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QTL: Quantitative Trait Loci 15 
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GBLUP: Genomic Best Linear Unbiased Predictor 17 

RKHS: Reproducing Kernel Hilbert Spacing 18 

RF: Random Forest 19 

XGBoost: Extreme Gradient Boosting 20 
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SVR: Support Vector Regression 22 
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GP: Genomic Prediction 24 

Key message 25 

Machine learning methods can be the potential choice for genomic prediction of both simple and complex 26 

traits; under both low or high SNP-QTL linkage disequilibrium scenarios. Reliable predictions over the 27 

course of a breeding programme would require to adjust the potential confounding factors e.g. population 28 

structure for all methods during model development.   29 
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Abstract 30 

Many studies have demonstrated the utility of machine learning (ML) methods for genomic prediction 31 

(GP) of various plant traits, but a clear rationale for choosing ML over conventionally used, often simpler 32 

parametric methods is still lacking. Predictive performance of GP models might depend on a plethora of 33 

factors including sample size, number of markers, population structure and genetic architecture. Here, 34 

we investigate which problem and dataset characteristics are related to good performance of ML methods 35 

for genomic prediction. We compare the predictive performance of two frequently used ensemble ML 36 

methods (Random Forest and Extreme Gradient Boosting) with parametric methods including genomic 37 

best linear unbiased prediction (GBLUP), reproducing kernel Hilbert space regression (RKHS), BayesA and 38 

BayesB. To explore problem characteristics, we use simulated and real plant traits under different genetic 39 

complexity levels determined by the number of Quantitative Trait Loci (QTLs), heritability (h2 and h2
e), 40 

population structure and linkage disequilibrium between causal nucleotides and other SNPs. Results show 41 

that ML methods are a better choice for nonlinear phenotypes and still comparable to Bayesian methods 42 

for linear phenotypes in the case of large effect QTNs. Furthermore, we find that ML methods are 43 

susceptible to confounding due to population structure and less sensitive to low linkage disequilibrium 44 

than linear parametric methods. Overall, this provides insights into the role of ML in GP as well as 45 

guidelines for practitioners.  46 

47 



3 

 

1. Introduction 48 

Phenotypes of an individual are based on its genetic makeup, the environment and the interplay between 49 

them. In plant and animal breeding, the genomic prediction (GP) model, using a genome-wide set of 50 

markers, is an integral component of the genomic selection-based approach (Meuwissen, Hayes et al. 51 

2001). A GP model is constructed on a reference population for which both genotypes and corresponding 52 

phenotypes are known, mostly employing a cross-validation strategy; and applied to related populations 53 

with only genotypes known. The total genomic value, estimated from the GP model, is used as a pseudo-54 

phenotype to select the best parents for the next generation(s). In general, phenotypes differ from each 55 

other in terms of their genetic complexity, ranging from simple/monogenic to complex/polygenic. These 56 

differences impact the potential performance of GP. Complex traits are predominantly governed by a 57 

combination of additive and non-additive (e.g. dominant/recessive, epistatic etc.) allele effects, which 58 

makes GP challenging for these traits (Moore, Amos et al. 2015). The genetic architecture of complex traits 59 

is characterized by moderate to large numbers of Quantitative Trait Loci (QTLs) with small to medium 60 

effect sizes and with or without having large effect QTL(s) (Korte and Farlow 2013). Moreover, the ratio 61 

of additive to non-additive genetic variance may differ even for closely related traits. Besides the actual 62 

genetic variance level, its distribution over the genome is also a determinant of the trait architecture 63 

(Speed and Balding 2019). Next to genetic architecture, population structure play a role as well (Figure 1): 64 

inconsistent relatedness among samples due to ancestral allele frequency imbalance among sub-65 

populations (population structure) or cryptic structures, e.g. familial relationships; linkage disequilibrium 66 

(LD) structure, due to inbreeding or selection pressure; varying relatedness between training and test 67 

population, e.g. over the course of breeding cycle; and sizes of reference and effective populations can all 68 

significantly impact prediction accuracies (Zhao, Chen et al. 2012).  69 

Technological advancements and statistical frameworks used bring new challenges (Figure 1). Genotyping 70 

and/or phenotyping technologies can now generate millions of markers and thousands of phenotypic 71 

measurements, e.g. in time series, increasing the dimensionality of the prediction problem. For example, 72 

using a high-density SNP array (or imputing SNPs based on a low-density array) will increase the likelihood 73 

of getting many markers in LD with the true QTL (high SNP-QTL LD). It can increase total explained variance 74 

(Ogawa, Matsuda et al. 2016), but may induce multicollinearity among SNPs. In contrast, low-density 75 

genotyping can miss important SNPs in LD with, or weakly linked to, the QTLs, leading to inferior prediction 76 

performance (de Los Campos, Sorensen et al. 2019). Consequently, SNP selection prior to predictive 77 

modelling has been reported to provide superior performance compared to simply using a dense marker 78 

set (Veerkamp, Bouwman et al. 2016). 79 

Statistical genetics approaches have traditionally focused on formulating phenotype prediction as a 80 

parametric regression of one or more phenotypes on genomic markers, treating non-genetic effects as 81 

fixed or random in a linear equation. The resulting GP models are biologically interpretable but might yield 82 

poor performance for complex phenotypes, as linear regression fails to capture the more complex 83 

relations (Pérez-Rodríguez, Gianola et al. 2012). This approach also requires proper translation of prior 84 

knowledge on the genetics underlying phenotypes into parametric distributions. Although statistical 85 

distributions can help describe genetic architecture; devising a specific distribution for each phenotype is 86 
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impractical. Therefore, many variations of linear regression were proposed by relaxing statistical 87 

assumptions; the main differences lie in their estimation framework and prior assumptions on the random 88 

effects (for an overview, see 2.4). Alternatively, machine learning (ML) offers a more general set of non-89 

parametric methods that can model phenotypes as (non)linear combinations of genotypes. Moreover, 90 

these methods can jointly model the problem, e.g. strong learners can be stacked (Sapkota, Boatwright 91 

et al. 2020) or weak learners can be combined in an ensemble. Examples include Support Vector Machines 92 

(SVMs), (ensembles of) decision trees and artificial neural networks (ANNs). No statistical assumptions are 93 

required in advance; therefore, these methods should be able to pick up more complex genetic signals 94 

that are missed by linear models. The downside is the large amount of data required for learning these 95 

models from the data. 96 

The performance of ML methods in GP problems has previously been compared using simulated and real 97 

phenotypes. Some were found to perform better under non-additive allelic activity (Howard, Carriquiry 98 

et al. 2014, Abdollahi-Arpanahi, Gianola et al. 2020); however, a clear link between simulated and real 99 

phenotypes is often missing, or only a specific breeding population structure is considered. Moreover, 100 

there are conflicting reports on performance of ML (Howard, Carriquiry et al. 2014, Grinberg, Orhobor et 101 

al. 2020). For example, ANNs have been reported to perform worse in some applications and comparable 102 

to competing methods in others (Bellot, de Los Campos et al. 2018, Abdollahi-Arpanahi, Gianola et al. 103 

2020). Ensemble decision tree methods, combining the output of a large number of simple predictors, 104 

have proven better for some traits but not for others (Ogutu, Piepho et al. 2011, Ghafouri-Kesbi, Rahimi-105 

Mianji et al. 2017, Azodi, Bolger et al. 2019). Gradient boosting showed improved performances for many 106 

real traits (Li, Zhang et al. 2018, Yan, Xu et al. 2021)  but was inferior to random forests on simulated 107 

datasets (Ogutu, Piepho et al. 2011). Furthermore, the impact of population structure and low SNP-QTL 108 

LD on the performance of ML methods is still unclear.  109 

In this paper, we investigate which GP characteristics (genetic architecture, population properties and 110 

genotype/phenotype measurement technology) a priori point to a better performance for either 111 

traditional statistical approaches or ML-based methods. We compare GP performance of two ensemble 112 

methods, Random Forests (RF) and Extreme Gradient Boosting (XGBoost), to that of linear mixed models, 113 

GBLUP, BayesA, BayesB and RKHS regression with averaged multi-Gaussian kernels. We focus on typical 114 

applications in plant breeding to explore various GP characteristics, including the ratio of the total number 115 

of markers to the number of samples ratio (p/n), genetic complexity, QTN effect size, linear (additive) vs. 116 

nonlinear (epistatic) heritabilities, sparse vs. dense genotyping and population structure. 117 

  118 
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2. Methods 119 

2.1. Data 120 

2.1.1. Simulations 121 

In a first experiment, artificial genotypes were simulated, in combination with associated phenotype 122 

values. Genotype data was simulated for a diploid population with a minor allele frequency of 0.4, using 123 

a binomial distribution, where each allele was the outcome of a binomial trial. The genotype dataset was 124 

coded as {0=AA, 1=Aa, 2=aa}. To explore GP characteristics (Figure 1), different levels of genetic 125 

complexity and dimensionality, defined as the ratio of total number of SNPs to the sample size (c = p/n), 126 

were simulated. For the high dimensionality scenarios, sample size was fixed at n = 500, because reference 127 

populations of this size are feasible for genotyping and phenotyping in genomic selection studies. Using 128 

values of  c = {2, 10, 20, 40, 120} , the number of SNPs varied up to p = 60,000 (120*500). Similarly, for the 129 

low dimensionality scenarios, the number of SNPs was fixed at p = 500 and sample size was varied up to 130 

n = 3,000 to arrive at c = {1, 1/2, 1/4, 1/6}.  Subsequently, Quantitative Trait Nucleotides (QTNs) were 131 

randomly selected from these simulated SNP sets to generate phenotypes. We selected either 5, 50 or 132 

100 QTNs, corresponding to a range of low to high genetic complexity, coupled with narrow-sense 133 

heritability ranging from 0.1 to 0.7. A phenotype with a high number of QTNs and low heritability is more 134 

complex than one with few QTNs and higher heritability.  135 

Phenotype datasets were generated using the simplePHENOTYPES R package (Fernandes and Lipka 2020). 136 

Linear polygenic phenotypes were simulated using additive modes of allele effects, as follows:  137 𝐲 = 𝛽1𝐐𝐓𝐍1 + 𝛽2𝐐𝐓𝐍2 + 𝛽3𝐐𝐓𝐍3 + ⋯ + 𝛽𝑘𝐐𝐓𝐍k + 𝛆    (𝟏) 138 

Here, i describes the effect size of the ith QTN, where QTNi is a vector containing the allele dosages for 139 

the ith QTN for all samples. The residuals () were sampled from a normal distribution ~N(0, √(1-h2)). Using 140 

the narrow-sense heritability (h2) to determine the effect sizes: each QTN is assigned an effect size of i = 141 

h / n. To further explore the genetic complexity, we used equation (1) to generate another set of 142 

phenotypes where the first QTN is assigned a larger effect than others, 2h, and the remainder still h / (n-143 

1).  144 

For nonlinear phenotypes, broad-sense heritability was set at most to 0.8, so the distribution of residuals 145 

is N(0,√0.2). We considered only epistasis to induce nonlinearity, ignoring other factors such as 146 

dominance. Adding an additional term for epistasis to equation (1) results in:  147 𝐲 = 𝛽1𝐐𝐓𝐍1 + 𝛽2𝐐𝐓𝐍2 + 𝛽3𝐐𝐓𝐍3 + ⋯ + 𝛽𝑘𝐐𝐓𝐍k + 𝛽𝑒(𝐐𝐓𝐍e1 ∗ 𝐐𝐓𝐍e2) + 𝛆    (𝟐) 148 

The epistatic heritability (h2
e) was set analogous to the additive heritability (h2), such that, H2 = h2 + h2

e. 149 

The additive x additive epistasis model was used, with only a single pairwise interaction. The epistatic 150 

effect e was sampled from N(0, √h2
e), and attributed to a single interacting pair of markers (e1, e2) such 151 

that e = e1 x e2. We sampled this interacting pair from the set of additive QTNs; therefore, each 152 
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interacting marker will always have some main effect. As for additive phenotypes, we also created 153 

nonlinear phenotypes with one large effect QTN. The total number of settings (scenarios considered in 154 

Table 1) for the simulated GP characteristics is 81 per phenotype class, i.e. linear and nonlinear. For each 155 

class, phenotypes were simulated with and without large effect QTN. Thus, in total 324 (81 x 2 x 2) 156 

simulated datasets were generated. These will be referred to as ‘simdata’ in the text. 157 

Table 1. Simulation scenarios. 158 

 Linear phenotypes 

(H2 = h2) 

Nonlinear phenotypes 

(H2 = h2 + h2
e = 0.8) 

#Markers (p) / 

#Samples (n) 

Ratio 

(c) 

#QTNs h2 h2 + h2
e 

500/3000 0.17 5, 50, 100 0.1, 0.4, 0.7 0.7+0.1, 0.4+0.4, 0.1+0.7 

500/2000 0.25 5, 50, 100 0.1, 0.4, 0.7 0.7+0.1, 0.4+0.4, 0.1+0.7 

500/1000 0.50 5, 50, 100 0.1, 0.4, 0.7 0.7+0.1, 0.4+0.4, 0.1+0.7 

500/500 1.00 5, 50, 100 0.1, 0.4, 0.7 0.7+0.1, 0.4+0.4, 0.1+0.7 

1000/500 2.00 5, 50, 100 0.1, 0.4, 0.7 0.7+0.1, 0.4+0.4, 0.1+0.7 

5000/500 10.0 5, 50, 100 0.1, 0.4, 0.7 0.7+0.1, 0.4+0.4, 0.1+0.7 

10000/500 20.0 5, 50, 100 0.1, 0.4, 0.7 0.7+0.1, 0.4+0.4, 0.1+0.7 

20000/500 40.0 5, 50, 100 0.1, 0.4, 0.7 0.7+0.1, 0.4+0.4, 0.1+0.7 

60000/500 120 5, 50, 100 0.1, 0.4, 0.7 0.7+0.1, 0.4+0.4, 0.1+0.7 

2.1.2. Real datasets 159 

To compare trends observed in simulations with outcomes obtained with real traits, publicly available 160 

wheat genotype and phenotype data were taken from Norman, Taylor et al. (2017). This includes 13 traits: 161 

Biomass, Glaucousness, Grain protein, Grain yield, Greenness, Growth habit, Leaf loss, Leaf width, 162 

Normalised Difference Vegetative Index (NDVI), Physiological yellows, Plant height, Test weight (TW) and 163 

Thousand kernel weight (TKW). This particular dataset was chosen as it contains a fairly large number of 164 

genotypes (n = 10,375) each genotyped for p = 17,181 SNPs. The impact of population structure, training 165 

set size, marker density and its interaction with population structure was assessed in a study by the same 166 

authors (Norman, Taylor et al. 2018) and GBLUP prediction accuracies were reported to saturate when 167 

training set size was greater than 8,000. We used the same settings, with 5-fold cross-validation (training 168 
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set size 8,300, validation set size 2,075). 169 

The data was generated from a small-plot field experiment for pre-screening of germplasm containing 170 

some genotypes that are sown in multiple plots, thus containing spatial heterogeneity with correlation 171 

between closely located plots and imbalance in the number of phenotypes per genotype. Soil elevation 172 

and salinity, spatial coordinates and virtual blocks (made available on request by the authors) were taken 173 

as covariates:  174 𝐲 = 𝐗𝐛 + 𝐙𝐮 + 𝐙𝐠𝐠 + 𝛆    (𝟑) 175 

Here, X is the n x 4 design matrix for the fixed effects and overall mean, b is a 4 x 1 vector of fixed effects, 176 

i.e. soil salinity and elevation; Z is an n x 3 design matrix for u non-genetic random effects, i.e. range, row 177 

and block; Zg is the n x k design matrix for genotypes g for a maximum of k replicates, and  is an n x 1 178 

vector of residuals. The Best Linear Unbiased Predictions (BLUPs) of genotypes were used for GP; in that 179 

way, we take care of the unbalanced phenotypic records for some of the genotyped accessions, for 180 

example, some genotypes were sown at multiple blocks. Note that equation (3) does not contain any SNP 181 

information, instead only genotype accessions are used to obtain their adjusted phenotype.  182 

2.2. Population structure analysis 183 

To analyse the influence of population structure on the performance of different GP methods, we used a 184 

population of the Arabidopsis thaliana RegMap panel (Horton, Hancock et al. 2012) with known structure, 185 

containing 1,307 accessions including regional samples (Figure S5). Linear phenotypes were simulated 186 

using narrow-sense heritabilities h2 = 0.1, 0.4 and 0.7, with equal effect QTNs. The genotypes, available 187 

from the Arabidopsis 250k SNP array, were further pruned for LD and minor allele frequency (MAF > 5%) 188 

using PLINK (Purcell, Neale et al. 2007). LD pruning was carried out using a window size of 500 markers, 189 

stride of 50 and pairwise r2 threshold of 0.1, using the ‘--indep-pairwise’ command in PLINK. This implies 190 

that a set of markers in the 500 markers window with squared pairwise correlation greater than 0.1 is 191 

greedily pruned from the window until no such pairs remain. This dataset will be referred to as ‘STRUCT-192 

simdata’ in the text. 193 

The effect of population structure was also assessed on real data: a genotype dataset of 300 out of the 194 

1,307 RegMap accessions, phenotyped for the sodium accumulation trait with a strongly associated gene 195 

(Baxter, Brazelton et al. 2010). This should resemble one of our simulation scenarios, i.e. high heritability 196 

(e.g. h2 = 0.7) with few QTNs (e.g. 5) of large effect. This dataset will be referred to as ‘STRUCT-realdata’ 197 

in the text. 198 

To correct for population structure, we used principal components corresponding to the top ten highest 199 

eigenvalues as fixed effects in the models for GBLUP, RKHS regression, BayesA and BayesB (Hoffman 200 

2013). Principal component analysis (PCA) was performed on the allele dosage matrix using the prcomp() 201 

method in R, with centring and scaling. For random forest and XGBoost, we used these top principal 202 

components as additional features in the models. 203 
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2.3. Analysis of SNP-QTN Linkage Disequilibrium (LD) 204 

To explore the impact of varying LD between SNP markers and actual QTNs on the performance of GP 205 

methods, we used two other datasets: one with real genotypes and simulated phenotypes, the other with 206 

real genotypes and real traits.  207 

For the first dataset, we selected a natural population with minimal structure, balanced LD, genotyped at 208 

roughly equal genomic spacing and mostly inbred lines: the 360 accessions in the core set of the 209 

Arabidopsis thaliana HapMap population (Baxter, Brazelton et al. 2010). Genotype data of 344 out of the 210 

360 core accessions was obtained from Farooq, van Dijk et al. (2020), containing 207,981 SNPs. The 211 

phenotypes were simulated using one of the scenarios in Section 2.1.1. The total number of SNPs was 212 

kept close to the number of samples and genetic complexity was kept low, to study the impact of SNP-213 

QTN LD only. To this end, we simulated linear phenotypes with h2 = 0.7 and 5 QTNs with equal effects. 214 

Linkage disequilibrium between SNPs was calculated as squared pairwise Pearson correlation coefficient 215 

(r2) using PLINK (Purcell, Neale et al. 2007). Input sets of 500 SNPs were selected randomly from pairs with 216 

either low LD (r2 ≤ 0.5) or high LD (r2 > 0.9); these two sets were used to train two prediction models using 217 

each GP method: one model that trained on the QTNs that were used to generate the phenotype, another 218 

on QTN-linked SNPs (closest on the genome) instead of QTNs themselves, from the low or high LD SNPs 219 

pool. To avoid spurious correlations between SNPs in both models, non-QTN-linked SNPs were sampled 220 

from a different chromosome. We restricted the sampling of QTNs and the QTN-linked SNPs to 221 

chromosome 1, whereas the remaining non-QTN SNPs were sampled from chromosome 2. We refer to 222 

this dataset as ‘LD-simdata’ in the text. 223 

For the second dataset, we used three soybean traits (HT: height, YLD: yield and R8: time to R8 224 

developmental stage) phenotyped for the SoyNam population (Xavier, Muir et al. 2016). This dataset 225 

contains recombinant inbred lines (RILs) derived from 40 biparental populations and the set of markers 226 

have been extensively selected for the above traits. Moreover, high dimensionality is not an issue as the 227 

dataset contains 5,014 samples and 4,235 SNPs. We refer to this dataset as ‘LD-soy’ in the text. A complete 228 

list of datasets used in this study has been provided in Table 2. 229 

Table 2. List of datasets 230 

ID DESCRIPTION 

SIMDATA Simulated dataset used to explore GP characteristics of trait genetic complexity, 

population properties and dimensionality. See Methods section 2.1.1 for details. 

WHEAT Real wheat dataset from Norman, Taylor et al. (2017) containing 13 traits of varying 

genetic complexity. These traits are referred to by abbreviations: 

BM: Biomass, PH: Plant Height, NDVI: Normalised Difference Vegetative Index, LL: Leaf 

Loss, LW: Leaf Width, GY: Grain Yield, GL: Glaucousness, GP: Grain Protein, Y: Physiological 

Yellows, TW: Test Weight of grains, TKW: Thousand Kernel Weight, GH: Growth Habit, GR: 

Greenness 

STRUCT-

SIMDATA 

Real structured RegMap panel genotype data of 1,307 Arabidopsis thaliana accessions 

with simulated phenotypes data used to analyse the effect of population structure 
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STRUCT-

REALDATA 

A subset of the real Arabidopsis thaliana structured RegMap panel genotype data of 300 

accessions with real phenotype data of the sodium accumulation trait used to analyse the 

effect of population structure 

LD-

SIMDATA 

An unstructured set of 360 accessions from the core set of the Arabidopsis thaliana 

HapMap population with known genotype data and simulated phenotype data to study 

the impact of LD 

LD-SOY Real soybean dataset of with real phenotypes (R8, HT: height and YLD: yield) for studying 

the impact of low SNP-QTN LD (Xavier, Muir et al. 2016)  

2.4. Models 231 

A wide range of statistical models have been proposed for GP. Most widely applied are Linear Mixed 232 

Models (LMMs), which use whole-genome regression to tackle multicollinearity and high-dimensionality 233 

with shrinkage during parameter estimation, employing either a frequentist approach, e.g. restricted 234 

maximum likelihood (REML), or Bayesian theory (Baek, Natasha Beretvas et al. 2020). Below, we briefly 235 

describe the GP methods used in our experiments. For (semi)parametric methods, we used BGLR with 236 

default settings of hyperparameters (Pérez and de Los Campos 2014); for Random Forests, the ranger R 237 

package (Wright and Ziegler 2017); and for XGBoost, h2o4gpu (Ovsyannikov 2021). 238 

2.4.1. Parametric models 239 

GBLUP 240 

The genomic best linear unbiased prediction (GBLUP) method uses a Gaussian prior with equal variance 241 

for all markers and a covariance matrix between individuals, called the genomic relationship matrix 242 

(GRM), calculated using identity by state (IBS) distances between markers for each pair of samples 243 

(VanRaden 2008). SNP effects are modelled as random effects that follow a normal distribution with zero 244 

mean and common variance, and are estimated by solving the mixed model equation:  245 𝐲 = 𝛍 + 𝐠 + 𝛆    (𝟒) 246 

Here, g is an n x 1 vector of the total genomic value of an individual, captured by all genomic markers; μ 247 

is the overall population mean; and ε is an n-vector of residuals. The genomic values g and residuals were 248 

assumed to be independent and normally distributed as g ~ N(0,Gσ2
g),  ~ N(0,Iσ2). Here G is the GRM, 249 

calculated using the rrBLUP package (Endelman 2011) in R, providing variance-covariance structure for 250 

genotypes and I is the identity matrix. Due to the small number of estimable parameters, GBLUP is 251 

computationally fast but the assumption of normality only holds when most effects are close to zero and 252 

only a few are larger. The limitation of this approach is that it captures only linear relationships between 253 

individuals and assumption of equal variance for all marker effects may not be truly valid for many traits. 254 

Bayesian methods 255 

Several Bayesian methods with slight variations in their prior distributions have been proposed to model 256 

different genetic architectures (Gianola 2013) e.g. BayesA, using a scaled t-distribution; Bayesian LASSO 257 

or BL (Park and Casella 2008), using a double-exponential; BayesCπ (Habier, Fernando et al. 2011); and 258 

BayesBπ (Meuwissen, Hayes et al. 2001), both utilising two-component mixture priors with point mass at 259 
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zero and either a Gaussian or scaled t-distribution, respectively. To control the proportion of zero effect 260 

markers, the hyperparameter ‘π’ was set equal to 0.5, resulting in a weakly informative prior. For 261 

simplicity, we refer to BayesBπ as BayesB in the text. The model in equation (5) was solved for posterior 262 

means in both BayesA and BayesB with the only difference in priors of βj: 263 

𝐲 = 𝛍 + ∑ 𝐱j𝛽𝑗𝐽𝑗 + 𝛆    (𝟓) 264 

Here, μ is the intercept, xj is an n-vector of allele dosages for each SNP and j is the effect of SNP j out of 265 

total SNPs J. 266 

2.4.2. Semi-parametric models 267 

Reproducing Kernel Hilbert Spaces (RKHS) regression is a general semiparametric method that models 268 

pairwise distances between samples by a Gaussian kernel and can therefore better capture nonlinear 269 

relationships than GBLUP. In fact, GBLUP is a special case of RKHS regression, with a linear kernel (De los 270 

Campos, Gianola et al. 2010, Jiang and Reif 2015). We used RKHS regression as a representative semi-271 

parametric model, because it not only employs prior assumptions for random components in LMM 272 

equation (6), but also learns hyperparameters from the data itself: 273 

𝐲 = 𝛍 + ∑ 𝐠𝑙3𝑙=1 + 𝛆    (𝟔) 274 

In contrast to the GBLUP model (4), the RKHS regression model has three random genetic components 275 𝐠 = ∑ 𝐠𝑙3𝑙=1 , such that gl ~ N(0,Klσ2
gl); where Kl is the kernel evaluated for the lth component. This kernel 276 

matrix K is used as genomic relationship matrix, where K = { k(xi, xj) } is an n × n matrix of Gaussian kernels 277 

applied to the average squared-Euclidean distance between genotypes: 278 𝑘(𝒙𝑖 , 𝒙𝑗) = exp (−𝑏 (∑ (𝑥𝑖𝑘 − 𝑥𝑗𝑘)2𝑝𝑘=1 ) 𝑝⁄ )     (7) 279 

The kernel k(xi, xj) is a covariance function that maps genetic distances between pairs of individuals xi and 280 

xj onto a positive real value. The hyperparameter b, called the bandwidth, controls the rate at which this 281 

covariance function drops with increasing distance between pairs of genotypes. Tuning this parameter for 282 

range of values between 0 and 1 could be computationally inefficient. So, instead of tuning b, we used a 283 

kernel averaging method (De los Campos, Gianola et al. 2010), such that multiple kernels, corresponding 284 

to possible bandwidth values b = {0.2, 0.5, 0.8}, were averaged. 285 

2.4.3. Ensemble machine learning models 286 

Random Forest 287 

The Random Forest regressor uses an ensemble of decision trees (DTs) that are each grown using 288 

bootstrapping (random sampling with replacement of samples), and a random subset of SNPs. The test 289 

sample prediction is made by averaging all unpruned DTs as; 290 
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𝑓𝑅𝐹𝐷 (𝑥) = 1𝐷 ∑ 𝜏(𝑥, 𝜓𝑘)𝐷𝑘=1     (8) 291 

Here x is the test sample genotype using a random forest 𝜏 with D decision trees, for which 𝜓𝑘  is the kth 292 

tree. An RF has a number of hyperparameters that need to be tuned, for which we have used grid search 293 

using the caret R package (Kuhn, Wing et al. 2020). We used 500 trees in the forest for all analyses and 294 

tuned ‘mtry’ and ‘nodesize’ hyperparameters to control tree shapes. The total number of SNPs randomly 295 

selected at each tree node, i.e. mtry, was selected from { p/3, p /4, p /5, p /6 } and the minimum size of 296 

terminal nodes below which no split can be tried, i.e. nodesize, was selected from {0.01, 0.05, 0.1, 0.2, 297 

0.3} times the number of training samples in each cross-validation fold.  298 

Extreme Gradient Boosting (XGBoost) 299 

We used XGBoost, a specific implementation of the Gradient Boosting (GB) method. Similar to the 300 

Random Forest, Gradient Boosting is an ensemble method, using weak learners such as DTs. The main 301 

difference is that an RF aggregates independent DTs trained on random subsets of data (bagging), whereas 302 

GB grows iteratively (boosting) by selecting samples in the subsequent DTs based on sample weights 303 

obtained in previous DTs, related to how well samples are predicted already by these previous DTs.  304 

Hyperparameters were tuned using a grid search through 5-fold cross-validation on each training data 305 

fold. We searched over max_depth = {2, 3, 4, 50, 100, 500 }, colsample_bytree = { 0.1, 0.2, 0.3, 0.5, 0.7, 306 

0.9 } and subsample = {0.7, 0.8, 0.9}.  307 

2.4.4. Performance evaluation 308 

Model performance was evaluated based on prediction accuracy, which was measured as the Pearson 309 

correlation coefficient (r) between observed phenotypic values and predicted genomic values of the test 310 

population. For each model, five repeats of 5-fold cross-validation were performed, so in total 25 values 311 

of r were used to compare performances. 312 

2.5. Assessment of trait nonlinearity 313 

To link GP performance in simulation scenarios with performance on real data, an assessment of the 314 

nature of real traits (i.e. linear or nonlinear) was used. To obtain a proxy for linearity of the trait, we 315 

assumed that if a trait has a higher proportion of additive variance compared to other traits, estimated 316 

with the same model, it will be more linear. To verify this on our simulated dataset scenarios (Table 1) for 317 

nonlinear phenotypes, we used the linear mixed model:  318 𝐲 = 𝛍 + (𝐠𝑎 + 𝐠𝑟) + 𝛆    (𝟗) 319 

Here ga defines a set of additive genotype effects such that ga ∼ N(0,σ2
aG), where G is the genomic 320 

relationship matrix (GRM) calculated as described by VanRaden (2008), gr ∼ N(0,σ2
rI) is the residual genetic 321 

effect and  is a vector of residuals. The ratio of additive genetic variance to the residual genetic variance 322 

(σ2
a / σ2

r) was calculated for both the simulated dataset and real wheat traits. We tested our assumption 323 
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on simulated phenotypes (Figure S1), showing simulated amounts of non-additive heritability to indeed 324 

be negatively related to empirical additive heritability. 325 

  326 
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3. Results 327 

3.1. ML outperforms traditional methods for GP 328 

Previously, numerous GP methods were tested for different traits of varying genetic architectures using 329 

low or high density marker sets, but it is still unclear for which (class of) GP problems applying machine 330 

learning can be beneficial (Pérez-Rodríguez, Gianola et al. 2012). To investigate the role of underlying 331 

characteristics (Figure 1), we generated an extensive set of simulated genotype-phenotype data (simdata: 332 

see Section 2.1.1). This data was analysed using the linear parametric methods GBLUP, BayesA and 333 

BayesB;  nonlinear semi-parametric regression method RKHS, using a Gaussian multi-kernel evaluated as 334 

average squared-Euclidean distance between genotypes (De los Campos, Gianola et al. 2010); and popular 335 

nonlinear ML methods, i.e. support vector regressor (SVR), random forest regressor (RF), extreme 336 

gradient boosting (XGBoost) regression trees and Multilayer Perceptron (MLP). The simulations covered 337 

a variety of trait scenarios (from simple to more complex), as shown in Table 1. Simple traits correspond 338 

to simulation scenarios with larger heritabilities, additive allele effects (linear) and small numbers of QTNs; 339 

complex traits can have both additive and non-additive allele effects (nonlinear) with small heritabilities 340 

and large numbers of QTNs. For linear phenotypes, narrow-sense heritability was set equal to broad-sense 341 

heritability and for the nonlinear phenotypes, the sum of narrow-sense and epistatic heritability was set 342 

equal to the broad-sense heritability. The extent of phenotypic linearity in both simulations and real 343 

datasets was calculated using the ratio of additive genetic variance to the residual genetic variance (σ2
a / 344 

σ2
r) from equation (9). In the results presented below, SVR and MLP were excluded  because their 345 

performances were significantly lower than the tree-based ensemble ML methods (i.e. RF and XGBoost) 346 

on a subset of our simulation scenarios (Appendix-I).  347 

3.1.1. ML methods perform well for simple traits 348 

Many non-mendelian plant traits are fairly simple, where only one or a few QTLs explain a large proportion 349 

of phenotypic variance. If these QTLs are identified by the GP model, prediction performance can be pretty 350 

high. In our simulations (Table 1), this scenario is investigated using additive phenotypes with narrow-351 

sense heritability (h2) equal to 0.7 and a total number of QTNs equal to 5.We then attribute equal effects 352 

to all QTNs or unequal effects by assigning a larger effect to the first QTN in equation (1) than to other 353 

QTNs (see Section 2.1.1). 354 

The results in Figure 2A and Figure 2B illustrate that the performance of Bayesian methods and ML was 355 

better than that of genomic relationship-based methods (GBLUP, RKHS). The performance of ML methods 356 

was slightly worse than that of Bayesian methods when all QTNs shared equal effects (Figure 2A) but 357 

comparable when one of them had a larger effect size (Figure 2B). Therefore, although not outperforming 358 

the other methods, ML methods seem to be reasonable choices for simple traits. 359 

3.1.2. ML methods outperform parametric methods for complex traits 360 

Complex polygenic traits may contain a large effect QTL along with many small to medium effect QTLs 361 

(Goddard, Kemper et al. 2016). This makes their detection more challenging through conventional 362 
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univariate regression models that are followed by strict multiple testing corrections. Moreover, shrinkage 363 

of effect sizes in multivariate regression models restricts them from growing too large. Thus, many true 364 

small effects may be ignored in the analysis. SNPs may also have non-additive effects, which could cause 365 

a large amount of variance to remain unexplained and narrow-sense heritabilities to be low, when 366 

modelled by their linear action only. 367 

This genetic complexity was simulated by increasing the number of QTNs, decreasing the narrow-sense 368 

heritability and keeping overall effect sizes equal, thereby letting the effect sizes per QTN become 369 

proportionally smaller. The QTNs were randomly chosen from the simulated SNPs pool by setting k equal 370 

to 50 or 100 in equation (2), keeping equal effect sizes for all QTNs and h2 equal to 0.1. Moreover, two 371 

QTNs were randomly selected to have a fairly large pairwise interaction effect corresponding to an 372 

epistatic heritability h2
e equal to 0.7. The results in Figure 2C illustrate that ML methods outperformed all 373 

methods for complex nonlinear phenotypes, although overall performance remained poor. 374 

3.1.3. ML performance is robust to high-dimensional GP  375 

Genomic prediction is usually employed on a genome-wide set of markers but the training population size 376 

is limited, i.e. a high dimensional problem. This comes with obscured genetic signal due to an increase in 377 

uninformative markers leading to an over/underestimation of allelic effects or genomic relationships, 378 

overfitting on training samples and reduced performance on unseen data. To investigate the susceptibility 379 

of different GP methods for this issue, we analysed how prediction accuracy varied depending on the ratio 380 

of markers vs samples (c = p/n > 1). The results in Figure 2A and Figure 2B illustrate that methods perform 381 

differently on high dimensional simple traits GP problems, such that genetic distance-based methods 382 

(GBLUP, RKHS) were affected more than ML and Bayesian methods. For complex traits (Figure 2C), 383 

prediction accuracy was quite low for all methods due to low narrow-sense heritability (h2: 0.1), so a 384 

decreasing trend was not evident, but ML performance was still higher than all other methods. The results 385 

with different simulation settings of ‘simdata’ further show that performance is negatively related to an 386 

increase in dimensionality, and less affected by larger heritability (Figure S2 and Figure S3). In general, this 387 

shows that the conclusions drawn in Section 3.1.1 for simple traits and 3.1.2 for complex traits holds under 388 

high-dimensionality and when there is sufficient genetic signal (high heritabilities), high-dimensionality is 389 

less of an issue for these methods. 390 

3.1.4. ML methods are generally suitable for nonlinear phenotypes 391 

For complex phenotypes, we observed that ML performs well when heritability is small and non-additive 392 

allele effects are present (Figure 2C). In our simulation scenarios (Table 1) we further investigated a range 393 

of additive and non-additive fractions of heritabilities, with or without a large effect QTN. 394 

For linear phenotypes with equal effect sizes of all QTNs, performance of ML methods was poorer than 395 

that of Bayesian methods under all scenarios; with an increase in genetic complexity (lowering h2 and 396 

increasing the number of QTNs), performance dropped below that of GBLUP and RKHS as well (Figure 397 

S2A). Therefore, ML methods are not beneficial for this setting. For nonlinear phenotypes however, ML 398 

outperformed all methods including the Bayesian methods for all scenarios (Figure S2B) with random 399 

forests generalizing best. ML methods are thus best suited for nonlinear traits and do not necessarily need 400 
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large main effects to be present. Note that although RKHS regression has been reported to better capture 401 

epistatic relationships between markers (Jiang and Reif 2015), it did not perform well in our simulations; 402 

perhaps it needs more careful tuning of the bandwidth of the Gaussian distributions, rather than using 403 

multi-kernel averaging or require matching prior allele effects distributions (see Discussion). 404 

For the linear phenotypes explained by a large effect QTN and many small effect QTNs (Figure S3A, Figure 405 

S3B), Bayesian methods perform comparable to ML methods for both linear and nonlinear phenotypes 406 

under all simulation scenarios, although RF gave slightly better performance for nonlinear phenotypes 407 

with large epistatic heritability (for h2
e = 0.7) and dimensionality (p/n > 2). This could be because the large 408 

effect QTN explains most of the additive variance and is easily picked by Bayes and ML methods, but RF 409 

has the added advantage of picking up the nonlinear signal, when main effects got smaller with the 410 

increase in number of QTNs. XGBoost gave relatively poor performance, especially at smaller heritabilities 411 

(0.1 and 0.4) and larger p/n ratios, while GBLUP and RKHS regression performance was consistently poor 412 

in all scenarios. Moreover, an increase in dimensionality has a more adverse effect on the performance 413 

of genomic relationship matrix-based methods (GBLUP, RKHS) than on that of Bayes and ML.  414 

In conclusion, our simulation results indicate that ML works well when a fair proportion of broad-sense 415 

heritability is contributed by nonlinear allele effects or a few large effect QTNs. 416 

3.1.5. Case study in wheat 417 

To see whether our simulation results hold on real traits, we used a dataset of 13 wheat traits (Norman, 418 

Taylor et al. 2017) for a fairly large number of samples (10,375 lines) and 17,181 markers (c ≈ 1.6). These 419 

markers have been selected by strict screening criteria, therefore, many of them could be informative. 420 

Insights about genetic complexity for some of these traits were previously reported by Norman, Taylor et 421 

al. (2017) and Norman, Taylor et al. (2018). For example, Glaucousness was reported be a simple but grain 422 

yield to be more complex (Norman, Taylor et al. 2018). The results in Figure 3 clearly indicate that 5-fold 423 

cross-validated prediction accuracies (r) were higher for both ML methods when the fraction of additive 424 

variance was small (i.e. traits were fairly complex) and slightly lower or comparable to both Bayesian and 425 

GBLUP/RKHS regression methods otherwise. This is in line to what we observed in our simulations that 426 

for simple traits (Figure 2A&B), ML was either comparable to Bayesian or slightly poor than them, but for 427 

complex traits it was consistently better (Figure 2C). For example, leaf width, glaucousness, growth habit, 428 

leaf loss, plant height, test weight and thousand kernel weight traits had greater than 80% of their genetic 429 

variance explained only by additive variance components and performance of ML relative to Bayesian 430 

methods and GBLUP / RKHS regression was either at par or lower than that. On the other hand, biomass, 431 

grain protein, grain yield, yellowness and in particular NDVI had smaller fractions of additive variance and, 432 

relative to the other methods, ML performed better. Hence, results on this experimental dataset match 433 

with the findings in our simulations that ML is best suited for the prediction of more complex traits and a 434 

potential candidate for simple traits as well.  435 
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3.2. ML methods are sensitive to population structure 436 

Population structure (PS) is a well-known confounding factor that results in decreased diversity in training 437 

populations (Norman, Taylor et al. 2018) and unrealistic inflated parameter estimates, e.g. for 438 

(co)variances of random effects in LMMs (Visscher, Hemani et al. 2014). Parametric and nonparametric 439 

ML methods, based on their modelling assumptions and approaches, may be differently sensitive to PS. 440 

To assess the impact of population structure on ML methods, we used real genotype data with a known 441 

population structure and combined it with both simulated (STRUCT-simdata) and real phenotypes 442 

(STRUCT-realdata). Only linear phenotypes were simulated, with varying complexity and dimensionality 443 

scenarios, as described earlier in Section 2.1.1. The STRUCT-simdata contains all 1,307 Arabidopsis 444 

RegMap accessions (Horton, Hancock et al. 2012). To exclude the impact of multicollinearity among SNPs, 445 

only uncorrelated markers were retained after pruning with pairwise squared correlation coefficient (r2 < 446 

0.1, see Section 2.2), leaving 15,662 SNPs, but keeping the population structure intact (Figure S5). This 447 

results in a ratio c = p/n of approximately 12 (15,662/1,307), a setting comparable to the simulation results 448 

presented in Figure 2A.  449 

Correction for PS was carried out by including the top ten principal components corresponding to the 450 

largest eigenvalues as fixed effects into the mixed model equations or as additional features for ML 451 

methods. For the simulated phenotypes (Figure S4), average pairwise difference of test accuracies before 452 

and after correcting for PS was slightly higher for ML methods (RF: 0.03 and XGBoost: 0.04) than for LMMs 453 

(GBLUP: 0.01, RKHS: 0.01, BayesA: 0.01 and BayesB: 0.00). Moreover, the correction resulted into 454 

relatively elevated accuracies for the scenarios with larger number of QTNs or low heritabilities. This 455 

illustrates that with smaller #QTNs and larger heritabilities (h2=0.7, #QTNs=5), effect sizes per QTN were 456 

larger; therefore, confounding due to PS was less of a concern. With the decrease in effect sizes per QTN 457 

(increase in #QTNs and decrease in h2), correction became more important for reliable predictions. From 458 

this, we can argue that confounding due to PS should be generally corrected for, but particularly for 459 

complex phenotypes having low heritability and large numbers of QTNs with small-medium effect sizes.  460 

To further explore this behaviour, we used real phenotypes of the sodium accumulation trait in 461 

Arabidopsis thaliana (STRUCT-realdata) using a subset of the same genotypes dataset. Here, we expected 462 

to have at least one large effect QTN for this trait, because AtHKT1;1 locus, encoding a known sodium 463 

(Na+) transporter, has been reported to be a major factor controlling natural variation in leaf Na+ 464 

accumulation capacity (Baxter, Brazelton et al. 2010). Similar to the outcomes on ‘STRUCT-simdata’, 465 

correction for PS increased prediction accuracies of all methods on test data; whereas, GBLUP had the 466 

lowest average difference (∆µ=0.03) between pair-wise predictions before and after correction (Figure 4). 467 

In contrast to ‘STRUCT-simdata’, XGBoost had the largest average difference (∆µ=0.1) but RF was 468 

comparable to LMMs (∆µ=0.05). From the above outcomes, we conclude that ML methods, like other GP 469 

methods, are sensitive to confounding due to PS and correcting for this can further improve performance 470 

for complex phenotypes. However, it is still unclear to which extent or for which GP problem 471 

characteristics different methods are more advantageous or more sensitive to PS.  472 
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3.3. ML methods can tackle low SNP-QTN LD 473 

The utility of GP in genomic selection is based on the assumption that there are ample markers within a 474 

densely genotyped set of markers which are in LD with the QTLs (Meuwissen, Hayes et al. 2001). The 475 

actual QTNs are generally unknown, but SNPs in LD can be used to (partially) capture their effect, 476 

depending on the actual correlation and allele frequencies. Therefore, it is worthwhile to investigate the 477 

impact of of SNP-QTN correlation levels on GP performance (Uemoto, Sasaki et al. 2015). We used two 478 

settings, one with real genotypes and simulated phenotypes (LD-simdata), a second with real genotypes 479 

and real traits (LD-soy).  480 

In simulations, GP model performance is evaluated based on the difference in prediction accuracies 481 

between a model trained on the actual QTNs and a model trained on SNPs in LD (QTN-linked SNPs). Our 482 

results show that when SNPs are highly correlated to QTNs (which is likely the case for densely genotyped 483 

markers set and r2 > 0.9), all methods perform equally well and the SNP-based model predictions are very 484 

close to those of the actual QTN based models (Figure S6). On the other hand, for low LD between SNPs 485 

and QTNs, there was in general a difference between median prediction accuracies (Δr) of the QTN and 486 

SNP-based models (Figure 5A). This difference varied between methods, from 0.18 for RKHS regression to 487 

0.43-0.46 for the Bayesian methods, with GBLUP and ML methods between these (0.32-0.37). The relative 488 

robustness of particularly the Random Forest model in these circumstances compared to the Bayesian 489 

methods, in combination with its good performance in many simulations, supports its usefulness for GP. 490 

As a real genotype and phenotype dataset, we used three Soybean traits, i.e. height, time to R8 491 

developmental stage and yield (LD-soy). The complete set of markers (4,235 SNPs) had many correlated 492 

SNPs, such that only 261 were left with low LD (r2 ≤ 0.5). Here, in contrast to LD-simdata where we knew 493 

the QTNs in advance, we assumed that many SNPs could be linked to QTNs, because ~94% of all markers 494 

had r2 > 0.5. So, we compared two models: one with all markers (the benchmark model), and one with 495 

low LD (r2 ≤ 0.5). A similar pattern was observed, as shown in Figure 5B, i.e. RKHS regression, RF and 496 

XGBoost were most robust against low SNP-QTN LD, with negligible differences between median 497 

accuracies, where GBLUP and the Bayes methods had higher differences.  498 

In conclusion, GP methods that model SNP-QTN or SNP-SNP relation as a nonlinear function (RKHS, RF, 499 

XGBoost) were more stable under low SNP-QTN LD compared to other methods (GBLUP, BayesA, BayesB). 500 

Moreover, RF seems to couple good prediction performance with reliability under low SNP-QTN LD. 501 

4. Discussion 502 

4.1. There is room for ML in genomic prediction 503 

Genomic prediction has long been the realm of parametric methods, but recently nonlinear supervised 504 

ML methods have become increasingly popular. Yet literature is unclear on the characteristics of GP 505 

problems that warrant application of ML methods. This study fills this gap and concludes that nonlinear 506 

tree-based ensemble ML methods, especially Random Forests, can outperform traditional methods for 507 
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simple as well as complex polygenic traits where nonlinear allele effects are present. Moreover, ML 508 

methods are robust to high dimensionality, although further improvements, e.g. statistical or prior 509 

knowledge driven regularization, can further improve performance. ML methods are particularly useful 510 

compared to the frequently used GBLUP and RKHS regression given their higher performance. While 511 

Bayesian methods often perform on par with ML models, this is mainly when there are large effect QTNs 512 

and/or linear phenotypes. Moreover, Bayesian methods are prone to overfitting in case of small sample 513 

sizes (p/n > 1), which is less of an issue with ML, especially with RF (Figure S7A, Figure S7B). 514 

4.2. Tree-based ensemble ML methods are a reasonable choice 515 

for GP 516 

A wide range of parametric, semi-parametric and nonparametric methods can be used for GP, but it is 517 

impractical to test all for a particular application. The choice for a suitable method strongly depends on 518 

the GP problem characteristics, described in Figure 1. While GP methodology can be compared using 519 

various model evaluation metrics (BIC, AIC, log likelihoods), we focused on their utility from a breeder’s 520 

perspective, so we compared only their prediction accuracies. We found that GP methods based on 521 

modelling the distance between genotypes using a covariance structure(s), inferred from genomic 522 

markers (GBLUP and RKHS), were generally inferior to Bayesian and ML methods and less robust to high-523 

dimensional problems. The reason could be the increasing ratio of noisy or unrelated markers to 524 

informative markers (QTNs) due to increase in marker density; leading to overestimation of genetic 525 

distances.  526 

The parametric LMM equations can be solved using Bayesian framework. Bayesian methods define prior 527 

SNP effects distribution(s) to model different genetic architectures. Instead of a single distribution for all 528 

marker effects (e.g. BRR), it could be defined for each individual marker (e.g. BayesA). Moreover, mixture 529 

distributions have also been proposed (e.g. BayesC, BayesB). From the Bayesian alphabet, we used BayesA 530 

and BayesB as representatives because the first scenario i.e. single distribution for all markers has been 531 

covered by GBLUP. Our results illustrate that these methods outperform GBLUP and RKHS regression 532 

when large effect QTNs are present, for both linear and nonlinear phenotypes. On the other hand, tree-533 

based ensemble ML methods had either comparable performance to Bayesian methods (for simple traits) 534 

or superior performance (for complex traits). Capitalising on the results from Appendix-I that these ML 535 

methods had better performances than other ML methods (SVR and MLP), we can argue that these tree-536 

based ML methods are a reasonable choice to conduct GP.  537 

4.3. Population structure analysis 538 

Population structure can affect GP performance. Our results show that without correcting for population 539 

structure, test accuracies were lower than after correction for all methods. However, ML seems to be 540 

slightly more sensitive because the average difference between each pairwise test data accuracies was 541 

higher than other methods in the simulated data.  542 

Confounding due to population structure can also be due to the frequently employed random cross-543 

validation strategy for predictive modelling (Norman, Taylor et al. 2018). In random cross-validation, the 544 
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reference population is randomly divided into subsets, one of which is iteratively selected for testing while 545 

the remaining subsets are used to train the model. While samples are all part of a test set once, under 546 

population structure some subpopulations may be over or under-represented in the training set. As a 547 

result, the model may get overfitted. A solution could be to use stratified sampling instead. On the other 548 

hand, parameter estimation may get misguided by within subgroup allele frequency differences rather 549 

than the overall true phenotype associated variance.  550 

The impact of population structure can be dealt with in many ways. Conventionally, principal components 551 

of the SNP dosages or genomic relationship matrix are introduced as fixed effects in the mixed model 552 

equations (Patterson, Price et al. 2006, Guo, Tucker et al. 2014, Bermingham, Pong-Wong et al. 2015). 553 

Alternatively, phenotypes and genotypes can be adjusted by the axis of variations before predictive 554 

modelling (Zhao, Chen et al. 2012). Nevertheless, some residual structure often remains in the datasets, 555 

so it is important to check sensitivity of GP models to this confounding factor. Since ML methods (RF and 556 

XGBoost) do not employ any statistical prior and learn the association patterns from the data itself, they 557 

may be more sensitive to structure, as evident from our simulation results. But this is not clearly evident 558 

from the real phenotypes, so we cannot generalize this conclusion from our simulations. 559 

4.4. Effect of SNP-QTN linkage disequilibrium 560 

Despite technological improvements, low density SNP panels are usually cost-effective for routine 561 

genomic selection. Increasing marker density does not necessarily increase prediction accuracy, since 562 

accuracy is not a linear function of SNP density only (Technow, Riedelsheimer et al. 2012, Wang, Yu et al. 563 

2017, Zhang, Wang et al. 2017). Instead, many GP problem characteristics (Figure 1) jointly affect 564 

performance. However, using low density SNP panels can negatively affect prediction performance, since 565 

relevant SNPs in LD with the QTLs can either be completely missing or SNPs only in low LD may be present. 566 

As a result, allele frequencies between SNPs and QTNs can be quite different, resulting in incorrect 567 

predictions (Uemoto, Sasaki et al. 2015). Despite this, low SNP density can still be sufficient for populations 568 

with larger LD blocks, e.g. F2 populations, where QTL detection power is highest and in this case, we 569 

shouldn't expect much improvement by increasing marker density. But it becomes an important 570 

consideration when LD starts to decay and population relatedness decreases in the subsequent crosses 571 

of the breeding cycle. In this context, our study addresses the question of whether certain GP methods, 572 

especially ML, are more sensitive to low SNP-QTL LD. The results using both simulated and real traits 573 

indicate that SNP-QTL LD could also be an important determinant of suitable GP methodological choice 574 

and that ML is robust against low LD. 575 

A weak SNP-QTL correlation implies that the SNP is a weak predictor of phenotype and there is an 576 

imperfect match between the genotypic distribution and the actual underlying genetic distribution of the 577 

phenotype. When using penalised regressions, this can result in different shrinkage for the SNP than that 578 

required by the actual QTN, thereby leading to a low genetic variance attribution to that SNP. Therefore, 579 

we may expect better prediction by nonparametric ML methods, as they may better learn weak genetic 580 

signals and are more robust to low SNP-QTL LD problems. On the other hand, the semiparametric RKHS 581 

regression method measures genetic similarity between individuals by a nonlinear Gaussian kernel of SNP 582 

markers and also performed better than GBLUP and Bayesian methods under low SNP-QTN LD. The reason 583 
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could be that under low SNP-QTN LD, true pair-wise genetic covariance estimation would be less accurate 584 

due to losing many important markers and considering all of them equal contributors towards total 585 

genetic covariance. In case of RKHS regression, a Gaussian distribution defines a SNP’s probable 586 

contribution towards total genetic covariance, which becomes more realistic in this scenario because 587 

fewer important SNPs are left than in the high SNP-QTN LD case. The Bayesian methods (BayesA and 588 

BayesB) had the largest decrease in test performance under low SNP-QTN LD compared to high SNP-QTN 589 

LD. This could be due to the application of penalties on individual marker effects, which shrinks the weak 590 

SNP-QTN associations towards zero for each SNP.  591 

4.5. ML outperformed parametric methods for predicting 592 

complex wheat traits 593 

Bread wheat breeding has huge impact on worldwide food security and socio-economic development 594 

(Tessema, Liu et al. 2020). Therefore, minor improvements in GP methodology leading to overall genetic 595 

gain can have high impact. In this study, we used a large (10,375 lines) Australian germplasm panel, 596 

genotyped with a high quality custom AxiomTM Affymetrix SNP array and phenotyped for multiple traits 597 

with varying complexity levels (Norman, Taylor et al. 2017). The authors showed that genomic selection 598 

was superior to marker-assisted selection (MAS) by employing GBLUP with two random genetic 599 

components (referred to as full-model in their text). Our results clearly indicate that ML can perform well 600 

for complex bread wheat traits, e.g. grain yield, yellows, greenness, biomass and NDVI. All of these traits 601 

except grain yield can be measured using high-throughput automated phenotyping (Rabab, Breen et al. 602 

2021). This is an interesting finding since, with the rapid advances in low cost high-throughput 603 

phenotyping systems, attention is shifting towards measuring component traits, e.g. vegetative indices, 604 

rather than final yields. ML methods can predict these traits more accurately, as evident from our analysis. 605 

5. Conclusion and outlook 606 

Based on simulated and real data, we conclude that ML can be useful for GP for both simple and complex 607 

traits. Moreover, ML can work for both low- and high-density genotyped populations and can offer 608 

methods of choice for practical plant breeding. However, proper correction for population structure 609 

should be applied to obtain stable accuracies. Tree-based ML methods, especially RF, are a good first 610 

choice for GP given their generalization performance and their ability to work with high dimensional 611 

genotype data. It would be interesting to investigate to what extent ML methods can benefit from 612 

statistical or prior knowledge-based regularization techniques. 613 
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Figure 1. Genomic prediction characteristics. Factors affecting genomic prediction performance, often measured as correlation between true 661 

phenotype values and those predicted by a model.  662 
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 663 

Figure 2. Comparison of prediction performances using simulated simple and complex phenotypes. Performance of parametric (GBLUP), semi-664 

parametric regression (RKHS), parametric Bayesian (BayesA, BayesB) and nonparametric ML (RF and XGBoost) methods as average accuracy over 665 

5-fold cross-validation of test data. Here accuracy is defined as Pearson correlation coefficient between true and predicted values. Each panel is a 666 

subset of the simulated scenarios in ‘simdata’ for a particular heritability and #QTNs. The ratio of the number of markers to the number of samples 667 

(c = p / n) increases from left to right in each subplot. A) Simple traits, simulated as linear polygenic phenotypes with only additive effects such 668 

that #QTNs is equal to 5 and h2 is 0.7, using equation (1), with all QTNs having equal effects. The largest standard error of mean for all values of c 669 

for each of the model was 0.023, 0.018, 0.007, 0.008, 0.018 and 0.009 for GBLUP, RKHS, BayesA, BayesB, RF and XGBoost respectively; B) similar 670 

to A, except one of the QTN has a large effect than others. The largest standard error of mean for all values of c for each of the model was 0.022, 671 

0.022, 0.006, 0.007, 0.006 and 0.008 for GBLUP, RKHS, BayesA, BayesB, RF and XGBoost respectively; C) Complex traits have been simulated as 672 

nonlinear polygenic phenotypes with both additive and epistatic effects such that #QTNs equal to 50 and h2 is equal to 0.1, using equation (2), 673 

such that all QTNs had equal additive effects. Two of the QTNs were attributed to the epistatic effect such that Broad-sense heritability was set to 674 

0.8 (H2 = h2 + h2
e = 0.8). The largest standard error of mean for all values of c for each of the models was 0.03 (not shown). 675 
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 682 

Figure 3. Prediction accuracies of wheat traits. Top: prediction accuracies for GP models on wheat traits, reported as the mean Pearson correlation 683 

coefficient (r) of 5-fold cross-validation. Trait abbreviations are given in Table 2. Bottom: fraction of additive to residual genetic variance calculated 684 

using equation (9) for each trait. Traits were sorted in ascending order of additive variance fraction (left to right); therefore, the leftmost trait 685 

(NDVI) can be considered more complex than those to the right. 686 
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 688 

Figure 4. Effect of correction for population structure for the sodium accumulation trait in Arabidopsis thaliana. Boxplots present Pearson 689 

correlation coefficients (r) found in 5-fold cross-validation, on test data from ‘STRUCT-realdata’. Here ∆µ is the average difference between 690 

pairwise predictions before and after correction and for each model, the nonparametric Wilcoxon rank sum test was used to assess statistical 691 

significance. 692 
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A. LD-sim data, low SNP-QTN LD (r2 ≤ 0.5). 695 
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B. LD-soy data, low (r2 ≤ 0.5) SNP-QTN LD vs. all SNPs (high LD). 698 

 699 

Figure 5. Effect of SNP-QTN LD on prediction accuracy. Prediction accuracy of different GP methods on simulated (A) and real soybean (B) datasets 700 

for high and low LD between SNPs and actual QTNs. The difference in median accuracies between these scenarios is indicated as Δr.  701 

 702 
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