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GENERAL INTRODUCTION

Chapter 1

General introduction

Breeding for improved crops

By 2050, the global population is projected to possibly exceed 10 billion people,
creating increasing demands for food supplies and plant-based industry materials
(FAO 2017, 2022; Tilman et al. 2011). The difficulty of this challenge is increased
by climate change, which threatens to offset gains in agricultural productivity and
complicate efforts to improve crop yields (FAO 2017, 2022). Beyond transforming
food production systems, one crucial strategy is to breed high-yielding, more resilient
crops. In particular, sustainable agricultural development calls for reducing reliance
on agrochemicals that harm the environment (Foley et al. 2011; Garnett et al. 2013).
To meet future needs, agricultural production must increase, but with fewer inputs
and under increasingly variable climate conditions. One promising route for accel-
erating the improvement of crops is the integration of genomics, data science, and
statistical modeling into plant breeding programs. In particular, genomic prediction
and machine learning (ML) offer the potential to speed up breeding progress and

increase selection accuracy, leading to improved crop varieties.

Plant breeding has played an important part in the agricultural advancement
since the early 20th century, with particularly significant improvements during the
Green Revolution of the 1960s and 1970s (Evenson and Gollin 2003). This era saw
dramatic increases in crop productivity, largely due to the development of high-
yielding varieties, improved agronomic practices, and the use of chemical inputs. A
significant part of these improvements is attributed to structured breeding programs
that systematically selected and crossed plants to achieve desired traits. At its core,

a plant breeding program operates through iterative cycles of generating genetic
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GENERAL INTRODUCTION

variation, selecting superior individuals, and recombining them to develop improved

varieties. There are four main ways in which new varieties are bred (Becker 2011):

Clone breeding: Clonally propagated crops (e.g. potato, grapevine, many fruit
trees) are multiplied vegetatively (via tubers, cuttings, etc.) rather than through
seed. Initially, selected parents are crossed to create progeny. Due to the high
heterozygosity often found in clonally propagated crops, the variation among the
offspring is very high. Every individual resulting from this cross is already a poten-
tial variety, as clonal propagation preserves their genetic composition. Afterwards,
promising offspring are evaluated in larger trials to identify the best individuals with
regard to the target traits of the program. Segregation of the offspring after crossing
is too large to apply backcrossing schemes. Even if it was applied, many clonally
propagagted crops quickly suffer from inbreeding depression or have a high genetic
self-incompatibility. This makes introgressing specific qualitative traits very hard

and genetic gain through breeding very slow.

Line breeding: In line breeding, the target is to create completely homozygous
genotypes. Typically, this way of breeding is applied to self-pollinated crops, such
as wheat and soybean. They primarily fertilize themselves, leading to genetic uni-
formity through inbreeding. In breeding programs, genetic variation is initially
introduced through controlled crosses between genetically distinct parents. As the
first generation of crosses between homozygous lines is uniform, at least two gen-
erations of crosses are required to create genetic diversity and to scan the material
for promising genotypes. Then, the segregating progeny are subjected to repeated
cycles of selfing and selection over multiple generations to obtain homozygous inbred
lines. Similarly, introgression of specific genes can be done by crossing a recurrent
parent with a donor, followed by repeated backcrossing with the recurrent parent.
For this, only progeny carrying the donor gene of interest are selected in each cycle
while the genetic background of the recurrent parent is recovered. A major advance-
ment in creating homozygous lines has been the development of doubled haploid
(DH) technology, which enables the rapid production of completely homozygous
lines from heterozygous individuals in a single generation. This technique bypasses
multiple selfing generations and significantly accelerates the breeding cycle (Forster
and Thomas 2005).

Population breeding: The target of population breeding is to improve the aver-

age performance of a population rather than selecting specific individuals. Crops in
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GENERAL INTRODUCTION

which population breeding is commonly used include obligate outcrossers like fod-
der grasses. In mixed-mating plants like rye and faba bean, synthetic varieties are
common, created by intercrossing a selected group of elite genotypes Crosses occur
naturally within a managed population, rather than being planned between specific
parents. The population is then gradually improved by selecting and keeping only
superior individuals in the population while removing others. These varieties main-
tain a high level of genetic diversity, which provides adaptability but can also lead
to variation in performance among individuals and across different environments.
To ensure that desirable traits are preserved and improved over time, a breeding
population must be maintained through recurrent selection and proper isolation to

prevent genetic drift and outside contamination.

Hybrid breeding: Hybrid breeding aims to exploit heterosis by crossing two ge-
netically distinct, homozygous inbred lines to produce F; progeny that are uniform
and outperform their parents in traits such as yield. This strategy has been widely
adopted for crops such as maize, sugar beet, rapeseed and rice, and has also been
applied to species historically bred as lines, including wheat (Zhao et al. 2015) and
barley (Bernhard et al. 2017). The initial step of the breeding process is the de-
velopment of inbred parental lines through repeated selfing or DH technology. This
is followed by field trials to evaluate hybrids based on these parental lines. Field
trials allow the estimation of the general combining ability (GCA) of each parent,
which is its average performance across multiple crosses. Based on these trials,
parents showing the highest GCA are crossed again to obtain the most promis-
ing hybrids. From these hybrids, those are selected as experimental varieties that
show the highest combination of GCA and specific combining ability (SCA), which
is the performance of the specific cross that goes beyond the sum of the parental
GCA (heterosis). To increase the heterosis effect systematically, breeders can split
germplasm into distinct heterotic pools, optimizing hybrid performance by crossing
lines from genetically distant groups (Melchinger and Gumber 1998; Krenzer et al.
2024). Hybrids with strong heterosis are particularly common in maize, where hy-
brid breeding has historically been easily applicable by removing the tassel of the
female parent to prevent self-pollination. However, this approach is not feasible in
many other crops, necessitating the implementation of technically challenging and

time-consuming biotechnological male-sterility systems.

The variety type and reproductive system significantly affect the structure of a

breeding program. For instance, self-pollinated crops allow for rapid fixation of traits
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GENERAL INTRODUCTION

and are more suitable for genomic selection in early generations. In contrast, hybrid
breeding requires comprehensive testing of parental lines and their combinations

(i.e. GCA and SCA), making the prediction of hybrid performance a critical focus.

Over time, breeding programs have evolved from simple phenotypic selection
to incorporate pedigree-based and, more recently, genomic information (Bernardo
1994, 2010; Lee et al. 2015). Today, successful breeding programs require accurate
phenotyping, a broad genetic base, and tools for predicting genetic merit. The
increasing availability of genomic data has opened new possibilities for accelerating

genetic gain while reducing the cost and time required for selection.

The introduction of genetic markers

A transformation of plant breeding began with the availability and usage of ge-
netic markers, providing a way to directly access the genetic variation underlying
observable traits. Prior to the use of molecular tools, selection relied exclusively on

phenotypic performance and pedigree records.
Marker-assisted selection

Initially, marker-assisted selection (MAS) emerged in the late 1980s and early 1990s,
enabling selection based on molecular markers linked to desirable traits rather than
solely on phenotypes (Lande and Thompson 1990). Molecular markers are DNA
sequences that are polymorphic and heritable and their presence or absence can
be used to track the inheritance of genomic regions associated with traits of in-
terest. Early marker systems such as restriction fragment length polymorphisms
(RFLPs), followed by simple sequence repeats (SSRs) and later single nucleotide
polymorphisms (SNPs), enabled the construction of genetic linkage maps and the
identification of quantitative trait loci (QTL) (Davis and DeNise 1998; Collard et al.
2005; Collard and Mackill 2008; Bernardo 2008). The idea is that if the position of
a DNA marker on the chromosome is in close proximity to a gene or QTL affecting
a trait, then selecting plants carrying the favourable marker allele should indirectly

select for the desired trait.

MAS proved to be especially valuable for traits with simple genetic architecture,

such as monogenic disease resistance or specific quality traits like dwarfism (Francia
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et al. 2005). In many crops, MAS enabled the introgression of resistance alleles into
elite germplasm, pyramiding of multiple resistance genes, and the elimination of un-
desirable linkage drag in backcross programs (Frisch and Melchinger 2001; Hospital
2001; Francia et al. 2005; Peng et al. 2014). The approach was also instrumental in
accelerating early selection and reducing the breeding cycle time. For example, a
breeder could use markers to screen seedlings for the presence of a disease resistance
gene instead of running a full greenhouse trial to observe a possible resistance. The
success of MAS demonstrated that molecular markers could be used not only for

research but also as operational tools in applied breeding.

However, MAS encounters significant limitations when applied to complex quan-
titative traits such as yield. Identifying a few major QTL captures only a part of
the genetic variance of complex traits. Many QTL with minor effects remained
undetected, and those that were detected often had effects that varied across ge-
netic backgrounds or environments (Beavis 1998; Melchinger et al. 1998; Xu 2003;
Bernardo 2008). Moreover, MAS relies on tight linkage between the marker and
the causal gene. Recombination can break the association over generations, re-
ducing MAS accuracy if the markers are not very close to the actual genes. As a
result, MAS has been most successful for traits governed by a few major genes while
its use for polygenic traits has been limited. Furthermore, practical limitations in
early molecular marker technologies, such as low marker density, high genotyping
costs, and limited genome coverage, restricted the applicability of MAS in breeding
programs (Young 1999; Collard and Mackill 2008). These shortcomings of MAS
motivated a conceptual and methodological shift toward genome-wide approaches,
which do not rely on the identification of individual QTL but instead use all marker

information simultaneously to predict breeding values.
Genomic prediction

The shift away from MAS and towards genomic prediction was motivated by the
limited success of MAS for improvement of complex traits in combination with the
long known observation that quantitative genetic models based on Fisher’s (1918)
infinitesimal model fitted complex traits like yield quite well. The idea is that poly-
genic/quantitative traits are affected by many (theoretically infinite) genes, spread
all across the genome, where most genes only have a small effect. Rather than focus-
ing on individual QTL, researchers proposed incorporating all genome-wide marker
data into prediction models, effectively capturing the many small genetic effects un-

derlying quantitative traits. Initially, Bernardo (1994) showed that using markers
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to calculate a genetic relationship matrix among individuals could improve the pre-
diction of hybrid performance in maize. Later, Whittaker et al. (2000) suggested

using ridge regression on all available markers simultaneously to predict quantita-

tive traits.

was formalised by Meuwissen et al. (2001).
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Figure 1.1. Illustration of the genomic prediction process for selection. Some
individuals are evaluated in the field and then phenotyped and genotyped.
A statistical model is trained using the phenotype and genotype data of the
training population. This model is then used to predict the genotypic values

of all individuals that have been genotyped.

L@
Selection

Individuals are then ranked

based on their predicted genotypic value and the best are selected.

The typical process of genomic prediction begins with a training population that
has been both genotyped and phenotyped for traits of interest (see Figure 1.1).
Statistical models are then fitted to capture the relationship between genotypic
and phenotypic data. These models can estimate effects for markers or individuals
based on genomic relationships, depending on the method used. After training, the

model can predict genotypic values for individuals that have only been genotyped.
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In the context of inbred line selection, these predictions are often referred to as
genomic estimated breeding values (GEBVs) and can be used to rank candidates for
advancement. In hybrid breeding, genomic prediction is typically used to estimate
GCA, which reflects the average performance of a line in hybrid combinations. This
allows breeders to identify promising parental lines with either higher accuracy or
by evaluating fewer hybrid crosses in field trials. Better and earlier selection leads
to an increased genetic gain through shorter breeding cycles, as it enables earlier
selection decisions by relying on genotypic data rather than waiting for phenotypic
evaluations (Heffner et al. 2010). While statistical models and computer hardware
have improved and genotyping costs for dense markers decreased over the years,
the cost of phenotyping did not. This has made genomic prediction much more

cost-efficient, leading to a widespread adoption in major plant breeding programs.

To make genomic predictions as accurate as possible, it is common to account
for environmental influences and experimental design factors in the phenotypic data.
Field trials are typically conducted across multiple environments (locations and/or
years) with replications, so that the observed phenotype y can be decomposed into

genetic and non-genetic components. A simplified mixed linear model might be:
Yij = n+ Gi+ Ej + (G x E)y; + €

where y;; is the observed phenotype, G; is the genotypic value of genotype ¢, Ej
the environmental effect of environment j, and (G x E);; is the interaction effect of
genotype ¢ with environment j. The residual error ¢;; represents random variation
in the data not explained by either environment or genotype. Depending on the
actual field design, a model typically contains additional factors such as blocks and
replications. Through this, it is possible to obtain so-called adjusted entry means.
These are the average observed phenotypic values of a genotype without the effects

of environments and their interactions with that genotype.

For genomic prediction, the adjusted entry means are then used in either a ridge
regression best linear unbiased prediction (RR-BLUP) (Meuwissen et al. 2001) or
genomic BLUP (GBLUP) (Bernardo 1994; VanRaden 2008). The key difference be-
tween RR-BLUP and GBLUP is in how genomic information is incorporated into the
model. RR-BLUP is essentially a linear regression with all markers fitted simultane-
ously under a common shrinkage (ridge) penalty, assuming each marker contributes
equally small variance. The genotypic value of an individual is then calculated as the

sum of the effects of its markers. In contrast, GBLUP uses a genomic relationship

7=



GENERAL INTRODUCTION

matrix derived from marker data to directly estimate genotypic values based on the
realized genomic similarities among individuals. It has been shown that GBLUP and
RR-BLUP can be mathematically equivalent (Habier et al. 2007; VanRaden 2008;
Shen et al. 2013). The dimensions of the genomic relationship matrix are equivalent
to the number of genotypes in the data. Since the number of genotypes is typically
much smaller than the number of markers, the genomic relationship matrix used in
GBLUP has a lower dimensionality than the marker matrix used in RR-BLUP. As

a result, GBLUP is often computationally more efficient.

The RR-BLUP and GBLUP models have limitations that have led to the devel-
opment of a multitude of different approaches used in plant breeding. One major
limitation is the assumption of a purely additive genetic architecture. This simplifi-
cation overlooks non-additive genetic contributions such as dominance and epistasis,
which can have an influence on many agronomic traits, especially in hybrid crops.
To address this, researchers have extended GBLUP to include additional genomic
relationship matrices capturing dominance effects or epistatic interactions (Vitezica
et al. 2013). These matrices are constructed analogously to the additive genomic
relationship matrix but based on dominance or pairwise interaction terms between
markers and then used as additional inputs in the model. Another limitation is
the assumption of small marker effects with uniform variance. This homogeneity of
shrinkage means they may perform worse if the genetic architecture deviates from
the infinitesimal model (e.g. presence of multiple medium- or large-effect QTL).
Some methods have been proposed to address this by splitting the uniform shrink-
age parameter into marker-specific ridge parameters (Shen et al. 2013; Hofheinz and
Frisch 2014).

Instead of deriving different relationship matrices from the marker data, it is
also possible to exchange the marker data itself with different types of data, such as
transcriptome (Zenke-Philippi et al. 2016, 2017; Knoch et al. 2021) or other omics
data (Westhues et al. 2017). Haplotype blocks can also be an alternative to raw SNP
data (Cuyabano et al. 2014; Jiang et al. 2018; Difabachew et al. 2023). These are
segments of DNA on the chromosomes that tend to get inherited together (Gabriel
et al. 2002), and can therefore be seen as a unit from a statistical point of view. Dif-
ferent block-building methods have been proposed, ranging from simple approaches
using fixed-size windows based on a set number of SNPs or physical /genetic distance,
to LD-based methods (Zhao et al. 2005), or more advanced approaches like Hap-
loBlocker, which identifies subgroup-specific haplotype blocks based on shared allele
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sequences (Pook et al. 2019). In theory, forming blocks allows models to capture

local epistatic effects (Jiang et al. 2018).

At the same time, more flexible modelling approaches have been developed to
overcome GBLUP’s linear and additive constraints. Bayesian alphabet models such
as BayesA, BayesB, and BayesCr allow for variable shrinkage and sparsity in marker
effects by imposing different prior distributions (Meuwissen et al. 2001; Habier et al.
2011). In theory, this makes them more suitable for traits controlled by a few major
loci alongside many minor ones. Kernel methods like Reproducing Kernel Hilbert
Space regression (RKHS) aim to model non-linear relationships between genotypes
and phenotypes, potentially capturing additive, dominance, and epistatic effects in

a unified framework (Gianola and van Kaam 2008).

In summary, the success of genomic prediction depends on three key aspects:
the nature of the target trait, the type of input features used and the choice of the
statistical model as the link between the inputs features and the target train (Heslot
et al. 2012). Together, these elements determine the prediction accuracy, which in

turn impacts the rate of genetic gain through more accurate selection.

Introduction to machine learning

The pursuit of higher predictive accuracy, especially for complex traits with non-
linear genetic architectures influenced by genotype-by-environment interactions, has
motivated the exploration of ML methods in genomic selection. ML, sometimes re-
ferred to as ‘artificial intelligence’, describes a class of algorithms that learn patterns
from data without any assumptions about linearity and normality (Bishop 2006).
They can handle high-dimensional input data and automatically learn interactions
between markers without prior specification of model terms. This is typically done
by iterating many times over a set of training data, where each iteration only slightly

changes the model parameters along a gradient that reduces the model error.

ML has already transformed several scientific fields. In computer vision, deep
convolutional neural networks have enabled breakthroughs in image classification
and object detection, enabling applications from medical imaging to autonomous
vehicles (Krizhevsky et al. 2012; Esteva et al. 2017; Tan and Le 2019; Spielberg
et al. 2019). In natural language processing, transformer architectures have revolu-

tionized machine translation and text understanding (Vaswani et al. 2017; Devlin
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et al. 2019; Kumar 2024), which has led to the widespread adoption of language
models like ChatGPT in daily life. In structural biology, the deep learning model
AlphaFold achieved unprecedented accuracy in protein structure prediction (Jumper
et al. 2021). This proven record of the ability to model complex relationships within
data, which was previously impossible, has inspired interest in applying ML to plant

breeding, particularly for complex traits and high-dimensional genomic data.
Common algorithms in machine learning

Tree-based ensemble models such as random forests (Breiman 2001) and gradient
boosting machines (Friedman 2001) build multiple decision trees and aggregate their
outputs to capture non-linear relationships and interactions between markers. These
models are robust to overfitting and can perform implicit feature selection, making
them attractive for noisy genomic datasets. Support vector machines (Cortes and
Vapnik 1995; Drucker et al. 1996) find a hyperplane that best separates the data in
a transformed feature space using kernel functions to model non-linear relationships.
The primary applications of these models in plant breeding have so far been fairly
standard genomic prediction approaches based on marker data, sometimes including
environmental data (Azodi et al. 2019; Westhues et al. 2021; John et al. 2022; Gabur
et al. 2022; Heinrich et al. 2023).

Artificial neural networks consist of layers of interconnected nodes, which re-
semble systems of linear equations passed through non-linear activation functions.
They come in many forms and may incorporate a wide variety of internal algorithms
to transform and process data, allowing them to approximate complex functions
(LeCun et al. 2015). Neural networks that consist of many layers are referred to as
deep neural networks and their field of research is called deep learning. These mod-
els are especially flexible in processing input data beyond the simple tabular form,
i.e. data that is organised in the form of rows and columns of one table. In phe-
nomics, this is used to process image and spectral data (Ubbens and Stavness 2017;
Tross et al. 2024). Additionally, deep learning can be used for increasingly complex
genotype by environment models, as the models are able to process ‘multi-modal’
data, i.e. datasets that consists of different types of data (Togninalli et al. 2023;
Montesinos-Lépez et al. 2024). A substantial part of the latest success stories of ML
outside of plant breeding were achieved by deep learning. However, using marker
data for genomic prediction typically is a case of tabular data usage, and while there
is a broad and diverse array of neural networks, they often do not perform well with
tabular data (Shwartz-Ziv and Armon 2022).
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Machine learning for genomic prediction

Applying ML to genomic prediction, where inputs are typically SNP matrices, has
proven challenging. A wide variety of different algorithms has been tested in studies
on genomic prediction in plant breeding for different crops. A benchmarking study
reported large differences in prediction accuracy across algorithms and species, with
no algorithm consistently outperforming the others (Azodi et al. 2019). Similar
patterns were observed in simulated animal and real maize data, where all tested
algorithms achieved comparable prediction accuracy (Lourenco et al. 2024). In
one study, fully connected and convolutional neural networks have been shown to
outperform linear models only when epistatic effects are high (Zingaretti et al. 2020).
Local convolutional networks performed well on very large simulated datasets or in
scenarios with few epistatic QTLs, but underperformed for smaller simulated and
real datasets (Pook et al. 2020). In contrast, no advantage of local convolutional
networks over other algorithms was found in a comparative study involving simulated
and real traits from Arabidopsis, maize, and soybean (John et al. 2022). In that
study, BayesB consistently yielded the best performance on simulated data, while
performance on real data varied by trait and species. Ensembles of multiple ML
models were shown to outperform individual models in terms of prediction accuracy
(Kick and Washburn 2023; Tomura et al. 2025).

Random forests have also been used in combination with variable selection meth-
ods for genomic prediction (Gabur et al. 2022; Heinrich et al. 2023). In one approach,
markers from rapeseed and wheat datasets were selected based on their variable im-
portance from a random forest model, with subsets of the top 100 and 1000 markers
used as inputs in models for genomic prediction. In some cases, this led to better
performance than RR-BLUP (Gabur et al. 2022). In another study, an incremental
approach was used in which markers were added to a random forest model based on
GWAS results, with the optimal number of markers chosen based on the prediction
accuracy through cross-validation on the training set (Heinrich et al. 2023). The
optimum number of markers was then included in the final model. This strategy
often preserved prediction accuracy while reducing the number of SNPs, though no

standard reference method was included in the comparison.

Other studies have combined the genetic data with environmental data to predict
genotypes for specific environments. In one study, tree-based models outperformed

linear random effect models in settings where environmental data were included
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(Westhues et al. 2021). When different test set scenarios were used, neural networks
showed better performance than GBLUP only when genotype, environment, and
management data in the test set were not represented in the training data, but
performed worse when such information was available during training (Washburn
et al. 2021). In a similar context including genetic, environmental, and management
inputs, BLUPs based on RKHS achieved the lowest average error, although they
exhibited higher variance than neural networks (Kick et al. 2023). Additionally, the
same study also showed that simple linear models did not perform much worse than

other models, which is surprising, given the complex nature of the prediction task.

In summary, multiple comparative studies across diverse crops and traits, using
different algorithms and data types, have shown that no single ML algorithm con-
sistently outperforms others, and that standard models like RR-BLUP and GBLUP
often remain competitive or superior in accuracy and speed (Azodi et al. 2019; Zin-
garetti et al. 2020; John et al. 2022; Lourenco et al. 2024). This aligns with the ”No
Free Lunch” theorem (Wolpert and Macready 1997), which is often cited in this
context. It states that while some algorithms may perform well on specific tasks,
no single algorithm performs best across all possible tasks. Despite the initial hopes
for ML to achieve higher prediction accuracy than the standard methods, this does

not seem to be the case.

One major obstacle that may be partially responsible for the lack of success of
ML in plant breeding is the relatively small size of training datasets often used in
plant breeding. As noted earlier, field-based phenotyping remains time-consuming
and costly, resulting in datasets that are considered small by ML standards. Deep
learning models, in particular, are known to be data-hungry and prone to overfitting
if the provided data is limited and sparse (Brigato and Iocchi 2021). To make ML
more viable for breeding applications, either new data generation strategies (e.g.,
high-throughput phenotyping, pooled datasets) or more data-efficient models are
needed (Hayes et al. 2023). Another challenge is methodological: Many ML mod-
els used in plant breeding are directly adapted from other scientific fields without
adjustment for biological context, data structure, or statistical requirements. Over-
coming this will require specialised algorithm development and architectures that
more closely fit the specificities of the field of plant breeding (Hayes et al. 2023).
Thus, ML in plant breeding can still be considered to be in its early developmental

stage, in which its full potential might not yet have been realized.
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Objectives

Given the early stage of ML adoption in plant breeding, the primary goal of this
thesis was to assess its potential for genomic prediction across its three key aspects:
input features, modeling algorithms, and target traits. The work included compar-
isons across diverse species (including inbred and hybrid crops), various resistance
traits and yield, and multiple approaches to data preprocessing, feature engineering,

and model selection. The following concrete steps that were taken:

1. The initial phase of this investigation of ML-based genomic prediction aimed
to compare various ML algorithms with GBLUP for predicting yield across
five hybrid datasets from three crop species. The primary objectives were to
establish a baseline by creating a minimalist ML model based solely on nominal
parentage data against standard methods like GCA prediction or GBLUP, and
subsequently compare these standards to ML algorithms utilizing full marker

data during training.

2. In the second study, the aim was to extend the analysis to resistance traits.
Using homozygous wheat lines, resistance scores for five fungal diseases were
to be predicted. This work intended to incorporate a broader range of en-
gineered features than the previous study, including haplotype blocks and
autoencoder-extracted features as inputs. Additionally, the plan was to test
multiple trait transformations (log-transformed, categorized) to evaluate the

influence of target scaling alongside the untransformed resistance scores.

3. Building on the findings from the second study, the aim of the third study was
to design a novel neural network architecture that combines both autoencoders
and haplotype blocks to generate a new type of input feature. This architecture
would then be tested on different datasets, including hybrids and inbred lines,
with yield as the target trait. The first objective was to assess the novel
method’s ability to maintain high prediction accuracy while simultaneously
reducing the data dimension. In a second step, the aim was to enhance the
model to create a new way to estimate haplotype block effects beyond simply

summing up individual marker effects.
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Chapter 2

Stacked ensembles on basis of
parentage information can predict
hybrid performance with an

accuracy comparable to
marker-based GBLUP!

IP. G. Heilmann, M. Frisch, A. Abbadi, T. Kox, and E. Herzog (2023) Stacked ensembles on
basis of parentage information can predict hybrid performance with an accuracy comparable to
marker-based GBLUP. Frontiers in Plant Science 14:262.
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Stacked ensembles on basis of
parentage information can
predict hybrid performance with
an accuracy comparable to
marker-based GBLUP

Philipp Georg Heilmann®, Matthias Frisch®, Amine Abbadi?,
Tobias Kox? and Eva Herzog™

Hnstitute of Agronomy and Plant Breeding Il, Justus Liebig University, GieBen, Germany, 2NPZ
Innovation GmbH, Holtsee, Germany

Testcross factorials in newly established hybrid breeding programs are often
highly unbalanced, incomplete, and characterized by predominance of special
combining ability (SCA) over general combining ability (GCA). This results in a low
efficiency of GCA-based selection. Machine learning algorithms might improve
prediction of hybrid performance in such testcross factorials, as they have been
successfully applied to find complex underlying patterns in sparse data. Our
objective was to compare the prediction accuracy of machine learning
algorithms to that of GCA-based prediction and genomic best linear unbiased
prediction (GBLUP) in six unbalanced incomplete factorials from hybrid breeding
programs of rapeseed, wheat, and corn. We investigated a range of machine
learning algorithms with three different types of predictor variables: (a)
information on parentage of hybrids, (b) in addition hybrid performance of
crosses of the parental lines with other crossing partners, and (c) genotypic
marker data. In two highly incomplete and unbalanced factorials from rapeseed,
in which the SCA variance contributed considerably to the genetic variance,
stacked ensembles of gradient boosting machines based on parentage
information outperformed GCA prediction. The stacked ensembles increased
prediction accuracy from 0.39 to 0.45, and from 0.48 to 0.54 compared to GCA
prediction. The prediction accuracy reached by stacked ensembles without
marker data reached values comparable to those of GBLUP that requires
marker data. We conclude that hybrid prediction with stacked ensembles of
gradient boosting machines based on parentage information is a promising
approach that is worth further investigations with other data sets in which SCA
variance is high.

KEYWORDS

machine learning, stacked ensembles, gradient boosting, genomic prediction, general
combining ability, specific combining ability, hybrid breeding, hybrid prediction
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1 Introduction

Hybrid breeding programs have been a decade-long success
story in corn, but are also increasingly implemented in crops that
have previously been commercialized as homozygous line varieties,
such as wheat (Schulthess et al., 2017), barley (Philipp et al., 2016)
or rapeseed (Stahl et al., 2017). By implementing hybrid breeding,
breeders hope to improve performance, resilience and yield stability
of their varieties. For maximizing heterosis and hybrid
performance, the hybrid breeding material is usually arranged in
so-called heterotic groups of individuals with similar combining
ability and heterotic response when crossed to individuals from
genetically distinct germplasm groups (Melchinger and Gumber,
1998). Two heterotic groups used in a specific hybrid breeding
program are referred to as a heterotic pattern. Breeding progress
and establishment of novel heterotic patterns is based on constant
selection for hybrid performance, heterosis and combining ability in
test crosses between the parent groups. In most breeding programs,
the number of potential hybrid combinations of the parental lines
from the heterotic groups exceeds the number of hybrids that can be
evaluated in field trials by far.

By estimating the general combining ability (GCA, Hallauer
et al., 2010) of the parental components, the performance of the
resulting hybrids can be predicted using the sum of both parental
GCA values. GCA estimates can be obtained by testing only a part
of all possible crosses of parental lines from two different genetic
groups in the field. If heterotic patterns have been established,
candidates for hybrid parents can be very efficiently identified with
only one or a few testers from the opposite heterotic group due to
the high accuracy and predominance of GCA variance over special
combining ability (SCA) variance (Melchinger and Gumber, 1998).
The GCA prediction approach is simple, yet in many breeding
programs surprisingly precise. For decades, it has formed the
backbone of successful hybrid breeding programs.

However, newly established hybrid breeding programs usually
cannot rely on established heterotic patterns. These hybrid
programs are often characterized by a predominance of SCA
variance over GCA variance, which complicates GCA-based
testing strategies. Due to the high costs of evaluating large
numbers of potential hybrid combinations in the field, genetic
bottlenecks in one or both parent germplasm groups, and
unsuccessful crosses without viable offspring, testcross factorials
in these hybrid programs are often highly unbalanced and consist
only of a small fraction of all possible hybrid combinations between
the parent groups. As a consequence, new prediction methods that
enhance the accuracy of hybrid prediction in sparse unbalanced
factorials with high relevance of SCA are continually sought after to
increase the efficiency of selection in newly established hybrid
breeding programs.

Genomic prediction models for hybrid performance are able to
incorporate information of genome-wide marker data in addition to
phenotypic estimates collected in the field. These genomic
prediction models have been successfully used to predict the
testcross performance of untested parental lines (Albrecht et al.,
2011; Hotheinz et al., 2012). For parent groups with a high ratio of
SCA over GCA variance, as frequently observed in newly
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established hybrid breeding programs, modifications of the
genome-wide BLUP (GBLUP) model incorporating both GCA
and SCA components have been shown to increase prediction
accuracy over models considering additive GCA effects only
(Technow et al., 2012; Technow et al., 2014).

The term machine learning (ML) summarizes a large number of
comparatively new prediction methods in statistics, mathematics, and
computer science (Domingos, 2012). These methods have gained a
lot of popularity due to their proven ability to solve problems in many
different fields of research more effectively than classical approaches
(Butler et al., 2018; Abbas et al., 2019; Dargan et al., 2020), but have
not yet been widely implemented in hybrid breeding programs. A
common feature of ML algorithms is that they are able to model non-
linear interactions, and thus find complex underlying patterns within
data better than other algorithms (Bishop, 2006; Hastie et al., 2009).
Each algorithm has a wide variety of parameters that have to be
manually defined by the user, so-called hyperparameters. Thus, an
important part of the application of ML is the search for the optimal
hyperparameters, which is generally known as hyperparameter
optimization (Probst et al., 2019). This process requires
knowledge on ML and, depending on the task and data set, a lot of
computational resources.

Among the most popular ML algorithms are decision-tree
based methods. Most commonly used are gradient boosting (GB,
Friedman, 2001), which consists of several decision trees trained
after another, extreme gradient boosting (XGB, Chen and Guestrin,
2016) which is a computationally more efficient version of GB and
specialized in handling sparse data, and Random Forests (RF,
Breiman, 2001), where multiple decision trees are trained in
parallel. There is also the field of deep learning centered around
the application of artificial neural networks (ANN, Goodfellow
et al,, 2016) that gained major popularity in the recent years. A
classic type of ML algorithm are support vector machines (SVM,
Cortes and Vapnik, 1995), which were first introduced as a
classification algorithm but have later been adapted to regression
tasks (Hastie et al., 2009). Reproducing kernel hilbert spaces
(RKHS, Perez and de los Campos, 2014) are similar to SVM and
are additionally already quite common in plant breeding. A very
simple and fast algorithm focused on filling out sparse matrices is
matrix factorization (MF, Koren et al.,, 2009), most commonly used
in recommender systems. Stacked ensembles (SE, Breiman, 1996;
Van Der Laan et al, 2007) utilize the output of already existing
models to train a new model on top. This model combines aspects
of all models it incorporates.

Recent studies have started to investigate the potential of ML for
tasks related to plant breeding. ML has been used for handling
genotype-by-environment interactions in multi-environmental
trials (Montesinos-Lopez et al., 2018b; Gillberg et al., 2019;
Washburn et al., 2021; Westhues et al., 2021), the identification of
the optimal set of markers used for prediction (Li et al., 2018a;
Gabur et al., 2022), phenomic prediction and image classification
(Mohanty et al.,, 2016; Nagasubramanian et al., 2018; Cuevas et al,,
2019; Nagasubramanian et al., 2019) as well as genomic prediction
(Ma et al., 2018; Azodi et al., 2019; Banerjee et al., 2020;
Montesinos-Lopez et al., 2021). The majority of recently
published studies rely on genomic data as the basis of their
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predictions. Studies without genomic data usually incorporate other
forms of complex data or prove the concept of a single specific
algorithm without conducting a broad investigation of the potential
of available algorithms (Montesinos-Lopez et al., 2018a; Khaki and
Wang, 2019; Khaki et al., 2020). To our knowledge, a comparison of
ML methods under the same conditions as GCA-based hybrid
prediction with real-life data from ongoing breeding programs has
not yet been investigated.

Our goal was to investigate the suitability of the ML algorithms
GB, RF, XGB, ANN, MF, RKHS, SVM, and an SE based on GB
machines (GB-SE) for prediction of hybrid yield in six unbalanced
factorials of different structure and size from hybrid breeding
programs of rapeseed, wheat, and corn. In particular, our
objectives were (i) to compare the prediction accuracy of ML
algorithms based on hybrid parentage and phenotypic field data
to classical GCA-based prediction, (ii) to test if the best ML
algorithm from objective (i) can compete with marker-based
predictions from a GBLUP model incorporating GCA and SCA
components, (iii) to investigate if ML algorithms based on
genotypic data or a combination of genotypic data and parentage
information can outperform a GBLUP model incorporating GCA
and SCA components, (iv) and to develop a user-friendly
standardized procedure for hyperparameter optimization that is
applicable in a wide range of hybrid breeding programs.

2 Material and methods
2.1 Software

All analyses were conducted in R 4.0.3 (R Core Team, 2022).
For analysis of field data, GCA and SCA effects, GBLUP and
implementation of the ML algorithms, we used the R packages
‘Ime4 1.1-31" (Bates et al., 2015), ‘emmeans 1.7.3° (Lenth, 2021),
‘sommer 4.2.0° (Covarrubias-Pazaran, 2016; Covarrubias-Pazaran,
2018), ‘h20 3.38.0.1" (LeDell et al., 2020; Chen et al., 2022), ‘kernlab
0.9-31" (Karatzoglou et al., 2004), ‘mlr 2.19.0” (Bischl et al., 2016),
‘parallelMap 1.5.1” (Bischl et al., 2020), ‘BGLR 1.1.0° (Perez and de
los Campos, 2014), and ‘recosystem 0.5’ (Qiu et al., 2021), which are
available from the Comprehensive R Archive Network (CRAN).
Additionally, we used the package ‘SelectionTools 21.3” which is
freely available under http://population-genetics.uni-giessen.de/
software/. For which algorithms the specific packages were used is
described in detail below. A working R code example for tuning GB
models with random grid search and building the GB-SE is
provided for data set Col as PDF in the supplementary material,
and as an R script under https://github.com/PGHeilmann/
Minimalist-ML-frontiers.

2.2 Experimental data sets

We investigated six experimental data sets of hybrid yield which
comprised incomplete factorials of two unbalanced parent groups.
Descriptive statistics for the investigated factorials are summarized
in Table 1. A graphical overview of the crossing matrices and the
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realized hybrid combinations for the six factorials is given in Figures
S1, S2.

The phenotypic and genotypic data of rapeseed factorials Ral -
Ra3 was provided by Norddeutsche Pflanzenzucht Hans-Georg
Lembke KG. Factorial Ral consisted of 746 realized hybrids
derived from two parent groups with 381 and 14 inbred lines.
Factorial Ra2 consisted of 1621 realized hybrids derived from two
parent groups with 756 and 24 inbred lines. Factorial Ra3 consisted
of 1081 realized hybrids derived from two parent groups with 516
and 29 inbred lines. Phenotypic yield data was provided as adjusted
entry means for each hybrid.

The phenotypic and genotypic data of wheat factorial Wh1 was
published in Zhao et al. (2015) and Gowda et al. (2014). Factorial
Wh1 consisted of 1604 realized hybrids derived from two parent
groups with 120 and 15 inbred lines. Phenotypic yield data was
provided as adjusted entry means for the hybrids in 11
environments. We calculated adjusted entry means for hybrid
yield over environments with the mixed linear model y; =yt + g; +
ej + €5, where 11 is the population mean, g; is the fixed effect of the i
-th hybrid genotype, ¢; the random effect of the j-th environment,
and ej; is the residual error. We did not include a genotype-by-
environment interaction term, as the published data consisted of
environment-specific adjusted entry means of the hybrids, which
already included the replications within environments. We used the
R packages Ime4 1.1-31’ (Bates et al, 2015) and ‘emmeans
1.7.3°(Lenth, 2021) for fitting the model and calculating the
adjusted entry means.

The phenotypic and genotypic data of corn factorial Col was
published in Technow et al. (2014) and accessed through the R
package ‘sommer 4.2.0’(Covarrubias-Pazaran, 2016). Factorial Col
consisted of 1254 hybrids derived from two parent groups with 123
and 86 inbred lines. Phenotypic yield data was provided as adjusted
entry means for each hybrid.

The phenotypic and genotypic data of corn factorial Co2 was
published in Schrag et al. (2018). Factorial Co2 consisted of 550
hybrids derived from two parent groups with 50 and 41 inbred lines.
Phenotypic yield data was provided as adjusted entry means for
each hybrid.

2.3 Pre-processing of genotypic
marker data

Genotypic marker data was only available for factorials Ral,
Wh1, Col and Co2. For all four factorials, genotypic data consisted
of single nucleotide polymorphisms (SNPs). The original marker
data consisted of 52157 (Ral), 1280 (Wh1), 35478 (Col), and 37392
(Co2) SNP markers, respectively. Markers were removed from a
data set if expected heterozygosity was below 10%, or if more than
1% of entries were missing. The remaining missing data was
imputed using the mean of the respective marker. ‘SelectionTools
21.3’ was used for filtering and ‘sommer 4.2.0 for imputing the data.
For all data sets, it was checked that genetic markers evenly covered
the whole genome. After pre-processing, 10880 (Ral), 1264 (Whl),
26069 (Col) and 33666 (Co2) SNP markers remained for
further analysis.

frontiersin.org

17—



Heilmann et al.

2.4 Linear model for GCA and SCA effects

The GCA of the parents GCA,; and GCA,;, and the SCA of the
hybrids SCA;; were predicted by BLUP with the mixed linear model

yij = H+ GCAy; + GCAyj + SCAy;

where y;; is the (adjusted) treatment mean of the hybrid of the i-th
parent from parent group 1 and the j -th parent from parent group 2, u
is the population mean, GCA; is the random GCA effect from the i-th
parent from parent group 1, GCA,; is the random GCA effect from the
j-th parent from parent group 2, SCA;; is the SCA effect. We also used
this model for estimating the GCA and SCA variances. We used the R
package ‘Ime4 1.1-31" (Bates et al,, 2015) for fitting the model and
predicting the GCA and SCA as well was the corresponding
variance components.

To evaluate the relevance of GCA and SCA for hybrid yield in
the single factorials, we calculated the sum GCA,; + GCA,; for each
realized hybrid, the Pearson correlations r(GCA,; + GCAy,
Hybrid yield) and r(SCA;, Hybrid vyield) for all realized
hybrids, and the proportion of the contribution of the SCA

10.3389/fpls.2023.1178902

variance to the total genetic variance in the factorial T = 63z, /(
2 2 2
OGea, + 0Gea, + Osca) (Table 1).

2.5 Mixed model for GBLUP

Using the adjusted entry means for the hybrids from field trial
analysis as phenotypic inputs y, we fitted a GBLUP model including
GCA and SCA effects (Technow et al., 2014):

y=1By+Z1g1 + Zyg, + Zgs + e

where 3, is a fixed intercept, Z; and Z, are the incidence
matrices for the parents from parent groups 1 and 2, Zs is the
incidence matrix for the hybrids, g; and g, are vectors of random
GCA effects from the parental lines from group 1 and 2, s is the
vector of the random SCA effects for the hybrids, end e is the vector
of residual errors. The genomic relationship matrices G, and G, for
¢ and g, were calculated as G; = W, W/ /cand G, = W, W} /¢,
where w,, = x,, +1-2p, and ¢=23p,(1-p,), where u is the
index of the parent, v is the index of the marker, x,, the coding

TABLE 1 Descriptive statistics, variance components and proportion of SCA variance of the total variance 7 for the six experimental data sets.

data set Ra1 Ra2 Ra3 Wh1 Col Co2
No. of parents in group 1 381 756 516 120 123 50
No. of parents in group 2 14 24 29 15 86 41
Ratio group 1/group 2 27.2 315 17.8 8.0 1.4 1.2
No. of possible hybrids 5334 18144 14964 1800 10578 2050
No. of realized hybrids 746 1621 1081 1604 1254 550
Fraction of realized hybrids 14.0% 8.9% 7.2% 89.1% 11.9%  26.8%
Group 1: no. of crosses per parent

Mean 2.0 2.1 2.1 13.4 10.2 11.0

Median 2.0 2.0 2.0 14.0 7.0 11.0

Range 1-6 2-5 1-6 3-15 2-55 3-26
Group 2: no. of crosses per parent

Mean 533 67.5 37.3 106.9 14.6 13.4

Median 34.5 22.5 6.0 107.0 13.0 13.0

Range 2-140 2-247 1-222 91-117 1-99 2-42
Heterotic pools No No No No Yes Yes
r(GCAy; + GCAy;, Hybrid  yield) 0.67 0.82 0.92 0.76 0.91 0.94
r(SCA;;, Hybrid  yield) 0.93 0.88 0.69 0.70 049 040
Variance components

Gaca, 0.516 5.50 12.95 0.048 4321 73.05

GéCAz 0.774 3.32 2.20 0.024 2025 24.39

Olen 2.663 9.35 5.90 0.051 1747 1578
7= 03ca /(Odcar + Occar + Oica) 0.67 051 0.28 0.44 022 0.14
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number of the genotype of parent u at marker locus v, i.e. -1 or 1,
and p, the allele frequency of the 1 allele in the respective parent
group (Endelman and Jannink, 2012). The genomic relationship
matrix S for s was calculated as the Kronecker product G; ® G, in
accordance to Stuber and Cockerham (1966). We used the R
package ‘sommer 4.2.0° 2 (Covarrubias-Pazaran, 2016;
Covarrubias-Pazaran, 2018) for fitting the GBLUP model and
predicting hybrid yields.

2.6 ML algorithms

2.6.1 Input variables

For the ML algorithms, we investigated three different
scenarios: prediction of hybrid yield without genotypic
information, prediction of hybrid yield with genotypic marker
data, and a combined set of variables. For prediction without
genotypic information, we investigated two different sets of input
variables. The parentage-based set of input variables consisted of
the nominal parent factor levels, i.e. names or barcodes of the parent
lines. For each hybrid, the only available information were the
names of its parents. Thus, the original set of input variables
consisted of only two variables, which for some algorithms were
converted to binary variables via one-hot encoding.

For the second set of input variables, we again determined the
two parents of each hybrid. The input variables consisted of the
hybrid yields of each parent from the available crosses with all
parents from the opposite parent group. Thus, this set of continuous
input variables consisted of as many variables as the sum of the
number of parents in the two parent groups. The hybrid yield in the
response variable in a specific row of the data set was always deleted
from the input variables in this row.

For prediction with genotypic marker data, we used the
incidence matrix of the virtual hybrid genotypes for the pre-
processed marker data coded with -1, 0, and 1 for homozygous
for the first allele, heterozygous, and homozygous for the second
allele as input variables.

For the combined set of variables, we merged the parentage-
based set of input variables with the genotypic marker data and used
all available information as input variables for the models.

2.6.2 Investigated ML algorithms for different
sets of input variables

The algorithms MF, SVM, GB, RF, ANN, and GB-SE were
investigated with the parentage and the hybrid yields input variable
sets. The algorithms XGB, XGB-SE, RKHS and SVM were
investigated with genotypic marker data as input variables.

2.6.3 Hyperparameters

A comprehensive overview over all the hyperparameter values
considered for each ML algorithm is given in Table S1.

For GB, we tuned the number of decision trees (n_trees), the
maximum depth of the trees (max_depth), the minimum number of
observations per split (min_rows), the sample rate of observations
per tree (sample_rate), and the number of bins for categorical
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variables (nbins_cats). We manually set the learning rate
(learn_rate) to a constant value of 0.1 and used the default
settings for all other hyperparameters.

For XGB, we essentially tuned the same hyperparameters as for
GB, but used a fixed number of trees and tuned the learning rate.
When XGB was only used with genotypic marker data, the
hyperparameter nbins cats was removed. In this case the pruning
parameter y (gamma) was added instead. To handle the high
dimensionality of the markers, random column sampling per tree
(col sample rate by tree) was introduced.

Early stopping was used to reduce the computational
time required.

For RF, we considered the same hyperparameters as for GB,
with the exception that a learning rate does not exist for RF.

For ANN, we used the classical multilayer perceptron
architecture for ANN (Goodfellow et al, 2016). We tuned the
number of hidden layers and nodes within the hidden layers
(hidden), the learning rate (rate), the number of iterations
(epochs) and added input dropout (input_dropout) to some
models. We used the rectified linear unit activation function for
all models. The categorical variables of the parentage variable set
were by default converted to binary variables by one-hot encoding.

For the GB-SE, we used ridge regression as the super learner
and a certain optimal number of GB models selected by the grid
search procedure and criteria described below as inputs.

The algorithms GB, XGB, RF, ANN and GB-SE were
implemented using ‘h20 3.38.0.1° for R (LeDell et al., 2020; Chen
et al., 2022).

For SVM, we tuned the hyperparameters € (epsilon) and C (C).
We considered three different kernels: linear, polynomial and radial.
For the polynomial kernel, the degree of the polynomial was tuned.
SVM was implemented using the R package ‘kernlab 0.9-31°
(Karatzoglou et al., 2004) with packages ‘mlr 2.19.0° (Bischl et al.,
2016) and ‘parallelMap 1.5.1’ (Bischl et al., 2020) for tuning
and parallelization.

For RKHS, we used three gaussian kernels with bandwidth
parameters 0.1, 0.5 and 2.5, respectively. We used the default
function settings for all other parameters. RKHS was calculated
using the package ‘BGLR 1.1.0° [54]. RKHS did not require
hyperparameter tuning.

For MF, we tuned the number of latent variables (dim), and
used 11 regularization for some models during training, (costq_l1,
costp_l1). The learning rate (Irate) was manually set to a constant
value of 0.05 and the number of iterations (niters) to 500.

Categorical variables were encoded as numbers before being
passed to the algorithm. MF was implemented using the package
‘recosystem 0.5’ (Qiu et al., 2021).

2.7 Random grid search
In order to determine the optimal set of hyperparameters for a
given data set and ML algorithm, we performed a random grid

search over a large hyperparameter space (Table S1) for every ML
algorithm except RKHS, which did not require tuning. As a
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stopping criterion, we set a maximum number of 50 models. Thus,
for each ML algorithm that required tuning, 50 models were
trained, each with a randomly chosen set of hyperparameters
from the hyperparameter space. The performance of these 50
models within the gridsearch was evaluated with a 10-fold cross
validation for the respective training set. We used the mean squared
error (MSE) to evaluate the 50 hyperparameter combinations, since
this metric was available for all algorithm implementations we used.
The hyperparameter combination with the lowest MSE was
considered optimal and used to predict the hybrid yields of the
test set.

We used the 50 models created in the random grid search for
GB to build the GB-SE. To choose the optimal number of models to
include in the GB-SE, we used an iterative process where the best
5,10, ..., 50 models were included in the GB-SE, and thenevaluated
with the Pearson correlation r(y;, ;) between the observed and
predicted yield in a 10-fold cross validation. The optimum number
of models to include in the final GB-SE was chosen according to the
highest value of r(y;, ;).

2.8 Cross validation, pre-processing of
training sets and test sets, and prediction
of test set hybrids

All investigated prediction models and ML algorithms were
tested in a cross validation procedure in order to evaluate the
generalizability and stability of the predictions, and to evaluate the
consistency of the applied grid search procedure for model
selection. For cross validation, the respective factorial was
randomly split into a training set consisting of 90% of the
available hybrids, and a test set consisting of the remaining 10%
of hybrids. This random split was repeated 100 times for each
factorial. We removed all hybrids from the test set for which only
one or none of the parents were represented in the training set as
GCA estimation requires both parents to be available in the training
set. If hybrid yields were used as input variables, all hybrid yields
from the test set hybrids were removed from the training set.

After pre-processing, each of the investigated prediction models
and ML algorithms was trained on the 100 training sets. The
resulting models were used to predict the hybrid yields of the test
set hybrids. For GCA prediction, the yield of the test set hybrids was
predicted as y; = ft+ GCAy; + GCAyj . For GBLUP and the ML
algorithms, the yield of the test set hybrids y; was predicted with
the respective prediction routines implemented in the R packages.

2.9 Evaluation criteria for model
performance and comparisons
across algorithms

To evaluate and compare model performance across prediction
models and ML algorithms, we calculated the Pearson correlation
r(y;, 7ij) between the observed and predicted yield of the test set
hybrids. This correlation is referred to as “prediction accuracy”. For
each method and factorial, we also compared the 20 best predicted
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hybrids to the 20 best observed hybrids and determined the
percentage of overlap, since accurate identification of the best
hybrids is more relevant to breeders than accurate predictions of
low performing hybrids.

3 Results

3.1 Predictions based on parentage
information and hybrid yields

We investigated two different sets of input variables without
genotypic information: parentage information, and yields of all
other realized crosses of the parents of a specific hybrid. For
algorithms using the parentage information as input variables, we
observed a wide range of median prediction accuracies for the
different crops and factorials (Figure 1, red and grey boxplots). The
lowest overall prediction accuracieswere observed for the factorials
Ral and Ra2, the median prediction accuracies ranging between
0.14 and 0.45, and between 0.42 and 0.54, respectively. The
factorials Ra3 and Wh1 resulted in intermediate median
prediction accuracies between 0.68 and 0.75,and 0.69 and 0.72,
respectively. The factorials Col and Co2 resulted in the highest
median prediction accuracies, ranging between 0.80 and 0.87, and
0.89 and 0.91, respectively.

GB was the best single ML algorithm for most investigated
factorials with the exception of Ral and Col, where RF and SVM
performed better. MF resulted in the lowest median prediction
accuracies for all factorials except Ral. None of the investigated
single ML algorithms resulted in higher median prediction
accuracies than classical GCA prediction (Figure 1, red vs. grey
boxplots). The GB-SE increased median prediction accuracies in the
factorials with the overall lowest prediction accuracies Ral and Ra2
from 0.39 to 0.45, and from 0.48 to 0.54, respectively. For all other
factorials, the median prediction accuracy of the GB-SE was
equivalent to or only marginally better than GCA prediction.

Algorithms using hybrid yields as input variables increased
computation time in comparison to algorithms based on parentage,
but resulted in slightly lower median prediction accuracies (Figure
5$3). The algorithm ANN did not converge for all factorials with this
set of input variables.

3.2 Comparison of GCA prediction,
GB-SE and GBLUP

GBLUP was only investigated for the factorials Ral, Whl, Col
and Co2 with available marker data (Figure 1, blue boxplots).
Median prediction accuracies of GBLUP were equivalent to GCA
prediction and the GB-SE in the factorials Col and Co2. In factorial
Wh1, GBLUP slightly improved median prediction accuracy from
0.71 with GCA and 0.72 with the GB-SE to 0.74. In factorial Ral,
GBLUP increased median prediction accuracy from 0.39 with GCA
to 0.44, and resulted in an equivalent prediction accuracy as the GB-
SE with 0.45. Neither ML algorithms nor GBLUP did reduce the
variation of prediction accuracies across cross validation splits in
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comparison to GCA prediction. Variation was generally low across
cross validation splits for all investigated algorithms in factorials
Wh1,Col and Co2, and largest in factorial Ral (Figure 1). For data
sets Ral, Ra2, Ra3, and Col, GB-SE showed the highest percentage
of overlap between the 20 best predicted and observed hybrids
(Figure S9). For Wh1 and Co2, GBLUP showed the highest
percentage of overlap. However, this percental overlap between
the 20 best predicted and observed hybrids was generally similar for
most algorithms with the exception of SVM and MF, which also
performed poorly overall.

3.3 Effects of structure and composition of
experimental data sets

The experimental data sets varied considerably in size,
unbalancedness of the parent groups, percentage of realized
hybrid combinations and relevance of GCA and SCA for hybrid
yield (Table 1). As general trends, we observed that median
prediction accuracies were high if the factorials relied on a
heterotic pattern (Col and Co2), if percentage of realized hybrid
combinations was high, i.e. if the factorial was almost complete
(Whl), if parent groups were more balanced, and if parentlines
were represented in many hybrid crosses (Whl, Col and Co2,
compare Table 1 with Figure 1). Importantly, GBLUP and the GB-
SE increased prediction accuracy considerably in comparison to
GCA prediction for the factorials with the highest proportion of
SCA variance in the total variance (Ral and Ra2). For these
factorials, the correlation of SCA with hybrid yield was higher
than the correlation of GCA with hybrid yield (Table 1), and overall
prediction accuracy was low (Figure 1). For all other factorials, there

was no improvement in comparison to classical GCA prediction.

10.3389/fpls.2023.1178902

3.4 Performance of ML algorithms with
genotypic information

For data set Ral with the highest improvement of median
prediction accuracy with ML algorithm GB-SE and GBLUP
(Figure 1), we investigated four additional algorithms specifically
tuned for marker data: XGB, RKHS, SVM and an XGB-SE
(Figure 2), and a combined set of input variables including
marker data and parentage information for the best ML
algorithms, XGB-C and XGB-SE-C. With marker data only, XGB
and the XGB-SE resulted in the highest prediction accuracies of 0.44
and 0.45, but did not improve prediction accuracy compared to the
GB-SE based on parentage information and GBLUP. For the
algorithms based on a combination of marker data and parentage
information, XGB-C and XGB-SE-C, prediction accuracy was
increased slightly to 0.46. The ensemble did not show any
improvement over the single algorithm anymore. In spite of the
marginal increase in prediction accuracy, the ML methods based on
marker data or the combination of marker data and parentage
information did not result in a higher percental overlap of the
predicted and observed 20 best hybrids (Figure S9).

3.5 Tuning and importance of different
hyperparameters for ML algorithms

The random grid search approach we used for model tuning
yielded overall consistent results for the same data set across cross
validation splits, as reflected in the heatmap in Figure 3 and Table
S3. For most factorials, the same modelswere identified as the best
and worst model in the majority of the cross validation splits.
Where several models were identified as best, they were often
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FIGURE 1

Boxplots of observed prediction accuracies in 100 cross validation splits for six different data sets (Ral, Ra2, Ra3, Wh1, Col, Co2) using eight different
algorithms (GCA, GBLUP, MF, SVM, GB, RF, ANN, GB-SE). Median prediction accuracy is displayed above each boxplot. Median prediction accuracy
of the baseline algorithms are represented by a dotted red (GCA) and blue (GBLUP) line. n.a., not available
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FIGURE 2

Comparison of observed prediction accuracies in 100 cross validation splits of marker-based ML algorithms for data set Ral. Median prediction
accuracy displayed above each boxplot. ‘'C' indicating models were trained on the combined variable set.

similar for the most important hyperparameters. As a stopping
criterion for random grid search, we set a maximum number of 50
models, which in the case of GB also formed the basis for building
the GB-SE. With the exception of factorials Col and Co2, which in
most cases used less than 25 models, the GB-SE was for most
factorials and cross validation splits build from 30 or more models
(Figure S10). The factorials Ra2 and Ra3 even required 40-50
models in the majority of cross validation splits.

For evaluating the importance of different hyperparameters, we
calculated correlations between hyperparameter levels and MSE
(Table 2) and created ridge line plots for each hyperparameter level
and the scaled MSE (Figures 54-58). We also compared the best models

for the different data sets from the random grid search approach (Table
S2). For conciseness, we only looked at the hyperparameters for the
most successful single ML algorithm GB, which also formed the basis
for building the GB-SE. The hyperparameters with the greatest effect on
the MSE were the number of bins for partitioning the data before
determining the tree’s best split point, and the maximum depth of the
decision trees. As general trends, we observed that choosing an
intermediate number of bins, ranging between 25-50% of the
number of parents in the data set, resulted in the lowest MSE (Table
52). With respect to the maximum depth of the decision trees, we
observed that the factorials Ral-3 required deeper trees than the
factorials Whi, Col and Co2.

Co2 .

Co1 .

Wh1 [ | B

Ra3 .

Ra2 B

Ra1 B | |

1234567 8 91011121314 1516 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50
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FIGURE 3

Selection of 50 models used in 100 cross validation splits for each data set using GB. Each model is corresponding to a unique random hyperparameter
combination. Heatmap with green and red indicating how often a model was found to be the best or worst model over all iterations
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TABLE 2 Correlations between numerical hyperparameter levels and MSE of the models in the grid search.

Experiment nbins_cats GEES min_rows

sample_rate

Ra2 0.70 0.01 0.39 0.03 -0.09
Ra3 -0.33 0.00 0.21 -0.25 -0.11
Whi -0.38 0.06 0.07 -0.25 -0.34
Col -0.09 -0.03 0.19 -0.16 0.00
Co2 -0.22 -0.11 0.24 0.00 -0.18

4 Discussion

The present study is a case study exploring the potential of ML
algorithms for prediction of hybrid yield in small unbalanced factorials.
In accordance with the “No Free Lunch” theorem, implying that there
is no single optimal algorithm for all problems and data sets, we tested a
variety of single ML algorithms (MF, SVM, RF, GB, ANN, XGB,
RKHS), as well as stacked ensembles of gradient boosting machines
(GB-SE and XGB-SE) with optimized hyperparameters in comparison
to the well-established approaches GCA prediction and GBLUP. The
experimental data sets consisted of six unbalanced factorials from four
different self-pollinating and outcrossing crops, and varied considerably
in structure and size (Table 1, Figures S1 and S2). The parent groups
were highly unbalanced with respect to the number of parent lines in
the groups for some of the factorials, while the parent groups were
almost balanced in size for other factorials, the ratios of group sizes
ranging between 1.2-31.5. Moreover, the factorials were also
unbalanced with respect to the number of crosses per parent line,
which could range between 1 and 247 crosses per line. Some factorials
such as Ra2 and Ra3 were very sparse, the percentage of realized hybrid
combinations of all possible combinations being lower than 10%, while
the factorial Wh1 was almost complete with almost 90% of realized
hybrid combinations. The corn factorials Col and Co2 were created
from the heterotic patterns of Flint and Dent (Technow et al., 2014;
Schrag et al,, 2018), while no heterotic pools were available for the
wheat factorial Wh1 (Zhao et al., 2015) and the rapeseed factorials Ral-
3 (NPZ Innovation GmbH, personal communication). This is also
reflected by the high contribution of SCA variance to total variance,
and in the correlations of SCA and GCA with hybrid yield. As
expected, we observed a higher relevance of SCA variance, and
higher correlations of SCA with hybrid yield in the factorials for
which no heterotic pools were available. Our initial research hypothesis
was that ML algorithms might improve prediction accuracy in sparse,
highly unbalanced factorials with a high relevance of SCA in
comparison to GCA prediction based on a mixed linear model, and
might even outperform GBLUP if genetic marker data is available.

4.1 Performance of ML algorithms based
on parentage information and hybrid yields

We investigated three different scenarios, prediction without

genotypic information, genomic prediction based on genotypic
markers and a combination of both. In the first scenario, the only
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available information for predicting hybrid yields were the names of
the hybrid parents, which we refer to as parentage information, and
the hybrid yields from crosses with other parent lines from the
factorial. For ANN, the parentage information was converted to
binary variables indicating if a parent was used in a cross via one-
hot encoding, all other algorithms used actual categorical variables
with high cardinality. Using hybrid yields from crosses with other
parent lines as predictors resulted in as many predictor variables as
there were parent lines in the factorial, each variable being labeled
with the name of a parent line and containing the information what
yield was observed for the respective hybrid parents in a cross with
this parent. Due to the unbalancedness and sparsity of the
investigated factorials with respect to realized hybrid
combinations, this led to predictor variables with a high
percentage of missing values for rarely used parent lines, and
numerous constant or almost constant variables for parent lines
which were frequently used in crosses. Overall, the percentage of
missing values in the predictor variables was way over 75% for most
factorials in the cross validation splits, where all information from
the validation set had to be removed from the training sets. As a
consequence, some algorithms such as ANN did not converge for
some of the factorials with this set of predictors, even if constant
variables were dropped (Figure S3). For algorithms that converged,
the use of hybrid yields as predictors considerably increased
computation time, but never outperformed algorithms using
parentage information only (Figure 53). We therefore focused our
analysis on comparing ML algorithms based on parentage
information to GCA prediction and GBLUP.

ML studies predicting yield without genotypic information have
so far mostly focused on yield prediction for specific environments,
using yield, parental and environmental information as well as
management data as predictors. Shahhosseini et al. (2021) used GB,
XGB and different ensembles for predicting corn yield of larger
areas in the US corn belt with promising results. Khaki and Wang
(2019) successfully designed a complex neural network for yield
prediction in specific environments based on existing yield,
environment and management data. The only other study using
only parental information together with location and genetic
clusters of the parents as input information to predict hybrid
yield is the study of Khaki et al. (2020). However, this study was
conducted using an exceptionally large data set of 294,128 hybrids
provided by a large breeding company and a highly complex neural
network approach. Babaie Sarijaloo et al. (2021) used the same
dataset to compare different decision tree-based algorithms and
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neural networks and found XGB to be the best, due to its
regularization and handling of sparse data. This effect may be
weaker in our study since data of Babaie Sarijaloo et al. (2021)
was even sparser than ours, with only 4% of all possible
combinations available. No other study has to our knowledge
investigated the use of ML algorithms with parentage information
in small unbalanced factorials.

4.2 Performance of ML algorithms based
on parentage in comparison to GCA
prediction and GBLUP

GB was the best single ML algorithm for all data sets except Ral
(best algorithm RF) and Col (best algorithm SVM, Figure 1). While
ANN excel at complex tasks such as processing images, text or
speech, tree-based methods such as GB, XGB and RF often perform
better in tasks with structured, tabular data (Shwartz-Ziv and
Armon, 2022) and thus might be especially suitable for predicting
unbalanced factorials with potentially extreme under-/
overrepresentation of some parent lines. Additionally, due to the
slow and stepwise fitting process, GB has a low tendency to overfit
the data (James et al., 2013). In factorials with a high relevance of
SCA for yield, the superior performance of GB might be due to the
fact that every new tree in a GB machine will fit to the residual of the
previous trees, thus potentially improving the accuracy of the SCA
component of prediction in comparison to linear model
approaches. However, in the present study none of the single ML
algorithms MF, SVM, RF, GB, ANN could outperform classical
GCA prediction based on a mixed linear model to a meaningful
extent (Figure 1), irrespective of the investigated data set.

The GB-SE was the only ML algorithm which performed better
than GCA prediction in the factorials with the overall lowest
prediction accuracies Ral and Ra2, increasing median prediction
accuracy from 0.39 to 0.45, and from 0.48 to 0.54, respectively
(Figure 1). For all other data sets, the performance of the GB-SE was
equal to or only marginally better than GCA prediction. GBLUP
was only investigated for the four data sets with available genotypic
information (Figure 1). GBLUP resulted in median prediction
accuracies equivalent to GCA prediction and the GB-SE in data
sets Col and Co2. In data sets Ral and Wh1, GBLUP increased
median prediction accuracy from 0.39 to 0.44 and from 0.71 to 0.74
in comparison to GCA prediction, and resulted in approximately
equivalent prediction accuracies as the GB-SE. When considering
the best 20 hybrids only, GB-SE resulted in the highest percental
overlap between the predicted and observed 20 hybrids for
factorials Ral, Ra2, Ra3 and Col, and GBLUP resulted in the
highest overlap for factorials Wh1 and Co2 (Figure S9). Thus, GB-
SE and GBLUP had the highest ability to predict the top 20 hybrids
correctly, but the differences between both methods were small in
all investigated data sets. Neither ML algorithms nor GBLUP did
reduce the variation of prediction accuracies across cross validation
splits in comparison to GCA prediction. Variation was generally
low across cross validation splits for all investigated prediction
models in factorial Wh1, which was an almost complete factorial,
and in factorials Col and Co2 with a more balanced representation

Frontiers in Plant Science

10

10.3389/fpls.2023.1178902

of parent groups and single parent lines (Table 1). Both factors most
likely resulted in less extreme random splits for cross validation, in
which many parent lines from the validation set were under-
represented in the training set. From these findings, we conclude
that the applicability of single ML algorithms in small unbalanced
factorials is limited. GB-SEs might be a viable alternative where
GCA prediction and GBLUP result in low prediction accuracies, or
where no genotypic data is available, but the performance
apparently depends on the structure and composition of the
investigated factorials.

4.3 Effects of structure and composition of
experimental data sets

While it is difficult to draw generally valid conclusions from a
limited number of very diverse experimental data sets, we observed
some trends: For the two corn factorials Col and Co2, all algorithms
yielded high prediction accuracies ranging between 0.80 and 0.91
(Figure 1). Neither the ML algorithms nor GBLUP outperformed
GCA prediction. In contrast to rapeseed and wheat, hybrid breeding
with selection for GCA in corn has been established for decades,
resulting in the two genetically diverse Flint and Dent pools. If heterotic
pools exist, hybrid performance of heterotic traits is to a large extent
explained by GCA effects, which can be accurately estimated from
crosses with few testers from the opposite pool. This is also reflected in
the high correlations of GCA with hybrid yield of 0.91 and 0.94 that we
observed for these data sets (Table 1). The wheat data set Whl is a
published data set from a study with the objective of establishing a new
heterotic pattern (Zhao et al, 2015). Even though the two parent
groups consequently form no heterotic pools, prediction accuracy with
GCA effects was high with 0.71 (Figure 1). GBLUP and the GB-SE
yielded slightly higher and comparable prediction accuracies with 0.74
and 0.72, respectively (Figure 1). In comparison to the other data sets,
Wh is the smallest and most complete factorial with a percentage of
realized hybrid combinations of 89.1% of all possible combinations
(Table 1), which were evaluated in 11 environments (Zhao et al., 2015).
The correlation of GCA with grain yield was comparatively high with
0.76, and higher than the correlation of SCA with grain yield (Table 1).
We conclude that in crops with established heterotic pools such as
corn, or in almost complete factorials with highly accurate phenotypic
data, the potential of ML algorithms and even GBLUP for increasing
prediction accuracy is limited, and hybrid yield can be efficiently
predicted with GCA effects.

In the rapeseed data sets Ral-Ra3, the overall levels of prediction
accuracy as well as the potential for improvement with more complex
algorithms varied considerably (Figure 1). In data sets Ral and Ra2,
even though overall prediction accuracy was low, the GB-SE increased
prediction accuracy by 14.5% from 0.39 to 0.45, and by 12.9% from
0.48 to 0.54 in comparison to GCA. GBLUP could, due to the
unavailability of genotypic data, only be investigated in Ral, and
resulted in a prediction accuracy of 0.44 that was almost equivalent
to the value of the GB-SE. In contrast to the results of Ral and Ra2,
prediction accuracies in factorial Ra3 were comparatively high with
values of 0.74 for GCA and 0.75 for the GB-SE. The three rapeseed
factorials were to our knowledge not based on a heterotic pattern of the
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parent groups, but were pre-selected by the breeding company with the
purpose to maximize hybrid yield (NPZ Innovation GmbH, personal
communication). It is possible that parent groups for Ra3 were
genetically more homogeneous within and more diverse between
parent groups as was the case for Ral and Ra2. Factorials Ral and
Ra2 are more sparse than Wh1 and Co2, with a percentage of realized
hybrid combinations of 14.0% and 480 8.9% (Table 1), which might in
part explain the overall low prediction accuracies. However, data set
Ra3 is the sparsest of the investigated factorials, with a percentage of
realized hybrid combinations of only 7.2%, and still resulted in
prediction accuracies almost as high as the most complete factorial
Wh1 (Figure 1). Moreover, Col with 11.9% of realized hybrid
combinations is almost as sparse as Ral and Ra2 and still produced
accurate GCA-based predictions and high prediction accuracies with
the investigated ML algorithms.

4.4 Ratio of SCA to GCA effects

The major factors determining the overall level of prediction
accuracy in the investigated factorials was 7 describing the
contribution of SCA variance to total variance, and the strength of
the correlation of the SCA with hybrid yield. In the factorials Ral and
Ra2 with overall low prediction accuracy, we observed very high
correlations of hybrid yield with SCA of 0.93 and 0.88, while
correlations of hybrid yield with GCA effects were lower in these
data sets (Table 1). Conversely, in factorials with overall intermediate to
high prediction accuracies in Figure 1, relevance of SCA variance and
correlations of hybrid yield with SCA were always lower than
correlations with GCA. This was most pronounced in the corn
factorials Col and Co2 relying on the heterotic pattern of Flint and
Dent. It also explains the high prediction accuracy observed in factorial
Ra3 in comparison to factorials Ral and Ra2. In factorial Ra3, the
correlation of hybrid yield with SCA amounted only to 0.69, while the
correlation with GCA amounted to 0.92. The percentage of SCA
variance in the total variance was low with 28% in factorial Ra3, and
similar to the shares of 22% and 14% observed in factorials Col and
Co2. In factorials Ral and Ra2, these proportions amounted to the
highest with 67% and 51%of the total variance, respectively. The
factorial Ra3 is exceptional, as in the absence of genetically diverse
heterotic pools, hybrid performance is typically explained to a major
extent by SCA. As the GB-SE was the best algorithm in factorials Ral
andRa2 with high ratios of SCA variance to GCA variance, leading to
considerable increases in prediction accuracy compared to GCA and
equivalent values as GBLUP (Figure 1), we conclude that a potential
field of application of ML algorithms in hybrid breeding programs is
hybrid prediction in sparse unbalanced factorials with a high relevance
of SCA effects.

4.5 Performance of ML algorithms with
genotypic information

A major limitation of classical GCA prediction and the GB-SE

based on parentage information compared to marker-based
approaches is that hybrids for which only one or none of the
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parents have been tested before cannot be predicted. On the other
hand, prediction accuracies are generally low for these so called
type-1 and type-0 hybrids even with markers or more complex
omics data (Zenke-Philippi et al., 2016, 511 Zenke-Philippi et al.,
2017; Zhao et al,, 2021). The potential to predict type-0 hybrids with
marker-based ML in sufficiently large data sets remains to
be investigated.

GBLUP did not increase prediction accuracy in comparison to
classical GCA prediction based on phenotypic data and a mixed
linear model in factorials Col and Co2 (Figure 1). In contrast, in
factorials Ral and Wh1 GBLUP increased prediction accuracy from
0.39 to 0.44, and from 0.71 to 0.74 in comparison to GCA
prediction. In all four factorials with available marker data,
GBLUP resulted in comparable prediction accuracies as the GB-
SE (Figure 1). From this, we conclude that a state-of-the-art GBLUP
model is a perfectly suitable and efficient tool for predicting yield
performance in sparse factorials with a high relevance of SCA. The
GB-SE is a viable alternative to GBLUP, and can save the costs for
genotyping the parent lines.

We expected that using marker data or a combination of marker
data and parentage information with ML algorithms might further
increase prediction accuracy in factorial Ral, as genetic markers
should contain much more detailed information on similarities
between parent lines than parentage information alone, and might
pick up non-additive effects and relationships between parent lines
that are beyond the scope of the GBLUP model. ML algorithms
should in theory be able to exploit also non-linear relationships and
interactions between markers. We investigated four additional
algorithms specifically tuned for marker data: XGB, RKHS, SVM
and an XGB-SE (Figure 2). XGB and the XGB-SE resulted in the
highest prediction accuracies 0f0.44 and 0.45, underlining again the
superiority of GB machines for hybrid prediction in sparse
unbalanced factorials.

Xu et al. (2021) have shown that combining phenotypic data of
the parent lines with omics data improves the prediction accuracy.
Similarly, other studies have combined genomic and pedigree
information to outperform GBLUP (Sood et al, 2020). We
therefore also considered a combined set of input variables
including both marker data and parentage information for Ral
and the best ML algorithms, XGB and XGB-SE. The prediction
accuracies of the algorithms XGB-C and XGB-SE improved only
slightly to 0.46 for both the single model and the ensemble
(Figure 2). We therefore assume that with the investigated
factorials, the ML algorithms mainly exploit the same
information, i.e. the genetic similarity of the parents, and little
additional information is gained when combining parentage
information with marker data.

Other recent studies have observed that ML algorithms
sometimes outperform the classical methods of genomic prediction
based on mixed-model equations, but with an overall high variance in
prediction accuracy across different traits and data sets (Azodi et al,,
2019; Montesinos-Lopez et al,, 2019). Among the many ML
algorithms available, those based on decision trees show promising
results in many scenarios. Banerjee et al. (2020) found that tree-based
algorithms such as RF, GB and XGB outperform classical genomic
prediction algorithms. Westhues et al. (2021) used GB and XGB to
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improve yield prediction accuracy for genotypes across locations and
years. Abdollahi-Arpanahi et al. (2020) also found that GB performs
well when non-additive effects are important. Liang et al. (2021)
achieved higher accuracies for three different animal data sets
combining three different algorithms into an SE. Azodi et al. (2019)
benchmarked several different algorithms on six different data sets
with several traits each and also found that algorithm performance
varied between data sets but an ensemble of different algorithms
performed consistently equal or better than classical linear
approaches. Yan et al. (2021) advocate the use of LightGBM, which
is a more efficient type of GB due to building trees leave-wise instead
of depth-wise. In their study, LightGBM also outperformed ridge
regression BLUP for soybean and rice data. These results are in
accordance with our finding that GB-SEs are more successful than
single ML algorithms. However, in our study the use of XGB and an
XGB-SE with genetic markers considerably increased computation
time, but did not improve prediction accuracy compared to the GB-
SE with parentage information (compare Figure 2 with Figure 1). It is
possible that the factorials were too small for effective pattern
recognition in marker data, as the number of predictors was far
higher than the number of hybrids. In factorial Ral, 10880 markers
were available after pre-processing for only 756 hybrids. In the case of
comparatively small sparse factorials the positive effects of more
detailed genetic information could be counter-balanced by
increased dimensionality and noise, resulting in overfitting and
spurious associations.

4.6 Hyperparameter optimization with
random grid search

Selecting the best possible set of hyperparameters is crucial for
maximizing prediction accuracy for a given data set. We used
random grid search to test different hyperparameter combinations
over a large hyperparameter space. In contrast to cartesian grid
search, which tests all possible combinations of different values for
each hyperparameter, the random grid search samples uniformly
from the set of all possible hyperparameter combinations and stops
when a user-specified criterion, e.g. a fixed number of models, is
met. In most cases, random grid search performs as well as cartesian
grid search while considerably reducing the computation time
(Bergstra and Bengio, 2012). The frequency of how often a model
was chosen as best or worst in a grid search for GB with parentage

-

information is shown in Figure 3. For most of the investigated
factorials, the best and worst grid search models accumulated on
one or very few models. When considering the information given in
Table S2, we can see that in the case where a few models have equal
share in being the best, these models are similar in their
hyperparameters. For example, the best combinations for factorial
Ra2 all share the same value for the number of bins and an overall
small sample rate. When only one or very few similar
hyperparameter combinations repeatedly performed best in all
cross validation splits of a given factorial, we assumed that these
were very close to a theoretical ‘optimum’ hyperparameter
combination for this scenario. If the selected hyperparameter
combinations of the best models were far away from the
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optimum, we should observe more variation in the selected sets
of hyperparameters across cross validation splits. We therefore
conclude that the random grid search approach is a user-friendly,
efficient and consistent approach for the identification of a suitable
set of hyperparameters for all factorials investigated in the present
study. We expect it to perform well in a wide range of crops
and scenarios.

The fifty tuned GBs from the random grid search also formed
the basis for building the GB-SE. We observed that some GB-SEs
used all 50 models of the grid search (Figure S10). Thus, models that
perform badly on their own might add some value when used
within an ensemble, and a reduction in the number of investigated
models for the random grid search might impair prediction
accuracy. More efficient grid search methods such as hyperband
search (Li et al., 2018b) and Bayesian optimization (Snock et al,
2012) exist but have not yet been implemented in the software we
used. Implementations of these might reduce the required
computation time or find even better hyperparameter
combinations. Galli et al. (2022) used an automated model
training process to choose the best of 50 neural networks. This
approach is even easier to apply than random grid search, with the
downside that the hyperparameter space is always predefined and
cannot be modified. Liang et al. (2022) propose a ‘tree-structured
Parzen estimator’ that automatically tunes the hyperparameters.
However, random grid search also performed well in this study.

4.7 Importance of different
hyperparameters for ML algorithms

We focused our investigation on the hyperparameters for GB,
which was the most successful single ML algorithm, and formed the
basis for building the GB-SE. The most important hyperparameters
with the greatest effect on reducing the MSE in GB with parentage
information were the number of bins for partitioning the data
before determining the tree’s best split point, and the depth of trees.
Binning of factor levels for GB is also known as ‘histogram-based
GB’. Table 2 shows that for Raland Ra2 the number of bins is
strongly correlated with the error. Setting a value for the number of
bins that is smaller than the number of factor levels will group factor
levels together into the specified number of groups (bins). For
unordered nominal predictor variables as the parentage
information investigated in the present study, these groups are
somewhat arbitrary. Nevertheless, it seems that the number of bins
has a large impact on the generalization error rate (Malohlava and
Candel, 2022). As a tendency, reducing the number of bins for
factors with high cardinality adds randomness to the splits in the
decision trees, which seems to increase the generalizability of the
model, while selecting a higher number of bins increases model fit
to the training data and can lead to overfitting. When taking the
ridge line plots in Figure S4 into account, it seems that the
relationship between the number of bins and the error is not
linear. Too many as well as too few bins both increase the error.
Selecting a medium number of bins had a positive effect on the
prediction accuracy, especially for data sets Ral and Ra2 with
overall low prediction accuracy. This is also reflected in Table S2,
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where we listed the hyperparameters for the best models
investigated in the random grid search. As trees for GB always
need to be trained sequentially, model training is slow in
comparison to other models such as RF, for which trees can be
trained in parallel. As a desirable side effect, binning will
considerably speed up model training. We therefore recommend
tuning of the number of bins if many parents, i.e. many factor levels,
have to be included in the model in order to increase efficiency and
performance of GB. It remains to be investigated if ordered binning,
e.g. by clustering genetically similar parents together, can further
increase prediction accuracy.

With respect to the depth of the decision trees, we observed that
the factorials Ral-3 required deeper trees than the factorials Whil,
Col and Co2 (Table S2). Usually the depth of the trees is related to
the complexity of the task. We observed high accuracies of GCA
effects for factorials Whi1, Col and Co2, indicating that hybrid
performance can be accurately represented by the additive parent
GCA effects. Consequently, fewer splits per tree are also needed in
GB. For the rapeseed factorials Ral and Ra2 with a high relevance of
SCA for hybrid yield, deeper trees might be able to capture non-
additive SCA effects. We saw little room for reducing the
computation time of the random grid search by a more limited
search space when initially looking for the best model for the
investigated factorials, since hyperparameters from the upper and
the lower end of our search space were considered best in
some cases.

4.8 Implementation of machine learning
algorithms in hybrid breeding programs

The required know-how and computational power is a major
obstacle for the implementation of more complex ML algorithms in
hybrid breeding programs. In particular, feature selection, model
implementation in languages such as Python or Julia, the tuning of
hyperparameters and the composition of ensembles of models are
tasks which may seem daunting for breeders without solid
background in data science. Our study has shown that successful
prediction of hybrid yield does not necessarily rely on very large
datasets and expert-designed models. Here, we present a fairly
automated random grid search approach for building GB-SEs
with the parentage information as a predictor, implemented in a
user-friendly software package with an R interface. The well-
documented Rcode for our procedure is available in the
supplementary material, and can be tested with the publicly
available experimental data sets investigated in our study. Many
breeders are already familiar with analysis of field trials and
genomic selection in R, and can thus easily adapt the code for
their own breeding programs and purposes.

We expect that ML algorithms will only be widely implemented
in practical breeding programs if they offer advantages over well-
established prediction models such as GCA prediction and GBLUP
in real-life data sets from ongoing breeding programs. In the
present study, we observed potential for ML algorithms in
comparatively small, sparse unbalanced factorials with high
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relevance of SCA effects. The GB-based SE with parentage
information increased prediction accuracy considerably in these
specific factorials in comparison to classical GCA prediction, and
resulted in equivalent prediction accuracies in comparison to
GBLUP for all other investigated factorials. Moreover, the
random grid search approach for tuning the basic GBs delivered
consistent sets of hyperparameters across cross-validation splits in
reasonable computation time. In comparison to GBLUP and other
marker-based approaches, the simple use of parents as predictors
can also save the cost of genotyping. We therefore expect that our
suggested procedure is applicable in wide range of crops and
breeding programs, and can be considered as an alternative
to GBLUP.

For the present study, we decided to test the ML algorithms in
crops of major commercial importance, because high-quality
genotypic and phenotypic data was easily accessible, and we were
able to compare long-established hybrid breeding programs with
high relevance of GCA with newly established programs with high
relevance of SCA. However, we do not expect that large hybrid
breeding programs with well-established genomic selection
pipelines represent the main field of application for our method.
A recent review on hybrid breeding from the perspective of
commercial breeders has pointed out that breeding targets shift
and change over time, and that older cultivars and selection
candidates form an important secondary breeding pool that
might contain useful variation for new traits of interest (Steeg
et al., 2022). One potential application of the GB-SE based on
parentage information might be to pre-screen older field trials
without ad-hoc available genotypic data and pre-select interesting
candidates for such novel breeding targets for future testing. The
same paper has also pointed out that on a world-wide level about
6000 plants are currently under cultivation. Only about 50 of those
are currently bred as hybrids, exploiting hybrid vigor and other
advantages for both commercial breeders and consumers. This
suggests great future potential for establishment of hybrid
breeding also in crops of minor commercial importance. New
hybrid breeding programs have been established in crops such as
guava, onion, eggplant, potato, triticale etc. Such newly set-up
hybrid programs are often characterized by a high relevance of
SCA. Many of these minor crops with high relevance for food
diversity are bred in small breeding programs with very low budget,
restricted number of field plots, and very limited staff. Not for all of
these breeding programs high-throughput genotyping is readily
available at the moment. For these breeding programs, the GB-SE
with parentage information could provide a viable short-term
alternative to genomic prediction.

Data availability statement

Publicly available datasets were analyzed in this study. The
phenotypic and genotypic data of experiments Col and Co2 and the
phenotypic data for experiment Whl have been published as
Supplementary Materials to the research articles cited in the
material and methods section. The genotypic data for experiment

frontiersin.org

_o7—



Heilmann et al.

Wh1 is available at https://datadryad.org/stash/dataset/doi:10.5061/
dryad.461nc. Data sets Ral-3 were provided by NPZ Innovation
GmbH and are confidential.

Author contributions

EH and PH conceived the study. AA and TK provided the
phenotypic and genotypic data of experiments Ral-3. PH compiled
the phenotypic and genotypic data of experiments Wh1, Col and
Co2 from public data sources. PH pre-processed and analyzed the
phenotypic and genotypic data, fitted the prediction models and
conducted the predictions. PH and EH wrote the manuscript with
further input from MF. All authors contributed to the article and
approved the submitted version.

Funding

Funding for this study was provided by the German Federal
Ministry of Education and Research (BMBF) grant 031B0890
(BreedPatH). The publication was funded by the Open Access
Publication Fund of the Justus Liebig University Giessen.

References

Abbas, Q., Ibrahim, M. E,, and Jaffar, M. A. (2019). A comprehensive review of
recent advances on deep vision systems. Artif. Intell. Rev. 52, 39-76. doi: 10.1007/
510462-018-9633-3

Abdollahi-Arpanahi, R., Gianola, D., and Pefagaricano, F. (2020). Deep learning
versus parametric and ensemble methods for genomic prediction of complex
phenotypes. Genet. Selection Evol. 52, 12. doi: 10.1186/s12711-020-00531-z

Albrecht, T., Wimmer, V., Auinger, H.-J., Erbe, M., Knaak, C., Ouzunova, M, et al.
(2011). Genome-based prediction of testcross values in maize. Theor. Appl. Genet. 123,
339-350. doi: 10.1007/s00122-011-1587-7

Azodi, C. B, Bolger, E., McCarren, A., Roantree, M., de los Campos, G., and Shiu, S.-
H. (2019). Benchmarking parametric and machine learning models for genomic
prediction of complex traits. G3: Genes Genomes Genet. 9, 3691-3702. doi: 10.1534/
£3.119.400498

Babaie Sarijaloo, F., Porta, M., Taslimi, B., and Pardalos, P. M. (2021). Yield
performance estimation of corn hybrids using machine learning algorithms. Artif.
Intell. Agric. 5, 82-89. doi: 10.1016/j.aiia.2021.05.001

Banerjee, R, Marathi, B., and Singh, M. (2020). Efficient genomic selection using
ensemble learning and ensemble feature reduction. J. Crop Sci. Biotechnol. 23, 311-323.
doi: 10.1007/512892-020-00039-4

Bates, D., Machler, M., Bolker, B., and Walker, S. (2015). Fitting linear mixed-effects
models using Ime4. J. Stat. Software 67, 1-48. doi: 10.18637/jss.v067.i01

Bergstra, J., and Bengio, Y. (2012). Random search for hyper-parameter
optimization. J. Mach. Learn. Res. 13, 281-305.

Bischl, B., Lang, M., Kotthoff, L., Schiffner, J., Richter, J., Studerus, E., et al. (2016).
Mlr: machine learning in r. J. Mach. Learn. Res. 17, 1-5.

Bischl, B., Lang, M., and Schratz, P. (2020) Parallelmap: unified interface to
parallelization back-ends r package version 1.5.0. Available at: https://cran.r-project.
org/package=parallelMap.

Bishop, C. M. (2006). Pattern recoginiton and machine learning (New York, USA:
Springer-Verlag New York).

Breiman, L. (1996). Stacked regressions. Mach. Learn. 24, 49-64. doi: 10.1023/
A:1018046112532

Breiman, L. (2001). Random forests. Mach. Learn. 45, 5-32. doi: 10.1023/
A:1010933404324

Butler, K. T., Davies, D. W., Cartwright, H., Isayev, O., and Walsh, A. (2018).
Machine learning for molecular and materials science. Nature 559, 547-555.
doi: 10.1038/s41586-018-0337-2

Frontiers in Plant Science

14

10.3389/fpls.2023.1178902

Conflict of interest

Authors AA and TK were employed by the company NPZ
Innovation GmbH.

The remaining authors declare that the research was conducted
in the absence of any commercial or financial relationships that
could be construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fpls.2023.1178902/
full#supplementary-material

Chen, T., and Guestrin, C. (2016). “Xgboost: a scalable tree boosting system,” in
Proceedings of the 22nd ACM SIGKDD international conference on knowledge discovery
and data mining (New York, NY, USA: Association for Computing Machinery).
doi: 10.1145/2939672.2939785

Chen, T., He, T., Benesty, M., Khotilovich, V., Tang, Y., Cho, H., et al. (2022)
Xgboost: extreme gradient boosting r package version 1.6.0.1. Available at: https://
CRAN.R-project.org/package=xgboost.

Cortes, C., and Vapnik, V. (1995). Support-vector networks. Mach. Learn. 20, 273—
297. doi: 10.1007/bf00994018

Covarrubias-Pazaran, G. (2016). Genome assisted prediction of quantitative traits
using the r package sommer. PloS One 11, 1-15. doi: 10.1371/journal.pone.0156744

Covarrubias-Pazaran, G. (2018). Software update: moving the r package sommer to
multivariate mixed models for genome-assisted prediction. biorxv. 354639. doi: 10.1101/354639

Cuevas, J., Montesinos-Lopez, O., Juliana, P., Guzman, C., Pérez-Rodriguez, P.,
Gonzalez-Bucio, ]., et al. (2019). Deep kernel for genomic and near infrared predictions
in multi-environment breeding trials. G3: Genes Genomes Genet. 9, 2913-2924.
doi: 10.1534/g3.119.400493

Dargan, S., Kumar, M., Ayyagari, M. R,, and Kumar, G. (2020). A survey of deep
learning and its applications: a new paradigm to machine learning. Arch. Comput.
Methods Eng. 27, 1071-1092. doi: 10.1007/s11831-019-09344-w

Domingos, P. (2012). A few useful things to know about machine learning.
Commun. ACM 55, 78-87. doi: 10.1145/2347736.2347755

Endelman, J. B, and Jannink, J.-L. (2012). Shrinkage estimation of the realized relationship
matrix. G3: Genes Genomes Genet. 2, 1405-1413. doi: 10.1534/g3.112.004259

Friedman, J. H. (2001). Greedy function approximation: a gradient boosting
machine. Ann. Stat 29, 1189-1232. doi: 10.1214/a0s/1013203451

Gabur, I, Simioniug, D. P., Snowdon, R. ], and Cristea, D. (2022). Machine learning
applied to the search for nonlinear features in breeding populations. Front. Artif. Intell.
5. doi: 10.3389/frai.2022.876578

Galli, G., Sabadin, F., Yassue, R. M., Galves, C., Carvalho, H. F., Crossa, ., et al.
(2022). Automated machine learning: a case study of genomic “image-based”
prediction in maize hybrids. Front. Plant Sci. 13. doi: 10.3389/fpls.2022.845524

Gillberg, J., Marttinen, P., Mamitsuka, H., and Kaski, S. (2019). Modelling gxe with
historical weather information improves genomic prediction in new environments.
Bioinformatics 35, 4045-4052. doi: 10.1093/bioinformatics/btz197

Goodfellow, I, Bengio, Y., and Courville, A. (2016). Deep learning (Cambridge, MA,
USA: MIT Press). Available at: http://www.deeplearningbook.org.

frontiersin.org

—928—



Heilmann et al.

Gowda, M., Zhao, Y., Wiirschum, T, Longin, C. F.,, Miedaner, T., Ebmeyer, E., et al.
(2014). Relatedness severely impacts accuracy of marker-assisted selection for disease
resistance in hybrid wheat. Heredity 112, 552-561. doi: 10.1038/hdy.2013.139

Hallauer, A. R., Carena, M. J., and Miranda Filho, J. B. (2010). Quantitative genetics
in maize breeding (New York, USA: Springer).

Hastie, T., Tibshirani, R., and Friedman, J. (2009). The elements of statistical learning
(New York, USA: Springer). doi: 10.1007/978-0-387-84858-7

Hofheinz, N., Borchardt, D., Weissleder, K., and Frisch, M. (2012). Genome-based
prediction of test cross performance in two subsequent breeding cycles. Theor. Appl.
Genet. 125, 1639-1645. doi: 10.1007/s00122-012-1940-5

James, G., Witten, D., Hastie, T., and Tibshirani, R. (2013). An introduction to
statistical learning (New York, USA: Springer). doi: 10.1007/978-1-4614-7138-7

Karatzoglou, A., Hornik, K., Smola, A., and Zeileis, A. (2004). Kernlab - an s4
package for kernel methods in r. J. Stat. Software 11, 1-20. doi: 10.18637/jss.v011.i09

Khaki, S., Khalilzadeh, Z., and Wang, L. (2020). Predicting yield performance of
parents in plant breeding: a neural collaborative filtering approach. PLoS One 15,
€0233382. doi: 10.1371/journal.pone.0233382

Khaki, S., and Wang, L. (2019). Crop yield prediction using deep neural networks.
Front. Plant Sci. 10. doi: 10.3389/fpls.2019.00621

Koren, Y., Bell, R, and Volinsky, C. (2009). Matrix factorization techniques for
recommender systems. Computer 42, 30-37. doi: 10.1109/MC.2009.263

LeDell, E., Gill, N., Aiello, S., Fu, A., Candel, A., Click, C., et al. (2020). h2o: r
interface for the “h20” scalable machine learning platform r package version 3.32.0.3.

Lenth, R. (2021) Emmeans: estimated marginal means, aka least-squares means r
package version 1.2.3. Available at: https://cran.r-project.org/package=emmeans.

Li, L., Jamieson, K., DeSalvo, G., Rostamizadeh, A., and Talwalkar, A. (2018b).
Hyperband: a novel bandit-based approach to hyperparameter optimization. J. Mach.
Learn. Res. 18, 1-52. doi: 10.3389/fgene.2018.00237

Li, B., Zhang, N., Wang, Y.-G., George, A. W., Reverter, A, and Li, Y. (2018a).
Genomic prediction of breeding values using a subset of snps identified by three
machine learning methods. Front. Genet. 9. doi: 10.3389/fgene.2018.00237

Liang, M., An, B, Li, K, Du, L., Deng, T., Cao, S., et al. (2022). Improving genomic
prediction with machine learning incorporating tpe for hyperparameters optimization.
Biology. 11, 1647. doi: 10.3390/biology11111647

Liang, M., Chang, T., An, B, Duan, X,, Du, L., Wang, X,, et al. (2021). A stacking
ensemble learning framework for genomic prediction. Front. Genet. 12. doi: 10.3389/
fgene.2021.600040

Ma, W., Qiu, Z., Song, J., Li, J., Cheng, Q., Zhai, J., et al. (2018). A deep convolutional
neural network approach for predicting phenotypes from genotypes. Planta 248, 1307-
1318. doi: 10.1007/s00425-018-2976-9

Malohlava, M., and Candel, A. (2022). Gradient boosting machine with h2o
(Mountain View, CA, USA: H20.ai Inc). Available at: https://docs.h20.ai/h20/latest-
stable/h20-docs/booklets/ GBMBooklet.pdf.

Melchinger, A. E., and Gumber, R. K. (1998). “Chap. 3,” in Overview of heterosis and
heterotic groups in agronomic crops (Madison, WI, USA: John Wiley & Sons, Ltd), 29-
44.

Mobhanty, S. P., Hughes, D. P., and Salathé, M. (2016). Using deep learning for
image-based plant disease detection. Front. Plant Sci. 7. doi: 10.3389/
pls.2016.01419

Montesinos-Lopez, O. A., Martin-Vallejo, J., Crossa, J., Gianola, D., Hernandez-
Suarez, C. M., Montesinos-Lopez, A., et al. (2019). A benchmarking between deep
learning, support vector machine and bayesian threshold best linear unbiased
prediction for predicting ordinal traits in plant breeding. G3: Genes Genomes Genet.
9, 601-618. doi: 10.1534/g3.118.200998

Montesinos-Lopez, O. A., Montesinos-Lopez, A., Crossa, ]., Gianola, D., Hernandez-
Suarez, C. M., and Martin-Vallejo, J. (2018a). Multi-trait, multi-environment deep
learning modeling for genomic-enabled prediction of plant traits. G3: Genes Genomes
Genet. 8, 3829-3840. doi: 10.1534/g3.118.200728

Montesinos-Lopez, O. A., Montesinos-Lopez, A., Crossa, J., Montesinos-Lopez, J. C.,
Mota-Sanchez, D., Estrada-Gonzalez, F., et al. (2018b). Prediction of multiple-trait and
multiple-environment genomic data using recommender systems. G3: Genes Genomes
Genet. 8, 131-147. doi: 10.1534/g3.117.300309

Montesinos-Lopez, O. A., Montesinos-Lopez, A., Pérez-Rodriguez, P., Barron-Lopez, J. A.,
Martini, J. W., Fajardo-Flores, S. B,, et al. (2021). A review of deep learning applications for
genomic selection. BMC Genomics 22, 19. doi: 10.1186/512864-020-07319-x

Nagasubramanian, K., Jones, S., Sarkar, S., Singh, A. K., Singh, A., and
Ganapathysubramanian, B. (2018). Hyperspectral band selection using genetic
algorithm and support vector machines for early identification of charcoal rot
disease in soybean stems. Plant Methods 14, 86. doi: 10.1186/s13007-018-0349-9

Nagasubramanian, K., Jones, S., Singh, A. K., Sarkar, S., Singh, A., and
Ganapathysubramanian, B. (2019). Plant disease identification using explainable 3d deep
learning on hyperspectral images. Plant Methods 15, 98. doi: 10.1186/s13007-019-0479-8

Perez, P., and de los Campos, G. (2014). Genome-wide regression and prediction with
the bglr statistical package. Genetics 198, 483-495. doi: 10.1534/genetics.114.164442

Frontiers in Plant Science

10.3389/fpls.2023.1178902

Philipp, N., Liu, G., Zhao, Y., He, S., Spiller, M., Stiewe, G., et al. (2016). Genomic
prediction of barley hybrid performance. Plant Genome 9, plantgenome 2016-02.
doi: 10.3835/plantgenome2016.02.0016

Probst, P., Boulesteix, A.-L., and Bischl, B. (2019). Tunability: importance of
hyperparameters of machine learning algorithms. J. Mach. Learn. Res. 20, 1-32.

Qiu, Y., Cortes, D., Lin, C.-J., Juan, Y.-C., Chin, W.-S., Zhuang, Y., et al. (2021).
Recosystem: recommender system using matrix factorization.

R Core Team (2022). R: a language and environment for statistical computing
(Vienna, Austria: R Foundation for Statistical Computing).

Schrag, T. A., Westhues, M., Schipprack, W., Seifert, F., Thiemann, A., Scholten, S.,
et al. (2018). Beyond genomic prediction: combining different types of omics data can
improve prediction of hybrid performance in maize. Genetics 208, 1373-1385.
doi: 10.1534/genetics.117.300374

Schulthess, A. W., Zhao, Y., and Reif, J. C. (2017). Genomic selection in hybrid
breeding (Cham: Springer International Publishing), 149-183.

Shahhosseini, M., Hu, G., Huber, I, and Archontoulis, S. V. (2021). Coupling
machine learning and crop modeling improves crop yield prediction in the us corn belt.
Sci. Rep. 11, 1-15. doi: 10.1038/541598-020-80820-1

Shwartz-Ziv, R,, and Armon, A. (2022). Tabular data: deep learning is not all you
need. Inf. Fusion 81, 84-90. doi: 10.1016/j.inffus.2021.11.011

Snoek, J., Larochelle, H., and Adams, R. P. (2012). “Practical bayesian optimization
of machine learning algorithms,” in Advances in neural information processing systems,
F. Pereira and C.J. Burges and L. Bottou and K.Q. Weinberger (Red Hook, NY, USA:
Curran Associates Inc), 25, 2951-2959. Available at: https://proceedings.neurips.cc/
paper_files/paper/2012/file/05311655a15b75fab86956663e1819cd-Paper.pdf.

Sood, S., Lin, Z., Caruana, B., Slater, A. T., and Daetwyler, H. D. (2020). Making the
most of all data: combining non-genotyped and genotyped potato individuals with
hblup. Plant Genome 13, €20056. doi: 10.1002/tpg2.20056

Stahl, A., Pfeifer, M., Frisch, M., Wittkop, B., and Snowdon, R. J. (2017). Recent
genetic gains in nitrogen use efficiency in oilseed rape. Front. Plant Sci. 8, 963.
doi: 10.3389/fpls.2017.00963

Steeg, E., Struik, P., Visser, R., and Lindhout, P. (2022). Crucial factors for the
feasibility of commercial hybrid breeding in food crops. Nat. Plants 8, 1-11.
doi: 10.1038/s41477-022-01142-w

Stuber, C. W., and Cockerham, C. C. (1966). Gene effects and variances in hybrid
populations. Genetics 54, 1279-1286. doi: 10.1093/genetics/54.6.1279

Technow, F., Riedelsheimer, C., Schrag, T. A., and Melchinger, A. E. (2012).
Genomic prediction of hybrid performance in maize with models incorporating
dominance and population specific marker effects. Theor. Appl. Genet. 125, 1181-
1194. doi: 10.1007/s00122-012-1905-8

Technow, F., Schrag, T. A., Schipprack, W., Bauer, E., Simianer, H., and Melchinger,
A. E. (2014). Genome properties and prospects of genomic prediction of hybrid
performance in a breeding program of maize. Genetics 197, 1343-1355. doi: 10.1534/
genetics.114.165860

Van Der Laan, M. J,, Polley, E. C.,, and Hubbard, A. E. (2007). “Super learner,” in
Statistical applications in genetics and molecular biology. 6, 25. doi: 10.2202/1544-
6115.1309

Washburn, J. D., Cimen, E., Ramstein, G., Reeves, T., O’Briant, P., McLean, G., et al.
(2021). Predicting phenotypes from genetic, environment, management, and historical
data using cnns. Theor. Appl. Genet. 134, 3997-4011. doi: 10.1007/s00122-021-03943-7

Westhues, C. C., Mahone, G. S., da Silva, S., Thorwarth, P., Schmidt, M., Richter, ].
C,, etal. (2021). Prediction of maize phenotypic traits with genomic and environmental
predictors using gradient boosting frameworks. Front. Plant Sci. 12. doi: 10.3389/
fpls.2021.699589

Xu, Y., Zhao, Y., Wang, X., Ma, Y., Li, P,, Yang, Z,, et al. (2021). Incorporation of
parental phenotypic data into multi-omic models improves prediction of yield-related
traits in hybrid rice. Plant Biotechnol. J. 19, 261-272. doi: 10.1111/pbi.13458

Yan, J., Xu, Y., Cheng, Q. Jiang, S., Wang, Q., Xiao, Y., et al. (2021). Lightgbm:
accelerated genomically designed crop breeding through ensemble learning. Genome
Biol. 22, 271. doi: 10.1186/s13059-021-02492-y

Zenke-Philippi, C., Frisch, M., Thiemann, A., Seifert, F., Schrag, T., Melchinger, A.
E., et al. (2017). Transcriptome-based prediction of hybrid performance with
unbalanced data from a maize breeding programme. Plant Breed. 136, 331-337.
doi: 10.1111/pbr.12482

Zenke-Philippi, C., Thiemann, A., Seifert, F., Schrag, T., Melchinger, A. E., Scholten,
S., et al. (2016). Prediction of hybrid performance in maize with a ridge regression
model employed to dna markers and mrna transcription profiles. BMC Genomics 17,
262. doi: 10.1186/512864-016-2580-y

Zhao, Y., Li, Z,, Liu, G., Jiang, Y., Maurer, H. P., Wiirschum, T., et al. (2015).
Genome-based establishment of a high-yielding heterotic pattern for hybrid wheat
breeding. Proc. Natl. Acad. Sci. U.S.A. 112, 15624-15629. doi: 10.1073/
pnas.1514547112

Zhao, Y., Thorwarth, P., Jiang, Y., Philipp, N., Schulthess, A. W., Gils, M,, et al.
(2021). Unlocking big data doubled the accuracy in predicting the grain yield in hybrid
wheat. Sci. Adv. 7, eabf9106. doi: 10.1126/sciadv.abf9106

frontiersin.org

—929—



:' frontiers

Supplementary Material: Stacked ensembles on basis
of parentage information can predict hybrid
performance with an accuracy comparable to
marker-based GBLUP

1 SUPPLEMENTARY TABLES AND FIGURES
1.1 Figures

100 (A)

a
o

o

100 (B)

A
o

o

100 (©)

a
o

100 (D)

a
o

No. of lines in parent group 2
o

o

100 (E)

a
o

o

100 (F)

a
o

QQEEE Full factorial ® Realized hybrids

o

ITTTTTTTT eI T I T T T T e T T T I T e T T e T e T T T AT e T I T meTTonT
0 100 200 300 400 500 600 700

No. of lines in parent group 1

Figure S1. Crossing matrices for every experimental dataset indicating the size of the parent groups as
well as the number of realized hybrid combinations. Black tiles represent realized hybrid crosses. The
factorials are displayed on the same scales to highlight the differences between datasets with regard to size,
unbalancedness in size of parent groups and sparsity. Datasets: (A): Ral, 14 x 381; (B): Ra2, 24 x 756;
(C): Ra3, 29 x 516; (D): Wh1, 15 x 120; (E): Col, 86 x 123; (F): Co2, 50 x 41.
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Figure S2. Crossing matrices of the individual datasets indicating the sparsity/completeness of the factorial.
Black tiles represent realized crosses. Tick marks on both axes represent the lines from the respective group.
Enlarged representation of Figure S1. Datasets: (A): Ral, 14 x 381; (B): Ra2, 24 x 756; (C): Ra3, 29 x
516; (D): Wh, 15 x 120; (E): Col, 86 x 123; (F): Co2, 50 x 41.

—31—



Heilmann et al. 2023 Supplementary Material

« = = N oo < N ~ T — o © © v Fa— ®©
L 4 <+ © < & ¢ «© N N ©o ®© TN N © o W © © o O © ©
o | © o o < ©c o o € S o o € © o o o o o o o o o o o
_'__"_'_
-
T T T - EEE
_ L P R
[+ - _I_-‘-_‘_ o O |
- 1 -- ]
o | - - - o | .
| T [e] o -é—
> 1 1
g "TH [ 8
5 - - ! [
8(D__||T - - _L_A_ a4 o o
SN I T L s
5 oo ! : o
:‘3 III EE o
L
Qq-_ "E
D‘o II|
| I_I_.
[ 1 £ -4
[
[
N [e]
o P
o |
4
8
Q]
[S)
1T 1T 1 1T 1T 1 1T 1T 1 1T 1T 1 1T 1T 1 1T 1T 1
m ww z m ww z m ww z m ww z m ww z m ww z
o n o Z o o o Z o o o Z o o o Z o o o Z o o o Z
x < x < x < x < x < x <
Ra1 Ra2 Ra3 Wh1 Cot Co2

Figure S3. Boxplots of observed prediction accuracies for six different datasets (Ral, Ra2, Ra3, Whi,
Col, Co2) using four different methods (XGB, SE, RF, ANN) and yield of all other realized crosses of the
parents of a specific hybrid as input features. Median prediction accuracy is displayed above each boxplot.
As an alternative to the parentage information approach which uses parent names as input variables, we
used the yield of all other realized crosses of the parents of a specific hybrid as the input features to predict
its yield. This set of input features increased computation time, but never outperformed prediction with
nominal parent factor levels. Results of ANN missing (n.a.) for datasets Ral, Ra2 and Ra3 because models
did not converge during training.
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Figure S4. Distribution of the scaled mean squared error (MSE) per hyperparameter level of number of
bins used for categories. Error of every grid search model was scaled by subtracting the mean and dividing
it by the standard deviation of the respective cross validation split. Datasets: (A): Ral, (B): Ra2, (C): Ra3,
(D): Whi, (E): Col, (F): Co2




Heilmann et al. 2023 Supplementary Material

20
18
16
14
12

Max. depth

—_
NBAOOO

Max. depth
—_—_ g anN
NBEAODOONPAO®OO

i

20
18
16
14
12

Max. depth

—_
NBAROOOWO

M

18
< 16 M o~
g
e N 10
. ‘;’ 8 O o~
— I : i\ —
4
7 U 2 i U
-2 0 2 6 -2 0 2 4 6
scaled MSE scaled MSE

AN

A

Max. depth
NEDRON R DD

—_—T N

-2 2 6 -2 0 2 4 6
scaled MSE scaled MSE
AN 20
18
< 16
Q 14
S 3 12
(>é 10
8
= 6
4
I N 2
-2 0 2 6 -2 0 2 4 6
scaled MSE scaled MSE

e

-2 0 2 4 6

Figure SS. Distribution of the scaled mean squared error (MSE) per hyperparameter level of maximum
depth of trees. Error of every grid search model was scaled by subtracting the mean and dividing it by the
standard deviation of the respective cross validation split. Datasets: (A): Ral, (B): Ra2, (C): Ra3, (D):
Wh1, (E): Col, (F): Co2
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Figure S6. Distribution of the scaled mean squared error (MSE) per hyperparameter level of minimum
number of rows required for further splitting. Error of every grid search model was scaled by subtracting
the mean and dividing it by the standard deviation of the respective cross validation split. Datasets: (A):
Ral, (B): Ra2, (C): Ra3, (D): Whl, (E): Col, (F): Co2
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Figure S7. Distribution of the scaled mean squared error (MSE) per hyperparameter level of number
of trees used to train a model. Error of every grid search model was scaled by subtracting the mean and
dividing it by the standard deviation of the respective cross validation split. Datasets: (A): Ral, (B): Ra2,
(C): Ra3, (D): Whi, (E): Col, (F): Co2
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Figure S8. Distribution of the scaled mean squared error (MSE) per hyperparameter level of the row
sampling rate. Error of every grid search model was scaled by subtracting the mean and dividing it by the
standard deviation of the respective cross validation split. Datasets: (A): Ral, (B): Ra2, (C): Ra3, (D):
Wh1, (E): Col, (F): Co2
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1.2 Tables

Table S1. Overview of all possible hyperparameters considered in the grid search. Names of the listed hyperparameters correspond to the argument names used
in h20. A short description of each hyperparameter and their common names can be found in the materials and methods section of the paper.

Hyperparameter Gridparameters
GBM & RF

n_trees (200, 400, . .., 1000)
max_depth (2,4,...,20)

min_rows (1,3,5,8,10)

sample_rate (0.1,0.2,...,1.0)

nbins_cats (Npi - 0.05, Ny - 0.25, Ny - 0.5, Ny )
learn_rate I 0.1

XGB

n_trees (5000)

max_depth (2,4,...,20)

min_rows (1,5,10)

sample_rate (0.2,0.4,...,1.0)

col_sample rate_by_tree (0.2,0.4,...,1.0)

gamma (0,5, 10, 20)

learn_rate (0.01,0.05,0.1)

nbins_cats (Np - 0.05, Ny - 0.25, Ny - 0.5, Ny )
ANN

hidden 64,128, (32,32), (64, 32), (128, 64), (64, 64, 64)
epochs (2,4,10,20)

input_dropout (0,0.2)

rate (0.001, 0.0005, 0.0001)

SVM

C (22,23,...,29)

epsilon (0.00,0.01,...,0.20)

kernel linear, polynomial, radial
degree (2,3,...,9)

MF

dim (4,8,...,20)

niter 500

costp_11 (0,0.01)

costq_11 (0,0.01)

Irate 0.05

N, is the sum of all parental lines in the training set { Only for GB
p p g
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Table S2. GB hyperparameter combinations for each dataset with no. times best > 5. A model was considered the best if it achieved the lowest error within a
grid search. Only grid search runs with nominal parent information were considerd.

Dataset Model No. max_depth min_rows nbins_cats ntrees sample_rate no.times best

36 2 8 5% 400 0.2 80
Ral 44 18 3 50% 600 0.7 6
45 10 3 25% 600 0.5 5
43 8 8 25% 200 0.2 26
17 16 8 25% 200 0.4 24
Ra2 22 16 8 25% 200 0.3 23
27 8 3 25% 400 0.5 10
45 10 3. 25% 600 0.5 12
5 4 8 50% 600 0.6 62
46 14 10 50% 400 0.2 9
Ra3 19 10 8 50% 1000 0.3 8
31 10 8 50% 800 0.2 8
23 4 5 25% 400 1.0 6
Whl 14 2 5 50% 1000 0.9 100
14 2 5 50% 1000 0.9 45
Col 23 4 5 25% 400 1.0 42
9 4 1 25% 400 0.3 8
34 2 3 25% 200 0.6 71
Co2 43 8 8 25% 200 0.2 11
14 2 5 50% 1000 0.9 8
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Table S3. Complete overview of the count of all best performing GB models for each dataset. Numbers indicate the times a model was considered the best, i.e.
achieved the lowest mean square error within a grid search. Models without any case of being considered the best were removed from the table. Only grid search
runs with nominal parent information were considered.

Model No. | Ral Ra2 Ra3 Whl Col Co2
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1.3 Code Example

### Heilmann et al. 2023

# Example procedure to conduct a Gradient Boosting Machine grid search
# and form Stacked Ensembles on the basis of the results using h2o

# and a corn dataset from Technow et al. 2014

# Load required packages
library(sommer)
library(h2o)

# Start the h2o cluster
h20.init()

# Function to restart after each iteration to prevent memory cluttering
restart <- function(nodes = 4){

h20.shutdown (F)

h20.init(nthreads = nodes)

Sys.sleep(1) # Sometimes needs some time to start up

}

# Load the dataset
data("DT_technow")

# Categorical variables are required to be of type 'factor'
DT_technow$dent <- as.factor(DT_technow$dent)
DT_technow$flint <- as.factor(DT_technow$flint)
DT_technow$hy <- as.factor (DT_technow$hy)

### Hyperparameter search space for grid search

# A1l of these hyperparameter levels will be considered in the random selection
# of hyperparameter combinations used in the random grid search.

# Can be extended or modified

params <- list(ntrees = seq(200,1000,200), # Number of trees to include
max_depth = seq(2, 20, 2), # Max. depth of each tree
min_rows = c(1,3,5,8,10), # Min. rows required for split
sample_rate = seq(0.1, 1.0, 0.1), # Fraction of rows sampled per tree
nbins_cats = NA) # gets replaced later
search_criteria <- list(strategy = "RandomDiscrete", # Set for random grid search
max_models = 10, # Train 50 models
seed = 2102) # Seed for reproducibility

# Creates list 'idx.list' with indices for 100 random splits

# Split ratio was 90% training set to 10% test set

# Splits can be generated again by setting the seed and sending

# the command again. This is to ensure somewhat reproducible results.

seed.vec <- 2017
idx.list <- list()
set.seed(seed.vec)

# Each iteration creates a random split, stores it in a list
for (x in 1:100) {
idx.list[[x]] <- sample(x = 1:nrow(DT_technow),
size = round(nrow(DT_technow)*0.9))

# Seeds for the random processes within the ML algorithm
# Not to be confused with seed set for choosing

# the hyperparameters.

# Setting this seed does not provide 100% reproducibility
# but results are closer to each other

set.seed(123123)

lseed <- sample(1:10000, 100)

—43—
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gbm_cors <- c(Q) # To store gbm prediction accuracy
ens_cors <- cQ) # To store ensemble prediction accuracy
grid_list <- list() # To store grid details

for (i in 1:100) {
# Get the indicies for the training set in this iteration
idx  <- idx.list[[i]]

# Assign training set by index
Train <- DT_technow[idx, ]

# Hence, removing the training set indices leaves the test set
Test <- DT_technow[-idx, ]

# Check if any parental line are contained in the test set but not the
# training set. If such is the case, remove them from the training set
# Both parental lines need to be available in the training set for GCA
# to work

if (lall(Test$dent %in% Train$dent)) {
Test <- Test[Test$dent %inJ, Train$dent, ]
¥
if ('all(Test$flint %inY Train$flint)) {
Test <- Test[Test$flint Jin’ Train$flint, ]
¥

# Dataframes need to be transformed into h2o.frames for further use
Train.h2o0 <- as.h20(Train[c("GY", "flint", "dent")])
Test.h20 <- as.h20( Test[c("GY", "flint", "dent")])

# We set the nbins_cats hyperparameter space according

# to the number of factor levels, i.e. parental lines, in our

# training set. Depending on the train/test split, this may change
n_cat <- length(levels(Train$flint)) + length(levels(Train$dent))

# Modify the hyperparameter search space
# We use 100%, 50%, 25% or 5% of factor levels
params$nbins_cats <- round(c(n_cat, n_cat * .5, n_cat * .25, n_cat * .05))

# Run the grid search
# Depending on the computational capacity and threads used, this may take a while
# Using the standard metric 'mean residual deviance' is identical to MSE for this task

gbm_grid <-

h20.grid( algorithm = 'gbm", # Algorithm for grid search
y = "Gy", # Target variable
X = c("flint", "dent"), # Predictor variables
training_frame = Train.h2o, # Data, must be in h2o0 format
grid_id = pasteO("gbm_grid_", i), # Name of the grid
nfolds = 10, # 10-fold CV
seed = lseed[i], # seed for random procedures
hyper_params = params, # predefined hyperparameters
search_criteria = search_criteria, # predefined criteria
keep_cross_validation_predictions = TRUE # save CV - required for SE

)

# Get best grid search model
best_model <- h2o0.getModel(gbm_grid@model_ids[[1]1])

# Make predictions with best model, transform h2o.frane to dataframe
gbm_preds <- as.data.frame(h2o.predict(best_model, Test.h20))[, ]

# Store accuracy in vector
gbm_cors <- c(gbm_cors, cor(Test$GY, gbm_preds, method = "pearson"))

Frontiers 15
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# Visualize predicted compared to observed yield
plot(

Test$GY,

gbm_preds,

pch = 20,

col = "black",

x1lim = c(min(Test$GY), max(Test$GY)),

ylim = c(min(gbm_preds), max(gbm_preds))

# Store grid details and ranking in a list
grid_list[[i]] <- as.data.frame(gbm_grid@summary_table)

### This finds the optimum number of models for the
### Stacked Ensemble and predicts yield using the best

# Create dataframe to store number of models
# and prediction accuracy
ensemble_eval <- data.frame()

# Iterate over sequence of Top 5, 10, ..., 50 models
for (x in seq(5,50,5)) {
ensemble <-
h20.stackedEnsemble (

y = "GY", # target

X = c("flint", "dent"), # predictors
metalearner_algorithm = "glm", # super learner
metalearner_params = list(lambda_search = T, alpha = 0), # Ridge Regression
metalearner_nfolds = 10, # 10-fold CV
training_frame = Train.h2o, # in h2o0 format
base_models = c(unlist(gbm_gridGmodel_ids[1:x])) # model names

# Save the r2 as a measure of prediction accuracy here
r2 <- ensemble@model$metalearner_model@model$cross_validation_metrics@metrics$r2
r2 < as.vector(r2)

# Store no. of models included and accuracy in dataframe
ensemble_eval = rbind(ensemble_eval,c(x,r2) )

}

# Choose no. of models with highest accuracy
ens_model_num <- ensemble_eval [which.max(ensemble_evall[,2]),1]
# n_models <- c(n_models,ens_model_num)

# Build Stacked Ensemble with best no. of models
ensemble <-
h20.stackedEnsemble (

y = "GY",
X = c("flint", "dent"),

metalearner_algorithm = "glm",

metalearner_params = list(lambda_search = T, alpha = 0),
metalearner_nfolds = 10,

training_frame = Train.h2o,

base_models = c(unlist(gbm_gridCmodel_ids[1:ens_model_num]))

# Make predictions with best ensemble, transform h2o.frane to dataframe
ens_preds <- as.data.frame(h2o.predict(ensemble, Test.h20))[, ]

# Store accuracy in vector
ens_cors <- c(ens_cors, cor(Test$GY, ens_preds, method = "pearson'"))
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Chapter 3

Machine learning for prediction of
resistance scores in wheat
( Triticum aestivum L.)!

'P. G. Heilmann, Y. F. Difabachew, M. Frisch, A. L. Moritz, A. Stahl, B. Wittkop, R. J.
Snowdon, M. Koch, M. Kirchhoff, L. Cselényi, M. Wolf, J. Forster, and C. Zenke-Philippi (2024)
Machine learning for prediction of resistance scores in wheat (Triticum aestivum L.). Plant Breed-
ing 144:192-205.
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ABSTRACT

Machine learning methods were shown to improve the prediction accuracies of genomic prediction of resistance scores com-
pared to methods like RR-BLUP, which were originally designed for metric rather than ordinal response values. We conducted a
cross-validation study with 361 wheat genotypes evaluated for five fungal diseases. Our objective was to compare the prediction
accuracy and the ability to identify the most resistant genotypes of 19 genomic prediction approaches. Each approach consisted of
a different combination of prediction method (RR-BLUP, an alternative method with heterogeneous marker variances, Bayesian
generalized linear regression with an ordinal response, support vector machine, gradient boosting machine and random forest),
predictor (single SNP markers, LD-based haplotype blocks, 250 variables generated with an autoencoder and SNPs identified
with incremental feature selection) and response value (untransformed and logit-transformed resistance scores). In our dataset,
RR-BLUP was consistently among the methods with the largest prediction accuracies and the best abilities to identify resistant
genotypes in four of five investigated traits. However, in P. triticina, using gradient boosting machine and random forest instead
of RR-BLUP increased the prediction accuracy from 0.64 to 0.71, indicating that machine learning methods may have an ad-
vantage over linear models in genomic prediction. We also found that even though there was a positive correlation between the
prediction accuracy and Cohen's x, a measure to judge how well the most resistant genotypes can be identified, the correlation is
not perfect and a large value for the prediction accuracy does not necessarily translate into an equally large x value.

1 | Introduction value of an individual from its genotypic data, has increasingly
replaced phenotypic selection. The advantage is that only a part
In the last two decades, genomic prediction (Meuwissen, Hayes, of all the genotypes in the breeding population have to be phe-

and Goddard 2001), which aims at predicting the phenotypic notyped or, even better, that phenotypic data that are already

Abbreviations: BGLR, Bayesian generalized linear regression; GBLUP, genomic best linear unbiased prediction; GBM, gradient boosting machine; GWAS, genome-wide association study; LD,
linkage disequilibrium; RF, random forest; RMLA, estimation of the error and genetic variance components with restricted maximum likelihood and partitioning according to ANOVA variance
components; RMSE, square root of the mean square error; RR-BLUP, ridge-regression best linear unbiased prediction; SNP, single nucleotide polymorphism; SVM, support vector machine; SVR,
support vector machine regression.
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available can be used for the predictions. For the remaining
genotypes, only marker data are needed. This is especially ben-
eficial for the evaluation of resistance traits, which is time con-
suming and expensive. The genomic prediction approach has
three components: (1) the form of the genotypic data that are
used as predictors, (2) the type of the response values (metric val-
ues, percentages and values on an ordinal or nominal scale) and
(3) the statistical model that links predictor and response. All of
these components have an influence on the prediction accurary,
defined as Pearson's correlation between the observed and pre-
dicted phenotypic values.

The last component, the statistical model, is the one that receives
the most attention in studies on genomic prediction. Ridge regres-
sion best linear unbiased prediction (RR-BLUP) and Bayesian
methods are among the standard methods for genomic predic-
tion (Wang et al. 2018). While RR-BLUP assumes homogeneous
marker variances, most Bayesian methods (Meuwissen, Hayes,
and Goddard 2001) as well as another method called “estimation
of the error and genetic variance components with restricted max-
imum likelihood and partitioning according to ANOVA variance
components” (RMLA) (Hofheinz and Frisch 2014) allow for het-
erogeneous marker variances. This might be a better fit for the
oligogenic nature of resistance traits because the effects of some
markers may be large while those of most others may be close to
zero (Hofheinz and Frisch 2014). RR-BLUP, methods from the
Bayesian alphabet, and RMLA were developed for the prediction
of metric response values with single SNP markers. A possible al-
ternative for the prediction of ordinal response values is Bayesian
generalized linear regression as implemented in the R package
BGLR (Pérez and de los Campos 2014). More recently, machine
learning methods such as support vector machine (SVM), gradient
boosting machine (GBM) and random forest (RF) have been used
for genomic prediction of resistance scores (Azodi et al. 2019; John
et al. 2022; Jones et al. 2023; Ornella et al. 2012; Ornella et al. 2014;
Tomar et al. 2021). Machine learning methods are non-parametric
and can be applied to metric or ordinal response values without
any assumption on the underlying distribution. They also allow
to reframe the prediction problem as a classification in which not
the observed or predicted resistance scores of a genotype are used
as response values but rather its assignment to the “top” or “flop”
class (Gonzalez-Camacho et al. 2018).

Other attempts to improve the prediction accuracy of genomic
prediction address the predictors of the model by using haplotype
blocks (Difabachew et al. 2023; Weber et al. 2023) or autoencoder
features(Islam et al. 2023) as predictors instead of single SNPs or by
using subsets of SNPs determined with feature selection (Heinrich
et al. 2023; Li et al. 2018). Haplotype blocks group adjacent SNPs
on the chromosomes together based on different criteria such as
linkage disequilibrium (LD), a fixed number of markers, a fixed
physical or genetic distance on the chromosome, or algorithms
that aim to create haplotype block libraries that are as represen-
tative of the whole set of markers as possible (Pook et al. 2019).
‘When haplotype blocks are used as input variables in RR-BLUP,
they are able to capture local epistatic effects (Jiang, Schmidt, and
Reif 2018). Autoencoder features are extracted from the encoding
layer of an autoencoder. Autoencoders are unsupervised neural
networks, in which the input variables are also the targets of the
model output (Goodfellow, Bengio, and Courville 2016). In be-
tween the input and the output layers is at least one hidden layer

with fewer nodes than input variables. These layers function as
a bottleneck where the input variables are mapped to a lower di-
mensional representation (encoding). The number of dimensions
can be selected by the user. The model then reconstructs the origi-
nal input variables from this representation (decoding) in the out-
put layer. To minimize the reconstruction loss, the model learns to
preserve as much information of the original variables in the hid-
den layer as possible (Kramer 1991). Once the “optimal” encoding
model is found, the encoded data are used as input variables in
a genomic prediction model. In a study in rice, this reduction in
dimensionality preserved most of the prediction accuracy while it
reduced the computation time considerably (Islam et al. 2023). For
feature selection, a genome-wide association study is performed to
identify markers that are associated with the trait. The optimum
number of markers to be used in the prediction is then determined
by cross-validation and the final model is fit accordingly. The re-
sults on whether feature selection increases the prediction accu-
racy compared to the full set of SNPs are contradictory (Heinrich
et al. 2023; Li et al. 2018).

Apart from ignoring that the response values are not normally
distributed and using RR-BLUP or other methods for metric data
anyway, researchers have the option to transform the response
so that it better fits the normality assumption. The goal here is
to avoid potentially biased results when methods that were orig-
inally intended for use with normally distributed data are ap-
plied to data on an ordinal scale (Montesinos Lépez et al. 2015).
Additionally, when marker effects are estimated with methods
like RR-BLUP with an additive model, the additivity of effects can
lead to genomic estimates of the genotypic value (GEGVs) that are
outside of the original scale, that is, smaller than 0 or larger than
9 on a 0-9 scale. The GEGVs then have no direct translation into
meaningful resistance scores. The logit transformation addresses
both of these issues. It is intended to achieve a normal distribu-
tion of the data (Lesaffre, Rizopoulos, and Tsonaka 2007) and
shrinks the score values at both ends of the scale so that GEGVs
below or above the limits of the scale are avoided.

We designed this study in order to evaluate the potential of ma-
chine learning methods for genomic prediction not only for sin-
gle SNP markers but also for alternative input features, precisely
haplotype blocks and autoencoder features and for subsets of SNP
markers determined with feature selection. In order to compare
these newer methods with established approaches, we also in-
cluded Bayesian generalized linear regression and the use of logit-
transformed response values. In particular, our objectives were
to compare (1) the prediction accuracy of different prediction ap-
proaches, including machine-learning methods, and (2) the abil-
ity of these approaches to identify the genotypes with the smallest
resistance scores with a reference scenario (RR-BLUP with single
SNP markers) for the prediction of resistance to five different fun-
gal diseases in a panel of 361 German elite winter wheat lines.

2 | Materials and Methods
2.1 | Phenotypic Data
We evaluated the resistances against Puccinia triticina (brown

rust), Fusarium graminearum, Septoria tritici, Blumeria gr-
aminis (mildew) and Puccinia striiformis (yellow rust) of 378
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elite wheat lines at three locations in Germany (Bshnshausen,
Sachsen-Anhalt; Hovedissen, Nordrhein-Westfalen; Leutewitz,
Sachsen) in 2020. Resistances were scored on a 1-9 scale in
observation plots in one replication at one (S. tritici), two (F.
graminearum, P. triticina), or three locations (B. graminis, P. st-
riiformis). In case there was more than one location, the arith-
metic mean of the two or three observations was used as the
resistance score. In order to improve the readability of the man-
uscript, we use only the name of the disease instead of the full
term for the trait, for example, “S. tritici” instead of “S. tritici
resistance score.”

2.2 | Genotypic Data

All wheat lines were genotyped with the 25k Illumina iSelect
SNP array (SGS TraitGenetics, Gatersleben, Germany). All
SNP markers with more than two recorded alleles, more than
10% missing values and an expected heterozygosity of <5% as
well as all individuals with more than 10% missing marker in-
formation were excluded from the analysis. As a result, 16,667
SNP markers and 361 genotypes remained for further analysis.
Missing marker data were imputed with BEAGLE (Browning,
Zhou, and Browning 2018). We used this dataset for all further
calculations. There was no population structure in the dataset
(Figure S1).

2.3 | Genomic Prediction Methods

We used genomic prediction based on linear models and
machine learning algorithms to evaluate genomic predic-
tion accuracy and efficiency for resistance traits. We used
RR-BLUP (Meuwissen, Hayes, and Goddard 2001), RMLA
(Hofheinz and Frisch 2014) and Bayesian generalized linear
regression (BGLR) with an ordinal response (Pérez and de los
Campos 2014). RR-BLUP was technically implemented using
a transformation to an animal model (Shen et al. 2013). In
order to obtain more robust results in case singular design ma-
trices occur during the cross-validations, we used method 2 of
Nazarian and Gezan 2016. The method is available in our soft-
ware package SelectionTools: https://www.uni-giessen.de/de/
fbz/fb09/institute/pflbz2/population-genetics/software. RR-
BLUP is considered a standard genomic prediction method in
plant and animal breeding programs as it provides stable pre-
diction results (Clark and van der Werf 2013; VanRaden 2008)
and is therefore, together with single SNP markers as predic-
tors and resistance scores as response values, treated as the
reference in this study.

We also used three supervised machine learning algo-
rithms: support vector regression (SVR)/SVM, GBM and RF.
Hyperparameter optimization was performed for all algo-
rithms. SVR is a special case of SVM that is used for metric
response values (Drucker et al. 1996). We used a radial basis
function as the kernel and tuned the cost, the error mar-
gin (margin) and the influence reach of the individual data
points (sigma). GBM and RF are both based on ensembles
of decision trees (Breiman 2001; Friedman 2001). For GBMs,
decision trees are trained in a consecutive order, each tree
based on the previous one. For RFs, multiple trees are trained

in parallel, each based on a different subset of the training
data. The final prediction of the RF model is the average of
the predictions of all trees. For both algorithms, we tuned
the number of trees used by the model (ntrees), the random
column sampling rate (mtry) and the minimum data points
required for a split (nin_n). We manually set a learning rate
of 0.001 for GBM. Default settings were used for all other
hyperparameters.

As an alternative, we treated the prediction of resistance scores
as a classification task. We used SVM and GBM to predict
whether a line was resistant, that is, had a resistance score y
smaller than or equal to the 10% quantile Q,, or not. For clas-
sification, we used a linear kernel for the SVM and only tuned
the cost and margin. Learning rate for GBM was increased to
0.01 and min_n was manually set to 1.

We used a two-step procedure to optimize the hyperparameters
for SVR, RF and GBM. The procedure was the same for all algo-
rithms, only the hyperparameters changed (Table 1). We used a
5-fold cross-validation based on the training set to evaluate the
hyperparameters. The metric used for evaluation was the square
root of the mean square error (RMSE). First, we trained 10 mod-
els with hyperparameter combinations based on a maximum en-
tropy grid (Kuhn and Frick 2024; Shewry and Wynn 1987). The
essential idea of the maximum entropy grid is to sample points
(i.e., combinations of hyperparameters) that cover the hyperpa-
rameter space as well as possible, which ensures that the grid
search explores a broad range of hyperparameter combinations.
Since the points are sampled, they vary between replications.
The range of the hyperparameters is shown in Table 1. We used
the results of the grid search to initialise an iterative Bayesian
optimization, training 10 more models (Snoek, Larochelle, and
Adams 2012). Based on the error distribution of the initial max-
imum entropy grid points, a Bayesian optimization approach
can sample and test new combinations from the most promising

TABLE 1 | Overview of hyperparameter ranges considered during

tuning.
Hyperparameter Regression Classification
RF
ntrees (200, 1000) —
mtry (0.01, 0.33) —
min_n (1, 20) —
GBM
ntrees (50, 500) (500, 2000)
mtry (0.01,0.2) (0.01, 0.8)
min_n 2,40) _
SVR/SVM
cost (-10, 5) (-10, 5)
margin 0,0.2) 0,0.2)
sigma (-10, 0) —

Note: Names of the listed hyperparameters correspond to the argument names
used in the software.
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regions of the hyperparameter space more quickly. The hyper-
parameter combination of the model with the smallest RMSE
was used to train the final model. The optimization of the hyper-
parameters for classification was performed analogously, except
that some of the parameter ranges in the grid were changed and
Cohen's k was used as the evaluation metric.

2.4 | Feature Engineering

In addition to the complete set of SNP markers, we used three
alternative sets of predictors. For the first set, we constructed
haplotype blocks based on linkage disequilibrium (LD), which
can be measured by r? (Zhao et al. 2005). Pairwise LD values
were calculated for all SNP markers on each chromosome. SNP
markers were added to the left or to the right of a haplotype
block as long as the average r? between all pairs of SNPs within
a block was greater than t = 0.7. In order to be able to apply RR-
BLUP and RMLA to multi-allelic haplotype block data, the de-
sign matrix Z was re-parameterized (Difabachew et al. 2023).

For the second alternative set of predictors, we extracted the out-
puts of the encoding layer of an autoencoder. Our autoencoder
consisted of five fully connected hidden layers. The layers con-
sisted of [4000,1000, 250,1000, 4000] nodes. The input and output
layers consisted of as many nodes as there were predictor vari-
ables. The output of the centre layer, consisting of 250 nodes, was
treated as the encoding and extracted after model training. We
used a rectified linear unit activation function in the hidden layers
and applied batch normalization to the outputs of all hidden layers
except for the encoding layer. Our data consisted only of homo-
zygous inbred lines with no heterozygous markers present after
filtering. Therefore, the markers could be encoded in a binary for-
mat, represented by 0 and 1. This allowed for the use of a sigmoid
activation function in the output layer. We used binary crossen-
tropy as the loss function and Adam as the optimizer (Kingma
and Ba 2015) and trained the autoencoder for 100 epochs.

The third alternative set of predictors was determined by fea-
ture selection with a RF model based on GWAS (Heinrich
et al. 2023). Analogous to the grid search in the hyperparame-
ter optimization, we conducted a 5-fold cross-valiation on the
training set. First, a GWAS was conducted and the markers
were ranked according to their p values. Next, RF models
were trained, starting with only the most important markers
and then incrementing the number of markers in a iterative
procedure in steps of 50 from 100 to 1000, of 100 from 1001 to
5000 and of 1000 beyond 5000 markers. The number of mark-
ers that resulted in the largest prediction accuracy was deter-
mined as the optimum number and the marker set was then
used to train another RF model on the complete training set
in order to predict the phenotypic values in the validation set.
Default settings were used in all RF models. The distribution
of the number of SNPs selected by the feature selection proce-
dure is shown in Figure S2.

2.5 | Response Values

For the regression approaches, we used either the resis-
tance scores y or the logit-transformed resistance scores

y'= logit<%) = ln(lf%> (Lesaffre, Rizopoulos, and
Tsonaka 2007) as response values. The division by 10 was nec-
essary because the logit transformation can only be applied to
values in the interval (0,1). For the classification methods, the
observations y were transformed into two classes: Individuals
in the “top” class had a y below or equal to the 10% quantile
Q,0> and individuals in the “flop” class had a y above the 10%

quantile Q.

2.6 | Prediction Approaches

We define a prediction “approach” as the combination of pre-
diction method, predictor and response values. The name of
each approach consists of three elements, divided by a hy-
phen. The first element is the prediction method: ridge regres-
sion BLUP (RR-BLUP-...), estimation of the error and genetic
variance components with restricted maximum likelihood
and partitioning according to ANOVA variance components
(RMLA-...), Bayesian generalized linear regression with an or-
dinal response (BGLR-...), support vector regression (SVR-...),
support vector machine (SVM-...), gradient boosting machine
(GBM-...) and random forest (RF-...). The predictors can either
be SNPs, indicated by ..-SNP-... as the second element of the
approaches, haplotype blocks, indicated by ..-HAP-.., the
autoencoder output, indicated by ..-AEN-.., or a set of SNP
markers determined by feature selection (..-FS-...). The last
element of each approach is the type of the response value:
The use of untransformed values y is indicated by ..—...-0
in the name of the approach, the use of logit-transformed val-
ues y*is indicated by ...—. . . -1. Classified values are denoted
by ..—...-c. For example, the approach with the name SVR-
AEN-0 means that a support vector regression was applied
on the autoencoder data with the untransformed resistance
scores as the response values.

2.7 | Evaluation of the Prediction Approaches

Each prediction approach was evaluated in 200 cross-validation
runs. In each of the 200 runs, the dataset was randomly divided
into a training set with 289 genotypes (80%) and a validation set
with 72 genotypes (20%). The same splits into training and val-
idation set were used for all sets of predictors and algorithms.
When predicting ordinal values, the prediction accuracy r(y,)
was calculated as the correlation between the actual phenotypic
values y and the predicted phenotypic values J in the validation
set. The predicted logit-transformed resistance scores y* were
transformed back to J and the prediction accuracy was then cal-
culated as r(y, ).

Cohen's « (Cohen 1960; Fielding and Bell 1997) as a measure
for the agreement between observed and predicted class can
be calculated from the confusion matrix for the class assign-
ment (Table 2) as k = & f}f e with P, = % (the proportion of
agreement between the observed and predicted values) and
P, = % X % + fp+m X f“+m (the expected agreement by
random chance) (Montesinos Lépez, Montesinos Lopez, and
Crossa 2022). The values for x range from -1 to 1 where x =1
for perfect agreement and « < 0 for agreement only by random
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chance (Gonzalez-Camacho et al. 2018). The assignment of the
observed values y to the “top” or “flop” class was based on the
10% quantile Q,,. Individuals in the “top” class had a y smaller
than or equal to Q,,, and individuals in the “flop” class had a y
greater than Q,,. This assignment led to different numbers of
individuals in the “top” and “flop” classes for the different dis-
eases (Table 3). To account for the different numbers n,,,, an in-
dividual was assigned to the “top” class of the predictions ¥ if its
predicted value y was among the n,,, individuals with the small-
est 9 values for this disease and to the “flop” class otherwise.
For the classification approaches SVM-SNP-c and GBM-SNP-c,
the observed values in the confusion matrix resulted from the
assignment of the genotypes to the “top” and “flop” classes by
the algorithm. A “good” prediction can mean that (a) the pre-
diction accuracy is high and (b) a prediction approach is able to
correctly identify the genotypes with extreme resistance scores,
that is, the ones that are most interesting for selection decisions,
which would be reflected in a k value of at least 0.3 to 0.5 (Kuhn
and Johnson 2013).

The efficiency of an algorithm was evaluated as the mean of the
computation time required for one cross-validation run.

2.8 | Software and Hardware

We used R 4.2.2 (R Core Team 2022) for all calculations ex-
cept the autoencoders, which where calculated using Python
3.10 (Van Rossum and Drake 2009). The adjusted entry
means of the genotypes were estimated using “ASReml-R
4.1.0.110” (Butler et al. 2017). Haplotype blocks were built and
RR-BLUP and RMLA were calculated using the R package

TABLE 2 | Confusion matrix for a classification problem with two

classes.
Predicted values
Top Flop ¥
Top tp fn tp + fn
Observed values  Flop fp tn fp + tn
¥ tp fn + tn n
N
fp

Abbreviations: £n, number of false negatives; £p, number of false positives; n
, total number of individuals; tn, number of true negatives; t p, number of true
positives.

TABLE 3 | Summary statistics for the five resistance scores.

“SelectionTools 22.1.” BGLR was calculated using “BGLR” ver-
sion 1.1.0 (Pérez and de los Campos 2014). SVR was calculated
using the package “kernlab 0.9-30” (Karatzoglou, Smola, and
Hornik 2022). For RF, we used “ranger 0.16.0” (Wright and
Ziegler 2017). GBMs were trained using “lightgbm 3.3.5” (Shi
et al. 2023). Maximum entropy grids were constructed using
“dials 1.2.0” (Kuhn and Frick 2024) and Bayesian optimiza-
tion was based on “tune 1.2.1” (Kuhn 2024). We used “pars-
nip 1.2.1” (Kuhn and Vaughan 2024) and “tidymodels 1.2.0”
(Kuhn and Wickham 2020) as wrapper packages to access all
the machine learning-related packages. Autoencoders were
built using “tensorflow 2.10.0” (Abadi et al. 2015). Missing
marker data were imputed with “BEAGLE 5.4” (Browning,
Zhou, and Browning 2018). “plink 1.90b6.12” (Chang et al.
2015; Purcell and Chang 2018) was used for recoding the data
into VCF format and conducting the GWAS for incremental
feature selection.

All calculations were performed on four Intel Xeon Platinum
processors 8276 (28 x 2.20 GHz) with 1 TB DDR4 RAM each
and 112 kernels in total. For the ML methods, a maximum of
50 kernels was used at the same time. Due to technical limita-
tions on the package side, it was not possible to run one iteration
of SVR or SVM on multiple threads. To keep comparability be-
tween machine learning algorithms, we ran 50 instances of SVR
at the same time and divided the runtime by 50. This way, 50
cores could be used for training.

3 | Results
3.1 | Phenotypic Values

The observed resistance scores covered only a part of the avail-
able range from 1 to 9. F. graminearum had the smallest range
with observed scores between 3 and 7. The proportion of individ-
uals assigned to the “top” class ranged from 12% in S. tritici to
49% in P. striiformis (Table 3). An illustration of the distribution
of the phenotypic data in one particular validation set can be
found in the Supporting Information (Figure S3).

3.2 | Prediction Accuracy of Different Prediction
Approaches

All results presented in this section are shown in Figure 1. The
overall level of the prediction accuracy was determined by the
trait. The reference prediction approach RR-BLUP-SNP-0,

Trait Min Qo Z = Q5 Qoo Max Reop (¥ < Qyp) Rgop (¥ > Q)
S. tritici 1.00 1.00 2.00 3.00 6.00 42 319
B. graminis 1.00 1.50 2.00 3.50 5.50 119 242
P. triticina 1.00 1.00 2.00 3.75 7.50 66 295
P. striiformis 1.00 1.00 1.33 3.50 6.50 177 184
F. graminearum 3.00 4.00 4.50 5.50 7.00 86 275

Note: The last two columns show how many of the n = 361 individuals have a phenotypic value y below/equal to or above the 10% quantile.
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FIGURE1 | Predictionaccuracies for genomic prediction of resistance scores for S. tritici, B. graminis, P. triticina, P. striiformis and F. graminearum
with different prediction approaches. The boxplots show the correlations r(y,y) between the observed phenotypic values y and the predicted
phenotypic values ¥ in the validation set for 200 cross-validation runs. Predictions were made with methods ridge regression BLUP (RR-BLUP-...),
estimation of the error and genetic variance components with restricted maximum likelihood and partitioning according to ANOVA variance
components (RMLA-...), Bayesian generalized linear regression (BGLR-...), support vector regression (SVR-...), gradient boosting machine (GBM-...)
and random forest (RF-...). Predictors were either the full set of 16,667 SNP markers (...-SNP-...), haplotype blocks based on linkage disquilibrium
(..—HAP-..), 250 autoencoder features (..-AEN-...), or SNP markers identified by feature selection (..-FS..-). The response values were either the
untransformed resistance scores (.- . . . —0) or the logit-transformed resistance scores (...-. . . -1). Red dotted lines: quartiles from RR-BLUP with
16,667 SNPs (reference). Z: median of the correlations r(y,y) in the 200 cross-validation runs. [Color figure can be viewed at wileyonlinelibrary.com)|

RR-BLUP with SNP markers as predictors and the untrans- In S. tritici, medians of the prediction accuracy ranged from 0.19
formed resistance scores as the response, resulted in medians of ~ to 0.21 in the RR-BLUP approaches and from 0.17 to 0.21 in the
r(y,¥) from 0.21 in S. tritici to 0.64 in P. triticina. RMLA approaches, with the smaller values in the approaches
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that used haplotype blocks as predictors. BGLR-SNP-0 had a
median of 0.23, the largest value that was observed in this trait.
Medians for SVR-SNP-0 and SVR-HAP-0 were 0.08 and 0.02,
respectively, while the SVR approach with autoencoder features
as predictors, SVR-AEN-0, had a median of 0.07. Medians for
the GBM approaches ranged from 0.15 for GBM-HAP-0 to 0.18
for GBM-SNP-0. Medians for the random forest approaches
were between 0.15 when autoencoder features were used as
predictors (RE-AEN-0) and 0.22 when single SNPs were used
instead (RF-SNP-0).

In B. graminis, all medians of the correlations r(y,y) were be-
tween 0.34 and 0.40. The largest median, 0.40, was observed
with approach RR-BLUP-HAP-0, and the smallest values of
0.34 and 0.35 with the GBM approaches. The medians of the
other approaches were in between.

The largest prediction accuracies of all traits were observed in P.
triticina. The reference approach RR-BLUP-SNP-0 had a me-
dian of 0.64, with medians of the other RR-BLUP approaches
ranging from 0.62 to 0.65. Medians of the RMLA approaches
were 0.65 with untransformed and 0.66 with logit-transformed
response values. The median of BGLR-SNP-0 was 0.59. The
medians of the SVR approaches ranged from 0.60 for autoen-
coder features as predictors (SVR-AEN-0) to 0.65 for haplotype
blocks (SVR-HAP-0). Medians of the GBM and RF approaches
were similar: 0.71 for SNPs as predictors (GBM-SNP-0 and RF—
SNP-0),0.72 for haplotype blocks (GBM-HAP-0 and RE-HAP-0)
and 0.58 and 0.59 for autoencoder features (GBM-AEN-0 and
RF-AEN-0, respectively). The random forest approach with in-
cremental feature selection (RF-FS-0) was in between with a
median of 0.69.

All medians of the prediction accuracies in P. striiformis were in
the range between 0.47 (for appraoch RF-AEN-0) and 0.53 (ap-
proaches SVR-HAP-0, RE-SNP-0 and RF-FS-0). The median
of the reference, RR-BLUP-SNP-0, was 0.51 in this case.

In F. graminearum, the reference approach RR-BLUP-SNP-0
resulted in a median of the prediction accuracies of 0.54, as did
the corresponding approach with haplotype blocks. When logit-
transformed response values were used instead, the medians of
the prediction accuracies increased to 0.55. RMLA approaches
resulted in medians of 0.50 with single SNPs and untransformed
response values (RMLA-SNP-0) and 0.51 otherwise. The me-
dian of approach BGRL-SNP-0 was 0.53. Among the machine
learning methods, the SVR approaches had the largest medi-
ans with 0.54 for SVR-HAP-0 and 0.53 for SVR-SNP-0. The
smallest medians were observed in the GBM and RF approaches
with values of 0.48 for GBM-SNP-0 and RF-AEN-0 and 0.47 for
GBM-AEN-0. The remaining RF approaches resulted in medi-
ans of 0.50 or 0.51.

3.3 | Identification of the Most Resistant
Genotypes

Figure 2 visualizes the results presented in this section. When
Cohen's k was used to evaluate the approaches for how well they
were able to identify the most resistant genotypes, the overall
level of the k values was again dependent on the trait.

In S. tritici, the reference approach RR-BLUP-SNP-0 had a me-
dian of 0.11, as did the corresponding approach with haplotype
blocks, RR-BLUP-HAP-0. Using logit-transformed response
values led to medians of 0.13 in the RR-BLUP approaches. A
similar pattern could be observed in the RMLA approaches,
with medians of 0.07 for RMLA-SNP-0 and 0.08 for RMLA-
HAP-0 and 0.10 and 0.11 for RMLA-SNP-1 and RMLA-HAP-1,
respectively. BGLR-SNP-0 had a median of 0.10. The medi-
ans were 0.01 for SVR-SNP-0 and 0.13 and SVR-HAP-0. The
use of autoencoder features led to a median of 0.04 in SVR-
AEN-0 and the classification approach SVM-SNP-c resulted
in a median of 0.02. In the GBM approaches based on regres-
sion, the medians ranged between 0.09 for GBM-HAP-0 and
0.13 for GBM-AEN-0. The classification approach GBM-SNP-c
had a median of -0.03. The medians of the RF approaches were
0.11 for RF-SNP-0, RF-HAP-0 and RF-FS-0 and 0.10 for
RF-AEN-0.

In B. graminis, all medians were between 0.21 and 0.23, with
the exception of the classification approaches SVM-SNP-c and
GBM-SNP-c with median of 0.05 and 0.11, respectively.

In P. triticina, the reference RR-BLUP-SNP-0 had a median of
0.16. The medians of the remaining RR-BLUP approaches ranged
from 0.15 to 0.18 and showed more variation than the reference.
The RMLA approaches resulted in medians of 0.22 for RMLA-
SNP-1 and 0.20 for the others. BGRL-SNP-0 had a median of
0.16. The medians of the SVR approaches were either 0.15 or
0.16, with a smaller median of 0.04 for the classification approach
SVM-SNP-c. GBM-SNP-0 and GBM-HAP-0 resulted in medi-
ans of 0.25. Smaller medians of 0.16 and 0.11 were observed for
GBM-AEN-0 and GBM-SNP-c. The pattern for the random forest
approaches was similar, with medians of 0.25, 0.28 and 0.15 for
approaches RE-SNP-0, RF-HAP-0 and RF-AEN-0, respectively.
Approach RF-FS-0 was in between with a median of 0.20.

In P. striiformis, the range of the x values was smaller than for the
other traits. The RR-BLUP approaches resulted in medians of 0.30
(for RR-BLUP-SNP-0) to 0.33 (for RR-BLUP-HAP-1). AllRMLA
approaches had medians of 0.28. The median of BGLR-SNP-0 was
0.31. SVR-HAP-0 had a median of 0.31, compared to medians of
0.28 and 0.25 in the other SVR/SVM approaches. The medians of
the GBM approaches were between 0.25 and 0.30. The medians of
RF-SNP-0 and RE-HAP-0 were 0.28 and 0.30, respectively, com-
pared to medians of 0.25 for RE-AEN-0 and 0.28 for RE-FS-0.

The overall level of the k values was highest in F. graminearum.
All RR-BLUP and RMLA approaches as well as BGLR-SNP-0
had medians of 0.36. The largest median for this trait, 0.38,
was observed for approach SVR-SNP-0. The medians of SVR-
HAP-0, SVR-AEN-0 and SVM-SNP-c were 0.36, 0.31 and 0.30,
respectively. The medians of the GBM regression approaches
ranged from 0.26 to 0.31 and the median of the classification
approach GBM-SNP-c was 0.24. The medians of the RF ap-
proaches ranged from 0.28 to 0.31.

3.4 | Correlation Between r and x

Figure 3 visualizes the relationship between the prediction
accuracy r(y,y) and Cohen's k. The means of both measures
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FIGURE3 | Mean values of correlations r(y,y) between the observed
phenotypic values y and the predicted phenotypic values ¥ in the
validation set and of Cohen's k for 200 cross-validation runs. Displayed
are the values for the resistance scores for S. tritici, B. graminis, P.
triticina, P. striiformis and F. graminearum for different prediction
approaches. Predictions were made with methods ridge regression BLUP
(RR-BLUP), estimation of the error and genetic variance components
with restricted maximum likelihood and partitioning according to
ANOVA variance components (RMLA), Bayesian generalized linear
regression (BGLR), support vector regression (SVR), gradient boosting
machine (GBM) and random forest (RF). Predictors were either the
full set of 16,667 SNP markers, haplotype blocks based on linkage
disquilibrium, 250 autoencoder features, or SNP markers identified by
feature selection. The phenotypic values used as response values were
either the untransformed resistance scores or the logit-transformed
resistance scores. Different predictors and response values are not
visualized. [Color figure can be viewed at wileyonlinelibrary.com]

showed a correlation across the traits. P. triticina, which had the
largest mean prediction accuracies of around 0.60, had mean «
values of 0.12 to 0.28. Larger mean « values of between 0.23 and
0.37 were observed in P. striiformis and F. graminearum together
with smaller mean prediction accuracies of around 0.50. Within
the traits, a linear relationship between r(y,9) and x could be
observed in P. triticina and, to a smaller extent, in P. striiformis
and F. graminearum, but not in S. tritici and B. graminis.

3.5 | Computation Times

The computation times of all approaches can be found in
Table 4. RR-BLUP with all 16,667 single SNP markers as pre-
dictors was the fastest method with a computation time of 0.68
second per individual cross-validation run on average. However,
SVR with autoencoder features was faster when considering the
averaged runtime of the parallelization. RMLA and BGLR had a

computation time that was about twice as long for the same set
of predictors. The computation times of the machine learning
methods with single SNP markers were longer with 1.65 min for
SVR (averaged), 5.02 min for GBM regression and 3.78 min for
RF. When haplotype blocks instead of single SNPs were used,
computation times of both RR-BLUP and RMLA increased com-
pared to single SNP markers. An increase of the computation
time was also observed for GBM regression, RF and SVR. The
use of autoencoder features as predictors in the machine learn-
ing methods reduced their computation times to around 1min
or less. The computation time of SVM (averaged) was about
2.87 min and longer compared to that of SVR with single SNP
markers. In contrast, the GBM classification took more than
twice as long per run as the corresponding regression approach.
Computation time was much longer for SVR and SVM com-
pared to other approaches when considering the runtime of the
individual cross-validation runs. SVR took 82 min with SNPs
and 132 min with haplotype blocks. The autoencoder-based
approach (SVR-AEN-0) was closer to the other machine learn-
ing approaches with 6.36 minutes of individual computation
time. SVM took slightly longer than the SNP-based approach
SVR-SNP-0.

4 | Discussion

4.1 | Prediction Accuracy of Different Prediction
Approaches

4.1.1 | Trait

The overall level of the prediction accuracy was determined by
the trait (Figure 1). Prediction accuracies between the differ-
ent approaches varied less for B. graminis, P. striiformis and F.
graminearum and more for S. tritici, the trait with the smallest
overall prediction accuracies with medians around 0.20, and P.
triticina, the trait with the largest overall prediction accuracies
with medians around 0.60 or greater (Figure 1).

The wheat lines in this study are either registered elite varieties
or genotypes that are already close to registration. They have
therefore been bred for resistance against a variety of pathogens
which is reflected in the distribution of the phenotypic values:
The observations only cover part of the available scale from 1 to
9 and the larger values, indicating less resistance, are relatively
rare (Table 3 and Figure S3). Small prediction accuracies could
therefore be at least partially due to the low variation in the re-
sponse values. In order to obtain reliable results for the genomic
predictions, other authors suggest a training set of diverse lines
which is continually updated with new breeding material and
which can be phenotyped once per season (Juliana et al. 2017).

4.1.2 | Prediction Method

Predictions made with RMLA resulted in similar prediction
accuracies as predictions made with RR-BLUP in most cases
(Figure 1), even though the genetic architecture of resistance
traits is made up of major and minor genes and should, in theory,
be captured better by a prediction model like RMLA that allows
for heterogeneous marker variances (Hofheinz and Frisch 2014).
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TABLE4 | Computation timesin minutes for the different prediction
approaches.

Computation time

Prediction method (in minutes)

RR-BLUP-SNP-0 0.68
RR-BLUP-SNP-1 0.68
RR-BLUP-HAP-0 4.97
RR-BLUP-HAP-1 4.74
RMLA-SNP-0 1.45
RMLA-SNP-1 1.45
RMLA-HAP-0 2.10
RMLA-HAP-1 2.10
BGLR-SNP-0 1.33
SVR-SNP-0 1.65 (82.51)
SVR-HAP-0 2.65(132.53)
SVR-AEN-0 0.13 (6.36)
SVM-SNP-c 2.87 (143.44)
GBM-SNP-0 5.02
GBM-HAP-0 7.2
GBM-AEN-0 0.95
GBM-SNP-c 12.8
RF-SNP-0 3.78
RF-HAP-0 4.89
RF-AEN-0 0.75
RF-FS-0 2.14

Note: The table contains the average values of 200 cross-validation runs for

all five traits. For SVR/SVM, due to parallelization, we provide the averaged
time per run for 200 cross-validation runs and the time required for a single

run in brackets (). Predictions were made with methods ridge regression BLUP
(RR-BLUP-...), estimation of the error and genetic variance components with
restricted maximum likelihood and partitioning according to ANOVA variance
components (RMLA-...), Bayesian generalized linear regression (BGLR-...),
support vector regression (SVR-...), support vector machine (SVM-...), gradient
boosting machine (GBM-...) and random forest (RF-...). Predictors were either the
full set of 16,667 SNP markers (..-SNP-...), haplotype blocks based on linkage
disquilibrium (...-HAP-...), 250 autoencoder features (..-AEN-...), or SNP markers
identified by feature selection (...-F'S...-). The response values were either the
untransformed resistance scores (..-. . .-0), the logit-transformed resistance
scores (..-...-1), or classifications based on the 10% quantile Q, (...-...-c).

Other studies on genomic prediction of rust in wheat found that
Bayesian methods, which also allow for heterogeneous marker
variances, are not necessarily superior to RR-BLUP or genomic
BLUP (GBLUP) for the prediction of resistance scores in empir-
ical datasets (Tehseen et al. 2021; Mahmood et al. 2022) even
though simulation studies predict that they should be (Meher,
Rustgi, and Kumar 2022). A study on both empirical and sim-
ulated datasets found the same discrepancy between properties
of the methods that should result in better prediction accuracies
in theory—and do in simulated datasets—and the actual perfor-
mance in real-life data (John et al. 2022).

Bayesian generalized linear regression with ordinal response
values (approach BGLR-SNP-0) also led to correlations r(y,)
that were mostly similar to those of RR-BLUP-SNP-0, except
for P. triticina, in which the values were smaller (Figure 1). This
was true regardless of the distribution of the phenotypic values
in the validation set. The use of a method specifically designed
for ordinal response values therefore did not result in greater
prediction accuracies than the use of methods designed for met-
ric response values.

For the machine learning approaches, we did not observe
larger prediction accuracies than for the reference approach
except for GBM-SNP-0, GBM-HAP-0, RF-SNP-0 and RF-
HAP-0 in P. triticina. Since we showed in another study that
haplotype blocks also led to larger prediction accuracies in
this trait compared to single SNPs (Difabachew et al. 2023),
we hypothesize that local epistatic effects that can be incorpo-
rated by haplotype blocks and machine learning methods, but
not by RR-BLUP with single SNPs, may play a role here (Jiang,
Schmidt, and Reif 2018; Momen et al. 2018). The prediction
accuracies for SVR with single SNP markers (SVR-SNP-0)
were generally in the range of those for the corresponding
RR-BLUP approach (RR-BLUP-SNP-0), with a difference in
the medians of 0.02 at most, except for S. tritici. Predictions
made with method RF mostly had medians that were 0.01 to
0.04 points greater than those for the corresponding GBM ap-
proaches (Figure 1). Only for P. triticina, the medians were
similar for GBM and RF. Our results partially confirm and
partially contradict the results of others. For example, RF re-
sulted in larger prediction accuracies compared to RR-BLUP
in the prediction of P. striiformis (Tomar et al. 2021) and F.
graminearum (Rutkoski et al. 2012). In a recent simulation
study on genomic prediction with machine learning methods,
SVM, RF and GBM showed larger prediction accuracies in a
dataset with clear population structure but not in a dataset in
which population structure was absent (Jones et al. 2023). The
latter corresponds to our dataset (Figure S1), possibly explain-
ing the equal performance of linear and machine learning ge-
nomic prediction approaches in four of the five traits in our
study. In an extensive study spanning six crops with mostly
quantitative traits that compared the prediction accuracy of
RR-BLUP, Bayes A and B, Bayesian LASSO, Baysian ridge re-
gression, SVR with linear and nonlinear kernels, gradient tree
boosting, artificial neural networks and convolutional neural
networks, the results were similar to ours: No single genomic
prediction method performed best in all crop/trait combina-
tions, and RR-BLUP was close to the method with the larg-
est prediction accuracy in most cases (Azodi et al. 2019). The
same result was found in another study on a simulated animal
dataset and three real-life datasets for maize (Lourenco et al.
2024). Our study confirms these findings for resistance traits
in wheat.

4.1.3 | Predictor

Replacing single SNP markers with haplotype blocks led to
mostly similar prediction accuracies for the corresponding
methods, with only small decreases or increases (Figure 1). It
has to be noted that there are other possibilities for defining
haplotype blocks. In this study, haplotype blocks were built
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based on an LD threshold of r2 > 0.7. Other thresholds as well
as other methods like building blocks based on a fixed number
of markers, fixed window sizes in cM or kilobases on the chro-
mosome, or haplotype block libraries created with the R pack-
age HaploBlocker (Pook et al. 2019) are alternative options
which have already been investigated in greater detail for this
dataset (Difabachew et al. 2023) and others (Weber et al. 2023)
and have been shown to increase prediction accuracy in some
but not in all cases.

Using autoencoder features as predictors in the machine
learning methods resulted in medians of the prediction ac-
curacies that were either similar to or smaller than those of
the other approaches, regardless of the method they were used
in (Figure 1). Their use led to a reduction in the computation
time compared to other predictors for the machine learning
methods (Table 4). However, since the computation of the
autoencoder features also needs time and the prediction ac-
curacy is generally decreased compared to other predictors,
their use as inputs for the machine learning methods was not
advantageous in our dataset. More complex studies (Islam
et al. 2023) demonstrate the feasibility of preserving predic-
tion accuracy with a reduced set of autoencoder features. We
found larger prediction accuracies for GBM and RF than for
RR-BLUP with single SNP markers in P. triticina, albeit with
longer computation times (Table 4). Further research is re-
quired to find an easily applicable way to use the autoencoder
while maintaining the prediction accuracy and thus save a lot
of computation time.

When sets of markers determined by feature selection were used
as predictors in a random forest prediction approach (RF-FS-0),
prediction accuracies were similar to those obtained with the
full set of SNPs in nearly all cases (Figure 1), even though the
distributions of the numbers of selected SNPs were different be-
tween the traits (Figure S2). The findings from other authors in
this respect are contradictory: Some found substantial increases
with incremental feature selection compared to using the full set
of SNPs (Heinrich et al. 2023) while the results of others are sim-
ilar to ours (Li et al. 2018). We conclude that while feature selec-
tion can be beneficial in some cases, further research is needed
to determine under which circumstances exactly it can improve
the prediction accuracy.

4.1.4 | Response Values

When logit-transformed resistance scores (approaches
RR-BLUP-SNP-1, RR-BLUP-HAP-1, RMLA-SNP-1 and
RMLA-HAP-1) were used as response variables instead of
the untransformed resistance scores (approaches RR-BLUP-
SNP-0, RR-BLUP-HAP-0, RMLA-SNP-0 and RMLA-HAP-0),
differences between the prediction accuracies were small with
a maximum of 0.02 points in the medians of the prediction ac-
curacies of the corresponding approaches (Figure 1). We con-
clude that the logit transformation could successfully address
the problem of GEGVs outside the interpretable range and yields
predictions with a similar accuracy to those obtained with un-
transformed data in our dataset. However, it did not improve
the predictions by a change in the distribution of the response
values. These findings are supported by a study on P. striiformis

infection in wheat in which the use of logarithmic, boxcox and
square root transformations on the observed data did not result
in consistent increases in the prediction accuracies obtained
with RR-BLUP (Merrick et al. 2022).

4.2 | Identification of the Most Resistant
Genotypes

Overall, k should have a value between 0.3 and 0.5 for acceptable
agreement between the classes (Kuhn and Johnson 2013), indi-
cating that an approach is able to identify the most resistant gen-
otypes. We found values in this range only for F. graminearum.
In the other traits, the « values were usually smaller.

The patterns for the comparisons between the x values of the re-
gression approaches in terms of the prediction methods, predictors
and response values were the same as for the prediction accuracy
(Figure 2). The use of alternative prediction methods, predictors
and logit-transformed response values led to medians of the x
values that were either smaller than or similar to the reference
approach RR-BLUP-SNP-0. The only exception was P. triticina,
with an increase for GBM and RF from a median of the x values of
0.16 for RR-BLUP-SNP-0 to 0.25 for GBM-SNP-0, GBM-HAP-0
and RF-SNP-0 and 0.28 for RE-HAP-0. Autoencoder features as
predictors led to smaller x values in most cases in comparison to
RR-BLUP-SNP-0 (Figure 2). We could not confirm the superi-
ority of SVM for the identification of superior genotypes that was
found in 16 wheat datasets (Ornella et al. 2014).

In most studies on genomic prediction, only the prediction ac-
curacy r(y,) is reported. However, while a large value for the
prediction accuracy indicates that the predictions are accurate
on average, this is different from the correct identification of
the most resistant genotypes, which are the ones that are in-
teresting for selection. Ideally, a prediction approach would
yield both large k values as well as have a large prediction accu-
racy. We found a positive correlation between the means of the
prediction accuracy r(y,y) and the means of k across the traits
(Figure 3). Apart from the smaller range of the « values, these
findings are mostly similar to those for rust resistance in wheat
(Ornella et al. 2014; Gonzalez-Camacho et al. 2018). However,
both measures must be considered together when the suitability
of a method identify superior genotypes is evaluated: In P. trit-
icina, the prediction accuracies were largest for all traits, with
mean values around 0.6, while the means of the x values were
between 0.12 and 0.28. In contrast, the mean prediction accu-
racies in F. graminearum were around 0.5, but the means of
the x values were all greater than 0.25 (Figure 3). Our findings
show that even if x and r(y,y) are positively correlated, a large
prediction accuracy does not automatically translate into a «
value that is sufficient for the selection of superior genotypes.

4.3 | Summary

A good genomic prediction model is supposed to extract the rele-
vant information from the genotypic data while simultaneously
dealing with the noise which comes from other factors. Linear
models like RR-BLUP make simplifying assumptions in this sit-
uation, particularly when they include only additive effects, like
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in our study. The questions then become if there are additional
patterns in the genotypic data that cannot be captured by linear
models and if machine learning methods are able to find these
patterns. In our dataset, RR-BLUP was consistently among the
methods with the largest prediction accuracies and the best abili-
ties to identify resistant genotypes in four of the five investigated
traits. Compared to machine learning methods, RR-BLUP is
implemented in most genomic prediction software. It is easy to
apply without the need for hyperparameter tuning and conse-
quently very fast. Additionally, the resulting marker effects are
easy to interpret and understand. However, we found substantial
increases in the prediction accuracies and x values compared to
the reference approach RR-BLUP-SNP-0 in P. triticina, indicat-
ing that investing the additional effort to fine-tune such a method
may be worth it. We also found that even though there was a pos-
itive correlation between the prediction accuracy and Cohen's «,
a measure to judge how well the most resistant genotypes can be
identified, the correlation is not perfect and a large value for the
prediction accuracy does not necessarily translate into an equally
large k value. This shows that the prediction accuracy should not
be the only measure that is used to select a “good” genomic pre-
diction method.
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FIGURE S3 Distributions of observed phenotypic values and predicted phenotypic values of resistance scores for S. tritici, B. graminis, P. triticina,

P. striiformis, and F. graminearum with different prediction approaches in the validation set (72 genotypes) in cross-validation run 126. Predictions

were made with methods ridge regression BLUP (RR-BLUP-. . .), estimation of the error and genetic variance components with restricted maximum

likelihood and partitioning according to ANOVA variance components (RMLA-. . .), Bayesian generalized linear regression (BGLR-. . .), support

vector regression (SVR-. . .), gradient boosting machine (GBM-. . .), and random forest (RF-. . .). Predictors were either the full set of 16,667 SNP

markers (...-SNP-...), haplotype blocks based on linkage disquilibrium (...-HAP-...), or 250 autoencoder features (...-AEN-...), or SNP

markers identified by feature selection (...-FS...-). The response values were either the untransformed resistance scores (. ..-...-0) or the
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gielslspea%ee' menn@agrarun! Background In plant breeding, many studies currently investigate the application

) _ o of machine learning (ML) to genomic prediction, hoping for an improvement in
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available at the end of the article prediction accuracy compared to standard models like Genomic Best Linear Unbiased
Prediction (GBLUP). However, ML algorithms require much higher computational
resources. This study aims to reduce the computational requirements and speed up
training time by developing a novel autoencoder architecture inspired by haplotype
blocks. Our approach incorporates prior knowledge on genetic linkage, inspired
by haplotype block building, into the autoencoder architecture, resulting in a new
encoded variable per haplotype block. We further modified our model into a semi-
supervised version by adding available yield information. We used features extracted
from the autoencoder’s block layer as inputs for Random Forest and GBLUP models to
predict the yield of hybrid and inbred crops.

Results Genomic prediction based on the extracted features maintained prediction
accuracies equal to using the original marker data, even with a variable reduction

of up to 98% and significantly reduced computation time. Prediction accuracy of
the supervised component was in some cases equal to and in some lower than the
prediction accuracy achieved using GBLUP. Effects estimated for haplotype block
variants using our new method showed a high correlation to the blockwise sum of
marker effects, which is the current standard approach for haplotype block effects.
Correlation between the two block effect estimation approaches was very low for
some blocks, which might indicate the incorporation of non-linear effects by the
autoencoder.

Conclusions Our approach introduces a new perspective on processing haplotype
blocks for genomic prediction, potentially providing more flexible modelling
opportunities without the use of multiple binary dummy variables for each block
variant. Additionally, training time for ML models may be significantly reduced by
using the reduced feature sets generated using our method. By adding the semi-
supervised component, the model is able to estimate values similar to marker effects

© The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use,
sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third party material in this article
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in the

article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to
obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.



Heilmann et al. BMC Bioinformatics (2025) 26:289 Page 2 of 18

for each block on yield. In future work, this may provide a new way of quantifying the
importance of haplotype blocks for selection and breeding.

Keywords Plant breeding, Machine learning, Genomic prediction, Neural networks,
Autoencoders, Dimensionality reduction, Haplotype blocks

Introduction

With the introduction of marker-based prediction methods [1-3] and the develop-
ment of high-throughput genotyping, plant breeding has increasingly complemented
phenotyping with genotyping, allowing the selection and evaluation of untested geno-
types. Methods such as genomic best linear unbiased predictor (GBLUP) provide robust
frameworks for predicting the phenotypic values of traits based on genetic data. As
field trials are expensive, accurately identifying the most promising genotypes greatly
increases their efficiency and maximises the utility gained from the resources available.
Therefore, research in plant breeding is heavily focused on developing new methods
with higher prediction accuracies. To this day however, the original GBLUP proves to
still be competitive and remains a highly reliable standard method that has not yet been
consistently outperformed by other methods [4, 5].

Recently, machine learning (ML) has attracted attention in the field of plant breed-
ing. The term ML encompasses a variety of algorithms that typically learn iteratively
from training data. These algorithms can theoretically approximate any underlying
function that describes the relationship between predictor variables and target vari-
ables within a dataset. Due to this inherent ability to also model nonlinear interactions,
researchers hoped to find algorithms that would outperform GBLUP (a linear model
by design). However, despite initial optimism, no ML approach has yet been shown to
outperform traditional methods consistently in genomic prediction. While many stud-
ies demonstrate cases in which ML outperforms older approaches, such as GBLUP or
Ridge Regression BLUP (RR-BLUP), its success appears to be species-, trait- and dataset-
specific [4—10]. As the application of ML in plant breeding is still in its initial stage, this
does not mean that ML cannot outperform classical methods, but rather that we need to
develop more specific models and architectures for plant breeding [11].

However, ML algorithms have drawbacks that make them harder to train compared
to linear mixed models for genomic prediction. While GBLUP generally uses a n x n
genomic relationship matrix based on single nucleotide polymorphism (SNP) markers,
where 7 is the number of genotypes, ML methods typically use the raw marker data,
resulting in datasets of much higher dimensionality. Combined with the necessity of
training many models for hyperparameter tuning and internal cross-validation [12],
ML models often require much more training time and strong computer hardware.
This slows down the application of ML in scientific studies compared to straightfor-
ward linear models. To address these issues, an initial study of 361 German winter wheat
genotypes [8] was conducted, where we investigated the use of different sets of input
variables, e.g. haplotype blocks and autoencoder features, to improve the training effi-
ciency and increase the prediction accuracy of ML algorithms.

Haplotype blocks are said to have the potential to reduce the dimensionality of the
dataset [13] and capture local epistatic effects [14]. To use blocks as features in predic-
tion, every unique combination of marker alleles within a block (i.e. each variant of a
block) is encoded using variables that represent the number of copies of each block
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variant present in the genotype. When we used haplotype-based blocks as input fea-
tures, we found that the prediction accuracy was comparable to or slightly higher than
that of the full set of SNP markers for all algorithms for all traits except one [8]. How-
ever, due to the presence of many block variants, the haplotype-based blocks increased
the dimension of the dataset rather than decreasing it [15], which further increased
computation time.

As a second set of features, the output of the encoding layer of an autoencoder was
used. Autoencoders are unsupervised neural networks optimized to encode a set of
input features into a lower dimensional space in such a way that it is possible to recon-
struct the original data from the encoded state [16]. Although this approach significantly
reduced computation time, prediction accuracy declined for all traits and algorithms,
presumably because the learned features were less informative than the original SNP
markers [8].

Another study [17] proposed an alternative approach using a series of autoencod-
ers instead of one autoencoder with fully connected layers. With this method, a fixed
number of adjacent markers were grouped together and used as inputs for small autoen-
coders, which were then combined in a second stage to generate lower-dimensional rep-
resentations for genomic prediction. This way, the prediction accuracy remained stable
while the data dimension was reduced. The approach of grouping together a fixed num-
ber of adjacent markers is somewhat reminiscent of a very similar approach for build-
ing haplotype-based blocks using fixed window sizes. However, studies show that a fixed
window size approach is usually not the best way of building blocks as prediction accu-
racy based on those is usually lower compared to predictions using blocks based on link-
age disequilibrium (LD) [15, 18].

In this study, we build upon the method proposed in [17] by incorporating prior
knowledge of the genetic linkage structure into the autoencoder structure. Instead of
grouping markers based on a fixed window size, we define blocks using pairwise LD.
Markers within a block are connected locally within the autoencoder, resulting in
an architecture that more accurately reflects the underlying genetic structure. This
approach enables each haplotype block to be reduced to a single unit in the encoding
layer, i.e. a single variable after extraction, leading to a guaranteed dimensionality reduc-
tion compared to other haplotype block-based approaches.

Haplotype stacking has been proposed as a possible application for haplotype blocks
in breeding [19]. However, this requires the estimation of effects for each block variant.
An estimation method for effects and variances of haplotype blocks was first proposed
in Voss-Fels et al.[19]. Effects of block variants are defined as the sum of the individual
marker effects that belong to the same block. This approach has been adopted in other
studies [20, 21]. Adding an output node of a target trait to our autoencoder architecture
enables the model to estimate block variant effects by quantifying the contribution of a
variant to the trait as the product of the outputs of the block layer and their respective
weights. This provides a novel approach to estimating block variant effects beyond sum-
ming up individual effects. Additionally, it solves the problem of handling unseen block
variants, which frequently occur in breeding programmes as newly generated material
or crosses often contain variants that did not exist in the initial population.

The overall goal of this study was to develop an autoencoder-based method that inte-
grates LD-based haplotype blocks into its architecture. By incorporating genetic linkage
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information into the model, we aimed to improve the efficiency of dimensionality reduc-
tion for genomic prediction. Specifically, we aimed to: (1) characterise the features gen-
erated by the autoencoder during unsupervised training and evaluate their usefulness
for genomic prediction; and (2) explore the potential of semi-supervised learning as an
alternative approach for estimating the effects of variants within haplotype blocks.

Materials and methods

Materials

We applied our methodology to five datasets in total. Two of these datasets consisted
of inbred/double haploid lines while the remaining three consisted of hybrids. All of
the datasets contained yield data and genetic markers. We filtered the data, remov-
ing genotypes with more than 60% missing markers. Furthermore, we removed mark-
ers consisting of more than two alleles, with 10% or more missing values, or with an
expected heterozygosity below 5%. If the remaining markers contained missing values,
we imputed them using BEAGLE [22].

Dataset Ral was provided by Norddeutsche Pflanzenzucht Hans-Georg Lembke KG
and consisted of 746 rapeseed hybrids. After filtering 10,939 markers remained. Dataset
Mz1 was published previously [23] and accessed through the R package ‘sommer 4.2.0’
[24, 25]. It consisted of 1,254 maize hybrids. Genetic data was provided for the parental
lines and 28,803 markers remained after filtering. Dataset Mz2 is based on the data pro-
vided for the 2022 maize prediction competition hosted by the ‘genomes 2 fields’ project
[26] and publicly available via the projects’ website [27]. After preprossessing, it con-
sisted of 4,689 maize hybrids and 267,818 markers for their respective parents. Data-
set Wh1 consisted of wheat lines which were generated from a factorial crossing design
within the project MultiResistGS. After preprocessing, 293 lines and 17,221 markers
remained. Dataset Otl consisted of oat lines collected during the project FUGE, also
from factorial crosses. After preprocessing, 234 lines and 29,457 markers remained.
More information on the datasets is provided in Supplementary Table S1 and S2, and
Supplementary Fig. S2.

For every dataset, adjusted entry means were either provided for each genotype or
were calculated using an appropriate mixed linear model, factoring in environments and
local field design. The specific mixed linear model design depended on the dataset.

Feature engineering

The haplotype blocks used in this study were built using the LD between adjacent mark-
ers with a threshold of 0.7 required for a marker to be assigned to a block. Pairwise LD
between all markers was based on the 72 measure [28]. We set a tolerance threshold of 1
marker within a block to be below this threshold.

The autoencoder that was used in this study was based on the generated haplotype
blocks, as inputs are only connected locally within the borders of these blocks. Figure 1
displays a schematic illustration of an example autoencoder with this architecture. The
unsupervised part of the autoencoder was used for feature engineering. It consisted of
4 to 5 layers, depending on the block size. Unsupervised learning refers to models that
process input features without regard to any target trait Y. The input layer consisted of
as many units as there were markers assigned to blocks. Blocks that only consisted of a
single marker were not considered blocks and the markers were subsequently removed
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Unsupervised
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Layer Layer Layer Layer
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Fig. 1 lllustration of the autoencoder architecture

from the data input. The input layer was locally connected to either all units of an
optional hidden layer or to the block layer. If a block contained > 4 markers, an addi-
tional hidden layer was added between the input and the block layer to introduce addi-
tional non-linearity and modeling capabilities (“optional layer” in Fig. 1). The optional
hidden layer consisted of | % | units, where # was the size of the block. The output of
those | 5 | units was passed on to the block layer through a leaky ReLU activation func-
tion with a negative slope of 0.1. Local connections were limited to markers within the
same block, resulting in one single unit per block in the block layer. The block layer was
then fully connected to a hidden layer with 1000 units using the same leaky ReLU acti-
vation function as before. The hidden layer was connected to the reconstruction layer,
which acted as the output of our unsupervised model. This layer returned the recon-
structed marker data, which included markers that were previously removed due to
a lack of block assignment. As the markers were encoded as -1, 0, and 1 to represent
homozygosity for the minor allele, heterozygosity, and homozygosity for the major allele,
respectively, the reconstruction layer used a tanh activation function that returned val-
ues in the range from -1 to 1.

The autoencoder was trained for 100 epochs. Model parameters were optimized using
the Adam optimizer with a learning rate of 0.001 and the mean squared error (MSE)
as the loss function. After training, the outputs of the block layer were extracted (first
reduction step, AE1). As those were highly correlated, a second dimensionality reduc-
tion step (AE2) was added. The block layer output of the first autoencoder was used
as the input for a new autoencoder with the same architecture which was then again
trained for 100 epochs. Since it was not possible to form LD-based blocks in this sce-
nario, blocks that showed a pairwise correlation >0.7 were grouped together to form
‘meta blocks’ This is analogous to [17], where the same procedure was also applied a
second time to the already reduced data. Model training was only needed once before
the actual cross-validation, since the features could be used in all subsequent cross-vali-

dation runs as no phenotypic value was required at this stage.
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As an additional reference, principal component analysis (PCA) was used to create
principle components as input features, as this is a common and widespread method.

Genomic prediction

The first model we used to evaluate the influence of dimensionality reduction was a
GBLUP. We used two different models for fitting the GBLUP, depending on the type of
the crop. For datasets consisting of i = 1, ...,n homozygous lines we used the model

vy =160 +Zu+e. (1)

The vector y is the response vector with the phenotypic observations of the i = 1, ...,n
inbred lines, 1 is an n x 1 column vector of ones, (3 is a fixed intercept, u is a vector
of normally distributed random genotypic values with E(u) = 0 and cov(u) = Go?, 0
is an n x 1 column vector of zeroes, and Z is the design matrix for the genotypic val-
ues. In models where y contains the adjusted treatment means of a field trial, Z is the
identity matrix I,,. e is a vector of randomly distributed residuals with E(e) = 0 and
cov(e) = Ina}%. I,, is an identity matrix and 012% is the residual variance.

For hybrids, we used a model that included the general combining ability (GCA) and
specific combining ability (SCA) as described in [29] and applied in [23]:

y =180 + Z1uy + Zauz + Zsus +e. 2)

The vectors y, 1, By, and e are defined as stated above, this time for the i =1,....;n
hybrids. u; and us are vectors of normally distributed random GCA effects of parents
1 and 2, respectively, with E(u;) = E(uz) = 0, cov(uy) = G102, and cov(uz) = G203,
ug is a vector of normally distributed random SCA effects associated with the specific
combinations of parents 1 and 2, with E(us) = 0 and cov(us) = Gso?2, and the design
matrices Z1, Z2, and Zg link the observations in y to the corresponding GCA and SCA
effects.

The genomic relationship matrices G, G1 and Gz were calculated using method I of
VanRaden [30]. Gg is defined as the Kronecker product G1 ® Gz. The variance compo-
nents were estimated by restricted maximum likelihood (REML).

As an additional reference to evaluate the influence of dimensionality reduction in the
context of ML, we used Random Forests [31]. We trained Random Forest models based
on 20 different sets of hyperparameters, generated using a maximum entropy grid [32,
33]. Each set of hyperparameters was evaluated using a 5-fold cross-validation based on
the training set. We tuned the number of trees ([100, 1000]), the column sampling rate

ncol ncol
([ 1007 3

]) and the minimum observations required for an additional split ([1, 20]). We
then created a stacked ensemble based on the models trained for every hyperparameter
combination [34]. We used the LASSO algorithm [35] as the super learner for the new
model.

Estimation of haplotype block effects
Baseline block effects were calculated using the sum of individual marker effects belong-
ing to the same block [19].

To estimate block effects using the autoencoder, the block layer was directly connected
to an additional unit that returned a prediction for yield (“yield output” in Fig. 1), which
added a supervised part to the autoencoder. While both supervised and unsupervised

71—
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parts of the model were optimized simultaneously, the supervised part was only opti-
mised on the basis of observations included in the training set while the unsupervised
part of the model was optimised on the full data set. This combination of supervised
and unsupervised, or labelled and unlabelled, data is known as semi-supervised learning
[36].

For the semi-supervised form, the autoencoder used a custom loss function

MSE(X, X) — cor(y, §) + (MSE(y,9) + A|Jwz]?) 3)

where X represents the true markers and X the reconstructed markers, y represents the
true yield and ¢ the predicted yield, and A is the ridge parameter of the squared /3-norm
of the parameters of the block layer w. The term MSE(X, X) is the loss function for the
unsupervised part of the autoencoder. It represents the difference between the output of
the autoencoder, which are the reconstructed markers, and the true markers that were
used as inputs. By minimizing this error, the model learns to form a meaningful latent
representation of the marker data in the block layer. Minimizing the negative correlation
between the observed and predicted yield is equal to maximizing the same correlation.
It is important that the rankings of observed and predicted phenotypes match, especially
for the best observed genotypes, as these are the ones selected in a breeding program.
Since the correlation is scale-free, the term (MSE(y, §) + A||wz||?) is introduced which
minimizes the MSE between predicted and observed trait values. This ensures that pre-
dictions are on the same scale as the observed values. Similar to the ridge parameter in
methods like RR-BLUP, \||wz||? leads to a shrinkage of the parameters connecting the
block layer and the supervised part. This shrinks the parameters of blocks with lesser
importance for the final prediction. In addition, the constraint encourages the model to
rely more on the shared block representation, thereby stabilizing training and reducing
the risk of overfitting in the supervised part. We set A to 0.001 for every dataset.

Evaluation

A Mantel test [37] was used to assess the autoencoders ability to capture the genomic
information in a lower dimensional space. A Mantel test compares the similarity
between the distance matrices of the target matrices, in our case the genomic relation-
ship matrices generated from the full SNP data and both reduced feature sets. Genomic
relationship matrices were calculated according to method I of VanRaden [30].

To assess the suitability of our data for genomic prediction, we used GBLUP and RF
based on the full marker data as the reference models. The features from the first and
second reduction step were rescaled to be between -1 and 1 to compute the genomic
relationship matrices used in GBLUP as this format was required by the software. The
RF model used untransformed features.

For cross-validation, 100 training and test sets based on 80%/20% of the data were
created and tested with each combination of method (GBLUP and RF) and feature set
(full SNPs, reduction step 1 and reduction step 2). Additionally, 100 training and test
sets were created for data sets of hybrid crops (Ral, Mz1, Mz2) for which the test sets
only consisted of TO hybrids, i.e. hybrids where both parental lines did not appear in the
training set. The prediction accuracy of a model was defined as the correlation between
the observed and predicted yield. Prediction accuracy and computation time were
recorded for every cross-validation run.

—72—
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Table 1 Absolute and relative dimension of the full set of SNPs (SNP), the output of the first
autoencoder (AE1) and the second reduction step (AE2) for all datasets. Additionally, amounts of
markers with no block assignment are listed

SNP AE1 AE2 Unassigned SNPs
Ra1 10939 (100%) 1458 (13.33%) 177 (1.62%) 1472
Mz1 28803 (100%) 4140 (14.37%) 534 (1.85%) 14061
Mz2 267818 (100%) 34643 (12.94%) 3819 (1.43%) 106500
Wh1 17221 (100%) 2353 (13.66%) 427 (2.48%) 5806
ot1 29457 (100%) 2890 (9.81%) 432 (1.47%) 3090

Table 2 Mantel test of similarity between genomic relationship matrices derived from the full set
of SNPs (SNP), the output of the first autoencoder (AE1) and the second reduction step (AE2) for all
datasets. Results are provided in the form: r-value (p-value). The r-value stands for the correlation and
ranges from -1 to 1 where 1 is perfect correlation

SNP vs AE1 SNP vs AE2 AE1 vs AE2
Ra1 0.7559 (<0.001) 0.7176 (<0.001) 0.9669 (<0.001)
Mz1 0.9988 (<0.001) 0.9834 (<0.001) 0.9886 (<0.001)
Mz2 0.9499 (<0.001) 0.9348 (<0.001) 0.9855 (<0.001)
Wh1 0.7907 (<0.001) 0.8159 (<0.001) 0.9807 (<0.001)
Otl 0.5322 (<0.001) 0.5392 (<0.001) 0.9419 (<0.001)

To explore the potential of semi-supervised autoencoders for genomic prediction and
variant effect estimation, the prediction accuracy of the semi-supervised version of the
autoencoder was compared to the standard GBLUP model using the same initial 100
training and test sets. Additionally, the haplotype block variant effects derived from the
autoencoder were compared to the sum of the single marker effects belonging to the
same block. The marker effects were derived from the GBLUP. As GBLUP and RR-BLUP
are mathematically equivalent [38, 39], it is possible to transform the random effects of
the genotypes into marker effects.

Software

Autoencoders were computed using Python 3.12 and PyTorch 2.5.1 [40] using an
NVIDIA®*Quadro RTX™4000 GPU. All other calculations were done using R 4.3.3 [41]
on two Intel”Xeon‘Platinum 8276 CPU. Marker filtering and haplotype block building
was done using routines which we programmed in the C and R programming languages.
Mantel test was done using the R package ‘vegan’ [42]. Genomic relationship matrices
and GBLUP were calculated using ‘sommer 4.2.0" [24, 25], for RF we used the ‘tidymod-
els’ framework [43] with ‘ranger 0.16.0’ [44]. Due to its large size, GBLUP for dataset
Mz2 was calculated using ASReml 4.2.0.267 [45].

Results
Dimensionality reduction for genomic prediction
The magnitude of the dimension reduction is shown in Table 1. In general, the dimen-
sion of the features was reduced to 9-15% of the original dimension, where all datasets
fell in the range of 13-14% with the exception of Otl (~10%). After the second reduction
step, only around 1-3% of the original dimensionality remained.

A Mantel test was used to compare the similarity between all the genomic relationship
matrices (Table 2). All genomic relationship matrices had a significant r-value (p-value
< 0.001) which indicated a high correlation between all tested matrices. The Mantel test
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for comparing the full set of SNPs to the first autoencoder features showed high vari-
ability between the datasets. While the two maize datasetes showed very high similar-
ity (values above 0.9), the oat dataset showed much lower similarity (around 0.5). The
same pattern could be observed for the comparison of the SNPs to the features of the
second autoencoder. The r-values generally showed the same tendencies as the previous
test, with only small differences. Features AE1 and AE2 seemed to result in very similar
genomic relationship matrices as the r-values were very high for all datasets (>0.9).

Results of the cross-validation for hybrids are shown in Fig. 2. For hybrids, the reduc-
tion in the data dimensionality did not lead to a decrease in prediction accuracy. In the
cross-validation scenario where parents of the hybrids in the test set also appeared in
the training set (T1/T2 hybrids), prediction accuracy was equivalent for different fea-
ture sets within algorithms. In the cases of Ral and Mz1, prediction accuracy was also
equivalent between algorithms while RF performed slightly worse for dataset Mz2. In
the case of the TO-scenario, prediction accuracies within algorithms showed slightly
more variability between feature sets. The changes in the prediction accuracy were still
very minor, with the only exception being GBLUP for Ral, where prediction accuracy
improved from 0.1 to 0.14 and 0.2 with the first and second reduction step. This was not
observed for RF for the same dataset. Similar results were observed for the inbred data-
sets (Fig. 2). For lines, the prediction accuracy was equal between the two algorithms
and across feature sets. Prediction accuracies were generally higher than when principle
components were used as inputs (Figure S3).

The GBLUP was much faster to compute and computation time was mostly unaffected
by the change in the data dimension (Table 3). The average computation time for one RF
run, including grid search, was drastically reduced in both steps. While training the RF
models with the full set of SNPs took several minutes minimum for all algorithms, even

up to more than two hours per run in the case of Mz2, computation time of three of the
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Fig. 2 Prediction accuracy of all cross-validation runs. Blue boxplots indicate GBLUP and orange indicate RF,
wheares the reduced saturation indicates reduced feature sets. Numbers above the boxplots indicate the median
prediction accuracy. Left shows T2/T1 hybrids, i.e. the 100 regular cross-validation runs where either one (T1) or
both (T2) parental lines of the hybrids in the test set were available in the training set. The center shows 100 cross-
validation runs where parental lines of hybrids in the test set were removed from the training set (T0). Plot on the
right shows prediction accuracy for the cross-validation of the line datasets
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Table 3 Mean computation time in minutes. GBLUP and RF refer to the methods used. SNP, AET and
AE?2 refer to the feature set used with each method and represent the full set of SNP markers (SNP),
the output of the first autoencoder (AET) and the second reduction step (AE2)

GBLUP SNP GBLUP AE1 GBLUP AE2 RF SNP RF AE1 RF AE2
Ra1 0.23 0.08 0.09 4.19 0.94 0.20
Mz1 0.10 049 053 21.86 284 093
Mz2 737 7.22 9.77 162.49 34.32 435
Wh1 >0.01 >0.01 >0.01 2.64 0.57 0.18
Ot1 >0.01 >0.01 >0.01 398 0.79 0.21
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Fig. 3 Prediction accuracy of all cross-validation runs for all datasets. Green boxplots indicate the semi-supervised
autoencoder (SS-AE), blue boxplots indicate GBLUP. Numbers above the boxplots indicate the medians of the
prediction accuracy. For hybrids, training and test sets were identical to the T2/T1 scenario

datasets (Ral, Otl, Wh1) was reduced to under one minute after the first reduction step,
and Mz1 requiring under one minute after the second reduction step. For dataset Mz2, a
reduction from more than two hours to 30 to 4 min after the first and second reduction
steps could be observed. Computation time after the second reduction step was even
faster than the GBLUP for the same dataset with the full SNP data.

Semi-supervised estimation of block effects

We observed varying differences in the prediction accuracy between the semi-super-
vised autoencoder and the GBLUP (Fig. 3). Generally, the semi-supervised autoencoder
performed worse than the GBLUP. While prediction accuracy for both methods was
equal for datasets Mz1 and, to some degree, Mz2 and Whl, the prediction accuracy of
the autoencoder was lower compared to GBLUP for datasets Ral and Otl1.

We compared the haploblock variant effects estimated by the semi-supervised auto-
encoder to the marker effects estimated by GBLUP, summed up for every block. Figure 4
shows the distribution of the correlation between those variant effects for each block.
The figure is exemplary and based on the effects estimated for the first cross-validation
run for every dataset. The overall tendency was towards a positive correlation between
both methods. However, different patterns in the distribution of the correlations could
be observed. While Ral showed a tendency towards having more observations in the
tails of the distribution, it also showed some similarity to a left-skewed distribution. The
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and summed up marker effects (§’). For each block individually, correlation was recorded between autoencoder-
based variant effects and marker effects summed up for every variant

distributions for Mz1 and Mz2 showed a clear left-skewed distribution with relatively
few of the observed correlations falling below 0 and with each median correlation above
0.5. For the line datasets Whl and Otl, the distribution showed a u-shape with most
of the blocks falling into either a nearly perfect positive or negative correlation, with a
stronger tendency towards a positive correlation.

A direct comparison of block variant effects based on the autoencoder and the block-
wise sum of the marker effects is shown in Fig. 5. The observed values were scaled for
both approaches due to the absence of an intercept in the autoencoder, resulting in
larger effect sizes compared to those generated using GBLUP. The overall trends in
effects were comparable, but the distribution of block variant effects was more symmet-
rical around O for single markers. For the encoded effects, there was a stronger tendency
toward positive effects (above 0), while fewer negative effects, especially strong negative
effects, were observed. Effects from the autoencoder showed some extreme positive val-
ues, relative to which most other effects appeared relatively small. Marker-based effects
were more evenly distributed across all blocks, with fewer extreme values.

Discussion

Autoencoders for dimensionality reduction

In this study, we developed a novel autoencoder architecture based on the concept of
haplotype-based blocks to compress high dimensional genetic data while preserving its
core information content. Our first goal was to assess how much relevant information is
retained within the encoded features extracted from the autoencoder and to determine
their usefulness as inputs for prediction models. The Mantel test on the different feature

sets showed a high similarity between the genomic relationship matrices generated with
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physical distance between blocks. The y-axis was scaled for both methods individually through dividing all effects
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those features (Table 2). While all genomic relationship matrices were significantly cor-
related with each other, the r-value between full and reduced data was comparatively low
for dataset Otl. For the maize datasets, the similarity was nearly perfect between full and
reduced data. We conclude from this that the majority of genetic relationships contained
within the marker data are retained during dimensionality reduction. Additionally, the
genomic relationship matrices based on the first and second reduction steps were highly
similar in all cases. This implies that reducing the already compressed data further does
not result in the loss of any more information regarding the relationship structure in our
data. This is reaffirmed by the consistency in the observed prediction accuracy for all
datasets and algorithms. Compared to a widespread dimensionality reduction method,
PCA, prediction accuracies of RF based on the autoencoder features were also higher
(Figure S3). In all cases, prediction accuracy remained largely unaffected by the change
in the dimensionality (Fig. 2). Through the dimensionality reduction of approximately
85 to 90% in the initial step and up to 98% in the second step (Table 1), computation
time for ML algorithms was drastically reduced (Table 3). Computation time for GBLUP
was unaffected as the dimension of the genomic relationship matrices depends only on
the number of genotypes tested. Fluctuations in computation time may be related to a
higher workload on the server side or other factors beyond the scope of this study.

In summary, we generated features in which each haplotype block is represented by
a single variable, and the variables representing the blocks contain most, if not all, of
the information from the full marker data. As our model guarantees dimension reduc-
tion, it overcomes the typical problem of an increased dataset dimension encountered
with haplotype blocks [15]. This may help to avoid the potential problem of decreased
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prediction accuracy due to multicollinearity when there are many block variants [46].
We conclude that locally connecting markers belonging to the same blocks based on
flanking LD in an autoencoder is an effective way to reduce the dimensionality of genetic
data. Our method therefore solves the problems faced in an earlier study [8], where
autoencoders did not seem to be useful when using a standard architecture based on
fully connected layers, as the prediction accuracy declined drastically. By reducing the
number of features in the dataset training models for RF and other ML algorithms takes
much less time and uses fewer computational resources. This can be advantageous in
many situations, such as when computation time or model size are critical factors or
related to costs (e.g. if rented cloud computing space is used or local space is limited),
or during hyperparameter tuning, which is an integral part of ML [12]. A smaller model
could be used to quickly find optimal regions in a very large hyperparameter space or
create large ensembles of models. This is important as ensembles of models often per-
form better than individual models [7, 47, 48], especially when the ensemble is made
up of diverse models [49]. The additional cost of training the unsupervised autoencoder
is comparatively low as it only has to be trained once and does not require phenotypic
measurements. Similar to the popular ML approach of transfer learning [50], a fully
trained model can be stored and fine-tuned for each new cycle of a breeding program
using newly generated data or for modeling new traits closely related to the original task
in its semi-supervised form. This process allows the model to continually improve and
adapt to the evolving germplasm within the breeding program.

Autoencoders are rarely used for genomic prediction in plant breeding. Existing stud-
ies focus on 2- and 3-dimensional [51, 52] or hyperspectral data [53, 54]. Tross et al. [54]
used autoencoders to reduce the dimension of hyperspectral data, where some autoen-
coder features also showed similarity to known genes influencing leaf phenotypes. To
our knowledge, the study that comes closest to ours is Islam et al [17]. Our findings
regarding prediction accuracy are in accordance with the findings in their [17] study.
However, our method has some key differences. The most notable is that we used a sin-
gle autoencoder to train the full model, whereas Islam et al [17] used a series of small
autoencoders. The equivalent to this would be training an individual autoencoder for
each block, which our method can relatively easy be adapted to. However, as we have
fully connected layers in the decoder part and also include the markers without block
assignment in the output layer, we argue that having a single autoencoder comes with the
advantage of the model learning the interconnectedness between blocks and all markers.
This can be important as one possible reason for markers not being assigned to a block
is that their physical position is not determined correctly and therefore actual existing
blocks are broken up. We assume that in our case, a unit in the block layer would also
be a good predictor for markers with wrong physical positioning and this information
is therefore also accounted for in the model. Secondly, Islam et al. [17] chose to one-hot
encode markers, therefore quadrupling the amount of input variables. The advantage is
that their approach is not limited to biallelic SNP markers. However, as most markers
are biallelic, we believe that this increases computation time unnecessarily in most cases.

Haplotype block effects

Our second goal was to enhance our model to create a novel approach of estimating the
effects of haplotype block variants that goes beyond simply adding up the local effects of
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markers. For this, we extended our model to include a yield output layer which was used
only for those training samples that were in the training set, while the unsupervised part
was using all of the data. This concept is called semi-supervised learning [36] and to our
knowledge, this approach has not ben utilized in plant breeding before. The advantage of
semi-supervised learning is that it uses all of the data in the model. In supervised mod-
els, genetic data without phenotypic data is usually excluded completely during model
training. This is important because it is often hypothesised that datasets in plant breed-
ing might be too small for ML to work in general [4, 11, 55]. By maximising data usage,
breeders can get the most out of the available data.

Comparing GBLUP and semi-supervised autoencoders, the results showed that
GBLUP was performing better, albeit by a smaller (Mz1, Mz2, Wh1) or larger (Ral, Otl)
margin (Fig. 3). One possible explanation is that we used the same approach for every
dataset. Typically, the number of epochs, the learning rate, and architectural details such
as the size of the hidden layer before the output layer are adapted for each dataset. In
our study we prioritised creating a general framework and prove the feasibility of a novel
method of estimating haplotype block effects instead of working on fine-tuning the
model for every dataset as this would have unnecessarily increased the complexity of the
methodology. It is reasonable to assume that prediction accuracy would further improve
with dataset-specific parameters.

Some authors argue that Neural Networks may not be suitable for estimating marker
effects when used for genomic prediction [56]. However, by incorporating prior knowl-
edge about genetic linkage into our model architecture and a direct connection between
block and yield output layer, we ensure that the effects are, by design, in the same unit
as the target variable. The effects derived from the autoencoders and the block-wise
sums of marker effects [19] were often highly correlated (Fig. 4), especially for datas-
ets Wh1 and Otl. This agreement between the methods confirms that the autoencoder
effects are plausible and meaningful. However, since there were also many cases where
the correlation was lower, it appears that the autoencoder identified alternative regions
with important contribution to estimating the final yield. This may indicate areas where
non-additive effects may play a role. It has been shown that haplotype blocks capture
local epistatic effects to some degree [14] although with varying success [57]. As we opti-
mize our model towards two objectives (yield and the reconstructed marker data) and
pass the inputs through multiple layers with non-linear activation functions, our model
is designed in a way that could help capture local epistatic effects. While this was not
directly tested here, future work could explore whether the model can also capture more
complex non-linear interactions beyond local epistasis, such as global epistatic effects.
Training on a combination of labelled and unlabelled data may also act as a form of reg-
ularisation, leading to better model generalisation [58]. Our approach therefore provides
an alternative method of estimating the effects of haplotype blocks directly on the vari-
ant level instead of relying on estimating effects for markers first. This could be used
for proposed methods like “haplotype stacking’, where the goal is to bring favourable
combinations of blocks together [19, 21], as this is currently relying on block-wise sums
of marker effects.
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Limitations

A current limitation of our model is that, due to the use of a (-1, 0, 1) marker encod-
ing, some haplotype block variants are effectively lost for hybrid datasets. This encoding
does not take into account on which chromosome an allele is positioned. The following
example (Figure S1) illustrates the problem: The cross between two homozygous paren-
tal lines where one has the block variant CCAC and the other CAAA would result in
a block variant encoded as (-1, 0, 1, 0). Another cross between two different homozy-
gous parents with the variants CAAC and CCAA would equally result in a hybrid with
marker data (-1, 0, 1, 0). As a result, our models assigns the same effect to some block
variants that are functionally different. This problem does not occur in the case when
lines are predicted as they are homozygous.

While this is a constraint when estimating block effects for hybrids, this problem can
be circumvented in future studies. A potential solution would be to provide a tuple of
the two alleles (i.e. two variables) instead of a single binary variable. This would effec-
tively double the size of the input and unsupervised output layers, while the principle
of the architecture remains unchanged. The idea of representing SNPs with two codes,
typically one for additive and one for dominance effects, has long been used in quantita-
tive genetics and genomic prediction [30]. Recent implementations in efficient, multi-
locus mixed models [59, 60] demonstrate the continued relevance of this approach for
GWAS. A similar extension based on design or genomic relationship matrices could
also be applied in our framework by using two separate matrices to represent the two
parental haplotypes in a block, thereby addressing the problem of ambiguous encodings.
Adjusting our method would be required if a diverse set of genotypes with a high rate of
heterozygosity is used. Any aspect related to our first objective was not affected as the
primary goal was dimensionality reduction while maintaining a stable prediction accu-
racy. Therefore, the actual values of the features are not interpreted.

Conclusion

Our method overcomes the limitations of autoencoders that were encountered in pre-
vious studies, where prediction accuracy decreased when features generated using an
autoencoder where used as inputs in another model. The novel haplotype-based auto-
encoder successfully compresses high-dimensional genetic data while preserving genetic
relationships, as shown by the high similarity in relationship information and consis-
tent prediction accuracy compared to the standard GBLUP model. This dimensional-
ity reduction significantly decreases computation time for ML algorithms, making them
advantageous for scenarios where computational efficiency is important or extensive
hyperparameter tuning is required. Additionally, the semi-supervised learning approach
offers a new way of estimating the effects of haplotype blocks that goes beyond simply
adding up the individual marker effects for each block.
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Supplementary File 1: Haplotype-based
Autoencoders Can Reduce the Dataset Dimension
and Estimate Haplotype Block Effects in Different

Crop Species

Supplementary Tables and Figures

Table S1 Genotypes generated for each cross between parental lines for
dataset Otl. Parent 1 was used as a resistance donor for Fusarium spec..
Parent 2 was a genotype with superior potential for yield. The remaining
genotypes in the dataset were the parental lines themselves.

Parentl
Parent 2 Jaak  Keely Odal PGL228 Puhti Zorro
n
Apollon 5 3 3 8
Armani 12 6 2
DCAs2PGL-253inH817 21
Delfin 8 7 2 12
HSH_PanFlati 19 21
Max 7 15 9 18
Syl12/1 22
Sy3512 4
Symphony 2 7 4 7

Table S2 Genotypes generated for each cross between parental lines
for Dataset Whl. Parent 1 was a resistance donor for either
Zymoseptoria tritici, Pyrenophora tritici repentis, or Fusarium spec..
Parent 2 was an elite breeding line.

Parent1
Parent 2 20812.2.2 XX41 XX45 Stb19/Lorikeet HTRI1410

n

Asory 15 16 38
Informer 1 16 9
Kamerad 29 21 1
LG Initial 23 9 4 41 11

LG Mocca 22 20 17
1
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Cross 1

Parent 1 Parent 2 F;

C -1 C C -1 C C -1 C
C -1 C A 1 A C 0 A
X =
A 1 A A 1 A A 1 A
C -1 C A 1 A C 0 A
Cross 2

Parent 1 Parent 2 F;

C -1 C C -1 C C -1 C
A 1 A C -1 C A 0 C
X =
A 1 A A 1 A A 1 A
C -1 C A 1 A C 0 A

Fig. S1 Illustration showing the encoding problem encountered with hybrids. An example of hap-
lotype block variants containing different alleles and their respective encodings of two genotypes
resulting from crosses between different parents is displayed. Although the two genotypes have iden-
tical encodings, the block variants differ. This illustrates the issue that different block variants may
be treated as the same variant using the current encoding in our model.
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Fig. S2 Crossing matrices of the datasets indicating the sparsity /completeness of the factorial. Black
tiles represent realized crosses. Tick marks on both axes represent the parents from the respective
group. A: Ral, 14 x 381; B: Mzl1, 86 x 123; C: Mz2, 64 x 2100
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Fig. S3 Prediction accuracy of all cross-validation runs for all datasets, comparing RF based on the
full SNPs and RF based on principal components of a PCA. Median prediction accuracy displayed
above boxplots. RF on SNPs corresponds to the results presented in the main body of the study.
When principle components were used as inputs, all principle components were included.
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Chapter 5

General discussion

Genomic prediction in plant breeding is influenced by many factors. While field-
related aspects such as experiment size, design, and cross planning affect data qual-
ity, this thesis focuses on the computational side of the process, following the com-
pletion of field trials. Three main components that determine the success of genomic
prediction from a computational perspective are: (1) the selection and preparation
of input features for the model; (2) the choice of the predictive model connecting
inputs to outputs; (3) the combination of traits and crops that represent the target

output.

These aspects are heavily interconnected and interdependent. Different models
may be more suitable for predicting certain traits, and certain input features may be
more effective for this purpose or for increasing the computational speed of prediction
models. In the previous chapters, various models were compared using different
input features to predict yield and resistance traits in different species. This chapter
provides a general discussion of each of these three aspects in the context of the
results presented in this thesis and relevant literature. An outlook beyond the
current state of ML is provided that addresses different problems of ML in plant

breeding in the status quo.

The influence of input features on genomic predic-

tion

The selection and preprocessing of input features is a critical part of ML for ge-

nomic prediction and makes up a substantial part of the overall time spent on a ML
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project (Kuhn and Johnson 2019; Verdonck et al. 2024). As diverse data types be-
come more widely available, breeders must decide which information to include and
how to encode it for prediction. This can be challenging, as datasets may contain
tens of thousands of markers and environmental data recorded at up to the minute
level, image data, transcriptome data, management data, and more. Adding more
variables p to a dataset with a constant number of observations n can lead to a ‘small
n, high p’ scenario, resulting in long training times and potential overfitting, some-
times described as the ‘curse of dimensionality’ (Hastie et al. 2001). ML algorithms
are particularly prone to this, because they can even learn patterns in the predictors
that are caused by random experimental errors. Such overfitted models fail to make
accurate predictions when predicting new data without the same random pattern
(Hastie et al. 2001). Therefore, engineering new, more informative features or re-
ducing feature dimensionality while retaining most information can be beneficial in
terms of both speed and generalisation (Kuhn and Johnson 2019; Verdonck et al.
2024).

A minimalist pedigree approach as an alternative to marker
data

Since the introduction of ML into plant breeding was fairly recent, it has been
seen as an extension to the latest genomic methods. However, the initial study
presented in this thesis first considered methods that have long been used in plant
breeding practice, such as models based on pedigree information, before exploring
more complex feature engineering approaches. These simpler models formed the
basis of plant breeding before molecular markers became widely available, and the
aim of the study was to evaluate their utility as minimalist baselines for ML. The
idea was to investigate whether ML is able to model genetic relatedness based on
nominal parentage records alone, i.e. the names of the parental lines as variables,

and to accurately predict yield on that basis.

The results of Heilmann et al. (2023) show that ML models trained solely on
nominal parentage features often performed well in predicting hybrid yield. In sev-
eral cases, prediction accuracies were comparable to those achieved using GBLUP
with SNP marker data. Only a few other studies have used parentage data in this
form (Khaki and Wang 2019; Khaki et al. 2020; Sarijaloo et al. 2021). These studies
rely on a large dataset from the ‘Syngenta Crop Challenge’ (Syngenta 2021), mainly
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focusing on predicting yield for genotypes on an environment level. However, as
genotype data was not provided with this dataset, none of the studies include a

comparison of parentage-based performance with actual genomic models.

The implications of this finding are particularly relevant for breeding programs
that may not yet use genotyping or have only been doing so for a short period of
time. While many small to medium-sized breeding companies have extensive histor-
ical datasets spanning decades of phenotypic evaluations, they often lack genotypic
information for older varieties. Consequently, when companies switch to genomic
selection, these datasets tend to be underutilised. However, our results suggest that
this data could still be useful if it were included in the training of ML models,
thereby extracting value from unused data. The large amount of historical data
helps to provide a suitable training set for ML algorithms. As this method takes a
minimalist approach, it lowers the technical and financial barriers to implementing
ML-based prediction. This could be adopted in settings with limited resources, or
to bridge the first years after introducing genotyping while the amount of genomic

data is insufficient for accurate predictions.

Haplotype blocks

Haplotype blocks are sometimes used as input features for genomic prediction as an
alternative to individual SNPs. The idea of this approach is that adjacent markers
in strong LD tend to be inherited together. In theory, representing these regions
as haplotypes rather than independent SNPs can capture local epistatic effects and
may better reflect the underlying genetic architecture of complex traits (Jiang et al.
2018). While there are also non-LD-based approaches to building haplotype blocks,
some studies suggest that LD-based blocks are generally better suited for genomic
prediction than those defined by physical distance or fixed window sizes (Difabachew
et al. 2023; Weber et al. 2023).

Several studies have reported that haplotype-based models can improve pre-
diction accuracy compared to single-marker approaches, particularly when causal
variants are in LD with specific haplotype blocks (Gabriel et al. 2002; Cuyabano
et al. 2014; Jiang et al. 2018). In the study presented in Chapter 4 (Heilmann et al.
2024), ML models using haplotype blocks performed similarly to SNP-based models

in terms of prediction accuracy, and in some cases, slightly better.
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One drawback often observed with haplotypes is the increase in dimensionality
of the input data (Difabachew et al. 2023). This phenomenon was also observed in
Heilmann et al. (2024). Each block can represent multiple allele combinations, re-
quiring one-hot encoding of several variants per block. Consequently, model training

time increased, especially for computationally intensive algorithms.

Since haplotype blocks as inputs produced similar or sometimes better results
than SNPs, they can be a suitable choice as inputs if computation time is of lesser
importance. Depending on the dataset and the number of variants of haplotype

blocks, ML can be hampered by haplotype blocks without any guaranteed benefit.

Input features with reduced feature dimensionality

Given that haplotype blocks increased the number of features and thus computation
time for ML models, alternative ways to reduce genomic feature dimensionality were
explored. Two additional approaches were investigated in Heilmann et al. (2024):
variable selection and autoencoder-based feature compression. The goal was to
make ML training faster and less prone to overfitting by condensing the genotype
data while maintaining prediction accuracy. Based on the results of this investi-
gation and findings regarding haplotype blocks, a new deep learning architecture
was developed that incorporates the idea of LD-based haplotype blocks into autoen-
coders. This combined the autoencoder’s guaranteed dimensionality reduction with
the performance of haplotype blocks, creating a new set of input features that are
equal to or better than the original in terms of prediction accuracy while reducing

computational time.
Variable selection

One straightforward approach to dimensionality reduction is to select the most im-
portant SNP markers and discard the rest. Feature selection is a common ML
technique used to remove noisy or redundant variables. However, applying it to
genomic prediction might not be useful since the infinitesimal model assumes many
loci with small effects. Therefore, omitting most markers theoretically violates this

assumption.

Several studies have applied variable selection using ML in plant breeding (Azodi
et al. 2019; Gabur et al. 2022; Heinrich et al. 2023). Heilmann et al. (2024) used the
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approach described in Heinrich et al. (2023), in which SNPs are ranked by impor-
tance based on a genome-wide association study. Starting with the top-ranked SNPs,
more markers are iteratively added to a random forest model. Cross-validation is
used on the training set to identify the optimal number of SNPs to retain based on

the lowest mean squared error.

Results of the genomic prediction were mostly equal to using a random forest
with the full set of SNPs, with only one case showing a notable decline in prediction
accuracy. Median training time was reduced by approximately 20%, suggesting
that feature selection can help reduce computational demands. However, caution
is advised, as this did not work in all cases. It could be assumed that the more
markers influence a trait, the longer variable selection takes, since more markers
have to be tested to find the optimum number to include. If more effort is required
for variable selection, the advantage of reduced computation time for the actual

model is nullified.
Autoencoders

Instead of elimination, another approach to dimensionality reduction is to compress
features into a lower-dimensional representation. In order to achieve this, a special
neural network called autoencoder was used as a non-linear alternative to principal
component analysis to encode genotype data (Hinton and Salakhutdinov 2006). An
autoencoder is a neural network consisting of multiple layers, where the intermediate
layers are typically of smaller dimension than the input and the output. The model
is then optimized in such a way that the input data is passed through the lower-
dimensional layers and then reconstructed again from this compressed state. Taking
the output of the middle hidden layer as a condensed latent representation creates
a set of new variables that are abstract representations of the original markers.
This compression could address the curse of dimensionality by reducing the number
of variables passed into the prediction model, speeding up computation. Given
the reconstruction error is sufficiently low, the compressed representation should
theoretically contain all the information also contained in the raw data and would

therefore lead to a similar prediction accuracy.

While the use of autoencoders in plant breeding is relatively rare, they have
been more common in phenomics-related studies (Jurado-Ruiz et al. 2023; Powadi

et al. 2024; Tross et al. 2024) to compress or process hyperspectral data and images,

—092—



GENERAL DISCUSSION

only one study has used autoencoders for dimensionality reduction and subsequent
genomic prediction (Islam et al. 2023). In this study, autoencoders were successful
at reducing the data dimensionality while keeping the prediction accuracy stable
However, results from Heilmann et al. (2024) in Chapter 4 were different. There,
features generated by autoencoders helped drastically speeding up computation time
of ML algorithms, but at the cost of prediction accuracy. In most cases, algorithms

performed a lot worse when using autoencoder features as inputs.

Autoencoders are neural networks that reconstruct original input data from a
compressed state. Apart from this characteristic, there is no pre-defined architecture
for building an autoencoder. The number and type of layers that the autoencoder
consists of are chosen by the user. There are also different approaches on how to use
autoencoders for dimensionality reduction. While Islam et al. (2023) trained a lot
of small autoencoders, each on only a small window of adjacent markers, Heilmann
et al. (2024) trained one autoencoder on the whole data, using fully connected layers
between all inputs and units of the next layer. While one autoencoder instead of
many small autoencoders is better suited to capture global correlations, the predic-
tions based on these features showed low prediction accuracy. Finding more suitable
architectures for autoencoders could help creating a small set of input features that
result in improved computation speed compared to models using the original data

while maintaining the same level of prediction accuracy.
Haplotype-based autoencoders

To address the limitations of the autoencoder described in Heilmann et al. (2024),
Heilmann et al. (2025) proposed a combination of the above ideas: LD-based hap-
lotype blocks as the basis for autoencoders. For five datasets from different crops,
marker data was partitioned into LD-based blocks. Then, the units in the input
layer of an autoencoder were only locally connected to the next layer, i.e. only
markers that belonged to the same block shared a connection in the next layer.
All units belonging to the same block were eventually connected to a single unit
which was referred to as ‘block layer’. This addressed the problem of dimensionality
increase using one-hot encoded haplotype blocks, as extracting the outputs of the
block layer guarantees one variable per block and thus a reduction in dimension-
ality. Prediction accuracy remained stable after compression, and remained stable
even after a second compression was applied to the features that had already been

reduced. Relationship matrices derived from the full SNP data were similar to those
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from the compressed data, indicating that information contained within the genome

was mostly preserved.

This approach was inspired by Islam et al. (2023), as the way autoencoders are
built in their study resemble a fixed window size approach in haplotype blocks. As
mentioned earlier, LD-based haplotypes blocks are usually more stable and perform
better when used as input features in genomic prediction compared to blocks built
using fixed distance or window size methods. The method presented here could be
seen as an improvement over Islam et al. (2023) as one autoencoder could be used
to train on all data, whereas Islam et al. (2023) used many small autoencoders. Ad-
ditionally, the new method did not require an arbitrary choice or tuning of window
size, as it relied on patterns found within the data. In human genomics, Tas et al.
(2024) developed LD-aware autoencoders. They achieved very low reconstruction
errors of genetic data, also by using many small autoencoders, but per haplotype
block. While this approach is very similar to the one presented here, they did not
extract any features to use for genomic prediction, so the usefulness of this approach
for genomic prediction is not clear. As their study used more than six million genetic
markers, a single autoencoder would likely not have been functional. Generally, a
single large autoencoder requires more memory and is slower to train, while smaller
autoencoders can be faster if parallelized efficiently but may miss global patterns
across the full marker set (Mirsky et al. 2018; Ausmees and Nettelblad 2022; Nawaz
et al. 2024). In scenarios where data dimensionality is too high for computer mem-
ory or processing too slow, an ensemble of smaller autoencoders is necessary. In
this case, the approach presented here could likely be modified into smaller autoen-
coders, resembling the approach of Tag et al. (2024). As a compromise, data could
be partitioned chromosome-wise to still be able to capture genetic patterns while

requiring smaller computer memory.

Building a haplotype-based autoencoder using genomic information illustrates
how a domain-specific architecture design can improve the applicability of ML. This
method did not exist in the literature previously and represents a new contribution

on how to integrate genomic information into ML models for plant breeding.

Overall, the influence of the input variables on the training process and the
prediction accuracy was quite strong. Raw marker data can be seen as the gold
standard, as there were few cases in which other input variables resulted in bet-

ter prediction accuracy. ML is especially affected by the number of variables used
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during model training. Time required to train a model may increase drastically
with an increase in input dimension. Typically, many models have to be trained
for hyperparameter tuning, cross-validation and the formation of model ensembles
(Cawley and Talbot 2010; Probst et al. 2019). This can make studies and projects
involving ML time-consuming and tiresome, especially during an initial ‘exploration’
phase. Speeding up computation time while maintaining genomic information and
prediction accuracy allows for testing broader hyperparameter spaces, creating more
diverse models in a shorter time or larger ensembles of models in the same amount
of time. Additionally, GBLUP and RR-BLUP have a rarely addressed problem.
Both typically employ a genomic relationship matrix in their practical software im-
plementations. This relationship matrix always has the dimension n X n, where n
is the number of genotypes. If n is large, the dimensions of the relationship matrix
increases in both row and column direction. During model fitting of dataset Mz2 in
Heilmann et al. (2025), consisting of about 2000 parental lines, common packages
used for GBLUP like ‘sommer’ (Covarrubias-Pazaran 2016) were not computation-
ally able to process the relationship matrix. Hence, it was necessary to switch to
ASRemL (The VSNi Team 2023), a licensed software. Nevertheless, training an
ensemble of random forests based on the twice-compressed dataset was faster than
the GBLUP. Even without deeper insight, it is reasonable to assume that breeding
companies may have similar or larger datasets, or will have them at some point as
they accumulate more data each year. As GBLUP/RR-BLUP apparently also face
limitations based on dimensionality, ML could be an alternative for ‘high n, low p’

scenarios.

The influence of algorithm choice and hyperparam-

eters on genomic prediction

Results of Heilmann et al. (2023) and Heilmann et al. (2024) showed notable differ-
ences between some algorithms and a high similarity between others. For instance,
support vector machines tended to perform worse than other models, and some-
times the decrease in prediction accuracy was relatively strong. Heslot et al. (2012)
reported similar observations, in which support vector machines had the lowest per-
formance among several methods tested. In the study of Azodi et al. (2019), support

vector machines also tended to perform worse than other algorithms, showing high
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inaccuracy for certain traits. Support vector machines generally seemed more unsta-
ble than tree-based algorithms. They sometimes performed extremely poorly, with
prediction accuracies close to 0. Even then, there were some traits in Heilmann et al.
(2024) for which support vector machines outperformed other ML algorithms. This
is a typical example of the ‘No Free Lunch’ theorem (Wolpert and Macready 1997),
which states that there is no single algorithm that performs best at every task. Some
algorithms excel at some tasks but perform poorly at others. Since plant breeding
is a very diverse field, with a strong differences between different predictors and
different traits, some algorithms perform better in certain cases. Tree-based algo-
rithms produced more consistent prediction accuracies and were usually comparable
to GBLUP and in some cases even better (Heilmann et al. 2023, 2024, 2025), an
observation that can also often be found in literature (Heslot et al. 2012; Blondel
et al. 2015; Azodi et al. 2019).

Heilmann et al. (2023) tested random grid search-based hyperparameter tun-
ing. Across 100 cross-validation runs, some hyperparameter combinations appeared
much more often than others as the optimal choice based on the grid search. These
optimal hyperparameter combinations differed between datasets. This indicates that
each algorithm has a certain ‘set’ of hyperparameter combinations or ‘area’ in the
hyperparameter space where it performs best for each crop. The somewhat consis-
tent results also imply that the influence of the random partitioning into training
and test sets during cross-validation did not have a strong influence on the result of
the grid search. Often, the effect of hyperparameters is not discussed in detail, but
hyperparameter tuning itself is typically seen as a mandatory part of successful ML
models (Probst et al. 2019; Pérez-Enciso and Zingaretti 2019). We did not find that
the Bayesian optimisation approach used in Heilmann et al. (2024) yielded better

results than the less sophisticated random grid search used in Heilmann et al. (2023).

A practical alternative to extensive hyperparameter tuning is to build ensembles
of models, i.e. training a new model on the basis of a set of models with different
hyperparameters or even different algorithms altogether. These stacked ensembles
are typically better than the individual models they consist of (Wolpert 1992), have
been successfully implemented in plant breeding studies (Liang et al. 2021; Heilmann
et al. 2023; Kick and Washburn 2023; Tomura et al. 2025), and tend to work better
the more diverse the models included are (Page 2018; Tomura et al. 2025).
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The influence of crop and trait on genomic predic-

tion

The effectiveness of genomic prediction via ML is also influenced by the charac-
teristics of the trait being predicted, the crop, and the specific population under
investigation. In the study on hybrids (Heilmann et al. 2023), the ensemble model
of the minimalist ML approach worked better than the standard methods when the
ratio of SCA to GCA was high and the yield itself was highly correlated to SCA,
whereas no differences could be observed when the yield was determined by GCA.
The GCA reflects additive genetic variance and can be effectively modeled using
linear models, whereas SCA involves more complex interactions such as dominance
and epistasis, making it harder to capture. (Sprague and Tatum 1942). This could
indicate that ML in general or ensembles of models specifically can be an effective
tool for such scenarios. Even among the same crop, strong differences were observed,
e.g. among the three rapeseed datasets used in this study. This suggests that the
composition of the population may be equally influential as the crop itself, which

should be investigated further.

Differences were also observed between five fungal diseases in wheat (Heilmann
et al. 2024), in which the overall level of prediction accuracy was determined by
the trait. For some traits, RR-BLUP was the best, whereas for others, tree-based
methods performed better. Tree-based methods were also among the best algorithms
in some other studies (Rutkoski et al. 2012; Tomar et al. 2021). Differences in
prediction accuracy between methods within a trait were much smaller than the
differences of the average prediction accuracy between traits. It is not possible to
answer why the differences are observable, but two main influences could be: (a)
traits were measured on an ordinal scale from 1-9, but the full range was not used
as most measurements fell towards the lower end of the scale for some traits, and (b)
the genetic architecture between resistances is different. It could be possible that
there were a few loci with larger effects in addition to many small effects for Puccina
triticina, which ML algorithms should naturally be able to deal with. However, when
resistance was polygenic and the phenotype data noisy, the ML models struggled.
However, this is speculation as more field trials and a deeper investigation into
the traits would be necessary. The genetic architecture and other influences on

resistance to diseases are complex interactions and it is not trivial to characterize
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those underlying mechanisms (Derbyshire et al. 2024). On the other hand, the high
imbalance in the distribution of some traits due to the low infection rate may have
made it challenging for algorithms to identify genetic patterns associated with actual

resistance.

The findings described in the two studies also lead up to a similar conclusion as
before: There is no one unified approach to successful predictions. The success of
ML is determined to some degree by traits and crops, but the composition of the
population or the sparsity level of the factorial crosses used as the basis for prediction

could be even more important, as observed with the three rapeseed datasets.

For every key aspect of the success of genomic prediction, no single predic-
tion method could be recommended as superior under all circumstances, consistent
with the 'No Free Lunch’ theorem. This is also a widely observed phenomenon in
the literature and one of the ongoing problems ML faces in plant breeding (Azodi
et al. 2019; Gonzélez-Camacho et al. 2018; Abdollahi-Arpanahi et al. 2020; Kick
and Washburn 2023; Jones et al. 2023). Model training can be made faster, but
no method guarantees a high prediction accuracy. Conversely, most of the methods
tested in the studies presented here, as well as in other works (Azodi et al. 2019;
Gonzalez-Camacho et al. 2018; Abdollahi-Arpanahi et al. 2020; Kick and Wash-
burn 2023; Jones et al. 2023), seem to perform reasonably well for a wide range of

datasets, with the exception of support vector machines.

An outlook beyond the current state of ML in plant
breeding

At present, the performance of MLL methods in genomic selection is often on par with
standard methods like GBLUP but not significantly better in most cases (Azodi
et al. 2019; Abdollahi-Arpanahi et al. 2020; Montesinos-Lopez et al. 2021). This
has been somewhat disappointing relative to early expectations. The results shown
in Chapters 2, 3, and 4 support this: While there were scenarios and traits in
which an optimized ML model or an ensemble outperformed GBLUP or RR-BLUP,
there were also many cases in which gains in prediction accuracy were minor or
absent. Moreover, due to hyperparameter tuning and computational requirements,
ML models often required more time for training and were harder to interpret than

linear models.
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However, rather than viewing this as a dead-end, it could be seen as an incentive
to change how ML is applied in breeding. There is no definite answer on how to do
this. Suggestions include increased cooperation and data pooling (Hayes et al. 2023),
more thorough investigations and scientific practice (Messina et al. 2025), and the
integration of crop growth models into ensembles (Cooper et al. 2025). Especially
the second notion of scientific practice seems important as many recent studies lack
quality and contain methodological errors (Leukel et al. 2025). For example, some
studies present novel deep learning architectures applied to plant breeding problems
but do not conduct more than one cross-validation (Wang et al. 2023; Xie et al.
2024a; Li et al. 2024b,a; Montesinos-Lépez et al. 2025; Xie et al. 2024b). While
those deep learning approaches may be methodologically sound, their performance
in plant breeding cannot be evaluated reliably from a single cross-validation run, even
if it is a 10-fold cross-validation. Results may vary depending on the partitioning of
the data into training and test sets, particularly in smaller or unbalanced datasets
(Cawley and Talbot 2010). Studies with only one cross-validation run therefore
make it harder to compare models and synthesise knowledge from the available pool

of literature.

In general, the greatest advantage of ML is its flexibility. Various data types,
such as genetic markers, pedigrees, environmental variables, sensor data and images
can be incorporated into a single predictive framework. In the case of deep learn-
ing, the user also designs the internal architecture of the neural network. Classical
linear models do not offer the same flexibility. The haplotype-based autoencoder
from Heilmann et al. (2025) is an example for this: It is a ML architecture based
on linkage information in the data, which allows the generation of new features
that (1) improve the computation speed when used in other models and (2) provide
estimates for haplotype block effects. While much research is still conducted on
haplotype blocks and their effects (Villiers et al. 2024; Tong et al. 2024), the stan-
dard method is still to sum up the individual marker effects as initially proposed
in Voss-Fels et al. (2019). This seems counterintuitive if the aim is to account for
non-linear epistatic interactions. The new model proposed in Heilmann et al. (2025)
effectively addresses this issue and also demonstrates that ML can be used for pur-
poses other than prediction. Although ML algorithms are often described as a black
box procedures due to their lack of interpretability, this does not necessarily have to
be the case. Interpretable ML is an ongoing topic of research and direct or indirect
effect estimation is possible (Murdoch et al. 2019; Azodi et al. 2020; Talukder et al.
2020).
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Conclusions

A typical statement found in the introduction and/or conclusion of a study on
ML might read something like this: "ML algorithms do not consistently outperform
methods such as GBLUP’. Despite its frequent use, this statement offers limited
practical insight. Using the same logic, one could also argue that GBLUP does not
consistently outperform ML algorithms. Both statements are true, as one implies
the other, but neither suggests a recommended course of action. However, while the
second version of this statement is rarely said or written, the first appears frequently
and is often interpreted pessimistically: It is not worth trying ML because it is not
better than GBLUP. This is a misconception, as the only real conclusion one can
derive from the initial statement is that arbitrarily choosing a model without prior
thought or testing may result in a suboptimal model choice with regard to prediction

accuracy.

Seasoned researchers and plant breeders have likely witnessed several anticipated
revolutions in their field that then turned out to be exaggerated, only for the next
trend to come around a few years later (Bernardo 2016). This is surprising, since the
story of plant breeding is a success story that is based on small, incremental gains
that accumulate year by year, and their true magnitude only becomes apparent in
hindsight. For example, the yield of wheat has consistently been improved over the
last six decades, but only by an average of around 1% per year (Voss-Fels et al. 2019;
Tadesse et al. 2019). Initially, 1% may not seem much, but the accumulated gain
over the years is substantial. ML may take a course similar to many trends in plant
breeding before, as it has been exaggerated by some and seen as a disappointment by
others so far. Many studies are published every year trying to improve the existing
models and working on proper procedures for their implementation. Custom ML
solutions for breeding, as well as broader use of ML to exploit new data types (drones,
sensors, genomics, transcriptomics) into a single framework, will likely improve with
a better understanding of the underlying mechanisms that influence the success
of ML. The reason for this optimism is the broad success of ML in many other
scientific areas. The unique flexibility of deep learning in particular offers a distinct
advantage over linear models, hence it seems inevitable that deep learning methods
will be adopted in at least some area of plant breeding. Ongoing research will
increase model interpretability in future in cases where interpretation is necessary.

As initially stated, no model always works best, but it is also not necessary to rely
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on a single “best” model. Task-specific models could be designed that excel in very
specific situations. Since these scenarios recur in breeding programs with every

generation, specific models will also be helpful.

Developing such solutions will likely require time and will consist of the combined
work of many studies, each contributing and advancing the methodology. These
advances, combined with validation and incorporation of breeder knowledge, will

likely lead to better predictions, effect estimations and, ultimately, better crops.
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Chapter 6

Summary

Genomic prediction, originally proposed as a solution to the limitations of
marker-assisted selection for complex traits, has become the standard for estimat-
ing breeding values in both inbred and hybrid crops. While linear models such as
GBLUP and RR-BLUP remain effective in many cases, especially when assuming an
additive genetic architecture, recent years have seen a growing interest in applying
machine learning (ML) methods to overcome some of their constraints, including
their limited capacity to model non-additive effects and nonlinear interactions. This
thesis explored the influence of three key aspects on the success of genomic predic-
tion: The choice of input features, the statistical model used, and the target trait

Or Crop.

In terms of input features, marker data was compared to minimalist parentage-
based models, haplotype blocks, and features generated using autoencoders. It
was shown that even simple ML models using parentage-based information can ri-
val marker-based GBLUP under certain conditions, which holds potential for small
breeding programs with large amounts of historical, but ungenotyped, records. At
the same time, dimensionality reduction techniques, especially a novel haplotype-
based autoencoder that was developed during this thesis, were introduced as a means
to compress genomic data while preserving prediction accuracy and succesfully ac-

celerated model training.

Concerning the model aspect, a variety of ML algorithms were benchmarked

using different approaches for hyperparameter tuning. Although no single model
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outperformed others across all traits and crops, ensemble approaches typically per-
formed better than the individual models they were based on. Support vector ma-
chines seemed to be relatively unstable when compared to other ML based algo-

rithms, such as tree-based models.

Finally, results showed that the accuracy of the genomic predictions was strongly
dependent on differences between traits, crops with different breeding schemes, and
different populations. For hybrids, ML performed well when SCA was more impor-
tant for determining the hybrid yield than GCA. Large differences were observed
for different fungal diseases in wheat, while differences among methods for the same

disease were relatively similar.

While ML has not yet provided a significant improvement over traditional meth-
ods in many scenarios, its flexibility and potential for multi-modal data integration
remain promising. The development of plant breeding-specific model architectures,
such as haplotype-based autoencoders, may represent a more promising path than

the general application of standard ML models.
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Kapitel 7

Zusammenfassung

Die genomische Vorhersage, die urspriinglich als Losung fiir die Einschrénkungen
der markergestiitzten Selektion bei polygenen Merkmalen entwickelt wurde, ist zum
Standard fiir die Schétzung von Zuchtwerten sowohl bei Inzucht- als auch bei Hy-

bridsorten geworden.

Wihrend lineare Modelle wie GBLUP und RR-BLUP in vielen Féllen nach wie
vor effektiv sind, insbesondere wenn sie von einer additiven genetischen Architektur
ausgehen, hat in den letzten Jahren das Interesse an der Anwendung von Machine
Learning (ML) Methoden zugenommen. Die Hoffnung hierbei ist, dass so einige Be-
schrankungen der linearen Modelle iiberwunden werden konnen. Dazu gehort unter
anderem ihre begrenzte Fahigkeit, nicht-additive Effekte und nicht-lineare Interak-
tionen zu modellieren. In dieser Arbeit wurde der Einfluss dreier Schliisselaspekte
auf den Erfolg genomischer Vorhersagen untersucht: die Wahl der Prédiktoren, das

verwendete statistische Modell und das Zielmerkmal der Kulturart.

In Bezug auf Pradiktoren wurden Markerdaten mit nominalskalierten Eltern-
informationen, Haplotypblocken und autencodergenerierten latenten Variablen ver-
glichen. Es wurde gezeigt, dass selbst einfache ML-Modelle, die lediglich die Na-
men der Eltern verwenden, unter bestimmten Bedingungen &hnliche Vorhersage-
genauigkeiten wie markerbasierte GBLUP-Modelle erzielen. Dies kann bei kleinen
Zuchtprogrammen mit groffen Mengen historischer Stammbauminformationen, fiir
die keine Markerdaten vorliegen, genutzt werden. Gleichzeitig wurden Techniken zur
Dimensionsreduktion als Mittel zur Komprimierung genomischer Daten bei gleich-
zeitiger Wahrung der Vorhersagegenauigkeit eingefiihrt, wodurch das Modelltraining
beschleunigt wurde. Dazu gehort insbesondere ein neuartiger haplotypbasierter Au-

toencoder, der im Rahmen dieser Arbeit entwickelt wurde.
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Auf der Modellebene wurden eine Reihe von ML-Algorithmen mit verschiedenen
Ansitzen fiir die Suche nach geeigneten Hyperparametern verglichen. Obwohl kein
Modell iiber alle Merkmale und Kulturen hinweg das beste war, erzielten Ensemble-
Ansétze in der Regel bessere Vorhersagegenauigkeiten als die einzelnen Modelle,
auf denen sie basierten. Support Vector Machines schienen im Vergleich zu anderen

ML-basierten Algorithmen, wie tree-based Modellen, relativ instabil zu sein.

Die Vorhersagegenauigkeit der genomischen Vorhersagemodelle wurde stark vom
jeweils betrachteten Merkmal, der Kulturart und Besonderheiten in der genetischen
Zusammensetzung des jeweiligen Datensatzes beeinflusst. Bei Hybriden schnitt ML
gut ab, wenn die SCA fiir die Bestimmung des Hybridertrags wichtiger war als die
GCA. Grofle Unterschiede wurden fiir verschiedene Pilzerkrankungen bei Weizen be-
obachtet, wihrend die Unterschiede zwischen den Methoden fiir dieselbe Krankheit

relativ gering waren.

Obwohl ML in vielen Szenarien noch keine signifikante Verbesserung gegeniiber
herkémmlichen Methoden darstellt, sind seine Flexibilitdt und sein Potenzial fiir
die multimodale Datenintegration weiterhin vielversprechend. Die Entwicklung von
pflanzenziichtungsspezifischen Modellarchitekturen, wie z. B. Haplotypbasierte Au-
toencoder, kénnte ein vielversprechenderer Weg sein als die allgemeine Anwendung
von Standard-ML-Modellen.
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