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Abstract

Phenomic prediction (PP) is a genetic value prediction method inspired by
genomic prediction (GP). One key feature of PP compared to GP is its poten-
tial ability to predict interactions between genotypes and environments (G X E).
Using kernel-based models, many relationship matrix calculation methods for
the G and G X E terms have been proposed but never fairly compared. In this
study, we exhaustively tested different combinations of published methods to
compute these matrices, and implemented a new method supposed to better split
the genetic (G) and G X E information in their respective matrices. Using three
datasets on maize, rice, and triticale, results show that the G effect matrix is the
main driver of predictive abilities (PA). Computing the G effect matrix using
BLUPs of wavelengths across environments was better when predicting new geno-
types in known environments. To predict known genotypes in new environments
or in a sparse testing scenario, it was better to compute one relationship matrix
per environment and average them into a single G effect matrix. We found lit-
tle differences between models including a G X E term and models without it.
Nevertheless, dense G X E matrices including relationships within and across
environments were generally the best choice. Finally, combining genomic infor-
mation for the G effect, and phenomic information for the G X E effect gave
the best results. Clear guidance of the best ways to take advantage of phenomic
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prediction to predict G X E will likely require a simulation approach to better
control the G X FE information in datasets.

Keywords: G X E modeling, Phenomic prediction, Genomic prediction, Benchmark
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1 Introduction

Phenomic prediction (PP) (Rincent et al. 2018) is a genetic value prediction method
inspired by genomic prediction (GP) (Meuwissen et al. 2001). GP uses molecular
marker information to make predictions while PP uses high throughput phenotypic
(HTP) information such as near infrared spectroscopy (NIRS) on different plant tis-
sues, or hyperspectral images acquired with drones (UAV) or other unmanned ground
vehicle (UGV) at the plot level. Some authors argued that phenomic data can cap-
ture endophenotypic information such as transcriptomic information or other (-omic)
signals that serve as intermediate between DNA sequence and phenotypic expression
(Zhu et al. 2021; Rincent et al. 2018). Indeed, NIR spectra or hyperspectral images are
phenotypes resulting from additive genetic effects but also environmental, dominance
(depending on the genetic context), epistasis, and pleiotropic effects. Thus, one key
feature of PP is that the predictor data contains more than just genetic information.
Consequently, PP may be useful in breeding programs to specifically predict genotype

by environment interactions (G x E).


https://orcid.org/0009-0004-9234-6216
https://orcid.org/0000-0001-6144-8448
https://orcid.org/0000-0002-1923-8575
https://orcid.org/0000-0003-1860-2256

61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
"
78
79
80
81
82
83
84
85
86
87

Several studies have used PP to predict GxE interactions or environment specific
genetic values of genotypes, all reporting accurate predictions using PP. These studies
generally concluded that using HTP data alone or as additional information in a GP
model could accurately predict genetic values (Adak et al. 2023a, 2024, 2023b, 2022;
Cuevas et al. 2019; De Salvio et al. 2024; de Verdal et al. 2024; Fumia et al. 2023;
Galan et al. 2021; Jackson et al. 2023; Klein et al. 2026; Krause et al. 2019; Lane et al.
2020; Montesinos-Lopez et al. 2024; Parmley et al. 2019; Pereira et al. 2025; Robert
et al. 2022; Tadesse et al. 2026; Togninalli et al. 2023; Winn et al. 2023; Sapkota et al.
2025).

Among these studies, some compared the accuracy of GP and PP. Most studies found
that PP had similar or marginally higher predictive ability (PA) than GP (Adak et al.
2024, 2023b, 2022; Klein et al. 2026; Krause et al. 2019; Robert et al. 2022). Others
found that PP had significantly higher (Winn et al. 2023; Jackson et al. 2023; Galdn
et al. 2021), or lower (de Verdal et al. 2024; Cuevas et al. 2019) PA than GP, or both
depending on the prediction scenario and the trait predicted (De Salvio et al. 2024;
Sapkota et al. 2025).

Some studies also tested models combining phenomic and genomic information, which
did not significantly outperform genomic-only or phenomic-only models in most cases
(Adak et al. 2024, 2023b; Cuevas et al. 2019; Jackson et al. 2023; Krause et al. 2019).
On the contrary, other studies found that models combining genomic and phenomic
information had the best PA (Togninalli et al. 2023; Klein et al. 2026; Sapkota et al.
2025).

Finally, using phenomic information, few studies focused on the impact of computing
models with or without a G x F term. Some studies compared multi-environments
models with a Gx F effect to single-environments models, or multi-environment models
without a G x E effect. They showed that multi-environment models including a

G X E effect could have higher PA than single environment models (Cuevas et al. 2019;
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de Verdal et al. 2024), and that multi-environment models with a G x E term had
generally higher PA than multi-environment models without a G x E term (Robert
et al. 2022). In Lane et al. (2020), a similar comparison was made but models with
or without a G x F term were not compared in similar cross validations scenarios. In
their study, models without a G x E term had better PA, but this may be due to a
more favorable cross validation scenario.

The reference GBLUP/HBLUP model is widely used in GP and PP studies with
G x E prediction (Montesinos-Lépez et al. 2024; de Verdal et al. 2024; Robert et al.
2022; De Salvio et al. 2024; Lane et al. 2020; Cuevas et al. 2019; Krause et al. 2019;
Galdn et al. 2021). Computing relationship matrices between genotypes within and
across environments is a critical step when using it. GP uses marker data which have
only one SNP profile per genotype making computation methods straightforward for
relationship matrices of G x E effects. PP on the other hand uses NIRS for which
each genotype can have one or multiple spectra per environment. Thus, spectra are
generally pre-processed using linear models to compute genetic values of each wave-
length which are then assembled to construct the genetic values of spectra. Either one
value per genotype across environments or one value per genotype per environment
can be computed to have spectral relationship matrices between genotypes within or
across environments. Methods from the literature to extract genetic values of spectra
and compute relationship matrices in PP are summarized in table 1. Different ways
of describing the same method are found in different studies as there is no clear and
homogeneous established formalism for such models in the PP community. They were
homogenized and written in the most general form in table 1 explaining the discrep-
ancies between their formalism in the original studies and the one in this work. Figure
1 summarizes the different types of matrices described and helps visualizing the infor-
mation present in these matrices. Readers may refer to this figure while reading the

next paragraph.
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Fig. 1 Visualization of the different matrices used in prediction models. ny = number of wavelengths,
ng = number of genotypes, n. = number of environments, BLUE/BLUP = best linear unbiased
estimator /predictor of genetic values, Se = BLUEs of genotypes within environment e, ¢ = matrix
transposition, Dy = BLUPs of genotypes across environments, Dge = BLUPs of the G x E effect,
K, ..., Kn, = relationship matrices between genotypes within environments 1 to ne, Ky = relation-
ship matrix between genotypes across environments, Z,; design matrix of the main genetic effect in
the prediction model, Z. design matrix of the environmental effect in the prediction model, Zge =
design matrix of the G x E effect in the prediction model, ® = Hadamard product, Ki2,..., Kin,
relationship matrix between genotypes in environment 1 and 2, to 1 and ne.
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Table 1 Summary of the methods used to compute relationship matrices for G X E phenomic
prediction models. Se = BLUEs/BLUPs of wavelengths for environment e, S = (S1, ..., Sn,)? where
! indicate the transpose matrix, n. = number of environments, D, = BLUEs/BLUPs of wavelengths
matrix across environments, ny = number of wavelengths of Se, S, or D, ® = Hadamard product,
Z4 = design matrix for the G effect, Zg. design matrix for the (G x E) effect, Z. = design matrix
for the E effect, Ky = relationship matrix used for the G effect, K4 = relationship matrix used for
the (G x E) effect, K. = relationship matrix used for the E effect, ”\” = not specified. Grand means
and residuals are present in all prediction models but were not specified here to gain space. ! Other
models combining marker and spectral information, or using only spectra from one environment are
also specified in this study but not relevant here. 2In these studies, for the main genetic effect, the
ZgKyZt for the Zgug vector is described instead of Ky matrix for the uy vector. 3K, is computed
using environmental covariables, which are also accounted for as fixed effect in the X;x B effects
while multi-spectral information is accounted for as fixed effects in the M;x; 5,1 effects. 1K, is
computed by doing a principal component analysis (PCA) on phenomic data within each
environment and calculating the Pearson correlation between the first components of each PCA,
other models using identity matrix for the G, E or G x E effect but were not considered relevant here.
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Using phenomic information, three ways to compute relationship matrices between
genotypes for the main genetic effect (G) can be found in the literature: (a)
BLUEs/BLUPs of spectra are first computed within each environment (with S, the
BLUEs/BLUPs of spectra for environment e) yielding one value per genotype per envi-
ronment, one relationship matrix is computed within each environment (S;—Sé where
ny is the number of wavelengths and ¢ means transpose) and these matrices are then
averaged (n% Sore, Sn—fé where n, is the total number of environments) to have one

final relationship matrix between genotypes across environments (Lane et al. 2020;

Robert et al. 2022), which corresponds to the ”within” matrix in figure 1.
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(b) Best linear unbiased estimators/predictors (BLUEs/BLUPs) of spectra are first
computed across environment (D,) yielding one single value per genotype and are
then used to compute one relationship matrix between genotypes (Dflif;) (Galdn et al.
2021; de Verdal et al. 2024). This corresponds to the ”across” matrix in figure 1.
Finally, (¢) some authors reported relationship matrices for the vector of total genetic
effects instead of the vector of genotypic BLUEs/BLUPs (De Salvio et al. 2024; Adak
et al. 2023b). For example, in a model, if Zu is the genetic term, articles using meth-
ods (a) and (b) reported matrices related to the variance of u (var(u) = Ko,), while
De Salvio et al. (2024); Adak et al. (2023b) reported matrices related to the vari-
ance of Zu (var(Zu) = ZKZ's,) where ZKZ" is the matrix described. In both
articles, the described matrix is computed by concatenating all environment specific
BLUEs/BLUPs of spectra (with S = (54, ...,S,,)" the concatenation of within envi-
ronment BLUEs/BLUPs of spectra) and using them to compute the similarity between
all genotypes in all environments (dei—s;Z;e, where Z,. is the design matrix of the
G x FE effect), which corresponds to the ”full” matrix in figure 1. Markers were used
for the G effect in Krause et al. (2019); Aono and Chawade (2026); Montesinos-Lépez
et al. (2024). Additionally, Krause et al. (2019) also proposed models with no G effect.
Four ways of computing the relationship matrix for the G x E effect can be found
in the literature:
(d) the first approach uses the G effect matrix in a Hadamard product with the design
matrices of the effect of the environment (Robert et al. 2022; de Verdal et al. 2024;
Galdn et al. 2021): Z,K,Z! ® Z.Z! (where Z, is the design matrix of the G effect and
Z. is the design matrix of the F effect. It corresponds to the "rep-bdiag” matrix in
figure 1. With data sorted by environments, this would yield a block diagonal matrix,
each block being identical and equal to the relationship matrix between genotypes as

computed for the G effect. This assumes that the relationship between genotypes is

identical in each environment (two genotypes have the same relationship value in all
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environments), and that genotypes in different environments are independent (their
covariance is 0).

(e) In the second approach, a large relationship matrix is computed using the con-
catenated BLUEs/BLUPs of spectra from all environments (dei—*itZ;e) and use this
matrix in a Hadamard product with Z, (Krause et al. 2019; De Salvio et al. 2024;
Adak et al. 2023b): de%de ® ZoZt, which corresponds to the "bdiag” matrix in
figure 1. With data sorted by environments, this would yield a block diagonal matrix
where each block is different and corresponds to the environment specific relation-
ship matrices between genotypes. This assumes that relationships between genotypes
are environment specific (two genotypes have different relationship values in different
environments) and that genotypes from different environments are independent (their
covariance is 0).

(f) The third approach is based on the calculation of a large relationship matrix using
the concatenated BLUEs/BLUPs of spectra from all environments (Krause et al. 2019;

Lane et al. 2020): deSn—S;Zt

ge» Which corresponds to the "full” matrix in figure 1.

With data sorted by environments, this would yield a dense matrix with block diag-
onal parts corresponding to the environment specific relationship matrices between
genotypes, and off-block-diagonal parts corresponding to relationships between geno-
types in different environments. This assumes that relationships between genotypes
are environment specific (two genotypes have different relationship values in different
environments), and that genotypes in different environments are related depending
on their own relationship and the relationship between the environments they were
grown into.

(g) The fourth strategy uses the G effect matrix in a Hadamard product with an envi-
ronmental similarity matrix (Montesinos-Lépez et al. 2024; Aono and Chawade 2026):
Z,KyZ}, ® Z K. Z! (where K, is a relationship matrix between environments), which

corresponds to the ”envsim” matrix in figure 1. In Montesinos-Lépez et al. (2024), K.
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is computed using environmental variables, and in Aono and Chawade (2026), K, is
computed by doing a principal component analysis (PCA) on phenomic data within
each environment and calculating the Pearson correlation between the first compo-
nents of each PCA. With data sorted by environments, this would yield a dense matrix
with the same properties and assumptions as the “full” matrix described above, but
with different relationship values.

In models with a G and a G x E interaction effect, matrices used for each effect
should reflect their respective variance-covariance structures. However, existing meth-
ods use redundant information in the G and G x FE effect matrices. Indeed, the G x E
matrices are computed either by re-using the G effect matrix as is (like in genomic
prediction), or by using the same genetic values of spectra that were already used to
compute the matrix of the G effect. In the latter case, within environment genetic val-
ues are used, which contain both genetic and G x E information and not only G x E
information.

In this study, we propose to exhaustively test the methods used in PP to predict
G x E interactions by testing all combinations between the different ways of computing
the G and G x E effect matrices. We also tested a way of computing G x E matrices
that explicitly uses only G x F information of the spectra without also accounting
for G effect variance covariance structure. This was done using three datasets already
used in the PP literature representing three species: rice (de Verdal et al. 2024), maize
(Lane et al. 2020; De Salvio et al. 2024), and triticale (Zhu et al. 2022). These datasets
encompass different panel sizes (from 190 rice accessions to 1216 triticale ones), differ-
ent genotype structure (pure lines and doubled haploids for rice and triticale, hybrid
testcrosses for maize), different LD decay patterns and population structures, and dif-
ferent G x E levels offering a diversity of situations relevant to explore the behaviors

of the different prediction models.
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2 Material and methods

2.1 Datasets

The three datasets used in this study were previously used in PP studies (de Verdal
et al. 2024; Zhu et al. 2022; Lane et al. 2020; De Salvio et al. 2024). We retained traits
that were common between datasets, namely plant height (PH), thousand grain/kernel
weight (GW), phenology (PHENO) and yield (YIELD). These datasets were chosen
as they had phenotypic and NIRS data available for almost all genotypes in almost all
environments. A data curation step was done to have datasets in which all phenotypes

and all NIRS data were available for all genotypes in all environments.

2.1.1 Rice dataset

This is the dataset used for PP in de Verdal et al. (2024), details on field experiment,
NIRS measurements, and genotyping can be found in Rakotoson et al. (2021, 2017);
Rakotomalala et al. (2021).

A panel of 190 rice accessions representing the working collection of the upland rice
breeding program conducted in Madagascar by FOFIFA (Malagasy National Research
Center for Rural Development) and CIRAD (French Agricultural Research Center for
International Development) was used. These genotypes were grown during two consec-
utive seasons (2014-2015 and 2015-2016) using split-block designs with two replications
in an alpha lattice layout. Each replication consisted of 14 blocks, further subdivided
into two sub-blocks for evaluating nitrogen fertilization levels (low nitrogen and high
nitrogen fertilization). In this dataset, environments were considered as combinations
between fertilization levels and years.

The traits used were plant height (PH), grain yield (YIELD), thousand grain weight
(GW), and days to flowering (PHENO).

NIR spectra were collected on grains ground to 1 mm. Spectra were acquired for each

10
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plot (each accession in each sub-block) and include data from 1,500 wavelengths rang-
ing between 1,000 and 2,500 nm with a 1 nm step. Four technical repetitions were

averaged to obtain the spectra of each plot.

2.1.2 Maize dataset

This dataset was used for PP in Lane et al. (2020); De Salvio et al. (2024), and
described in Farfan et al. (2015) where details on field experiment, NIRS measure-
ments, and genotyping can be found.

A set of 346 hybrid testcrosses were grown in 2011 and 2012 with two watering con-
ditions (well watered and water stress) in two replicates with a randomized complete
block design (RCBD) at the Texas A&M AgriLife Research Farm. In this dataset,
environments were considered as combinations between water conditions and years.
The traits used were plant height (PH), grain yield (YIELD), 500-kernel weight (GW),
and days to silking (PHENO).

NIR spectra were collected on harvested whole kernels, and consist of every wavenum-
ber from 4,000 to 10,000 cm™, which correspond to an interval between 1,000 and
2,500 nm. Spectra were acquired for each plot (each genotype in each environment in

each repetition).

2.1.3 Triticale dataset

This dataset was described and used for PP in Zhu et al. (2022) where details on field
experiment, and NIRS can be found. Contrary to the previous datasets, no genotyping
data was available for this one. It consists of 1280 genotypes of triticale from three
different populations (one diversity panel and two doubled haploid populations). Field
experiments were divided in two trials grown in four locations. One trial was evaluated
during the two years (2014 and 2015), and the other during one year only (2015).
In this dataset, environments were considered as combinations between locations and

years.

11
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The traits used were, plant height (PH), grain yield (YIELD), thousand grain weight
(GW) and phenology (PHENO).

NIR spectra were collected on harvested grains after being dried to 14% humidity.
Intensity of reflectance was measured for each wavelength in the spectral range from
1200 to 2400 nm with a step size of 1 nm. Spectra are missing for two locations in

trial 1 for the year 2015.

2.2 Spectra pre-processing

Four classical pre-processing methods were used on raw spectra of all datasets: nor-
malization by the standard normal variate method (snv), detrend (dt), first order
derivative after snv (d1), and second order derivative after snv (d2). All those pre-
processings were done after a smoothing of raw spectra using a Savitsky-Golay
algorithm (filter length of 21, polynomial order of 1, and derivation order of 0). Deriva-
tives were also done with the Savitsky-Golay algorithm. For d1, parameters were: filter
length of 41 wavelengths, polynomial order of 2, and derivation order of 1. For d2,
parameters were: filter length of 81 wavelengths, polynomial order of 3, and deriva-
tion order of 2. In the results, the best performing pre-processing was kept for each

dataset, that is, d1 for the rice dataset, and d2 for the maize and triticale datasets.

2.3 Genotypic BLUEs of phenotypes and spectra

For each dataset, the genetic best linear unbiased estimators (BLUESs) of genotype
effects were computed for phenotypic data and pre-processed spectra. Estimation mod-
els were built upon the ones published in their respective articles. Some adjustments
were made to have genotypic values always estimated with fixed genetic effects as
recommended in Holland and Piepho (2024), which was not the case in all original
models. For all datasets, genotypic BLUEs were estimated within environment to have
one value per genotype per environment for each phenotypic variable and each wave-

length. The genotypic BLUEs were estimated with the main effect of genotypes in the

12
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models below. Finally, Pearson correlations between BLUESs of each environment were

computed.

2.3.1 Rice dataset

As in de Verdal et al. (2024), genotypic BLUEs were estimated within environments

(year/nitrogen treatment combination) with the following model:

Yije = p+ Gi+ R;j + B(j)k + €iji (1)
Where Yj;j, is the observation of genotype 7 in block k of repetition j. G; is the
fixed effect of genotype i, R; is the fixed effect of repetition j, B @N(O,UE) is

the random effect of block k nested into repetition j, o7 being the block variance,

iid : . . : .
gijk ~ N (0,0?) is the random residual, 0 being the residual variance.

2.3.2 Maize dataset

As in Lane et al. (2020), genotypic BLUEs were estimated within environments
(year/water treatment combination). In this article a model with a genotypic and a
block effect was computed. However, no block information could be found in the avail-
able data. Instead, a row, a range, and a repetition column were available. In De Salvio
et al. (2024), which used the same dataset, genotypic adjusted means were computed
in a model using the row, range and repetition information. Therefore, the following

model was computed in each environment:

Yijkl =pu+G;+ Rj + RANGE(j)k + ROW(j)l + €ijki (2)

Where Y, is the observation of genotype 4 in environment j, in range & and row
[ of repetition j. G is the fixed effect of genotype ¢, R; is the fixed effect of repetition

J, RANGE()) %i/\/'(O, U?(mge) is the random effect of range k£ nested into repetition

2

7, Jf,mge being the range variance, ROW;y; %N(O, Ofow) 18 the random effect of row
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I nested into repetition j, 02,,, being the row variance, ;5 > N(0,02) is the random
residual, o2 being the residual variance.

In De Salvio et al. (2024), the effect of repetition was considered random as the range
and row effects. In the present study, we computed the repetition as fixed because

only two repetitions per environment were characterized.

2.3.3 Triticale dataset

The triticale dataset contains three different populations. As in Zhu et al. (2022), the
estimation of genotypic BLUEs was done across populations but prediction models
were computed within populations. For the estimation of BLUEs Zhu et al. (2022)
used both across and within environments models. For our study, we used their within

environment model.

Yijeo = pp+ Gi + Tj + Rjyk + Biry + €ighl (3)

Where Yj;; is the observation of genotype 4 in block I of repetition k in trial j, G;
is the fixed effect of genotype i, T} is the fixed effect of trial j, R(; is the fixed effect
of repetition k£ nested into trial j, B(jk)ligN(O,alf) is the random effect of block [
nested into repetition k of trial j, o7 being the block variance, &5 ifi\(f./\/'(()7 o?) is the
random residual, o2 being the residual variance.

All effects were considered fixed in Zhu et al. (2022), which is not the case in the
present study. The block effect is considered random because it has many levels despite
not being a variable of interest. Moreover, since some environments only included one
trial in Zhu et al. (2022), the model was adapted by removing the trial effect in these

environments.
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2.4 Splitting the G and G X FE parts of spectra

As stated in the introduction, the relationship matrices used in the G and G x E effects
share information. Indeed, the interaction matrix is computed either by re-using the G
effect matrix as is (like in genomic prediction), or by computing a new matrix based on
the same BLUEs/BLUPs of spectra already used to compute the G effect matrix. To
avoid having an interaction matrix which reflects the same information as the G effect
matrix, we tested models to decompose these two pieces of information separately, to
then compute two matrices that use different parts of spectral information.

To do so, we used the models that had been used to decompose the variance of
phenotypic data and wavelengths in the original articles. These models were computed
across environments. The genetic part of spectra was estimated as the across environ-
ment main genetic BLUPs and the G x E part of spectra was estimated as the G x F
BLUPs. In addition, as in the original articles, we also used these models to estimate

the variance components of phenotypic records and wavelengths.

2.4.1 Rice dataset

In de Verdal et al. (2024), an across year and nitrogen treatment model was described
to compute the parts of variance of each effect on phenotypes as well as on spec-
tra. It was adapted here by considering year and nitrogen treatment combinations as

environments, and by considering all effects random:

Yijri =+ Gi + Ej + (G x E)ij + Ry + Bijry + €ijhi (4)

Where Yjj1; is the observation of genotype ¢ in block I of repetition £ of envi-

ronment j. G; s (0,03) is the random effect of genotype i, 03 being the genetic

. iid . . ) . .
variance, I; N0, 02) is the random effect of environment j, o2 being the environ-

iid

mental variance (G' x E);; ~ N(0,02,) is the random effect of the interaction between

. . . . iid .
genotypes and environments, 038 being its associated variance, R ~ (0,02) is
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the random effect of repetition k nested into environment j, o being the repetition
variance, Bk z'fivdf\/'((), af) is the random effect of block [ nested into repetition k in
environment j, o7 being the block variance, Eijkl ENe (0,0?) is the random residual,
o2 being the residual variance.

The genetic part of spectra was estimated as the BLUPs of the G effect while the

interaction part of spectra was estimation as the BLUPs of the G x E effect.

2.4.2 Maize dataset

In De Salvio et al. (2024), an across environments model was described to compute
the parts of variance of each effect on phenotypes as well as on spectra. The same

model was used here.

Yijkim = 1 +@+&+ (G xE)ij+ Ry + RANGE(j;c)l + ROW(jk)m + €ijkim (D)

Where Yjjkim is the observation of genotype 4 in environment 7, in range [ and row
m of repetition l. G; %N(O, 03) is the random effect of genotype 7, 03 being the genetic
variance, E; Eoe (0,02) is the random effect of environment j, 02 being the environ-
mental variance (G x E);; YN (0,02.) is the random effect of the interaction between
genotypes and environments, oge being its associated variance, R(j)k%l N(0,02) is
the random effect of repetition k nested into environment j, o2 being the repetition

variance, RANGE(;y @N(O, afange) is the random effect of range [ nested into rep-

2

etition k of environment j, 074,,4¢

being the row variance, ROW(p,, is the random
effect of row m nested into repetition k£ and environment j, 02,,, being the row vari-
ance, €;jkim iri\flj\/'((), 0?) is the random residual, o2 being the residual variance.

The genetic part of spectra was estimated as the BLUPs of the G effect while the

interaction part of spectra was estimation as the BLUPs of the G x E effect.
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2.4.3 Triticale dataset

In Zhu et al. (2022), an across environment estimation model was described and was
used here to decompose triticale spectra but considering all effects as random instead

of fixed.

Yijkim = i+ Gi + Ej + (G X E)ij + Tyii + Riey + Bgkym + Eijkim — (6)

Where Yjjiim is the observation of genotype 4 in block m of repetition [ in trial k of
environment j, G; "4 N (0,07) is the random effect of genotype i, o2 being the genetic
variance, E; YN (0,02) is the random effect of environment j, 02 being the environ-
mental variance, (G x E);; Y (0,02.) is the random effect of the interaction between
genotypes and environments, o;, being its associated variance, T(j)k%j N(0,0?) is
the random effect of trial k nested into environment j, o7 being the trial variance,
Rjpn W (0,02) is the random effect of repetition [ nested into trial k and environ-
ments j, 02 being the repetition variance, Bikiym iriwd./\/'(O, o?) is the random effect of
block m nested into repetition [, trial £ and environment j, U? being the block vari-
ance, €;jkim iy./\/((), 02) is the random residual, o2 being the residual variance.

The genetic part of spectra was estimated as the BLUPs of the G effect while the

interaction part of spectra was estimation as the BLUPs of the G x E effect.

2.5 Prediction model

For genomic and phenomic prediction, the following model was used:

Y =p+Zfe+ Zgug + Zgetige + € (M)

Where Y is the (ng.neny X 1) vector of genetic values estimated with models

described in section 2.3, ug ~ N(0, K,02) is the (ng x 1) vector of random effect
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of genotypes, 03 being the genetic variance, and K, being the (n, x ng4) relation-
ship matrix calculated with markers or spectra, 8. is the (n. x 1) vector of fixed
environmental effects, uge ~ N(0, K4e07.) is the (ng.nen, x 1) vector vector of the
random effects of G x F interaction, Uge being its associated variance, and K. the
(Ng-Neny X Ng.Neny) relationship matrix between genotypes in different environments
calculated with markers or spectra, and € ~ N(0,10?) the (ng.nen, X 1) vector of
random residuals, I being the identity matrix, and o? the residual variance. Zgy Le,
and Z,. are the design matrices of the genetic, environmental, and G' x E effects
respectively.

Moreover, for the triticale dataset, predictions were performed within each popu-
lation. Thus, trit-dh1, trit-dh2, and trit-div will refer to the predictions in the doubled
haploid population one, double haploid population two, and in the diversity panel

respectively.

2.6 Relationship matrix computation

A total of 20 combinations of K, and K, matrices were tested and summarized in
table 2. Among them, two used only genomic information and were therefore GP
models (methods REF1 and REF2), 14 used phenomic information and were therefor
PP models (methods M1 to M14) and four were combinations of genomic information
to predict the G effect and phenomic information to predict de G x E effect, and
were GP 4+ PP models (methods M16 to M18). For the PP models, 12 methods
used matrices previously described in the literature and two methods used matrices
computed with a new method. Among GP + PP models, three meyhods used matrices
previously used in PP literature and one method used matrices computed with a new

method. Readers may refer to figure 1 for a better understanding.
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Methods REF1 and REF2 are reference genomic prediction models. In these mod-
els, K, was computed using the A.mat function of the sommer package (Covarrubias-
Pazaran 2016): K, = MTM/, where M is the column centered marker matrix with
alleles coded as {-1,0,1}, and ¢ is the mean value of the diagonal elements of M M’.
REF1 is a reference model without a G'x E term, and in REF2, Ky, = Z,K,Z.©Z.Z!,
corresponds to a block diagonal matrix where K is repeated on each block diago-
nal element if data is sorted by environments (® is the Hadamard product). This
corresponds to the "rep-bdiag” matrix in figure 1.

In methods M1 to M5, K, = n% E:;l S:L—fé, where n. is the number of environ-
ments, S, are the genetic BLUEs of wavelengths for environment e and n) is the
number of columns of S, that is, the number of wavelengths (Lane et al. 2020; Robert
et al. 2022). This way of computing the G relationship matrix corresponds to the
”within” matrix in figure 1.

In M1, no G x E effect was used, meaning that only the Z u, and the Z.3. terms
were specified in the model. In M2, Ky = Z,K,Z} ® Z.Z!, which is the same method
as for genomic prediction in REF2 ("rep-bdiag” in figure 1). In this matrix, there are
relationships between genotypes belonging to the same environment but not between
genotypes in different environments. Moreover, the relationship between two geno-
types in one environment is equal to the relationship between these two genotypes in
another environment. If the dataset was sorted by environments, this corresponds to
a block diagonal matrix where K, is repeated on each block diagonal element. This
method was used in Galdn et al. (2021); Robert et al. (2022); de Verdal et al. (2024).
In M3, K4e = dei—é‘;de © Z.Zt, where S = (S, ..., Sp.)! is the concatenation of the
genetic BLUEs of wavelengths from all environments (57 are the genetic BLUEs from
environment 1, S,  from environment n.). This relationship matrix corresponds to

the "bdiag” matrix in figure 1. It is a matrix where there is no relationships between
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genotypes belonging to different environments, but the relationships between geno-
types are environment-specific, meaning that the relationship between two genotypes
in one environment is different from the relationship between these two genotypes in
another environment. If the dataset was sorted by environment, this yields a block
diagonal matrix where each block diagonal element is the relationship matrix com-
puted using data from one environment only (for example, the first block diagonal

element would be equivalent to . This method was used in Krause et al. (2019);

=5
Adak et al. (2023b); De Salvio et al. (2024).

In M4, K4e = deSn—S;Z;e where S is defined as for M3. This corresponds to the ”full”
matrix in figure 1. It is a dense matrix containing relationships between genotypes from
the same environments and between genotypes belonging to different environments.
As in model M3, relationships between genotypes in one environment are different
from the relationships between the same genotypes in another environment, moreover,
relationships between genotypes from different environments exist and are unique to
each genotype-environment combination. If the dataset was sorted by environment,
this would yield a matrix where block diagonal elements are the same as in model M3,
but there would also be all off-block-diagonal values. This method was used in Krause
et al. (2019); Lane et al. (2020).

In M5, Kg4e = ZgKgZ; ®© ZEKEZ({:7 where K. is a relationship matrix between envi-
ronments (see next paragraph for the computation of K.). This corresponds to the
”envsim” matrix in figure 1. It is a matrix similar to the one used in M4, that is, a
dense matrix where there are relationships between genotypes from the same envi-
ronments and between genotypes belonging to different environments. Also, as in M4,
relationships between genotypes in one environment are different from the relation-
ships between the same genotypes in another environment, moreover, relationships
between genotypes from different environments exist and are unique to each genotype-

environment combination. If the dataset was sorted by environment, this would yield
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a matrix similar to the one used in M4, but relationship values would be different.
This was used in Aono and Chawade (2026); Montesinos-Lépez et al. (2024).

In Montesinos-Lépez et al. (2024), K. was computed using environmental variables,
and in Aono and Chawade (2026), it is computed by doing a principal component anal-
ysis (PCA) on phenomic data within each environment and calculating the Pearson
correlation between the first components of each PCA. In this study, no environmen-
tal data was available, so K, was computed with the BLUPs from the environmental
effects from models presented in in section 2.4. Let SE be the matrix containing the

BLUPs of the environment effect for each wavelength (of dimension (n. x ny)), then

K. = (SE)(SE)t.

e X
Methods M6 to M10 use the same relationship matrices for the G x E effect as M1 to

DyD
X

MS5 respectively, but they all use a different matrix for the G effect: K; = . , where
D, is the matrix of genotypic BLUPs of wavelengths across environments obtained
with models described in section 2.4. This corresponds to the matrix ”across” in figure
1. This method was used in Galdn et al. (2021); de Verdal et al. (2024).

Method M11 is a methods that uses the genotypic BLUPs across environments
to compute the G relationship matrix, and the G x £ BLUPs only to compute the
relationship matrix for the G x E effect. This was done to have a non redundant
information between the K, and K, matrices. In this case, K, is computed as in
methods M6 to M10, but K4 = D'%?;e, where Dy, is the matrix of the G x £ BLUPs
of wavelengths obtained with models described in section 2.4. This mehod has never
been used before to our knowledge. It will be called the ”decomposition” method
later on as the goal is to decompose the genetic and G x F parts of the spectra more
appropriately.

Methods M12 to M14 do not include a G effect, as it can be found in Krause et al.
(2019). This mean that only the Z.f, and Zgjcug. terms were specified in the model.

Models M12, M13, and M14 use the same methods for computing Kg. as methods
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M3, M4, and M11 respectively. Methods derived from M2 and M5 (or equally M7 and

M10) could not be used here because they require the computation of a G effect.
Finally, methods M15 to M18 combine marker information for the G effect and

spectral information for the G x E effect using the same relationship matrices as for

REF1-2 for the G effect and M8&-11 for the G x E effect.

2.7 Cross validation scenarios

Three cross validation scenarios were implemented. The observed genotypes in
observed environments scenario (0GoE) which corresponds to sparse testing, the new
genotypes in observed environments scenario (nGoE) where all environments are
represented in the training population and new genotypes are predicted in every envi-
ronment, and the observed genotypes in new environment scenario (oGnE) where all
genotypes are represented in the training set, and they are predicted in a new envi-
ronment. For convenience, in all datasets, only the subset of all genotypes present in
all environments was used.

The training set size was calculated for each dataset as tsize = 0.7 X ng X (Nepy —
Nout) Where ng is the number of genotypes in the global population available, nene
is the number of environments in the dataset, and n,,¢ is the number of environ-
ments let out in the oGnE scenario. A too large training set size would not allow to
have genotypes not represented in it, and would not allow to have repetitions of cross
validation scenarios with different combination of genotypes in the training set. This
formula ensures a training set size which is not too large and avoids these issues.

For the rice dataset, ng = 183, nepy = 4 and neue = 1, so tsize = 384. For the
maize dataset, ng = 143, Neny = 4 and ngye = 1, so tsize = 300. For the triticale
dataset, three populations are present, two doubled haploid populations (trit-dh1 and
trit-dh2), and one diversity panel (trit-div). For this dataset, predictions were per-

formed within populations. Moreover, for this dataset, traits were not phenotyped in
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Table 2 Summary of all combinations of
relationship matrices tested. M = column
centered marker matrix with alleles coded as
{-1,0,1}, ¢ = mean value of the diagonal elements
of MM’, S. = BLUEs of wavelengths for
environment e, S = (S1, ..., Sn,)?, ne = number
of environments, D, = genotypic BLUPs of
wavelengths across environments, Dge = G X E
BLUPs of wavelengths, ny = number of
wavelengths of S, S, or D, ® = Hadamard
product, Z, = design matrix for the G effect, Zg.
design matrix for the (G x E) effect, Z. = design
matrix for the E effect, K; = relationship matrix
used for the G effect, K. = relationship matrix
used for the (G x E) effect, K. = relationship
matrix used for the E effect, ”\” = no G or no
(G x E) effect in the model.

Ky Kge Method
MM \ REF1
¢ 24K Zt © Ze 2} REF2
\ M1
Ly, Se Almenl N
24552t © Z. 2t M3
Zy. 5572, M4
Z4KoZ!t © Ze K Zt M5
\ M6
b, D! Z4KoZ!t ® ZZ} M7
" 742570, © 2.2t M8
Zy. 5571, M9
ZgKoZt © Ze K Zt M10
Do, DoeDye M11
LN LON
Zge 5578, © 22! M12
\ Zy. 5578, M13
DyeDye M14
nx
245574, © Z 2! M15
MM 2455 7t M16
Z4KoZ!t © ZeK 2t M17
PoeBie M18
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all environments, and the populations were not always characterized in the same envi-
ronments. Thus, for trit-dhl, ng = 177, nepy = 5 and Ny = 1 so tsize = 496. For
trit-dh2, ng = 176, nepy = 5 and Ny = 1 so tsize = 493. For trit-div, all traits and
all genotypes were not phenotyped in the same number of environments. There were
between 714 and 777 genotypes phenotyped in either seven or eight environments,
and two environments were let out for the oGnE scenario. Thus tsize = 2495 for PH,
tsize = 2720 for GW, tsize = 3150 for YIELD, and tsize = 3204 for PHENO.

We did not implement the cross validation scenario where new genotypes are pre-
dicted in new environments (nGnE), because this scenario poses difficulties. Indeed,
for methods M1 to M5, one similarity matrix per environment has to be computed
to then average them. This is possible only if spectra of all genotypes in all environ-
ments are available. This is the case in all the tested scenarios but would not in a
nGnE scenario where the matrix for the new environment to predict would not have
any common genotypes with the matrices for the environments in the training set.
Moreover, for all PP methods, this scenario would be possible only if check genotypes
were present in all environments as the genotypic BLUEs or BLUPs of spectra must
be estimated. Moreover, for M11, M14 and M18 this would be possible only if there
were more than two environments in the testing sets (which is the case only for the
triticale dataset) as G x E BLUPs have to be estimated.

Furthermore, in 0GoE, nGoE or oGnE scenarios, all genotypes in all environments
are present in all folds, meaning that one estimation of BLUEs/BLUPs is needed for
all folds. In the nGnE scenario, each fold has a different combination of unconnected
genotypes and environments. This means that to mimic a real breeding situation,
BLUEs/BLUPs would have to be re-estimated for each cross validation fold which

would demand more time and computation power than available to us.
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2.8 Comparing methods

Methods were compared based on the Spearman correlation coefficients between the
predicted values and the BLUESs estimated within each environment. Within each
dataset/CV scenario/trait combination, a pairwise Wilcoxon rank test was performed
to compare methods. A Bonferroni correction was applied on p-values to account for
multiple testing, and the tests were paired to account for the fact that all methods
were tested on the same cross validation folds. For the sake of comparing the present
results to the ones presented in the articles from which the datasets originate, Pearson

correlations were also computed.

2.9 Software and packages

All analyses were conducted on the R software (R Core Team 2025). Genetic value
estimation models were computed using lme4 (Bates et al. 2015), prediction mod-
els were computed using sommer (Covarrubias-Pazaran 2016), spectra pre-processing
were performed using rchemo (Brandolini-Bunlon et al. 2023), graphics were produced
using ggplot2 (Wickham 2016), and general data handling steps (i.e., data curation)

were done using tidyverse (Wickham et al. 2019).

3 Results

3.1 Variance components of traits and spectra

The data quality analysis and descriptive statistics of traits can be found in the articles
from where the datasets originate. Still, we recomputed the variance components of
traits in online resource 1. Genotypic variances are moderate to high in the triticale
and rice datasets (from 8% to 81% of total phenotypic variance), and low in the
maize dataset (from 7% to 13% of total phenotypic variance variance). Variances due

to the interactions between genotypes and environments were generally low, ranging
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from 0.8% to 9% of total phenotypic variances. Traits had different values of the ratio
between the G x E variance and the genotypic variance ranging from 0.05 to 0.53.
YIELD was the trait with the highest ratio in all datasets. Otherwise, the traits having
the highest G x E variance or the highest/lowest G x E//G variance were not the same
across datasets.

Concerning spectra, their variance components are presented in online resource 2.
In the maize dataset, spectra had the highest part of genetic variance, but low G x E
variance compared to the genetic and environmental variances. In the rice dataset,
most of the variance was unexplained by genetic or environmental factors and stayed
in the residual. Specifically, the amount of G x E variance was close to zero in this
dataset. Finally, the triticale dataset was the one with the highest part of variance due
to G x E. The part of variance explained by genotypes was lower than that explained

by G x E, but the most important part of variance in this dataset was environmental.

3.2 General comparison between combination of reference

methods (REF1 to M10)

Comparisons between methods REF1, REF2, and M1 to M10 for CV scenarios 0GoE,
nGoE, and oGnE are available in figures 2, 3, and online resource 3 respectively. These
methods use relationship matrices that were already used in the PP literature but
represent all possible combinations of these different matrices. Results from the oGnE
scenario were placed in supplementary material as they were very similar to results
from the oGoE scenario.

For the rice and maize datasets, for which genomic data were available, GP out-
performed PP in most cases. The only exceptions were for GW in the maize dataset
in which a PP model was the best performing in 0GoE and nGoE scenarios.

The results of PP show that the main driver of PA was the similarity matrix used

in the G term. Indeed, the largest differences between methods were found between
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Fig. 2 Comparison between methods REF1 to M10 in the oGoE scenario. Letters indicate groups
of non-significantly different methods. GW = grain weight, PH = plant height, PHENO = phenology
trait. snp = genomic prediction method, within = phenomic prediction with the G relationship matrix
being calculated as the cell by cell average of environment specific genetic relationship matrices which

are calculated with within environment genetic BLUESs of spectra, across = phenomic prediction with
the G relationship matrix being calculated using across environment BLUEs of spectra.

the M1-5 group which all share the “within” G effect matrix, and the M6-10 group
which all share the “across” G effect matrix. In the 0GoE and oGnE scenarios, the
”within” genetic matrix (methods M1-5) reached better PA than the ”across” genetic
matrix (methods M6-10). On the contrary, for the nGoE scenario, the ”across” matrix
reached better PA than the ”within” matrix.

To compare the performances of each G x E matrix, the methods were compared

by groups of methods sharing the same G effect matrix. In each group the reference
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Fig. 3 Comparison between methods REF1 to M10 in the nGoE scenario. Letters indicate groups
of non-significantly different methods. GW = grain weight, PH = plant height, PHENO = phenology
trait. snp = genomic prediction method, within = phenomic prediction with the G relationship matrix
being calculated as the cell by cell average of environment specific genetic relationship matrices which

are calculated with within environment genetic BLUES of spectra, across = phenomic prediction with
the G relationship matrix being calculated using across environment BLUEs of spectra.

method to be compared to was the method with no G x E effect (REF1, M1, and M6),
to see how much each G x E matrix could improve the PA. Across dataset/trait/CV
scenario combinations, the number of times each method had a PA significantly higher,
lower, or not significantly different from the reference of the group was counted. More-
over, in the cases when there were significant differences between methods, the number
of times each method had the best predictive ability within its group was also counted

(if multiple methods had the best PA and were not significantly different, they were
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all granted a point). Results are summarized in table 3. Methods were compared on
whether they had a high/low number of occurrences having the best PA, a high/low
number of occurrences having PA higher, equal or lower than the reference method.
For GP methods, models with and without a G x E effect performed similarly: REF2
was significantly higher than REF1 five times, significantly lower five times, not dif-
ferent 14 times, and had the best result six times while REF1 had the best results
four times.
In the M1-5 group, the worst performing method was M5 with the lowest number of
best performances and the highest number occurrences where its PA were not different,
or lower than M1. The best performing methods were M4 having the highest number
of best performances and M2 having the highest number of PA higher than M1.
For the M6-10 group, the worst performing method was M10 with the lowest number
of best performances and the highest number of PA lower or not different from M6.
The best method was M9 with the highest number of best performances, and of PA
higher than M6. However, M9 also had the highest number of PA lower than M6.
Significant differences are to be replaced in the context of PA gain/loss. Indeed,
statistical tests did find significant differences between methods even when these dif-
ferences were negligible, which is typically the case for PH in the rice dataset in the
0GoE scenario for example. In the tested datasets, including a G x E matrix in pre-
diction models, whether it was for GP or PP, had little impact on predictive abilities.
Indeed, methods REF1, M1 and M6 had no G x E relationship matrix and often per-
formed as well as methods REF2, M2-5, and M7-10 respectively even if significant
differences were found.
Looking back at figures 2, 3, and online resource 3, the two methods that stood out
independently from the CV scenario were M4 and M9, except for PHENO and YIELD
in the trit-div dataset for which results were variable across CV scenario and for

which M3 and M8 also stood out to a lesser extent. M4 and M9 both use the same
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Table 3 Number of times each method outperformed its reference and have
the best predictive ability across traits, datasets and cross validation scenarios.
Results arise from a pairwise paired Wilcoxon test between methods. Methods
were compared in groups: REF1 and REF2 together, M1 to M5 together and
M6 to M10 together. The ”Method” column indicates the methods that is
considered. The ”Best” column indicates the number of times the method had
the best predictive ability within its group in the cases when there were
significant differences between methods (if multiple methods had the best PA
and were not significantly different they were all granted a point). The
”Higher”, ”No difference” and ”Lower” columns indicate the number of times
the method had a predictive ability significantly higher, not significantly
different, or significantly lower compared to the method stated in the
”Reference” column. Percentages are calculated within each method relatively
to the total number of times each method was tested (which is 24 for REF1
and REF2, and 60 for M1 to M10).

Reference  Method Best Higher No Difference Lower

REF1 4 (16.7%) \ \ \
REF2 6 (25%) 5 (20.8%) 14 (58.3%) 5 (20.8%)

M1 10 (16.7%)

REF1

\
26 (43.3%) 8 (13.3%)

M2 19 (31.7%) 26 (43.3%)
M1 M3 24 (40%) 17 (28.3%) 33 (55%) 10 (16.7%)
M4 29 (48.3%) 23 (38.3%) 28 (46.7%) 9 (15%)
M5 11 (18.3%) 16 (26.7%) 34 (56.7%) 10 (16.7%)
M6 14 (23.3%) \ \ \
M7 17 (28.3%) 14 (23.3%) 40 (66.7%) 6 (10%)
M6 Ms8 18 (30%) 16 (26.7%) 35 (58.3%) 9 (15%)
M9 21 (35%) 17 (28.3%) 30 (50%) 13 (21.7%)
M10 13 (21.7%) 5 (8.3%) 49 (81.7%) 6 (10%)

G x E matrix: Kge = dei—ith]e where S contains the concatenation of all within

environment BLUEs of spectra. This corresponds to the ”full” matrix in figure 1.

3.3 Predictive abilities obtained for the decomposition method

(M11) and methods with no main genetic effect (M12-M14)

Online resource 4 shows the results of the ”decomposition” method M11 compared
to methods M4 and M9 which were found to be the best options to include GxE
effects in the predictive model. Online resource 5 shows the number of times M11 had
significantly higher or significantly lower predictive abilities than both M4 and M9.
Together, these results show that there were few differences between M11 and M4 or

M9. More specifically, M11 and M9 behaved similarly as they share the same G effect
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matrix. The only cases where M11 really outperformed M4 and M9 was for GW in
the maize dataset where it had slightly higher PA.

Online resource 6 shows the results of methods without a G effect, M12 to M14
compared to M4 and M9. Online resource 5 shows the number of times each method
had significantly higher or lower PA than both M4 and M9. These methods consistently
produced lower PA than references methods. Not including a G effect in models led

to poor performances.

3.4 Methods combining genomic and phenomic information to

compute the G and G X E matrices

Results of methods M15 to M18 combining genomic information in the G effect, and
phenomic information in the G x F effect are shown in figure 4. Only the rice and the
maize datasets had available genotyping data. Online resource 7 shows the number
of times each method had significantly higher, not different or lower PA than REF2,
and the number of times each method had the best predictive ability when significant
differences existed (if multiple methods had the best PA and were not significantly
different, they were all granted a point). Looking only at Online resource 7, M17 was
the best method as it had the highest number of best performances, and the highest
number of times having significantly higher PA than REF2, and lowest numbers of
times having a significantly lower or not significant PA than REF2. Nevertheless, as
for previous results, many significant differences were found while the difference in
PA between methods seemed negligible. Looking at figure 4, M15, M16 and M18 did
substantially outperform REF2 for GW in the maize dataset in all CV scenarios,
except M15 for the oGnE scenario. Likewise, methods M16 and M18 also outperformed
REF2 for YIELD in the maize dataset in all CV scenarios, and M17 outperformed

REF2 for PHENO and YIELD in the rice dataset in the oGoE and oGnE scenarios.
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Fig. 4 Comparison between genomic prediction and methods combining genomic and phenomic
information. Letters indicate groups of non-significantly different methods. GW = grain weight, PH
= plant height, PHENO = phenology trait.

3.5 Comparison to results published using the same datasets

Finally, our results can be compared to the ones previously obtained (Lane et al. 2020;
De Salvio et al. 2024; de Verdal et al. 2024) except for the study of Zhu et al. (2022)
for which models with G x F were not implemented. For the maize dataset, Lane
et al. (2020) implemented models corresponding to M4 in 0GoE, M4 in oGnE, M1 in
nGoE (called M1 in CV2, M1 in CV0, and M3 in CV1 respectively in their study),
to predict YIELD and used Pearson correlations to evaluate their performances. For
equivalent models and correlation calculation methods (results not shown), our PA
were in comparable ranges.

For the same dataset, De Salvio et al. (2024) used models that have no equivalent
in our study and used a comparison metric taking the number of individuals in the

testing set into account. Using the same metric as theirs, their models outperformed
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ours. They also reported better PA for models combining genomic and phenomic
information, as was the case in the present study.

For the rice dataset, de Verdal et al. (2024) used models which correspond to meth-
ods REF1 and M6, and to methods REF2 and M7 (called MM and MDs respectively
in their study). They also implemented models combining genomic and phenomic
information that are not comparable to ours as they used the genomic and phenomic
information to predict both the G and GxE matrices. Although their cross-validation
schemes were very different, our PA are in comparable ranges. More variability was
found between models with or without a G x E term in de Verdal et al. (2024) than
in our study, even though the reported differences were low. They also reported low
differences between genomic-only, phenomic-only, and models combining genomic and

phenomic information which was not the case in our study.

4 Discussion

In this study, we tested existing methods to compute relationship matrices based on
phenomic information for the prediction of G x E interactions. A total of 20 meth-
ods were tested: two reference genomic prediction models, 10 combinations of different
phenomic relationship matrices for the G and G x E terms, one new method intended
to better isolate the genetic and G x F information in their respective phenomic rela-
tionship matrices, three methods omitting the G effect, and four methods combining
genomic information for the G effect and phenomic information for the G x E effect.
This benchmark was done on three datasets from the PP literature (Zhu et al. 2022;
Lane et al. 2020; De Salvio et al. 2024; de Verdal et al. 2024) for which phenotypes and
NIRS acquisition were available for all genotypes in all environments. PA reported in
our study were generally in the same range as PA reported in the original articles for
equivalent models and PA computation methods.

In our results, GP generally outperformed PP. Differences between models including
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a G x E effect and models with only a G effect were small, and the main driver of
PA was the matrix used in the G effect. Depending on the cross-validation scenario,
different G effect matrices had the best PA, and the best G x E matrix was generally
a dense matrix with environment specific relationship between genotypes, within and

across environments.

4.1 Which relationship matrices should be used for phenomic

prediction in a multi-environment context

Concerning the phenomic relationship matrix to be used for the G effect, results were

clear: when predicting already observed genotypes in a new environment (oGnE), or in

a sparse testing context (0GoE), using the "within” matrix (mean of all environment
ne SeS¢

specific matrices, ni Doty n—;) produced better results. Conversely, when predicting

new genotypes in known environments (nGoE), using the ”across” matrix computed
using across environments BLUPs of spectra produced better results (Dflif);) As the
G effect matrix was the main driver of predictive abilities, we can conclude that the
choice of this matrix is important and should be made according to the prediction
scenario.

Concerning the phenomic relationship matrix to be used for the G x E effect in
phenomic-only models, results were less clear. However, in the cases where differ-

ences between methods were obvious, one matrix did stand out: the "full” matrix

t . . . . . .
(Zge S5 gt ). This is a dense matrix where two genotypes in one environment will have
ge n, “ge

a different relationship from the two same genotypes in another environment, and two
genotypes from different environments will have a relationship value too. However, dif-
ferences between methods with or without G x E effects were generally small even for
reference methods. This may underline some limitations of the datasets used in this
study. Thus, this claim is not strongly supported by results and should be confirmed

in further studies.
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4.2 Combining genomic and phenomic information in

prediction models can increase PA

Considering overall performances of all methods, the best PA were produced by
methods using genomic information to compute the G effect matrix, and phenomic
information to compute the G x E matrix. Phenomic information can be a complemen-
tary source of information to genomic information and help predict G x E interactions
in some cases where genomic information alone fails to do so. It is noticeable that the
phenomic G X E matrices that complement marker data the best were not necessarily
the ones that performed best in phenomic only models. In particular, the ”decompo-
sition” (D%f;e) and the "envsim” (Z,K,Z}, ® Z.K.Z}) matrices reached the highest
PA in more cases than in phenomic only models, in which they did not increase PA
most of the time.

In previous PP studies, many models combining phenomic and genomic information
were tested, but they were not fairly comparable to ours as they did not use genomic
information to predict only the G effect and phenomic only to predict the G x FE
effect (Adak et al. 2023b; Jackson et al. 2023; Klein et al. 2026; Togninalli et al.
2023; Adak et al. 2024; Cuevas et al. 2019). Among these studies, only Togninalli
et al. (2023); Klein et al. (2026) found substantial improvement in PA with mod-
els combining genomic and phenomic information. Krause et al. (2019) used models
combining phenomic and genomic information in that same way that we did in our
study. They also found that predicting the G effect with genomic information and the
G X F effect with phenomic information generally had better PA than genomic-only

or phenomic-only models.
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4.3 Little effect of G X E term in phenomic-only prediction

models

One major trend in our results is that in most cases, adding a G x E term in models
did not improve predictive ability compared to models without a G x E term. Few
studies have tested models with or without a G X E term in equivalent cross-validation
scenarios. (Robert et al. 2022) found that adding a G x E term to the model did
improve PA over models without G x E term, and (Cuevas et al. 2019; de Verdal et al.
2024) that multi environment models had better PA than single environment models.
One hypothesis that could explain these results is the absence/low impact of a
G x E effect on phenotypic records and spectra. Considering the rice dataset, de Verdal
et al. (2024) showed that within environment BLUEs of the different traits were highly
correlated to one another except for yield. In addition, the variance explained by inter-
actions between genotypic and environmental factors (year and nitrogen treatment)
was generally small compared to the main genetic variance except for yield. These
results are in accordance with our own estimation of variance components (online
resource 1). However, even if PA of YIELD for this dataset did seem to exhibit slightly
more variation between methods, they did not behave much differently from PA of
other traits for this same dataset.
Considering the triticale dataset, Zhu et al. (2022) reported a substantial G x E vari-
ance compared to the GG variance in spectra. Our estimations of variance components
for spectra are in accordance with this result. Our estimations of variance components
for the different traits showed generally higher ratios between the G x E variance and
the G variance than for the other two datasets. Accordingly, the PA from the diver-
sity panel of this dataset (trit-div) were more variable across methods than for other
datasets even though differences between methods remained low. To a lesser extent,

this also holds for the two double haploid populations.
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Considering the maize dataset, De Salvio et al. (2024) reported that traits and spec-
tra displayed small variances of interaction between genotypes and environment. In
our estimations, the two traits that had the highest ratio between the G x E and G
variance were YIELD and GW, which were the two traits with the most differences
between methods in this dataset. Spectra also displayed little G x E variance in our
estimations.

Finally, online resource 8 shows the correlation between BLUEs estimated in differ-
ent environments for each dataset. Correlations can be as low as 0.17 in the triticale
dataset, and, as expected they are generally lower for traits with a high ratio between
G x E and G variance. Altogether, these results show that a slight link between the
ratio of G X E and G variances, the correlation between BLUEs estimated in different
environments, and the differences of performance between methods, seems to exist.
However, attempts to statistically demonstrate this link failed (results not shown)
probably due to the high variability of responses between datasets, traits, and cross
validation models. Thus, it means that the tested methods were generally not able to
correctly predict the environment specific response of genotypes in the tested datasets.
However, despite having small amounts of G x F variance in spectra, models using
genomic information for the G effect and spectra for the G x E effect had the best
PA overall. This indicates that spectra could help improve PA of GP models and that
they do contain information that is complementary to pure additive genetic signal.
It would be interesting to test these methods on datasets with larger G x E variances
in phenotypic traits. Indeed, in the literature larger levels of GxE have been reported
in several studies. For example, on a wheat dataset, Lado et al. (2016) found a G x E
variance of 15.5 % of the total phenotypic and a ratio of 2.7 between the G x E vari-
ance and the main genetic variance. Likewise, on a rice dataset, Rebollo et al. (2023)
found a G x E variance of 12.84 % and a ratio of 8.56. However, such datasets do

not contain phenomic data, and we are not aware of any available dataset containing
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phenomic data and this amount of G x E variance in phenotypic data. It would also
be interesting to compare methods on simulated data with different known levels of
G x E variance. This may be possible thanks to recent frameworks designed to sim-
ulate such phenotypic data (Banci¢ et al. 2024), or to simulate artificial NIR spectra
(Be¢ and Huck 2019).

Another hypothesis that could explain the few differences between models includ-
ing or not a G x E effect is that the G effect matrix and the G x E matrix contain
redundant information, and the addition of a G x E matrix does not really add useful
information to predict environment specific BLUEs. For GP this is likely as markers
are not environment specific and the G x FE relationship matrix is a repetition of the
G effect matrix on block diagonal elements of a larger matrix.

In PP, two elements can corroborate this hypothesis. The first element is that mod-
els combining genomic information for the G effect and phenomic information for the
G x FE effect had the best performances overall. These models use different sources
of information for the two effects, which are likely non-redundant. The second ele-
ment is that the “full” matrix stood out in phenomic-only models. More specifically,
in cases where significant differences between models occurred, models using the “full”
matrix had better performances than models using block diagonal matrices (“bdiag”
and “rep-bdiag”). These matrices are by construction redundant with the G effect
matrix as they re-use the G effect matrix directly (“rep-bdiag”) or are composed of
intermediate environment specific relationship matrices that are used to compute the
G effect matrix (“bdiag”). Moreover, computing block diagonal matrices means that
genotypes from different environments are assumed to be independent (the covariances
in off-block-diagonal elements is 0). Thus, it does not consider the fact that G x E
interactions can make genotypes more or less related in different environments and

the fact that genotypes in similar environments will be more related than genotypes
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in environments that differ. This seems ill-advised in the context of PP in which phe-
nomic records theoretically contain environment specific information that can be used
to retrieve relationships between genotypes across environments. The “full” matrix,
although its block diagonal elements are equal to the ones of the “bdiag” matrix,
assumes that genotypes covary across environments and adds information that is not
present in the G effect matrix.

However, the “envsim” and “decomp” matrices are also dense and assume relationships
between genotypes across environments, but models including them did not outper-
form models using block diagonal matrices. This is especially disappointing concerning
the “decomp” matrix and model M11 which was supposed to properly split the G and
G x E information into their respective matrices. In the “envsim” matrix, environmen-
tal BLUPs are used to compute an environmental relationship matrix which is then
used in the G X E matrix computation. For model M11, genotypic BLUPs are used
to compute the G effect matrix, and G x E BLUPs are used to compute the G x E
matrix. Thus, it is possible that BLUPs estimation models were unable to correctly
estimate, extract, and differentiate the G, E, and G x FE information in wavelengths.
Indeed, wavelengths can be noisy and very correlated to each other, and it could be
interesting to use meaningful subsets of wavelengths such as principal components to
extract genetic and environmental information from spectra. It also could be interest-
ing to explore matrix orthogonalization methods (Roger and Boulet 2018) to construct
G and G x E matrices that have no collinearity.

Finally, even for the “full” matrix or models combining genomic and phenomic infor-
mation, most improvements in PA compared to other methods were modest. This
could be due to a sub-optimal way of computing matrices that inaccurately represents
relationships between genotypes within or across environments. For example, Cuevas
et al. (2019) showed that using a Gaussian or a nonlinear arc-cosine kernel instead of

the classic relationship matrix could improve PP results.
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It is also noticeable that cases where differences between models were observed
correspond in most cases to the YIELD and GW traits. Although YIELD had the
highest G x E variance in all datasets, GW had variable G x E variances across
datasets. Moreover, spectra were collected on grain material in all datasets. Thus, it
is possible that the tissue of NIRS acquisition played a role in the results as the traits
that exhibited the most variance between methods were related to grains. NIRS of
grain may contain G X E information that is most useful to predict G x E interactions
happening during the reproductive stage but not the vegetative stage which is a main
driver of the variability observed for PH and PHENO. It is also likely that the stage of
NIRS acquisition makes a difference on the information contained in spectra and that
this information could be useful to predict G x E interactions for a specific trait. Indeed,
some studies showed that different pieces of information can be captured by multi-
spectral sensors mounted on UAV/ UGV at different dates, through correlation of
vegetation indices throughout a growing season (Washburn et al. 2024), or by modeling
the effect of the flight dates on vegetation indices (Adak et al. 2023a). Some studies
also showed that different dates of acquisition achieved different predictive abilities
(Adak et al. 2022; Washburn et al. 2024; Kaushal et al. 2024; Sleper et al. 2025; Shafiee
et al. 2024) and that combining data from different acquisition dates can marginally
improve prediction results compared to single time point acquisitions (Washburn et al.

2024).

5 Conclusion and perspectives

In this study, we exhaustively tested different relationship matrices for modeling the
G and G x F effects in phenomic prediction models. In our results, adding a G x F
matrix generally had a very low impact on prediction results compared to models
without a G x E term. This is likely due to a high redundancy in the information

carried by the G and G x E matrices and to the low amounts of G x F variance in
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traits of the tested datasets. Still, we showed that having complementary sources of
information to compute the G and G x E matrices was beneficial as models combining
genomic information for the genetic effect and phenomic information for the G x
E effect had the highest predictive abilities. We also showed that the best G effect
relationship matrix was dependent on the cross-validation scenario. Finally, we showed
that the best phenomic derived G x E matrix was generally a dense matrix in which
relationships between genotypes are environment specific, and relationships between
genotypes in different environments exist. It would be interesting to make such analyses
on datasets in which traits and spectra have more GG x F variance than the ones of this

study, or on simulated data with different known levels of G x E variance in traits.
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