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support food and feed value chains. Genomic prediction (GP) has been a major step in

Assigned to Associate Editor Jessica increasing their efficiency and recently, phenomic prediction (PP) has gained atten-

Rutkoski. tion as a promising complementary approach to GP, potentially further increasing

Hugues de Verdal, Dav_ld POt’_ a,nd ineent this efficiency. Factors impacting PP are not fully clarified. Thus, we studied the
Segura should be considered joint senior

authors. impacts of spectra preprocessing, prediction methods, population structure, train-

ing set size, near infrared reflectance spectroscopy (NIRS) acquisition environment,
Funding information d 1 th selecti 1 Iti tal h lati e ol
Generation Challenge Programme, and wavelength selection on a large multi-parental sorghum population including
Grant/Award Numbers: G7010.05.01, 2498 BC1F3:5 families from 29 crosses with a strong population structure. Using

G7010.05.02 51,545 single nucleotide polymorphisms and 1154 NIRS features, we show that PP
can reach predictive abilities (PAs) similar to GP, that it is less affected by popula-

tion structure, and can reach its maximal PA with smaller training sets than GP, but

its performances are trait dependent. We also show that NIRS can be acquired in a

Abbreviations: BCNAM, back cross nested association mapping; BLUESs, best linear unbiased estimators; BLUP, best linear unbiased prediction; CV, cross
validation; DER2, second derivative; DT, detrend; FLAG, flag leaf appearance; GP, genomic prediction; NIN, number of internodes; NIRS, near infrared
reflectance spectroscopy; PA, predictive ability; PAN, panicle length; PCA, principal component analysis; PED, peduncle length; PH, plant height; PP,
phenomic prediction; QTL, quantitative trait loci; SNP, single nucleotide polymorphism; STEM, stem length.

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in any medium, provided
the original work is properly cited, the use is non-commercial and no modifications or adaptations are made.
© 2025 The Author(s). The Plant Phenome Journal published by Wiley Periodicals LLC on behalf of American Society of Agronomy and Crop Science Society of America.

The Plant Phenome J. 2025;8:¢70051. wileyonlinelibrary.com/journal/ppj2 1 of 22
https://doi.org/10.1002/ppj2.70051


https://orcid.org/0009-0004-9234-6216
https://orcid.org/0000-0002-5571-1841
https://orcid.org/0009-0009-3462-7673
https://orcid.org/0000-0002-9776-8408
https://orcid.org/0000-0002-9812-0187
https://orcid.org/0000-0001-7555-7733
https://orcid.org/0009-0001-7984-9028
https://orcid.org/0000-0003-1249-3706
https://orcid.org/0000-0001-7070-7691
https://orcid.org/0000-0002-5679-3877
https://orcid.org/0000-0002-5258-1279
https://orcid.org/0000-0003-1860-2256
https://orcid.org/0000-0001-6144-8448
https://orcid.org/0000-0002-1923-8575
mailto:hugues.de_verdal@cirad.fr
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://wileyonlinelibrary.com/journal/ppj2
https://doi.org/10.1002/ppj2.70051
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fppj2.70051&domain=pdf&date_stamp=2025-11-19

20f22 The Plant Phenome Journal .

BIENVENU ET AL.

reference environment to perform prediction in other environments and that it is pos-
sible to randomly select wavelengths to perform predictions. Finally, we show that
spectra preprocessing and statistical methods have an inconsistent impact on PA. Our
study confirms that PP is a relevant trait prediction method that deserves attention
to optimize breeding schemes. The main challenges for the future will be to better
understand the information contained in the spectra and disentangle their genetic and

proxy components to optimize the use of PP in breeding programs.

Plain Language Summary

Plants grown by farmers are the result of a breeding process. Efficient plant breeding
requires the estimation of breeding values retrieved by statistical models and genetic
data. Phenomic prediction refers to the use of these models with a new type of data:
infrared spectrum, which is easier to collect and less expensive than genetic data.
We found that using infrared spectrum allows breeding value estimations sometimes
as good as with genetic data, and that it may lead to more robust statistical models.
However, phenomic prediction performance is variable and depends on many factors
that are not fully understood. Our work is the first of this kind on sorghum, which is

a staple crop in West Africa. Sorghum could benefit a lot from phenomic prediction

1 | INTRODUCTION

Plant breeding plays a key role in food and feed produc-
tion, by allowing the development of varieties adapted to
the needs and stakes of the value chain stakeholders. Thus,
improving breeding programs’ efficiency is crucial to guaran-
tee food security especially in the context of climate change
(Tester & Langridge, 2010). By referring to the breeder’s
equation (Ag = @; Lush, 1937), a breeding program can
be improved by increasing selection intensity (i), better esti-
mating breeding values (r), screening more diversity (o 4), or
reducing the time and cost of field experiments (L).

Genomic prediction (GP) was conceptualized in the late
1990s and is a method to estimate breeding values using only
molecular markers, thus reducing the need for expensive field
experiments once a predictive model is set (Meuwissen et al.,
2001). It has been routinely implemented in a wide range of
species to better estimate breeding values and increase selec-
tion intensities. Through its two decades of existence, GP has
been tested in a variety of contexts, and some key factors
impacting its reliability have been studied: genotyping den-
sity, genetic architecture of the predicted trait, training set size,
relatedness between training and validation sets, statistical
methods and modeling, and the importance of genotype-by-
environment (G X E) interactions (Lado et al., 2016; Lorenz
etal., 2011).

as breeding programs in the south often have limited financial means.

Recently, Rincent et al. (2018) suggested an innovative
approach called phenomic prediction (PP) to further reduce
the costs of breeding values estimations. PP globally mim-
ics GP but uses near infrared reflectance spectroscopy (NIRS)
wavelengths of plant tissues or canopies as predictors instead
of molecular markers. PP is low cost, high throughput, non-
destructive and often ready to be implemented in breeding
programs that already gather infrared spectroscopy data for
other uses. Considering a broad definition of PP, the technique
has been implemented in mainly three forms: (i) with tissue or
plant organ based spectra using a wide range of wavelengths,
(ii) with canopy based spectral measurements often done with
unmanned aerial vehicles carrying multispectral or hyper-
spectral cameras covering a narrower range of wavelengths in
the visible and near infrared, and (iii) with vegetation indices
(VI) also based on canopy measurement but with spectra pre-
processing to calculate VIs that play the role of the predictor.
Factors impacting these three approaches can differ and this
study focuses on definition (i), which corresponds to PP as
defined by Rincent et al. (2018).

PPs have been reported on a wide range of plant species,
including annual crops such as wheat (Dallinger et al., 2023),
maize (Adak et al., 2022), soybean (Zhu et al., 2021), rye
(Galan et al., 2020), triticale (Zhu et al., 2022), mungbean
(Fumia, Nair, et al., 2023), rapeseed (Roscher-Ehrig et al.,
2024), potato (Maggiorelli et al., 2024), pepper (Fumia,
Kantar, et al., 2023), and rice (de Verdal et al., 2024), as

35UBD | SUOWILLOD BAIIRID 3|qedt|dde ay Aq pausenob afe sapiiie YO ‘asn Jo Sa|n. o) Aklq1auluQ A3]1AA UO (SUONIPUOD-PUR-SWLIBIALI0D A3 | 1M AReIq 1 U 1 UO//SANY) SUORIPUOD pUe SWI | 3Y) 39S *[9202/20/20] U0 ARiqiauliuo A8|IM ‘'sa1doi) puy WSS Joyaimisu| yoseasay sdoi) feuoireuliu| Aq TS00.'2[dd/z00T 0T/10p/wiod A8 | 1m:Aeiq 1 puluo'ssasde//sdny Wolj papeo|umod 'T ‘S20Z ‘€0.28.52



BIENVENU ET AL.

well as perennials such as alfalfa (Feng et al., 2020), sugar
cane (Gongalves et al., 2020), coffee (Adunola et al., 2024),
grapevine (Brault et al., 2022), and even forest trees such as
poplar (Rincent et al., 2018), slash pine (Li et al., 2023), and
eucalyptus (Mora-Poblete et al., 2024). PPs have also recently
been reported for dairy sheep (Machefert et al., 2024).

Some key factors impacting GP reliability can also impact
PP and some of those factors have also been studied for PP
but less extensively (training set size [Dallinger et al., 2023;
Zhuetal.,2021,2022], population structure [Laurencon et al.,
2024; Roscher-Ehrig et al., 2024; Weil} et al., 2022; Zhu
et al., 2021, 2022], statistical method [Brault et al., 2022;
Cuevas et al., 2019; Meyenberg et al., 2024; Mora-Poblete
et al., 2024; Roscher-Ehrig et al., 2024; Zhu et al., 2021], and
genetic architecture of the trait [Robert, Auzanneau, et al.,
2022; Roscher-Ehrig et al., 2024; Zhu et al., 2022]). More-
over, some factors specific to PP exist and have already been
studied, namely, spectra preprocessing (Brault et al., 2022;
Cuevas et al., 2019; Meyenberg et al., 2024) and number of
wavelengths used (DeSalvio et al., 2024; Zhu et al., 2021).
In addition, contrary to genotyping data, which are fixed
across environments for a given genotype, NIRS data cap-
ture environmental information. Thus, environment of NIRS
acquisition (including phenological stage, tissue, and environ-
mental context among others) and environmental relatedness
between training and test sets may also impact the reliabil-
ity of PP and have also been studied (Mora-Poblete et al.,
2024; Rincent et al., 2018; Robert, Goudemand, et al., 2022;
Roscher-Ehrig et al., 2024; Zhu et al., 2021, 2022). As spectra
contain genetic and environmental information, it should be
advantageous to replicate measurements and better isolate the
genetic part while also taking advantage of G X E information.

Overall, it has been found that PP can perform similarly
to GP in many different species (Adunola et al., 2024; Brault
etal.,2022; Dallinger et al., 2023; Rincent et al., 2018; Robert,
Auzanneau, et al., 2022; Robert, Goudemand, et al., 2022;
Roscher-Ehrig et al., 2024; Thapa et al., 2024; Weil} et al.,
2022; Zhu et al., 2021, 2022) and that statistical methods do
not seem to impact PP predictive abilities (PAs) (Roscher-
Ehrig et al., 2024; Zhu et al., 2021), but nonlinear methods
and deep learning algorithms may provide some improve-
ment over more classical linear models (Cuevas et al., 2019;
Mora-Poblete et al., 2024). PP is also less sensitive than GP to
population structure (Laurencon et al., 2024; Roscher-Ehrig
et al., 2024; WeiB et al., 2022; Zhu et al., 2021, 2022), and it
requires fewer genotypes in the training population to reach
its maximal PA (Dallinger et al., 2023; Zhu et al., 2021,
2022). The quantitative nature of the trait (high/low num-
ber of QTL [quantitative trait loci]) seems to affect PP PA,
with better performance for complex traits such as yield com-
pared to GP (Roscher-Ehrig et al., 2024; Zhu et al., 2022).
It also seems that selecting wavelength based on least abso-
lute shrinkage and selection operator (LASSO) weights or
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Core Ideas

* Phenomic prediction works on sorghum but is
highly trait dependent.

* Phenomic prediction is less affected than genomic
prediction by training set size and population
structure.

* Near infrared reflectance spectroscopy (NIRS)
data can be acquired in a reference environ-
ment to predict genotypes phenotyped in another
environment.

* A dozen of randomly selected wavelengths can be
sufficient to reach the same predictive abilities as
the full spectra in certain traits.

* It is likely that spectral information is poorly used
by geneticists’ models.

partial least square regression (PLSR) loadings can greatly
reduce the number of wavelengths needed with little impact
on PA (DeSalvioetal., 2024; Zhu et al., 2021). One hypothesis
to explain these performances of PP is that each wavelength
would capture the effects of many genes at the same time (Zhu
et al., 2021). Thus, one wavelength would be more informa-
tive than one single nucleotide polymorphism (SNP), which
is likely due to their quantitative information as opposed to
the binary information of SNPs. From this statement, it seems
possible that PP can perform as high as GP with only a few
dozen of wavelengths as they already cover a large part of
the genome (Zhu et al., 2021). It is also coherent with the
fact that PP can outperform GP on complex traits but not on
Mendelian traits. Indeed, by capturing the effects of many
genes at the same time, wavelengths can also capture non
additive information such as epistasis or G X E interaction. As
mono/oligogenic traits are driven by a few QTL with strong
additive effects explaining a large part of the phenotypic vari-
ance, PP could differentiate lines differing at few loci only if
they directly affect a wavelength of the spectrum. On the other
hand, traits less dependent on additive effects could be better
predicted by PP (Zhu et al., 2022). Finally, this hypothesis can
also explain the need for smaller training sets, as more infor-
mation is carried by each spectrum, less spectra are required
to train a model (Zhu et al., 2022).

More specifically to PP, NIRS environment acquisition has
an impact on PA, with a drop of performance when spectra
of the training and validation sets are not from the same envi-
ronment (Zhu et al., 2021), likely due to the environmental,
G x E, and endophenotype-like information in the spectra.
Combining spectra from different environments, or tissue may
improve prediction abilities (Rincent et al., 2018; Robert,
Auzanneau, et al., 2022; Robert, Goudemand, et al., 2022)
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maybe because different tissues/environment of acquisition
have different gene expression profiles and can complement
each other’s missing genetic information. It has also been
shown that having spectra in a reference environment to
predict genotypes’ performances in other environments is
feasible (Brault et al., 2022; Rincent et al., 2018; Roscher-
Ehrig et al., 2024; Zhu et al., 2021, 2022) which supports
the hypothesis that NIRS can capture genetic information
and relatedness between genotypes. Lastly, PP and GP have
been tested in many scenarios relevant for breeding programs.
PP yielded its best results for sparse testing, poorest results
for predicting unknown genotypes in unknown environments
and intermediate and contrasted results across studies for
unknown genotypes in known environments and known geno-
types in unknown environments (Adak et al., 2022; Adunola
et al., 2024; DeSalvio et al., 2024; Lane et al., 2020; Robert,
Goudemand, et al., 2022).

Sorghum (Sorghum bicolor) is the fifth most important
cereal in the world after corn, wheat, rice, and barley with
a total production of 57 million metric tons produced in 2022.
Africais the biggest producer accounting for 51% of the world
production (FAOSTAT, 2024). It is a very versatile crop as
its use include food (raw and processed), cattle feed (grain
and fodder), and energy production (as a bioethanol source,
mostly in the United States) and even phytoremediation of
cadmium-contaminated soils (Liu et al., 2020). Moreover, its
tolerance to drought, low input levels, or salinity makes it a
very interesting crop to cope with climate change (Hossain
et al., 2022). Despite being an important crop, PP has not
been investigated much on this species, which could benefit
a lot from low-cost breeding tools as sorghum is mainly pro-
duced in developing countries. Pioneer work on this species
have been initiated by Galli et al. (2020) who tested PP on
sorghum using drone imagery and VI as predictors of yield
and anthracnose sensitivity, studying the impacts of combin-
ing different VI, different flight dates, and comparing results
of neural network and PLSR models.

The present study was conducted on a large (multi parental)
sorghum back cross nested association mapping (BCNAM)
population (Garin et al., 2024) from which a subset of
two recurrent parents and 22 donor parents grown dur-
ing 2 years in four environments was considered. The
strong genetic structure of the population, and the several
environments in which it was phenotyped make it partic-
ularly suited to study the impact of population structure
and NIRS environment acquisition on PP PA. Moreover,
multi parental populations are relevant for breeding pro-
grams but have not been frequently used in PP studies. In
this context, we investigated the potential of PP for sorghum
breeding by studying the factors impacting PP: training set
size, population structure, NIRS acquisition environment,
wavelength selection, spectra preprocessing, and statistical
method.

BIENVENU ET AL.

2 | MATERIALS AND METHODS

The plant material and phenotypic and genomic data acqui-
sition were described in Garin et al. (2024). We briefly
recall those points in the following sections. Thus, “Sec-
tion 2.1,” “Section 2.2,” and “Section 2.3” are taken from
Garin et al. (2024) with adaptations to fit the analysis made in
this study. The general framework of the study is schematized
in Figure 1.

2.1 | Plant material

The West and Central Africa Back Cross Nested Associa-
tion Mapping population is composed of three populations
obtained by crossing three elite recurrent parents to 24 donor
parents, backcrossing their F; hybrids to obtain BC; families
which were then selfed for three generations to obtain BC|F,
genotypes. All data were acquired on BC,F;., generations.
NIRS data were acquired in only two of these populations,
which were retained in this study: Grinkan (GR) and Kenin-
Keni (KK). The recurrent parents are elite lines selected
in Mali through farmer variety testing. GR was developed
through pedigree breeding methods. KK was derived from a
recurrent selection population involving local parents of dif-
ferent botanical types (Leroy et al., 2014). These two recurrent
parents were chosen for their productivity, their adaptation
to soil and climate, and their resistance to major biotic and
abiotic stresses, but they have poor grain quality and mold
susceptibility (GR), and low yield and yield stability (KK).
The 24 donor parents cover diverse racial (Guinea, Caudatum,
and Durra [Harlan & de Wet, 1972]) and geographical ori-
gins. They are characterized by key adaptive traits like height,
maturity, and photoperiod sensitivity. Those parents were also
selected for traits like tolerance to Striga hermonthica, soil
phosphorus deficiency and/or drought, and good grain quality
that could increase farmer acceptance (see Garin et al., 2024,
tab. 1).

2.2 | Phenotypic data

Genotypes were phenotyped during 2 years (2012 and 2013)
in Mali at two sites: Sotuba (12.65 lat.; —7.93 long.) and Cin-
zana (13.25 lat.; —5.96 long.) with two sowing dates (Sowing
1: end of June, Sowing 2: 3—4 weeks later) for a total of four
environments per year. In each environment, the genotypes
were laid out as an augmented block design using the recur-
rent parents as checks. Each unit plot consisted in a line of 10
plants spaced by 0.4 m, and lines (unit plots) were separated
by 0.75 m. Because of logistic constraints, all crosses could
not be grown in one season. Therefore, some of them were
grown in 2012 and others in 2013, each year containing both
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FIGURE 1 Schematic representation of the data, the cross-validation scenarios, and the factors studied. DP, donor parent; GR, Grinkan; KK,
Kenin Keni.

KK and GR subpopulations (only donor parents were differ-
ent across years). For each year, only genotypes present in all
four environments were kept. In 2012, 1821 BC, F;. 5 families
derived from 18 crosses were kept (GR: 13 crosses and 1403
families, KK: five crosses and 418 families), while in 2013,
783 BC,F;.5 families derived from 14 crosses were kept (GR:
eight crosses and 528 families, KK: six crosses and 255 fami-
lies). In total, 2498 families from 29 crosses were considered
across years (GR: 1848 families, 19 crosses; KK: 650 families,
10 crosses) and only 106 families belonging to three crosses
were common to the 2 years.

Seven traits were manually measured: flag leaf appearance
(FLAG; CO_324:0000631) as the number of days after sow-
ing when half of the plot had their ligulated flag leaves visible,
peduncle length (PED; CO_324:0000622) as the distance in
cm between the final node and the panicle bottom, panicle
length (PAN; CO_324:0000620) as the distance in cm from
the end of the peduncle to the panicle top, stem length (STEM;
C0_324:0000627) as the distance in cm from the soil to the
top of the stem, plant height (PH; CO_324:0000623) as the
distance in cm between the soil and the panicle top, num-
ber of internodes (NIN; CO_324:0000605), and grain yield
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(YIELD; CO_324:0000403) in kg.ha! at the plot level by
harvesting all panicles from a plot (except the border) dry-
ing, hand threshing them, and weighting the grains. All traits
except FLAG were measured at harvest.

2.3 | Genotypic data

The 2498 families and their parents were genotyped using
genotyping by sequencing (GBS; Elshire et al., 2011) with
384-plex libraries on an Illumina HiSeq 2000 sequencer. The
offspring were genotyped at generation BC, F5. The sequence
data were analyzed running the reference genome-based
TASSEL GBS pipeline (Glaubitz et al., 2014). Unique tags
(3,844,911) were aligned on the sorghum reference genome
v2.1 (Paterson et al., 2009). After the filtering of raw genotype
data for minor allele frequencies (<0.05) and single marker
missing data (<0.9), 51,545 segregating SNPs were identi-
fied among the parents with between 11,856 and 26,128 SNPs
segregating in the individual crosses. Missing values in the
parents were imputed using Beagle (Browning et al., 2018).
Missing values in the offspring genotypes were imputed using
FSFHap (Bradbury et al., 2007). We determined a unique
genetic consensus map by projecting the physical distance of
the 51,545 markers on a high-quality genetic consensus map
(Guindo et al., 2019) using the R package ziplinR (https://
github.com/jframi/ziplinR).

2.4 | NIRS data

For each genotype in each year, spectra were acquired in one
environment (one site and one sowing date) on sun-dried grain
samples after harvest (Figure 1). Spectra were obtained with
a MPA Bruker FT-NIR spectrometer (Bruker Optics Inc.) for
1154 wavelengths ranging from 800 to 2800 nm. For each
sample, the average of three technical repetitions was used and
outlier spectra were removed from the data set afterward.

To assess the effect of spectra preprocessing, smoothing
using Savitsky-Golay procedure was applied (filter length of
11, polynomial order of 1, and derivation order of 0) and
four classical chemometric pretreatments were applied to the
smoothed spectra: First derivative (DER1), second derivative
(DER?2), standard normal variate (SNV), and detrend (DT).

2.5 |
values

Estimation of phenotypic breeding

Due to the low number of common genotypes between years,
2012 and 2013 data were analyzed separately. For each year,
breeding values were estimated with the following model
computed with the asreml R package (Butler, 2021):

BIENVENU ET AL.

M = CROSS; + GENO;); + SOW, + SITE;
+ CROSS : SOW;, + CROSS : SITE;
+ GENO : SOW;);x + GENO : SITE ;) ;
+ BLOCK(k,)m + &ijkim
where Y}, are the phenotypes; CROSS; is the fixed effect

of the cross i; GENO;); is the fixed effect of the genotype j
nested into cross j; SOW ~ N(O, I GSZOW) is the random effect
of sowing date; SITE ~ N(O, I U;ITE) is the random effect
of site; CROSS x SOW ~ N(0, Io2_ ) is the random effect

of the interaction between cross andcrssgwing date; CROSS x
SITE ~ N, 1 6c2rsi) is the random effect of the interaction
between cross and site; GENO X SOW ~ N (0, Iaéeso) is the
random effect of the interaction between genotype and sow-
ing date; GENO x SITE ~ N(0, 1 O-éesi) is the random effect
of the interaction between genotype and site; BLOCK ~
N (0,V,) is the random effect of the blocks nested into site—
sow combinations, ¥}, being a diagonal matrix containing the
variance components G(Zkl)b of BLOCK 4, at each level of
site—sow combination, that is, one block variance per site—
sow combination; and e ~ N(0, R) is the residual, R being a
diagonal matrix containing the variance components O'(Zk hr of
€;jkim at each level of site—sow combination, that is, one resid-
ual variance per site—sow combination. The breeding values
were estimated as the sum of the cross and genotype BLUESs
(best linear unbiased estimators). To minimize the effect of
direct relationships between spectra and phenotypes and thus
getting closer to information brought by genetic signal, phe-
notypic data from the NIRS acquisition environment (i.e., one
site—sow combination) were not included in breeding values
estimations (Figure 1). As there were only two sowing dates
and two sites, the removal of one environment hindered the
specification of a SITE:SOW interaction term in the model.
This may impact the precision of estimated breeding values,
but is relevant to avoid a proxy-like prediction mechanisms
and biases in PA estimation due to the covariance between
breeding values and environmental information in the spectra
as pointed out by Wang et al. (2025).

2.6 | Variance components and heritability

Heritabilities were calculated according to the method pro-
posed by Schmidt et al. (2019) to account for the unbalanced
and incomplete design of the experiment. Calculations were
done using codes provided in the article (https://github.com/
PaulSchmidtGit/Heritability) with the asreml R package (But-
ler, 2021). This method is a pairwise heritability calculation,
meaning that it is based on entry differences rather than entry
means and provides one heritability estimation for each possi-
ble pair of genotypes. It is the squared correlation between the
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true genotypic values differences and the estimated/predicted
genetic values differences for each possible pair of genotypes.
For a pair of genotypes i and j:

262 — pBLUP
g ij

H?
202
g

_ A A2
ij =cor(g; — g;.8 — &) =

where aé is the genetic variance, and UELUP is the predic-

tion error variance of a difference between BLUPs (best linear
unbiased prediction) of genotypes i and j. The parameters
needed to calculate the heritability were estimated with the
breeding values estimation model but considering the geno-
typic effect as the only genetic effect (i.e., no cross effect)
considered random with GENO ~ N(0, I aé). The heritabili-
ties reported for each trait are the mean of heritabilities across
pairs of genotypes (i.e., BCF3:5 families in our case) (Schmidt
et al., 2019):

e 2
TR PP

i j<i

2.7 | Prediction models

Estimation of prediction accuracies were performed in
R (R Core Team, 2023) using four different models
(Figure 1): GBLUP as a reference with the package sommer
(Covarrubias-Pazaran, 2016), PLSR with the package rchemo
(Brandolini-Bunlon et al., 2023), ridge regression (RIDGE)
and LASSO with the package glmnet (Friedman et al., 2010).
GBLUP (genomic best linear unbiased prediction) was used
with both genotypic and NIRS data as a reference as there is
generally little difference between models and that it is one
of the simplest, of the most computationally efficient, with no
parameter tuning, and that it has competitive predictive perfor-
mances (Lourenco et al., 2024), while the other models were
only used with NIRS data.

27.1 | GBLUP model

where Y; is the breeding values as calculated in Model 1;
G ~ N(0, 6§M ) is the random effect of genotype, ag being
the genetic variance and M being the kinship matrix desig-
nated as K when it was based on genotypic information or the
pseudo-kinship matrix designated as H when it was based on
NIRS information; and €; ~ N(0, I¢?) iid is the residual, ¢
being the residual variance.

The genotypic kinship matrix K was calculated with the
Van Raden method (VanRaden, 2008), and the hyperspectral

pseudo-kinship matrix H was calculated as H = SS/n with
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S being the scaled and centred spectral matrix, S’ being the
transpose matrix of .S, and » being the number of wavelengths
(Robert, Auzanneau, et al., 2022).

2.7.2 | RIDGE and LASSO models
p
Y, = Z X By + €
k=1

where marker effects f are estimated by minimizing the
following loss function:

1 -
1813+ .11, ) }

f = Argmin _ { 1Y — XBI + 4. (

where constraint [|f]l; = X7 _ 18], ||/3||§ = izlﬂz, and
A > 0, with Y; being the breeding values of the genotypes
i based on Model (1), x;;, is the absorbance at wavelength
k of genotype i, f; is the effect of the wavelength k, and
g ~ N(O, 62) iid is the residual. LASSO is obtained with
a = 1 and RIDGE is obtained with @ = 0. The value of 4 was
optimized by internal 10-fold cross validation (CV) for every
model that was computed with built-in functions of the glmnet
package.

2.7.3 | PLSR model
PLSR is based on two principal component analysis (PCA)-
like decompositions of the data into latent variables:

X=TPT+E

Y=UQT +F

where X is the n X m spectral matrix (n being observations
and m being predictors i.e., wavelengths). Y is the n X 1 vec-
tor of the response variable (breeding values). T and U are
n X | matrices (for / latent variables) and are respectively
the scores (i.e., projected values of individuals on the latent
variables) for X and Y matrices. They are estimated so that
the covariances between column i of U and column i of T
are maximized while covariances between column i of U and
column j of T (with i#j) are zero (i.e., latent variables of T
and U are built to be orthogonal). P and Q are m X [ matri-
ces and are, respectively, the loading matrices of X and Y. E
and F are, respectively, the error terms of X and Y assumed
to be independent and identically distributed normal random
variables.

Predictions of Y are obtained by calculating the scores (T’
matrix) of the validation X matrix on the latent variables
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estimated, then estimating the scores of the unknown Y (U
matrix) matrix through covariances between U and T matri-
ces and then calculating the estimated values of Y through the
estimated loadings of Y (Q matrix).

Predictions were tested with several latent variables rang-
ing from one to 20. Final results were obtained with 10 latent
variables as this number maximized PA and minimized root
mean square error of prediction overall.

2.8 | CV scenarios

To assess the effects of population structure on prediction
accuracy, three CV scenarios were used (Figure 1). Those
scenarios are comparable to the ones in Lehermeier et al.
(2014):

* CVa: intra cross scenario, where a fivefold CV is performed
using training and validation set data coming from a single
Cross.

* CVb: intra recurrent parent leave one cross out scenario,
where one cross in the validation set is predicted by all the
crosses that share the same recurrent parent in the training
set.

* CVc: inter recurrent parent scenario, where a cross of one
population (e.g., GR) is predicted using the crosses of the
other population (KK), excluding the crosses with a shared
parent.

Training set sizes of CVa were dependent on the specific
cross size and ranged from 40 to 108 genotypes. CVb and CVc
scenarios were also used to assess the effect of training set size
on prediction accuracies. In these scenarios, different training
set sizes were set by increasing the number of genotypes from
50 to 1250 with a step of 50. For each training set size, sam-
pling was made so that the structure of the population was
respected (i.e., the proportion of genotypes belonging to each
cross was the same as in the total population in all training
sets). To study the other impacting factors, the CVb scenario
was used with training sets sizes of 1000 genotypes in 2012
to have a large training set and keep a reasonable computing
time, and 450 in 2013 to have the largest possible training set
given the lower number of genotypes in 2013. For each sce-
nario and different population size within scenario (CVb and
CVo), 10 replications were carried out.

An additional scenario (CVd) was developed to study the
impact of NIRS acquisition environment (Figure 1): inter-year
scenario with crosses from 1 year predicted by a model trained
on crosses from the other year so that spectra from the train-
ing and validation set were acquired in different environments
and different genotypes. CVd was trained with data collected
in 2012 and validated with data from 2013 (CVd_2013) and
vice versa (CVd_2012). CVd_2012 has no practical use in
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breeding but mimics the same situation as CVd_2013 where
new genotypes are predicted in a new environment, which is
relevant. Even though training and validation sets share no
genotypes, crosses from both recurrent parents are present in
both sets. For these scenarios, 30 repetitions were made, and
training set size was set to 600, respecting the structure of the
population, to have the biggest training set size possible given
the number of genotypes in 2013. Table S1 is a summary of
scenarios and training set sizes used to study each factor.

2.9 | CDmean and Fst calculation

To quantify relatedness between training and validation sets
in CVa, CVb, and CVc, CDmean and Fst indicators were cal-
culated. Using polymorphism data, Fst estimates the genetic
differentiation between two populations by comparing the
average number of different base pairs between two individ-
uals coming from the same population or coming from the
two populations to be compared. If the differences between
two individuals coming from the same population and two
individuals coming from different populations are similar, the
two populations are not differentiated, and on the contrary, if
these differences are different, the populations are differenti-
ated. CDmean is an indicator based on the GBLUP model. It
uses the generalized coefficient of determination (CD), which
is the squared correlation between the true and the predicted
contrast of genetic values for a given contrast. For CDmean
calculation, the contrast used is the difference between the
genetic value of an individual and the mean of the whole pop-
ulation (training + and validation sets). Given this contrast,
CDmean is the mean of all the CDs of the individuals from
the validation set given a training set. To summarize, CDmean
estimates the reliability of the predictions of contrasts between
genetic values of the validation set given a training set using
a GBLUP model, thus accounting for population structure
through the kinship matrix used in GBLUP.

Fst values were calculated with the R package BEDASSLE
(Bradburd, 2024), which estimates Fst according to Weir and
Hill (2002). CDmean values were calculated according to
Rincent et al. (2012) with R codes given in the TrainSel
package (Akdemir et al., 2021) documentation. Then, linear
regressions between PA and Fst or CDmean were carried out,
and the effects of these indicators on PA were tested with a
Student test on the slopes of the regressions.

2.10 | Wavelength selection

To study the effect of wavelength selection, three steps were
implemented. First, LASSO and PLSR models were used to
estimate the importance of each wavelength in prediction with
the loadings of the PLSR and the weights of the LASSO.
Then, wavelengths were selected based on these loadings
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and weights. Finally, the selected wavelengths were used in
GBLUP models and their results were compared with clas-
sical PP using all wavelengths. Training and validation sets
were not the same in the LASSO/PLSR and in the GBLUP
model to avoid overfitting and inflated PAs that typically
occur when selecting variables (Krstajic et al., 2014; Utz et al.,
2000). PLSR and LASSO models were trained with CVb
training sets with 2012 and 2013 data with 450 genotypes,
which correspond to the largest training set that could be
composed using 2013 data. According to these analyses, the
loadings of the first latent variable of PLSR and the weights
attributed to each wavelength in LASSO were retrieved. The
mean loadings and weights were calculated for each year. The
selection of wavelength was based on the local maxima and
minima of the mean loadings and maxima of the weights.
The selected wavelengths were then used in a GBLUP model
in CVb scenario with training set sizes of 1000 for 2012
data and 450 for 2013 data. See Figure S1 for a schematic
representation.

Another method of wavelength selection was random selec-
tion. The goal of this approach was to determine whether a
statistical method is really needed and useful to identify the
most informative wavelengths, or if the NIRS information is
redundant enough to be reduced to a few wavelengths with-
out having to select wavelengths precisely. In this method, 10
samples from 1 to 10, 20, 30, 40, 50, and 60 wavelengths were
randomly chosen (with a computer random number generator)
to calculate the kinship matrix. Each sample was then used in
predictions using the CVb scenario with training set sizes of
1000 for 2012 data and 450 with 2013 data.

All analysis related to wavelength selection were performed
on raw spectra to mimic at best what could be achieved with
cheaper sensors measuring few wavelengths as preprocessing
the same wavelength with 1154 or less than 60 wavelengths
would not yield the same spectral values.

2.11 | Models’ accuracy metrics

The PA of all models were calculated with the Pearson’s cor-
relation coefficient between observed and predicted breeding
values. As CV scenarios were based on a leave one cross
out (or alike) methods, PAs were always calculated within
cross for each scenario. Thus, the results correspond to the
within cross PA metrics average over the different crosses.
Significant differences between PA were tested using pairwise
Wilcoxon tests with a Bonferroni correction if not mentioned
otherwise.

2.12 | Graphics

All graphics were produced with the ggplot2 package (Wick-
ham, 2016) of R (R Core Team, 2023), or with PowerPoint.
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3 | RESULTS

3.1 | Description of phenotypic data
Coefficients of variation for each trait in each environment
are available in Table S2. The trait with the highest variability
was YIELD; followed by PED, STEM, and PH; followed by
NIN and PAN; followed by FLAG which was the least vari-
able trait. For PAN, PED, PH, FLAG, and NIN, coefficients of
variation were stable across environments and years. STEM
was more variable for 2012 than 2013 overall. YIELD was
more variable in 2013 than 2012 overall except for SB1 in
2012 where the highest coefficient of variation (0.7) occurred.
A complete description of means and standard deviations for
each trait in each environment is available in Table S3.

Correlations between environments for each trait are pre-
sented in Figure S2. PED was the trait with the highest
correlation between environments ranging from 0.62 to 0.83.
YIELD was the trait with the lowest correlations between
environments, ranging from 0.06 to 0.39. FLAG, PH, and
STEM had medium to high correlations between environ-
ments, ranging from 0.52 to 0.83. NIN had low to medium
correlation between environments, ranging from 0.2 to 0.47.
Finally, PAN had medium-high correlation between environ-
ments in 2013 ranging from 0.65 to 0.67, and medium-low
correlations in 2012, ranging from 0.39 to 0.52.

3.2 | Variance components of phenotypic
traits and spectra

Partitions of variance for each trait are presented in Figure 2.
In 2012, PH-related traits (PED, STEM, and PH) and FLAG
were the most heritable with heritability ranging from 0.73
to 0.8. NIN and PAN were less heritable with heritabilities
of 0.52 and 0.47, respectively. YIELD was the least herita-
ble trait at 0.3. In 2013 FLAG, PH, and STEM were the most
heritable traits with heritabilities from 0.80 to 0.83, respec-
tively. NIN, PAN, and PED were less heritable with values
of 0.57, 0.61, and 0.68, respectively. Finally, YIELD had the
lowest heritability of 0.4. For NIRS wavelengths, heritability
estimates were stable across the spectra with a severe drop
around 2700 nm likely due to these wavelengths being close
to the upper limit of the wavelength range of the spectrom-
eter. Heritability values were close between years with mean
heritabilities of 0.52 and 0.46 for 2012 and 2013, respectively.
There were no noticeable effects of the interactions between
the genetic variables (GENO and CROSS), and experimental
design variables (SITE and SOW) except for YIELD in 2012.
Sowing date was responsible for a large part of the variances
of FLAG, NIN, PH, STEM, and YIELD in both years. The
site did not impact FLAG, PAN, PED, and YIELD in 2012,
but had a large impact on NIN this year. The impact of site
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FIGURE 2 Partitions of variance for the studied traits and wavelengths along spectra in 2012 and 2013. RESIDUAL, ENV, CROSS, and
GENO stand for the factors contributing to the phenotypic variance. Numbers in black are heritability of traits.

was more pronounced in 2013, being responsible for a large
part of the variances of FLAG, PED, PH, and STEM.

3.3 | Overall comparison of GP and PP

Figure 3 presents PAs of genomic and PPs for raw and pre-
processed spectra in the CVb scenario with 1000 genotypes in
the training set in 2012 and 450 in 2013. In 2012, for FLAG,
NIN, and PAN, PP and GP performed similarly except for PP
with spectra preprocessed with DER2 for NIN and PAN, and
spectra preprocessed with DT for PAN. For PH-related traits
(PED, PH, and STEM) and YIELD, PP systematically had
lower accuracy than GP, with DER2 preprocessing and raw
spectra having the worst results for PH-related traits.

Slightly contrasting results were observed in 2013. For this
year, PP and GP performed similarly for PH and STEM. PP
consistently outperformed GP for FLAG, NIN, and YIELD,
but GP consistently outperformed PP for PED. In addition,
PP was not able to predict PAN for this year.

3.4 | Effect of spectra preprocessing

In 2012 (Figure 3), DER2 lead to significantly lower PAs
than other preprocessing methods and results for all other
pretreatments were similar overall with few significant dif-

ferences except for PED where results were more contrasted.
In 2013, significant differences between preprocessing were
found only for PED where raw spectra outperformed prepro-
cessed spectra. In 2012, the maximum difference between the
highest and lowest PA was of 0.2, and occurred for PED. In
2013, the maximum difference between the highest and lowest
PA was of 0.14, and also occurred for PED. As raw spectra had
no difference with preprocessed spectra most of the time and
was sometimes better than preprocessed spectra, all following
analyses were carried out using raw spectra.

3.5 | Effect of statistical method

Figure 4 presents PAs for PP obtained from four statisti-
cal models: GBLUP, RIDGE, LASSO, and PLSR. PAs were
obtained in the CVb scenario with a training set size of 1000
genotypes in 2012 and 450 in 2013. In 2012, no effect of statis-
tical method was observed for NIN. RIDGE gave significantly
lower PAs for all other traits, and LASSO gave significantly
lower PAs for PED, PH, and STEM. The highest differ-
ence was found between PLSR and RIDGE for PH, being
0.18. In 2013, no significant differences were found between
models for FLAG and NIN. RIDGE gave significantly lower
PAs for all other traits, and LASSO gave significantly lower
PAs for PH and YIELD. The highest difference was found
between PLSR and RIDGE for YIELD and correspond to
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Genomic prediction and effects of spectra preprocessing on phenomic prediction predictive abilities. Predictive abilities were

calculated using GBLUP (Genomic Best Linear Unbiased Prediction) in the CVb scenario with a training set size of 1000 in 2012 and 450 in 2013.
Letters represent the results of pairwise Wilcoxon tests corrected by Bonferroni method for a threshold of 5%. GENO denotes genomic prediction,

RAW denotes phenomic prediction with raw spectra, DER1 and DER?2 denotes phenomic prediction with first and second derivative of the spectra,

DT denotes phenomic prediction with spectra processed with detrend, and SNV denotes phenomic prediction with spectra processed with the

standard normal variate method. Horizontal dotted line is at the O value. FLAG, flag leaf appearance; NIN, number of internodes; PAN, panicle
length; PED, peduncle length; PH, plant height; STEM, stem length; YIELD, yield.

0.17. GBLUP and PLSR consistently gave similar results in
both years. Overall, RIDGE and LASSO seem to give lower
PAs in more situations, but the effect of statistical model are
inconsistent across traits. Further analyses were carried out
using the GBLUP reference model.

3.6 | Effect of training set size

The evolution of PAs according to the training set size for the
CVb scenario in 2012 using a GBLUP model is presented in
Figure 5. For NIN, PH, and STEM, PP reached a plateau of
PAs around 400 genotypes in the training set while PAs of GP
continued increasing. For PED, FLAG, and PAN, the plateau
was reached for PP around 700 genotypes in the training set,
while PAs of GP also continued to increase. For YIELD, GP
reached a plateau of PAs around 700 genotypes in the train-
ing set while for PP it happened at 1100 genotypes. The effect
of training set size was studied with 2013 data (not shown)
but the lower number of genotypes available (maximum train-
ing set size of 450) was not enough to draw conclusions. The

effect of training set size was also studied with CVc¢ scenario
with 2012 data (Figure S3). In this scenario, PAs of GP and PP
had similar evolution for PH, STEM, and YIELD, PAs of PP
being superior for PH and STEM, and equivalent for YIELD.
For PED, NIN, and PAN, PP reached a plateau of PA around
400 genotypes in the training set while PAs of GP continued
to increase, PAs of PP being superior for PED and NIN. For
FLAG, PAs of GP increased with the training set size, while
PAs of PP were stable and even slightly decreased for large
training sets. Standard error around the mean is very large in
this scenario making the analysis less relevant.

3.7 | Effect of population structure

Figure 6 presents the PAs for CVa, CVb, and CVc scenar-
ios for a training set size of 100 (which is the maximum
training set size available in CVa) using a GBLUP model on
2012 data. The BCNAM population is strongly structured as
can be seen by a PCA on SNP or spectral data (Figure S4).
Thus, it is relevant to build prediction scenarios with varying
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Effects of statistical method on predictive abilities. Predictive abilities were calculated in the CVb scenario with a training set size

of 1000 for 2012 and 450 for 2013, and spectra preprocessed with DER1. Letters represent the results of pairwise Wilcoxon tests corrected by
Bonferroni method for a threshold of 5%. Horizontal dotted line is at the O value. FLAG, flag leaf appearance; GBLUP (Genomic Best Linear
Unbiased Prediction), reference gblup model; LASSO, least absolute selection and shrinkage operator; NIN, number of internodes; PAN, panicle
length; PED, peduncle length; PH, plant height; PLSR, partial least square regression; RIDGE, ridge regression; STEM, stem length; YIELD, yield.

relatedness between training and validation sets. This related-
ness decreased from CVa to CVc (Figure S5), which caused
PAs to decrease both in PP and GP (Figure 6). Results from
the different CV scenarios were different for GP in each trait,
whereas, for PP, results from CVb and CVc were never sig-
nificantly different except for STEM. Thus, for GP, more
significant differences between CV scenarios were observed
than for PP and it was especially the case for PH-related traits.
For instance, the median PAs of PP for PH dropped from 0.52
to 0.21 between CVa and CVc, while for GP it dropped from
0.74 to 0.06. For FLAG, NIN, PED, PH, and STEM, PP had
significantly higher PAs than GP in CVc scenario while GP
had significantly superior PAs in CVa. For YIELD, PAs of PP
were not significantly different from PAs of GP in CVc while
they were different in CVa.

CDmean and Fst indicators were calculated for every CV
partition used (Figure S5) to study population structure,
and linear regressions were carried out to test the effect of
CDmean and Fst between training and validation sets on PA
(Figure S6). Slopes for PP were systematically closer to 0
than slopes for GP. For STEM, the slope for PP was not even
significantly different from 0 with the CDMEAN indicator.
There were no CDmean values between 0.32 and 0.56, and no
Fst values between 0.11 and 0.51 in our partitions. Optimiz-

ing training and validation set composition to target specific
CDmean or Fst values can be extremely time consuming.
Given the variability of PA for each CDmean or Fst value,
we did not seek to optimize partitions to access intermediate
values because it would have taken too much time to have a
representative number of partitions.

The effect of population structure was not studied in 2013
because the maximum training set size for CVa scenario was
too low to achieve relevant PA.

3.8 | Effect of NIRS acquisition environment
Results for inter-year prediction are presented in Figure 7.
CVb_2012 is the reference scenario with data of the train-
ing and validation set coming from 2012, and predicted with
the CVb scenario. In CVd_2012, spectra and breeding values
used to train the model were acquired in 2013 while spectra
and breeding values used to validate the model were acquired
in 2012. In CVd_2013, training data were acquired in 2012
and validation data were acquired in 2013. Training and val-
idation sets of CVd scenarios share no common environment
nor common genotypes. No differences were found between
GP and PP for the CVd scenario except for YIELD where PP
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FIGURE 5 Effect of training set size on predictive abilities. Predictive abilities were calculated with 2012 data, using GBLUP (Genomic Best

Linear Unbiased Prediction) in the CVb scenario and spectra preprocessed with DER1. Horizontal dotted line is at the O value. Full lines represent

the mean predictive abilities (PAs) and dotted lines represent the standard error around the mean PA. FLAG, flag leaf appearance; NIN, number of
internodes; PAN, panicle length; PED, peduncle length; PH, plant height; STEM, stem length; YIELD, yield.

had lower PAs than GP in CVd_Y 12. Inter-year scenarios had
lower PAs than CVb for all traits except FLAG and NIN. For
all traits except YIELD, training models on 2012 data gave
significantly better results than training models on 2013 data.

3.9 | Effect of wavelength selection

The results of PP using wavelengths selected by partial least
square (PLS), LASSO, or randomly are presented in Figure 8.
These results are from GBLUP models, but using only wave-
lengths selected by LASSO, PLS, or randomly. Models with
wavelength selection were compared to PP models with all
wavelengths and GP. The wavelengths that were selected by
LASSO or PLSR are presented in Figures S7T-S10. The sets
of wavelengths selected by LASSO gave the same PAs as
using all wavelengths for FLAG, NIN, PAN, and YIELD
in 2012 and for all traits in 2013 except PH. Wavelengths
selected by PLS gave the same PAs as using all wavelengths
for NIN and FLAG in 2012 and NIN, FLAG, and YIELD

in 2013. The number of wavelengths selected was dependent
on the trait, but LASSO selected less than 10 wavelengths
for FLAG, PAN, PED, PH, and STEM in 2012 and FLAG,
NIN, PED, PH, and STEM in 2013. LASSO selected around
20 wavelengths otherwise. In 2012, PLS selected around
30 wavelengths for each trait and year except for NIN with
38 wavelengths selected in 2012 and 40 in 2013. In 2013,
PLS selected around 35 wavelengths except for PED with 28
wavelengths selected.

Considering randomly selected wavelengths, the number of
wavelengths required to reach the same PAs as using all wave-
lengths differed across traits. In 2012, 30 wavelengths were
enough to predict STEM, PED, and PH, 20 wavelengths were
enough to predict YIELD, 15 were enough to predict PAN, 10
to predict FLAG, and six to predict NIN with the same accu-
racy as with all wavelengths. In 2013, 30 wavelengths were
needed to predict PED, 20 for YIELD and PH, 15 for STEM,
nine for FLAG, and three for NIN.

For equivalent number of wavelengths selected, LASSO
selection generally outperformed random selection, but
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cross-validation. FLAG, flag leaf appearance; NIN, number of internodes; PAN, panicle length; PED, peduncle length; PH, plant height; STEM,

stem length; YIELD, yield.

random selection often outperformed PLS selection. Lastly,
randomly selecting a very low number of wavelengths gave
significantly lower PAs than using all the wavelengths in most
traits, yet, the predictive power reached at only a dozen of
randomly selected wavelengths was surprisingly high.

4 | DISCUSSION

In this study, we implemented PP on sorghum using a large
BCNAM population. Our design comprised 2 years with
four environments each, and a strongly structured population
allowed us to study factors impacting PP, namely, spectra
preprocessing, statistical method, training set size, popula-
tion structure, NIRS acquisition environment, and wavelength
selection.

4.1 | Phenomic selection for sorghum
breeding

Despite being the fifth most produced cereal worldwide, a
major crop for food security in arid and semiarid areas, and a
promising crop to face climate change issues, sorghum genet-

ics and breeding programs have not received much attention
and means for development and optimization (Khoury et al.,
2014; Pingali & Traxler, 2002). GP has already been tested on
this species with promising results (Hunt et al., 2018; Maulana
etal., 2023; Yuetal., 2016) in temperate programs. Moreover,
more and more cereal breeding programs from temperate and
semiarid regions are mobilizing NIRS technologies on a rou-
tine basis to assess grain and forage quality. (For cereals, see
Osborne [2006]; for rice, see Sun et al. [2014], for sorghum,
see personal communications from LIDEA-Seeds [France,
2024], RAGT2N [France, 2024], and the IAVAO Network
[Jean-Francgois Rami, CIRAD, France, 2024]). Thus, the addi-
tional costs to implement PP in these programs is low, and PP
fits well in the current context of sorghum breeding.

More generally, PP as a low-cost, or even low-tech method
is especially relevant for breeding programs with low financial
support and reduced access to molecular technologies. Our
study demonstrated the possibility of using PP even in a rather
unfavorable very low cost set up, that is, with only one ref-
erence NIRS acquisition environment and one spectrum per
genotype. Having only one spectrum per genotype, that is,
no biological repetitions, makes it likely that genetic infor-
mation is hard to retrieve, but still, models were able to grasp
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FIGURE 7 Effects of near infrared reflectance spectroscopy (NIRS) acquisition environment on predictive abilities. Predictive abilities were
calculated using GBLUP (Genomic Best Linear Unbiased Prediction) with training set size of 600 and spectra preprocessed with DER1. CVb_2012
is the reference model, in CVb scenario for 2012 data with 600 individuals in the training set and spectra preprocessed with DER1. CVd_2012 is the
model trained on 2013 data and validated on 2012 data. CVd_2013 is the model trained on 2012 data and validated on 2013 data. Horizontal dotted
line is at the 0 value. Letters represent the results of pairwise Wilcoxon tests corrected by Bonferroni method for a threshold of 5%. FLAG, flag leaf
appearance; NIN, number of internodes; PAN, panicle length; PED, peduncle length; PH, plant height; STEM, stem length; YIELD, yield.

information out of them. Moreover, we showed that using a
single reference NIRS acquisition environment is possible as
shown by previous studies (Brault et al., 2022; Rincent et al.,
2018; Zhu et al., 2021, 2022). We also showed that predicting
untested genotypes in untested environment is possible even
though PP often produces lower PAs than GP in this case.
One interesting approach to further evaluate the possibilities
of using PP in such unfavorable design would be to better char-
acterize environments or quantify environmental relatedness
between training and validation sets to see how it affects PA.
Such approach currently applied for GP yielded significant
improvements (Montesinos-Lépez et al., 2024).

4.2 | Comparisons between PP and GP

A recent study demonstrated that comparing PA of PP and
GP is not relevant because both can be biased in different
directions(Wang et al., 2025). Results of Wang et al. (2025)
show that differences between PAs of PP and GP tend to be
overestimated when PP outperforms GP, whereas they tend
to be underestimated when GP outperforms PP. The authors
argue that this is due to correlations between phenomic pre-

dicted breeding values, and the environmental, nonadditive
genetics, and measurement error information that is present in
the spectra. In our case, breeding values used for the training
and validation of models were calculated without taking into
account the environment of spectra acquisition. Thus, there
should be no, or little correlation between predicted breeding
values and environmental information of the spectra. More-
over, we can argue that environmental information may be
the most impacting factor in biasing PAs before nonadditive
genetic effects (which cannot be addressed) and measurement
errors (which can be addressed by using different spectrome-
ters for different genotypes). Finally, even when comparisons
between GP and PP are not relevant, it is important to note
that PP on its own had encouraging results and was able to
predict genetic values to a certain extent.

4.3 | Factors impacting PP

Our results show that PP can impact the choice of the training
set. Our results are in accordance with previous studies show-
ing that PP allows smaller training sets than GP to reach a
plateau of PAs (Dallinger et al., 2023; Zhu et al., 2021, 2022).
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Results on PH-related traits and FLAG are in accordance
with previous studies showing that PP is less affected by pop-
ulation structure (Laurencon et al., 2024; Roscher-Ehrig et al.,
2024; WeiB et al., 2022; Zhu et al., 2021, 2022). Most impor-
tantly, PP had higher PA than GP for almost all traits in the
scenario with the least relatedness between training and val-
idation sets, highlighting a real advantage of PP over GP in
less favorable prediction scenarios. Nevertheless, as training
set sizes available for comparison between all CV scenarios
were small, it would be interesting to test similar scenarios
with larger training set sizes to generalize results. This study
also highlighted the trait dependency of these features of PP
mitigating the advantages PP can have over GP. This trait
dependency could not be explained by the genetic architecture
(number of QTL discovered for the trait). Indeed, no pattern
emerged when trying to establish a link between our predic-
tion results and the genetic architecture of traits previously
studied in the same population (Garin et al., 2024). A few
authors have studied the impact of genetic architecture on PP
(Roscher-Ehrig et al., 2024; Zhu et al., 2022). They found that
PP performs better than GP for complex traits determined by
many QTL. The absence of such pattern in our results may
arise from the fact that the number of QTL detected for each
trait in our population (Garin et al., 2024) is always lower than
six and that the explained variance varies a lot for each trait
across environments and subpopulations.

Considering factors related to data processing, we found
small or no effects of spectra preprocessing with poor per-
formances when spectra were preprocessed with DER2 but
few significant differences in PA in most cases with other
preprocessing. This result is hardly generalizable as no con-
sensus exists in the literature regarding the best preprocessing
method. Even though some studies found no effect of spec-
tra preprocessing with classical chemometric methods (Brault
etal., 2022; Dallinger et al., 2023), it was proposed by Meyen-
berg et al. (2024) that fine tuning parameters of preprocessing
methods could have an impact on prediction. Some improve-
ment of PP performance was found by using genetic values
of reflectance or absorbances at each wavelength (Brault
et al., 2022). Unfortunately, spectra of our data set were only
acquired in one environment per genotype hindering the cal-
culation of genetic values at each wavelength without using a
marker-based kinship matrix. While this approach could have
been interesting to test, it would have been more a particu-
lar case of integrating genomic and phenomic data together
than a kind of preprocessing that would involve only spectral
information.

Considering factors related to data analysis, we found some
significant effect of the statistical method on the performance
of PP, RIDGE being generally less performant, GBLUP and
PLSR being the most performant. One limit of our study is
that we have only tested frequentist linear methods. Regard-
ing this factor, it is also hard to generalize results as some

The Plant Phenome Journal 17 0f 22
studies including Bayesian and nonlinear frameworks did not
find major differences between statistical methods (Roscher-
Ehrig et al., 2024; Zhu et al., 2021) while others found that
using nonlinear methods (Cuevas et al., 2019) or deep learning
(Mora-Poblete et al., 2024) could enhance PA of PP. Nonethe-
less, using Bayesian or deep learning methods requires more
computational resources than classic frequentist methods and
in addition implementing deep learning strategies requires
expertise and energy demanding strategies to fine tune model
parameters (Lee et al., 2022; Zhang et al., 2019). In this con-
text, applications of such methodologies will be dependent
on the effective gains they will provide to compensate their
higher investments requirements.

Finally, one important feature of this work is the fact that
spectra were acquired in a set of environmental conditions
that were not used to estimate breeding values, showing that
it is possible to perform predictions using a reference envi-
ronment for NIRS acquisition in a given year. Moreover, our
results with inter-year CV scenarios also show that PP can be
as good as GP in predicting untested genotypes in untested
environments.

4.4 | Information contained in NIRS is
poorly valued by prediction models

Selecting wavelengths with PLSR or LASSO models worked
well to reduce the number of wavelengths without substantial
loss of PA but did not always outperform random selection for
equivalent numbers of wavelengths selected. The best selec-
tion method was always LASSO with which in most cases,
less than 15 wavelengths enabled predictions as good as using
all 1154 wavelengths. As spectra measurements were done
with only one acquisition time and no repetition, this result
is in line with the “minimal setup” proposed by Mréz et al.
(2024) in which only three bands in the visible range acquired
on a single date for canopy measurement could predict wheat
YIELD with an accuracy ranging from 0.51 to 0.55. One must
be aware that this study used a diversity panel and canopy
measurement, which is a totally different context than ours
making comparisons irrelevant, but it still shows that it is
possible to reach decent PA with limited information.

In this study, PP was used as defined by Rincent et al.
(2018), that is, using near infrared spectroscopy on grains
to estimate a kinship matrix and perform predictions. Since
2018, many studies have widened the concept and have also
used canopy measurement to capture fewer visible and NIRS
bands with multispectral cameras (Fumia, Nair, et al., 2023;
Galéan et al., 2020; Krause et al., 2019), sometimes captur-
ing less than 10 bands (Li et al., 2023; Maggiorelli et al.,
2024; Mréz et al., 2024). Other studies used VI also calculated
with very few bands but often densely measured throughout
the growing cycle and coupled with PH measurements (Adak
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et al., 2022, 2024; Adak, Anderson, et al., 2023; Adak, Kang,
et al., 2023; Biswas et al., 2021; Kaushal et al., 2024; Sandhu
etal., 2021; Shafiee et al., 2023; Togninalli et al., 2023; Wash-
burn et al., 2024; Winn et al., 2023), or even temperature and
canopy area (Parmley et al., 2019). It would be interesting to
study the costs and benefits of using only a few bands in a
minimal setup or with dense acquisition along the plant cycle,
compared to PP as defined in Rincent et al. (2018).

We hypothesized that using less than 15 selected wave-
lengths or even a few randomly selected wavelengths is
possible either because of low amount of useful informa-
tion in spectra or because of poor use of complete spectral
information. The low information amount hypothesis is that
only a few wavelengths are informative in the spectra and
other wavelengths contain either no information or an infor-
mation due to their correlation with informative wavelengths
(alinkage-disequilibrium-like relation between wavelengths).
This hypothesis is supported by the high multicollinearity that
typically occur between adjacent wavelengths and the PCA of
raw spectra (Figure S4) showing that the two first components
of the PCA account for more than 97% of the total variance of
spectra, meaning that there are only two independent features
in the spectra. The poor use of complete spectral information
hypothesis is that models do not really extract all the infor-
mation possible when all wavelengths are used and in fact
extract a quantity of information equivalent to what is con-
tained in only a few wavelengths and can also extract noise
that disturbs predictions. This could be because wavelengths
are considered individually and independently in models (e.g.,
when calculating a spectral kinship matrix) while they actu-
ally are very correlated to each other. More classical uses
of NIRS made in the field of chemometrics rather calculate
“features” of spectra (e.g., principal components) to further
analyze them (J.-M. Roger [personal communication, January
7, 2025]). The possibility to use few wavelengths questions
the need for “omic” information in prediction, which are
typically quite costly (genomic, transcriptomic among oth-
ers). As stated in Zhu et al. (2021, 2022), each wavelength,
behaving like endophenotypes may contain additional infor-
mation including additive, nonadditive, environmental, and
genotype—environment—interaction effects. As such, using a
reduced number of bands could in fact contain an omic type
of information despite the low number of variables measured
compared to classic omics.

That being said, all the nonadditive information suppos-
edly contained in the spectra were not explicitly taken into
account in our models, and it is impossible at this stage to con-
firm that this information is responsible for PP performances.
The growing body of results concerning PP that could be
explained by the endophenotype behavior hypothesis calls for
a better understanding of the information contained in the
spectra and how it can be linked to genetic relationship matri-
ces. It would be interesting to decompose the phenomic signal
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into its additive and nonadditive parts to compare models that
contain both or neither. Further analysis could also focus on an
efficient way to make this decomposition, which may borrow
from the chemometrics framework.

S | CONCLUSION AND PERSPECTIVES

The interest of PP for sorghum breeding has been demon-
strated. We studied factors impacting PP, confirmed some
of its advantages over GP concerning training population
definition and size, but we also highlighted a strong trait
dependency of these advantages. We also stressed the robust-
ness of PP in unfavorable application conditions, and when
using only a few selected wavelengths, opening prospects for
the adoption of PP in breeding programs from the global
south. Further studies are still needed to better understand and
decompose phenomic information to use each component at
best in predictive models.
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