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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 �, 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 � value.

1   |   Introduction

In the last two decades, genomic prediction (Meuwissen, Hayes, 
and Goddard  2001), which aims at predicting the phenotypic 

value of an individual from its genotypic data, has increasingly 
replaced phenotypic selection. The advantage is that only a part 
of all the genotypes in the breeding population have to be phe-
notyped or, even better, that phenotypic data that are already 
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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 (González-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 López 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 (Böhnshausen, 
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-​giess​en.​de/​de/​
fbz/​fb09/​insti​tute/​pflbz2/​popul​ation​-​genet​ics/​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 (min_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 Q10, 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 � 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 r2 (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 r2 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
(

y

10

)

= ln

(

1

1− y

10

)

 (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 
Q10, and individuals in the “flop” class had a y above the 10% 
quantile Q10.

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, ŷ) 
was calculated as the correlation between the actual phenotypic 
values y and the predicted phenotypic values ŷ in the validation 
set. The predicted logit-transformed resistance scores ŷ∗ were 
transformed back to ŷ and the prediction accuracy was then cal-
culated as r(y, ŷ).

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 � =

po − pe
1− pe

 with P0 =
tp+ tn

n
 (the proportion of 

agreement between the observed and predicted values) and 
Pe =

tp+ fn

n
×

tp+ fp

n
+

fp+ tn

n
×

fn+ tn

n
 (the expected agreement by 

random chance) (Montesinos López, Montesinos López, and 
Crossa 2022). The values for � range from -1 to 1 where � = 1 
for perfect agreement and � ≤ 0 for agreement only by random 
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chance (González-Camacho et al. 2018). The assignment of the 
observed values y to the “top” or “flop” class was based on the 
10% quantile Q10. Individuals in the “top” class had a y smaller 
than or equal to Q10, and individuals in the “flop” class had a y 
greater than Q10. 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 ntop, an in-
dividual was assigned to the “top” class of the predictions ŷ if its 
predicted value ŷ was among the ntop individuals with the small-
est ŷ 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 � 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 

“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 × 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, 

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 

+ 
fp

fn + tn n

Abbreviations: fn, number of false negatives; fp, number of false positives; n
, total number of individuals; tn, number of true negatives; tp, number of true 
positives.

TABLE 3    |    Summary statistics for the five resistance scores.

Trait Min Q10 Z = Q50 Q90 Max ntop (y ≤ Q10) nflop (y > Q10)

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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6 of 14 Plant Breeding, 2024

RR-BLUP with SNP markers as predictors and the untrans-
formed resistance scores as the response, resulted in medians of 
r(y, ŷ) from 0.21 in S. tritici to 0.64 in P. triticina.

In S. tritici, medians of the prediction accuracy ranged from 0.19 
to 0.21 in the RR-BLUP approaches and from 0.17 to 0.21 in the 
RMLA approaches, with the smaller values in the approaches 

FIGURE 1    |    Prediction accuracies 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, ŷ) between the observed phenotypic values y and the predicted 
phenotypic values ŷ 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, ŷ) in the 200 cross-validation runs.
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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 (RF-AEN-0) and 0.22 when single SNPs were used 
instead (RF-SNP-0).

In B. graminis, all medians of the correlations r(y, ŷ) 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 RF-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, RF-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 � was used to evaluate the approaches for how well they 
were able to identify the most resistant genotypes, the overall 
level of the � 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 RF-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 � 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). All RMLA 
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 RF-HAP-0 were 0.28 and 0.30, respectively, com-
pared to medians of 0.25 for RF-AEN-0 and 0.28 for RF-FS-0.

The overall level of the � 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 �

Figure  3 visualizes the relationship between the prediction 
accuracy r(y, ŷ) and Cohen's �. The means of both measures 
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8 of 14 Plant Breeding, 2024

FIGURE 2    |    Cohen's � 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 � values for the agreement between the assignment to the “top” class (y or ŷ equal to or below 
the 10% quantile Q10) and the “flop” class (y or ŷ greater than the 10% quantile Q10) 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-…), 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 (…-FS…-). The response values were either the untransformed resistance scores (…-...-0), the logit-
transformed resistance scores (…-...-1), or classifications based on the 10% quantile Q10 (…-...-c). Red dotted lines: quartiles from RR-BLUP 
with 16,667 SNPs (reference). Z: median of the � values in the 200 cross-validation runs.
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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, ŷ) and � 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 1 min 
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). 

FIGURE 3    |    Mean values of correlations r(y, ŷ) between the observed 
phenotypic values y and the predicted phenotypic values ŷ in the 
validation set and of Cohen's � 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.
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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, ŷ) 
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 (Lourenço 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 

TABLE 4    |    Computation times in minutes for the different prediction 
approaches.

Prediction method
Computation time 

(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 (…-FS…-). The response values were either the 
untransformed resistance scores (…-...-0), the logit-transformed resistance 
scores (…-...-1), or classifications based on the 10% quantile Q10 (…-...-c).
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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, � 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 � 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 � 
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 � 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 RF-HAP-0. Autoencoder features as 
predictors led to smaller � 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, ŷ) 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 � values as well as have a large prediction accu-
racy. We found a positive correlation between the means of the 
prediction accuracy r(y, ŷ) and the means of � 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; González-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 � 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 � values were all greater than 0.25 (Figure 3). Our findings 
show that even if � and r(y, ŷ) 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 � 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 � 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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