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Abstract13

Phenomic prediction (PP) is a genetic value prediction method inspired by14
genomic prediction (GP). One key feature of PP compared to GP is its poten-15
tial ability to predict interactions between genotypes and environments (G×E).16
Using kernel-based models, many relationship matrix calculation methods for17
the G and G × E terms have been proposed but never fairly compared. In this18
study, we exhaustively tested different combinations of published methods to19
compute these matrices, and implemented a new method supposed to better split20
the genetic (G) and G×E information in their respective matrices. Using three21
datasets on maize, rice, and triticale, results show that the G effect matrix is the22
main driver of predictive abilities (PA). Computing the G effect matrix using23
BLUPs of wavelengths across environments was better when predicting new geno-24
types in known environments. To predict known genotypes in new environments25
or in a sparse testing scenario, it was better to compute one relationship matrix26
per environment and average them into a single G effect matrix. We found lit-27
tle differences between models including a G × E term and models without it.28
Nevertheless, dense G × E matrices including relationships within and across29
environments were generally the best choice. Finally, combining genomic infor-30
mation for the G effect, and phenomic information for the G × E effect gave31
the best results. Clear guidance of the best ways to take advantage of phenomic32
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prediction to predict G × E will likely require a simulation approach to better33
control the G × E information in datasets.34
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Würschum for making the triticale dataset available, and Aaron J. DeSalvio for sharing39
the maize dataset on Git.40

ORCID41

Clément Bienvenu: https://orcid.org/0009-0004-9234-621642
David Pot: https://orcid.org/0000-0001-6144-844843
Hugues de Verdal: https://orcid.org/0000-0002-1923-857544
Vincent Segura: https://orcid.org/0000-0003-1860-225645

1 Introduction46

Phenomic prediction (PP) (Rincent et al. 2018) is a genetic value prediction method47

inspired by genomic prediction (GP) (Meuwissen et al. 2001). GP uses molecular48

marker information to make predictions while PP uses high throughput phenotypic49

(HTP) information such as near infrared spectroscopy (NIRS) on different plant tis-50

sues, or hyperspectral images acquired with drones (UAV) or other unmanned ground51

vehicle (UGV) at the plot level. Some authors argued that phenomic data can cap-52

ture endophenotypic information such as transcriptomic information or other (-omic)53

signals that serve as intermediate between DNA sequence and phenotypic expression54

(Zhu et al. 2021; Rincent et al. 2018). Indeed, NIR spectra or hyperspectral images are55

phenotypes resulting from additive genetic effects but also environmental, dominance56

(depending on the genetic context), epistasis, and pleiotropic effects. Thus, one key57

feature of PP is that the predictor data contains more than just genetic information.58

Consequently, PP may be useful in breeding programs to specifically predict genotype59

by environment interactions (G× E).60
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Several studies have used PP to predict GxE interactions or environment specific61

genetic values of genotypes, all reporting accurate predictions using PP. These studies62

generally concluded that using HTP data alone or as additional information in a GP63

model could accurately predict genetic values (Adak et al. 2023a, 2024, 2023b, 2022;64

Cuevas et al. 2019; De Salvio et al. 2024; de Verdal et al. 2024; Fumia et al. 2023;65

Galán et al. 2021; Jackson et al. 2023; Klein et al. 2026; Krause et al. 2019; Lane et al.66

2020; Montesinos-López et al. 2024; Parmley et al. 2019; Pereira et al. 2025; Robert67

et al. 2022; Tadesse et al. 2026; Togninalli et al. 2023; Winn et al. 2023; Sapkota et al.68

2025).69

Among these studies, some compared the accuracy of GP and PP. Most studies found70

that PP had similar or marginally higher predictive ability (PA) than GP (Adak et al.71

2024, 2023b, 2022; Klein et al. 2026; Krause et al. 2019; Robert et al. 2022). Others72

found that PP had significantly higher (Winn et al. 2023; Jackson et al. 2023; Galán73

et al. 2021), or lower (de Verdal et al. 2024; Cuevas et al. 2019) PA than GP, or both74

depending on the prediction scenario and the trait predicted (De Salvio et al. 2024;75

Sapkota et al. 2025).76

Some studies also tested models combining phenomic and genomic information, which77

did not significantly outperform genomic-only or phenomic-only models in most cases78

(Adak et al. 2024, 2023b; Cuevas et al. 2019; Jackson et al. 2023; Krause et al. 2019).79

On the contrary, other studies found that models combining genomic and phenomic80

information had the best PA (Togninalli et al. 2023; Klein et al. 2026; Sapkota et al.81

2025).82

Finally, using phenomic information, few studies focused on the impact of computing83

models with or without a G × E term. Some studies compared multi-environments84

models with aG×E effect to single-environments models, or multi-environment models85

without a G × E effect. They showed that multi-environment models including a86

G×E effect could have higher PA than single environment models (Cuevas et al. 2019;87
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de Verdal et al. 2024), and that multi-environment models with a G × E term had88

generally higher PA than multi-environment models without a G × E term (Robert89

et al. 2022). In Lane et al. (2020), a similar comparison was made but models with90

or without a G×E term were not compared in similar cross validations scenarios. In91

their study, models without a G × E term had better PA, but this may be due to a92

more favorable cross validation scenario.93

The reference GBLUP/HBLUP model is widely used in GP and PP studies with94

G × E prediction (Montesinos-López et al. 2024; de Verdal et al. 2024; Robert et al.95

2022; De Salvio et al. 2024; Lane et al. 2020; Cuevas et al. 2019; Krause et al. 2019;96

Galán et al. 2021). Computing relationship matrices between genotypes within and97

across environments is a critical step when using it. GP uses marker data which have98

only one SNP profile per genotype making computation methods straightforward for99

relationship matrices of G × E effects. PP on the other hand uses NIRS for which100

each genotype can have one or multiple spectra per environment. Thus, spectra are101

generally pre-processed using linear models to compute genetic values of each wave-102

length which are then assembled to construct the genetic values of spectra. Either one103

value per genotype across environments or one value per genotype per environment104

can be computed to have spectral relationship matrices between genotypes within or105

across environments. Methods from the literature to extract genetic values of spectra106

and compute relationship matrices in PP are summarized in table 1. Different ways107

of describing the same method are found in different studies as there is no clear and108

homogeneous established formalism for such models in the PP community. They were109

homogenized and written in the most general form in table 1 explaining the discrep-110

ancies between their formalism in the original studies and the one in this work. Figure111

1 summarizes the different types of matrices described and helps visualizing the infor-112

mation present in these matrices. Readers may refer to this figure while reading the113

next paragraph.114
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Fig. 1 Visualization of the different matrices used in prediction models. nλ = number of wavelengths,
ng = number of genotypes, ne = number of environments, BLUE/BLUP = best linear unbiased
estimator/predictor of genetic values, Se = BLUEs of genotypes within environment e, t = matrix
transposition, Dg = BLUPs of genotypes across environments, Dge = BLUPs of the G × E effect,
K1, ...,Kne = relationship matrices between genotypes within environments 1 to ne, Kg = relation-
ship matrix between genotypes across environments, Zg design matrix of the main genetic effect in
the prediction model, Ze design matrix of the environmental effect in the prediction model, Zge =
design matrix of the G × E effect in the prediction model, ⊙ = Hadamard product, K12, ...,K1ne

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× E phenomic
prediction models. Se = BLUEs/BLUPs of wavelengths for environment e, S = (S1, ..., Sne

)t where
t indicate the transpose matrix, ne = number of environments, Dg = BLUEs/BLUPs of wavelengths
matrix across environments, nλ = number of wavelengths of Se, S, or D, ⊙ = Hadamard product,
Zg = design matrix for the G effect, Zge design matrix for the (G× E) effect, Ze = design matrix
for the E effect, Kg = relationship matrix used for the G effect, Kge = relationship matrix used for
the (G×E) effect, Ke = 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. 1Other
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
ZgKgZ

t
g for the Zgug vector is described instead of Kg matrix for the ug vector. 3Ke is computed

using environmental covariables, which are also accounted for as fixed effect in the Xikβk effects
while multi-spectral information is accounted for as fixed effects in the MiklβM,l effects. 4Ke 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×E effect but were not considered relevant here.

Adjustment Model Prediction Model Kg Kge Publication

BLUEs per environment in
single-environment models

Y = E + (G× E) \ Zge
SSt

nλ
Zt
ge (f) Krause et al. (2019)

Y = G+ E + (G× E) With marker data Zge
SSt

nλ
Zt
ge ⊙ ZeZ

t
e (e)

BLUEs per environment in
single-environment models

Y = G+ E + (G× E) 1
ne

∑ne

e=1
SeS

t
e

nλ
(a) Zge

SSt

nλ
Zt
ge (f) Lane et al. (2020)

BLUEs across
environments

Y = G+ E + (G× E)
DgD

t
g

nλ
(b) ZgKgZ

t
g ⊙ ZeZ

t
e (d) Galán et al. (2021)

BLUPs per environment in
single-environment models

Y = G+ E + (G× E) 1
ne

∑ne

e=1
SeS

t
e

nλ
(a) ZgKgZ

t
g ⊙ ZeZ

t
e (d) Robert et al. (2022)1

BLUPs per environment in
single-environment models

Models combining genomic
and two sources of

phenomic information
Zge

SSt

nλ
Zt
ge (c) Zge

SSt

nλ
Zt
ge ⊙ ZeZ

t
e (e) Adak et al. (2023b)2

BLUPs per environment in
a multi-environment model

Y = G+ E + (G× E) Zge
SSt

nλ
Zt
ge (c) Zge

SSt

nλ
Zt
ge ⊙ ZeZ

t
e (e) De Salvio et al. (2024)2

BLUPs across
environments

Y = E +G
DgD

t
g

nλ
(b) \ de Verdal et al. (2024)

Y = G+ E + (G× E)
DgD

t
g

nλ
(b) ZgKgZ

t
g ⊙ ZeZ

t
e (d)

\
Y = G+ E + (G× E)+∑r

k=1 Xikβk+∑3
l=1 MiklβM,l

With marker data ZgKgZ
t
g ⊙ ZeKeZ

t
e (g) Montesinos-López et al. (2024)3

BLUPs per environment in
one multi-environment model

Y = G+ E + (G× E) With marker data ZgKgZ
t
g ⊙ ZeKeZ

t
e (g) Aono and Chawade (2026)4

Using phenomic information, three ways to compute relationship matrices between115

genotypes for the main genetic effect (G) can be found in the literature: (a)116

BLUEs/BLUPs of spectra are first computed within each environment (with Se the117

BLUEs/BLUPs of spectra for environment e) yielding one value per genotype per envi-118

ronment, one relationship matrix is computed within each environment (
SeS

t
e

nλ
where119

nλ is the number of wavelengths and t means transpose) and these matrices are then120

averaged ( 1
ne

∑ne

e=1
SeS

t
e

nλ
where ne is the total number of environments) to have one121

final relationship matrix between genotypes across environments (Lane et al. 2020;122

Robert et al. 2022), which corresponds to the ”within” matrix in figure 1.123
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(b) Best linear unbiased estimators/predictors (BLUEs/BLUPs) of spectra are first124

computed across environment (Dg) yielding one single value per genotype and are125

then used to compute one relationship matrix between genotypes (
DgD

t
g

nλ
) (Galán et al.126

2021; de Verdal et al. 2024). This corresponds to the ”across” matrix in figure 1.127

Finally, (c) some authors reported relationship matrices for the vector of total genetic128

effects instead of the vector of genotypic BLUEs/BLUPs (De Salvio et al. 2024; Adak129

et al. 2023b). For example, in a model, if Zu is the genetic term, articles using meth-130

ods (a) and (b) reported matrices related to the variance of u (var(u) = Kσg), while131

De Salvio et al. (2024); Adak et al. (2023b) reported matrices related to the vari-132

ance of Zu (var(Zu) = ZKZtσg) where ZKZt is the matrix described. In both133

articles, the described matrix is computed by concatenating all environment specific134

BLUEs/BLUPs of spectra (with S = (S1, ..., Sne
)t the concatenation of within envi-135

ronment BLUEs/BLUPs of spectra) and using them to compute the similarity between136

all genotypes in all environments (Zge
SSt

nλ
Zt
ge, where Zge is the design matrix of the137

G × E effect), which corresponds to the ”full” matrix in figure 1. Markers were used138

for the G effect in Krause et al. (2019); Aono and Chawade (2026); Montesinos-López139

et al. (2024). Additionally, Krause et al. (2019) also proposed models with no G effect.140

Four ways of computing the relationship matrix for the G×E effect can be found141

in the literature:142

(d) the first approach uses the G effect matrix in a Hadamard product with the design143

matrices of the effect of the environment (Robert et al. 2022; de Verdal et al. 2024;144

Galán et al. 2021): ZgKgZ
t
g ⊙ZeZ

t
e (where Zg is the design matrix of the G effect and145

Ze is the design matrix of the E effect. It corresponds to the ”rep-bdiag” matrix in146

figure 1. With data sorted by environments, this would yield a block diagonal matrix,147

each block being identical and equal to the relationship matrix between genotypes as148

computed for the G effect. This assumes that the relationship between genotypes is149

identical in each environment (two genotypes have the same relationship value in all150
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environments), and that genotypes in different environments are independent (their151

covariance is 0).152

(e) In the second approach, a large relationship matrix is computed using the con-153

catenated BLUEs/BLUPs of spectra from all environments (Zge
SSt

nλ
Zt
ge) and use this154

matrix in a Hadamard product with Ze (Krause et al. 2019; De Salvio et al. 2024;155

Adak et al. 2023b): Zge
SSt

nλ
Zt
ge ⊙ ZeZ

t
e, which corresponds to the ”bdiag” matrix in156

figure 1. With data sorted by environments, this would yield a block diagonal matrix157

where each block is different and corresponds to the environment specific relation-158

ship matrices between genotypes. This assumes that relationships between genotypes159

are environment specific (two genotypes have different relationship values in different160

environments) and that genotypes from different environments are independent (their161

covariance is 0).162

(f) The third approach is based on the calculation of a large relationship matrix using163

the concatenated BLUEs/BLUPs of spectra from all environments (Krause et al. 2019;164

Lane et al. 2020): Zge
SSt

nλ
Zt
ge, which corresponds to the ”full” matrix in figure 1.165

With data sorted by environments, this would yield a dense matrix with block diag-166

onal parts corresponding to the environment specific relationship matrices between167

genotypes, and off-block-diagonal parts corresponding to relationships between geno-168

types in different environments. This assumes that relationships between genotypes169

are environment specific (two genotypes have different relationship values in different170

environments), and that genotypes in different environments are related depending171

on their own relationship and the relationship between the environments they were172

grown into.173

(g) The fourth strategy uses the G effect matrix in a Hadamard product with an envi-174

ronmental similarity matrix (Montesinos-López et al. 2024; Aono and Chawade 2026):175

ZgKgZ
t
g ⊙ZeKeZ

t
e (where Ke is a relationship matrix between environments), which176

corresponds to the ”envsim” matrix in figure 1. In Montesinos-López et al. (2024), Ke177

8



is computed using environmental variables, and in Aono and Chawade (2026), Ke is178

computed by doing a principal component analysis (PCA) on phenomic data within179

each environment and calculating the Pearson correlation between the first compo-180

nents of each PCA. With data sorted by environments, this would yield a dense matrix181

with the same properties and assumptions as the “full” matrix described above, but182

with different relationship values.183

In models with a G and a G × E interaction effect, matrices used for each effect184

should reflect their respective variance-covariance structures. However, existing meth-185

ods use redundant information in the G and G×E effect matrices. Indeed, the G×E186

matrices are computed either by re-using the G effect matrix as is (like in genomic187

prediction), or by using the same genetic values of spectra that were already used to188

compute the matrix of the G effect. In the latter case, within environment genetic val-189

ues are used, which contain both genetic and G×E information and not only G×E190

information.191

In this study, we propose to exhaustively test the methods used in PP to predict192

G×E interactions by testing all combinations between the different ways of computing193

the G and G×E effect matrices. We also tested a way of computing G×E matrices194

that explicitly uses only G × E information of the spectra without also accounting195

for G effect variance covariance structure. This was done using three datasets already196

used in the PP literature representing three species: rice (de Verdal et al. 2024), maize197

(Lane et al. 2020; De Salvio et al. 2024), and triticale (Zhu et al. 2022). These datasets198

encompass different panel sizes (from 190 rice accessions to 1216 triticale ones), differ-199

ent genotype structure (pure lines and doubled haploids for rice and triticale, hybrid200

testcrosses for maize), different LD decay patterns and population structures, and dif-201

ferent G× E levels offering a diversity of situations relevant to explore the behaviors202

of the different prediction models.203
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2 Material and methods204

2.1 Datasets205

The three datasets used in this study were previously used in PP studies (de Verdal206

et al. 2024; Zhu et al. 2022; Lane et al. 2020; De Salvio et al. 2024). We retained traits207

that were common between datasets, namely plant height (PH), thousand grain/kernel208

weight (GW), phenology (PHENO) and yield (YIELD). These datasets were chosen209

as they had phenotypic and NIRS data available for almost all genotypes in almost all210

environments. A data curation step was done to have datasets in which all phenotypes211

and all NIRS data were available for all genotypes in all environments.212

2.1.1 Rice dataset213

This is the dataset used for PP in de Verdal et al. (2024), details on field experiment,214

NIRS measurements, and genotyping can be found in Rakotoson et al. (2021, 2017);215

Rakotomalala et al. (2021).216

A panel of 190 rice accessions representing the working collection of the upland rice217

breeding program conducted in Madagascar by FOFIFA (Malagasy National Research218

Center for Rural Development) and CIRAD (French Agricultural Research Center for219

International Development) was used. These genotypes were grown during two consec-220

utive seasons (2014-2015 and 2015-2016) using split-block designs with two replications221

in an alpha lattice layout. Each replication consisted of 14 blocks, further subdivided222

into two sub-blocks for evaluating nitrogen fertilization levels (low nitrogen and high223

nitrogen fertilization). In this dataset, environments were considered as combinations224

between fertilization levels and years.225

The traits used were plant height (PH), grain yield (YIELD), thousand grain weight226

(GW), and days to flowering (PHENO).227

NIR spectra were collected on grains ground to 1 mm. Spectra were acquired for each228

10



plot (each accession in each sub-block) and include data from 1,500 wavelengths rang-229

ing between 1,000 and 2,500 nm with a 1 nm step. Four technical repetitions were230

averaged to obtain the spectra of each plot.231

2.1.2 Maize dataset232

This dataset was used for PP in Lane et al. (2020); De Salvio et al. (2024), and233

described in Farfan et al. (2015) where details on field experiment, NIRS measure-234

ments, and genotyping can be found.235

A set of 346 hybrid testcrosses were grown in 2011 and 2012 with two watering con-236

ditions (well watered and water stress) in two replicates with a randomized complete237

block design (RCBD) at the Texas A&M AgriLife Research Farm. In this dataset,238

environments were considered as combinations between water conditions and years.239

The traits used were plant height (PH), grain yield (YIELD), 500-kernel weight (GW),240

and days to silking (PHENO).241

NIR spectra were collected on harvested whole kernels, and consist of every wavenum-242

ber from 4,000 to 10,000 cm-1, which correspond to an interval between 1,000 and243

2,500 nm. Spectra were acquired for each plot (each genotype in each environment in244

each repetition).245

2.1.3 Triticale dataset246

This dataset was described and used for PP in Zhu et al. (2022) where details on field247

experiment, and NIRS can be found. Contrary to the previous datasets, no genotyping248

data was available for this one. It consists of 1280 genotypes of triticale from three249

different populations (one diversity panel and two doubled haploid populations). Field250

experiments were divided in two trials grown in four locations. One trial was evaluated251

during the two years (2014 and 2015), and the other during one year only (2015).252

In this dataset, environments were considered as combinations between locations and253

years.254
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The traits used were, plant height (PH), grain yield (YIELD), thousand grain weight255

(GW) and phenology (PHENO).256

NIR spectra were collected on harvested grains after being dried to 14% humidity.257

Intensity of reflectance was measured for each wavelength in the spectral range from258

1200 to 2400 nm with a step size of 1 nm. Spectra are missing for two locations in259

trial 1 for the year 2015.260

2.2 Spectra pre-processing261

Four classical pre-processing methods were used on raw spectra of all datasets: nor-262

malization by the standard normal variate method (snv), detrend (dt), first order263

derivative after snv (d1), and second order derivative after snv (d2). All those pre-264

processings were done after a smoothing of raw spectra using a Savitsky-Golay265

algorithm (filter length of 21, polynomial order of 1, and derivation order of 0). Deriva-266

tives were also done with the Savitsky-Golay algorithm. For d1, parameters were: filter267

length of 41 wavelengths, polynomial order of 2, and derivation order of 1. For d2,268

parameters were: filter length of 81 wavelengths, polynomial order of 3, and deriva-269

tion order of 2. In the results, the best performing pre-processing was kept for each270

dataset, that is, d1 for the rice dataset, and d2 for the maize and triticale datasets.271

2.3 Genotypic BLUEs of phenotypes and spectra272

For each dataset, the genetic best linear unbiased estimators (BLUEs) of genotype273

effects were computed for phenotypic data and pre-processed spectra. Estimation mod-274

els were built upon the ones published in their respective articles. Some adjustments275

were made to have genotypic values always estimated with fixed genetic effects as276

recommended in Holland and Piepho (2024), which was not the case in all original277

models. For all datasets, genotypic BLUEs were estimated within environment to have278

one value per genotype per environment for each phenotypic variable and each wave-279

length. The genotypic BLUEs were estimated with the main effect of genotypes in the280
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models below. Finally, Pearson correlations between BLUEs of each environment were281

computed.282

2.3.1 Rice dataset283

As in de Verdal et al. (2024), genotypic BLUEs were estimated within environments284

(year/nitrogen treatment combination) with the following model:285

Yijk = µ+Gi +Rj +B(j)k + εijk (1)

Where Yijk is the observation of genotype i in block k of repetition j. Gi is the286

fixed effect of genotype i, Rj is the fixed effect of repetition j, B(j)k
iid
∼ N (0, σ2

b ) is287

the random effect of block k nested into repetition j, σ2
b being the block variance,288

εijk
iid
∼ N (0, σ2) is the random residual, σ2 being the residual variance.289

2.3.2 Maize dataset290

As in Lane et al. (2020), genotypic BLUEs were estimated within environments291

(year/water treatment combination). In this article a model with a genotypic and a292

block effect was computed. However, no block information could be found in the avail-293

able data. Instead, a row, a range, and a repetition column were available. In De Salvio294

et al. (2024), which used the same dataset, genotypic adjusted means were computed295

in a model using the row, range and repetition information. Therefore, the following296

model was computed in each environment:297

Yijkl = µ+Gi +Rj +RANGE(j)k +ROW(j)l + εijkl (2)

Where Yijkl is the observation of genotype i in environment j, in range k and row298

l of repetition j. Gi is the fixed effect of genotype i, Rj is the fixed effect of repetition299

j, RANGE(j)k
iid
∼ N (0, σ2

range) is the random effect of range k nested into repetition300

j, σ2
range being the range variance, ROW(j)l

iid
∼ N (0, σ2

row) is the random effect of row301
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l nested into repetition j, σ2
row being the row variance, εijkl

iid
∼ N (0, σ2) is the random302

residual, σ2 being the residual variance.303

In De Salvio et al. (2024), the effect of repetition was considered random as the range304

and row effects. In the present study, we computed the repetition as fixed because305

only two repetitions per environment were characterized.306

2.3.3 Triticale dataset307

The triticale dataset contains three different populations. As in Zhu et al. (2022), the308

estimation of genotypic BLUEs was done across populations but prediction models309

were computed within populations. For the estimation of BLUEs Zhu et al. (2022)310

used both across and within environments models. For our study, we used their within311

environment model.312

Yijkl = µ+Gi + Tj +R(j)k +B(jk)l + εijkl (3)

Where Yijkl is the observation of genotype i in block l of repetition k in trial j, Gi313

is the fixed effect of genotype i, Tj is the fixed effect of trial j, R(j)k is the fixed effect314

of repetition k nested into trial j, B(jk)l
iid
∼ N (0, σ2

b ) is the random effect of block l315

nested into repetition k of trial j, σ2
b being the block variance, εijkl

iid
∼ N (0, σ2) is the316

random residual, σ2 being the residual variance.317

All effects were considered fixed in Zhu et al. (2022), which is not the case in the318

present study. The block effect is considered random because it has many levels despite319

not being a variable of interest. Moreover, since some environments only included one320

trial in Zhu et al. (2022), the model was adapted by removing the trial effect in these321

environments.322
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2.4 Splitting the G and G × E parts of spectra323

As stated in the introduction, the relationship matrices used in the G and G×E effects324

share information. Indeed, the interaction matrix is computed either by re-using the G325

effect matrix as is (like in genomic prediction), or by computing a new matrix based on326

the same BLUEs/BLUPs of spectra already used to compute the G effect matrix. To327

avoid having an interaction matrix which reflects the same information as the G effect328

matrix, we tested models to decompose these two pieces of information separately, to329

then compute two matrices that use different parts of spectral information.330

To do so, we used the models that had been used to decompose the variance of331

phenotypic data and wavelengths in the original articles. These models were computed332

across environments. The genetic part of spectra was estimated as the across environ-333

ment main genetic BLUPs and the G×E part of spectra was estimated as the G×E334

BLUPs. In addition, as in the original articles, we also used these models to estimate335

the variance components of phenotypic records and wavelengths.336

2.4.1 Rice dataset337

In de Verdal et al. (2024), an across year and nitrogen treatment model was described338

to compute the parts of variance of each effect on phenotypes as well as on spec-339

tra. It was adapted here by considering year and nitrogen treatment combinations as340

environments, and by considering all effects random:341

Yijkl = µ+Gi + Ej + (G× E)ij +R(j)k +B(jk)l + εijkl (4)

Where Yijkl is the observation of genotype i in block l of repetition k of envi-342

ronment j. Gi
iid
∼ N (0, σ2

g) is the random effect of genotype i, σ2
g being the genetic343

variance, Ej
iid
∼ N (0, σ2

e) is the random effect of environment j, σ2
e being the environ-344

mental variance (G×E)ij
iid
∼ N (0, σ2

ge) is the random effect of the interaction between345

genotypes and environments, σ2
ge being its associated variance, R(j)k

iid
∼ N (0, σ2

r) is346
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the random effect of repetition k nested into environment j, σ2
r being the repetition347

variance, B(jk)l
iid
∼ N (0, σ2

b ) is the random effect of block l nested into repetition k in348

environment j, σ2
b being the block variance, εijkl

iid
∼ N (0, σ2) is the random residual,349

σ2 being the residual variance.350

The genetic part of spectra was estimated as the BLUPs of the G effect while the351

interaction part of spectra was estimation as the BLUPs of the G× E effect.352

2.4.2 Maize dataset353

In De Salvio et al. (2024), an across environments model was described to compute354

the parts of variance of each effect on phenotypes as well as on spectra. The same355

model was used here.356

Yijklm = µ+Gi +Ej + (G× E)ij +R(j)k +RANGE(jk)l +ROW(jk)m + εijklm (5)

Where Yijklm is the observation of genotype i in environment j, in range l and row357

m of repetition l.Gi
iid
∼ N (0, σ2

g) is the random effect of genotype i, σ2
g being the genetic358

variance, Ej
iid
∼ N (0, σ2

e) is the random effect of environment j, σ2
e being the environ-359

mental variance (G×E)ij
iid
∼ N (0, σ2

ge) is the random effect of the interaction between360

genotypes and environments, σ2
ge being its associated variance, R(j)k

iid
∼ N (0, σ2

r) is361

the random effect of repetition k nested into environment j, σ2
r being the repetition362

variance, RANGE(jk)l
iid
∼ N (0, σ2

range) is the random effect of range l nested into rep-363

etition k of environment j, σ2
range being the row variance, ROW(jk)m is the random364

effect of row m nested into repetition k and environment j, σ2
row being the row vari-365

ance, εijklm
iid
∼ N (0, σ2) is the random residual, σ2 being the residual variance.366

The genetic part of spectra was estimated as the BLUPs of the G effect while the367

interaction part of spectra was estimation as the BLUPs of the G× E effect.368
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2.4.3 Triticale dataset369

In Zhu et al. (2022), an across environment estimation model was described and was370

used here to decompose triticale spectra but considering all effects as random instead371

of fixed.372

Yijklm = µ+Gi + Ej + (G× E)ij + T(j)k +R(jk)l +B(jkl)m + εijklm (6)

Where Yijklm is the observation of genotype i in block m of repetition l in trial k of373

environment j, Gi
iid
∼ N (0, σ2

g) is the random effect of genotype i, σ2
g being the genetic374

variance, Ej
iid
∼ N (0, σ2

e) is the random effect of environment j, σ2
e being the environ-375

mental variance, (G×E)ij
iid
∼ N (0, σ2

ge) is the random effect of the interaction between376

genotypes and environments, σ2
ge being its associated variance, T(j)k

iid
∼ N (0, σ2

t ) is377

the random effect of trial k nested into environment j, σ2
t being the trial variance,378

R(jk)l
iid
∼ N (0, σ2

r) is the random effect of repetition l nested into trial k and environ-379

ments j, σ2
r being the repetition variance, B(jkl)m

iid
∼ N (0, σ2

b ) is the random effect of380

block m nested into repetition l, trial k and environment j, σ2
b being the block vari-381

ance, εijklm
iid
∼ N (0, σ2) is the random residual, σ2 being the residual variance.382

The genetic part of spectra was estimated as the BLUPs of the G effect while the383

interaction part of spectra was estimation as the BLUPs of the G× E effect.384

2.5 Prediction model385

For genomic and phenomic prediction, the following model was used:386

Y = µ+ Zeβe + Zgug + Zgeuge + ε (7)

Where Y is the (ng.nenv × 1) vector of genetic values estimated with models387

described in section 2.3, ug ∼ N (0,Kgσ
2
g) is the (ng × 1) vector of random effect388
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of genotypes, σ2
g being the genetic variance, and Kg being the (ng × ng) relation-389

ship matrix calculated with markers or spectra, βe is the (ne × 1) vector of fixed390

environmental effects, uge ∼ N (0,Kgeσ
2
ge) is the (ng.nenv × 1) vector vector of the391

random effects of G × E interaction, σ2
ge being its associated variance, and Kge the392

(ng.nenv × ng.nenv) relationship matrix between genotypes in different environments393

calculated with markers or spectra, and ε ∼ N (0, Iσ2) the (ng.nenv × 1) vector of394

random residuals, I being the identity matrix, and σ2 the residual variance. Zg, Ze,395

and Zge are the design matrices of the genetic, environmental, and G × E effects396

respectively.397

Moreover, for the triticale dataset, predictions were performed within each popu-398

lation. Thus, trit-dh1, trit-dh2, and trit-div will refer to the predictions in the doubled399

haploid population one, double haploid population two, and in the diversity panel400

respectively.401

2.6 Relationship matrix computation402

A total of 20 combinations of Kg and Kge matrices were tested and summarized in403

table 2. Among them, two used only genomic information and were therefore GP404

models (methods REF1 and REF2), 14 used phenomic information and were therefor405

PP models (methods M1 to M14) and four were combinations of genomic information406

to predict the G effect and phenomic information to predict de G × E effect, and407

were GP + PP models (methods M16 to M18). For the PP models, 12 methods408

used matrices previously described in the literature and two methods used matrices409

computed with a new method. Among GP + PP models, three meyhods used matrices410

previously used in PP literature and one method used matrices computed with a new411

method. Readers may refer to figure 1 for a better understanding.412
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Methods REF1 and REF2 are reference genomic prediction models. In these mod-413

els, Kg was computed using the A.mat function of the sommer package (Covarrubias-414

Pazaran 2016): Kg = MM ′

c
, where M is the column centered marker matrix with415

alleles coded as {-1,0,1}, and c is the mean value of the diagonal elements of MM ′.416

REF1 is a reference model without a G×E term, and in REF2,Kge = ZgKgZ
t
g⊙ZeZ

t
e,417

corresponds to a block diagonal matrix where Kg is repeated on each block diago-418

nal element if data is sorted by environments (⊙ is the Hadamard product). This419

corresponds to the ”rep-bdiag” matrix in figure 1.420

In methods M1 to M5, Kg = 1
ne

∑ne

e=1
SeS

t
e

nλ
, where ne is the number of environ-421

ments, Se are the genetic BLUEs of wavelengths for environment e and nλ is the422

number of columns of Se, that is, the number of wavelengths (Lane et al. 2020; Robert423

et al. 2022). This way of computing the G relationship matrix corresponds to the424

”within” matrix in figure 1.425

In M1, no G × E effect was used, meaning that only the Zgug and the Zeβe terms426

were specified in the model. In M2, Kge = ZgKgZ
t
g⊙ZeZ

t
e, which is the same method427

as for genomic prediction in REF2 (”rep-bdiag” in figure 1). In this matrix, there are428

relationships between genotypes belonging to the same environment but not between429

genotypes in different environments. Moreover, the relationship between two geno-430

types in one environment is equal to the relationship between these two genotypes in431

another environment. If the dataset was sorted by environments, this corresponds to432

a block diagonal matrix where Kg is repeated on each block diagonal element. This433

method was used in Galán et al. (2021); Robert et al. (2022); de Verdal et al. (2024).434

In M3, Kge = Zge
SSt

nλ
Zt
ge ⊙ZeZ

t
e, where S = (S1, ..., Sne

)t is the concatenation of the435

genetic BLUEs of wavelengths from all environments (S1 are the genetic BLUEs from436

environment 1, Sne
from environment ne). This relationship matrix corresponds to437

the ”bdiag” matrix in figure 1. It is a matrix where there is no relationships between438
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genotypes belonging to different environments, but the relationships between geno-439

types are environment-specific, meaning that the relationship between two genotypes440

in one environment is different from the relationship between these two genotypes in441

another environment. If the dataset was sorted by environment, this yields a block442

diagonal matrix where each block diagonal element is the relationship matrix com-443

puted using data from one environment only (for example, the first block diagonal444

element would be equivalent to
S1S

t
1

nλ
). This method was used in Krause et al. (2019);445

Adak et al. (2023b); De Salvio et al. (2024).446

In M4, Kge = Zge
SSt

nλ
Zt
ge where S is defined as for M3. This corresponds to the ”full”447

matrix in figure 1. It is a dense matrix containing relationships between genotypes from448

the same environments and between genotypes belonging to different environments.449

As in model M3, relationships between genotypes in one environment are different450

from the relationships between the same genotypes in another environment, moreover,451

relationships between genotypes from different environments exist and are unique to452

each genotype-environment combination. If the dataset was sorted by environment,453

this would yield a matrix where block diagonal elements are the same as in model M3,454

but there would also be all off-block-diagonal values. This method was used in Krause455

et al. (2019); Lane et al. (2020).456

In M5, Kge = ZgKgZ
t
g ⊙ ZeKeZ

t
e, where Ke is a relationship matrix between envi-457

ronments (see next paragraph for the computation of Ke). This corresponds to the458

”envsim” matrix in figure 1. It is a matrix similar to the one used in M4, that is, a459

dense matrix where there are relationships between genotypes from the same envi-460

ronments and between genotypes belonging to different environments. Also, as in M4,461

relationships between genotypes in one environment are different from the relation-462

ships between the same genotypes in another environment, moreover, relationships463

between genotypes from different environments exist and are unique to each genotype-464

environment combination. If the dataset was sorted by environment, this would yield465
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a matrix similar to the one used in M4, but relationship values would be different.466

This was used in Aono and Chawade (2026); Montesinos-López et al. (2024).467

In Montesinos-López et al. (2024), Ke was computed using environmental variables,468

and in Aono and Chawade (2026), it is computed by doing a principal component anal-469

ysis (PCA) on phenomic data within each environment and calculating the Pearson470

correlation between the first components of each PCA. In this study, no environmen-471

tal data was available, so Ke was computed with the BLUPs from the environmental472

effects from models presented in in section 2.4. Let SE be the matrix containing the473

BLUPs of the environment effect for each wavelength (of dimension (ne × nλ)), then474

Ke =
(SE)(SE)t

nλ
.475

Methods M6 to M10 use the same relationship matrices for theG×E effect as M1 to476

M5 respectively, but they all use a different matrix for the G effect: Kg =
DgD

t
g

nλ
, where477

Dg is the matrix of genotypic BLUPs of wavelengths across environments obtained478

with models described in section 2.4. This corresponds to the matrix ”across” in figure479

1. This method was used in Galán et al. (2021); de Verdal et al. (2024).480

Method M11 is a methods that uses the genotypic BLUPs across environments481

to compute the G relationship matrix, and the G × E BLUPs only to compute the482

relationship matrix for the G × E effect. This was done to have a non redundant483

information between the Kg and Kge matrices. In this case, Kg is computed as in484

methods M6 to M10, but Kge =
DgeD

t
ge

nλ
, where Dge is the matrix of the G×E BLUPs485

of wavelengths obtained with models described in section 2.4. This mehod has never486

been used before to our knowledge. It will be called the ”decomposition” method487

later on as the goal is to decompose the genetic and G×E parts of the spectra more488

appropriately.489

Methods M12 to M14 do not include a G effect, as it can be found in Krause et al.490

(2019). This mean that only the Zeβe and Zgeuge terms were specified in the model.491

Models M12, M13, and M14 use the same methods for computing Kge as methods492
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M3, M4, and M11 respectively. Methods derived from M2 and M5 (or equally M7 and493

M10) could not be used here because they require the computation of a G effect.494

Finally, methods M15 to M18 combine marker information for the G effect and495

spectral information for the G × E effect using the same relationship matrices as for496

REF1-2 for the G effect and M8-11 for the G× E effect.497

2.7 Cross validation scenarios498

Three cross validation scenarios were implemented. The observed genotypes in499

observed environments scenario (oGoE) which corresponds to sparse testing, the new500

genotypes in observed environments scenario (nGoE) where all environments are501

represented in the training population and new genotypes are predicted in every envi-502

ronment, and the observed genotypes in new environment scenario (oGnE) where all503

genotypes are represented in the training set, and they are predicted in a new envi-504

ronment. For convenience, in all datasets, only the subset of all genotypes present in505

all environments was used.506

The training set size was calculated for each dataset as tsize = 0.7× ng × (nenv −507

nout) where ng is the number of genotypes in the global population available, nenv508

is the number of environments in the dataset, and nout is the number of environ-509

ments let out in the oGnE scenario. A too large training set size would not allow to510

have genotypes not represented in it, and would not allow to have repetitions of cross511

validation scenarios with different combination of genotypes in the training set. This512

formula ensures a training set size which is not too large and avoids these issues.513

For the rice dataset, ng = 183, nenv = 4 and nout = 1, so tsize = 384. For the514

maize dataset, ng = 143, nenv = 4 and nout = 1, so tsize = 300. For the triticale515

dataset, three populations are present, two doubled haploid populations (trit-dh1 and516

trit-dh2), and one diversity panel (trit-div). For this dataset, predictions were per-517

formed within populations. Moreover, for this dataset, traits were not phenotyped in518
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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}, c = mean value of the diagonal elements
of MM ′, Se = BLUEs of wavelengths for
environment e, S = (S1, ..., Sne

)t, ne = number
of environments, Dg = genotypic BLUPs of
wavelengths across environments, Dge = G× E

BLUPs of wavelengths, nλ = number of
wavelengths of Se, S, or D, ⊙ = Hadamard
product, Zg = design matrix for the G effect, Zge

design matrix for the (G× E) effect, Ze = design
matrix for the E effect, Kg = relationship matrix
used for the G effect, Kge = relationship matrix
used for the (G× E) effect, Ke = relationship
matrix used for the E effect, ”\” = no G or no
(G× E) effect in the model.

Kg Kge Method

MM ′

c

\ REF1

ZgKgZ
t
g ⊙ ZeZ

t
e REF2

1

ne

∑ne

e=1

SeS
t
e

nλ

\ M1

ZgKgZ
t
g ⊙ ZeZ

t
e M2

Zge
SSt

nλ
Zt

ge ⊙ ZeZ
t
e M3

Zge
SSt

nλ
Zt

ge M4

ZgKgZ
t
g ⊙ ZeKeZ

t
e M5

DgD
t
g

nλ

\ M6

ZgKgZ
t
g ⊙ ZeZ

t
e M7

Zge
SSt

nλ
Zt

ge ⊙ ZeZ
t
e M8

Zge
SSt

nλ
Zt

ge M9

ZgKgZ
t
g ⊙ ZeKeZ

t
e M10

DgD
t
g

nλ

DgeD
t
ge

nλ
M11

\
Zge

SSt

nλ
Zt

ge ⊙ ZeZ
t
e M12

Zge
SSt

nλ
Zt

ge M13

DgeD
t
ge

nλ
M14

MM ′

c

Zge
SSt

nλ
Zt

ge ⊙ ZeZ
t
e M15

Zge
SSt

nλ
Zt

ge M16

ZgKgZ
t
g ⊙ ZeKeZ

t
e M17

DgeD
t
ge

nλ
M18
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all environments, and the populations were not always characterized in the same envi-519

ronments. Thus, for trit-dh1, ng = 177, nenv = 5 and nout = 1 so tsize = 496. For520

trit-dh2, ng = 176, nenv = 5 and nout = 1 so tsize = 493. For trit-div, all traits and521

all genotypes were not phenotyped in the same number of environments. There were522

between 714 and 777 genotypes phenotyped in either seven or eight environments,523

and two environments were let out for the oGnE scenario. Thus tsize = 2495 for PH,524

tsize = 2720 for GW, tsize = 3150 for YIELD, and tsize = 3204 for PHENO.525

We did not implement the cross validation scenario where new genotypes are pre-526

dicted in new environments (nGnE), because this scenario poses difficulties. Indeed,527

for methods M1 to M5, one similarity matrix per environment has to be computed528

to then average them. This is possible only if spectra of all genotypes in all environ-529

ments are available. This is the case in all the tested scenarios but would not in a530

nGnE scenario where the matrix for the new environment to predict would not have531

any common genotypes with the matrices for the environments in the training set.532

Moreover, for all PP methods, this scenario would be possible only if check genotypes533

were present in all environments as the genotypic BLUEs or BLUPs of spectra must534

be estimated. Moreover, for M11, M14 and M18 this would be possible only if there535

were more than two environments in the testing sets (which is the case only for the536

triticale dataset) as G× E BLUPs have to be estimated.537

Furthermore, in oGoE, nGoE or oGnE scenarios, all genotypes in all environments538

are present in all folds, meaning that one estimation of BLUEs/BLUPs is needed for539

all folds. In the nGnE scenario, each fold has a different combination of unconnected540

genotypes and environments. This means that to mimic a real breeding situation,541

BLUEs/BLUPs would have to be re-estimated for each cross validation fold which542

would demand more time and computation power than available to us.543
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2.8 Comparing methods544

Methods were compared based on the Spearman correlation coefficients between the545

predicted values and the BLUEs estimated within each environment. Within each546

dataset/CV scenario/trait combination, a pairwise Wilcoxon rank test was performed547

to compare methods. A Bonferroni correction was applied on p-values to account for548

multiple testing, and the tests were paired to account for the fact that all methods549

were tested on the same cross validation folds. For the sake of comparing the present550

results to the ones presented in the articles from which the datasets originate, Pearson551

correlations were also computed.552

2.9 Software and packages553

All analyses were conducted on the R software (R Core Team 2025). Genetic value554

estimation models were computed using lme4 (Bates et al. 2015), prediction mod-555

els were computed using sommer (Covarrubias-Pazaran 2016), spectra pre-processing556

were performed using rchemo (Brandolini-Bunlon et al. 2023), graphics were produced557

using ggplot2 (Wickham 2016), and general data handling steps (i.e., data curation)558

were done using tidyverse (Wickham et al. 2019).559

3 Results560

3.1 Variance components of traits and spectra561

The data quality analysis and descriptive statistics of traits can be found in the articles562

from where the datasets originate. Still, we recomputed the variance components of563

traits in online resource 1. Genotypic variances are moderate to high in the triticale564

and rice datasets (from 8% to 81% of total phenotypic variance), and low in the565

maize dataset (from 7% to 13% of total phenotypic variance variance). Variances due566

to the interactions between genotypes and environments were generally low, ranging567
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from 0.8% to 9% of total phenotypic variances. Traits had different values of the ratio568

between the G × E variance and the genotypic variance ranging from 0.05 to 0.53.569

YIELD was the trait with the highest ratio in all datasets. Otherwise, the traits having570

the highest G×E variance or the highest/lowest G×E/G variance were not the same571

across datasets.572

Concerning spectra, their variance components are presented in online resource 2.573

In the maize dataset, spectra had the highest part of genetic variance, but low G×E574

variance compared to the genetic and environmental variances. In the rice dataset,575

most of the variance was unexplained by genetic or environmental factors and stayed576

in the residual. Specifically, the amount of G × E variance was close to zero in this577

dataset. Finally, the triticale dataset was the one with the highest part of variance due578

to G×E. The part of variance explained by genotypes was lower than that explained579

by G×E, but the most important part of variance in this dataset was environmental.580

3.2 General comparison between combination of reference581

methods (REF1 to M10)582

Comparisons between methods REF1, REF2, and M1 to M10 for CV scenarios oGoE,583

nGoE, and oGnE are available in figures 2, 3, and online resource 3 respectively. These584

methods use relationship matrices that were already used in the PP literature but585

represent all possible combinations of these different matrices. Results from the oGnE586

scenario were placed in supplementary material as they were very similar to results587

from the oGoE scenario.588

For the rice and maize datasets, for which genomic data were available, GP out-589

performed PP in most cases. The only exceptions were for GW in the maize dataset590

in which a PP model was the best performing in oGoE and nGoE scenarios.591

The results of PP show that the main driver of PA was the similarity matrix used592

in the G term. Indeed, the largest differences between methods were found between593

26



a bc c c dde dede e ee

a a b bb b b c cc cc

aaa bb ccd d dd

aaa aa b bb bb

abc de fgh hi

a a b bb bc cbc bcbc bcbc

ab ccdd dd e e eff f

aababbc c d d dd d

a a aa a b bb b b

a b c cd e ff ff

a a b bb bbc cc c c

a a bc c cc d d dd d

a ab abbcc d eeff ef

a abb b b c cdcd cd d

aa bab

c d ee fg

a ab bc cdde
f

de
f

de
fg

h eggh

ef
gh

ef
ghfh

ab c cdd cdcdee e e e
a

ab
cb c

bc
d

bc
d

de
f e ff

aab bb cc cc c

a bb cc def e ff

GW PH PHENO YIELD

m
aize

rice
trit−

dh1
trit−

dh2
trit−

div
R

E
F

1
R

E
F

2
M

1
M

2
M

3
M

4
M

5
M

6
M

7
M

8
M

9
M

10

R
E

F
1

R
E

F
2

M
1

M
2

M
3

M
4

M
5

M
6

M
7

M
8

M
9

M
10

R
E

F
1

R
E

F
2

M
1

M
2

M
3

M
4

M
5

M
6

M
7

M
8

M
9

M
10

R
E

F
1

R
E

F
2

M
1

M
2

M
3

M
4

M
5

M
6

M
7

M
8

M
9

M
10

−0.4

0.0

0.4

0.8

−0.4

0.0

0.4

0.8

−0.4

0.0

0.4

0.8

−0.4

0.0

0.4

0.8

−0.4

0.0

0.4

0.8

Method

P
re

di
ct

iv
e 

ab
ili

ty

Kg snp within across

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 BLUEs 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 group594

which all share the “across” G effect matrix. In the oGoE and oGnE scenarios, the595

”within” genetic matrix (methods M1-5) reached better PA than the ”across” genetic596

matrix (methods M6-10). On the contrary, for the nGoE scenario, the ”across” matrix597

reached better PA than the ”within” matrix.598

To compare the performances of each G × E matrix, the methods were compared599

by groups of methods sharing the same G effect matrix. In each group the reference600
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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×E effect (REF1, M1, and M6),601

to see how much each G× E matrix could improve the PA. Across dataset/trait/CV602

scenario combinations, the number of times each method had a PA significantly higher,603

lower, or not significantly different from the reference of the group was counted. More-604

over, in the cases when there were significant differences between methods, the number605

of times each method had the best predictive ability within its group was also counted606

(if multiple methods had the best PA and were not significantly different, they were607
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all granted a point). Results are summarized in table 3. Methods were compared on608

whether they had a high/low number of occurrences having the best PA, a high/low609

number of occurrences having PA higher, equal or lower than the reference method.610

For GP methods, models with and without a G×E effect performed similarly: REF2611

was significantly higher than REF1 five times, significantly lower five times, not dif-612

ferent 14 times, and had the best result six times while REF1 had the best results613

four times.614

In the M1-5 group, the worst performing method was M5 with the lowest number of615

best performances and the highest number occurrences where its PA were not different,616

or lower than M1. The best performing methods were M4 having the highest number617

of best performances and M2 having the highest number of PA higher than M1.618

For the M6-10 group, the worst performing method was M10 with the lowest number619

of best performances and the highest number of PA lower or not different from M6.620

The best method was M9 with the highest number of best performances, and of PA621

higher than M6. However, M9 also had the highest number of PA lower than M6.622

Significant differences are to be replaced in the context of PA gain/loss. Indeed,623

statistical tests did find significant differences between methods even when these dif-624

ferences were negligible, which is typically the case for PH in the rice dataset in the625

oGoE scenario for example. In the tested datasets, including a G × E matrix in pre-626

diction models, whether it was for GP or PP, had little impact on predictive abilities.627

Indeed, methods REF1, M1 and M6 had no G×E relationship matrix and often per-628

formed as well as methods REF2, M2-5, and M7-10 respectively even if significant629

differences were found.630

Looking back at figures 2, 3, and online resource 3, the two methods that stood out631

independently from the CV scenario were M4 and M9, except for PHENO and YIELD632

in the trit-div dataset for which results were variable across CV scenario and for633

which M3 and M8 also stood out to a lesser extent. M4 and M9 both use the same634
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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
REF1 4 (16.7%) \ \ \
REF2 6 (25%) 5 (20.8%) 14 (58.3%) 5 (20.8%)

M1

M1 10 (16.7%) \ \ \
M2 19 (31.7%) 26 (43.3%) 26 (43.3%) 8 (13.3%)
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

M6 14 (23.3%) \ \ \
M7 17 (28.3%) 14 (23.3%) 40 (66.7%) 6 (10%)
M8 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 × E matrix: Kge = Zge
SSt

nλ
Zt
ge where S contains the concatenation of all within635

environment BLUEs of spectra. This corresponds to the ”full” matrix in figure 1.636

3.3 Predictive abilities obtained for the decomposition method637

(M11) and methods with no main genetic effect (M12-M14)638

Online resource 4 shows the results of the ”decomposition” method M11 compared639

to methods M4 and M9 which were found to be the best options to include GxE640

effects in the predictive model. Online resource 5 shows the number of times M11 had641

significantly higher or significantly lower predictive abilities than both M4 and M9.642

Together, these results show that there were few differences between M11 and M4 or643

M9. More specifically, M11 and M9 behaved similarly as they share the same G effect644
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matrix. The only cases where M11 really outperformed M4 and M9 was for GW in645

the maize dataset where it had slightly higher PA.646

Online resource 6 shows the results of methods without a G effect, M12 to M14647

compared to M4 and M9. Online resource 5 shows the number of times each method648

had significantly higher or lower PA than both M4 and M9. These methods consistently649

produced lower PA than references methods. Not including a G effect in models led650

to poor performances.651

3.4 Methods combining genomic and phenomic information to652

compute the G and G × E matrices653

Results of methods M15 to M18 combining genomic information in the G effect, and654

phenomic information in the G×E effect are shown in figure 4. Only the rice and the655

maize datasets had available genotyping data. Online resource 7 shows the number656

of times each method had significantly higher, not different or lower PA than REF2,657

and the number of times each method had the best predictive ability when significant658

differences existed (if multiple methods had the best PA and were not significantly659

different, they were all granted a point). Looking only at Online resource 7, M17 was660

the best method as it had the highest number of best performances, and the highest661

number of times having significantly higher PA than REF2, and lowest numbers of662

times having a significantly lower or not significant PA than REF2. Nevertheless, as663

for previous results, many significant differences were found while the difference in664

PA between methods seemed negligible. Looking at figure 4, M15, M16 and M18 did665

substantially outperform REF2 for GW in the maize dataset in all CV scenarios,666

except M15 for the oGnE scenario. Likewise, methods M16 and M18 also outperformed667

REF2 for YIELD in the maize dataset in all CV scenarios, and M17 outperformed668

REF2 for PHENO and YIELD in the rice dataset in the oGoE and oGnE scenarios.669
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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 datasets670

Finally, our results can be compared to the ones previously obtained (Lane et al. 2020;671

De Salvio et al. 2024; de Verdal et al. 2024) except for the study of Zhu et al. (2022)672

for which models with G × E were not implemented. For the maize dataset, Lane673

et al. (2020) implemented models corresponding to M4 in oGoE, M4 in oGnE, M1 in674

nGoE (called M1 in CV2, M1 in CV0, and M3 in CV1 respectively in their study),675

to predict YIELD and used Pearson correlations to evaluate their performances. For676

equivalent models and correlation calculation methods (results not shown), our PA677

were in comparable ranges.678

For the same dataset, De Salvio et al. (2024) used models that have no equivalent679

in our study and used a comparison metric taking the number of individuals in the680

testing set into account. Using the same metric as theirs, their models outperformed681
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ours. They also reported better PA for models combining genomic and phenomic682

information, as was the case in the present study.683

For the rice dataset, de Verdal et al. (2024) used models which correspond to meth-684

ods REF1 and M6, and to methods REF2 and M7 (called MM and MDs respectively685

in their study). They also implemented models combining genomic and phenomic686

information that are not comparable to ours as they used the genomic and phenomic687

information to predict both the G and GxE matrices. Although their cross-validation688

schemes were very different, our PA are in comparable ranges. More variability was689

found between models with or without a G× E term in de Verdal et al. (2024) than690

in our study, even though the reported differences were low. They also reported low691

differences between genomic-only, phenomic-only, and models combining genomic and692

phenomic information which was not the case in our study.693

4 Discussion694

In this study, we tested existing methods to compute relationship matrices based on695

phenomic information for the prediction of G × E interactions. A total of 20 meth-696

ods were tested: two reference genomic prediction models, 10 combinations of different697

phenomic relationship matrices for the G and G×E terms, one new method intended698

to better isolate the genetic and G×E information in their respective phenomic rela-699

tionship matrices, three methods omitting the G effect, and four methods combining700

genomic information for the G effect and phenomic information for the G× E effect.701

This benchmark was done on three datasets from the PP literature (Zhu et al. 2022;702

Lane et al. 2020; De Salvio et al. 2024; de Verdal et al. 2024) for which phenotypes and703

NIRS acquisition were available for all genotypes in all environments. PA reported in704

our study were generally in the same range as PA reported in the original articles for705

equivalent models and PA computation methods.706

In our results, GP generally outperformed PP. Differences between models including707
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a G × E effect and models with only a G effect were small, and the main driver of708

PA was the matrix used in the G effect. Depending on the cross-validation scenario,709

different G effect matrices had the best PA, and the best G×E matrix was generally710

a dense matrix with environment specific relationship between genotypes, within and711

across environments.712

4.1 Which relationship matrices should be used for phenomic713

prediction in a multi-environment context714

Concerning the phenomic relationship matrix to be used for the G effect, results were715

clear: when predicting already observed genotypes in a new environment (oGnE), or in716

a sparse testing context (oGoE), using the ”within” matrix (mean of all environment717

specific matrices, 1
ne

∑ne

e=1
SeS

t
e

nλ
) produced better results. Conversely, when predicting718

new genotypes in known environments (nGoE), using the ”across” matrix computed719

using across environments BLUPs of spectra produced better results (
DgD

t
g

nλ
). As the720

G effect matrix was the main driver of predictive abilities, we can conclude that the721

choice of this matrix is important and should be made according to the prediction722

scenario.723

Concerning the phenomic relationship matrix to be used for the G × E effect in724

phenomic-only models, results were less clear. However, in the cases where differ-725

ences between methods were obvious, one matrix did stand out: the ”full” matrix726

(Zge
SSt

nλ
Zt
ge). This is a dense matrix where two genotypes in one environment will have727

a different relationship from the two same genotypes in another environment, and two728

genotypes from different environments will have a relationship value too. However, dif-729

ferences between methods with or without G×E effects were generally small even for730

reference methods. This may underline some limitations of the datasets used in this731

study. Thus, this claim is not strongly supported by results and should be confirmed732

in further studies.733
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4.2 Combining genomic and phenomic information in734

prediction models can increase PA735

Considering overall performances of all methods, the best PA were produced by736

methods using genomic information to compute the G effect matrix, and phenomic737

information to compute the G×E matrix. Phenomic information can be a complemen-738

tary source of information to genomic information and help predict G×E interactions739

in some cases where genomic information alone fails to do so. It is noticeable that the740

phenomic G×E matrices that complement marker data the best were not necessarily741

the ones that performed best in phenomic only models. In particular, the ”decompo-742

sition” (
DgeD

t
ge

nλ
) and the ”envsim” (ZgKgZ

t
g ⊙ZeKeZ

t
e) matrices reached the highest743

PA in more cases than in phenomic only models, in which they did not increase PA744

most of the time.745

In previous PP studies, many models combining phenomic and genomic information746

were tested, but they were not fairly comparable to ours as they did not use genomic747

information to predict only the G effect and phenomic only to predict the G × E748

effect (Adak et al. 2023b; Jackson et al. 2023; Klein et al. 2026; Togninalli et al.749

2023; Adak et al. 2024; Cuevas et al. 2019). Among these studies, only Togninalli750

et al. (2023); Klein et al. (2026) found substantial improvement in PA with mod-751

els combining genomic and phenomic information. Krause et al. (2019) used models752

combining phenomic and genomic information in that same way that we did in our753

study. They also found that predicting the G effect with genomic information and the754

G × E effect with phenomic information generally had better PA than genomic-only755

or phenomic-only models.756
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4.3 Little effect of G × E term in phenomic-only prediction757

models758

One major trend in our results is that in most cases, adding a G×E term in models759

did not improve predictive ability compared to models without a G × E term. Few760

studies have tested models with or without a G×E term in equivalent cross-validation761

scenarios. (Robert et al. 2022) found that adding a G × E term to the model did762

improve PA over models without G×E term, and (Cuevas et al. 2019; de Verdal et al.763

2024) that multi environment models had better PA than single environment models.764

One hypothesis that could explain these results is the absence/low impact of a765

G×E effect on phenotypic records and spectra. Considering the rice dataset, de Verdal766

et al. (2024) showed that within environment BLUEs of the different traits were highly767

correlated to one another except for yield. In addition, the variance explained by inter-768

actions between genotypic and environmental factors (year and nitrogen treatment)769

was generally small compared to the main genetic variance except for yield. These770

results are in accordance with our own estimation of variance components (online771

resource 1). However, even if PA of YIELD for this dataset did seem to exhibit slightly772

more variation between methods, they did not behave much differently from PA of773

other traits for this same dataset.774

Considering the triticale dataset, Zhu et al. (2022) reported a substantial G×E vari-775

ance compared to the G variance in spectra. Our estimations of variance components776

for spectra are in accordance with this result. Our estimations of variance components777

for the different traits showed generally higher ratios between the G×E variance and778

the G variance than for the other two datasets. Accordingly, the PA from the diver-779

sity panel of this dataset (trit-div) were more variable across methods than for other780

datasets even though differences between methods remained low. To a lesser extent,781

this also holds for the two double haploid populations.782
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Considering the maize dataset, De Salvio et al. (2024) reported that traits and spec-783

tra displayed small variances of interaction between genotypes and environment. In784

our estimations, the two traits that had the highest ratio between the G × E and G785

variance were YIELD and GW, which were the two traits with the most differences786

between methods in this dataset. Spectra also displayed little G × E variance in our787

estimations.788

Finally, online resource 8 shows the correlation between BLUEs estimated in differ-789

ent environments for each dataset. Correlations can be as low as 0.17 in the triticale790

dataset, and, as expected they are generally lower for traits with a high ratio between791

G × E and G variance. Altogether, these results show that a slight link between the792

ratio of G×E and G variances, the correlation between BLUEs estimated in different793

environments, and the differences of performance between methods, seems to exist.794

However, attempts to statistically demonstrate this link failed (results not shown)795

probably due to the high variability of responses between datasets, traits, and cross796

validation models. Thus, it means that the tested methods were generally not able to797

correctly predict the environment specific response of genotypes in the tested datasets.798

However, despite having small amounts of G × E variance in spectra, models using799

genomic information for the G effect and spectra for the G × E effect had the best800

PA overall. This indicates that spectra could help improve PA of GP models and that801

they do contain information that is complementary to pure additive genetic signal.802

It would be interesting to test these methods on datasets with larger G×E variances803

in phenotypic traits. Indeed, in the literature larger levels of GxE have been reported804

in several studies. For example, on a wheat dataset, Lado et al. (2016) found a G×E805

variance of 15.5 % of the total phenotypic and a ratio of 2.7 between the G×E vari-806

ance and the main genetic variance. Likewise, on a rice dataset, Rebollo et al. (2023)807

found a G × E variance of 12.84 % and a ratio of 8.56. However, such datasets do808

not contain phenomic data, and we are not aware of any available dataset containing809
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phenomic data and this amount of G× E variance in phenotypic data. It would also810

be interesting to compare methods on simulated data with different known levels of811

G × E variance. This may be possible thanks to recent frameworks designed to sim-812

ulate such phenotypic data (Bančič et al. 2024), or to simulate artificial NIR spectra813

(Beć and Huck 2019).814

Another hypothesis that could explain the few differences between models includ-815

ing or not a G × E effect is that the G effect matrix and the G × E matrix contain816

redundant information, and the addition of a G×E matrix does not really add useful817

information to predict environment specific BLUEs. For GP this is likely as markers818

are not environment specific and the G× E relationship matrix is a repetition of the819

G effect matrix on block diagonal elements of a larger matrix.820

In PP, two elements can corroborate this hypothesis. The first element is that mod-821

els combining genomic information for the G effect and phenomic information for the822

G × E effect had the best performances overall. These models use different sources823

of information for the two effects, which are likely non-redundant. The second ele-824

ment is that the “full” matrix stood out in phenomic-only models. More specifically,825

in cases where significant differences between models occurred, models using the “full”826

matrix had better performances than models using block diagonal matrices (“bdiag”827

and “rep-bdiag”). These matrices are by construction redundant with the G effect828

matrix as they re-use the G effect matrix directly (“rep-bdiag”) or are composed of829

intermediate environment specific relationship matrices that are used to compute the830

G effect matrix (“bdiag”). Moreover, computing block diagonal matrices means that831

genotypes from different environments are assumed to be independent (the covariances832

in off-block-diagonal elements is 0). Thus, it does not consider the fact that G × E833

interactions can make genotypes more or less related in different environments and834

the fact that genotypes in similar environments will be more related than genotypes835
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in environments that differ. This seems ill-advised in the context of PP in which phe-836

nomic records theoretically contain environment specific information that can be used837

to retrieve relationships between genotypes across environments. The “full” matrix,838

although its block diagonal elements are equal to the ones of the “bdiag” matrix,839

assumes that genotypes covary across environments and adds information that is not840

present in the G effect matrix.841

However, the “envsim” and “decomp” matrices are also dense and assume relationships842

between genotypes across environments, but models including them did not outper-843

form models using block diagonal matrices. This is especially disappointing concerning844

the “decomp” matrix and model M11 which was supposed to properly split the G and845

G×E information into their respective matrices. In the “envsim” matrix, environmen-846

tal BLUPs are used to compute an environmental relationship matrix which is then847

used in the G × E matrix computation. For model M11, genotypic BLUPs are used848

to compute the G effect matrix, and G × E BLUPs are used to compute the G × E849

matrix. Thus, it is possible that BLUPs estimation models were unable to correctly850

estimate, extract, and differentiate the G, E, and G× E information in wavelengths.851

Indeed, wavelengths can be noisy and very correlated to each other, and it could be852

interesting to use meaningful subsets of wavelengths such as principal components to853

extract genetic and environmental information from spectra. It also could be interest-854

ing to explore matrix orthogonalization methods (Roger and Boulet 2018) to construct855

G and G× E matrices that have no collinearity.856

Finally, even for the “full” matrix or models combining genomic and phenomic infor-857

mation, most improvements in PA compared to other methods were modest. This858

could be due to a sub-optimal way of computing matrices that inaccurately represents859

relationships between genotypes within or across environments. For example, Cuevas860

et al. (2019) showed that using a Gaussian or a nonlinear arc-cosine kernel instead of861

the classic relationship matrix could improve PP results.862
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It is also noticeable that cases where differences between models were observed863

correspond in most cases to the YIELD and GW traits. Although YIELD had the864

highest G × E variance in all datasets, GW had variable G × E variances across865

datasets. Moreover, spectra were collected on grain material in all datasets. Thus, it866

is possible that the tissue of NIRS acquisition played a role in the results as the traits867

that exhibited the most variance between methods were related to grains. NIRS of868

grain may contain G×E information that is most useful to predict G×E interactions869

happening during the reproductive stage but not the vegetative stage which is a main870

driver of the variability observed for PH and PHENO. It is also likely that the stage of871

NIRS acquisition makes a difference on the information contained in spectra and that872

this information could be useful to predictG×E interactions for a specific trait. Indeed,873

some studies showed that different pieces of information can be captured by multi-874

spectral sensors mounted on UAV/ UGV at different dates, through correlation of875

vegetation indices throughout a growing season (Washburn et al. 2024), or by modeling876

the effect of the flight dates on vegetation indices (Adak et al. 2023a). Some studies877

also showed that different dates of acquisition achieved different predictive abilities878

(Adak et al. 2022; Washburn et al. 2024; Kaushal et al. 2024; Sleper et al. 2025; Shafiee879

et al. 2024) and that combining data from different acquisition dates can marginally880

improve prediction results compared to single time point acquisitions (Washburn et al.881

2024).882

5 Conclusion and perspectives883

In this study, we exhaustively tested different relationship matrices for modeling the884

G and G × E effects in phenomic prediction models. In our results, adding a G × E885

matrix generally had a very low impact on prediction results compared to models886

without a G × E term. This is likely due to a high redundancy in the information887

carried by the G and G × E matrices and to the low amounts of G × E variance in888
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traits of the tested datasets. Still, we showed that having complementary sources of889

information to compute the G and G×E matrices was beneficial as models combining890

genomic information for the genetic effect and phenomic information for the G ×891

E effect had the highest predictive abilities. We also showed that the best G effect892

relationship matrix was dependent on the cross-validation scenario. Finally, we showed893

that the best phenomic derived G× E matrix was generally a dense matrix in which894

relationships between genotypes are environment specific, and relationships between895

genotypes in different environments exist. It would be interesting to make such analyses896

on datasets in which traits and spectra have more G×E variance than the ones of this897

study, or on simulated data with different known levels of G× E variance in traits.898
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