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ABSTRACT: The integration of environmental covariates into prediction models has demonstrated strong potential to
increase the accuracy of genotype selection in plant breeding. When the number of phenotypic observations is limited, data
simulation can be an effective strategy to expand training datasets while preserving model robustness. In this study, we tested
the hypotheses that (i) incorporating environmental covariates improves the predictive performance of sugarcane yield
models and (ii) increasing the number of simulated genotypes reduces prediction errors. Sugarcane yield, measured in tons
of stalks per hectare (TSH), was predicted using Bayesian mixed models that incorporated Gaussian environmental kernels
derived from NASA Power remote sensing data. Due to the limited availability of empirical data (11 genotypes evaluated in 8
environments), synthetic genotypes were generated using a segmented regression approach based on genotype-specific
fitness and stability parameters. These genotypes were generated based on real data and validated against a subset of
observed genotypes previously excluded from model training. Three validation scenarios (3G, 5G, and 7G) were implemented,
with an increasing number of genotypes used in the training phase (183, 185, and 187, respectively). Three model structures
were evaluated, differing in the inclusion of genotypic, environmental, and GXE interactions. The results confirmed that both
environmental covariates and genotype simulation contributed significantly to the reduction of root mean square error
(RMSE), with reductions of up to 82.5%. These findings highlight the relevance of enviromics and data augmentation strategies
in early-stage plant breeding trials

Keywords: Genotype-by-environment interaction; Bayesian mixed models; Remote sensing; Sythetic phenotypic data.
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INTRODUCTION

In recent years, sugarcane production in Brazil has faced considerable climatic challenges, including frosts, droughts, and reduced
rainfall in the Center-South region, which negatively impacted productivity during the 2021 and 2022 harvests (CONAB, 2022/23).
However, the third estimate for the 2023/24 harvest reported a significant recovery, driven by favorable climatic conditions and
increased investment in the sector, consolidating Brazil's position as the world's largest sugarcane producer. Sugarcane is a perennial
crop grown mainly in tropical and subtropical regions (Rodrigues, 1995), with a commercial production cycle lasting approximately
five years. Throughout its development, sugarcane growth is influenced by edaphoclimatic conditions and agronomic management
practices (Manhaes et al., 2015). Understanding the environmental dynamics of agricultural lands is essential to optimize crop
performance, variety recommendations, and support decision-making in breeding programs (Scarpari et al., 2004; Caetano et al.,
2017).
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In plant breeding programs, multi-environment trials (METSs) are essential for evaluating genotypes across different locations and
growing seasons. These trials often reveal strong genotype-environment (GXE) interactions, which can limit selection gains (Tena
et al., 2019). To better capture these patterns, recent advances have highlighted the importance of quantitatively characterizing
environments through environmental descriptors (Des Marais et al., 2013). Envirotyping is an approach that involves collecting,
processing, and modeling environmental data to provide a broader understanding of how environmental variation influences plant
phenotypic responses (Xu et al., 2016; Van Eeuwijk et al., 2018). Its large-scale application, known as enviromics, integrates remote
sensing, bioinformatics, and predictive modeling to investigate genotype-environment (GxE) interactions in greater depth (Crossa
et al., 2022).

Although the use of enviromics in sugarcane is still limited, some studies have begun to explore its application in this crop (Resende
et al., 2024; Montes et al., 2021). However, most of these efforts have relied on a small number of environmental variables, often
restricted to localized, small-scale analyses (Ramburan et al., 2011; Ramburan et al., 2012; Cursi et al., 2021). In contrast, enviromics
has already shown promising results in other crops, such as corn, wheat, rice, and common beans (Jarquin et al., 2014; Millet et al.,
2019; Heinemann et al., 2022; Heinemann et al., 2024). Bayesian mixed models offer a powerful framework to incorporate multiple
sources of variation, including GxE effects and environmental covariates, into genomic and phenotypic predictions (De Los Campos
etal., 2009; Montesinos-Lopez et al., 2018). However, one of the main challenges of these models is the limited number of genotypes
available for training. To address this limitation, data augmentation through genotype simulation has been proposed as a strategy to
increase training diversity and improve model generalization (Silva et al., 2015; Muetanene et al., 2023).

In this study, we tested the hypothesis that (i) the inclusion of environmental covariates improves the predictive performance of
sugarcane yield models and (ii) increasing the number of genotypes through simulation reduces prediction errors. To this end, we
applied Bayesian mixed models incorporating Gaussian environmental kernels derived from remote sensing data to predict
sugarcane yield (TSH — tons of stalks per hectare). Our objective was to evaluate the contribution of enviromics and data
augmentation strategies to improve predictive accuracy in early-stage sugarcane breeding trials.

2. MATERIAL AND METHODS

2.1 Description of the study area

The experimental data were obtained from the experimental phase of the sugarcane breeding program at the Federal University of
Vigosa (PMGCA-UFV). Eleven clones were evaluated across eight locations (Fig. 1). In each location, the experiments were
arranged in a randomized block design with three replications. The experimental plots consisted of four rows, each five meters long,
with a spacing of 1.4 meters between rows.
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Figure 1: Average temperatures in Minas Gerais state. The points on the map indicate the geographic location of the experiments
conducted at the following mills (name; municipality): UAV (Usina Alvorada; municipality), UIR (Usina Coruripe; municipality),
AGR (Usina Agropéu; municipality), BIO (Usina Bioaroeira; municipality), USV (Usina Santa Vitéria; municipality), ULC (Usina
Santa Liicia; municipality), UJA (Usina Jatiboca; municipality), and UVG (Usina Delta Sucroenergia; municipality).
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2.2 Collection and Expansion of Sugarcane TSH Data

The analysis included records of tons of stalks per hectare (TSH) from 2021, originating from 11 clones cultivated in eight distinct
locations, corresponding to the ratoon cane harvest (second harvest). Due to the insufficient number of observations for training the
proposed models, it was necessary to use data augmentation to expand the training set, thereby generating synthetic data (Muetanene
et al., 2023). The simulation of new individuals was carried out based on the information already available.

The expansion of TSH values by genotype and environments was based on the method developed by Barbosa et al. (2023), who
employed the adaptability and stability methodology proposed by Verma et al. (1978). In the present study, however, this approach
was modified by replacing the adaptability and stability method with that of Cruz, Torres, and Vencovsky (1989). The segmented
regression model was applied to each observed genotype using its performance across eight environments. The environmental index
was computed as the deviation of each environment's mean from the overall mean. Based on this, three parameters were estimated
per genotype: the intercept (,;), the slope for favorable environments (f;;), and the deviation from linearity (5,;). The sum (f;; +
;) represents the response in unfavorable environments. These values were used to classify genotypes according to the decision
rules in Table 1. The stability parameter 62 (8;;) was obtained from the residual variance of the regression and was used to define
whether each genotype was stable or unstable. These parameter combinations guided the simulation of new genotypes into 18
adaptability X stability classes.

This methodology, based on segmented regression, comprises the adaptability and stability parameters, which are: the mean (S,;)
and the linear response to favorable (f;;) and unfavorable environments (8;; + f,;). Therefore, the model Y; = Boi + Buli +
Boi T(IJ) + 6;; + &; , where, 6§i represents the regression deviation of each genotype (Cruz et al., 1999), is used to generate new
genotypes in the following classes (Table 1):

Table 1. Genotype adaptability and stability classes, determined by the values of the parameters S;;, f,; and 6§i as described in the
method by Cruz, Torres and Vencovsky (1989).

Classes Beta parameter values Adaptability
Environment
unfavorable favorable
1 B <1 Bii+Bi<1 Specific for unfavorable environments
2 B <1 B+ Bi=1 Specific for unfavorable environments
3 P <1 Bii+ B >1 Ideal
4 Bii=1 Piit+B<1 Not recommended
5 Bi=1 Pri+Br=1 Overall
6 Bi=1 Pri+ B >1 Specific for favorable environments
7 By >1 Pii+ P <1 Not recommended
8 P >1 Piit+Br=1 Not recommended
9 P >1 B+ Bu>1 Specific for favorable environments

Additionally, the simulated genotypes were classified according to their stability. For each combination of the parameter values ;;
and f; + [,; value greater than or equal to zero is assigned to 6’§i in order to determine whether the genotype is unstable or stable,
respectively, resulting in 18 classes of adaptability and stability.

For example, for genotype G1, the estimated parameters were f$;; = 0.9 and 5,; + B,; = 1.2, indicating greater response in favorable
environments. According to Table 1, G1 is assigned to Class 3 (Ideal adaptability). If the regression deviation 6%(5; ;) < threshold,
G1 is considered stable. Otherwise, unstable. This classification places G1 into one of 18 possible adaptability x stability
combinations used for simulation. We acknowledge the potential for class imbalance, given the limited number of observed
genotypes (3G, 5G, 7G scenarios). To address this, genotypes were not simulated evenly across all 18 adaptability X stability classes.
Instead, we prioritized biologically realistic parameter combinations, based on observed trends. Moreover, the final models were
validated using independent genotypes (held out from the simulation process) to reduce the risk of overfitting.

2.3 Collection of Climatic and Ecophysiological Data

The climate and ecophysiological data will henceforth be referred to as environmental data, which were obtained in 2019, 2020,
and 2021 from the NASA Power remote sensing database (https:/power.larc.nasa.gov). Using the get weather function from the
EnvRtype package (Costa-Neto et al., 2021) in the R programming environment (R Core Team, 2019), it is possible to download
climate data from various locations (Costa-Neto et al., 2021). All environmental covariates extracted were considered for all
locations,
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The data used in this study include: all-sky insolation incident on a horizontal surface, downward thermal infrared (longwave)
radiative flux, measured in megajoules per square meter (MJ m2 d'); wind speed at 10 meters above the Earth's surface (m s™');
minimum air temperature, maximum air temperature, and dew point temperature (°C); relative air humidity (%); and precipitation
(mm d'). Some variables characterizing ecophysiological processes, such as evapotranspiration, vapor pressure deficit, the slope of
the vapor pressure deficit curve, and global solar radiation, were computed using the methods described by Soltani & Sinclair
(2012).

The environmental data were used to create a covariate matrix (W), as proposed by Costa-Neto et al. (2021b). Subsequently, the
Gaussian Kernel method was applied to matrix W to calculate environmental similarity, a nonlinear method commonly used in
genomic prediction. Both techniques were performed using the EnvRtype package through the functions W_matrix and env_kernel,
respectively. The proposed method is similar to those used in modeling genomic effects (Eq. 1) (Costa-Neto et al., 2021a).

X (hDﬁ'> @
e =exp|——
Q

Where: The bandwidth factor (h) (assumed to be h = 1 by default) is multiplied by the Euclidean distance D3, = Y,(Wix — Wik)?
for each pair of elements W = {w;,w;/}. This implies that environmental similarity is determined by the distance between
environments, as calculated from the environmental covariates. The scalar variable Q represents the quantile used to weight the
environmental distance, assuming Q = 0,5, which corresponds to the median value of D?,.

In this study, the Gaussian kernel bandwidth was set to h = 1, which corresponds to the default setting in the env_kernel() function
of the EnvRtype package (Costa-Neto et al., 2021). This value is commonly adopted in studies involving enviromic kernels when
prior information on scale sensitivity is unavailable (e.g., Jarquin et al., 2014; Costa-Neto et al., 2021b). Although no formal
sensitivity analysis was performed in this study, future work may explore the influence of different bandwidth values (e.g., h<1 or
h > 1) to assess their impact on environmental similarity and model performance.

2.4 Description of Bayesian Mixed Models

After generating the environmental similarity kernels, Bayesian mixed models were fitted using the kernel model function from the
EnvRtype package. This function implements an optimization algorithm for hierarchical Bayesian modeling, as described in the
BGGE (Bayesian Genomic Genotype x Environment) package (Granato et al., 2018), which uses Gibbs sampling. All models and
structures used in this study were estimated using a Markov Chain Monte Carlo (MCMC) procedure with 15,000 iterations, of which
the first 3,000 iterations were discarded as burn-in, and thinning was applied every 20 iterations, yielding 600 posterior samples for
inference. This setup follows previous studies that adopted similar configurations (Cuevas et al., 2017; Costa-Neto et al., 2021;
Fradgley et al., 2023; Gevartosky et al., 2023).

The described model (Eq. 2) provides a generic framework that can be applied to various kernel combinations to model phenotypic
variation across different locations.

K 1

y=1lu+ Xp + gs+z w, + € (2)
s=1 r=1

where: the vector y combines the means of each genotype in each environment, with the scalar u representing the overall mean. X

denotes the incidence matrix associated with the vector of fixed effects 5. The random effect vector for genetics (gs) varies from 1

a k, and the environment-based effect (w,.) varies from 1 to [, and ¢ represents the residual.

In this study, three distinct model structures were fitted to the data. The MMD model (Main Genomic Effects + Single GxE
Deviation) considers exclusively genotypic effects, where ¥-_, g # 0 e Yi_, w;,. = 0. In this model, g is associated with the
main genotype effect plus the GXE (G + GXE), as described by Jarquin et al. (2014). With the inclusion of environmental variables,
the models begin to consider Zle gs #0e X! w, #0, where g is related to the main genotypic effect (G) or the sum of
genotypic effects and interaction (G+GxE). This results in the EMM models (Main Genomic Effects + Main Environmental Effects),
which include the main environmental effects (w,.), and the EMDs models (Main Genomic Effects + Main Environmic Effects +
Single GXE Deviation), which add the unique variation of the GXE interaction (single GXE deviation). The EMM and EMDs models
follow the approach described by Souza et al. (2017).

The Bayesian framework adopted in this study follows the hierarchical structure described by Costa-Neto et al. (2021). The prior
distribution for the random effects was assumed to be multivariate normal b ~ N(0,02K) , where K represents the genomic or
environmental kernel. Residuals were modeled as € ~ N(0, g2]), and the prior distributions for the variance components were
specified as inverse chi-squared: 2 ~ y~%(v,, SC,),02 ~ x %(v,, SC.).

Posterior estimates were summarized using the posterior mean and the 95% credible interval (CI) from the 600 retained MCMC
samples, which supported inference on model components and comparison of predictive performance across structures.

The training and validation sets were organized into three distinct scenarios, each with a defined number of genotypes used in the
simulation. Initially, eight of the 11 genotypes were removed from the dataset for validation. From the remaining three, ten genotypes
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were generated in each class, totaling 18 classes, which were used for training (3G). Next, in the second scenario, six genotypes
were removed for validation, while the remaining five were used for expansion and included in the training (5G). In the third
scenario, four genotypes were removed for validation, and the expansion was performed using the remaining genotypes, which were
then used for training (7G). Thus, the total number of genotypes used in training was 183, 185, and 187 for the 3G, 5G, and 7G
scenarios, respectively.

2.5 Analise estatistica

The relationship between the observed and estimated values of sugarcane productivity was assessed using the root mean square
error (RMSE), expressed in tons per hectare:

?:1(?i — Yi)2
n

RMSE = 3)

Where ¥; and Y; are the i — th, estimated and observed values of the variable, respectively, and n is the sample size.

3. RESULTS
1 Descriptive Statistics of Climatic Variables

Analysis of climatic data across the different environments (AGR, BIO, UAV, UIR, UJA, ULC, USV, UVG) revealed variations in
the statistics of the studied variables (Table 2). The Insolation Incident on a Horizontal Surface showed the highest UJA variance
(31.25), indicating instability in solar radiation, while UAV showed the lowest (19.38), suggesting greater consistency. For
maximum temperatures, UIR recorded the highest variance (12.57) and the highest absolute temperature (43.77 °C), while UJA had
the lowest absolute temperature (17.05 °C). Regarding relative humidity, UAV exhibited the highest variance (304.36) and the
lowest minimum humidity (19.46%), while UJA had the lowest variance (93.41) and the highest maximum humidity (94.04%). As
for precipitation, UJA stood out with the highest variance (44.33), and UAV recorded the highest absolute precipitation (90.81 mm).
These results highlight marked differences in climatic conditions across the environments, with UJA and UAV exhibiting the
greatest fluctuations in solar radiation, humidity, and precipitation. The statistical results for all climatic variables are available in
Appendix A.

Table 2. Descriptive Statistics of Climatic Variables for Different Environments

Variable Stat AGR BIOO UAV UIR UJA ULC USV  UVG
All Sky Insolation Incidentona  var  24.44 2058 1938 2421 3125 2423 2077  22.06
Horizontal Surface MJ m-2d- .. 37 44 30.83  30.80 3194 3176 3085 31.17 3147

D min 3.76 4.67 3.77 4.33 3.78 2.66 4.24 3.01
Minimum Temperature (°C) var 9.23 9.79 9.76 11.34 8.22 10.75 10.70 10.51
max 26.25 25.57 28.00 2893 2211  26.89 29.22 27.77
min 6.13 4.53 5.13 3.65 6.22 5.70 3.80 4.84
Maximum Temperature (°C) var 9.68 10.25 11.77 12.57 9.37 10.03 11.46 10.89

max 41.58 41.10 43.10 43.77 3843  42.08 42.96 42.09
min 19.95 19.02 21.02 17.98 17.05 19.37 18.70 17.88
Relative Humidity (%) var 217.78 248.94 30436 27747 9341 22629 27794 23290
max 91.88 91.97 92.73 93.43  94.04 92.17 93.80 91.52
min 25.62 24.11 19.46 2097 4533  22.60 20.39 22.49

Precipitation (mm) var 43.44 34.47 39.93 2796 4433  37.85 27.81 28.91
max 62.58 67.87 90.81 66.69  63.82 4998 54.69 51.35
min 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

2 Evaluation of Models Used in Predicting the TSH Variable

The root mean square error (RMSE) was used to assess which models best fit the TSH data. When examining the RMSE values, it
is evident that, overall, the MMD model (without environmental information) yielded higher values than the EMM and EMD
models, both enriched with environmental information. When analyzing the RMSE values in the MMD model, a notable feature is
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the presence of extremely high values at the BIO and UJA locations. In these locations, the RMSE values exceeded 50 t ha™ across
all validation scenarios, especially at the BIO location, where they exceeded 100 t ha™'. Additionally, other locations, such as UVG
and UAV, showed RMSE values above 34 t ha™'. In contrast, the AGR location, which recorded the fourth-lowest RMSE value, had
a maximum of 27 t ha™, representing a difference of approximately 14 t ha™ between the two. This difference is significant and
indicates considerable variation in RMSE values across locations. Furthermore, the USV, UIR, and ULC locations subsequently
showed lower RMSE values (Figure 2A). The boxplot in Figure 2B provides a more detailed comparison of the RMSE distribution
across genotypes within each environment. It is evident that models using environmental covariates (EMM and EMD) yielded lower
variability in prediction errors than the MMD model. The reduced dispersion of RMSE values in models EMM and EMD highlights
their consistency across genotypes. This consistency is especially notable in environments like AGR, UIR, and UAV, where both
the average error and its variability were reduced.

(A)
EMD A 12.57 18.13 12.48 7 14.51 16.56 19.15 15.43
EMM A 12.47 18.01 12.49 6.95 14.41 16.51 19.06 15.36 I
MMD4{ 27.01 - 34.53 21.5 52.03 16.9 24.59 37.96
RMSE
EMD A 11.93 17.23 11.92 6.7 13.76 15.79 18.12 14.58 . 100
g 75
S EMM 11.92 17.12 11.89 6.62 13.75 15.77 18.19 14.54
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EMD - 11.57 16.74 11.63 6.52 13.4 15.32 17.71 14.25
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Figure 2. (A) RMSE (Root Mean Square Error) values in t ha'! for each model and validation scenario at each location. Colors range
from lighter reddish-brown to darker, representing the lowest and highest RMSE values, respectively. (B) Distribution of RMSE
(Root Mean Square Error, t ha™') values across environments for each model. Boxplots show the variation in prediction error among
genotypes. Colors represent the three model structures: MMD (green), EMM (orange), and EMD (purple).

Given that the RMSE values for the MMD model, which does not use environmental covariates, were high, it was decided to exclude
it from Figure 3 to improve scale visualization. This decision is justified by the fact that the MMD model, for not considering
environmental variables, showed inferior performance, which is why comparisons were made exclusively between the EMM and
EMD models, which do.
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In the three validation scenarios, RMSE values varied as the number of genotypes used for training increased. In scenario 3G, eight
genotypes were removed from the dataset for validation, and the remaining three were used to generate 10 genotypes per class,
totaling 183 genotypes in the training set. In the 5G scenario, six genotypes were removed for validation, while five were expanded,
resulting in 185 genotypes in the training set. In scenario 7G, four genotypes were removed for validation, leaving 187 genotypes
in the training set.

As the number of expanded genotypes used in training increases, the RMSE decreases. Although these values vary across
environments, the overall trend indicates a consistent decrease as the number of genotypes in the expansion increases.

2. [ UIR
151
101
5 p
Comblnatlon
w O
S
o 20

I
. B cr
10-
5.
0.

EMM EMD EMM EMD EMM EMD EMM EMD
MODEL

Figure 3. Bar chart showing RMSE values for the 3G, 5G, and 7G validation scenarios using the EMM and EMD models at different
locations. In these scenarios, 3G, 5G, and 7G represent the use of genotypes 3, 5, and 7 for simulation and training, while the
remaining genotypes were allocated for validation. The colors red, yellow, and blue correspond to scenarios C3, C5, and C7,
respectively.

With the inclusion of environmental covariates in the prediction models, the RMSE values at the BIO and UJA locs. Bar chart
showing RMSE values for the 3G, 5G, and 7G validation scenarios using the EMM and EMD models at different locations. In these
scenarios, 3G, 5G, and 7G represent the use of genotypes 3, 5, and 7 for simulation and training, while the remaining genotypes
were allocated for validation. The colors red, yellow, and blue correspond to scenarios C3, C5, and C7, respectively. Thus, when
comparing the EMM and EMD models, the errors become more similar across locations, and the variation between them is less
evident.

When evaluating the EMM and EMD models, we observe variation in RMSE values across environments. The ULC location showed
consistent RMSE values across models, ranging from 15.32 tha™! to 16.9 t ha™!, depending on the validation scenario. However, the
UIR, UAV, and AGR locations showed the lowest errors when environmental covariates were included (Figures 2 and 3).

Figure 5A displays the scatter plot between the observed and predicted values for the EMM and EMD models at each location. The
MMD model was removed due to the presence of outliers.
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Figure 4. (A) Predicted and observed values of tons of sugarcane per hectare (TSH) at each location, predicted by the EMM and
EMD models. The EMM model is represented by the green line and points, while the EMD model is represented by the orange line
and points. (B) Coefficient of determination (R?) for each model across training genotype combinations (C3, C5, C7). Shapes
indicate model structures: MMD (circle), EMM (triangle), and EMD (star).

As seen in Figure 5, it is not possible to differentiate the points and trend lines of the models (EMM and EMD) due to the proximity
of the estimated values. Therefore, the evaluation of the models will be done collectively. In general, the points are distant from the
trend line; however, the low number of points interfered with the evaluation of the scatter plot. Nevertheless, the points show a
certain trend in some locations (USV, BIO). In the locations with higher errors (USV and BIO), the trend line is not inclined; in this
sense, the model may not capture the overall relationship in the data. Additionally, the points are not distributed uniformly; they are
scattered relative to the trend line.

Another important point is the distance of the points from the trend line. In the USV, ULC, and BIO locations, most points are
farther from the trend line, indicating a higher residual error. Meanwhile, in the UIR, UAV, and AGR locations, the points are closer
to the trend line but still present some outliers, which may be anomalies that the model is not capturing or errors in the original data.
It is noticeable that not all locations show a consistent dispersion across all ranges of the graphs, as seen, for example, in the BIO
and USV locations. The presence of heteroscedasticity may indicate that the model is not adequately capturing the variability of the
data. To complement the analysis of model accuracy, the coefficient of determination (R?) was evaluated for each model across
different genotype combinations (Figure 5B). The MMD model, which does not use environmental covariates, presented
consistently lower R? values. In contrast, both EMM and EMD models achieved R? values above 0.8 in all scenarios, with minimal
differences between them.
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4. DISCUSSION

The use of prediction models in sugarcane breeding programs, including environmental covariates, remains underexplored. The
reliability of such predictions, particularly during the experimental phase of the program, enables the early identification of
promising genotypes and the anticipation of their performance under varying environmental conditions. Knowing the behavior of
genotypes in advance reduces the need for extensive multi-environment trials, ultimately lowering costs, accelerating selection
cycles, and enhancing genetic gain (Neyhart et al., 2022).

Among modeling strategies, Bayesian approaches stand out for their flexibility in incorporating covariance structures derived from
phenotypic, genotypic, and environmental sources. Additionally, they accommodate nonlinear genotype responses to environmental
variation, more accurately reflecting biological reality (Granato et al., 2018). In this study, three Bayesian mixed model structures
were compared across experimental locations. The MMD model relied only on phenotypic data and GXE interaction. In contrast,
the EMM and EMD models incorporated an environmental covariance matrix, with EMD also modeling a unique GXE deviation.

When examining RMSE values for the BIO and UJA environments under the MMD model, markedly high errors were observed.
In UJA, these errors can be explained by a cultivation setting marked by lower average temperatures and uneven rainfall
distribution—conditions opposite to those of other environments. This finding highlights the relevance of environmental similarity
in improving predictive reliability for untested sites, supporting results from Jarquin et al. (2021) and Neyhart et al. (2022).

In the BIO location, although environmental conditions resembled those of other locations, RMSE remained high. This was
attributed to inconsistencies in the observed TSH data, including abnormally high values and variation among replicates within the
same genotype. Since the training set was generated by simulating data from a small original sample, potential measurement errors
and outliers could have amplified prediction inaccuracies (Ly et al., 2018).

Despite these challenges, the inclusion of environmental covariates significantly improved model performance in most locations. In
environments such as AGR, UAV, and UIR, the models showed markedly lower RMSE values with covariates. This reinforces
previous findings suggesting that even a limited number of relevant covariates can be sufficient in heterogeneous environments (Li
et al., 2018; Millet et al., 2019). In our analysis, preliminary tests indicated that solar radiation, vapor pressure deficit (VPD), and
early-stage temperature were the most influential covariates. This highlights the importance of variable selection based on crop
physiology. In contrast, in homogeneous environments such as ULC, where GXE interaction is minimal, the inclusion of
environmental covariates had little impact on prediction accuracy (Neyhart et al., 2022).

According to Jarquin et al. (2013), predictions tend to be more accurate when environmental conditions across sites are similar.
However, given the small number of genotypes (n = 11) and environments (n = 8) in our study, additional strategies were needed.
Thus, we employed genotype expansion via simulation, which led to consistent improvements in model fit as the number of
genotypes increased.

To minimize the risk of overfitting to synthetic data, we validated models using genotypes excluded from the simulation. These
individuals were reserved for testing to ensure that model evaluation was based solely on observed genotypes. The consistent
reduction in RMSE across validation scenarios (C3, C5, C7) indicates that the simulation strategy contributed to generalization
rather than distortion. Moreover, the gain in consistency, even with modest reductions in RMSE (about 0.10 t ha™"), supports the
utility of data augmentation in sugarcane prediction.

Some authors suggest that environmental variables are better leveraged when organized by phenological stages, which improves
interpretability and accuracy (Heslot et al., 2014; Monteverde et al., 2019; Rincent et al., 2019). While this approach was not feasible
in our study due to variable cutting schedules in ratoon cane across locations, future work could benefit from integrating
phenological information into the modeling process.

Overall, our results demonstrate that environmental covariates are valuable tools in predictive modeling, particularly when genomic
and pedigree data are unavailable. Given that environmental data are accessible and free, they offer a practical and scalable
alternative for improving predictions.

If detailed genotypic or pedigree information were available, model performance could likely be further improved (Hayes et al.,
2021). However, the high cost of genotyping, especially for crops such as sugarcane, limits its feasibility. In this context,
environmental data remain a cost-effective solution, helping guide breeding programs by identifying representative sites and
reducing the number of field evaluations required.

This study has several limitations. The reduced number of observed genotypes limited genetic diversity, although partially offset by
the simulation strategy. The lack of genomic data precluded explicit modeling of genetic relationships. Additionally, the inability
to align phenological stages across locations due to variability in cutting schedules may have introduced noise in covariate
interpretation. Future studies combining genomic data with phenology-aligned environmental summaries may achieve even greater
predictive accuracy.

These findings highlight important implications for future sugarcane breeding strategies. The demonstrated utility of
environmental covariates in predictive models suggests that enviromic approaches can be incorporated into the final stages of
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selection, especially in contexts where genomic data are limited or unavailable. In large-scale breeding programs, this strategy could
help breeders prioritize representative environments, reduce the number of field trials, and accelerate the selection cycle. Moreover,
by integrating readily available environmental data, the methodology offers a scalable, low-cost solution that optimizes resource
allocation and improves genotype targeting to suitable environments.

5. CONCLUSION

The inclusion of environmental covariates proved crucial for improving the model's accuracy in predicting sugarcane yield (TSH).
Furthermore, increasing the number of genotypes used to expand the dataset significantly reduced prediction errors.

These results highlight the potential of integrating environmental information into the final stages of breeding programs, offering a
low-cost and scalable strategy to improve predictive performance in the absence of genomic data. The methodology adopted here
can be extended to cover a wider range of environments and genotypes, allowing breeders to prioritize experimental efforts in more
representative locations. As environmental data are freely available and increasingly accurate through remote sensing platforms,
this approach has great potential for application in large-scale breeding programs, supporting the selection of more productive and
stable genotypes in diverse agroecological conditions.
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7. Appendix

Appendix A — Descriptive statistics of climatic variables used in the prediction models

Variable Stat  AGR BIO UAV UIR UJA ULC USV UVG
mean 19.58  20.15  20.19 20.14 17.68 1934  20.10 19.75
All Sky Insolation Incident on a var 24.44 20.58 19.38 2421 3125 2423 20.77 22.06

Horizontal Surface (MJ m-2 d-1) max 3144  30.83 3080 31.94 3176 3085 31.17 3147

min 3.76 4.67 3.77 4.33 3.78 2.66 4.24 3.01

mean  32.18 32.54 32.90 3343 3234 3224 33.06 32.13
Downward Thermal Infrared

(Longwave) Radiative Flux (MJ m-2 d- V& 6.77 7.86 7.99 8.19 5.26 7.49 8.10 8.04
1) max  36.97 38.03 38.66 39.32 36.54 37.08 38.81 37.72

min 24.59 22.48 22.65 22.774 2457  23.87 22.94 22.32

mean  2.09 2.06 2.04 1.97 2.15 1.92 2.01 2.15
var 0.53 0.54 0.61 0.49 0.52 0.42 0.52 0.54
max 5.58 5.24 5.45 5.58 5.69 4.98 5.71 5.22
min 0.52 0.61 0.63 0.61 0.60 0.59 0.61 0.63

Wind Speed (m/s)

mean  17.67 18.34 19.65 1994 1625 17.43 20.16 19.16
var 9.23 9.79 9.76 11.34 8.22 10.75 10.70 10.51
max  26.25 25.57 28.00 2893 2211  26.89 29.22 27.77
min 6.13 4.53 5.13 3.65 6.22 5.70 3.80 4.84

Minimum Temperature (°C)

mean  29.92 29.80 31.54 3238 2738  29.43 32.03 30.72
var 9.68 10.25 11.77 12.57 9.37 10.03 11.46 10.89
max  41.58 41.10 43.10 4377 3843 42.08 42.96 42.09
min 19.95 19.02 21.02 1798 17.05 19.37 18.70 17.88

Maximum Temperature (°C)

mean  15.69 15.57 16.32 15776  16.06  15.57 16.21 16.10
Dew/Frost Point (°C) var 19.37 21.91 26.53 28.05 10.51  20.28 26.96 21.54

max 22.20 22.20 23.27 23.17 2198 2221 23.24 22.94
min -3.36 -7.47 -9.61 -7.29 3.53 -4.31 -8.02 -7.02

mean  66.47 64.59 62.86 5881 76.10 66.95 60.19 63.32
var  217.78 24894 30436 27747 9341 22629 27794 23290

max  91.88 91.97 92.73 9343 94.04 92.17 93.80 91.52
min 25.62 24.11 19.46 20.97 4533  22.60 20.39 22.49

Relative Humidity (%)

mean 2.98 3.03 3.16 2.52 3.22 2.98 2.68 2.90
var 43.44 34.47 39.93 2796 4433  37.85 27.81 28.91
max  62.58 67.87 90.81 66.69 63.82 4998 54.69 51.35
min 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Precipitation (mm)

mean  2.50 3.64 2.98 242 2.98 2.83 2.47 2.92
var 8.45 8.64 11.25 8.49 8.00 8.10 9.31 9.53
max 11.92 11.93 12.58 1093 11.23  10.87 11.97 12.11
min 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Evapotranspiration (mm d-1)

mean 1.33 1.36 1.58 1.78 0.93 1.27 1.69 1.48
var 0.45 0.52 0.78 0.75 0.20 0.45 0.72 0.54
max 4.22 4.23 4.78 5.15 2.86 4.16 4.84 4.46
min 0.20 0.25 0.27 0.20 0.16 0.27 0.19 0.26

Vapour pressure deficit (KPa d-1)

mean  34.31 34.41 34.46 3425 3412 3423 34.42 34.20

Radiation on the top of the atmosphere ~ var 40.70 38.75 37.79 41.81 4426 4222 38.67 42.71
MJ m-2 d-1) max  42.03 4190  41.83 42.11 4227 4214  41.89 42.17

min __ 24.30 24.60 2476 2412 2375 24.06 24.62 23.99




