G3,2023, 13(5), jkad045

https://doi.org/10.1093/g3journal/jkad045
Advance Access Publication Date: 27 February 2023

Genomic Prediction

G3.:

Genes | Genomes | Genetics

OXFORD

Multimodal deep learning methods enhance genomic
prediction of wheat breeding

Abelardo Montesinos—L(’)pez,1 Carolina Rivera,? Francisco Pinto,? Francisco Pifera,? David Gonzalez,> Mathew Reynolds,2
Paulino Pérez—Rodrl'guez,3 Huihui Li,* Osval A. Montesinos-Lépez ® >* Jose Crossa @2'3’*

1Departamento de Matematicas, Centro Universitario de Ciencias Exactas e Ingenierias (CUCEI), Universidad de Guadalajara, 44430, Guadalajara, Jalisco, Mexico
ZInternational Maize and Wheat Improvement Center (CIMMYT), Carretera México- Veracruz Km. 45, El Batan, CP 56237, Texcoco, Edo. de México, Mexico

3Colegio de Postgraduados, Montecillos, Edo. de México, CP 56230, Mexico

“Institute of Crop Sciences, The National Key Facility for Crop Gene Resources and Genetic Improvement and CIMMYT China office, Chinese Academy of Agricultural
Sciences, Beijing, 100081, China

SFacultad de Telematica, Universidad de Colima, C. P. 28040, Colima, Estado de Colima, México

*Corresponding authors: Email: oamontes2@hotmail.com; Email: j.crossa@cgiar.org

Abstract

While several statistical machine learning methods have been developed and studied for assessing the genomic prediction (GP) accuracy
of unobserved phenotypes in plant breeding research, few methods have linked genomics and phenomics (imaging). Deep learning (DL)
neural networks have been developed to increase the GP accuracy of unobserved phenotypes while simultaneously accounting for the
complexity of genotype—environment interaction (GE); however, unlike conventional GP models, DL has not been investigated for when
genomics is linked with phenomics. In this study we used 2 wheat data sets (DS1 and DS2) to compare a novel DL method with conven-
tional GP models. Models fitted for DS1 were GBLUP, gradient boosting machine (GBM), support vector regression (SVR) and the DL
method. Results indicated that for 1 year, DL provided better GP accuracy than results obtained by the other models. However, GP ac-
curacy obtained for other years indicated that the GBLUP model was slightly superior to the DL. DS2 is comprised only of genomic data
from wheat lines tested for 3 years, 2 environments (drought and irrigated) and 24 traits. DS2 results showed that when predicting the
irrigated environment with the drought environment, DL had higher accuracy than the GBLUP model in all analyzed traits and years.
When predicting drought environment with information on the irrigated environment, the DL model and GBLUP model had similar ac-
curacy. The DL method used in this study is novel and presents a strong degree of generalization as several modules can potentially be

incorporated and concatenated to produce an output for a multi-input data structure.

Keywords: conventional genomic prediction method, novel deep learning method, genomic prediction accuracy (GP accuracy)

Introduction

The principle of genomic selection (GS) and genomic prediction
(GP) is to build an accurate prediction model based on a training
population comprised of individuals with both genotypic and
phenotypic data to predict unobserved lines. Extensive research
studies were conducted and novel statistical methods that in-
corporate pedigree, genomic, and environmental covariates
(e.g. weather data) into statistical-genetic prediction models
have been developed, studied, and employed (Crossa et al.
2021). Genomic Best Linear Unbiased Predictor (GBLUP) models
are widely used in GP, and the extension of GBLUP for incorporat-
ing genotype X environment (GE) interaction improved the accur-
acy of predicting unobserved cultivars in environments. Jarquin
et al. (2014) found that the prediction accuracy of models, includ-
ing the GE term (reaction norm model), was substantially higher
(17-34%) than that of models based only on major effects. For a
maize ordinal data set, A. Montesinos-Lépez et al. (2017) reported
that models including GE achieved gains of 9-14% in prediction
accuracy over models including only main effects. Using wheat

data, Cuevas et al. (2016) found that models with the GE term
were up to 60-68% better in terms of GP accuracy (association be-
tween the true genotypic values and the genomic genotypic va-
lues) than the corresponding single-environment models.

The genomic model that includes GE has been successfully used
in several wheat and cotton applications, as exemplified by
Pérez-Rodriguez and de los Campos (2014), who used only pedigree
relationship information and environmental covariables, and
Crossa et al. (2016), who used only markers in large sets of wheat
gene bank landraces. Velu et al. (2016) applied the reaction norm
model in wheat lines from CIMMYT’s biofortification breeding pro-
gram, with Zn and Fe content in the grain and other agronomic
traits measured during two successive crop seasons (2011-2012
and 2012-2013). The prediction accuracy of Zn ranged between
0.331 and 0.694, with an average of 0.542. Prediction ability for Zn
was more effective in high Zn environments when compared to
low Zn environments. Prediction accuracy for Fe ranged from
0.324t00.734 with a mean prediction of 0.529 across environments.

Continued increases in GP accuracies reflect the success of gen-
omic data for establishing genomic-assisted plant breeding
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(Bonnett et al. 2022; Beyene et al. 2015) and, subsequently, for in-
creasing crop productivity in less time. Recently, studies have
shown the benefits of integrating modern technologies into breed-
ing programs (Crossa et al. 2021; A. Montesinos-Lépez et al. 2017,
2018; O.A. Montesinos-Lopez et al. 2019; Costa-Neto et al. 2021a,
2021b). This includes both genomics and detailed trait analysis
using advances in phenomics (e.g. image or high-throughput
phenotype, HTP) and environment characterization to increase
the genomic prediction, thus accelerating future increases in gen-
etic gains and crop production. There is empirical evidence show-
ing that integrating HTP information with GS data has the
potential to complement GS and increase crop productivity. One
of the advantages of recent phenotyping technology is that it
can quickly and accurately obtain data on many agronomic traits.

The primary goal of plant imaging HTP is to measure the differ-
ent physiological stages of the plant through automated processes
using digital camera technology that collects reflectance data at
different wavelengths. This data can predict physiological or agro-
nomic traits in plants with scores of spectral vegetative indices
that are used as predictors. The reflectance data can also be
used directly to predict the traits of interest. Using images to im-
prove GP accuracy was highlighted by A. Montesinos-Lépez et al.
(2017), who proposed Bayesian functional regression models con-
sidering all available image bands, genomic or pedigree informa-
tion, the main effects of lines and environments, as well as GE
and the band x environment (BE) interaction effects. The authors
observed that the models with BE interaction terms were the most
accurate, while the functional regression models and the conven-
tional models performed similarly in terms of prediction accur-
acy. Functional regression models are more parsimonious and
computationally very efficient.

The interdisciplinary researchers in computing statistics and
data science focus on achieving more accurate GP by using vari-
ous statistical models. In this regard, deep neural network meth-
ods are powerful prediction tools in machine learning. Recent
developments in deep neural networks and faster computer pro-
cessing have made it possible to add new layers to the neural net-
work (deep machine learning, DL) to capture small cryptic
correlations between inputs, which in GP are interactions between
markers that reflects the gene x gene and higher-order interaction
(genetic epistasis). Initial applications of machine learning and
neural networks in animal and plants GP were demonstrated
by Gianola et al. (2011), Gonzalez-Camacho et al. (2012),
Gonzalez-Camacho et al. (2016) and Gonzélez-Recio and Forni
(2011), O.A. Montesinos-Lépez et al. (2018), and O.A.
Montesinos-Lépez et al. (2019).

Recently, several applications of GP using DL have been studied
and compared with other methods (O.A. Montesinos-Lépez et al.
2019). O.A. Montesinos-Lépez et al. (2018) used the prediction per-
formance of DL applied to multi-trait model and compared it to
the performance of the Bayesian multi-trait and multi-
environment (BMTME) model. The authors found that when the
GE term was excluded, the best predictions were observed under
the DL multi-trait model; however, when the GE term was consid-
ered, the BMTME outperformed the DL multi-trait. Using 9 data
sets, O.A. Montesinos-Lépez et al. (2018) found that when the GE
interaction term was excluded, the DL method was better than
the GBLUP model in 6 out of the 9 data sets. However, with the in-
clusion of GE, the GBLUP model was the bestin 8 out of 9 data sets.
O.A. Montesinos-Lépez et al. (2018) compared GBLUP, univariate
and multi-trait DL and found that when the GE was included,
the best predictions were observed under the GBLUP model, while
the worst were under the univariate DL model. However, when the

GE was ignored, the best predictions were observed under the
GBLUP method and the multi-trait DL model.

The most applied DL architectures in GS are the multilayer per-
ceptron and the convolutional neural networks (CNN) (Jiang and
Li 2020; O.A. Montesinos-Lopez et al. 2021a, 2021b). Although
thousands of single nucleotide polymorphisms (SNP) can be
used in both DL methods, to avoid training a model with a vast
number of parameters, the squared root matrix or the Cholesky
factor of the genomic relations matrix is used. Another less com-
putationally intensive option is the recently proposed method of
Nazzicari and Biscarini (2022), which uses genomic data as an im-
age for input data in the CNN by first ordering the data through
hierarchical clustering. This last option could be used under a
multimodal strategy where for each type of information, an indi-
vidual neural network is created and its outputs are used as inputs
in another output layer to produce the prediction value (Ouyang
et al. 2014; Baltrusaitis et al. 2018). For an early overview on deep
multimodal learning models, see Ramachandram and Taylor
(2017), who explore its applications in diverse research fields.
For example, in agriculture, Danilevicz et al. (2021) employed
multimodal DL to integrate management and genotype informa-
tion with the multispectral data to describe plant conditions
during the field trial. A recent study integrated genomic, environ-
ment, and management data in a multimodal DL and found that
multimodal DL and GBLUP, which included several interactions,
had the best overall performance (Kick et al. 2023). Likewise, in
the field of healthcare, multimodal learning models have been
widely used (Huang et al. 2020; Venugopalan et al. 2021;
Stahlschmidt et al. 2022; Kline et al. 2022).

Based on the previous considerations, the main objectives of
this study were to compare the GP accuracy of several statistical
machine learning models: (1) the conventional Bayesian GBLUP
model, implemented by means of the Bayesian generalized linear
regression (BGLR) R package (Pérez-Rodriguez and de los Campos
2014), (2) a novel multimodal genomic DL (MMDL) method that
uses the creation of an individual neural network (as opposed to
combining all available features types to feed a network) that
combines the outputs to create the output value, (3) the gradient
boosting machine (GBM) that can be used with regression (Hastie
etal. 2009), and (4) the support vector regression (SVR) as a scheme
to predict continuous values (Drucker et al. 1996).

Two wheat data sets were used in this study. Data set 1 (DS1)
includes 350 wheat lines and incorporates genomic and image
(NDVI) values as covariables that were measured several times
atthe vegetative (VG, 4 times) and grain filing (GF, 2 times) periods;
both measurements were used on the same date of each year
(aligned), using the average of these covariables on both periods.
Furthermore, DS1 was analyzed over 2 years (cycles 2015-2016
and 2016-2017) using 2 traits: grain yield (YLD, grams per square
meter) and thousand grains weight (TGW). Genomic prediction
of DS1 were performed with GBLUP, MMDL, GBM, and SVR. DS2
was analyzed over 3 years; between 145 and 155 lines were tested
in 2 environments (drought and irrigated) and 2 or 4 traits were
measured. DS2 includes genomics but does not include image
data. We predicted 1 entire year with the other using GBLUPs
and deep learning (DL) methods with genomic information as
the unique predictor.

Materials and methods

This section has 5 subsections, each one describing (1) the struc-
ture of the phenotypic data sets, (2) how the metrics for assessing
the prediction accuracy were computed, (3) the genotypic data, (4)
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the aerial high-throughput phenotyping used for DS1, and (5) the
statistical models. The Appendix details how the two phenotypic
data sets, DS1and DS2, were adjusted for the experimental design
in each year and environment and for each trait.

Phenotypic data
Data set 1 (DS1)

The data set is a panel of 350 wheat cultivars and wheat acces-
sions from a wheat gene bank, evaluated by the Physiology Unit
of the Global Wheat Program at the International Center for
Maize and Wheat Improvement (CIMMYT) over 2 years, using cy-
cles 2015-2016 and 2016-2017 for 2 traits—grain yield (YLD, grams
per square meter) and thousand grains weight (TGW)—under
yield potential conditions (fullyirrigated, timely sown). As already
mentioned, data set 1 used genomic and image (NDVI) values as
covariables; these were measured several times at the vegetative
and grain filing periods and both measurements were used for (1)
the same date of each year (aligned) or (2) the average of these cov-
ariables on both measurements’ periods. An alpha lattice design
was used with 2 replicates and 6 incomplete blocks of size
5. The bands were measured 4 times during the vegetative (VG)
period and 2 times during the grain filling (GF).

Data set 2 (DS2)

This data set is a panel of synthetic hexaploidy wheat lines that
were formed by the hybridization and doubling of the cross be-
tween durum wheat and Aegilops tauschii, which were evaluated
over 3 consecutive years (2015-2016, 2016-2017, and 2017-2018)
by the Physiology Unit of the Global Wheat Program at CIMMYT.
For each year, between 145 and 155 lines were tested in 2 kinds
of environments, drought (suboptimal yield potential conditions)
and irrigated (optimal yield potential conditions), and 2 or 4 traits
were measured (biomass=BM, harvest index=HI, a thousand
kernel weight =PMG, and grain yield =YLD). To predict each trait
in one environment with information from the other environment
for each year, methods GBLUPs and DL were used with G as the
unique predictor.

Assessing prediction accuracy

The prediction accuracy of several models was assessed by two
methods: (1) predicting the performance of 1 entire year using
all the lines from another year (leave-one-year out, LOO) and (2)
a 5-fold cross-validation (5FCV) considering a training set of 80%
of the wheat lines that predict 20% of the testing set comprised
of unobserved wheat lines. Note that the multimodal DL model
is only used under the 5FCV where the genomic and year predic-
tors were included.

For DS2, no information on images were available for this data
set, and for each year the prediction accuracy was assessed by
predicting the performance of 1 entire environment (irrigated or
drought) using all the lines from the other environment (LOO).
Consequently, for this data set the multimodal DL resumes to
the standard DL as module year (environment) and its interaction
with the year is not applied when using the LOO cross-validation
method.

Genotyping data

For both panels, the DNA extraction was performed using the
commercial kit and were genotyped using the 35K Axiom
Wheat Breeders array (Affymetrix, High Wycombe, UK) (Allen
et al. 2017). For each marker, the genotype for each line was coded
as the number of copies of a designated marker-specific allele

carried by the line (absence =0 and presence =1). SNP markers
with unexpected heterozygous >10% were removed; remaining
heterozygous genotypes were recoded as either AA or BB accord-
ing to the allele with higher frequency. Those markers that had
more than 20% missing values or with minor allele frequency
(MAF) < 0.05 were removed. Residual missing genotypes were im-
puted using mean imputation. A total of 10,560 and 10,064 SNPs
were still available for analysis after quality control and imput-
ation for DS1 and DS2, respectively.

Aerial high-throughput phenotyping for DS1
Aerial multispectral images were collected using UAVs over the
trials. In year 2015-2016, multispectral images were collected at
65 m above the ground using a MultiSpec 4C camera (SenseFly/
Airinov, France) mounted on an eBee fixed-wings UAV (SenseFly
Ltd., Switzerland). During years 2015-2016, the aerial imagery
was collected at 60 m above ground level using the AscTec Falcon
8 multirotor UAV (Ascending Technologies, Germany) equipped
with an ADC Lite multispectral camera (Tetracam, USA).

The multiple images were collected over the trials flying the
drones in north-south flight lines with a lateral and longitudinal
overlap of ~80% of the field of view. Data collection took place un-
der clear skies around noon. The images were used to reconstruct
mosaics of the trials using the Pix4D Mapper software (Pix4D,
Switzerland). The geo-referencing of each mosaic was achieved
using ground control points distributed in the field. The spectral
reflectance was calculated using calibration panels and then the
NDVI was calculated using the RED and NIR bands. The NDVI
orthomosaics were exported to ArcGIS (ESRI, USA) where a grid
of polygons representing each plot was adjusted on top of the im-
age. Before data extraction, the polygons were buffered 30 cm
from each side to avoid the border effect and soil pixels. Using
the “raster” package in R, the value of NDVI per plot was calcu-
lated by averaging all the pixels enclosed by each polygon and dis-
carding possible outliers and soil pixels.

Statistical and machine learning models with
cross-validation

The GBLUP model with 5FCV and LOO cross-validation
The statistical GBLUP model used in this study assumed that each
response variable is modeled as

4

2
Yy =p+year + gi+yearx gi+ Y oo iXugii + O Por Xt + €5 (1)
= =

were Y is the value of the response variable of line jth measured
inyearith, pis the general mean, year; is the fixed effect of the year
ith(i=1, ...,1),9;(=1, ...,J) is the random effects of lines, year x
gy is the random interaction year x line effect, ;) (=1, ..., 4)
and fi) (=1, 2) are the coefficients of the covariable NDVI (aver-
age or all dates measurements) measured for line jth during sev-
eral times at the vegetative (x,gj) and grain filling (x, ;) periods,
respectively, and ¢; are independent random errors assumed to
be a normal variable with mean 0 and variance ¢°. Furthermore,
it is assumed that the random effect of lines g = (g4, ..., g))" is dis-
tributed as Nj(0y, 52G), while the interaction year x line random ef-
fects Yg=(yearx g1, ..., year x gy, ..., year X go1, ..., yearx gy’
follow a Ny(0y, a%g (I ® G)), with 0y null vector of size IJ, I; the iden-
tity matrix of dimensions I x I, ® denote the Kronecker product, and
G is the genomic relationship matrix (Van Raden 2008).
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A Bayesian estimation of this model (GBLUP) was implemented
with the BGLR R package using the defaults priors for the para-
meters (Pérez-Rodriguez and de los Campos 2014), where for
both covariables (x,gj and xe ;) a flat prior was used for its corre-
sponding regression coefficients. This model was used in the
evaluation of GP accuracy under the SFCV, that is, the available
data set was partitioned in five balanced sub-sets, and 4/5 of
them were used to train the model, while the remaining (1/5, test-
ing) were used to evaluate its performance. This process was re-
peated until each 1/5 part of the partition was left out of the
training process to evaluate its performance, and finally, the aver-
age of the metric values obtained across all five partitions was re-
ported as the global evaluation performance of the particular
model being evaluated. This model was also used for the evalu-
ation of the prediction performance of 1 entire year using all the
lines from the other years (LOO); however, the terms year; and
year x gj effects were removed.

Deep learning under the 5-fold cross-validation (SFCV)

The same information previously described was used under the
DL model, where genomic and NDVI covariables were measured
in the 2 periods; VG and GF, were used as inputs. The DL model
used for performing the GP accuracy under the 5FCV is a multi-
modal DL (MMDL; Ramachandram and Taylor 2017) with 3 modal-
ities (type of information used; see Fig. 1) under multilayer
perceptron deep neural network (MP) given by

@

g,
LK 0 )
Yij =f(xij; W) =fo bo + Z wkq Xiﬂeq (2)
q=1 k=1
T .
where x; = (x],, X}, XJ;)', X[, Xj,, and xj, are the 3-modality (type

of inputs) vectors and are, respectively, the ij -th row of the follow-
ing matrices, Xyear is the matrix design of year, Zf:ZLLT with Z; the
matrix design of lines and L is the upper triangular part of the
Cholesky decomposition of G(G = LTL), Xnpvis = [Xvg, Xof], and Xyg
and X, are the matrix designs of NDVIs measurementin the vege-
tative and grain feeling periods, respectively. ng_‘ﬁ is the hidden
layer for the g th type neural network created with modality q,
xgq q=1,2,3.

N

Additionally, xgiq =fig (bqu + i wsznqxgr_n;)) k=1, ...,N;, are
m=1

the hidden neurons in hidden layer I, I:l,..,ng, for q th

0
i
1, ...,pq, are all the inputs (predictors) for the q th modality

type neural network (modality) g, where; X' =XjngMm=

xgq = (Xij1g> -++» Xijp,q)» 4= 1,2, 3; brg, k=1, ..., N, are the bias for

hidden neurons (Nl@) in hidden layer [ for the q th neural network

of modality q (NN), wglnq, m=1, ..., N@l, are the weights to com-

pute the k -th neuron in hidden layer | from the N@l neurons of
layer 1-1 for the g th type neural network (modality) g,

bo, wg)and fo are the bias, weights, and the activation function

for the output layer, respectively; while fi;, 1=1, ..., ng{ are the
activations functions for all the hidden layers in the qth modality;
and W is the vector of all weights in the model. After each dense
layer and before activation, a batch normalization layer was ap-
plied to approximately standardized (mean close to 0 and stand-
ard deviation close to 1) corresponding outputs (see more details
in Fig. 1).

Deep learning under leave-one-year out (LOO)

To evaluate DL models for predicting the performance of 1 entire
year using all the lines from the other year, the same model (2)
was used; however in this version only 2 modalities were used:
Z; and Xnvis. All DL models applied are versions of model (2)
with a stacked residuals network (RestNet) composed of 2 se-
quence layers (He et al. 2016) and implemented with library
TensorFlow in Python software. The model was fitted using a
Batch_size value equal to 32, 128 epochs and the Adam optimizer
(a popular stochastic gradient descend method to minimize the
penalized loss function in a DL), and using callback options of
the fit keras function. We specified an adaptative exponential de-
cay learning scheduler.

For the training process, we established the validation split ar-
gument equal to 0.10 and again by means of the callback option,
an early stopping rule was stated with monitor = “loss,” mode =
“min,” and patience= “Pat” to check if the loss function in training
data at the end of each epoch ceases to decrease, and if it con-
tinues to an additional Pat epoch, the training is stopped.
Likewise, to prevent overfitting, dropout and L2 regularization
were added at each layer involved, except for the output layer,
where only the last one was applied. Learning decay (wd), patience
values (Pat), dropout rate (DO), and regularization parameters (i)
were also considered as hyperparameters to be tuned. L2 regular-
ization penalized the loss function (sum of squared error loss, for
example) with the sum of squared weights by means of the regu-
larization parameter () that controls the degree to which the
weights are shrunk toward zero, reducing the complexity of the
model and avoiding fitting the training data too well. Dropout con-
sists of setting a random fraction of the weights to O at each step
during training time.

In all, for each modality (type of input) under an MP, the num-
ber of units after the second hidden layer was equal to half of the
units in the precedinglayer, that s, if N<f> is the number of units of
the first hidden layer in the NN g, then the units for the rest of the
layers was taken as Nl(q) = N(ﬂ)z(l—l), 1=2, ..., ”%—?L where the x de-
notes the functions that take the largest integer less than x.
Additionally, in all hidden layers the rectifier linear unit (relu) ac-
tivation function was used, except for the output layer because
the traits analyzed were quantitative with an approximante nor-
mal distribution and a linear activation was applied.

The hyperparameters of the MMDL model were tuned using the
library bayes_opt with 150 iterations, where the objective was to
find the “optimal” hyperparameter values that minimize the val-
idation means squared error. The complete list of hyperpara-
meters and its domain space where the “optimal” values were
searched is shown in Table 1. Further references in the manu-
script will use MMDL as the specific DL when only 5FCV was
used in DS1. The models were run in 1 computer node with 16
GB of RAM and 8 cores, using Python version 3.8.0 and
TensorFlow 2.7.0, requiring an average of 8 hours to train a model
with the specified characteristics described in the paper.

Gradient boosting machine (GBM) with LOO
cross-validation

The GBM is a machine learning algorithm originally proposed for
improving weak classifiers, that can be used with many statistical
learning methods including regression (Hastie et al. 2009). It is a
modification of the original boosting algorithm and was intro-
duced by Friedman (2001), proposing to fit a base learner on a sub-
sample of the training set drawn at random without replacement
at each iteration of the algorithm.
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MP Neuronal
Network 2

MP Neuronal
Network 1

FCI.(LZ]+BN+RELU
MP Neuronal l

Network 3

Concatenate outputs of all three MP Neuronal Networks+FCL+L2

Fig. 1. Left diagram: Multimodal deep learning model (MMDL) with 3 modalities (type of input). Right diagram: stacked residuals network (RestNet)
composed of 2 sequence dense layers (FCL) applied in each MP neural network. FCL(L2)+ +BN + RELU denote the successive application of a full connected
layer (FCL) with L2 regularization, batch normalization layer and relu activation. The meaning is similar for FCL(L2)+BN, while DO indicate the
application of the dropout regularization. Batch Normalization (BN) also works as a regularizer to speed up the training process (He et al. 2016). To produce
the final output, the concatenated outputs of three networks are used as an input in the output layer with 1 neuron, linear activation function, and L2
regularization for its weights (concatenate outputs of all 3 (multilayer perceptron deep neural network) MP neural networks + FCL + L2).

Table 1. Hyperparameters of DL model 2 and its domain space.

Hyperparameter Hyperparameter Bounds
Hidden layers n&)_ (1,4)
e (L6)
) (16)
Number of neurons N, 1(1) 0,16)
N? 0,1024)
N® 0,64)
Regularization A (le-8,1e-2)
parameter for L2
Dropout DO (1% 107%,0.5)
Log weight decay lwd=In(wd) (n(4x107), In(4x107)
Patience Pat (0,64)

Log learning rate lir=1In(lr) (In(1x107°), In(1x 1072))

We implemented the following GBM algorithm proposed by
Friedman (2001), where (y;, x;), for i=1,2,...,n are the
data (output and input), M number of iterations, ¢(y, f) is the cho-
sen loss function, and choose the base-learner model h(x, 6):

Algorithm: initialize fo with a constant and for t = 1 to M, repeat
Steps 1-4:

Step 1: compute the negative gradient of ¢(y;, f) with respect to f
(9:(x7))

Step 2: fit a new base-learner function h(x, ;) for predicting
gt(x;) from the covariables x;.

Step 3: ind the best gradient descent step-size p;:

py=argmin > ol fioa (%) +phxi, 0,)]
p

Step 4: update the function estimate: f; < fi1 + p.h(x, 6;)

Step 5: final predictions: f(x) = fu(x)

The GBM method was implemented using a Gaussian loss func-
tion (based on normal distribution), and as a base-learner model
(h(x, 6:)), the decision trees were used with interaction depth equal

to 1, number of trees equal to 5000, the shrinkage value 0.001, with
the minimum number of observations in the terminal nodes of the
tree equal to 10, and 0.5 as the fraction of the training set observa-
tions randomly selected to propose the next tree in the expansion.
This was done using the GBM R package (Greenwell et al. 2022).
Like in the GBLUP and DL models, the information used here as in-
puts contained information of environments, the information of
the genotypes with markers and the information of NDVIs mea-
surements for the S5FCV evaluation. The LOO evaluation was
similar.

Support vector regression (SVR) with LOO cross-validation
Support vector regression is an extension of support vector ma-
chine developed for classification and was proposed by Drucker
etal. (1996) as a scheme to predict continuous values. Support vec-
tor regression in linear case seeks beta coefficients that minimize
the regularized sum of the deviation error not larger than some
positive constant (¢) defined as

=C Zn: Ve(yi = o = X o) + (Zﬂz)

where L.(e) =0 if e< e and L.(e) = e — € otherwise and C (cost con-
strain violations) is the inverse of the regularization parameter.
Equivalently, SVR solve the following optimization problem (in
case this is feasible):

Minimize

1
SlBoll®

subjectto |y;—fy—xIfol<e, i=1,...,n

When this problem does not have a solution (is infeasible), slack
variables are usually introduced to allow for some errors and ob-
tain a less rigid model, allowing an e -precision approximation for
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Fig. 2. DS1.Normalized Root Mean Squared Error of Prediction (NRMSEP) for the prediction of a complete year using information from the other year
(leave one environment out, LOO) for traits TGW and YLD using the models fitted with GBLUP with BGLR (R software) and with DL (Python software) with
the predictors G (red Type of NDVI__, no use of NDVI), which correspond to the genomic matrix, G + NDVIs_gf (green), G + NDVIs_vg (blue), and G +
NDVIs_vg_gf (purple) for the NDVIs covariate in any of its 2 types NDVI averages and dates aligned.
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Fig. 3. DS1.Correlation Mean (Cor Mean) for the prediction of a complete year using information from the other year (leave one environment out, LOO) for
traits TGW and YLD using the models fitted GBLUP with BGLR (R software) and with DL (Python software) with the predictors G (red Type of NDVI__, no
use of NDVI), which correspond to the genomic matrix, G + NDVIs_gf (green), G + NDVIs_vg (blue), and G + NDVIs_vg_gf (purple) for the NDVIs covariatein

any of its 2 types NDVI averages and dates aligned.

some of the training data points. For more specific details about
this extended formulation, see Smola and Schélkopf (2004). This
technique was implemented with the R package e1071 (Meyer
et al. 2022), using linear kernel and default values for the rest of
the parameters (e=0.1 in the insensitive loss-function, tolerance
0.01, and cost of constraint violations equal to 1).

Result

As already mentioned, DS1 was fitted with models GBLUP, DL,
GBM, and SVR. The genomic prediction ability assessment was

performed using S5FCV and LOO with genomic and image informa-
tion. Furthermore, all tables (Tables 1-10) and Figs. 1-5 show re-
sults based on DS1. The multimodal DL applies only to the 5SFCV
validation of DS1 (Figs. 4 and 5). DS2 was fitted with models
GBLUP and DL; the genomic prediction ability assessment was
performed using LOO with only genomic data. Results from DS2
are displayed in Figs. 6 and 7.

Ds1
Several models were fitted for 2 traits (YLD and TGW); for different
predictors; training sets (SFCV and LOO) including genomic (G),
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Fig. 4. DS1. Normalized Root Mean Squared Error of Prediction (NRMSEP) under a 5-fold cross-validation for traits TGW and YLD, for models fitted under
BGLR (R software) and multimodal DL (Python software) with the predictors being year + G, which correspond to the year and the genomic matrix, year +
G +NVVDIs_gf, and year + G + NDVIs_vg, adding the covariate NDVIs as average or aligned dates (Type_NDVIs). For the GBLUP the following predictors
are also used, year + G + year x G, making use of the interaction between the genomic matrix and the year, year + G + year x GID + NDVIs_gf, year + GID +
year x GID + NDVIs_vg, and year + G + year x GID + NDVIs_vg_gf that adds the NDVIs covariate in 1 of its 2 types (Type of NDVIs), averages and dates
aligned.
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Fig. 5. DS1. Correlation Mean (Cor Mean) under a 5-fold cross-validation for the prediction of traits TGW and YLD, for models fitted under GBLUP with
BGLR (R software) and multimodal DL (Python software) with the predictors being year + G, which corresponds to the year and the genomic matrix, year +
G+ NVVDIs_gf, and year + G + NDVIs_vg, adding the covariate NDVIs as average or dates aligned (Type of NDVIs). For the GBLUP the following predictors
are also used, year + G + year x G, making use of the interaction between the genomic matrix and the year, year + G + year x GID + NDVIs_gf, year + GID +
year x GID + NDVIs_vg, and year + G + year x GID + NDVIs_vg_gf that adds the NDVIs covariate in 1 of its 2 types (Type of NDVIs), averages and dates
aligned.

year, Gxyear; and the different types of NDVIs (NDVI average
across dates or NDVI aligned for dates), using the GBLUP
with BGLR (R software) and DL (Python software). We considered
fitting models with only the genomic component (G) (with no
NDVI included in the model) and models that included NDVI as
covariables measured at the vegetative (NDVI_vg) and grain filing
stage (NDVI_gf), included both vegetative stage and grain filing

(NDVI_vg_gf). Each of these cases were tested under 2 different
schemes: NDVI with dates aligned and NDVI with average values
across all data.

The different genomic prediction accuracies for the SFCV ob-
tained from fitted sub-models of 1 and 2 are shown in Tables 2
and 3. In the last 2 blocks of Table 3 (GBM-TGW and GBM-YLD)
and Table 4, prediction accuracies are shown under the same
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Fig. 6. DS2. Normalized Root Mean Squared Error of Prediction (NRMSEP) for the prediction of a trait (BM, HI, PMG, and YLD) in drought (irrigated)
environment using information from an irrigated (drought) environment (leave one environment out, LOO) using a sub-model of (1) fitted with GBLUP and
with a sub-model of DL model (2), both with the predictor G. Each of these sub-models were fitted for each year (2015-2016, 20162017, and 2017-2018)

and each trait.
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Fig. 7. DS2. Correlation Mean (Cor Mean) for the prediction of a trait (BM, HI, PMG, and YLD) in drought (irrigated) environment using information from an
irrigated (drought) environment (leave one environment out, LOO) using a sub-model of 1 fitted with GBLUP and with a sub-model of DL model 2, both
with the predictor G. Each of these sub-models were fitted for each year (2015-2016, 2016-2017, and 2017-2018) and each trait.
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Table 2. DS1.

Model NRMSEP Cor Type of NDVIs
GBLUP-TGW

Year+G 0.0663 (0.0089) 0.8116 (0.0195 —
Year + G+ NDVI_gf 0.0664 (0.0091) 0.8112 (0.0209 Average

Year + G+ NDVI_gf 0.0666 (0.0089) 0.8095 (0.0198 Dates aligned
Year + G+NDVI_vg 0.0664 (0.009) 0.8111 (0.0199 Average
Year + G+ NDVI_vg 0.0671 (0.0087) 0.8064 (0.0189 Dates aligned
Year + G+ NDVI_vg_gf 0.0664 (0.009) 0.8108 (0.0202 Average

Year+ G+ NDVI_vg_gf

Year + G +year x GID

Year + G +year x GID + NDVI_gf
Year + G+ year x GID + NDVI_gf
Year + G +year x GID + NDVI_vg
Year + G +year x GID + NDVI_vg
Year + G +year x GID + NDVI_vg_gf
Year + G +year x GID + NDVI_vg_gf
GBLUP-YLD

Year+G

Year + G+ NDVI_gf

Year + G+ NDVI_gf

Year + G + NDVI_vg

Year + G+ NDVI_vg

Year + G+ NDVI_vg_gf

Year + G+ NDVI_vg_gf

Year + G +year x GID

Year + G+ year x GID + NDVI_gf
Year + G +year x GID + NDVI_gf
Year + G +year X GID + NDVI_vg

(

(

(

(

(

(

0.0673 (0.0087)
0.0665 (0.0095)
0.0665 (0.0097)
0.0667 (0.0094)
0.0665 (0.0095)
0.0672 (0.0094)
0.0665 (0.0097)
0.0674 (0.0094)
0.0932 (0.0107
0.0929 (0.0112
0.0931 (0.0106
0.0922 (0.0113
0.0935 (0.0104
0.0921 (0.0117
0.0935 (0.0104

0.0928 (0.0114
0.0931 (0.0109
0.092 (0.0115

Dates aligned

0.81 (0.0241 Average
0.8086 (0.0223 Dates aligned

0.81 (0.0229 Average
0.8056 (0.0222 Dates aligned
0.8097 (0.0239 Average

( )

( )

( )

( )

( )

( )
0.8047 (0.0196)
0.81 (0.0227)
( )

( )

( )

( )

( )

( )

0.8039 (0.0223

Dates aligned

0.7364 (0.0567) —
0.7382 (0.0593) Average
0.7365 (0.0555) Dates aligned
0.7421 (0.0553) Average
0.734 (0.0563) Dates aligned
0.7431 (0.0588) Average
0.7338 (0.0553) Dates aligned
) _

0.0933 (0.0107
0.0919 (0.0119
0.0934 (0.0107

Year + G +year x GID + NDVI_vg
Year + G +year x GID + NDVI_vg_gf
Year + G +year x GID + NDVI_vg_gf

( )
( )
( )
( )
( )
( )
( )
0.093 (0.0109)
( )
( )
( )
( )
( )
( )

(
(
(
(
(
E
0.7375 (0.0568
(
(
(
(
(
(

0.7382 (0.059) Average
0.7367 (0.0563) Dates aligned
0.7436 (0.0556) Average
0.7348 (0.0565) Dates aligned
0.7439 (0.0589) Average
0.7337 (0.0567) Dates aligned

Results of 5-fold cross-validation (SFCV) for 2 traits TGW (thousand grain weight) and YLD (grain yield) for 2 metrics, Normalized Root Mean Squares Error Prediction
[NRMSEP (SD)] and correlation [Cor (SD)] between observed and predicted values for models including year (year), genomic (G), interaction year and genomic (year x
G), and NDVI. Two types of NDVIs were included for NDVI vegetative (vg) and NDVI grain filling (gf), one aligning the dates (dates aligned) and the other one averaging
(average) the dates. SD is the standard deviation across folds. Fitted sub-models of model 1 (GBLUP) with software BGLR.

SFCV strategy for 2 additional explored machine learning models,
gradient boosting machine (GBM) and support vector regression
(SVR). The first method was implemented using the R packages
gbm (Greenwell et al. 2022) with 5,000 trees and default values
for interaction depth and learning rate (1 and 0.001); the second
one was implemented with the R package e1071 (Meyer et al.
2022) using linear kernel and default values for the rest of the
parameters (e=0.1 in the insensitive loss-function, tolerance
0.01, and cost of constraint violations equal to 1).

Trait TGW had GP accuracies higher than trait YLD, and the
mean correlation between observed and predicted values (Cor
Mean) was consistently higher (and NRMSEP consistently smaller)
for NDVIaverage than NDVIwith data aligned (Table 2). Moreover,
the GE model did not improve GP accuracy nor did the inclusion of
various NDVIs (NDVI_vg, NDVI_gy, and NDVI_vg gf) except for
NDVI_average. Similar result patterns were found for DL (first
two blocks in Table 3, TGW-DL, and YLD-DL); however, GP accur-
acy was slightly lower than those achieved by the models fitted by
GBLUP. Note that the term year x G was not included in DL, as the
previous results indicated (Montesinos-Lopez et al. 2018, 2019)
that including GE reduced the GP accuracy of DL.

Furthermore, the results (Table 3) of the GBM in trait TGW
show lower accuracy with both metrics when compared to what
was achieved by the DL model, while with the trait YLD, DL
show a slightly lower accuracy in almost all the cases except
with the predictors year + G+ NDVI_gf and year + G + NDVI_vg_gf
when average NDVI was used. Now, with respect to the SVR
(Table 4), the results found for DL with metric Cor Mean were
slightly better than SVR except in trait TGW with the models
thatincluded aligned NDVIsin its predictors. Here, the differences

in the results were moderately better for DL. Similar results were
found with metric NRMSEP, but for trait YLD, the difference was
more remarkable and favored DL except in the case of predictor
year+ G+NDV_vg, where the difference was almost
indistinguishable.

The GP accuracy for the LOO prediction including the various
NDVIs data when models were fitted with the BGLR R package,
model 1 and the DL approach are shown in Tables 5 and 6; the cor-
responding results for GBM and SVR are listed in Tables 7 and 8.
Under sub-models 1, for both traits and for all cases of NDVI, dates
aligned and the average prediction of cycle (year) 2016-2017 using
cycle 2015-2016 as training were much higher than those ob-
tained when predicting 2015-2016 using 2016-2017 as training
(Table 5); these results are for both metrics Cor Mean and
NRMSEP. This does not occur when using DL (Table 6) where mod-
el prediction includes NDVI Dates Aligned versus Average. With
DL the GP accuracy is slightly lower than those found when fitting
models with GBLUP for both traits.

In terms of the GBLUP models, a contrary behavior was ob-
served with the GBM model because in both traits, a slightly better
accuracy was obtained when predicting 2015-2016 using 2016-
2017 as training data when compared to the accuracy obtained
by predicting 2016-2017 with 2015-2016 as training data.
However, in all cases, GBM yielded lower accuracy with respect
to DL models and to GBLUP when predicting 2016-2017.
Gradient boosting machine also provided lower accuracy than
SVR, and SVR gave slightly better accuracy than DL when predict-
ing trait TGW in year 2015-2016 but not when predicting the same
traitin year 2016-2017, resulting in DL being superior in accuracy.
When predicting the second trait (YLD) in year 2015-2016, DL was
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Table 3. DS1.

Model NRMSEP Correlation Type of NDVIs
MMDL-TGW

Year+G 0.0744 (0.0081) 0.7608 (0.0158) —

Year + G + NDVI_gf 0.0722 (0.0078) 0.7888 (0.0215) Average

Year + G+ NDVI_gf 0.0802 (0.0076) 0.7478 (0.0707) Dates aligned
Year + G+ NDVI_vg 0.0741 (0.0067) 0.7617 (0.0333) Average

Year + G+ NDVI_vg 0.0708 (0.0076) 0.7917 (0.0277) Dates aligned
Year + G+ NDVI_vg_gf 0.0695 (0.0099) 0.8054 (0.03) Average

Year + G+NDVI_vg_gf 0.0724 (0.007) 0.7726 (0.0336) Dates aligned

MMDL-YLD
Year+G 0.1092 (0.0215)
Year + G + NDVI_gf 0.1072 (0.0122)
Year + G+ NDVI_gf 0.1081 (0.0156)
Year + G+ NDVI_vg 0.1294 (0.0378)
Year + G+ NDVI_vg 0.1059 (0.0151)
Year + G + NDVI_vg_gf 0.1057 (0.0231)
Year + G+NDVI_vg_gf 0.1087 (0.0133)
GBM-TGW

Year +G 0.0932 (0.0063)
Year + G + NDVI_gf 0.092 (0.0067)
Year + G+ NDVI_gf 0.0931 (0.0064)
Year + G+ NDVI_vg 0.0933 (0.0064)
Year + G+ NDVI_vg 0.0933 (0.0063)
Year + G+ NDVI_vg_gf 0.0921 (0.0067)
Year+G+NDVI_vg gf 0.0933 (0.0062)
GBM-YLD

Year +G 0.1033 (0.0124)
Year + G + NDVI_gf 0.1034 (0.0125)
Year+G+NDVI_gf 0.1034 (0.0122)
Year + G+ NDVI_vg 0.1029 (0.0133)
Year + G+ NDVI_vg 0.1035 (0.0122)
Year + G + NDVI_vg_gf 0.1030 (0.0132)
Year+G+NDVI_vg gf 0.1037 (0.0123)

0.6305 (0.1198

( )
0.6498 (0.0794) Average
0.6693 (0.1124) Dates aligned
0.567 (0.2188) Average
0.6746 (0.0777) Dates aligned
0.6809 (0.0725) Average
( )

0.6636 (0.0721

Dates aligned

0.6046 (0.0256) —
0.6233 (0.0241) Average
0.6068 (0.0256) Dates aligned
0.6037 (0.025) Average
0.6056 (0.0306) Dates aligned
0.6211 (0.0221) Average
0.6038 (0.0301) Dates aligned

0.6854 (0.0448) —
0.6829 (0.0454) Average
0.6842 (0.0439) Dates aligned
0.6869 (0.041) Average
0.6826 (0.0444) Dates aligned
0.686 (0.0421) Average
(

0.6818 (0.0452)

Dates aligned

Results of 5-fold cross-validation (SFCV) for 2 traits TGW (thousand grain weight) and YLD (grain yield) for 2 metrics, Normalized Root Mean Squares Error Prediction
[NRMSEP (SD)] and correlation [Cor (SD)] between observed and predicted values for models including year (year), genomic (G), and NDVI. Two types of NDVIs were
included for NDVI vegetative (vg) and NDVI grain filling (gf), one aligning the dates (dates aligned) and the other one averaging (average) the dates. SDis the standard
deviation across folds. Different fitted sub-models of multimodal DL 2, first 2 blocks in the table (MMDL-TGW and MMDL-YLD). The second 2 blocks (GBM-TGW and
GBM-YLD) correspond to the performance of the gradient boosting machine (GBM) by using 5,000 trees, interaction depth and multimodal deep learning (MMDL) rate

the default values (1 and 0.001) in the gb R package.

superior in accuracy to SVR. The same was true when predicting
the same trait in year 2016-2017 with the predictor excluding
NDVIs covariables (G), the predictor average of both kind of
NDVIs measurements (G+NDVI_vg gf) and predictor including
aligned NDVIs at the vegetative stage (G + NDVI_vg), or including
aligned NDVIs at the grain filling stage (G + NDVI_gf).

When fitting the models G (Type of NDVI_, no NDVI used), G +
NDVI_gf, G+ NDVI_vg, and G + NDVI_gf vg, the results of the met-
ric NRMSEP for the cases of NDVI average and NDVI data aligned.
Figure 2 shows the results of predicting one year using the other as
a training set for both traits TGW and YLD. Most of the results
show that when using NDVI for prediction with an entire year
using the other year as training, the DL method had a higher GP
accuracy (lower NRMSEP) than those obtained from fitting the
GBLUP model. Except for when predicting genomic (G) in GBM
and SVR, DL overcame the fitted GLM for trait TGW in prediction
year 2016-2017 and in same year when predicting TGW with
NDVI data aligned and when predicting YLD with average DNVI
data, where the better accuracy was obtained with GBLUP and
SVR, respectively. When predicting the trait YLD in year 2016-
2017 with NDVI average, all fitted SVR models, followed by
GBLUP models, had better accuracy than DL. Another exception
was also found in the same context (predicting trait YLD in year
2016-2017) but with NDVI data aligned, where GBLUP models out-
performed all other models; this was followed by DL model in two
out three predictors.

Similarly, Fig. 3 displays the results of TGW and YLD from the
metric Cor Mean when fitting the models G (Type of NDVI__, no
NDVI used), G+NDVI_gf, G+NDVI_vg, and G+ NDVI_gf vg for
the cases of NDVI average and NDVI data aligned and predicting
one cycle using the other as training set for both traits TGW and
YLD. Prediction trait TGW in year 2015-2016 with G and G+
NDVI_vg for NDVI_average had higher GP accuracy for DL than
GBLUP, GBM, and SVR, while for the same trait in same year but
with G+ NDVI_gf (average), G+ NDVI_vg (dates aligned), and G+
NDVI_vg_gf (average and dates aligned), SVR had higher GP accur-
acy than all other models (DL, GBLUP, and GBM) followed by DL.
For G+ NDVI_gf (dates aligned) DL and SVR had similar accuracy.
Now, when predicting trait TGW in year 2016-2017, GBLUP had
higher GP accuracy followed by DL, except in G+ NDVI_vg gf
where DL was superior. Here, the worst performance was ob-
tained with GBM.

Continuing with results displayed in Fig. 3, when predicting
YLD in year 2015-2016 DL showed higher accuracy with G, G+
NDVI_gf (dates aligned), G+ NDVI_vg (dates aligned), and G+
NDVI_vg gf (average), followed by SVR, while the rest of SVR cases
had a higher GP accuracy followed by DL. When predicting YLD in
year 2016-2017, GBLUP had the higher accuracy followed by DL,
except with G+ NDVI_vg_gf (dates aligned) where DL was super-
ior. Here again the worst behavior was obtained with GBM.

Another set of results were obtained by fitting 8 different mod-
els including year+G, and year+G+yearxG combined with
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0.7441 (0.0598

Table 4. DS1.
Model NRMSEP Correlation Type of NDVIs
SVR-TGW
Year+G 0.0775 (0.0068) 0.7608 (0.0484) —
Year + G + NDVI_gf 0.0801 (0.0081) 0.7456 (0.0652) Average
Year + G+ NDVI_gf 0.0778 (0.0067) 0.7585 (0.048) Dates aligned
Year + G+ NDVI_vg 0.0781 (0.007) 0.7564 (0.0524) Average
Year + G+ NDVI_vg 0.0821 (0.0114) 0.7333 (0.0907) Dates aligned
Year +G+NDVI_vg_gf 0.0817 (0.01) 0.7358 (0.0809) Average

( ( )

Year+G+NDVI_vg gf
SVR-YLD

Year +G

Year + G+ NDVI_gf
Year+G+NDVI_gf
Year+ G+ NDVI_vg
Year + G+ NDVI_vg
Year +G+NDVI_vg_gf
Year+G+NDVI_vg gf

0.0802 (0.0069)

0.1237 (0.0148)
0.1242 (0.0147)
0.1235 (0.0147)
0.1242 (0.0154)

0.125 (0.0144)
0.1244 (0.0157)
0.1249 (0.0138)

0.6049 (0.0466)
0.6065 (0.0533)

0.588 (0.0838)
0.5928 (0.0863)
0.5772 (0.0974)
0.5915 (0.1043)
0.5798 (0.0929)

Dates aligned

Average
Dates aligned
Average
Dates aligned
Average
Dates aligned

Results of 5-fold cross-validation (SFCV) for 2 traits TGW (thousand grain weight) and YLD (grain yield) for 2 metrics, Normalized Root Mean Squares Error Prediction
[NRMSEP (SD)] and correlation [Cor (SD)] between observed and predicted values for models including year (year), genomic (G), and NDVI. Two types of NDVIs were
included for NDVI vegetative (vg) and NDVI grain filling (gf), one aligning the dates (dates aligned) and the other one averaging (average) the dates. SD is the standard
deviation across folds. Performance prediction of support vector regression (SVR) by usinglinear kernel and default values for the rest of the parameters as done with
the e1071 R package (¢ = 0.1 in the insensitive loss-function, tolerance 0.01, and cost of constraint violations equal to 1).

Table 5. DS1.

Year Predictor NRMSEP Correlation Type of NDVIs
GBLUP-TGW

2015-2016 G 0.1085 0.0865 —
2016-2017 G 0.0607 0.831 —
2015-2016 G +NDVI_gf 0.1124 0.0819 Average
2015-2016 G+NDVI_gf 0.1093 0.0646 Dates aligned
2016-2017 G+ NDVI_gf 0.1608 0.7433 Average
2016-2017 G+NDVI_gf 0.0583 0.8284 Dates aligned
2015-2016 G +NDVI_vg 0.1095 0.0833 Average
2015-2016 G+NDVI_vg 0.1256 0.0144 Dates aligned
2016-2017 G+NDVI_vg 0.1091 0.8224 Average
2016-2017 G+NDVI_vg 0.1234 0.7798 Dates aligned
2015-2016 G+NDVI_vg gf 0.1142 0.0848 Average
2015-2016 G+NDVI_vg gf 0.1227 0.0151 Dates aligned
2016-2017 G+NDVI_vg gf 0.1694 0.745 Average
2016-2017 G+NDVLvg gf 0.0639 0.8175 Dates aligned
GBLUP-YLD

2015-2016 G 0.1527 —0.0085 —
2016-2017 G 0.0958 0.6731 —
2015-2016 G+ NDVI_gf 0.1641 —-0.0015 Average
2015-2016 G+NDVI_gf 0.1473 -0.0038 Dates aligned
2016-2017 G+ NDVI_gf 0.1136 0.6831 Average
2016-2017 G+NDVI_gf 0.109 0.6622 Dates aligned
2015-2016 G+NDVI_vg 0.1398 -0.0117 Average
2015-2016 G+NDVI_vg 0.1622 0.0061 Dates aligned
2016-2017 G+NDVI_vg 0.145 0.6613 Average
2016-2017 G+NDVI_vg 0.1587 0.5558 Dates aligned
2015-2016 G+NDVIL_vg gf 0.1386 —-0.0033 Average
2015-2016 G+NDVI_vg gf 0.1593 0.009 Dates aligned
2016-2017 G+NDVI_vg_gf 0.1726 0.6484 Average
2016-2017 G+NDVI_vg gf 0.155 0.5671 Dates aligned

Results of predicting 1 entire year using the other (leave one environment out, LOO) for 2 traits TGW (thousand grains weight) and YLD (grain yield) for 2 metrics
Normalized Root Mean Squares Error Prediction (NRMSEP) and correlation (Cor Mean) between observed and predicted values for models including and genomic (G)
and NDVI. Two types of NDVIs were included for NDVI vegetative (vg) and NDVI grain filling (gf), one aligning the dates (dates aligned) and the other one averaging
(average) the dates. Fitted sub-models of model 1 with (GBLUP) BGLR R package.

NDVI_vg, NDVI_gf, and NDVI_vg_gf for predicting TGW and YLD
considering year+G and year+G+yearx G without including
NDVI and including the various types of NDVI combined as aver-
age or as dates aligned. The GP accuracy results are shown for
SECV for metrics NRMSEP (Fig. 4) and Cor Mean (Fig. 5) for models
fitted under GBLUP and DL for both traits, TGW and YLD.

Results displayed in Fig. 4 show similar GP accuracy based on
NRMSEP for the 8 models with no increase in GP accuracy when
adding image to the genomic (G) prediction for TGW and YLD.
Another result based on 5FCV is that DL, GBM, and SVR methods
slightly decreased in GP accuracy compared with the models
fitted by the GBLUP for the various G and the types of NDVI
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Table 6. DS1.

Year Predictor NRMSEP Correlation Type of NDVIs
DL-TGW

2015-2016 G 0.0648 0.813 —
2016-2017 G 0.0771 0.781 —
2015-2016 G +NDVI_gf 0.1109 0.7574 Average
2015-2016 G+ NDVI_gf 0.0728 0.7932 Dates aligned
20162017 G+NDVI_gf 0.1055 0.681 Average
2016-2017 G+ NDVI_gf 0.0737 0.7948 Dates aligned
2015-2016 G+NDVI_vg 0.0709 0.8027 Average
2015-2016 G+NDVI_vg 0.1375 0.6767 Dates aligned
20162017 G+NDVI_vg 0.0907 0.7739 Average
2016-2017 G+NDVI_vg 0.0875 0.6989 Dates aligned
2015-2016 G+NDVI_vg gf 0.0817 0.7443 Average
2015-2016 G+NDVI_vg gf 0.1002 0.6872 Dates aligned
2016-2017 G+NDVI_vg gf 0.0807 0.7501 Average
2016-2017 G+NDVI_vg gf 0.0784 0.7771 Dates aligned
DL-YLD

2015-2016 G 0.0899 0.6178 —
2016-2017 G 0.1349 0.6341 —
2015-2016 G+ NDVI_gf 0.1393 0.4596 Average
2015-2016 G +NDVI_gf 0.0985 0.6273 Dates aligned
2016-2017 G+ NDVI_gf 0.1604 0.6494 Average
2016-2017 G+NDVI_gf 0.1465 0.5998 Dates aligned
2015-2016 G+NDVI_vg 0.1952 0.4431 Average
2015-2016 G+NDVI_vg 0.1619 0.5307 Dates aligned
2016-2017 G+NDVI_vg 0.1404 0.6572 Average
2016-2017 G+NDVI_vg 0.1229 0.6305 Dates aligned
2015-2016 G+NDVI_vg gf 0.0893 0.5979 Average
2015-2016 G+NDVI_vg gf 0.4979 0.3018 Dates aligned
2016-2017 G+NDVI_vg gf 0.1289 0.6146 Average
2016-2017 G+NDVI_vg gf 0.1285 0.6024 Dates aligned

Results of predicting 1 entire year using the other (leave one environment out, LOO) for 2 traits TGW (thousand grain weight) and YLD (grain yield) for 2 metrics,
Normalized Root Mean Squares Error Prediction (NRMSEP) and correlation (Cor Mean) between observed and predicted values for models including and genomic (G)
and NDVI. Two types of NDVIs were included for NDVI vegetative (vg) and NDVI grain filling (gf), one aligning the dates (dates aligned) and the other one averaging the

dates (average). (SD standard deviation). Fitted sub-models of DL model 2.

Table 7. DS1.

Year Predictor NRMSEP Correlation Type of NDVIs
GBM-TGW

2015-2016 G 0.61 0.1018 —
2016-2017 G 0.6881 0.0809 —
2015-2016 G +NDVI_gf 0.6098 0.1017 Average
2015-2016 G +NDVI_gf 0.6093 0.1016 Dates aligned
2016-2017 G+NDVI_gf 0.6862 0.0795 Average
2016-2017 G +NDVI_gf 0.6881 0.081 Dates aligned
2015-2016 G+NDVI_vg 0.6102 0.1018 Average
2015-2016 G+NDVI_vg 0.6101 0.1018 Dates aligned
2016-2017 G+NDVI_vg 0.6843 0.0812 Average
2016-2017 G+NDVI_vg 0.686 0.0809 Dates aligned
2015-2016 G+NDVI_vg gf 0.6095 0.1016 Average
2015-2016 G+NDVI_vg gf 0.6094 0.1016 Dates aligned
2016-2017 G+NDVI_vg gf 0.6857 0.0795 Average
2016-2017 G+NDVI_vg gf 0.6871 0.0808 Dates aligned
GBM-YLD

2015-2016 G 0.6148 0.1444 —
2016-2017 G 0.6011 0.1044 —
2015-2016 G +NDVI_gf 0.6154 0.1468 Average
2015-2016 G+NDVI_gf 0.6123 0.1447 Dates aligned
2016-2017 G +NDVI_gf 0.5957 0.1117 Average
2016-2017 G+NDVI_gf 0.5986 0.1075 Dates aligned
2015-2016 G+NDVI_vg 0.6168 0.1423 Average
2015-2016 G+NDVI_vg 0.6149 0.1446 Dates aligned
2016-2017 G+NDVI_vg 0.5967 0.103 Average
2016-2017 G+NDVI_vg 0.598 0.1078 Dates aligned
2015-2016 G+NDVI_vg gf 0.6152 0.1447 Average
2015-2016 G+NDVI_vg gf 0.6145 0.1444 Dates aligned
2016-2017 G+NDVI_vg gf 0.5961 0.11 Average
2016-2017 G+NDVI_vg gf 0.5981 0.11 Dates aligned

Results of predicting 1 entire year using the other (leave one environment out, LOO) for 2 traits TGW (thousand grains weight) and YLD (grain yield) for 2 metrics,
Normalized Root Mean Squares Error Prediction (NRMSEP) and correlation (Cor Mean) between observed and predicted values for models including and genomic (G)
and NDVI. Two types of NDVIs were included for NDVI vegetative (vg) and NDVI grain filling (gf), one aligning the dates (Dates aligned) and the other one averaging
(average) the dates. Gradient boosting machine (GBM) by using 5,000 trees, with interaction depth and learning rate the default values (1 and 0.001) in the gbm R

package.
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Table 8. DS1.
Year Predictor NRMSEP Correlation Type of NDVIs
SVR-TGW
2015-2016 G 0.0773 0.7945 —
2016-2017 G 0.1057 0.6503 —
2015-2016 G+ NDVI_gf 0.0992 0.7646 Average
2015-2016 G+NDVI_gf 0.0892 0.7901 Dates aligned
2016-2017 G+ NDVI_gf 0.157 0.6115 Average
2016-2017 G+NDVI_gf 0.1184 0.6196 Dates aligned
2015-2016 G+NDVI_vg 0.1011 0.781 Average
2015-2016 G+NDVI_vg 0.0868 0.7765 Dates aligned
2016-2017 G+NDVI_vg 0.1271 0.6354 Average
2016-2017 G+NDVI_vg 0.1602 0.6316 Dates aligned
2015-2016 G+NDVI_vg gf 0.0989 0.7811 Average
2015-2016 G+NDVI_vg gf 0.0867 0.7756 Dates aligned
2016-2017 G+NDVI_vg gf 0.1462 0.6101 Average
2016-2017 G+NDVI_vg_gf 0.1707 0.6092 Dates aligned
SVR-YLD
2015-2016 G 0.15 0.5577 —
2016-2017 G 0.1081 0.5304 —
2015-2016 G+NDVI_gf 0.1812 0.5638 Average
2015-2016 G +NDVI_gf 0.1464 0.5081 Dates aligned
2016-2017 G+NDVI_gf 0.1067 0.5293 Average
2016-2017 G+NDVI_gf 0.1248 0.5146 Dates aligned
2015-2016 G+NDVI_vg 0.1633 0.5563 Average
2015-2016 G+NDVI_vg 0.1602 0.4775 Dates aligned
2016-2017 G+NDVI_vg 0.0969 0.5442 Average
2016-2017 G+NDVI_vg 0.2224 0.5003 Dates aligned
2015-2016 G+NDVI_vg_gf 0.1821 0.564 Average
2015-2016 G+NDVI_vg gf 0.1617 0.4597 Dates aligned
2016-2017 G+NDVI_vg_gf 0.1003 0.5414 Average
2016-2017 G+NDVI_vg gf 0.2395 0.4829 Dates aligned

Results of predicting 1 entire year using the other (leave one environment out, LOO) for 2 traits TGW (thousand grains weight) and YLD (grain yield) for 2 metrics,
Normalized Root Mean Squares Error Prediction (NRMSEP) and correlation (Cor Mean) between observed and predicted values for models including and genomic (G)
and NDVI. Two types of NDVIs were included for NDVI vegetative (vg) and NDVI grain filling (gf), one aligning the dates (dates aligned) and the other one averaging
(average) the dates. Support vector regression (SVR) by using linear kernel and default values for the rest of the parameters as done with the e1071 R package (¢ =0.1
in the insensitive loss-function, tolerance 0.01, and cost of constraint violations equal to 1).

Table 9. DS1.

Trait  Type of NDVIs Predictor Nl(l) N](Z) NI(3) @ né P8 DO Ir wd Pat
TGW — Year+G 146 4256 2 2.2 0.0070  0.1545 0.0091 0.2249 274
TGW  Average Year + G+ NDVI_gf 136 6544 432 2.2 24 14 0.0029 0.2204 0.0008 0.0011 384
TGW  Average Year + G+ NDVI_vg 11.8 4034 534 2.4 1.2 3.4 0.0037  0.3175 0.0044 0.0002 27.6
TGW  Average Year+G+NDVI_vg gf 13.2 466.8 498 22 2.2 26 0.0057 03299 0.0007 0.0003 31.2
TGW  Dates aligned  Year+G+NDVI_gf 10.2 6256 394 1.6 2.6 2.8 0.0043 0.1791 0.0023  0.0028 38.6
TGW  Dates aligned  Year+G+NDVI_vg 11.2 6258 43 2 1.4 24 0.0066 0.2521 0.0018 0.0002 37.8
TGW  Dates aligned  Year+G+NDVILvg gf 12.8 5214 47.8 2.2 2.8 24 0.0063  0.2482 0.0031 0.0009 37.2
YLD — Year+G 116 4322 1.8 4.2 0.0011 0.1387 0.0064 0.2460 30
YLD Average Year + G+ NDVI_gf 116 1258 558 1.4 2.6 3.8 0.0054 0.2687 0.0029 0.0059 424
YLD Average Year + G+ NDVI_vg 9.2 5514 406 14 24 4.2 0.0054 0.2456 0.0014 0.0005 39.8
YLD Average Year+G+NDVIL_vg gf 13 2442 514 1.8 2 3 0.0040  0.1565 0.0007  0.0020 38
YLD Dates aligned  Year+ G+ NDVI_gf 116 2416 526 2 2.2 34 0.0064 03028 0.0021 0.0038 316
YLD Dates aligned  Year+ G+ NDVI_vg 13 383.2 432 2 1.8 3 0.0061  0.2198 0.0024 0.0078 32.6
YLD Dates aligned  Year+G+NDVI_vg gf 9.8 4682 496 1.8 34 28 0.0059 0.0834 0.0039 0.0044 382

Average across partitions of the optimal hyperparameters values found for each multimodal DL models in the 5-fold cross-validation (SFCV) evaluation performance

strategy. Empty cell means do not apply.

combinations considered for both traits, being more notable for
GBM in trait TGW and for SVR in trait YLD. Furthermore, Fig. 5
shows similar GP accuracy based on Cor Mean for the 8 models
with a slight increase in GP accuracy when adding image to the
genomic prediction. Also, the 5FCV based on Cor Mean showed
that DL, GBM, and SVR methods slightly decreased in GP accuracy
compared with the models fitted by the GBLUP for the various G
and the types of NDVI combinations considered. These results
also occur for TGW and YLD.

It is interesting to observe how the mean values of the optimal
hyperparameters found for each DL for the 7 models for the 5FCV
for both traits TGW and YLD changed for the different models
(Table 9). The average values of each hyperparameter for all mod-
els were very similar, except for a few cases. For example, for trait
TGW, the average weight decay of the model with predictor year +
Gis approximately 81 and 1,411 times the value of this hyperpara-
meter in the rest of the 6 models (rows 3-8 Table 9), while the mod-
el with predictor year+G+NDVIs_gf and NDVIs with dates
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Table 10. DS1.

Trait Predictor Type of NDVIs Year Nl(l) Nfz) nS)L ”(1-21)L P8 DO Ir wd Pat
TGW G — 2016-2017 189 2 0.0008 0.3943 0.0028 0.0001 33
TGW G — 2015-2016 188 1 0.0100 0.0001 0.0100 0.0000 32
TGW G+NDVI_gf Average 2016-2017 16 225 1 1 0.0100 0.0001 0.0100 0.4000 43
TGW G+ NDVI_gf Average 2015-2016 6 905 1 4 0.0090 0.2574 0.0017 0.0193 59
TGW G+NDVI_vg Average 2016-2017 14 819 3 4 0.0049 0.1831 0.0005 0.0002 36
TGW G+NDVI_vg Average 2015-2016 15 701 2 1 0.0068 0.1698 0.0016 0.0118 25
TGW G+NDVILvg gf  Average 2016-2017 16 570 4 1 0.0100 0.5000 0.0100 0.4000 64
TGW G+NDVILvg gf  Average 2015-2016 16 914 3 1 0.0028 0.5000 0.0100 0.0001 43
TGW G+ NDVI_gf Dates aligned 2016-2017 15 566 1 5 0.0008 0.2735 0.0033 0.0001 24
TGW G+ NDVI_gf Dates aligned 2015-2016 14 101 3 2 0.0042 0.0196 0.0075 0.0054 11
TGW G+NDVI_vg Dates aligned 2016-2017 16 356 1 1 0.0100 0.0001 0.0100 0.4000 22
TGW G+NDVI_vg Dates aligned 2015-2016 16 338 1 1 0.0000 0.5000 0.0100 0.4000 64
TGW G+NDVILvg gf  Dates aligned 2016-2017 16 437 1 6 0.0100 0.0001 0.0100 0.4000 26
TGW G+NDVILvg gf  Dates aligned 2015-2016 9 926 3 4 0.0037 0.1549 0.0045 0.0146 35
YLD G — 2016-2017 970 3 0.0060 0.3977 0.0000 0.0001 11
YLD G — 2015-2016 743 1 0.0100 0.5000 0.0100 0.0000 16
YLD G+NDVI_gf Average 2016-2017 16 944 4 1 0.0000 0.0001 0.0100 0.4000 64
YLD G+ NDVI_gf Average 2015-2016 16 916 1 6 0.0000 0.0001 0.0100 0.4000 64
YLD G+NDVI_vg Average 2016-2017 16 937 4 1 0.0100 0.5000 0.0100 0.4000 46
YLD G+NDVI_vg Average 2015-2016 14 682 3 2 0.0050 0.0456 0.0079 0.1790 22
YLD G+NDVILvg gf  Average 2016-2017 e 505 2 4 0.0020 0.3647 0.0003 0.0001 39
YLD G+NDVILvg gf  Average 2015-2016 12 797 1 1 0.0035 0.0001 0.0003 0.0008 23
YLD G +NDVI_gf Dates aligned 2016-2017 12 128 3 3 0.0049 0.2760 0.0045 0.1088 53
YLD G+ NDVI_gf Dates aligned 2015-2016 15 269 3 4 0.0068 0.2249 0.0012 0.0010 59
YLD G+NDVI_vg Dates aligned 2016-2017 13 908 3 5 0.0018 0.1830 0.0002 0.0002 8
YLD G+NDVI_vg Dates aligned 2015-2016 11 887 1 3 0.0025 0.0770 0.0008 0.1558 48
YLD G+NDVILvg gf  Dates aligned 2016-2017 15 411 1 3 0.0078 0.0307 0.0037 0.0007 62
YLD G+NDVIL_vg gf  Dates aligned 2015-2016 16 928 1 1 0.0100 0.5000 0.0100 0.4000 64

Optimal hyperparameter values found for each DL model when predicting 1 entire year (year) using all the lines from the other year (leave one environment out,

LOO). An empty cell means it does not apply.

aligned, have an average value of patience hyperparameter (Pat)
at least 10 units larger than the rest of the models (rows 2 and
4-8 from Table 9).

For trait YLD, a similar but a slightly more ambiguous pattern
was observed in the hyperparameters shared by all models
(rows 9-15 Table 9). For example, the average neuron values of
models with predictors year+G+NDVIs_gf and year+G+
NDVIs_vg gf, both with dates aligned, differed more than the
rest of models, with at least 226 units. We also observed a notable
difference across models in the average number of hidden layers
for input 2 (G), ranging from 1.2 to 4.2, and the larger average of
hidden layers was obtained in the first model (row 9), which is
near of the upper bound (see Table 1) of the specified domain
space for such a hyperparameter. In this same model (row 9) the
average weight decay value was observed to differ greatly with re-
spect to the other models, between 31 and 520 times greater.

Similarly, for the LOO (one year predicting all the lines in an-
other year) genomic prediction method, the values of the optimal
hyperparameters found are shown in Table 10 for each trait, for
each model, and for each predicted year, where a greater variation
can be appreciated with respect to the SFCV case.

Results DS2

The results where each row panel corresponds to each trait and
column panel for the predicted environment are shown in Fig. 6
(NRMSEP) and Fig. 7 (Cor). When predicting the irrigated environ-
ment with the drought environment, DL had higher accuracy (less
NRMSEP) than the GBLUP model in all analyzed traits and all
years. The most considerable differences were obtained in traits
YLD and BM (Fig. 6). When predicting drought environment with
information on the irrigated environment, the DL model and
GBLUP model had similar accuracy except in the first year
(2015-2016) where a more significant difference was obtained.

A more ambiguous pattern is found regarding the Pearson’s
correlation metric (Cor, Fig. 7). For trait BM, when predicting the
drought environment with the irrigated environment in 2 of the
3 years, DL had higher accuracy, while when predicting the irri-
gated environment, in 2 of the 3 years GBLUP model had higher ac-
curacy. However, in 1 of these years, the difference was marginal.
For trait HI, the GBLUP model was more accurate than DL when
predicting drought environment. When predicting this same trait
in the irrigated environment, DL resulted better in 1 of the 2 years
(2015-2016 and 2016-2017). For trait PMG, GBLUP resulted better
than DL in all cases but with a marginal difference in both years
when predicting drought environment. For the last trait (YLD),
the DL model was less accurate than the GBLUP model when pre-
dicting the drought environment, butin 2 of the 3 years, the differ-
ence was less. When predicting this same trait in the irrigated
environment, in 2 of the 3 years, DL was better.

Discussion

Bases of the novelty of the proposed multimodal
DL

The novelty of the DL developed in this study includes 3 modal-
ities corresponding to the three types of input data: genomic,
year, and image. The superiority, in some scenarios, of the DL
methods in part can be attributed to the novel architecture used
in the deep learning models implemented. The novelty of the
architecture is due to three components.

The first component is the architecture of multimodal deep
learning models (MMDL,; see Fig. 1) with three-types of inputs cor-
responding to the effects of environments (Xyea), the genomic in-
formation (Z;=Z;L"), and the effect of NDVIs (Xypvis). For each
modality (type of input), a separate DL model is trained in the ini-
tial phase, and in a second stage, the outputs of all 3 DL models are
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concatenated, forming another MP model with few layers. Finally,
from this model, predictions are obtained. The training process of
this multimodal DL model is done simultaneously; however, it is
more challenging since a careful tuning process needs to be imple-
mented to guarantee reasonable predictions. Nevertheless, multi-
modal learning helps researchers understand and analyze when
various sensors are engaged in the processing of information.
For this reason, multimodal DL have been successfully applied
to deal with multiple types of modalities, i.e. image, video, text,
audio, body gestures, facial expressions, and physiological sig-
nals. Because multimodal DL models can combine multiple heter-
ogenous sources of information, prediction accuracy is improved
(Ramachandram and Taylor 2017).

The second novelty of the multimodal DL used in this study is
thatit belongs to residual networks (ResNet) (He et al. 2016), which
reduce (or avoid) the vanishing gradient problem, where the gra-
dientis back-propagated to earlier layers and becomes infinitively
small. As a result, as the network goes deeper, its performance
gets saturated or even starts degrading rapidly, making it difficult
to train. Therefore, itis not enough to simply stack layers together.
ResNet architectures allow us to successfully train deep neural
networks up to hundreds or even thousands of layers since it in-
troduces the so-called “identity shortcut connection” that skips
one or more layers; therefore, this technique reduces or avoids
the vanishing gradient problem. Under ResNet, stacking layers
should not degrade the network performance, since “identity
shortcut connection” simply stacks identity mappings (layers
that are not of any use; He et al. 2016). For this reason, ResNet ar-
chitectures have a powerful representational ability employed in
many regression and classification problems.

The third novelty of this research refers to the tuning process of
the hyperparameters under Bayesian optimization using the func-
tion (library bayes_opt), which does not perform an exhaustive
search of the space like grid search and random search that evalu-
ate all (or some) hyperparameter configurations resulting from the
cartesian product of the discretized search space of each hyper-
parameter. Bayesian optimization (Mockus 2012) is more efficient
since it builds a probabilistic model for a given function and ana-
lyzes this model to decide where to next evaluate the given func-
tion. The two main components of Bayesian optimization are (1)
a prior function that captures the main patterns of the unknown
objective function and a probabilistic model that describes the
data generation mechanism and (2) an acquisition function (loss
function) that describes how optimal a sequence of queries is.

Our results show that even with small- to medium-sized data
sets, the deep learning methodology is very competitive.
Nevertheless, using more sophisticated architectures takes ad-
vantage of the data and deep learning methodology. Validation
on additional data must be done to better understand the behav-
lor of the multimodal DL model. This includes larger data sets
with denser NDVI data to combine different types of NN distinct
from MP as was used here in each modality. Other late fusion
strategies (Ramachandram et al. 2017; Baltrusaitis et al. 2018)
also need to be explored, such as weighing the individual outputs
based on its uncertainty as proposed by Wang et al. (2021), or in-
cluding more layers after the individual outputs of each sub-
model are combined (Huang et al. 2020) with the potential advan-
tage of learning interactions between features of different modal-
ities (Stahlschmidt et al. 2022).

Comparing multimodal DL with other results

Interestingly, Danilevicz et al. (2021) employed multimodal DL
using 2 tabular inputs (modules), 1 module has information

from the parents, the seed stock, fertilizer, and planting date
(using a sigmoid layer), and the other is a spectral module (em-
ploying a linear layer). The weights from each of these 2 modules
were concatenated, and their weights were combined in the fu-
sion module that produces the outputs of the multimodal yield
prediction. The multimodal DL proposed by Danilevicz et al.
(2021) functions as a support tool for early identification of good
maize lines. However, the authors noted that since the model
was trained in a single location data (and thus no GE was incorpo-
rated into the multimodal DL), further training with new data
from other environments would be required to improve the pre-
diction accuracy. The recent study conducted by Kick et al.
(2023) integrates genomics, environments, and management
into the multimodal DL and examined the effect of various types
of interactions. Results show that although the DL and GBLUP pro-
vided similar prediction accuracy, the GBLUP has the lowest aver-
age error, whereas the multimodal DL performed more
consistently with similar average errors.

Our study shows that the prediction of cultivars in new envir-
onments and future years is one of the key issues in
genomic-enabled prediction. The results from the DL proposed
in this study for the prediction accuracy of new years are similar
or higher than those obtained from the GBLUP when using genom-
ic and high-throughput phenotype (image) for traits’ grain yield
and thousand kernel weight from DS1 and grain yield under irriga-
tion for DS2. Support vector regression also performs very well
when predicting grain yield in future years.

Conclusions

In this study, we present outcomes from some genomic prediction
models (GBLUP, GBM, and SVR) and compared them with the no-
vel DL method using a wheat data set comprised of genomic and
high-throughput phenotype (images) for 2 traits measured in 2
years on multiple wheat lines (DS1). Results show that the novel
DL approach presented in this study was accurate for predicting
1 year based on the other one (LOO) and outperformed the other
models for both YLD and TGW traits, NDVI average and NDVI
dates aligned, and at both metrics used to assess the GP accuracy
(NRMSPE and Cor Mean). However, GP accuracy results obtained
for the 5FCV indicated that the GBLUP model in DS1 was slightly
superior to the DL, when genomic and various types of NDVImea-
surements were included. The genomic prediction of 4 traits (BM,
HI, PMG, and YLD) for drought and irrigation in 3 years (DS2) show
slight increases in GP accuracy of DL over GBLUP for traits HI and
YLD under irrigated conditions for some years but not for the 3
years under drought conditions. Results from this study show
that the multimodal DL method has a robust degree of generaliza-
tion with other very data-specific DL previously reported. It is also
important to stress that the GBLUP R package is a very vigorous
parametric statistical software for GP accuracy. The DL method
used in this study is novel and presents a good degree of general-
ization and important accuracy for predicting new years. One rea-
son is that instead of concatenating all feature types and using
them to feed the created network, the outputs are combined to
create the output value for each type of information and individ-
ual neural network.

Data availability

The phenotypic and genomic data corresponding to the two data
sets used in this study (DS1 and DS2) can be downloaded from the
following link https://hdl.handle.net/11529/10548885.
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Appendix

Adjusting the phenotypic DS1

The Best Linear Unbiased Estimates (BLUE) of each wheat lines for
trait, GY, and TGW and for each of the wavelengths were obtained
at each of the time-points using the following model:

Vit =+ i+ + Tg) + bigej) + 6w,

where uis the overall mean; yj is the response variable (GY, TGW,
and wavelength) for the i th wheatline, at the k th replicate, of the
thblock at thej th trial; g; is the effect of the ith wheat line; t; is the
effect of the trial; r; is the random effect of replicate k th nested
within trial jth with normal distribution N(0, 62) where 2 is the
variance of the replicate; by is the random effect of the incom-
plete block Ith nested within replicate kth and trial jth with normal
distribution N(0, ¢2), where o7 is the variance of the incomplete
block; and € is the residual effect with normal distribution
N(0, 62) where o2 is the error variance. After making these pre-
adjustments in each year, we obtained BLUE for each of the 350
wheat lines for traits GY and TGW and for each of the 250 bands
for each time-points under study.

Adjusting the phenotypic DS2

The design effect of each environment-year combination consid-
ered and the BLUE of each wheat lines were estimated with the fol-
lowing model:

Yijki =+ Gi + G + Teg) + Dige) + €,

where pis the overall mean; yj, is the response variable for the i th
wheat line, at the k th replicate, and I th block of the th trial; g; is
the effect of the ith wheatline; t; is the effect of trial; i is the ran-
dom effect of replicate k th nested within trial jth with normal dis-
tribution N(0, ¢?), where ¢?is the variance of the replicate by is
the random effect of the incomplete block Ith nested within repli-
cate kth and trial jth with normal distribution N(0, ¢2), where o2 is
the variance of the incomplete block; and ¢, is the residual effect

with normal distribution N(0, 62) where o7 is the error variance.
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