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Optimizing wheat variety selection for high performance in different environmental
conditions is critical for reliable food production and stable incomes for growers. We
employ a statistical machine learning framework utilizingGaussian process (GP)models
to capture the effects of genetic and environmental factors on wheat yield and protein
content. The GP approach is closely related to kernel linear mixed-effect and kernel
regression models, which are commonly used for genotype × environment predictions.
A notable advantage of the GP formulation is that it provides probabilistic predictions in
closed form. Building on this, there is extensive literature for optimal decision-making
and data acquisition strategies, opening the door to variety recommendation and experi-
mental design strategies. Bymeans of awheat test case and using a novel dataset collected
in Switzerland, we demonstrate that the GP approach delivers comparable or superior
prediction results in comparisonwith state-of-the-artmethods, while providing improved
uncertainty quantification and supporting better informed decision-making.

Key Words: Covariance kernels; Genotype-environment predictions; Leakage; Multi-
environment variety trials; Uncertainty quantification.

1. INTRODUCTION

Wheat is a staple crop essential for global food security, and its growth is shaped by an
interplay of genetic, environmental, and management factors. Understanding how different
wheat varieties respond to varying environmental conditions is crucial, especially in the
face of climate change. When the goal is to identify broadly adapted varieties or those
suited to specific environments, the patterns of genotype × environment (G × E; Kang and

L.Friedli (B) Engineering Risk Analysis Group, Technical University of Munich, Munich, Germany
(E-mail: lea.friedli@hotmail.com).
T. Steinert, D. Ginsbourger Institute of Mathematical Statistics and Actuarial Science, University of Bern, Bern,
Switzerland.
N.Wuyts, L. Levy.Häner, JuanManuelHerrera D. PelletAgroscope, Plant ProductionSystems,Nyon, Switzerland.
F. Guignard Federal Institute of Metrology METAS, Wabern, Switzerland.

© 2026 The Author(s)
Journal of Agricultural, Biological, and Environmental Statistics
https://doi.org/10.1007/s13253-026-00749-2

http://orcid.org/0000-0002-7639-8196
mailto:lea.friedli@hotmail.com
http://crossmark.crossref.org/dialog/?doi=10.1007/s13253-026-00749-2&domain=pdf


L. Friedli et al.

Gorman 1989; Cooper and DeLacy 1994) interactions must be considered. Since not all
combinations can be tested in the field, statistical and machine learning models serve as
efficient surrogates to predict the performance at new combinations (e.g., Freeman 1973;
van Dijk et al. 2021).

As a nonparametric, probabilistic, and interpretable statistical machine learning alterna-
tive, we explore Gaussian process (GP) modeling, leveraging its ability to model G × E
interactions through kernels defined on the G × E product space. GP models originate from
the geostatistical interpolation method known as kriging (Krige 1951), but have broadened
their application far beyond geostatistics (Rasmussen and Williams 2006). GP modeling,
aiming (in its most common form) to learn a function f : X → R, can be applied to a wide
range of input spaces X , handling the diverse inputs through tailored covariance kernels.
Apart from its versatility, GP modeling is popular for enabling uncertainty quantification,
handling small training datasets, allowing the incorporation of prior knowledge through
the covariance kernel, and providing interpretable results. In recent years, GPs have been
increasingly applied across a variety of domains, including chemistry (e.g., Griffiths et al.
2023), engineering (e.g., Su et al. 2017), and environmental modeling (e.g., Ray 2021). In
the considered GP approaches for G×Emodeling, there are three major degrees of freedom
illustrated in Fig. 1: the choice of the kernel for i) the genetic effects, ii) the environmental
effects, and iii) the strategy used to construct a joint kernel over the product space of geno-
types and environments. Note: Here, ‘GP’ refers to Gaussian process, not genomic-enabled
prediction, which is also commonly abbreviated as ‘GP’ in agricultural literature.

GPmodels offer promising potential for decision-making and data acquisition strategies.
Once a model is fitted, it provides probabilistic predictions at any candidate input (from the
considered input space), enabling the search for inputs that yield optimal responses. In the
context of G × E, this means GP models can predict how different genotypes will perform
across a range of environmental conditions, for instance enabling to compare and select
varieties for specific environments. In this realm, GPmodels have been used for global opti-
mization for several decades and the resulting field now referred to as Bayesian optimization
(BO) has become very active from engineering to machine learning and beyond (Močkus
1974; Jones et al. 1998; Garnett 2023). Here, a clear advantage of GP modeling is its capa-
bility to handle associated uncertainties, for instance by separating controllable (e.g., variety
selection) from non-controllable variables (e.g., temperature), aiming to optimize perfor-
mance over the controllable ones under average or worst-case conditions (Williams et al.
2000; Janusevskis andLeRiche 2013;Ginsbourger et al. 2014).Apart fromvariety selection,
GPmodelsmay be leveraged to design novel agronomical experiments, allowing towork out
acquisition functions dedicated to targeted experimental design, e.g., focusing on specific
ranges of the response (Chevalier et al. 2014). In the context ofG×E, this allows researchers
to strategically explore risk-aware combinations for diverse or changing climates.

We evaluate GP methods using a novel dataset targeting wheat yield and grain protein
content, collected between 1990 and 2023 in multi-environment trials (METs) across the
Swiss wheat production zone (Levy Häner et al. 2025). We rely on the concept of ‘environ-
ment’, which is referring to a combination of trial location and harvest year, and described
only by meteorological data without considering the location or the year. Doing so enables
notably extrapolating to future years (and new locations) by relying on projections from cli-
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matemodels. Also for the genotype, we only consider covariates, given by single-nucleotide
polymorphisms (SNPs; e.g., Rafalski 2002).Whereas this strategy has the drawback that the
considered covariates may not fully describe differences across locations, years, and vari-
eties (including climate trends, soil conditions, management shifts, or genetic progress), it
leads to a very general prediction model, applicable for any combination of meteorological
conditions and genetic markers. This resonates with the presented test case as Switzerland
has a very heterogeneous and complex landscape, such that geographically close locations
are not necessarily similar.

We consider two prediction scenarios: new environment and new genotype. Throughout
themanuscript, we use the term ’variety’ to refer to the categorical factor that can be selected
in an experiment and the term ’genotype’ to refer to the underlying genetic information.
Predicting the performance of genotypes in new environments not only enables predictions
in future meteorological conditions but also enables tailored recommendations for farmers
under specific local conditions. Predicting new varieties is closely linked to variety evalua-
tion in plant breeding and official value for cultivation and use (VCU; Strebel et al. 2025;
Ramakers et al. 2026). Varieties are usually only tested during two to three years, which
means that not all environments, e.g., meteorological conditions, can be tested. For example,
environments with drought stress at flowering may be missing. GP models can then be used
to predict the performance of new varieties in these unobserved stress environments. This
generalizes to the handling of incomplete METs arising from sowing issues, management
errors, unexpected damage, or cost constraints. Especially in incompleteMETs, information
from one or more trials conducted in the target environment or including the genotype of
interest may already be available. We consider this scenario by means of controlled leakage,
allowing one observation into the training set to mimic minimal prior knowledge.

With this manuscript, our goal is to introduce the GP approach for G × E prediction, and
to bridge the gap between the GP and the state-of-the art LMM and regression methods.
We also provide a straightforward proof-of-concept case study using BO to demonstrate the
potential of the GP approach for decision-making and targeted data acquisition. In doing so,
we hope that this work paves the way for promising future applications of GPmodeling. The
manuscript is organized as follows: Sect. 2 presents a literature review of G × E prediction
models. Section 3 reviews GP modeling and links to the state-of-the art methods. Section4
outlines the dataset and implementation, while Sect. 5 reports the results. Then, Sect. 6 is
about the proof-of-concept case study using BO. Finally, Sect. 7 concludes with a discussion
and summary.

2. LITERATURE REVIEW G × E PREDICTION

Linear mixed-effect models are a widely used approach in G×E prediction (LMMs; e.g.,
Piepho et al. 1998; Meuwissen et al. 2001; Bernardo et al. 2002; VanRaden 2007; Buntaran
et al. 2021). A basic single-environment model analyzes varieties within each environment
individually (Bernardo et al. 2002). When genetic markers are available, genetic effects
are typically modeled using regression (Meuwissen et al. 2001). However, the regression
coefficients cannot be estimated when the number of markers greatly exceeds the number
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Figure 1. Illustration ofGPmodeling forG×Eprediction:Given training data from specificG×Econfigurations,
the goal is to predict outcomes (here the wheat grain protein content) for a new scenario. Kernels on G and E
are used to quantify similarity between the training data and the target scenario, effectively weighting the training
points (indicated by transparency of the colorful dots). The kernels are then combined to construct a joint kernel
over the product space, and predictions are made based on the weighted training data according to this combined
kernel. In GP modeling, the predictive distributions are Gaussian, as illustrated by the bell-shaped probability
density functions depicted in prediction.

of observations (Crossa et al. 2017). Two solutions to this are ridge regression (Hoerl and
Kennard 1970) and the least absolute shrinkage and selection operator (LASSO; Tibshirani
1996).

The genetic effect can also be modeled using random effects with a centered multivariate
Gaussian distribution, where the covariance matrix is modeled with a genomic relationship
matrix derived from a kernel applied to the marker data. A specific choice of linear kernel
yields the genomic best linear unbiased prediction (GBLUP) model (VanRaden 2007). With
an appropriate specification of the genomic relationshipmatrix,GBLUPand ridge regression
are equivalent in terms of predictive performance. In practice, linear kernels frequently
encounter limitations in their ability to capture nonlinear phenomena. Consequently, there
is a growing preference for alternative kernel-based methods, which have been shown to
be effective in modeling complex nonlinear relationships (Montesinos-López et al. 2022).
Nonlinear kernels, such as theGaussian kernel, have shown improved performance in several
studies (Cuevas et al. 2016, 2017; Bandeira e Sousa et al. 2017). More recently, kernels
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informed by deep learning techniques have also been explored and delivered improved
biological accuracy and processing speed, as did the Gaussian Kernel (Cuevas et al. 2019;
Costa-Neto et al. 2021). In this realm, we would also like to mention reproducing kernel
Hilbert space (RKHS) regression, also called kernel ridge regression (Gianola et al. 2006;
Montesinos-López et al. 2022), which is the generalization of ridge regression including
nonlinear kernels. For instance, Crossa et al. (2010) obtained promising results using RKHS
regression for genetic selection.

Multienvironment trials (METs) allow to borrow information across environments.
Thereby, variety performance varies across different environments (Cooper and DeLacy
1994). Explicitly modeling each interaction potentially results in a large number of parame-
ters (Burgueño et al. 2012).Onemethod to address this involves definingmega-environments
by grouping environments based on patterns of environmental stress factors (e.g., Chapman
et al. 2000). Another approach treats the interactions as low genetic correlation between
environments, and models performances in different environments as different correlated
traits (Falconer and Mackay 1996; Piepho et al. 1998; Burgueño et al. 2012). However,
since these methods rely on observed covariance between environments, they cannot pre-
dict variety performance in new, untested environments (Heslot et al. 2014; Malosetti et al.
2016).

To enable prediction in new environments, environmental covariates responsible for the
interactions can be incorporated (Jarquín et al. 2014; Heslot et al. 2014). In factorial regres-
sion models (Van Eeuwijk and Elgersma 1993; Piepho et al. 1998), the response is regressed
on environmental covariates, where the regression coefficients are variety-specific. While
this approach provides a flexible framework for modeling variety-by-environment interac-
tions, its applicability may be limited when dealing with high-dimensional environmental
data (Jarquín et al. 2014; Raffo et al. 2022). A simple solution would be to introduce vari-
able selection, but this could result in important volumes of information being discarded
(Bernardo et al. 2002). Another approach is to integrate crop growth models, which link
genetic markers to physiological traits, which then lead to interactions when combined with
environmental data to simulate trait performance (Chenu et al. 2008; Messina et al. 2009;
Heslot et al. 2014; Technow et al. 2015; Cooper et al. 2016; Washburn et al. 2020).

Jarquín et al. (2014) discuss a family of random effects models that rely on environmental
covariance to model dependencies among the random environmental effects. This approach
extends the GBLUPmodel and can be interpreted as reaction normmodel (Woltereck 1909;
Gregorius and Namkoong 1986; Falconer 1990). Thereby, Jarquín et al. (2014) assume that
the interaction effect follows a normal distribution, with the covariance structure given by
the element-wise (Hadamard) product of the two separate covariance matrices. However,
Jarquín et al. (2014)’s reaction normmodel has faced criticism from Cuevas et al. (2017) for
a restrictive structure imposed on the interaction term. This has been addressed for instance
by Cuevas et al. (2016; 2017), Bandeira E Sousa et al. (2017), and Costa-Neto et al. (2021),
who demonstrated that incorporating Gaussian and Deep kernels significantly enhances
predictive performance compared to models employing standard linear kernels.

Finally, we refer to the recent reviews byVanDijk et al. (2021) andCrossa et al. (2025) for
insights into the growing importance ofmachine learning in plant science and breeding. This
topic is not covered in the present discussion. Furthermore, we would like to draw attention
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to the recent open benchmark of G × E models by Washburn et al. (2025), demonstrating
that no single model or strategy is far superior to all others.

3. GAUSSIAN PROCESS REGRESSION WITH COMBINATIONS
OF GENOTYPE AND ENVIRONMENT KERNELS

In G × E prediction, we are typically interested in a performance trait such as yield
or protein content. We observe (possibly noisy) responses at some G × E combinations
and aim to predict the trait at new ones. In this work, we assume additional information
for each combination, given by the covariate tuple x=(xG, xE), with the environmental
variables xE ∈ XE and the genetic vectors xG ∈ XG.

3.1. GAUSSIAN PROCESS BASICS

Gaussian processes (GPs) are a flexible, probabilistic approach to modeling unknown
functions. A GP, denoted by ξ = (ξ(x))x∈X , is a collection of real-valued random variables
defined over the same probability space. The defining property of a GP is that, for any finite
set of points {x1, . . . , xn} ⊂ X with n ≥ 1, (ξ(x1), . . . , ξ(xn)) is multivariate Gaussian
distributed. AGP is characterized (in distribution) by amean functionμ : X → R, μ(x) :=
E[ξ(x)], and a covariance function (kernel) k : X ×X → R, k(x, x′) := Cov(ξ(x), ξ(x′)).

In the considered GP modeling context, the target function f : X → R is treated as a
sample from a GP ξ , which, in a Bayesian context, can be seen as a prior model. We assume
that we observe noisy measurements of f at n input points x1, . . . , xn , resulting in obser-
vations of the form Zi = f (xi ) + εi , where the noise terms are i.i.d. with εi ∼ N (0, τ 2).
By conditioning the GP on the observed data An = {Zn = zn}, we obtain a posterior
GP characterized by a predictive mean function mn(x) and a posterior covariance function
kn(x, x′). We consider the case of ordinary kriging, assuming a constant but unknown mean
μ. Then, the best linear unbiased estimator (BLUE) for the mean is,

μ̂ = 1Tn
(

K n + τ 2 In
)−1

zn

1Tn
(

K n + τ 2 In
)−1 1n

, (1)

and one obtains (Roustant et al. 2012),

mn(x) =μ̂ + kn(x)T
(

K n + τ 2 In
)−1

(zn − μ̂1n), (2)

kn(x, x′) =k(x, x′) − kn(x)T
(

K n + τ 2 In
)−1

kn(x′)

+
(

1 − 1Tn
(

K n + τ 2 In
)−1

kn(x)
) (

1 − 1Tn
(

K n + τ 2 In
)−1

kn(x′)
)

1n
(

K n + τ 2 In
)−1 1n

, (3)

where kn(x) = [k(x, xi )]1≤i≤n and K n = [k(xi , x j )]1≤i, j≤n . When considering a
Bayesian framework with an improper uniform prior for the meanμ and fixed kernel hyper-
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parameters, the expression for the posterior mean coincides with the classical conditional
expectation for Gaussians (see, e.g., Roustant et al. 2012).

3.2. KERNEL COMBINATION APPROACHES ON PRODUCT SPACES

First assume that valid kernels kG and kE are given on XG and XE, respectively. We now
discuss ways to combine them into valid kernels on XG × XE. We are thus interested in
combining kernels kG and kE into valid kernels kGE on XG × XE, taking their inputs in
(XG × XE)2 = (XG × XE) × (XG × XE). A first important remark is that kG and kE can
directly be used as kernels on the product space, in the sense that kernels (informally) defined
by kGGE((xG, xE), (x′

G, x′
E)) = kG(xG, x′

G) and kEGE((xG, xE), (x′
G, x′

E)) = kE(xE, x′
E) are

both valid on the product space. Either option would amount to ignore part of the variables,
which is expected to be detrimental in prediction but would not alter the non-negative
definiteness of resulting kernel matrices, thereby delivering valid kernels on XG ×XE. The
combination approaches considered in this work essentially revolve around (blockwise)
tensor sums and products. First, the tensor sum,

k+
GE((xG, xE), (x′

G, x′
E) = kG(xG, x′

G) + kE(xE, x′
E),

defines a valid kernelXG×XE, following the samemechanism as for usual additive kernels.
This operation is immediately extended to non-negatively weighted sums. Beyond this,

k×
GE((xG, xE), (x′

G, x′
E) = kG(xG, x′

G) × kE(xE, x′
E),

is also known to provide valid kernels on XG × XE, in virtue of the stability of the cone
of symmetric non-negative matrices by matrix product. Using again summation and non-
negative linear combinations, we arrive at a class of kernels synthesizing and extending the
latter approaches, whereby α, β, γ ≥ 0:

k∼
GE((xG, xE), (x′

G, x′
E) = αkG(xG, x′

G) + βkE(xE, x′
E) + γ kG(xG, x′

G) × kE(xE, x′
E).

(4)

A second remark is that taking a different (kG, kE) pair (e.g., with different hyperpa-
rameter values) in the sum and product parts of Equation (4) still leads to valid kernels on
XG × XE.

3.3. KERNELS ON G AND E

Commonly used families of covariance kernels for Euclidean input spaces include the
isotropicMatérn kernels (Stein 2012). In this context, isotropy implies that the kernel values
for pairs of locations depend solely on the Euclidean distance between them. For multidi-
mensional inputs, anisotropic versions of these kernels are frequently employed. Here, we
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consider the isotropic exponential and Gaussian kernel for x, x′ ∈ R
ν ,

kEXP(x, x′) = exp

(

−||x − x′||
θ

)

, kGAU(x, x′) = exp

(

−||x − x′||2
θ2

)

,

with ||x − x′|| = √

(x − x′)	(x − x′) and the correlation length θ > 0.

On thegenetic covariatesG,weconsider anExponential–Hammingkernel (kG:EXP−HAM).
The Hamming distance for string sequences xG, xG ′ ∈ XG is given by,

dH(xG, x′
G) = 1

νG

νG
∑

i=1

1(xG[i] 
= x′
G[i]),

and can be used in the exponential kernel kEXP instead of the Euclidean distance. The Ham-
ming distance, which counts the number of differing entries between two vectors, can be
viewed as the L∞ distance. Hutter et al. (2014) introduced a generalized (weighted) version
of this kernel and demonstrated its positive definiteness. While this result applies to the
exponential-Hamming kernel, it does not hold for the Gaussian–Hamming kernel (follow-
ing a foundational theorem by Schoenberg, see Berg et al. 1984). As a second kernel on G,
we consider the traditional Gaussian-GBLUP kernel (kG:GAU−GBLUP). In this approach, the
SNP data are numerically encoded based on the major allele frequency. A Gaussian ker-
nel is then applied to the resulting Euclidean distance matrix, following the methodology
described by Cuevas et al. (2016) and Costa-Neto et al. (2021). On the environmental covari-
ates E, we test both an exponential-Euclidean (kE:EXP−EUCL) and a Gaussian–Euclidean
kernel (kE:GAU−EUCL), where we directly apply the exponential and Gaussian kernel to the
Euclidean distances of the environmental vectors.

We have also tested alternative kernels for non-Euclidean spaces. However, as they did
not significantly improved or even deteriorated the results, the results are not shown here.

3.4. LINK TO RKHS REGRESSION AND KERNEL LMMS

Given the same setup as in Sect. 3.1 with n observation pairs, we consider the regres-
sion model Zi ∼ N (

f (xi ), τ 2
)

. To infer the function f , it is necessary to specify a set
or space of candidate functions. In reproducing kernel Hilbert spaces (RKHS) regression
(Gianola et al. 2006; Montesinos-López et al. 2022), the space of candidate functions Hk

is given by a RKHS defined by a kernel k. By the representer theorem (Wahba 1990), the
resulting solution admits a linear representation with kernel functions centered at the train-
ing points, f (xi ) = m + kn(xi )T β, with β = (β1, . . . , βn)

T a vector of coefficients.
To estimate β and m employing frequentist methods, RKHS regression relies on the nega-
tive log-likelihood while controlling the complexity of the function by adding the squared
norm in Hk , || f ||2Hk

= βT K n β. Using the Gaussian assumption of the noise for the
log-likelihood, this leads to a minimization of,

(Zn − 1nμ − K nβ)T (Zn − 1nμ − K nβ) + λβT K nβ, (5)
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employing the regularization parameter λ. Plugin in the BLUE μ̂ (see Sect. 3.1), and mini-
mizing over β, we obtain̂β = (K n + λIn)−1 (

Zn − μ̂1n
)

. This solution to the beta coeffi-
cients is known as kernel ridge regression (Hastie et al. 2009; Shawe-Taylor and Cristianini
2004). For predicting in an input x, we can then use,

ẑ = μ̂ + kn(x)T̂β = μ̂ + kn(x)T (K n + λIn)−1 (zn − μ̂1n) ,

which corresponds to the posterior mean of the GP in Equation (2) if λ = τ 2 (Rasmussen
and Williams 2006). The regularization approach also incorporates smoothness assump-
tions concerning f , but is typically not used to obtain probabilistic predictions as in GP
modeling. However, Bayesian perspectives on RKHS regression have been proposed, e.g.,
with independent priors on ε ∼ N (

0, τ 2 In
)

and β ∼ N (

0, K−1
n

)

(de Los Campos et al.
2010). Under such assumptions, the joint distribution of K nβ and zn is Gaussian, the con-
ditional distribution is Gaussian as well, and we recover the simple kriging equations (for
fixed μ). When also employing an improper uniform prior for the mean m, we recover the
ordinary kriging equations (Eq. 2). Connections between RKHS regression and Gaussian
processes were made as early as in Kimeldorf (1970). In a full Bayesian approach for RKHS
regression, also priors for the unknown hyperparameters are used.

Let us now turn to mixed-effects modeling and consider the LMM specified by
Zn = 1n m + M u + ε, using the random effect u ∼ N (0, K ν) with K ν denoting

the covariance matrix of all the possible G × E input combinations and M ∈ R
n× a design

matrix encoding the combinations present in Zn . Furthermore, we assume a fixed interceptm
and noise ε ∼ N (

0, τ 2 In
)

. When LMMs are fitted using a frequentist approach, estimates
typically rely onHenderson’smixedmodel equations (Henderson 1950), which are based on
a maximization of the joint density of zn and u with respect to m and u (e.g., Meuwissen et
al. 2001; Gianola et al. 2006; Buntaran et al. 2021). After estimating the noise variance and
kernel parameters withML or REML, this leads to the empirical BLUE form and BLUP for
u (e.g., Buntaran et al. 2021). To make predictions for new inputs, the matrix M can simply
be adapted to the combinations of interest, with the estimates then plugged in. This leads
to the same point predictions as with the posterior mean in GP modeling (ordinary kriging,
Eqs. 2). In the same way, an LMM approach with fixed effects on covariates could be linked
to a universal kriging approach (Matheron 1969; Handcock and Stein 1993). However, in
contrast to BLUEs and BLUPs, GP models provide full predictive distributions. LMMs can
also be implemented in a Bayesian framework, where all unknown quantities are treated
as random variables with assigned prior distributions (Lindley and Smith 1972; Sorensen
and Gianola 2007; Montesinos-López et al. 2016; Costa-Neto et al. 2021; Liu et al. 2025).
Doing this, the Bayesian LMMmethods typically rely on posterior sampling at some stage.

4. DATASET AND IMPLEMENTATION

4.1. WHEAT DATASET

The wheat dataset (Levy Häner et al. 2025) was collected in multienvironment trials
conducted by Agroscope (the Swiss Federal Centre for Agricultural Research) and partners
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Figure 2. Number of locations tested for the different varieties in the different harvest years: a yield and b protein
content.

as part of the official Swiss winter wheat variety trials for cultivation and use (Strebel et al.
2025). These trials were carried out across the Swiss wheat production zone (from western
to eastern Switzerland, at an altitude between 390 and 640 MASL). The data include the
performance traits yield (15% moisture content, dt per ha), used here as an average of three
replicates per trial location and year, and grain protein content (%), measured on a mixture
of the three replicates per trial location and year. The trial design was a lattice when known.
Data are available for sets of 3 to 25 varieties grown at 5–12 locations over the period
1990–2023 (Fig. 2). The total number of varieties is 98 and was limited by the availability
of genetic marker data. To use the same dataset for predicting both yield and protein content,
we included only records with measurements for both traits.

The term ‘environment’ is referring to a combination of trial location and harvest year;
we have 263 environments available. Each environment is associated with meteorological
data that are averaged over six periods covering the Swiss winter wheat growing season:
winter (October-February, sowing and vernalization), March (tillering), April (stem elonga-
tion), May (heading-flowering), June (flowering and seed filling), and July (harvest). Daily
minimum, maximum and mean temperatures, total and average daily precipitation, and
monthly dry days were extracted for each location from the MeteoSwiss spatial climate
analysis products (1km grid; MeteoSwiss 2024b). Daily solar radiation was obtained from
the nearest automated meteorological station (MeteoSwiss 2024a).

Genetic information consists of 12106 SNPs (single-nucleotide polymorphisms) marker
data. The data were characterized by a SNP call frequency above 80%, a frequency of
homozygous calls above 90%, and a sample call rate above 90%. The SNPs are in IUPAC
notation with ‘G,’ ‘A,’ ‘T,’ and ‘C’ representing guanine, adenosine, thymine, and cytosine
bases, and ‘K,’ ‘M,’ ‘R,’ and ‘Y’ representing combinations of these bases as specified in
Cornish-Bowden (1985). For the GBLUP kernel, bi-allelic marker data are employed with
homogeneous ‘G = GG,’ ‘A =AA,’ ‘T=TT,’ ‘C=CC’ and heterogeneous ‘K=GT,’ ‘M=AC,’
‘R=AG,’ ‘Y=CT’ (Cuevas et al. 2016; Costa-Neto et al. 2021).
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4.2. MODEL EVALUATION

For evaluation, data are split into training x1, . . . , xn and test set xn+1, . . . , xm and
we perform cross-validation on 80 % of the data using 30 splits. We evaluate predictive
performance in two scenarios: new environment and new genotype. Group-based splitting,
by environment or genotype, prevents information from leaking into the training. Here,
leakage refers to situations where observations from the same group appear in both training
and test set, allowing the model to exploit within-group dependence. We also consider
controlled leakage, allowing one observation in the training set to mimic minimal prior
knowledge from each target genotype or environment. For a more detailed discussion of
data leakage and its implications in group-based cross-validation, we refer to Guignard
et al. (2024). While traditional leave-one-out approaches exclude and predict individual
environments or genotypes (e.g., Tadese et al. 2024), our approach predicts multiple targets
while keeping the number of training data roughly consistent.

To assess the predictive accuracy of the GP, we first use the mean squared error (MSE).
This metric assesses the meanmn(x) as a predictor, ignoring full probabilistic performance.
To capture the probabilistic aspect, the Gaussian predictive distribution must be compared
to a single observed value. This can be achieved through the use of a scoring rule (Gneiting
and Raftery 2007). Scoring rules assess performance by assigning lower scores to ‘bet-
ter’ probabilistic predictions, ideally capturing both calibration (agreement with observed
outcomes) and sharpness (concentration of the predictive distribution). We consider the
Continuous Ranked Probability Score (CRPS; Sanders 1963; Murphy 1973), defined as
CRPS(F, y) = ∫ ∞

−∞[F(u) − 1{y ≤ u}]2 du, where F(·) is the cumulative distribution
function of the predictive distribution (Gneiting and Raftery 2007). For a deterministic
point predictor, where the predictive distribution reduces to a Dirac delta, the CRPS simpli-
fies to the absolute difference between the predicted and the true value. For evaluation and
comparison purposes, we compute the median CRPS for the test set. As a second scoring
rule, we consider the log-score (logS; Good 1952), logS( f, y) = − log p(y), where p(·)
is the probability density function of the predictive distribution. Again, we consider the
median score over the test set. The GP acts as a predictor for the noiseless function f . To
evaluate it using noisy data, we rely on the observational GP model, in which the predicted
variance is extended by τ 2.

4.3. IMPLEMENTATION AND COMPARISON METHODS

We implemented the GP model manually and the R code used in this study can be found
in a GitHub (WheatGP 2025). We denote the GPs with the different kernel combinations
and choices by:

• GPG for kGGE, GP
E for kEGE,

• GP+ for k+
GE,

• GP× for k×
GE,
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• GP∼ for k∼
GE,

• GP1: kE:GAU−EUCL, kG:GAU−GBLUP,

• GP2: kE:GAU−EUCL, kG:EXP−HAM,

• GP3: kE:EXP−EUCL, kG:GAU−GBLUP,

• GP4: kE:EXP−EUCL, kG:EXP−HAM.

A key implementation step is estimating the hyperparameters. Recall the kernel sum and
product combinations on the product space (Sect. 3.2). To avoid over-parameterization, we
constrain (α, β, γ ) to sum to one. Furthermore, we consider one hyperparameter per kernel,
denoted as θE for the environmental kernel and θG for the genetic kernel. For the variance,
we distinguish between the total variance of the response denoted as ν, the noise variance τ 2,
and the proportion of ν explained by the GP denoted by ς . Following Roustant et al. (2012)’s
Appendix A2, ν can be estimated in closed form as a function of (θE, θG, α, β, γ, ς), leading
to five parameters for k∼

GE, four for k
+
GE (γ = 0), and three for kGGE (β = γ = 0), kEGE

(α = γ = 0), and k×
GE (α = β = 0). Hyperparameters are tuned via maximum likelihood

(empirical Bayes). A coarse grid search provides first estimates to initialize the Adam
optimizer (Kingma and Ba 2014) with a learning rate of 0.01 for 1000 epochs. In order to
significantly decrease computation time, we use batching of size 0.5, computing the mean
gradient from two randomly selected, disjoint batches, each the size of half the training
dataset.

Relying on Sect. 3.4, we compare the GP with the corresponding implementations of
RKHS regression and kernel LMMs. For RKHS regression, we rely on the R-package for
Bayesian generalized linear regression (BGLR; Pérez and de Los Campos 2014), which
performs a fully Bayesian analysis and samples the hyperparameters, effects, and predic-
tions with Gibbs. For the kernel LMM, we employ the rrBLUP package (Endelman 2011)
as suggested in López et al. (2022). We rely on the same notation with superscripts and
subscripts as for the GP models, and we use the ML fit of the GP model for the hyperpa-
rameters. We have compared the computation times of the different methods and observed
that most of the total runtime is consumed by the hyperparameter optimization, on which
all methods rely. With regard to prediction, the GP and the kernel LMM have comparable
computational times, whereas RKHS regression takes longer (see WheatGP 2025).

5. RESULTS

5.1. NEW ENVIRONMENT

In this section, we are interested in predicting for a new environment. We begin by
evaluating GP∼ using the full kernel combination k∼

GE (Eq. 4) in conjunction with the four
different kernel configurations introduced in Sect. 4.3. Table 1 summarizes the results for
yield and protein content by depicting the median MSE, CRPS, and logS. First, we consider
the scenario without leakage (left of the vertical bars). For both traits and with respect to all
three metrics, the GPs using the exponential-Euclidean kernel for the environmental infor-
mation (GP∼

3 , GP
∼
4 ) outperform the ones employing the Gaussian–Euclidean (GP∼

1 , GP
∼
2 )
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Table 1. Model evaluation results for predictions in a new environment without | with controlled leakage

Method MSE Y CRPS Y logS Y MSE P CRPS P logS P

GP∼
1 127.95 | 43.33 6.44 | 3.82 3.90 | 3.41 1.54 | 0.56 0.70 | 0.44 1.69 | 1.23

GP∼
2 128.15 | 41.95 6.45 | 3.77 3.90 | 3.40 1.54 | 0.57 0.70 | 0.44 1.69 | 1.23

GP∼
3 119.72 | 41.16 6.22 | 3.73 3.87 | 3.39 1.43 | 0.55 0.68 | 0.43 1.65 | 1.22

GP∼
4 119.73 | 41.13 6.22 | 3.73 3.87 | 3.39 1.43 | 0.55 0.68 | 0.43 1.65 | 1.22

GP+
4 125.25 | 45.71 6.44 | 3.91 3.91 | 3.44 1.44 | 0.58 0.69 | 0.45 1.68 | 1.25

GP×
4 119.84 | 42.55 6.14 | 3.78 3.84 | 3.38 1.48 | 0.58 0.68 | 0.44 1.62 | 1.22

GPG4 147.22 | 147.76 6.87 | 6.90 3.94 | 3.94 1.72 | 1.73 0.75 | 0.75 1.71 | 1.71
GPE4 160.06 | 83.91 7.33 | 5.36 4.04 | 3.74 2.07 | 1.44 0.84 | 0.70 1.89 | 1.69
LMM∼

4 119.73 | 41.00 8.47 | 4.95 – 1.43 | 0.55 0.95 | 0.58 –
BGLR∼

4 123.20 | 41.21 6.15 | 3.55 3.83 | 3.31 1.43 | 0.56 0.68 | 0.42 1.61 | 1.18

Y represents yield (dt per ha) and P represents grain protein content (%). The analysis is based on 30 different
train/test splits, and we show the median of the obtained metrics

kernel. Among the models GP∼
3 and GP∼

4 , we observe minimal performance differences
between the genetic kernels. When allowing one controlled leakage point per environment
(right of the vertical bars), the scores improve drastically. In this scenario, the kernels show
generally a more similar performance. However, the first kernel (GP∼

1 ) performs worse than
the others in regard to yield.

Next, we compare the different kernel combination strategies within GPG, GPE, GP+,
GP×, and GP∼ (Table 1). Here, we focus on GP4, which demonstrated convincing perfor-
mance in the first comparison of the kernels within GP∼. We observe that without leakage
for yield, GP×

4 and GP∼
4 perform similarly, while for protein content, GP+

4 exhibits com-
parable performance as the full model GP∼

4 . However, for both traits and the case with one
leakage observation, the full model GP∼

4 performs generally better than GP×
4 and GP+

4 . For
the setting without leakage, the GP using the genetic kernel only (GPG4 ) performs better than
the one using the environmental kernel only (GPE4 ). When considering a single controlled
leakage observation of the target environment, the performance of the environmental kernel
only (GPE4 ) improves and becomes clearly better than that of the genetic only. Nevertheless,
the MSE is still about two times (yield) /three times (protein content) higher than the one
of the full model.

Togain a deeper understandingof the innerworkings of theGPapproaches, Fig. 3 presents
a boxplot of the estimated hyperparameters for the different kernel combinations. We only
show the hyperparameters for the scenario targeting yield without leakage, the remaining
scenarios can be viewed on GitHub (WheatGP 2025). We immediately observe that θG is
estimated at values ranging from 1.5 to 3.2, while θE is below 1, suggesting that the ML
approach aims to flatten the effect of the genetic kernels. We observe that the full model
GP∼

4 assigns about α = 0.35 to the genetic, β = 0.45 to the environmental and γ = 0.2
to the product kernel. The proportion of variance explained by the GP, denoted by ς , is
estimated similarly across all methods as above 95 %. For protein content, the full model
gives more equal weight to the environmental and genetic kernel (WheatGP 2025). These
observations do not drastically change when adding one leakage observation.
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Figure 3. Estimated hyperparameters for the different GP models, fitted using the Adam optimizer. The boxplot
shows the values across 30 different train/test splits for a new environment, without leakage, and for the trait yield.

Table 1 also shows the scores of LMM∼
4 and BGLR∼

4 . As expected, LMM∼
4 and GP∼

4
yield very similar results in MSE for both traits and leakage scenarios. The MSE values
obtained with BGLR∼

4 are also in the same range but slightly higher, potentially a result
from the full Bayesian approach also sampling the hyperparameters. The CRPS and logS
values of BGLR∼

4 are more aligned with the ones of GP∼
4 . Note that the LMMs traditionally

do not account for uncertainty, so the logS is missing, and the CRPS values based on the
MAE are worse than those of models that explicitly model uncertainty.

5.2. NEW GENOTYPE

In this section, we consider prediction for a new genotype. Table 2 reports the same
assessment metrics as in the previous section. We observe that performance in the no-
leakage case is substantially better than in the setting targeting a new environment and the
difference between leakage and no leakage is less pronounced. The scores for GP∼ using the
four kernels show that the difference between the kernels is minimal. We compare again the
different kernel combination approaches, focusing onGP4.Weobserve only small difference
between GP+, GP×, and GP∼. However, as in the scenario involving a new environment, we
observe that GP×

4 and GP∼
4 perform better than GP+

4 in terms of yield without leakage, with
GP×

4 performing best in the presence of leakage. GPG performs very poorly in this setting
for both traits, likely due to the lack of training data of the same genotype. For yield, GPE

performs remarkably well. As before and as expected, LMM∼
4 and GP∼

4 produce similar
results in MSE. Also here, BGLR∼

4 is worse in MSE but comparable in CRPS and logS.

6. PROOF OF CONCEPT: BAYESIAN OPTIMIZATION

In this section, we demonstrate with a proof of concept how the GP model could poten-
tially be leveraged for decision-making and data acquisition. GP models have been used to
optimize functions based on queries and sequential model updates (Kushner 1964) in the
framework now known as Bayesian optimization (BO). BO typically relies on an acquisi-
tion function to decide where to evaluate f next. A very common acquisition function is
the expected improvement (EI),

EIn(x) = (mn(x) − f �
n )
 (un(x)) + √

kn(x, x) φ(un(x)) ,



GP Modeling with Genotype × Environment Kernels

Table 2. Model evaluation results for predictions for a new genotype without | with one controlled leakage point

Method MSE Y CRPS Y logS Y MSE P CRPS P logS P

GP∼
1 51.32 | 39.01 4.07 | 3.61 3.45 | 3.35 0.65 | 0.48 0.47 | 0.41 1.31 | 1.16

GP∼
2 52.35 | 39.25 4.09 | 3.62 3.46 | 3.35 0.65 | 0.48 0.47 | 0.41 1.31 | 1.16

GP∼
3 52.43 | 39.10 4.11 | 3.61 3.46 | 3.35 0.66 | 0.49 0.47 | 0.41 1.31 | 1.16

GP∼
4 51.50 | 38.97 4.10 | 3.62 3.46 | 3.35 0.66 | 0.49 0.47 | 0.41 1.31 | 1.16

GP+
4 53.55 | 39.93 4.19 | 3.65 3.48 | 3.37 0.67 | 0.51 0.48 | 0.41 1.33 | 1.18

GP×
4 50.53 | 41.45 4.00 | 3.68 3.41 | 3.35 0.67 | 0.50 0.47 | 0.41 1.29 | 1.18

GPG4 162.32 | 160.36 7.34 | 7.27 4.04 | 4.02 2.10 | 1.97 0.84 | 0.82 1.88 | 1.84
GPE4 53.80 | 53.51 4.17 | 4.15 3.47 | 3.47 0.96 | 0.96 0.57 | 0.56 1.45 | 1.45
LMM∼

4 51.55 | 38.83 5.59 | 4.81 – 0.66 | 0.49 0.65 | 0.55 –
BGLR∼

4 54.60 | 39.15 4.09 | 3.48 3.45 | 3.31 0.66 | 0.48 0.45 | 0.39 1.21 | 1.11

Y represents yield (dt per ha) and P represents grain protein content (%). The analysis is based on 30 different
train/test splits, and we show the median of the obtained metrics

Figure 4. Improvement of BSF values (in %) when starting with 10% of the data from a small subset of environ-
ments and incrementally adding 50 training points selected using the different criteria for a yield and b protein
content. The boxplots summarize the results of 30 runs.

where un(x) = (mn(x) − f �
n )/

√
kn(x, x) with the best value observed so far f �

n , and φ

denote the Gaussian cumulative and probability density function, respectively. In each step,
BO samples the point x that maximizes the EIn(x) and then updates the GP model with the
new data. When observations are noisy, f �

n is latent and can be estimated by the maximum
of the current posterior mean f �

n := max1≤i≤n mn(xi ) (see also Picheny et al. 2013, for
more options in the noisy case).

We now test this on our wheat dataset. The changing set of varieties over the years
(Fig. 2) makes chronological evaluation difficult, but the GP model does not use site or
year identifiers and it relies solely on meteorological variables, so temporal order is not
considered.We examine a test case inwhichwe startwith 10%of the data froma small subset
of environments (meteorological scenarios). The remaining data serve as the candidate
set from which we sequentially select 50 additional combinations via EI maximization.
To ensure verifiability, we restrict the analysis to observed data only. This could mirror
a decision-making problem in which we must select promising variety × environment
combinations across different trial sites with distinct meteorology and regional varieties.
We add candidates one by one via EI maximization and compare the resulting designs
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against a random baseline. To demonstrate the benefits of the GP’s closed-form predictive
distribution, we also evaluate a greedy posterior mean policy that consistently selects the
combination with the highest predicted mean (which could also be implemented using
an LMM). We are interested in the best-so-far (BSF) values, i.e., the highest trait values
observed up to each step. Given noisy observations, we quantify the BSF values using the
posterior mean of a GP fitted to the full dataset for the final evaluation. Figure4 shows
the percentage improvements in BSF values after adding 50 points, relative to the initial
BSF values, for (a) yield and (b) protein content. We find that adding points at random only
provides modest gains, particularly for yield. On the other hand, EI consistently outperforms
the greedy strategy, achieving roughly twice the median improvement.

7. DISCUSSION AND CONCLUSIONS

Optimizing multienvironment trials and recommending varieties based on the local envi-
ronment are two very common themes in agricultural research. This paper introduces a
GP modeling approach for G × E prediction, which is closely connected to kernel-based
LMM and kernel regression methods. However, a key advantage of the GP formulation is
that it provides closed-form probabilistic predictions, opening the door to optimal decision-
making and data acquisition strategies.We hope this work provides a useful proof of concept
showing that the GP framework offers a promising foundation for future applications.

There remains room to refine the kernel choices used in our GP models. In our experi-
ments, exponential outperformed Gaussian kernel approaches. In contrast, more specialized
kernels for sequences or time series (such as the global alignment and spectrum kernels) did
not improve performance in our setting (results not shown). Other kernel families remain
promising for further study. In general, the genotype kernels performed poorly when pre-
dicting the yield for new genotypes. As shown in Table 2, the environmental-only model
GPE was not substantially improved by adding genetic information in GP∼. However, when
considering leakage observations from the target genotypes, we did observe an improve-
ment. This indicates, that for yield, the considered genetic kernels effectively only ‘work’
for the same genotype, meaning that their measure of genetic similarity is not very effective
in-between genotypes. On the other hand, for protein content, adding genetic information
in GP∼ clearly improved the performance, in both leakage and no-leakage scenarios.

The environmental kernels performed better overall, and adding environmental informa-
tion improved performance for both traits across all testing scenarios (Tables 1 and 2). How-
ever, including one leakage observation from the same environment substantially improved
prediction accuracy, highlighting the importance of site- and year-specific attributes such as
management and soil characteristics for wheat performance. This effect of local information
is also evident in the stronger prediction results for new genotypes (Table 2), compared to
prediction for new environments (Table 1). To mitigate this effect, the inclusion of addi-
tional covariates capturing soil characteristics and management practices, as suggested by
Buntaranet al. (2021) and Canella Vieira et al. (2022), may prove beneficial. Such informa-
tion could also improve predictions for new environments without leakage, including future
climate scenarios for which no prior observations are available.



GP Modeling with Genotype × Environment Kernels

In Sect. 6, we present a simple proof of concept illustrating how GP models can sup-
port decision-making and guide data acquisition. We show that the EI criterion (Močkus
1974; Jones et al. 1998) identifies more promising input combinations than a greedy strat-
egy (Fig. 4). The sequential one-by-one acquisition could readily be replaced by batch
selection (e.g., Marmin et al. 2015), and many alternative criteria or multiobjective strate-
gies are available (e.g., Chevalier et al. 2014; Cole et al. 2023; Friedli et al. 2025). Finally,
we draw attention to the potential of GP models to jointly model yield and protein content,
enabling local exploration of their relationship.
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