀 

Where 𝑦𝑖𝑗𝑘 is the yield value of hybrid 𝑖 in experiment group 𝑗 and location 𝑘 within the 

experiment 𝑗, 𝐻𝑖 is the fixed effect associated with hybrid 𝑖 which denotes a GEM line crossed to 



   

135 

 

a tester or a check hybrid, 𝐸𝑗 is the random effect of experiment 𝑗 (which captures a group of lines 

and a year), 𝐸(𝐿)𝑗(𝑘) is the random effect of location 𝑘 nested within experiment 𝑗, and 𝜀 is the 

residual error.  Data structure was such that locations are coded and their relationships across years 

or experiments are unknown. Because of this, the location effect (𝐿) was nested within experiments 

(𝐸𝑗) 

Each GEM line from the Raleigh program was crossed only to a single tester from the 

opposing heterotic group (ex. NSS GEM lines crossed to a single SS tester), resulting in complete 

confounding of the tester and line effects. Therefore, we did not compute GCA values for the 

Raleigh program. For the computation of prediction ability in the Raleigh GEM program, we 

instead used the hybrid BLUEs from stage 1 as our ‘observed’ line genetic values, but computed 

prediction ability separately within each tester group. 

Stage 2 GBLUPs 

The following GCA model was fit in stage 2 to obtain GEM line genomic best linear 

unbiased predictions (GBLUPs) using the additive genomic relationship matrix (𝑨): 

𝑌𝑖𝑘 = 𝜇 + 𝐺𝑖 + 𝑇𝑘 + 𝜀 

Where 𝑌𝑖𝑘 is the stage 1 yield BLUE of GEM line 𝑖 crossed with commercial tester 𝑘, 𝜇 is 

the grand mean, 𝐺𝑖 is the random GCA effect of GEM line 𝑖, modeled using the additive genomic 

relationship matrix (𝑨) such that 𝐺𝑖 ∼ 𝑁(0, 𝑨𝜎𝐺
2), 𝑇𝑘 is the fixed GCA effect of commercial tester 

𝑘, and 𝜀 is the residual error (𝜀 ∼ 𝑁(0, 𝜎𝑒𝑟𝑟𝑜𝑟
2 ).  

Since the Raleigh GEM lines were each evaluated on a single tester, their GBLUPs from 

this model represent completely confounded GCA and SCA effects, but adjusted for tester group 
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means. The genomic relationships among the Raleigh GEM lines permit estimation of the tester 

main effects separately from the GEM line effects in this model.   

Measurement of prediction ability 

Ten-fold cross-validation was performed in which 10% of stage 1 BLUEs were placed in 

a test set and the stage 2 GBLUP model was trained on the remaining 90% of BLUEs. Prediction 

ability was measured as the mean correlation between GBLUPs and BLUEs for each test set. Three 

data sets of BLUEs were available for evaluation of genomic prediction ability: Ames GEM line 

GCA yield BLUEs, Raleigh SS GEM line topcross BLUEs on tester LH283×LH287, and Raleigh 

NSS GEM line topcross BLUEs on tester LH132×PHG39. Prediction ability was measured 

separately for the Ames GEM line GCA values, the Raleigh SS GEM line topcross values, and the 

Raleigh NSS GEM line topcross values. 

In addition, we trained a model using all of the lines from one of the two programs and 

predicted the breeding value of GEM lines from the other program.  The prediction ability from 

this scheme was measured as the correlation between the observed BLUE value and the predicted 

GEBV value based on the other program.  

Heritability and genetic gain 

Genomic heritability was computed from the variance components estimates of the stage 

2 GBLUP models as: 

ℎ̂2 =
�̂�𝐴

2

�̂�𝐴
2 +  �̂�𝑒

2
 

Where �̂�𝐴
2 is the variance component from the random effects of the GEM lines fit utilizing 

the 𝑨 matrix, and �̂�𝑒
2 is the residual variance. 
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Similarly, heritability corresponding to phenotypic selection among line topcross values 

without the use of genomic information was computed using the following: 

ℎ2 = 1 − (
𝑆𝐸̅̅̅̅

2 ∗ 𝜎𝐺𝐼𝐷𝑉

2 ) 

Where 𝑆𝐸̅̅̅̅  is the average standard error of pairwise differences between topcross or GCA BLUPs 

from a model fitting the random genetic component using an identity variance structure (IDV), 

and 𝜎𝐺𝐼𝐷𝑉

2  is the genetic variance component from that model (Cullis et al. 2006). 

Predicted genetic gain based on phenotypes only is formulated as a response to selection 

as: 

𝑅 = 𝑖ℎ𝜎𝐴 

where 𝑅 is the response to selection, 𝑖 is the selection intensity, ℎ is the square root of 

heritability, and 𝜎𝐴 is the additive genetic variance (Falconer and Mackay 1996).  Response to 

genomic selection can be formulated in terms of the accuracy of genomic predictions as: 

𝑅 = 𝑖𝑟𝐴𝜎𝐴 

where 𝑟𝐴 is the prediction accuracy (Lorenz 2013).  

Prediction ability (PA) is related to prediction accuracy as (Estaghvirou et al. 2013): 

𝑟𝐴 = 𝑃𝐴/ℎ 

Assuming the selection intensity remains the same between phenotypic and genomic 

selection, we can use these relationships to compute the gain from genomic selection relative to 

gain from phenotypic selection as: 

𝑅𝐺𝑆

𝑅𝑃ℎ𝑒𝑛𝑜𝑡𝑦𝑝𝑖𝑐
=

𝑖𝑟𝐴𝜎𝐴

𝑖ℎ𝜎𝐴
=

𝑟𝐴

ℎ
=

𝑃𝐴 ℎ⁄

ℎ
=  

𝑃𝐴

ℎ̂2
  

Where PA is the genomic prediction ability and ℎ2 is heritability measured using the IDV 

model. 
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Results and Discussion 

Heritability 

Genomic heritabilities for grain yield in the Ames and Raleigh programs were 0.50 and 

0.59, respectively. Phenotypic-based estimates of heritabilities for the Ames and Raleigh programs 

were 0.59 and 0.55, respectively. The heritabilities for Raleigh were also estimated within heterotic 

groups as 0.64 and 0.61 for NSS and SS lines, respectively. The genomic heritabilities suggest that 

genetic data were properly associated with trait data in general, a minimum requirement for fitting 

a useful GS model.  

GEM Trained Models 

Models trained in one program were able to predict yield well within the same program 

(e.g, training on Raleigh data to predict held out Raleigh hybrids), but not across programs (e.g, 

training on Raleigh data to predict Ames hybrids) (Figure 2). For the model trained on Ames GEM 

data and used to predict Ames GEM, mean prediction accuracy of held-out Ames GEM lines was 

0.59.   

For Raleigh, prediction ability was measured within each heterotic group separately due to 

the confounded tester design. Mean prediction abilities for SS and NSS lines were 0.43 and 0.69, 

respectively (Figure 3a).  Prediction abilities among folds for the NSS lines ranged from 0.58 to 

0.80, while prediction abilities for SS lines ranged from 0.06 to 0.68 (Figure 3b). The data set 

included 182 SS GEM lines and 407 NSS GEM lines, so the higher ability within the NSS group 

could be due to the data set being more heavily represented by NSS lines.   

When using data from one program to train the GS model and data from the other program 

as the validation set, prediction ability was much lower than training and testing within a program 
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(Figure 2).  For a model trained using Ames GEM lines to predict the breeding values of Raleigh 

GEM lines prediction abilities were -0.27 and 0.12 for the NSS and SS lines, respectively.  Using 

a model trained on Raleigh GEM lines to predict Ames GEM lines breeding values resulted in a 

prediction ability of 0.14.  These results align with the fact that the two programs operate 

independently with little to no overlap in terms of germplasm, testers, test locations, or checks. 

They comprise distinct genetic materials (25% exotic germplasm for Ames, 50% exotic germplasm 

for Raleigh) (Figure 4).  

Genetic Gain  

Using the prediction abilities of each GEM program, and the heritabilities from the IDV 

models, we computed relative genetic gain from genomic selection compared to direct phenotypic 

evaluation and selection. Averaging over values for the SS and NSS groups, the relative genetic 

gain for GS in the Raleigh program is predicted to be: 

𝐺𝑎𝑖𝑛𝐺𝑆
𝑃𝑆

=
𝑃𝐴

ℎ̂2
=

0.56

0.55
= 1.01 

Meaning that by implementing GS in off-season nursery, the Raleigh GEM program can 

add an additional 1.01 times the genetic gain that is expected to be achieved using direct 

phenotypic selection during the summer season, effectively doubling their rate of genetic gain per 

year.  

For Raleigh, genetic gain can also be broken down by heterotic group such that: 

𝑁𝑆𝑆 𝐺𝑎𝑖𝑛𝐺𝑆
𝑃𝑆

=
𝑃𝐴𝑁𝑆𝑆

ℎ̂𝑁𝑆𝑆
2

=
0.69

0.64
= 1.08 

For the rate of genetic gain in the non-stiff stalk group. And: 

𝑆𝑆 𝐺𝑎𝑖𝑛𝐺𝑆
𝑃𝑆

=
𝑃𝐴𝑆𝑆

ℎ̂𝑆𝑆
2

=
0.43

0.61
= 0.70 
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For the rate of genetic gain in the stiff stalk group. 

Both heterotic groups would see improvement in rate of genetic gain by implementing 

genomic selection in off-season nursery, though the rate of gain for SS lines is lower than that of 

NSS lines.  This could be improved increasing the prevalence of SS lines in the training set, to 

increase prediction accuracy within the group. 

For the Ames program, an addition of GS during the off season would add the following 

relative amount of genetic gain: 

𝐺𝑎𝑖𝑛𝐺𝑆
𝑃𝑆

=
𝑃𝐴2

ℎ̂2
=

0.594

0.594
= 1 

Meaning that the Ames program could achieve the same gain obtained from a cycle of 

phenotypic selection by incorporating off-season GS, doubling their rate of genetic gain per year. 

These relative genetic gains assume that genomic selection is implemented within the same set of 

biparental crosses that were directly evaluated in the topcross trials, and that the estimated 

prediction abilities would hold after an additional generation of selfing, such that GS could be 

applied to an additional selfing generation in the offseason nursery. A potentially more powerful 

use of GS would be to apply the prediction model to off-season selection among new breeding 

populations related to, but not identical to, the test populations. The prediction ability is expected 

to decline in such cases, but in this case GS can be very powerful even at lower prediction ability 

because it can be implemented in a generation where direct phenotypic selection is not even 

possible (Lorenz et al. 2011; Bernardo 2020). 

Recommendations and future efforts 

Combining genomic information with GEM topcross yield data resulted in GS models with 

strong prediction ability within programs.  This represents a great opportunity for the GEM 
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program to implement GS as a core breeding technique which can improve their rate of genetic 

gain through allowing them to sample more germplasm at a fraction of the cost of field testing, 

and in a fraction of the time that it takes to run conventional yield trials.  GEM’s limited yield trial 

resources can be reserved for lines which have first been screened using GS. The strong prediction 

ability achieved by these GEM GS models demonstrate that implementing GS would provide GEM 

breeders with a useful avenue for making off-season selections during winter nursery, increasing 

their genetic gain per cycle by allowing for a second round of selection during winter nursery.  Use 

of GS will also allow the GEM breeding programs to test more lines than can be tested with current 

donated field resources and allow them to optimize the numbers of each GEM family that are 

placed in yield trials to test over a greater diversity of genetic backgrounds. Our results demonstrate 

clearly that distinct training models are required for the two different programs, as prediction 

ability across programs was poor, due to the distinct genetic composition of the two programs. 

Similar results demonstrating reduced prediction ability due to genetic differentiation have been 

reported by (Windhausen et al. 2012) and in a chapter three of this thesis. 

Effective implementation of GS at a larger scale in the GEM programs in Ames and 

Raleigh will be greatly facilitated by standardization of data formatting to ensure ease of model 

retraining, as significant amounts of time were devoted to data wrangling in order to train these 

models. Future efforts should aim to help the GEM programs with data standardization for use in 

the GS models. We have demonstrated here that development of models on GEM data should help 

increase rate of genetic gain in both Raleigh and Ames GEM programs.  This means that future 

efforts should be devoted to creating useful training sets for each program with regular updates to 

closely relate to their current breeding populations.  Support from Bayer to implement GS for 

GEM by  genotyping a set of GEM parents and progeny each year as an in-kind donation will 
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further aid in generating this training set for future model updates. Investment of genetic resources 

and breeding efforts in GEM will not only be of use to commercial partners and GEM breeders, 

but to the wider maize breeding and genetics community. 

The current set up of GEM breeding utilizes proprietary testers which are owned by GEM 

cooperators.  This is done to keep GEM line development efforts in line with industry and the 

products which are being sold to farmers and grown on US acreage.  However, proprietary testers 

are not available for genotyping, so this prevents fitting of SCA components in GS models.  If 

future testers were ex-PVP or other publicly available lines, SCA components could be measured 

and expand the types of models fit for GEM breeding. Fitting SCA effects would also aid in 

understanding the proportion of yield variation attributable to non-additive genetic effects. 

Here a single model was trained for each the Raleigh and Ames GEM programs, without 

regard to heterotic pool, which was important for maintaining the training set as large as possible.  

However, using a single model for selection on opposite heterotic pools runs a risk of convergence 

of the germplasm pools over time, and subsequent loss of heterosis.  As more training data become 

available, separate models should be trained for SS and NSS independently.  Results from analysis 

of Raleigh GEM data indicate that it might be useful to fit models based on heterotic group for 

each program.  This was not necessary to generate breeding values for the Ames GEM lines, but 

could be interesting to evaluate in future modeling efforts.  Future efforts may also look to develop 

a selection index for use by GEM breeders to select across a suite of traits of interest. Finally, 

training set optimization should be considered as another avenue toward improving prediction 

abilities (Isidro et al. 2015; Akdemir and Isidro-Sánchez 2019).  

The GEM programs in Ames and Raleigh aim at two different targets for incorporation of 

exotic germplasm, 25% and 50%, respectively.  It would be useful to future breeding efforts to 



   

143 

 

perform a more expansive study of the GEM lines released over the project’s lifetime, such a study 

could provide a better picture of how well these targets are being met, how GEM is broadening 

the U.S. maize germplasm pool and where important gaps might be in that base, and information 

about how selection for adaptation to temperate environments affects different regions of the 

genome.   

Conclusions 

This study was a pilot investigation of incorporation of GS into the GEM program. The 

results are very encouraging, and the GEM programs in Ames and Raleigh can expect to observe 

improvements in genetic gain from implementation of GS within their programs.  As of now, 

because the two programs have little overlap in breeding material, the GS model for one program 

will not be useful in making selections in the other. Because of this we recommend that moving 

forward cooperators in GS for GEM generate breeding values for each program from their 

respective model for use by GEM breeders in making selections.  This study also illustrates some 

of the data challenges which are faced when aggregating field data for use beyond simple 

phenotypic selection, as replicated field trials may not be possible and breeding choices may lead 

to confounding statistical effects.  We note however, that these challenges can be managed through 

proper data management and do not stand in the way of creating GS models -the model must be 

chosen with the data in mind.  The promise of GS for use by the GEM project will aid not only in 

increasing rate of genetic gain, but also in future understanding of how GEM has contributed to 

increasing genetic diversity in the U.S. maize germplasm pool.  We look forward to continued 

collaboration with GEM cooperators improving and implementing these models into the GEM 

breeding pipelines. 
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Figures 

 

Figure 1. Schematic of current GEM breeding practice following modified-pedigree method. 

 

Winter 1

• Cross between chosen exotic accessions and PVP lines of same heterotic group

• Seed sent to GEM breeder for inspection

Summer 1
• Exotic x elite breeding cross crossed with third line from same heterotic group

Winter 2

• Self three-way breeding cross to generate 300 S0 lines

• Select best 250 ears

Summer 2

• Grow 250 S1 ears to make S2

• Select within and among families to obtain 50 S2 ears

Winter 3
• S2 Topcrosses to elite tester from opposite heterotic group

Summer 3

• Yield trial of S2 testcrosses in 6 locations at one rep each

• Select 10 best S2 lines from yield trial data

Winter 4

• S3 seed increase from selected S2 lines

• Bulk S3 seed

Summer 4

• Evaulate S3 lines for resistance traits

• Topcross S3 lines to two additional testers for yield trials

Winter 5
• If needed, make additional topcrosses or seed increases

Summer 5

• Second yield trial from S3 topcrosses at 8 locations

• Evaluation of stress resistance traits
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Figure 2.  Scatterplots of yield BLUEs versus yield BLUPs for models trained in Ames and 

Raleigh, tested on Ames or Raleigh. 
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A)  

B)  

Figure 3. Prediction results from 10-fold CV of Raleigh program, split by heterotic group. A) 

Yield BLUEs plotted against BLUPs colored by GEM line heterotic group for Raleigh model, B) 

Boxplot of predictive abilities separated by GEM line heterotic group. 
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Figure 4. Heatmap of additive relationship matrix of GEM lines.  Line source is denoted by 

colored bar. 
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CHAPTER 5. Opinions on Environmental Analysis 

 

Anna R. Rogers. 2021.  

 

The following chapter presents a post-mortem reflection on current practices and 

developments in working with environmental data for use in genomic prediction modeling. I aim 

to share lessons learned in work with the Genomes to Fields environmental data, giving thoughts 

on the generation of environmental data for use in genomic prediction models, imputation of 

missing values, triangulation with nearby data sources, and evaluation of the current state of 

sources for environmental data.  
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Motivation 

In recent years of the big data boom, generating many types of data has become easier and 

cheaper. Genome sequencing has drastically decreased in price, allowing its application to become 

widespread across agriculture, medicine, and even for personal ancestry testing. Similarly, crop 

phenotypes can be collected in-field by robots or drones and then used as features in machine 

learning algorithms for the purpose of in-season early detection of disease, stress response, or pest 

infestations to guide management interventions. A host of sensors have become available that can 

help plant breeders in challenges such as climate change, understanding and managing field 

environments, and dissecting the biological underpinnings of interactions between sessile plants 

and their fluctuating environments (Ojha et al. 2015). Sensors can monitor everything from 

temperature fluctuations and rainfall to soil moisture levels and amount of photosynthetically 

active radiation available. However, simply having data available does not mean that said data is 

useful in answering biological questions nor that it aids in solving practical problems in agriculture. 

Generating useful datasets requires thoughtful consideration of applications and questions of 

interest, and I hope to prompt a conversation of how we can effectively integrate environmental 

data into plant science and breeding applications. 

Here I give a blameless postmortem (Catmull 2014), which are commonly used in tech 

industry after finishing a project, to more deeply examine our efforts working with environmental 

data, what could be improved upon, and how to improve with the perspective that my previous 

data curation was the best I could do at that point in my education and done with intention of 

curating a dataset with integrity. Taking this approach will allow me to provide a philosophy and 

framework for future efforts, and I hope that it will facilitate discussion and thought about how we 

integrate environmental data into genomic prediction. The process for curating the Genomes to 
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Fields (G2F) 2014-2016 environmental data is detailed in Rogers et al. (2021), please refer to this 

document for specifics on what was done throughout the process to create our environmental 

dataset for analysis. I made efforts to be thoughtful in curating our prediction set for G2F, but any 

process can be improved. For any analysis, it is important that methodology be reproducible and 

that researchers consider carefully how to minimize possible errors and avoid repeating common 

pitfalls. By being thoughtful in our decisions for how we process raw environmental data into 

curated datasets researchers can most effectively drive solutions. 

What Can We Learn from the Genomics Era? 

The genomics era began upon completion of the Human Genome Project on April 14th, 

2003 (http://www.genome.gov/11006929, (Guttmacher and Collins 2003)). In the wake of this 

feat, the sequencing technologies have rapidly developed and brought sequencing costs down from 

thousands of dollars per sample to cents per sample via next generation sequencing (NGS). Recent 

research has made capabilities for single cell and real time sequencing widely available (Shendure 

et al. 2017). The genomics era was not without problems, but developing technologies framed 

around solving these problems allowed genomic data to gain widespread use across the biological 

sciences from developing theories around evolution to applications in medicine and agriculture. 

When looking to integrate environmental data from big data into plant sciences, we may be able 

to learn from some challenges faced during the genomics area, such as: how to determine data 

quality, how to identify and quantify genetic variation, and how to impute missing values. 

Problems faced in the genomics era were framed through the lens of genetic principles to 

ensure quality sequencing and utilize technologies in making higher quality genome assemblies. 

In de novo assemblies, how could one get from DNA sequence fragments to contigs and scaffolds, 

and then assemble scaffolds into full chromosomes? An initial way to solve this was via paired-

http://www.genome.gov/11006929
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end NGS reads, in which the distance between the pairs is known and aids in ordering fragments 

into contigs (Shendure et al. 2017). This helped with assemblies but creating contigs was still 

challenging, especially in presence of larger genomes or those with repetitive sections. Longer 

reads from technologies by PacBio and ONT have helped to bypass these issues and make 

scaffolding in de novo assembly simpler using molecules that can be hundreds of kilobases long 

(Eid et al. 2009; Pollard et al. 2018; Amarasinghe et al. 2020). Combining multiple long and short 

read technologies to create assemblies is resulting in higher quality assemblies, reference genomes, 

and better genetic and physical maps for use by scientists (Pollard et al. 2018; Amarasinghe et al. 

2020). 

A second question of the genomics era was how to catalog and quantify the genetic 

variation within populations, and what type of sequencing was necessary to do so. GWAS and 

QTL studies both utilize genomic marker data to link phenotypes to genomic regions. Techniques 

such as Genotyping-by-Sequencing (GBS) (Elshire et al. 2011), SNP arrays, and Kompetitive 

allele specific PCR (KASP) have been utilized to bring marker data into breeding programs and 

understand variation amongst individuals (He et al. 2014; Steele et al. 2018).  

Missing data can cause issues with statistical model fitting across many disciplines. Most 

models do not allow for missing data in the predictor side, so researchers rely on imputation to fill 

in values where a marker assay failed or a sequencing read has bad quality. At its core, imputation 

is simply the process of replacing a missing value with some estimated value. The simplest of these 

is mean substitution, which replaces any missing value with the mean value of that variable, in the 

case of molecular marker data the missing value is simply replaced with the major allele (Lin and 

Tsai 2020). But is mean substitution really the best we can do? Using principles of population 

genetics the answer appears to be no -many algorithms now exist for imputation and can take into 
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account linkage disequilibrium, pedigree and population structure, recombination hotspots, 

haplotypes, and much more. When imputation allows us to account for knowledge about the 

genome, imputation accuracy rises. By analogy, when we need to impute environmental data, 

methods that are based on known environmental processes or leverage already existing high 

quality data will lead to more accurate imputed values for environmental variates. Luckily, 

environmental monitoring is common and many databases are publicly available to assist in 

imputation of values (https://mesonet.agron.iastate.edu/ASOS/, https://www.wunderground.com/, 

https://www.ncdc.noaa.gov/). 

Generating Data 

There are a variety of sensors available for generating environmental datasets -far too many 

to cover in a simple review of our experiences, so we attempt to talk more generally about what 

aspects of a study to consider so that researchers can pick the types of sensors that best suit their 

needs (Kamilaris et al. 2017; Muralidhara and Geethanjali 2018). I will divide these into weather 

data (comprising environmental data that would be taken continuously) and soil and management 

data (collected as needed with soil samples and management conditions, eg., Irrigation, fertilizer, 

and insecticide applications), and discuss practices to consider when gathering weather and soil 

data throughout a field season. 

Weather Data 

Genomes to Fields utilizes in-field Spectrum (Aurora, IL) watchdog weather stations to 

collect readings at thirty minute intervals for temperature, humidity, dew point, precipitation, wind 

direction and speed, and solar radiation. In-field weather stations are the best option for spatial 

resolution on a field trial because they provide information closest in location to the plants, 

https://mesonet.agron.iastate.edu/ASOS/
https://www.wunderground.com/
https://www.ncdc.noaa.gov/data-access
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however stations can require upkeep and cleaning to ensure data collection is uninterrupted. We 

have encountered issues with station set up, cleaning, and other upkeep during our in-depth 

cleaning protocols. These include examples where stations were not put in field at the same time 

as planting (some were not put up until 4-6 weeks after planting), and cases where stations 

malfunctioned midseason, resulting in large amounts of missing data throughout the raw weather 

datasets. Our experience with data collected from the watchdog weather station is that certain 

measurements are reliable and follow expected meteorological patterns, and others have sensor 

issues that lead to data reliability issues. It is important to look at raw data and create strong 

protocols for machinery set up and maintenance to avoid ending a field season with large portions 

of data missing, and important to understand expected patterns for a give environmental variate to 

be able to determine if something is amiss. To share an anecdote of a malfunction -our weather 

station uses a rain bucket to account for precipitation, and this bucket can end up getting dirty and 

stop detecting rainfall. During one season, this bucket filled with dead grasshoppers and became 

clogged, making it appear as though our location in North Carolina hadn’t received any rainfall in 

over 3 months. Lesson learned -check the rain bucket every few weeks to make sure it can properly 

track precipitation.  

In some cases a sensor may appear to be generating data, but it is useful to ask if the data 

makes sense. We have good a priori knowledge of large-scale patterns expected in weather data. 

We expect temperature to be coldest overnight and rise throughout the day, and we expect that 

solar radiation will not occur at night. If data does not match these expectations, we should ask 

why. For our measurements of solar radiation taken from the field station, we noted that solar 

radiation peaked in the middle of the night and around midday. This indicated that something was 

wrong, as solar radiation is known to follow cyclical patterning with little to no detectable radiation 
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when no light is present and a midday peak when the sun reaches its zenith. In this case, all data 

from the solar radiation sensors were determined to be unreliable, and discarded from analysis. 

Filtering out clearly incorrect patterns is simple -but sometimes the answer is less clear. Over the 

course of a season, we noted that windspeed decreased to the point where it seemed there was 

almost no wind at all. A problem with the anemometer? Checking the weather station we found 

none -it was functioning perfectly fine! The problem wasn’t with the equipment, but with the 

placement of the station. Over the months since planting, the corn surrounding the station had 

gotten tall enough to block the wind, resulting in the anemometer sensor not spinning and looking 

like there was no wind. This told us that perhaps field measurements of wind were not reliable, as 

they could be blocked and inconsistent throughout the season. 

Soil and Management aspects of the environment 

Soil comprises another important component of environmental data, especially with 

regards to water retention and nutrient availability. The most important aspect for taking soil data 

is that it is taken consistently across all testing sites, as this will make it useful for analysis. Beyond 

this, we posit that inclusion of more soil-related parameters will likely better explain 

environmental variance for genomic selection models, but current datasets have not made this 

hypothesis testable. In our case, we had soil parameters computed from the USDA soil survey to 

use in prediction modeling, but this is limited to soil physical properties and does not include 

critical parameters such as specific macro and micro-nutrient levels or soil moisture content. After 

the initial year of Genomes to Fields, soil sampling was initiated to collect such data and we expect 

that information would be used profitably. 

To separate controlled and uncontrolled parts of the environment plants experience, it will 

be useful to generate management data: how much irrigation applied, when were treatments 
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applied, was nitrogen supplemented to plants? Knowing how a field was managed gives us insights 

into the stressors experienced by crops and the effects of the remedies we apply to them. Separating 

irrigation from rainfall for instance, allows us to understand what the environment looks like and 

how being able to apply some control over that environment aids in production. Similarly, we can 

mark management via insecticides or pesticides to help with modeling disease and pest pressures, 

or fertilizer treatments to more accurately model nutrient availability in the soil. 

Environmental Data Imputation 

No matter how thorough one is in your data collection for the environment -missing values 

are ubiquitous, and being thoughtful about these can make the process of imputation much easier. 

Having spent a great deal of time on environmental data imputation, I have compiled a list of 

databases that can be useful, and have thought a good deal on what a ‘good’ data source looks like. 

We also include thoughts on triangulation and resolution of data available. 

Triangulation 

Triangulation involves the checking of three or more data sources against one another, and 

can help when questioning data reliability or performing imputation with higher confidence. To 

triangulate environmental data, we generally will work with sources from our in-field weather 

station and nearby airports to ensure agreement between values by computing correlations and 

plotting relationships between data sources. This is helpful for establishing that values taken by 

the in-field weather station are correct, and can aid in imputation of values by giving an idea of 

which data source matches most closely with our observed values. Processing through 

triangulation has helped us to identify times when our weather stations were likely malfunctioning. 
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Spatial and Temporal Resolution 

Databases used for environmental data imputation have a variety of spatial and temporal 

resolutions -which is important to be aware of when considering what sources to use for 

imputation. For the case of genomic prediction we decided that the 30-minute resolution from the 

Spectrum watchdog was too granular and immediately summarized to daily values, but other use 

cases may require higher resolution and should consider their own needs. 

During our deep dive into sources for imputation, we noted differences not just among 

databases for resolution, but among stations as well. Spatial resolution is mostly determined by a 

source’s data network: where they have stations or can access data from, but temporal resolution 

depends on the equipment and what is extracted at the station. For finding values with high 

temporal resolution, we would need to sacrifice close distance with our field locations as the 

sources nearby to the field locations generally only had daily values. Sometimes the closest source 

that matched resolution with the Spectrum weather station was over 200 miles away. We 

concluded that for our purposes, it was better use weather data from stations close to the field 

locations even with lower temporal resolution, as data were to be summarized to daily values 

anyway. Throughout the imputation process, we considered spatial resolution and similarity to our 

sites to be more important than temporal resolution because nearby sites were more representative 

of the field site, especially in the case of precipitation. For other’s purposes temporal resolution 

may be very important and should be considered when setting up equipment and deciding how to 

collect data. 



   

161 

 

Computation for Imputation 

There are cases where environmental variables can be calculated from one another with 

high accuracy. This aids the imputation process greatly because if the constituent variates that go 

into computing the missing variable are present the imputation is simply computation using known 

relationships. We observed this to be the case between dew point, temperature, and relative 

humidity, which are all interrelated. This provides a basis to impute missing data for any one of 

the values when the other two measurements are recorded. Dew point (𝑇𝑑) is a function of relative 

humidity (𝑅𝐻; the ratio of actual water vapor pressure to saturation vapor pressure) and mean daily 

temperature (𝑇): 

𝑇𝑑 =  
243.04 [ln (

𝑅𝐻
100) +  

17.625 ∗ 𝑇
243.04 + 𝑇]

17.625 − ln (
𝑅𝐻
100) −  

17.625 ∗ 𝑇
243.04 + 𝑇

     (1) 

This equation was tested on observations where all three values were present to check for 

accuracy. Finding high accuracy (𝑅 =  0.9993), this calculation was used to impute dew point for 

observations where readings for 𝑅𝐻 and 𝑇 were present, but 𝑇𝑑 was missing. 

A formula to calculate relative humidity was derived from equation 1 and is given in 

equation 2 by solving algebraically for relative humidity. This equation was tested on observations 

where all three values were present from the in-field weather station to check for accuracy and was 

found to be highly accurate (𝑅 = 0.9999). Equation 2 was used to impute relative humidity for 

observations where readings for 𝑇 and 𝑇𝑑 were present, but 𝑅𝐻 was missing. 

𝑅𝐻 = 2.71828
5756.46∗𝑇∗𝑇𝑑 − 3.95542∗106∗𝑇 + 6.75353∗106∗𝑇𝑑 + 3.40025∗108

1250∗𝑇∗𝑇𝑑 + 303800(𝑇 + 𝑇𝑑) + 73835552      (2) 

In cases where such relationships are known based on physics, the guesswork is taken out 

of imputation and estimates can be made empirically. This should be used as a first choice when 

imputing values if possible. 
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Available Databases, and their pros and cons 

Weather Underground 

Weather Underground (www.wunderground.com) is a commercial weather service 

available online. In our first iteration of data cleaning it was simple to scrape from their site using 

a python script, but the site has since required an Application Programming Interface (API) key 

and will block webscraping by detecting scraping efforts. Weather Underground has a high-density 

network of stations worldwide which is useful for projects that do not only focus on the U.S. and 

it is generally easy to find data from a site close by a farm location even in rural areas. Data is 

generally high quality and if there is any missing data there is generally another station located 

close by that can be used as a backup source. We considered this to be a standard source for 

comparison because of the good data quality and density of stations. The disadvantage of using 

Weather Underground is that the API costs $850 per month since the company was bought by IBM 

and The Weather Channel, a high price point for most public users. 

Iowa Environmental Mesonet 

The Iowa Environmental Mesonet (IEM) (https://mesonet.agron.iastate.edu/) is a public 

data source run by Iowa State University’s Agronomy Department. IEM has data from worldwide 

locations, although available data differs by locations (e.g., precipitation data is not available for 

non-US sites). We have mainly looked at their Automated Surface Observing System (ASOS) and 

Automated Weather Observing System (AWOS) data sources for scraping data.  IEM supplies 

both Python and R scripting for data download from their databases, which makes data easy to 

scrape from their website.  

http://www.wunderground.com/
https://mesonet.agron.iastate.edu/
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With the caveat that we focused on mainly U.S. sites, we noted a few issues to be aware of 

when looking to scrape data from IEM. Although the network has high density, many of the sites 

in the ASOS/AWOS networks do not have high temporal resolution, meaning it may not be the 

best source if you need high temporal and spatial resolution. We noted instances where to get high 

temporal resolution we would need to use a site over 200 miles from our field location, which 

would be an issue if this resolution was a necessity. Not all locations take all covariates -what 

covariates are available at a given location will depend on the sensors at said location. Consider 

what covariates need to be scraped and use this as a metric for picking stations. 

Overall IEM is a good public and freely available data source that even provides scripts for 

webscraping. Its caveats come with the inconsistency of data taken by observation sites and 

discrepancies in resolution between locations. This source may also be more difficult to use outside 

of the U.S., where data appears to become lower in resolution and certain covariates are not 

included. 

National Oceanic and Atmospheric Administration 

The National Oceanic and Atmospheric Administration (NOAA) 

(https://www.ncdc.noaa.gov/ ) is a part of the National Centers for Environmental Information and 

provides a variety of weather and climate data sources. Data from NOAA are provided as orders 

where the individual makes data requests to pull from NOAA’s databases. I found this source more 

difficult to navigate than Weather Underground and IEM sources which I was able to webscrape 

from easily.  

https://www.ncdc.noaa.gov/data-access
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USDA Web Soil Survey 

The United States Department of Agriculture (USDA) provides soil information on sites 

across the U.S. through the USDA web soil survey (WSS) 

(https://websoilsurvey.sc.egov.usda.gov/ ). The USDA web soil survey uses an interactive map to 

provide soil data for download and can take a variety of input including Shapefiles from GIS data, 

latitude-longitude data, or address to navigate the map. Users can define their areas of interest to 

father data from and can get information on the percentages of soil physical and chemical 

properties, water features, erosion factors, quality, and health amongst other covariates. Data 

gathered from the USDA WSS can be used to calculate productivity parameters developed by soil 

scientists for use in environmental and crop modeling.  

We could not find a similar data source for locations outside the U.S. so at present the 

availability of high quality, reliable soil data is limited to sites within the U.S. The soil of the 

environment continues to be more challenging to have high density, high quality data on compared 

to weather covariates which have high density networks pre-established. To accurately model the 

environment, better data sources for this part of the environment are needed. 

National Solar Radiation Database 

The National Solar Radiation Database (NSRDB) (https://nsrdb.nrel.gov/) is a public 

source for solar radiation provided by the U.S. government. This database has improved since our 

initial imputation attempts and now provides an API method for data download including scripting 

for making requests. The NSRDB provides a network that represents regional solar radiation 

climates and should be considered to demonstrate the regional irradiance climate rather than a 

given location. In other words the spatial resolution of this database is not as high as some of the 

other weather station data sources we have covered thus far, but this is the highest quality data 

https://websoilsurvey.sc.egov.usda.gov/App/HomePage.htm
https://nsrdb.nrel.gov/
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source of solar irradiance that we have been able to find. Data may not align perfectly with a given 

field location but NSRDB provides a variety of covariates and temporal resolutions in its different 

model types, detailed on the NSRDB website. For a detailed overview of current methods for data 

download and types of models, please consult the NSRDB website for up to date information.  

This source is useful because it has high quality data for site in the U.S., Canada, and 

Mexico at no cost, along with data for some parts of Central and South America and the India 

SUNY model. However, there is not data available outside of these locations as of the Physical 

Solar Model version 3.0.1, so locations outside of these will not be able to use this data source. 

With the addition of an API for webscraping this data source has become much easier to use than 

its initial interactive map version, and is a good source for the major components of irradiance 

used for environmental modeling. The NSRDB is a regional source and should be considered as 

such, the value do not have high spatial resolution, but this is likely to continue to improve in the 

future. 

United States Naval Observatory 

The U.S. Naval Observatory (https://www.usno.navy.mil/) is a good source for imputation 

of daylength for cities across the United States, although the website went down in 2019 and has 

not returned as of January 2021. The USNO sunrise/sunset tables provide an excellent source for 

calculating daylength and are quite easy to use -a year’s worth of data is simple to download and 

transform in R or Python to compute daylength. Once back online, we recommend this data source 

for those looking for photoperiod data. 

https://www.usno.navy.mil/
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Additional Resources and Databases 

It would be amiss to not mention that there are numerous other data sources, websites, and 

interfaces that contain weather data, and in some cases long running historical climate data, which 

may be useful depending on the problem being examined. With regards to weather data, as of 2018 

the National Air and Space Administration (NASA) provides an R package that serves as an API 

client for downloading worldwide meteorlogical data allowing users to download data from the 

NASA Prediction of Worldwide Energy Resource (POWER) data using a package called 

nasapower (Sparks 2018). Newer methods are being developed quickly and the landscape of 

available resources is becoming more vast.  

In addition, we have not deeply examined any long term, historical climate data which may 

be useful for other studies and research questions. Many of the previously mentioned data 

resources have historical weather data dating back to the 1970s, although spatial resolution tends 

to decrease the further back one goes. For historical climate data, Worldclim provides data at a 1 

km2 resolution from 1970-2000, and even provides future projected climate data from recent 

climate models (Fick and Hijmans 2017).  

With new data resources being developed all the time, I expect that the sources I used will 

have stiff competition and will need to continue developing resources for ease of use, high spatial 

and temporal resolutions, and weather variables beyond temperature and precipitation to remain 

relevant. However, even with the development of new data sources and having data more easily at 

our fingertips, I also think that the principles we have learned in our experience working with the 

2014-2016 G2F weather data set provide a basis for what to consider when working with weather 

data for field trials and demonstrate common pitfalls that are likely to be encountered as data is 

generated and analyzed. 
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The perfect method does not exist 

There will not be a one size fits all method for working with environmental data, even for 

similar purposes or projects -there is no substitute for knowing and understanding your data, and 

critically thinking about how to make a reproducible analysis. This is important for not only 

publication purposes, but so that end users can understand what has happened to data in processing 

from its raw form to a curated set. This movement from raw to clean data will always be subjective 

and introduce the assumptions of the curator (e.g., what data sources are trustworthy, what 

resolution is needed, what covariates are included), but we can try to follow a few principles to be 

thoughtful and consistent in how we curate these sets for wider use:  

1. Always look through the data -make graphs, look at known cycles and expected patterns 

2. Think about whether you need spatial, temporal, of high spatiotemporal resolution for your 

study. 

3. Triangulate when doing imputation. Sensors at airports and other sources can have errors 

as well, so triangulation can give you a good idea of if your data is correct. 

4. If you have the covariates to calculate another covariate use the existing data to compute 

the imputed value. This helps to preserve accuracy. 

5. Be consistent and record what was done to impute or replace data. Be sure to explain 

thresholds and justify imputed values. 

If we can be thoughtful in our environmental data cleaning process, we can create datasets not only 

useful to our purposes but for use by the wider collaborative community that help to drive scientific 

results.  
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