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Enviromic approaches enhance predictive models by incorporating environmental data into selection 
frameworks. By integrating factor analytic (FA) models, enviromics, and Geographic Information 
Systems (GIS), the GIS-FA method was proposed to improve genotype prediction in untested 
environments. This study aims to refine GIS-FA by implementing Random Forest Spatial Interpolation 
for enhanced environmental data interpolation and optimizing spatial sampling to exclude non-
agricultural areas, thereby improving environmental characterization. We applied the improved GIS-FA 
framework to common bean trials conducted across 23 environments in São Paulo, Brazil, evaluating 
59 genotypes from the “Carioca” and “Black” market classes. The enhanced method increased 
empirical Best Linear Unbiased Predictions (eBLUPs) accuracy from 0.46 to 0.53 in leave-one-out cross-
validation, representing a 15.2% improvement and enabling more reliable genotype performance 
predictions. Additionally, integrating GIS-FA with Factor Analytic Selection Tools improved the 
interpretation of stability and adaptability metrics by allowing predictions at untested locations. This 
provided a comprehensive spatial view of genotype performance across the entire Target Population 
of Environments (TPE). High-resolution thematic maps generated through GIS-FA facilitated genotype 
recommendation across São Paulo. These findings demonstrate the value of incorporating machine 
learning-based interpolation and spatial optimization into GIS-FA, reinforcing its potential to support 
selection strategies and advance environment-informed prediction in modern plant breeding.
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Common bean (Phaseolus vulgaris L.) plays a fundamental role in both the Brazilian diet and agriculture, with 
the “Carioca” and “Black” types accounting for approximately 90% of total production and 78% of national 
consumption1. Its cultivation spans the entire Brazilian territory, demonstrating remarkable adaptability to 
diverse edaphoclimatic conditions and seasonal variations. This adaptation has led to the establishment of 
three main growing seasons: (i) the rainy season, (ii) the dry season, and (iii) the winter season2. Such a broad 
geographic and seasonal distribution ensures a continuous and diversified supply, which is crucial for meeting 
the country’s dietary demands.

Given the wide range of environmental conditions to which the crop is exposed, multi-environment 
trials (MET) are implemented to evaluate genotypes across a series of environments representative of the 
recommendation regions. Assessing different genotypes in MET reveals a key factor for statistical analysis: the 
genotype by environment (G×E) interaction3. This phenomenon is crucial for understanding how genotypes 
adapt to varying environmental conditions, playing a pivotal role in effective selection and recommendation 
processes4.

For analysis of MET data, mixed models offer significant advantages due to their robustness in handling 
unbalanced data, their flexibility in accommodating both fixed and random effects, and their capacity for 
more coherent co-variance modeling5. Given the frequent high crossover G×E interaction in these trials, the 
unstructured model would be the most appropriate choice for modeling the variance-covariance matrix. However, 
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this approach substantially increases the number of parameters to be estimated, potentially compromising model 
parsimony and reducing the precision of parameter estimation6.

Recognized as the gold standard for modeling G×E interactions, factor analytic (FA) mixed models7,8 
represent genotypic effects as random regressions on latent environmental covariates (loadings), with each 
genotype associated with a corresponding slope (score)9. Their prominent role in MET analysis arises from 
their ability to reduce the dimensionality of data by extracting latent factors, allowing for an approximation 
of unstructured variance-covariance modeling in a parsimonious manner10,11. Although FA models were 
initially underutilized due to limitations in the interpretability of their results, their adoption increased with 
the contributions of Smith and Cullis12, who proposed the Factor Analytic Selection Tools (FAST). These 
tools provide breeders with performance and stability metrics, making FA more suitable for the selection and 
recommendation of varieties.

Enviromics has emerged as a transformative approach in G×E data analyses, enhancing MET studies by 
addressing the environmental component with greater precision and depth. Unlike traditional methods that 
treat the environment as a “black box”, enviromics integrates detailed environmental data from tools such as 
remote sensing, high throughput platforms, and big data analytics13–17. This enables the characterization of 
environmental factors as structured, measurable variables in predictive models. Through the combination of 
environmental data with genomic and phenotypic information, enviromics improves the modeling of G×E 
interactions, resulting in more accurate genotype performance predictions across different environments18–20.

By integrating FA with enviromics through partial least squares (PLS) regression, Araújo et al.16 proposed 
the GIS-FA methodology. This approach leverages meteorological, soil, and topographic data obtained via 
Geographic Information System (GIS) to predict the factor loadings of FA models for each environment using 
PLS. From these predicted loadings, the empirical best linear unbiased predictions (eBLUPs) of genotypes can 
be estimated in untested environments by linearly combining the predicted loadings with the genotypic scores 
of FA models. Furthermore, this methodology makes it possible to create thematic maps, providing a deeper 
understanding of variety performance across environments within the target population of environments (TPE), 
therefore improving variety recommendation.

In predictive modeling using environmental features, the characterization, representativeness, sampling, 
and spatio-temporal resolution of environmental data are critical to achieve accurate and reliable results21–23. 
Within this framework, machine learning methodologies, such as Random Forest Spatial Interpolation (RFSI), 
have demonstrated superior performance over traditional interpolation techniques, including inverse distance 
weighting (IDW) and kriging (with or without external drift), by integrating random forest predictions with 
information from neighboring points and their distances, this approach enhances spatial accuracy and improves 
the reliability of spatialized environmental data24–26. Originally, the GIS-FA methodology employs random 
sampling of points within the TPE to extract environmental information and utilizes the IDW method for 
interpolation at a low spatial resolution, highlighting key areas for improvement.

To improve GIS-FA predictions, this study aims to refine the sampling by ensuring an evenly spaced 
distribution of points while excluding rivers, roads, and urban areas, improve interpolation using RFSI, and 
utilize the highest available resolution from environmental databases. Furthermore, we seek to optimize variety 
recommendation by integrating recommendation maps with FAST for common bean trials conducted by the 
Common Bean Breeding Program of the Agronomic Institute (PMGF-IAC) in the state of São Paulo, Brazil. 

Results
From the single trial analyses of the experiments, the coefficients of variation (CVa) ranged from 6.31% (Moc18R) 
to 24.9% (Cam21D) and the heritability (H2

a), from 0.36 (Vot20W) to 0.97 (Moc20D) (Fig. 1). This heritability 
metric reflects the accuracy of genotype ranking based on BLUPs, with values approaching 1 indicating high 
precision in distinguishing genotypic differences and lower values reflecting limited discriminatory power due 
to stronger residual influence. All evaluated environments exhibited significant genotypic effects according to 
the likelihood ratio test. In the MET analysis, the FA4 model showed the best fit and was used for subsequent 
predictions, as indicated by the adopted selection criteria (Table 1).

Genetic correlations between environments ranged from −0.59 (Tat20R vs Mon19R) to 0.995 (Vot19W 
vs Cam18R), with an average correlation of 0.35. This mean value indicates a general trend toward positive 
correlations, which accounted for 87.35% of the total estimates. The environments Moc19D, Cam18W, Vot19W, 
and Cam18R exhibited the highest similarity when compared to all others, with mean correlations ranging 
from 0.57 to 0.58. Conversely, we identified Tat20R, Moc20D, Cap19R, and Cap19D as the most divergent, with 
mean correlations ranging from −0.04 to 0.14. High positive genetic correlations between environments indicate 
minimal crossover G×E interactions, whereas correlations close to zero or highly negative reflect, respectively, 
the presence and increasing intensity of these interactions (Fig. 2).

We identified the top 15% most productive and stable genotypes using the FAST methodology in the MET 
analysis for “Carioca” and “Black” bean types (Fig. 3), along with their respective reliabilities. To ensure an 
unbiased evaluation of new genotypes, we excluded the check varieties (IAC 2051 and IAC Veloz) from the 
selection percentage. For the “Carioca” type, we selected G16, G12, G39, G32, G45, and G31, while for the 
“Black” type, we selected G19, G30, and G28. Among them, G39, G45, G32, G31, and G19 exhibited greater 
stability compared to the check varieties. However, none of the selected genotypes outperformed the checks in 
terms of absolute performance.

In this study, the improved GIS-FA method reached an accuracy of 0.53 and RMSE of 698.57 under LOOCV. 
These results represent an improvement over both the original GIS-FA implementation and its performance 
on the current dataset (Table 2). The eBLUPs predicted from this model were subsequently used to generate 
thematic maps, offering a spatial representation of genotype performance across the TPE.
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Six “Carioca” genotypes were the most suitable for specific environments in the TPE. However, only four 
(IAC 2051, G16, G42, and G02) covered large geographic regions, while G22 and G12, despite excelling in some 
environments, had limited spatial representation (Fig. 4). For “Black” genotypes, we observed less variability 
among the winning genotypes, with IAC Veloz and G28 dominating most of the TPE, while G46 and G30 being 
the best for limited areas (Fig. 5).

Through the adaptation zone analysis, we categorized the eBLUPs of genotypes and generated individual 
maps to assess their specific performance across the TPE. We constructed these thematic maps only for the 
most promising genotypes identified by FAST and the Which-won-where map. They showed that the “Carioca” 
genotypes IAC 2051 and G16 exhibited high productivity across large areas of the TPE, while the less stable 
G02 and G42 achieved high productivity only for specific regions, namely northwest and southeast, respectively 
(Fig. 6). For the “Black” genotypes, only G28 demonstrated high productivity across a significant portion of the 
TPE, while IAC Veloz and G30 performed well in more restricted areas. Additionally, G19 stood out for its high 
stability (Fig. 7).

We mapped the geographic winning distribution between two genotypes by comparing their predicted 
eBLUPs across the TPE using the pairwise comparison thematic map (Fig. 8). For the “Carioca” type, we 
compared the most promising genotypes with the commercial variety IAC 2051. G02 and G16 outperformed 

Model LogL AIC ASR

FA1 −13644.89 27417.79 28.03

FA2 −13623.26 27416.52 40.23

FA3 −13603.39 27408.78 51.26

FA4 −13590.56 27417.12 71.20

FA5 −13579.82 27429.63 74.00

Table 1.  Values related to the log-likelihood (LogL), Akaike Information Criterion (AIC), and average semi-
variance ratio (ASR) for the adjusted models. Selected model is highlighted in bold. Models with more than 
five factors did not converged.
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Fig. 1.  Scatter plot of the experimental coefficient of variation (CVa) and generalized heritability (H2
a) for 

each of the 23 environments. Environment labels indicate the location (first three letters), year (last two digits), 
and season (“R” for rainy, “D” for dry, “W” for winter).
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Fig. 3.  Scatter plot of overall performance (OP) and stability (RMSD), illustrating the relationship between 
these two selection criteria across the evaluated lines. The most productive and stable genotypes were identified 
based on the selection index described in the Material and Methods section and are highlighted. Panel A 
highlights the selection of “Carioca” lines, while Panel B highlights the selection of “Black” lines. Genotypes 
positioned in the upper left region of the plot are characterized by high OP and low RMSD, indicating superior 
adaptability and stability.
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Fig. 2.  Heatmap representation of genetic correlations among the 23 environments evaluated in the Multi 
Environment Trials (MET). Darker red and blue colors indicate strong positive or negative correlations, 
respectively. Conversely, darker green color represent weaker correlations.
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the check in the northwest region of the TPE, while G42 surpassed it in the southeast region (Fig. 8a). For 
the “Black” genotypes, we made comparisons against the commercial variety IAC Veloz, which consistently 
outperformed all competitors in the southern and southeastern regions of the TPE. G30 and G28 had superior 
performance in the northern, northwestern, and western regions, while G19 showed superior performance in 
the northwest (Fig. 8b).

The environmental dissimilarity map (Supplementary Fig. 2) revealed a clear spatial gradient in 
representativeness of the MET conditions across São Paulo. Central and northwestern regions showed low 
dissimilarity values, indicating high similarity with the experimental environments and, consequently, greater 
confidence in extrapolated predictions. In contrast, southeastern and coastal areas displayed higher dissimilarity, 
reflecting environmental conditions poorly represented in the MET dataset. These regions are therefore 
associated with lower reliability of genotype predictions. While this map provides a useful spatial perspective for 
contextualizing the reliability of eBLUP-based recommendations, it should be interpreted as an exploratory tool 
rather than a definitive guide, highlighting areas where further testing or data collection would be particularly 
valuable.

Discussion
This study leveraged FA models and FAST tools in MET evaluations to assess common bean genotypes under 
diverse climatic conditions across the three traditional growing seasons. Additionally, we applied and improved 
the GIS-FA methodology by enhancing spatial sampling to ensure an evenly distributed set of points while 
excluding rivers, roads, and urban areas. We also improved interpolation step by implementing Random Forest 
Spatial Interpolation and utilized the highest available resolution from environmental databases. Furthermore, 
we built thematic maps for adaptation zones, pairwise comparisons, and which-won-where analyses, facilitating 
a spatially-explicit understanding of genotypic performance and stability. By integrating these approaches, 
we provided critical insights for enhancing selection strategies and improving varietal recommendations in 
response to environmental complexity, reinforcing the role of data-driven selection in modern plant breeding.
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Fig. 4.  Which-won-where map representing, through color coding, the best “Carioca” type genotype at each 
pixel (environment) across the target population of environments (São Paulo state).

 

Model Prediction

Prediction accuracy

Common Beans Soybean

GIS-FA Loadings 0.38 0.34

GIS-FA* Loadings 0.43 0.35

GIS-FA eBLUPs 0.46 0.60

GIS-FA* eBLUPs 0.53 0.63

Table 2.  Prediction accuracy of Factor Loadings and eBLUPs using the original method (GIS-FA) and the 
improved method (GIS-FA*).

 

Scientific Reports |        (2025) 15:38070 5| https://doi.org/10.1038/s41598-025-21882-x

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


22°S

G02

G42

G16

IAC2051

20°S

22°S

24°S

20°S

24°S

52°W 50°W 48°W 46°W 44°W 52°W 50°W 48°W 46°W 44°W

1400 − 1700

1700 − 2000

2000 − 2300

2300 − 2600

2600 − 2900

> 2900

Longitude

ŷ (kg ha )

La
tit
ud
e

-1

200 km

200 km

N

200 km

200 km

N

NN

Fig. 6.  Adaptation zones map illustrating the expected performance of the “Carioca” genotypes G02, G42, and 
G16, along with the commercial variety IAC 2051, based on yield classes. The color scale represents predicted 
yield categories, where darker red shades indicate lower yielding areas, while darker blue shades correspond to 
high yielding regions.
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These methodological advancements build upon the long-standing efforts of the Common Bean Breeding 
Program of the Agronomic Institute (PMGF-IAC), the oldest common bean breeding program in Brazil, 
established in 1932. Over nearly a century, PMGF-IAC has played a pivotal role in developing and releasing high-
yielding, stable, and disease-resistant varieties, significantly contributing to common bean production in Brazil. 
Initially focused on mass selection of landraces, the program has evolved through the adoption of genealogical 
and backcrossing selection methods. Today, PMGF-IAC integrates cutting-edge breeding methodologies, 
including genomic selection and enviromics, to enhance performance and resilience. To date, the program has 
released over 50 varieties, each tailored to diverse edaphoclimatic conditions and market demands27.

The FA model has proven to be a robust and parsimonious approach for modeling G×E in MET, effectively 
capturing the underlying covariance structures and enabling more precise selection decisions in a routine 
breeding program4,28–31. Its integration into modern plant breeding pipelines and the incorporation of 
environmental covariates allows for a deeper understanding of the environmental factors influencing genotype 
performance, ultimately refining selection strategies32. By integrating FA modeling with environmental covariates 
via PLS regression, the GIS-FA methodology demonstrated its potential to improve genotype predictions across 
untested environments, outperforming similar predictive approaches16. However, the effectiveness of enviromic 
predictions relies on the representativeness of sampled environments within METs concerning the TPE, as well 
as the accuracy of extracted environmental data13,33.

The integration of GIS-FA methodology with FAST notably enhanced the interpretation of stability and 
performance metrics by enabling predictions in untested locations. Despite both methodologies identifying 
superior genotypes, distinct differences emerged regarding the geographic performance and stability of selected 
genotypes. FAST highlighted the most productive and stable genotypes independently of geographic distribution 
and environmental information. In contrast, the GIS-FA thematic maps illustrated spatial variations, revealing 
genotype specific adaptability across distinct environments. For instance, while FAST selected G16, G12, G32, 
G39, G45, G31, G30, G19, and G28, GIS-FA analyses identified alternative genotypes (G22, G42, and G02 for 
“Carioca” and G46 for “Black”) better adapted to particular geographic regions. Notably, genotypes such as G16, 
G12, G28, and G30 were consistently selected across both FAST and GIS-FA analyses, indicating their robustness 
and broad adaptability. Thus, combining FAST with GIS-FA provided complementary insights, balancing the 
MET genotype performance indicators with spatially explicit adaptability assessments essential for optimized 
genotype recommendations.

The reliability of each genotype (Supplementary Table 1) provides further insight into the consistency of 
genotype recommendations. Genotypes evaluated more frequently conditions show higher reliability, indicating 
greater confidence in their predicted values. However, there is marked variability in reliability across genotypes, 
reflecting differences in their testing frequency and environmental representativeness. This variability implies 
that while some genotypes can be recommended with greater confidence, others require more cautious 
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yield categories, where darker red shades indicate lower yielding areas, while darker blue shades correspond to 
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interpretation, especially when evaluated in fewer or unique environments. This pattern reinforces the importance 
of representativeness in METs and suggests that, in practice, genotype recommendations should account not 
only for predicted values but also for their associated reliability32. While reliability does not capture prediction 
accuracy, it is a useful indicator of confidence, particularly for genotypes tested in limited or environmentally 
unique conditions. These considerations were added to help guide interpretation of the predictions and inform 
decisions about where extrapolation should be made with caution.

Although the geographic distribution of MET sites in this study was limited, the temporal variation introduced 
by evaluating genotypes across multiple years and three distinct cropping seasons provided a good representation 
of genotype responses under diverse environmental conditions. Furthermore, improvements in environmental 
variable extraction and the implementation of RFSI enhanced the characterization of environmental conditions, 
addressing challenges related to spatial resolution disparities in raw data (Supplementary Table 5). By ensuring a 
more reliable environmental dataset, the eBLUP predictions became more accurate, yielding an average accuracy 
gain of 15.2% over the previous methodology (from 0.46 to 0.53).

Despite these advancements, challenges remain in fully capturing the complexity of G×E, particularly 
under highly variable climatic conditions. This is evident when comparing the mean genetic correlations of 
an environment with the accuracies obtained for within-environment predictions in the LOOCV. The results 
highlight that highly divergent or underrepresented environments within the experimental network lead to 
lower predictive accuracy (Fig. 1, Supplementary Table 2). Although temporal diversity is partially accounted for 
by considering multiple growing seasons, the limited geographical distribution restricts broad generalizations 
across the entire TPE. This constraint highlights the exploratory nature of the thematic maps generated in this 
work, emphasizing the need for cautious interpretation when extrapolating results to environmentally dissimilar 
regions. Given that poorly represented environmental conditions tend to yield lower prediction accuracy, 
the inclusion of a spatial map of environmental dissimilarity across the TPE (Supplementary Figure 2) offers 
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a useful resource for contextualizing predictions. This visualization allows the identification of regions more 
environmentally similar to the MET conditions, where predictions are expected to be more reliable.

While the GIS-FA approach achieved an accuracy of 0.53 in LOOCV, further refinements could enhance 
its predictive performance. Recent studies suggest that modeling environmental features can improve both 
the parsimony and predictive accuracy of the prediction models34,35. Moreover, despite computationally 
demanding, incorporating high resolution spatiotemporal environmental data could refine genotypic 
performance predictions by enabling the estimation of environmental features at the plot or even plant level17. 
Additionally, integrating genomics, such as high-density molecular markers or genomic relationship matrices, 
has the potential to significantly boost predictive accuracy by capturing genomic signals associated with G×
E and environmental adaptability36. Nonetheless, given the limitations of LOOCV in terms of generalizability, 
particularly when spatially correlated environments are present, future studies should consider more robust 
cross-validation strategies, such as spatial-block or leave-one-location-out schemes, to provide more reliable 
assessments of predictive performance37. Although the use of LOOCV at the environment level provides a 
rigorous internal validation strategy, an independent external validation dataset was not available in this study. 
This remains a limitation, as it prevents direct evaluation of the model’s generalizability beyond the experimental 
network.

Future research should focus on developing genomic assisted crossing strategies based on the spatial suitability 
of different regions within the TPE, potentially accelerating the development of specific adapted varieties. In 
parallel, seasonal prediction models could enable the development of genotype recommendations tailored to 
specific cropping seasons. Extending these predictive models to assess genotypic responses under future climate 
scenarios would further provide a valuable tool for climate resilient breeding programs, addressing the increasing 
challenges posed by climate change. Lastly, the absence of explicit uncertainty measures or confidence intervals 
for spatial predictions represents a significant methodological gap. Addressing this limitation in future studies 
would enhance the reliability of genotype recommendations and better support informed decision-making and 
risk management in plant breeding programs.

Methods
Plant material
The phenotypic data were collected from Value for Cultivation and Use (VCU) trials, which represent the 
final stage of variety evaluation prior to official recommendation for commercial release. The trials comprised 
59 common bean genotypes, including “Black” (15 lines) and “Carioca” (41 lines) types, evaluated over four 
agricultural years (2018–2021) across six municipalities in the state of São Paulo, covering three growing seasons: 
rainy, dry, and winter. This resulted in a total of 23 environments, defined by the combination of season, location, 
and year. Each environment was labeled using the first three letters of the location, the last two digits of the year, 
and the first letter of the season (e.g., Campinas in 2018 during the rainy season is designated as “Cam18R”) (Fig. 
9). The evaluated dataset exhibited a 44% imbalance in genotype presence across environments (Supplementary 
Fig. 1), indicating incomplete G×E combinations. The experiments were conducted by the Agronomic Institute 
(IAC) in accordance with the guidelines established by the Ministry of Agriculture, Livestock, and Supply/
National Cultivar Registry (MAPA/RNC) for VCU trials.

The experiments were laid out in randomized complete block design (RCBD) with three replications. Each 
plot consisted of four four-meter long rows, spaced 0.50 m apart. The two central rows were designated as the 
effective plot area (4 m2). Initial fertilization was applied based on detailed soil analysis and tailored to the 
specific nutritional requirements of the crop at each location. Following harvest, grain yield was recorded for 
each plot and subsequently standardized to kilograms per hectare (kg ha−1).

Statistical analyses of phenotypic data
We used the residual maximum likelihood (REML) method to estimate variance components38, as a necessary 
step to predict genotypic values using best linear unbiased prediction (BLUP)39. We fitted the following model 
for the single-environment data analysis:

	 y = 1µ + Xr + Zg + ϵ� (1)

where yn×1 represents the vector of phenotypic observations, µ is the intercept, rb×1 is the vector of fixed 
replication effects, gt×1 is the vector of random genotypic effects [assumed as g ∼ N(0, Iσ2

g)], and ϵn×1 is the 
vector of random residual effects [with ϵ ∼ N (0, Iσ2

ϵ )]. Here, 1n×1 is a vector of ones, and Xn×b and Zn×t 
are the incidence matrices associated with the replication and genotype effects, respectively. n is the number of 
observations (plots), b is the number of replications, and t is the number of genotypes.

We used single-environment data analyses to assess the significance of the genotypic effect employing the 
likelihood ratio test (LRT)40:

	 LRT = −2 (− log L + log LR)� (2)

where log L is the log-likelihood of the full model, and log LR is the log-likelihood of the reduced model 
(excluding the tested effect). The LR statistic was compared to tabulated values of the chi-square (χ2) distribution 
with one degree of freedom to determine the statistical significance of the genotypic variance component.

For the MET analysis, we included data from all environments where the genotypic effect was statistically 
significant, following the model:

	 y = 1µ + X1a + X2r + Zg + ϵ� (3)
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where yv×1 represents the vector of phenotypic observations, µ is the intercept, aa×1 is the vector of fixed 
environmental effects, and rba×1 is the vector of fixed replicate effects within environments. The vector 
gta×1 represents the random genotypic effects within environments, assumed to follow a multivariate normal 
distribution g ∼ MVN(0, Σg ⊗ It), where Σgt×t  is the genetic covariance matrix, and It is an identity matrix 
of order t. The residual effects are represented by the vector ϵv×1, assumed to follow ϵ ∼ MVN(0, Σe ⊗ Iv), 
where Σea×a  is the residual covariance matrix, and Iv  is an identity matrix of order v. Here, 1v×1 is a vector of 
ones, while X1v×a , X2v×b , and Zv×t are the incidence matrices associated with the environmental, replicate, 
and genotypic effects, respectively. The quantities are defined as follows: v is the total number of observations, 
b is the number of replications, t is the number of genotypes, and a is the number of environments. The symbol 
⊗ denotes the Kronecker product.

We modeled genotypic effects using the FA structure8, where the genotypic effects (g) and its covariance 
matrix(Σg), for an FA model of order K , are given by:

	 Σg = ΛΛ′ + Ψ � (4)

	 g = (Λ ⊗ It)f + δ � (5)

where Λa×K  is the factor loadings matrix, and Ψa×a is a diagonal matrix of specific variances. The vector 
gt×1 represents the random genotypic effects, modeled as a function of the factor scores (fK×t, where K  is the 
number of factors) and the lack of fit effects (δt×a).

In the FA framework, different numbers of factors (1 to a − 1) can be considered for the analysis of 
experimental trials. To determine the most appropriate model, we used the Akaike Information Criterion 
(AIC)41 and the Average Semi-Variance Ratio (ASR)4. We selected the model with the lowest AIC value among 
those with an ASR exceeding 70%.

When the number of factors exceeds one (k > 1), the factor loading matrix is not unique, requiring 
constraints to ensure identifiability and interpretability. To maintain consistency within the FA model, factor 
scores were assumed to be independent, with a diagonal (non identity) covariance matrix whose elements were 
ordered in decreasing magnitude. The factor loadings were constrained such that their inner product resulted 
in an identity matrix, ensuring orthonormal columns. Additionally, to impose uniqueness, all upper triangular 
elements of the loading matrix were set to zero. These constraints preserve the expected variance structure of 
random effects in mixed models while ensuring a biologically meaningful representation of the factors30.
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To address the identifiability issues and enhance the biological interpretability of the latent factors, the factor 
loading matrix Λ∗, constrained to be lower triangular with orthonormal columns, was subjected to a rotation. 
Specifically, we applied a rotation based on the singular value decomposition (SVD) of Λ∗, expressed as:

	 Λ∗ = UL1/2V⊤

where U and V are orthogonal matrices and L is a diagonal matrix containing the singular values. The 
rotation ensures that the factors remain orthogonal and that the scale and structure of genetic variances across 
environments are maintained8. Accordingly, the corresponding factor scores were rotated as f⋆ = (LV⊤ ⊗ IV )f, 
where  is the original vector of scores.

After model evaluation, we estimated the generalized heritabilities (H2
q )42, and the experimental coefficient 

of variation (CVq) for each environment:

	
H2

a = 1 − V (∆)
2σ2

gq

� (6)

where V(∆) represents the average pairwise prediction error variance, and σ2
ga  is the genotypic variance of the 

a-th environment.

	
CVa =

√
σ2

ea

µa

� (7)

where σ2
ea  is the residual variance for environment a, and µa is the mean phenotypic value for environment a.

We estimated Genetic correlations between environments using the following equation43:

	 C = D(Λ∗Λ∗′
+ Ψ)D� (8)

where Ca×a represents the matrix of genetic correlations between environments, Da×a is a diagonal matrix 
whose elements are the inverse of the square roots of the diagonal elements of the genetic covariance matrix Σg . 
The matrix Λ∗

a×K  represents the rotated factor loadings, and Ψa×a is a diagonal matrix of specific variances.

Factor analytic selection tools
Based on the selected model, we applied Factor Analytic Selection Tools (FAST) to assess both overall performance 
(OP), and genotype stability (RMSD)12. The OP is determined by the first factor, which should predominantly 
consist of positive loadings, providing a generalized measure of the main genotypic effects. The RMSD is derived 
from the subsequent factors, capturing environment specific variability and the remaining G×E interaction after 
accounting for overall performance12,44. We computed the OP and RMSD using the following equations:

	

OPj = 1
a

a∑
a=1

λ∗
1a

f∗
1ja

, RMSDj =

√√√√ 1
a

a∑
a=1

e2
ja� (9)

where λ∗
a is the rotated loading of the first factor, and f∗

ja is the rotated score of genotype j in environment a, 
and eja = λ∗

2a
f∗

j2 + λ∗
3a

f∗
j3 + · · · + λ∗

Ka
f∗

jK .
After evaluating the selection tools, we adopted a weighting criterion of 2:1 between OP and RMSD to select 

the top 15% of lines, according to the following equation4:

	
Ij = 2 ×

(
OPj − OP√

V (OP )
− RMSDj − RMSD√

V (RMSD)

)
� (10)

where OP  represents the mean overall performance, RMSD is the mean stability value, 
√

V (OP ) and √
V (RMSD) are their respective standard deviations.
Additionally, we calculated the individual reliabilities of lines following Mrode 45, using the equation:

	
Rj = 1 − P EVj

σ2
g

� (11)

where P EVj  represents the prediction error variance of the j-th genotype, and σ2
g  is the average genotypic 

variance across environments.

Environmental features
A total of 69 environmental features were collected for the predictive analyses in this study. We classified 
these features into four distinct groups: agroclimatic features (37), soil properties (23), spectral bands (7), and 
vegetation indices (2) (Supplementary Table 3). We acquired data for the experimental sites using their respective 
geographic coordinates and planting and harvesting dates, and for the target population of environments (TPE), 
defined as the entire state of São Paulo, based on a historical series from 2000 to 2024.
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We collected environmental features at a daily temporal resolution and computed average values to 
characterize each environment. In both experimental sites and the TPE, covariates were extracted at point-
based geographic coordinates (latitude and longitude) and averaged between planting and harvesting dates. For 
the TPE, points followed a regular grid uniformly spaced across the state. To ensure relevance for agricultural 
prediction and avoid biases from non-cultivable areas, we implemented a systematic sampling strategy with 
spatial constraints. Specifically, we excluded pixels that overlapped with rivers, roads, or urban areas, using 
land cover and infrastructure shapefiles from the Brazilian Institute of Geography and Statistics (IBGE). This 
strategy ensured even spatial coverage, reproducibility, and environmental representativeness of agriculturally 
viable areas.

We sourced environmental datasets from NASA’s Prediction of Worldwide Energy Resource (POWER)46, 
SoilGrids47, and the Moderate Resolution Imaging Spectroradiometer (MODIS)48. We conducted data 
acquisition and processing using the native Application Programming Interfaces (APIs) of these databases, 
ensuring standardized extraction and seamless integration of the environmental features. The spatial resolution 
adopted was 50 km2 for agroclimatic variables, reflecting the highest available resolution from NASA POWER. 
All other variable classes, including soil properties and spectral data, were obtained at a finer resolution of 
0.25 km2. Accordingly, agroclimatic features were sampled from an evenly spaced grid of 85 points, while soil, 
spectral, and vegetation indices were extracted from a denser grid of 794,631 points.

Interpolation
To address differences in spatial resolution among the environmental datasets, we applied Random Forest 
Spatial Interpolation24 (RFSI). This method leverages high-resolution covariates along with distances between 
observations to enhance spatial predictions. By incorporating the values of the nearest observations and their 
respective distances as additional covariates, RFSI effectively captures spatial autocorrelation that standard 
Random Forest approaches do not explicitly model. In our dataset, agroclimatic variables were originally 
available at 50 km2 resolution, while soil properties, spectral bands and vegetation indices were obtained at 0.25 
km2. To standardize the input data for spatial prediction across the entire TPE, we used RFSI to interpolate all 
variables to a final resolution of 0.25 km2 (500 m × 500 m). As a result, after interpolation, all environmental 
features were standardized to the same spatial resolution across the TPE, producing a total of 794,631 pixels. We 
adopted five nearest neighbors for each prediction location. The interpolation process follows the model:

	 ẑ(s0) = f [x1(s0), ..., xm(s0), z(s1), d1, z(s2), d2, z(s3), d3, ..., z(sn), dn]� (12)

where si (i = 1, ..., f ) represents the i-th nearest observation location from s0, and di = |si − s0| denotes the 
distance from each neighboring observation to the prediction location.

Predictions for untested environments
We used the environmental features obtained to predict genotypic eBLUPs in untested environments based on 
the GIS-FA method16. This approach integrates information from the factor analytic model with regression-
based prediction using PLS models. We adjusted the modeling based on the factor loadings estimated from the 
factor analytic model and the extracted environmental features, following the formulation:

	 Λ∗ = W B + E� (13)

where W a×p is the environmental features matrix for the evaluated environments, Bp×k  is the regression 
coefficient matrix, and Ea×k  is the residual matrix of the model. Here, p represents the number of environmental 
features.

Using the estimated regression coefficients (B), we predicted the factor loadings for unobserved environments 
as follows:

	 Λ∗
u = ΩB� (14)

Fig. 10.  Enhanced GIS-FA workflow for prediction of genotypic performance in untested environments. (1) 
Initially, environmental features are obtained for experimental trials based on planting and harvesting dates, 
as well as for the target population of environments (TPE) across São Paulo state, considering a historical 
time series (2000–2024). Due to varying original resolutions (low and high), features undergo Random Forest 
Spatial Interpolation (RFSI) to standardize all variables to high spatial resolution. This results in the feature 
matrices for observed trial environments (W ) and untested environments in the TPE (Ω). (2) The FA model 
is fitted using phenotypic data, obtaining factor loadings and factor scores, which are subsequently rotated 
via singular value decomposition (SVD), resulting in rotated factor loadings (Λ∗) and rotated genotype 
scores (f∗). (3) Rotated factor loadings (Λ∗) and environmental feature matrix for observed trials (W ) are 
employed to train a partial least squares (PLS) regression model, deriving the regression coefficients (B). 
These coefficients, combined with the environmental features of the untested environments (Ω), allow for the 
prediction of rotated factor loadings in unobserved environments (Λ∗

u). (4) Finally, predicted rotated factor 
loadings (Λ∗

u) and rotated genotype scores (f∗) are combined to estimate genotypic values for each genotype 
across all untested environments within the TPE, enabling the generation of thematic prediction maps.

◂
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where Λ∗
u×K  is the matrix of rotated factor loadings for unobserved environments, Ωu×p is the matrix of 

environmental features for unobserved environments, and Bp×k  is the previously estimated regression 
coefficient matrix. Here, u represents the number of untested environments.

Once we estimated the factor loadings for unobserved environments, we predicted the genotypic values using 
the multiple regression underlying the factor analytic model equation:

	 gu = (Λ∗
u ⊗ It)f∗� (15)

where Λ∗
u is the matrix of rotated factor loadings for unobserved environments, It is the identity matrix of order 

t, and f∗ is the vector of rotated factor scores for the genotypes.

Validation and comparative analysis
We employed cross-validation to assess the reliability of the PLS model. We adopted a leave-one-out cross-
validation (LOOCV) scheme, where we excluded one environment at a time and refitted both the FA and PLS 
models using the remaining data. Subsequently, we predicted eBLUPs for the excluded environment. For each 
LOOCV iteration, prediction accuracy was evaluated using Spearman’s rank correlation coefficient between 
the predicted and observed eBLUPs, as well as the root mean square error (RMSE). Spearman correlation was 
selected to assess the consistency of genotype rankings across environments, which is critical for selection and 
recommendation purposes. The overall performance of each method was summarized as the mean Spearman 
correlation across all LOOCV iterations. This approach differs from that originally proposed by Araújo et al.16 
because we excluded the environment from both the PLS training phase and the FA model fitting (including 
factor loading estimation), ensuring a more coherent cross-validation process.

In addition to the predictive metrics, we incorporated a spatial map representing environmental similarity 
between the experimental sites and the broader TPE. Based on the methodology proposed by Araújo et al.16, 
euclidean distances were calculated in the multivariate space of scaled environmental covariates between each 
unobserved location and all trial environments. The minimum distance from each location to any experimental 
site was retained as an index of similarity.

To assess how the novelties introduced to the method impacts its predictive ability, we also employed the 
original GIS-FA pipeline and cross-validated as described above. Additionally, we evaluated the performance 
of these approaches not only on the common bean dataset used in our study, but also on the soybean dataset 
from the original GIS-FA paper16. This dataset is publicly available and can be accessed via the Git repository. 
It comprises 195 genotypes evaluated under rainfed conditions across 49 distinct environments, encompassing 
13 locations distributed throughout the state of Mato Grosso do Sul and the broader Central-West region of 
Brazil over three cropping seasons. Field trials were conducted by the Mato Grosso do Sul Foundation using 
a randomized complete block design with three replicates. Experimental units consisted of five rows, each 12 
meters long and spaced 0.5 meters apart, totaling 30 m² per plot. We performed all analyses using R49, along with 
the ASReml-R 50 and pls packages51.

Changes to the GIS-FA workflow
Given that one of the objectives of this study is to propose enhancements to the GIS-FA methodology, some 
clarifications regarding modifications in specific stages of the pipeline are necessary to ensure clarity of the 
innovations proposed here. Originally, the GIS-FA method obtained environmental variables for untested 
environments by sampling 50 points per municipality within the TPE. Subsequently, following the prediction of 
genotypic eBLUPs PLS, IDW was employed to spatially interpolate these predicted values across the TPE.

The modified approach presented in this study extracts environmental variables at uniformly spaced points 
while excluding rivers, roads, and urban areas throughout the entire TPE, leveraging the highest available 
resolution from each data platform. Following extraction, RFSI is applied to variables initially acquired at lower 
resolutions. Consequently, this ensures all environmental features are consistently available at each individual 
location across the TPE. This methodological shift enables direct prediction using the trained PLS model for 
every pixel. The revised workflow is illustrated in Fig. 10.

Data availability
A step-by-step documented R script along with the environmental datasets used in this study are available at: 
https://github.com/Kaio-Olimpio/GIS_FA_Common_Bean. Phenotypic data from the multi-environment trials 
were generated by the Agronomic Institute (IAC) and are not publicly available due to institutional policies, but 
may be provided upon reasonable request. Correspondence and requests for materials should be addressed to 
K.O.G.D. (kaio.o.dias@ufv.br).
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