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Abstract

The evaluation of plant and animal growth, separately for genetic and environmental effects,
is necessary for genetic understanding and genetic improvement of environmental
responses of plants and animals. We propose to extend an existing approach that combines
nonlinear mixed-effects model (NLMEM) and the stochastic approximation of the Expecta-
tion-Maximization algorithm (SAEM) to analyze genetic and environmental effects on plant
growth. These tools are widely used in many fields but very rarely in plant biology. During
model formulation, a nonlinear function describes the shape of growth, and random effects
describe genetic and environmental effects and their variability. Genetic relationships
among the varieties were also integrated into the model using a genetic relationship matrix.
The SAEM algorithm was chosen as an efficient alternative to MCMC methods, which are
more commonly used in the domain. It was implemented to infer the expected growth pat-
terns in the analyzed population and the expected curves for each variety through a maxi-
mume-likelihood and a maximum-a-posteriori approaches, respectively. The obtained
estimates can be used to predict the growth curves for each variety. We illustrate the
strengths of the proposed approach using simulated data and soybean plant growth data
obtained from a soybean cultivation experiment conducted at the Arid Land Research Cen-
ter, Tottori University. In this experiment, plant height was measured daily using drones, and
the growth was monitored for approximately 200 soybean cultivars for which whole-genome
sequence data were available. The NLMEM approach improved our understanding of the
determinants of soybean growth and can be successfully used for the genomic prediction of
growth pattern characteristics.

Author summary

Nonlinear models are useful for modeling animal and plant growth; however, their
parameters are influenced by both genetic and environmental factors. If the same model
can be applied to data with different genetic and environmental factors by allowing
parameter variations, it can be used to understand, predict, and control the genetic and
environmental influences of growth models based on parameter variation. In this study,
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we propose a statistical method based on nonlinear mixed-effects modeling. The simula-
tion and real data analysis results show that the proposed method was effective in model-
ing the growth of genetically different soybean varieties under different drought
conditions. The usefulness of the proposed method is expected to increase, as high-
throughput measurements provide growth data for a large number of genotypes in various
environments.

1 Introduction

Controlling and predicting the growth patterns of plants and animals are important for grow-
ing crops and raising livestock. For example, in crops, growth patterns are known to be closely
related to the amount of carbon fixation and thus harvested product [1]. Plant growth patterns
are determined by genetics and the environment, and if we could model the relationship
between genetics, environment, and growth patterns, we can control and predict the growth
based on that model; for example, by properly managing the cultivation of varieties with desir-
able growth patterns, which can have a positive impact on the yield and quality of the harvest.
From this perspective, many recent attempts have been made to measure the growth over time
and to model the growth data obtained. In particular, in crop science, the development of
remote-sensing technologies, such as unmanned aerial vehicles [2] and proximal sensing [3,
4], has enabled the modeling of the growth curves of many genotypes simultaneously [5-7].

As mentioned earlier, growth patterns are determined not only by genetics and the environ-
ment but also by physiological constraints. Owing to physiological constraints, growth pat-
terns often exhibit a nonlinear pattern in which growth is slow in the early stages, accelerates
in the mid-term, but slows down after a certain period, and reaches a plateau in the late stages.
Such patterns are often approximated by nonlinear functions such as a logistic curve [8] or a
Gompertz curve [9]. Because growth patterns are determined by genetic and environmental
factors, the parameters of the nonlinear functions describing the growth patterns change
under the influence of these factors. Based on this perspective, modeling was conducted in a
two-step process: the growth patterns were first approximated by a nonlinear function, and
thereafter the estimated parameters of the function were modeled based on the effects of
genetic and environmental factors [10-13]. For example, Toda et al. (2022) applied a two-step
process to growth data (changes in leaf area index) of various soybean cultivars grown under
different growing conditions [13]. They first approximated the observed growth using a non-
linear function and then constructed a model in which the parameters estimated for the non-
linear function were explained by the genetic effects of genome-wide marker genotypes and
variations due to blocks. Modeling the genetic effects of genome-wide marker genotypes is a
technique known as genomic prediction [14], and these predictions are used to select superior
genotypes in plant and animal breeding. Toda et al. (2022) combined the genomic prediction
potential of nonlinear functional parameters with early growth data under a Bayesian frame-
work and showed that such a combination could accurately predict growth patterns in later
growth stages [13].

The two-step approach described above is relatively easy to apply but has a drawback. The
first step approximates the growth of each individual or plant separately with a nonlinear func-
tion; however, this approximation does not consider the factors behind the parameters of the
nonlinear model, that is, genetic and environmental effects. For example, given a pair of genet-
ically related samples, these samples are likely to exhibit similar growth and the parameters of
the nonlinear model are likely to exhibit similar values. In the second stage of modeling, such
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factors that are ignored in the first stage are also considered [15]. If the underlying genetic and
environmental factors are considered during nonlinear curve fitting, one sample can “borrow
information” from other genetically related samples during the estimation, preventing over-
fitting to individual growth patterns resulting in a more robust model.

If we limit the expression of growth curve to specific functions, a one-step approach of the
genomic prediction can be easily implemented to time-series phenotype data. It is known as
the random regression models [16-18], in which functions that are linear combinations of fea-
tures (e.g. Legendre polynomial) are used to express growth curve. The coefficients of the lin-
ear combinations are the parameters expressing representing growth curves, and are the
response variables of the genomic prediction. This model structure enables the parameters to
be estimated in one-step approach as one form of the mixed models [19]. Due to the easiness
in implementation, the random regression model has been widely used for both animals [19]
and plants [20, 21]. However, while the random regression models are good at prediction of
time-series phenotype data, it is not suitable for interpretation of the growth characteristics
using estimated parameters. To clarify the underlying genetic and environmental mechanisms
determining growth curves, use of nonlinear functions in which roles of the parameters are
well-known is more appropriate. Specifically, growth trajectories such as plant height often fol-
low predictable patterns, unlike the fluctuating changes observed in animal body weight,
where trajectory rules may not be as apparent. By utilizing well-known nonlinear functions,
researchers can explore the genetic and physiological implications of trajectory shape parame-
ters [6], moving beyond mere description of trajectory shape.

While this study focused on growth curves represented by nonlinear equations, crop
growth in response to the environment has been described by a physiological model known as
a crop growth model (CGM) [22-28]. In the context of the CGM, there has been some discus-
sion about the advantages of one-step and two-step models [27, 28]. In the two-step model,
CGM parameters are first estimated for each variety, and then models for specific genetic anal-
ysis, such as QTL analysis, genome-wide association study and genomic prediction, are applied
to the estimated parameters. In the one-step model, the genetic effects on the variation of
CGM parameters is modeled from the onset and CGM parameters for all varieties are esti-
mated simultaneously. In the one-step model, Bayesian modeling is used due to its complexity,
and the CGM parameters are estimated using computational algorithms such as Markov chain
Monte Carlo (MCMC) [25], approximate Bayesian computation (ABC) [22, 24], and varia-
tional Bayes (VB) [23, 27]. Although our study focused on nonlinear growth curve models,
genetic modeling and estimation algorithms for parameters have been studied in CGM as well.

Quantitative trait locus (QTL) analysis models have been developed using a one-step
approach in which parameters of the nonlinear functions are represented by a linear combina-
tion of locus effects [29, 30]. However, this model assumes that the effects of a single QTL are
estimated and tested individually as fixed effects, and it cannot be used to make genomic pre-
dictions for traits that are controlled by multiple medium or small gene effects. In genomic
selection, the effects of genome-wide markers are generally modeled as random effects [14, 31,
32]. Attempting to model the variation in the parameters of a nonlinear function with both
random and fixed effects requires a framework that integrates mixed effects into a nonlinear
function, that is, a nonlinear mixed-effects model (NLMEM). A few examples of NLMEMs
have been applied to the genomic prediction of growth patterns [6, 33, 34], but they have not
yet been fully explored.

NLMEMs are statistical models typically used to describe dynamic phenomena from
repeated measurements of several individuals [35, 36]. They allow the simultaneous analysis of
the data of several subjects in a single model by describing the variability of the phenomenon
of interest in the studied population and the specificity of each individual at the same time.
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During many applications, such as in pharmacokinetics or in the study of growth curves, these
models are generally utilized as models with random effects on the parameters. Statistical
inferences in these models provide access to multiple pieces of information. Estimation of the
mean values of the parameters and their variances allowed us to describe the phenomenon of
global interest in the population. Some estimates of the individual parameters could also be
obtained from these models, making prediction at the individual level as well as the compari-
son of the individual responses, for example, to select plants with high genetic abilities, possi-
ble. The advantage of NLMEMs is that all information can be inferred from the same statistical
model. Studies on plant growth and genetic variation among cultivars are generally based on
measuring the same phenotypic traits multiple times over time in plants of different cultivars.
Therefore, it was appropriate to use mixed-effects models for this purpose. Although this
approach was proposed several years ago in the field of animal genetics [12, 37], it is not widely
used. One of the main objectives of this study was to illustrate the relevance of NLMEM in
plant breeding when available data were repeated from several plants of different varieties.

In this study, NLMEM was applied to remotely sensed data of soybean growth during culti-
vation trials under different irrigation conditions. In the experiments used for the analysis, the
whole-genome sequences of all the varieties were decoded, allowing their genetic relationships
to be incorporated into the model. The influence of genetic relationships on the irrigation
effects was also modeled. Specific tools are required to estimate and predict parameters from
the NLMEM. Here, we used a framework that employs an algorithm derived from the Expecta-
tion-Maximization (EM) algorithm [38], that is, the stochastic Approximation EM (SAEM)
algorithm [39], which is widely used in the NLMEM community and is very efficient in terms
of computation time compared with those of standard MCMC methods. The effectiveness of
NLMEM was examined by applying it to simulated data generated for a cultivation trial and
observed data.

2 Materials and methods
2.1 Data description

A field trial was conducted from 2017 to 2022 in an experimental field with sandy soil at the
Arid Land Research Center, Tottori University (35°32’ N latitude, 134°12 E longitude, 14 m.
above sea level). Soybean accessions registered in the National Agriculture and Food Research
Organization Genebank (https://www.gene.aftrc.go.jp/databases-core_collections_jw_en.php
and https://www.gene.affrc.go.jp/databases-core_collections_wg_en.php) were used in this
study. A total of 198 accessions consisted of 96 Japanese accessions, 96 world accessions from
mini-core collections [40], and six additional accessions (GmWMC160, GmWMC157,
GmWMC163, GmJMC002, GmJMC003, and GmJMC033). In 2017, 188 out of the 198 acces-
sions were used for the analysis.

Whole-genome sequencing data of all 198 accessions [41] were used as previously described
[13]. Biallelic SNPs with a minor allele frequency (MAF) > 0.025, missing rate < 0.05, and
linkage disequilibrium < 0.95 were employed. Missing genotypes were imputed with Beagle
5.0 [42], using default parameter settings. The genome-wide SNP genotype data used in the
analysis included 425,858 SNPs. Genotypes of individual alleles were scored as —1 (homozy-
gous for the reference allele), 1 (homozygous for the alternative allele), or 0 (heterozygous for
the reference and alternative alleles).

Each plot contained four plants from the same variety. Sowing was performed at the begin-
ning of July each year, followed by thinning after two weeks. Two watering treatment levels,
control (C) and drought (D), were used to evaluate the genetic variations in the responses to
water stress. Irrigation was applied daily for 5 h (7:00-9:00, 12:00-14:00, and 16:00-17:00),
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Fig 1. Illustration of the field design of the field experiment (Fig. 1 in [13]). The images are of the experiments in 2018, but their designs were the
same. (a) An ortho-mosaic image of the field, obtained on August 25, 2018. The ortho-mosaic images were created for each treatment. (b,c) Ground
level images of treatments C and D. (d) Planting pattern of plots made of 2 rows of 4 plants (green dots) and separated by 80 cm.

https://doi.org/10.1371/journal.pchi.1011258.9001

starting the day after the thinning in treatment C, while no water was applied in treatment D
(see Fig 1). Plant growth was measured both manually and by remote sensing for some plants,
which allowed the calibration of the UAV data. The R package missForest [43] was used to per-
form nonparametric missing value imputation using random forest. In the following section,
we describe the analysis of UAV data collected in 2017. In 2017, there were up to 10 UAV mea-
surements per plant (1-56 days after sowing). Weather data were used to convert the time
units, expressed in terms of the number of days after sowing, into heat units. For 2017, there
were 752 plots of 188 genotypes, each with 425,858 markers, and phenotype data spanning 56
days. As measurements are aggregated by plot, leading to the monitoring of an average plant
per plot, we will confuse the notions of plot and plant, and designate by plant the entity on
which a single growth dynamic is observed.

2.2 Modeling

We used NLMEM:s with two levels of random effects to study genetic variability among soy-
bean varieties. What sets this model apart from others in the literature is that it is here specified
at the plant level rather than the variety level, thus making it possible to quantify the propor-
tion of inter-plant variability due to covariates, the proportion of inter-plant variability due to
genetics and the proportion of inter-plant variability unrelated to covariates and genetics. The
general model is first described before presenting the model used in this study.

2.2.1 Description of nonlinear mixed models with genetic effects. We assume N, plants
from N, varieties N,, < N, were observed. Let n; be the number of observations for plant i = 1,
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.. Ny, and y;; € R denote the jth observation of plant i obtained under the time condition t;,
j=1,..., n. The most generic way to formulate a NLMEM is as a hierarchical model, with
each stratum describing a different level of variability in the data (see e.g., [35, 36]). As in [37],
the following form is used:

Yi = g(o;, tij) T € € o N(O,O'Q), (1)

iid.

¢, =Xp+Zu+p,, u~N(0K®G), p, ~N(0,P). (2)

iid.

The first stratum, given by Eq (1), describes the data for each plant with the same statistical
model but different parameters from one plant to another. g(¢;, t) is a known (nonlinear) func-
tion parameterized by ¢; € R™, which describes the evolution of the growth process over time
in an appropriate manner, with m the number of parameters that define each growth curve.
Note that using the same g for all plants means that individual growths follow a common
dynamic. Examples of g(¢;, t) can be found below. The second stratum, stated by Eq (2), aims
at describing the differences between plants using covariates (i.e., explanatory measured vari-
ables characterizing the plants or their cultural conditions, arranged in m-by-p matrix X; and
m-by- q.N, matrix Z; with g the number of genetic effects per variety and g.N, the product
between q and N,, thus the total number of genetic values), genetic varietal effects u € R
and plant-specific random effects p; € R™. More precisely, the term X, describes the covariate
effects common to all varieties using the fixed-effects vector § € R?, whereas the term Zu
describes the covariate effects that differ from one variety to another using the genetic effect u.
Matrices X; and Z; are the incidence matrices that relate plant i to the fixed effects and to the
genetic values respectively. Model (1) and (2) describes the inter-plant random variability of
growth patterns @; by genetic variability with the u effects on the one hand and some variability
that is not related to genetics with the p; effects. The random varietal effect () and plant effect
(p;) are assumed to be independent-centered Gaussian random variables whose respective var-
iances are specified by means of the g-by-g covariance matrix G, the N,-by-N,, genetic relation-
ship matrix K between the varieties, and the m-by-m covariance matrix P (see Eq (2)). Hence,
the components in matrix K ® G quantify the part of the variability between plants that is
related to genetics, and the components in P quantify the variability between plants that is
unrelated to covariates or genetics.

Note that this model is very flexible as it can be easily adapted according to the observed
growth patterns simply by choosing an appropriate function g while still allowing an analysis
of the genetic variability between varieties. It is important to note that the contribution of
genetics to growth traits is contained in the genetic relationship matrix K ® G and that the
model does not include any effect of genetic markers in the fixed-effects part X;3 as in [44].

To simplify the notation below, we denote by 6 the set of unknown parameters in the
model (1) and (2), composed of B, P, G, and ¢”. Their estimation provides a synthetic descrip-
tion of the main growth characteristics of the plant species studied, and enables us to quantify
the contribution of different sources of variability to this growth. u and p are random variables
that characterize the specific effects of each variety and each plant respectively. Estimating u
can be particularly useful for characterizing each variety and predicting its development, as in
genomic prediction (see sections 2.3 and 2.4 for more details).

2.2.2 Examples. We now use the same notations as above to introduce model examples
that were used in the simulation study and the analysis of soybean experimental data.
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The logistic growth curve is a commonly used growth curve where function g is given by:

_ Pu
1+ exp(—y(¢, — tij))

g(9, 1)

We considered a logistic growth curve with a constant and known scale parameter (y), random
asymptotic value (¢;1), and random time of half-maximum height (¢;,), hence the number of
parameters that define each growth curve is m = 2 here. We considered no covariate effects or
simple genetic effects on these parameters and thus defined ¢, = (¢;;, goiz)—r as

Py =Myt U4t P
(pi2 = :ux + uvt,x +pi27

where v; € {1, ..., N,} is the variety of plant i, vector u, = (1, 4, uv,x)T is the vector of genetic
effects for variety vand p, = (p,,, p,,) " ~, N(0, P). The vector u was obtained by the concate-
nation of the N, genetic effect vectors u,’s such that u ~ N (0, K ® G) with G the genetic
covariance matrix and K the genetic relationship matrix between the N, observed varieties. To
connect with the general notations introduced in Egs (1) and (2), the fixed effects vector in

10
this model was 8 = (t4, )" and the covariate matrices are respectively X, = ( 0 1 ) and the

N,-block matrix Z, = (0 ... Z, ... 0)with Z, = X;. Matrices P and G were both 2 by

i

2 matrices.
The asymptotic regression curve is another commonly used growth curve. Function g was
defined as follows:

g(e;, tij) =¢,(1- exp(—exp(goiQ)tij)). 3)

Asymptotic regression curves are defined with m = 2 parameters each. During the analysis of
the soybean growth data presented in Section 3.2, we considered the cross-effect between
genetics and irrigation conditions on both parameters ¢;, and ¢;, by defining ¢; = (¢;1, ¢») " as

Py = (1, + ”v,-.A) + xi(éA + uv,-.(SA) + Pas

(4)
P = (kg + uv,v,B) + x,(05 + uvi,éﬂ) + Do

where x; denotes the water condition plant i is subject to (x; = 1 normal, x; = 0 dry), v; denotes

the variety of plant i, and p, = (p,,, p,,) " ~ N(0, P). The vector of genetic effects for variety v

€ {1, ..., N,} was composed of four components: u, = (u, ,, , 5, ,; , U, (,-B)T. The vector u
obtained by the concatenation of the u,’s is such that u ~ N (0, K ® G) with G the genetic
covariance matrix and K the genetic relationship matrix between the N, observed varieties.

Here, the fixed effects vector was 8 = (44, Up, 64, 5p)7, with 8, and &5 the average effects of irri-

1 0 x;, 0
gation on parameters ¢;; and ¢;,, and the covariate matrices were X; = < > and

01 0 g«
the N,-block matrix Z, = (0 ... Z, ... 0)with Z, = X;. Pand G were respectively a 2
by 2 and a 4 by 4 covariance matrices.
Remarks:

o Note that in both examples, we see from the equations defining ¢;; and ¢,, that the incidence
matrix that relates plant i to the genetic values of the variety v; it belongs to is the same as the
incidence matrix that relates plant i to the fixed-effects. That is why Z,; = X; here, but this is
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not a constraint of our methodology, and we can easily consider models in which Z,, and X;
are different.

Note that there is no formal definition of heritability in these models. However, when a sin-
gle genetic effect influences each growth trait, the P and G matrices have the same dimen-
sions, and we can propose to evaluate the heritability of these traits using ratios calculated
from their diagonal terms. In the example based on the logistic growth curve, this would
give:

o= Gy On
. G11+P11 ’ "2 G22+P227

where Gy and Py are the k-th diagonal terms of matrices G and P respectively, and hq,] and
h,, denote the heritabilities of growth traits related to growth parameters ¢;; and ¢;,

respectively.

2.3 Algorithms

We intended to process the growth data by performing both a maximum likelihood estimation
of the parameters and a maximum a posteriori estimation of the predicted genetic effects by
using a unique statistical model for both tasks.

Model (1) and (2) is a nonlinear model with the random genetic and plant-specific effects u
and p; as latent variables. Because of these two features, neither the likelihood of observations
nor the posterior density of genetic effects has an explicit form. The inferences in the model
(1) and (2) fall within the scope of EM-like algorithms. Here, owing to the model nonlinearity,
we propose to tackle both parameter estimation and genetic effects prediction using the SAEM
algorithm [39] instead of the EM algorithm.

2.3.1 General overview of the SAEM algorithm. The EM algorithm [38] is an iterative
algorithm in which the estimate of an unknown parameter is updated by maximizing the
expectation of the log-likelihood of the complete data (i.e., observed and latent data) condi-
tional on the observations. Considering a general latent variable model with y and z as the
observed and the unobserved variables respectively and unknown parameter 0, iteration [k] of
the EM algorithm requires the computation of E[log p(y, z; 8)|y, 68 "] with 6" the estima-
tion of 0 obtained at the previous iteration [k — 1]. When E[log p(y, z; )|y, 6117 is not avail-
able in a closed form, the SAEM algorithm replaces its exact calculation with a stochastic
approximation as follows:

Q(0)" = 0(0)" " + 7, (log p(y, 2: 0) — Q(0) "),

where zI!

is a random draw from the conditional distribution p(zy, 8~1), either directly or
using Monte Carlo methods, if the exact simulation under p(z|y, 6™%11) is unfeasible [45].
(¥x)k>0 is a sequence of positive decreasing step sizes, such that y; = 1, ¥ y, = co and
> 73 < oo. Hence, the calculation of the complete log-likelihood and simulation of the latent
data are two central points in the implementation of the algorithm.

2.3.2 Parameter estimation. Within the model (1) and (2), the observations are the avail-
able height measures from the N, plants, y = {y,}, <<, wherey, = (¥, - - - » ymi)T is the vector

of observations for plant i, and the unknown parameter 6 is composed of the fixed-effects S,
the residual variance o* and the covariance matrices G and P. As suggested in [37], a possible
and convenient choice for the missing data is z = (¢, u), where ¢ = {¢ },_. N, 18 the set of

plant growth parameters and u is the vector of genetic effects. Therefore, the likelihood of the
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complete data can be decomposed into:
PO, 9, u;0) =p(y | ¢, u;0)p(9 | u;0)p(u;6),

where each element of the right-hand term represents an easily computable Gaussian density.
An exact simulation under p(¢, uly; 0) is not feasible, but the Metropolis within Gibbs [46] is
easy to implement by exploiting the hierarchical dependency between y, ¢, and u and using
that the exact simulation under p(u|g; 0) is feasible. Iteration [k] of the algorithm can thus be
implemented as follows:

o Simulation step:

« Draw ¢ under ggi-n(¢) a transition kernel of a Monte Carlo Markov Chain algorithm
targeting p(g|u*", y, 871)) as a stationary distribution
« Draw u™ under p(u|p™, 611

o Stochastic Approximation step: compute
Q)" = 90" +1,(logp(y, ¢, u'; 0) — 0(0)*),

wherey; =1, y,=o00and ) y; < oc.

o Maximization step: compute

0" = arg max Q(0)™.

The succession of these three steps is repeated until the algorithm convergence. Implemen-
tation details and justifications are provided in Algorithm A in S1 File.

2.3.3 Prediction of the varietal genetic effects. The varietal genetic effects can be pre-
dicted by computing

4 = arg max p(uly, 9),

where 0 denotes the estimated parameter value obtained at the convergence of the algorithm
described in the previous section. The conditional density p(u|y, 6) has no explicit form in
model (1) and (2), but as p(uly, 0) = [ p(u|e; O)p(¢ly, 6)de, it is possible to use the SAEM algo-
rithm again by considering ¢ as the latent variable and u as the element to be estimated. Itera-
tion [k] of the obtained algorithm is decomposed as follows:

« Simulation step: draw ¢'* under g; (¢) a transition kernel of a Monte Carlo Markov Chain

algorithm targeting p(¢|u~!, y, 0) as a stationary distribution
o Stochastic Approximation step: compute
Q)" = ()" + 1. (log ply, 9"} 0) — Q) ™),
wherey; =1, Y yx=00and ) 7 < oc.
o Maximization step: compute

(K]

u¥ = arg max o(u)".
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Implementation details are provided in Algorithm B in S1 File.

2.4 Numerical study design

Our study is in two parts. The first focuses on the quality of the model’s parameter estimates,
which is crucial for accurately understanding and characterizing general plant behavior and
the heritability of growth patterns. The second looks at predictive performance, exploring dif-
ferent scenarios.

2.4.1 Parameter estimation. We used the two-parameter logistic growth model intro-

6 0
duced in section 2.2.2 with the following parameter values: y4 = 50, y,, = 13, P = < 0 o4 ) R

0
different scenarios to illustrate the performance of our approach based on nonlinear mixed-
effects models and the SAEM algorithm in terms of parameter estimation, and to make recom-
mendations for data collection.

25 0
G= ( r > ,and ¢” = 4. Growth data are simulated on time interval [1, 45] according to

1. Scenario 1 is used to study the effect of the number of observed varieties and of the number
of plants per variety on the performances of our methodology. The total number of plants is
N, = 2000, and the number of observed varieties is either N,, = 50 or N, = 100. We consider
a high frequency of data collection over the curves by simulating one data point at each unit
time step leading to 45 observations per plant.

2. Scenario 2 is used to study the effect of sampling frequency along the curves. We use for N,,
and N, a similar value as for the real data, N, = 800 and N, = 200. We simulate regularly
spaced observations along the plant growth curves, with a total of either 45 (rich design) or
10 (sparse design) observations per curve.

50 datasets are simulated for each scenario and for each combination of Ny, N,, and sam-
pling frequency along the curves. The SAEM algorithm is applied to each of them to estimate
the @ parameters (i.e. 8, 0>, G and P). The algorithm is run for 1500 iterations in total, with step
sizes for the stochastic approximation defined as y; = 1 if k < 1300 and y = (k — 1300) %> oth-
erwise. This setting corresponds to defining a burn-in phase of 1300 iterations aimed at con-
verging quickly to the neighborhood of the maximum likelihood estimator, followed by a
refining phase in which the estimation is smoothed by decreasing the step sizes. Note that we
use here a large number of iterations to guarantee good convergence of the algorithms on all
simulated datasets; however, in practice, we observe that the convergence is reached far before
the end of the 1500 iterations.

2.4.2 Prediction. Once the parameters have been estimated, it is possible to estimate
genetic effects & and derive predictions of growth traits and observations at any time point ¢
for a given plant i using the following formulas:

@ = XiB + Zu;

- _ (5)
yi(t) = g(@:0).

Depending on the objectives of the study, both types of prediction, ¢, and ¥,(¢), may be of

interest. The logistic growth model introduced in section 2.2.2 is also used to evaluate the pre-

diction accuracy of our methodology, but this time including a covariate x; in the definition of
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the growth parameters acting as a proxy of the environment:

Pp = Uyt x0, + U, » T Pu>

_ (6)
¢ = Myt x,05 + U, g+ Pios

where v; denotes the variety of plant i, p, = (p,;, p,,) " ~ N(0, P) and u is obtained by the con-

catenation of the u,’s is such that u ~ N (0, K ® G). The following parameter values are used: yi4
=50, pp =25, 65 =25, ?=8 P= diag(3, 0.1) and G is defined as G = kP with k € {1, 2} in order
to explore different heritability levels (50% and 67% respectively). Predictive performances of our
methodology are evaluated under different scenarios suggested by the literature which we name
cv0, cvl, and cv2 as in other articles (see e.g. [47]). In each scenario, and for each level of heritabil-
ity, we simulate 50 datasets according to model (6) each divided into a training set and a valida-
tion set. The original datasets contain N, = 225 varieties each, six plants per variety are simulated,
two in each environment, leading to a total number of plants N = 1350. Parameter and genetic

effects are estimated from the training set using the SAEM algorithms, and the values of 0 and ii
are used in formulas (5) to compute growth parameters and observations predictions in the vali-
dation set. Scenario cv0 is designed to evaluate predictions on new environmental conditions.
Training and validation samples are made up by leaving one environment out and predictions
are derived for each variety in the left-out environment. In this scenario, every variety is observed
in the training set but in environments different from the one to be predicted. Scenario cvl is
designed to evaluate predictions on new varieties in any environment. Varieties present in the val-
idation set are not observed in the training set. The kinship matrix is used to deduce the genetic
effects of these new varieties from those estimated for the varieties in the training set, and then
formula (5) is applied. Training and validation sample sizes are defined as 90% and 10% of the
initial data set, respectively. Scenario cv2 is designed to evaluate predictions on varieties not evalu-
ated in one environment, but evaluated across other different environments. Training and valida-
tion samples are made up by leaving some combinations between varieties and environments
out. In this scenario, all varieties and environments are in the training set so that the estimated
genetic effects can directly be used in formula (5) to compute predictions. As above, training and
validation sample sizes are defined as 90% and 10% of the initial data set, respectively. To evaluate
the three scenarios and in particular scenario cv0 on the same simulated data sets, x; is quantita-
tive and observations under values 1, 2, 3 for x; are simulated. A clear, synthetic representation of
the scenarios cv0, cvl, cv2 and their specific features is provided Fig 2 in the article [48].

3 Results
3.1 Simulations

3.1.1 Parameter estimation. The simulation results related to parameter estimation are
depicted in Fig 2 for Scenario 1, and on Fig 3 for Scenario 2. We see that all the parameters are
correctly estimated, i.e., with very limited bias, regardless of the number of varieties, plants per
variety, and time points per curve used for the data simulation.

From Fig 2, it appears that for the values considered for the number of varieties considered
in Scenario 1, changing N, primarily affects the variance of the estimates. Specifically, increas-
ing N, increases the precision of the intercept and genetic variance estimates. However,
increasing N, reduces the precision of the estimate of the covariance matrix P. The rationale
for this behavior could be that, because this experiment is conducted on a fixed total number
of simulated plants (N,), increasing N, resulted in a decrease in the number of observed plants
per variety. Increasing the number of observed plants per variety improved the quality of the
estimations of P.
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Fig 2. Boxplots of parameter 0 estimations (y-axis) computed from 50 simulated datasets including different numbers of varieties (x-axis): a)
parameters g4, i, and 0>, b) matrix P’s variance and covariance parameters, ¢) matrix G’s variance and covariance parameters. Red-colored boxplots
correspond to N,, = 50 varieties, blue-colored boxplots correspond to N,, = 100 varieties, and the red dotted line indicates the true parameter value.

https://doi.org/10.1371/journal.pcbi.1011258.9002

Fig 3 shows that for simulated data with similar values of N, and N, to the real data analyzed
in the next section, the model parameters are also estimated with very limited bias. For these
values of N, and N, decreasing the number of observations per curve does not bias the esti-
mates, but increases their variance. Thus, the experiments conducted under the second simula-
tion scenario show that it is possible to estimate satisfactorily the parameters of an NLMEM of
the form (1) and (2) under sampling conditions similar to those of the real data collected in
Tottori in 2017.

3.1.2 Prediction. The prediction accuracies of both varietal growth parameters and height
measures are examined by using relative differences between predicted and simulated values

o~

% and % The results are depicted in Figs 4 and 5. We note from Fig 5 lower-quality

predictions for the first measurement times, due to a lower signal-to-noise ratio than for other
measurement times. Overall, the predictions of the parameters and observations at each time
are slightly worse in scenario cv1 than in scenarios cv0 and cv2, which is an expected result,
but satisfactory overall. Despite this, predictive performance is very similar between scenarios
cv0, cvl and cv2, and appears to be little influenced by heritability in the value ranges explored.

3.2 Real data analysis

3.2.1 Analysis based on the NLMEM approach. The dataset was composed of N, = 752
plants of N, = 188 varieties observed at 10 time-points. Some data transformation was required
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and the red dotted line indicates the true parameter value.

https://doi.org/10.1371/journal.pcbi.1011258.9003

before applying the NLMEM approach to the 2017 Tottori UAV data. The growth dynamics
represented in Fig 6 correspond to that of logistic growth, but the observations show strong
heteroscedasticity over time. To avoid strong numerical instabilities, the logarithms of the
measured heights rather than on the heights themselves were used. The log growth curves are
represented in Fig 7. Their shape suggests the use of an asymptotic regression curve for their
analysis, as defined in Eq (3).

In the growth model, because it is applied to the logarithm of height measures, ¢;; repre-
sents the maximum expected log height of the plant, and exp(—¢;,) is the growth rate. The
effects of irrigation conditions and genotypes (varietal differences) on the growth mechanisms
were studied using model (4) on (¢;1, ¢;). In this model, 4 and yp are the averages of ¢;; and
@i, respectively, under drought conditions, and 8,4 and Jp are the average effects of irrigation
on these two quantities, respectively. As mentioned in Section 2.2.2, the genetic effects of each

. . T .
variety in model (4) have four components: u, = (u, ,,u, 5, u , which measures the

R ”v.ég)
specificity of each variety with respect to the logarithm of the maximum height and growth
rate under drought conditions as well as the effects of irrigation. G is the covariance matrix of
genetic effect u,.

The SAEM algorithm for parameter estimation was run for 400 iterations, of which 300 was
run for burn-in with step sizes defined as ¥, = (k — 300) "> in the refining phase. The algo-

rithm for computing the genetic effects was run on 1000 iterations of which 800 for burn-in
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an heritability level of 50% (resp. 67%) on each growth parameter.
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and step sizes defined as y; = (k — 800)%? after burn-in. Convergence graphs of the SAEM

algorithm are provided in Figs A-D in S1 File. The algorithm converged satisfactorily.
We obtained the following parameter estimates:

i, =3.87,1; = —5.96,0, = 0.54,0, = —0.16,0> = 0.01,

0.03 0.02 0.02 0.01

@:

= <0.02 —0.02) 0.02 0.03 0.01 0.01
P= :

-0.02 0.05 0.02 0.01 0.05 0.02

0.01 0.01 0.02 0.03
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The estimates suggest that the soybean log-growth curves reached a plateau with a value
of 3.87 on average under drought conditions and 4.41 under normal irrigation conditions.
The growth rate parameter ¢,, had an average value of —5.96 among soybean varieties under
drought conditions and —6.12 under normal irrigation conditions, corresponding to slower
growth under drought conditions. These results are consistent with what is observed in Fig

7.

The estimations of matrices P and G provide a quantification of the different sources of var-

iability in growth patterns and allow for the evaluation of genetic and marginal correlations
between varietal effects or between growth parameters. The genetic correlation matrix,
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heat time points. Panel C (left-red): normal water condition, Panel D (right-blue): dry condition.
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obtained by converting G into a correlation matrix, is estimated to

1.00 0.59 047 041
0.59 1.00 0.35 0.33
0.47 035 1.00 0.43
041 0.33 043 1.00

This allowed us to assess the correlations between genetic effects of any variety. All genetic cor-
relations in the above matrix are positive, implying that an increase in the genetic effect on the
maximum height under drought conditions ¢;; would be associated with an increase in the

Log Height
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Fig 7. 2017 Tottori UAV log-transformed data by water condition. Y and x-axis respectively represent the logarithm

of the height of the plants and heat time points. Panel C (left-red): normal water condition, Panel D (right-blue): dry
condition.

https://doi.org/10.1371/journal.pcbi.1011258.9g007
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genetic effect on ¢;,, and thus on the growth rate, and a more pronounced genetic effect on the
sensitivity to irrigation variations.

Correlations between the growth patterns ¢;; and ¢,,, rather than the genetic effects, were
also investigated. According to Eq (2) used in our modeling approach, the marginal covariance
matrix of ¢; = (¢, (p,»Z)T is

Z(K® G)Z] +P. (7)

This equation includes the contribution of two parts: one that is exclusively due to genetics
given by Z,(K ® G)Z/, and the other P due to uncontrolled environmental conditions and
random plant-specificity. Notably, because of the genetic relationship matrix K in the above
formula, the covariance of ¢; changes slightly from one variety to the other, in addition to its
variation between the irrigation conditions because of the changes in Z; (i.e., drought and nor-

mal irrigation). Using formula (7) and the estimated values Pand G, by averaging over the N,
= 188 varieties and then converting them into correlation matrices, we found that the average
genetic correlation between ¢;; and ¢;, is 0.002 under normal irrigation conditions and 0.04
under drought conditions, whereas the average marginal correlations are —0.18 and —0.25
under normal and drought conditions, respectively. This difference in sign between the genetic
and marginal correlations suggests a stronger effect of the environment than that of genetics
on the growth behavior of soybeans. The respective contributions of genetics and the environ-
ment to the variance of each parameter were also quantified using heritability values. The heri-
tability of each of the growth curve parameters i.e., the maximum log-height (¢;;) and the
growth rate (¢;,) under drought conditions, denoted by h4 and hg respectively, and the herita-
bility of the irrigation effect on each of these parameters, denoted by h;, and h; , can be
deduced by calculating the following ratios

hA :/\Gi/\,hf; :,\G%,hm :ALA/\,I’I(;B :,\LB/\-

P+ G P+ Gy P+ G, P+ Gy

P 4 and P » are the diagonal terms of P,and G W /G\QB, e 5,»and e s, are diagonal terms of G.
We obtained the following values for heritability h, h, h; , and h; : 52%, 66%, 36%, and 41%,
respectively. The maximum plant height and growth rate under the reference conditions
showed more than half of the variability explained by genetics. This justifies considering the
prediction of varietal effects on these parameters for potential varietal selection. In contrast,
the contribution of genetics to the effects of irrigation on growth patterns, i.e., the contribution
of genetic and irrigation interactions, appears to be relatively small; thus, genomic selection
based on these effects would be less accurate for this soybean population. Broadly speaking,
the predicted parameters ¢, under the two conditions could be used in practice to select varie-
ties that perform better (e.g., those with larger plant size or faster growth rate) under drought
conditions or are less sensitive to climate change. The predicted varietal growth parameters are
shown in Fig 8, by the water condition or by crossing the normal and drought conditions. The
color of the dots represents the type of variety as defined in [41] (“Japan”, “World” and “Primi-
tive”). Overall, the Japanese varieties had a lower growth rate than those of the “Word” and
“Primitive” varieties under both conditions. The “Primitive” varieties grew faster in both con-
ditions, attaining high maximum sizes among all the varieties. The “World” varieties had inter-
mediate growth rates and reach the highest heights.

The robustness of predictions derived from the estimated model was assessed by running
5-fold cross-validation four times under scenarios cvl and cv2 described in Section 2.4.2,
allowing 20 repetitions in each scenario. Cross-validation under scenario cv0 was not possible
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here because the only covariate providing information on the environment is the water condi-
tion, which is qualitative. Training and validation samples under scenario cv1 (resp. cv2) are
made up by randomly dividing varieties (resp. combinations between varieties and hydric con-
dition) into 5 groups and then leaving all the observations of varieties (resp. combinations
between varieties and hydric condition) in the same group, one group at a time. Parameters
and genetic effects u are estimated by using the training sample, from which predictions of
height measures are deducted for varieties or combinations between varieties and hydric con-
ditions composing the validation sample according to the steps detailed in Section 2.4.2. Rela-
tive differences between predicted and observed values are computed and depicted in Fig 9.
Smaller relative differences are a sign of better quality prediction. We see from Fig 9 that the
predictive performance of the model is satisfactory overall, with relative differences between
observed and predicted values always between 3% and 10%. Predictions are slightly better
under drought condition because this condition is the reference condition in the parameteriza-
tion of the model, so the effects linked to this condition are estimated with more observations
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than the normal condition. Predictions are also less reliable for the smallest and the largest
heat times. The residual variance is homoscedastic in the chosen model so that at the start of
growth (i.e. small heat times) where the height measurements are small, the noise is propor-
tionally greater, explaining the slightly poorer predictions for this part of the growth curve. On
the other hand, the model predicts a plateau at the end of the growth curve, from which certain
observations deviate over the last heat time, as shown in Fig 7. This may explain the slight dete-
rioration in predictions at the end of the curve. Improving the model to better fit the start and
end of the growth curve would certainly further improve the quality of predictions.
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Note that in the present study, only 4 plants were observed for each variety. As suggested by
the simulation study, the overall robustness of the analysis could be improved by increasing
the number of plants per variety to provide better information on the differences between the
varieties.

3.2.2 Comparison with the Genome Based Model method. We compared our approach
to the Genome Based Model method described in [15]. To do this, we used the
GenomeBasedModel package in R, available at the following link https://github.com/
Onogi/GenomeBasedModel. We have limited the comparison to predictive performance
under the cv1 scenario, where we seek to make predictions on varieties that have not been
observed in any environment, reproducing the cross-validation study on the same training
and validation samples extracted from real data as above. The results in terms of relative differ-
ences between predicted and observed values are shown in Fig 10 and show that comparable
performance is achieved with both approaches. There are, however, fundamental differences
in terms of modeling between the two approaches, that make our approach much more infor-
mative. In particular, the Genome Based Model method does not take into account a genetic
covariance matrix, G in the present work, and therefore forces us to consider independent
nonlinear model parameters for each unit.
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Fig 10. Boxplots of relative differences (%) between predicted and observed height measures in the validation samples per heat time point and hydric
condition (C: normal hydric condition, D: drought condition) computed by cross-validation under cv1. Left panel depicts the results obtained with the
NLMEM approach and right panel depicts the results obtained with the GBM method [15]. Smaller relative difference is better.

https://doi.org/10.1371/journal.pchi.1011258.9010

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1011258  July 11, 2024 20/26


https://github.com/Onogi/GenomeBasedModel
https://github.com/Onogi/GenomeBasedModel
https://doi.org/10.1371/journal.pcbi.1011258.g010
https://doi.org/10.1371/journal.pcbi.1011258

PLOS COMPUTATIONAL BIOLOGY Modeling soybean growth

4 Discussion

Nonlinear models have been used in the genomic prediction modeling of plant and animal
growth [6, 12, 13, 33, 34]. In genome prediction modeling, a fusion of nonlinear functions and
mixed-effects models, that is, the NLMEM framework, is required. Two approaches have been
used: a two-step approach in which a nonlinear function is fitted beforehand and its parame-
ters are modeled by a mixed-effects model [12, 13], and a one-step approach in which these
are performed in a single step [6, 33, 34]. The two-step approach requires estimating the
parameters of the nonlinear function for each plant, sometimes resulting in overfitting. The
one-step approach, in contrast, has the advantage of robust estimation because the parameters
are estimated simultaneously for all plants considering genetic relationships and differences in
cultivation treatments. In this study, we applied the NLMEM framework using a one-step
approach and modeled the growth of numerous soybean varieties under different environ-
mental conditions using a single model. The NLMEM framework allowed us to separate the
variation in the growth model parameters into genetic and environmental variations as well as
the effect of growing conditions (irrigation or no irrigation) on these variations. Whole-
genome DNA polymorphisms of soybean varieties have been decoded and classified into three
groups based on the genetic similarities between varieties [41]. The genetic variation in the
parameters estimated in this study clearly showed that there were differences in growth pat-
terns among these classified groups. The “Primitive” varieties, which were considered close to
the soybean varieties when they were first introduced to cultivation, showed fast and vigorous
growth, while the varieties belonging to the “Japan” group exhibited the opposite patterns.
However, these patterns are average trends, and some varieties in the same group showed dif-
ferent patterns. For example, some of the “Japan” varieties showed fast and vigorous growth.
The growth pattern of soybeans is also related to weed suppression [49], which is an important
trait in breeding. Characterization of genetic variations in growth patterns using the method
proposed in this study is expected to be effective in soybean breeding.

The proposed method has the following characteristics compared to previous one-step
approaches [6, 33, 34]. First, the parameters of the nonlinear model, which can be regarded as
latent variables, can be calculated with high speed and efficiency using an efficient algorithm
called the SAEM, which is an extension of the EM algorithm. In contrast, previous methods
based on the one-step approach used Markov chain Monte Carlo (MCMC) and variational
Bayesian methods. The proposed inference methodology with SAEM has several advantages
over competing methods. First, the SAEM algorithm is less computationally intensive and
much faster than the MCMC implementations. A thorough comparison between SAEM and
MCMC was performed by [44] for Bayesian variable selection in NLMEMs, which highlighted
the faster execution times associated with SAEM than with MCMC. In practice, the computa-
tion times vary with sample characteristics and model complexity. For the soybean data exam-
ple processed with R software with a 2GHz intel core i5 processor, parameter estimation lasted
17 min and genetic effects prediction lasted 47 min, which is very promising compared with
the computation times reported in the literature for similar analyses.

Another feature of the proposed method is that it considers not only the genetic correlation
among parameters but also the correlation structure in the error. In the previous one-step
approach-based methods, estimation was performed assuming that the errors were indepen-
dent of the parameters [6, 33]. In this study, by assuming non-independence of errors among
parameters. Based on the estimated genetic and environmental variance-covariance matrices
of the growth model parameters, we were able to determine not only the heritability of each
parameter but also the genetic and phenotypic correlations (correlations due to both genetic
and environmental effects) among the parameters. Such information can be used to determine
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the degree of genetic control of growth and predict selection responses when selection is based
on growth patterns. Genetic correlation can also be an indicator of the difficulty of simulta-
neously modifying two parameters in a certain direction. By comparing phenotypic and
genetic correlations, it is possible to ascertain the extent to which the correlation that appears
as phenotypic is due to inheritance.

In addition to the logistic growth and asymptotic regression curves used in this study, a
variety of nonlinear models are available [12, 50]. Various covariance matrices representing
the genetic similarity among varieties have also been used in addition to the additive genomic
relationship matrix used in this study, including a pedigree-based relationship matrix and a
nonlinear relationship matrix, such as a dominance relationship matrix and a Gaussian kernel
[32]. Further, in this study, we used two levels of irrigation as part of the cultivation manage-
ment treatment, but various treatments and levels are possible [51]. The proposed methodol-
ogy can be straightforwardly adapted to different contexts without any major impact on the
general implementation of the SAEM algorithm, by changing either the nonlinear model func-
tion g(-) to better reflect the curve profiles or the definition of matrices X; and Z; depending on
the number and the potential fixed and genetic effects of the available covariates. In particular,
it is very easy to consider more than two environmental conditions using the proposed
approach. More generally, our method can be applied to any nonlinear model g(¢, t), whether
it is an empirical, mechanistic or ecophysiological model, as long as g(¢, ) can be numerically
evaluated at any value of ¢ and t. Of course, the execution time of the algorithms we propose
in the present paper depends on the time required to evaluate the model g, which is used at
each iteration. However, it should be highlighted that, as shown in our data analysis, a careful
choice of g(-) is crucial to ensure good estimates and predictions. Users should also note that
the performance of the modeling approach based on NLMEM depends on the structure of the
collected data, as demonstrated in the simulation study.

As shown in the simulated data study, by varying the number of varieties and plants and
the data collection scheme, observing enough varieties, plants per variety, and points on the
growth curves is essential to ensure accurate parameter estimations and predictions of the
genetic effects. While one can reasonably trust the results obtained on the soybean growth data
analyzed in this paper, as suggested by the simulated results on datasets with similar structures,
the data collection must be streamlined beforehand to be able to collect data of sufficient qual-
ity and ensure that the NLMEM approach provides reliable and robust results. Note that dur-
ing the simulations, data from 2000 plants were used simultaneously to estimate parameters.
This also demonstrates the scalability of the proposed method for large data-sets.

Recently, remote sensing has enabled the highly efficient measurement of plant and animal
growth over time. Furthermore, the determination of genome-wide markers has become more
efficient, making it possible to measure both genome-wide polymorphisms and growth for a
large number of genotypes. Combining the measurements obtained from such technological
advances with the methods proposed in this study could genetically model the growth patterns
of plants and animals, and help to understand, control, and predict their inheritance. The
method proposed in this study is scalable to larger data sets owing to its computational speed.
The codes for the method and the data used in this study are available at https://github.com/
madelattre/Scripts-soybean-paper and can be extended according to the conditions of the
application in each research project.

Supporting information

S1 File. The section entitled “Algorithmic details” describes the SAEM algorithm key distribu-
tions and the algorithm steps for both parameter estimation (Algorithm A) and genetic effects
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prediction (Algorithm B) for anyone wishing to implement the methodology described in the
present article. Section “Convergence graphs” provides convergence graphs showing that the
SAEM algorithm converges well in practice in the analysis of real soybean growth data pre-
sented in section 3.2 of the article: Fig A, Fig B, Fig C, Fig D.

(PDF)
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