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Abstract: We formalize “enviromic markers” as modeling units parallel to DNA

markers, but herein for genotype—environment (G x E) prediction. Four opera-
tional premises (linearity; site potential; heterogeneous favorability; and envi-
rotypic covariates (ECs)—genotype-dependence) are presented to enable their
use in linear mixed models and also to motivate four construction strategies:
(i) using raw environmental covariates as linear markers; (ii) applying transfor-
mations to capture mild nonlinearities; (iii) deriving ecophysiological functions;
and (iv) engineering markers with Artificial Intelligence (Al) models which learn
nonlinear environment - phenotype mappings for linear downstream use.
Environmental data quality control is detailed, including checks of spatial cover-
age and resolution, variance within the TPE, collinearity control, and spatial/
temporal validation without leakage. Envirome data are linked with GIS to
compute environmental kernels, quantify covariate shifts, and deliver pixel-level
predictions with uncertainty diagnostics. The framework clarifies assumptions
and standardizes the use of enviromic markers for predictive breeding analyses.

Keywords: Envirotyping, genotype-by-environment interaction (G x
E), environmental or envirotypic covariates (ECs), target population of
environments (TPE), geographic information systems (GIS)

INTRODUCTION

A recurring hurdle for biometric plant breeding is figuring out how to
incorporate environmental variability into prediction. Genotype response strongly
depends on environment, so cultivars can perform differently across contexts
(Fradgley et al. 2025). To address this, envirotyping (i.e., environmental-typing)
was proposed: a framework that systematizes recording the environmental
conditions of each trial or production site by analogy to genetic typing or DNA
genotyping (Xu 2016). From this comes the idea of an enviromic marker, an
index vector derived from environmental (or envirotypic) covariates (ECs) which
reflects the potential expression of a phenotype in a given space and time
(Resende et al. 2021). Each georeferenced pixel can be treated as carrying an
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with these covariates typically undergoing basic quality control (QC) before they are modeled. The comprehensive set
of envirotyped variables forms the envirome, which modulates gene expression and crop performance (Heslot et al.
2014). According to Resende et al. (2021), structuring this information as environmental vectors equivalent to markers
allows environmental data to be handled like SNPs, interacting with the genetic background in the model. Recent applied
work shows that enviromic marker engineering is an upstream step in which ECs are structured and refined prior to
model fitting (Montesinos-Ldpez et al. 2024, Resende et al. 2025). Nonlinear kernel methods have increased predictive
performance at a distinct stage of the pipeline in multi-environment modeling (Costa-Neto et al. 2021).

Although these innovations expand what is possible, practical and conceptual limits remain. Many genetic selection
models do not explicitly capture environmental variation across space and time, which weakens extrapolation to new
sites (Cooper and Messina 2021). Cruz et al. (2025) stress defining the Target Population of Environments (TPE) before
analysis, since this shapes prediction validity. Adding environmental covariates can improve accuracy, yet how to
structure them as linear markers in mixed models remains unsettled. Tolhurst et al. (2022) suggest that regressions on
latent covariates can reveal hidden environmental patterns, but they do not specify how large-scale matrices should
be built. Standard nonlinear methods also struggle to represent complex trait-by-environment responses (Montesinos-
Lépez et al. 2024). Evidence shows that specific environmental descriptors account for important portions of phenotypic
variation (Rogers and Holland 2022), and EC-informed decompositions indicate that covariate definition directly affects
GxE interpretation (Mumford et al. 2023). Altogether, these observations reinforce the need for more flexible strategies
to interpolate and model environmental structure.

In this context, this note revisits the concept of the enviromic marker, sets clear operational premises, and
compares it with genetic markers. Recent cases show that Engineered Enviromic Markers (EEMs) yield substantial
prediction gains in external validations (Resende et al. 2025), indicating that sharpening the concept can directly
benefit breeding programs.

RELATIONSHIP BETWEEN THE ENVIROMIC MARKER AND GENETIC MARKERS

Genetic and enviromic markers differ in concept and use. A traditional genetic marker refers to the allelic state at a
specific genomic locus, typically discrete (0/1/2) and heritable (Park et al. 2025). In contrast, an enviromic marker is the
value of an envirotyped covariate, or a function of it, indexed to a specific spatial point and time window (Resende et
al. 2021, Resende et al. 2025). While the genome is static for each individual, enviromic markers vary across evaluations
due to environmental fluctuations and seasonality. Cooper et al. (2014) and Xu (2016) introduced envirotyping, showing
that climate and soil factors can be measured at multiple scales, from field trials to remote sensing, and used in G x
E analyses analogous to genotyping. Thus, each trial site can be described by a continuous vector of environmental
covariates. Each covariate assumes a specific value at that site, an envirotype, in analogy to how each genetic marker
assumes an allelic state within a genotype.

A genetic marker has a defined physical position on the genetic map and exhibits allelic polymorphism within a
population. An enviromic marker is tied to a georeferenced raster or shapefile, with defined spatial and temporal
resolution (Resende et al. 2025). In turn, enviromics uses kernels or distances between environmental vectors to represent
environmental relatedness across sites (Jarquin et al. 2014, Costa-Neto et al. 2021). Informationally, genetic markers
encode inherited polymorphisms that are generally stable and depend on accurate genotyping, whereas environmental
measurements are continuous or discretized signals subject to sensing noise, missingness, cloud cover and cross-sensor
calibration issues, requiring careful envirotyping quality control (Resende et al. 2024, Cruz et al. 2025). Moreover, while
genetic mutations are rare, climate trends and land-use change can rapidly shift environmental distributions, which
demands continuous envirotyping updates (Cooper and Messina 2021, Zhang et al. 2024).

Both marker types drive genetic reactions in GXE models, but in complementary ways. Genetic markers encode the
genomic contrasts which shape each genotype’s baseline potential, whereas enviromic markers specify the environmental
signals that trigger different reaction norms. For example, this helps identify genotypes that maintain performance
under stress or yield more in limiting conditions (Resende et al. 2022). Structuring data as environmental vectors enables
affinities among trial sites to be computed, reflecting patterns like spatial autocorrelation, where nearby areas share
similar conditions. GIS-based G x E studies already use this to extrapolate performance to untested locations (Marcatti
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etal. 2017). Finally, reaction norms arise in phenotypic prediction from genetic-marker effects interacting with enviromic
markers, which encode environmental variation and structure the phenotype surface within the G x E framework.

THE FOUR PREMISES OF AN ENVIROMIC MARKER

We adopt four operational premises for practical use in predictive models which place enviromic markers on
comparable footing with genetic markers for fitting and effect estimation.

e LINEARITY: The enviromic marker should have a linear relationship with the phenotype, analogous to treating SNPs
in linear reaction models.

e SITE POTENTIAL: A site with a high value for a given enviromic marker (a high envirotype) tends to offer greater
potential for expressing the trait, aligning with the environmental-productivity concept of Finlay and Wilkinson (1963).

e HETEROGENEOUS FAVORABILITY: A site favorable for one genotype or group is not necessarily favorable for all,
genotype responses to the same environmental marker are heterogeneous.

e EC—GENOTYPE-DEPENDENCE: An environmental (or envirotypic) covariate (EC) influential for one genotype or
group may not be influential for others, indicating that envirotypic polymorphism does not imply uniformity of
genetic response.

Scope notes. Linearity in Premise 1 must hold in the final step of the enviromic model; causal EC=Y relations may be
nonlinear before marker engineering. Premise 2 is trait- and time-window specific. Premises 3-4 justify random slopes
by genotype and parsimonious EC selection. Use simple transformations or markers derived from nonlinear models for
sigmoidal or asymptotic responses, then keep the final fit linear.

STRATEGIES FOR WORKING WITH ECS AND ENVIROMIC MARKERS

Enviromic markers can be incorporated into several modeling frameworks. Linear mixed models are a common option
for including ECs or EEMs as regressors interacting with the genetic background (Resende et al. 2021, Resende et al.
2025). Bayesian mixed models provide an alternative through shrinkage, hierarchical priors, and uncertainty propagation.
Reaction-norm formulations integrating environmental covariates into kernel-based genomic prediction were formalized
by Jarquin et al. (2014) and later adapted to enviromic contexts with nonlinear kernels by Costa-Neto et al. (2021).
Araujo et al. (2024) combined thematic maps, envirotyping, and factor-analytic modeling, using partial least squares
(PLS) to predict environmental loadings within a GIS-FA workflow. Feature-engineering procedures (Montesinos-Lépez
et al. 2024) adjust the covariate signal before modeling and influence marker construction. Enviromic information can
also feed Al-based predictors and crop-growth modeling (CGM) pipelines that integrate environmental descriptors with
mechanistic or hybrid schemes (Xu et al. 2022).

There are different ways to incorporate ECs as enviromic markers in genetic prediction or inference models, and
four core strategies are:

(1) Raw covariate as marker: use the EC itself as the enviromic marker. The value that this marker takes at each site,
its envirotype, is modeled as a linear predictor. The EC-phenotype relationship herein is assumed global and linear. ECs
enter in mixed models as linear explanatory variables (Jarquin et al. 2014, Trevisan et al., 2025). Studies at macroscopic
scales show that high-resolution envirotyping with thousands of ECs can yield consistent, usable predictions. Bahia
et al. (2025) illustrate this in upland rice, while Resende et al. (2024) show how remote sensing enlarges the spatial
representation of the envirome. These results support the view that directly using ECs as enviromic markers is a practical
way to delineate recommendation zones and guide breeding decisions.

(2) Transformations of ECs: apply mathematical functions (e.g., square, cubic, log, exponential, splines) to the
original ECs to capture simple nonlinearities. Each transformed marker produces a different envirotype value at each
site, expanding the set of candidate enviromic markers. This strategy captures part of the curvature seen in field
responses but may still be limited for strongly asymptotic or sigmoidal behavior. Recent feature-engineering pipelines
can automate transformations, integrate derived covariates into genomic models, and improve predictive performance
(Montesinos-Ldpez et al. 2024).
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(3) Construction of ecophysiological variables derived from ECs: combine environmental covariates into physiological
or ecophysiological functions which represent crop processes (e.g., growing degree days, photothermal units, thermal or
water-stress metrics, and radiation- or evapotranspiration-based combinations). These mechanistic functions translate
raw ECs into functionally interpretable measures more directly linked to plant physiology and field performance.
Nonlinear and time-dependent formulations can represent thresholds, saturation, and phase-specific responses.
Stress indicators that integrate variation across the crop cycle often outperform raw climatic descriptors by capturing
cumulative environmental effects (Rincent et al. 2019). Such indices reduce noise and stabilize EC-phenotype relations
within enviromic models (Costa-Neto and Fritsche-Neto 2021).

(4) Construction of enviromic markers via Al: generate synthetic markers from nonlinear models that learn the
EC->phenotype relation. This marker engineering is analogous to deep-learning uses in genomics but applied to
environment. Resende et al. (2025) exemplify the strategy by training Al models, such as random forests, with thousands
of covariates to interpolate phenotypes across the study area, producing panels with about 10,000 synthetic enviromic
markers. These markers capture nonlinear field patterns, including exponential, sigmoidal, and multimodal responses,
and increase predictive ability. Zhang et al. (2024) show that Al-based models allow broader exploration of environmental
space, though at higher computational cost and with strong dependence on data quality.

Strategy 1 provides an efficient baseline when the EC - phenotype relation is approximately linear (Figure 1-A) and
using the EC directly as a marker. Implementation in mixed models is simple, interpretation is direct, and cost is relatively
low. You must standardize scale, check collinearity, and avoid extrapolation outside the training environmental envelope.
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Figure 1. Conceptual representation of enviromic marker construction. Panels (A—G) illustrate possible relationships between an
environmental covariate (EC, x-axis: gradient “worse = better”) and phenotypic expression (y-axis): (A) increasing linear (model:
linear term); (B) concave quadratic (2nd-degree polynomial); (C) increasing asymptotic (e.g., asymptotic or spline); (D) sigmoid (e.g.,
logistic, Gompertz, or spline); (E) exponential (e.g., exponential or log transform); (F) non-monotonic with inflections (e.g., spline or
piecewise); (G) multimodal, reflecting complex responses or interaction among ECs. Panel (H) shows a fictional region with trial loca-
tions (dots) within a Target Population of Environments (TPE). Environmental covariates (EC1, ..., EC ) are represented as spatial rasters
whose values are extracted at each trial location. These EC layers are then combined to construct enviromic markers (right panels),
representing environmental similarity among locations and enabling linear modeling of genotype-by-environment (G x E) responses.

4 Crop Breeding and Applied Biotechnology - 26(1): 54222611, 2026



The Enviromic marker

This choice already delivers operational recommendations and consistent macro-scale predictions in wide networks
when envirotyping covers the environmental space well (Xu et al. 2022, Bahia et al. 2025). Remote sensing coverage
extends this utility by providing continuous, comparable ECs across sites, which anchors predictions to the target more
firmly (Resende et al. 2024). As a practical rule, use strategy 1 as the initial reference and move to strategies 2—4 only
when residual diagnostics reveal systematic deviations from linearity, thereby constituting patterns which are consistent
with the nonlinear responses illustrated in Figure 1B—G.

As local curvature and moderate nonlinear effects appear (Figure 1B to G), expanding the function space with
transformations and splines (strategy 2) corrects much of the deviation from linearity. However, the gain comes with
more terms and collinearity, which calls for selection and penalization. Feature-engineering pipelines with cross-validation
and regularization tend to yield gains while preserving EC interpretability (Montesinos-Lépez et al. 2024). In parallel,
ecophysiological indices (strategy 3) use agronomic knowledge to encode stage-specific sensitivity and cumulative
stress into fewer, more interpretable markers, often stabilizing G x E patterns and reducing noise in reaction norms.
Unsupervised reductions, such as PCA and factor analysis, can stabilize the matrix before fitting strategies 1-3, but they
do not use the response and should be treated as auxiliary tools, not substitutes for supervised selection.

For responses with plateaus, multiple thresholds, or multimodal shapes, learning the EC->phenotype mapping
with nonlinear models and converting local predictions into synthetic markers (strategy 4) expands predictive reach.
Benefits include capturing saturation, combining complex effects, and producing pixel-level maps for adaptation zones
(Figure 1H). This approach depends on reliable labels, broad environmental coverage, control of spatiotemporal bias,
and substantial computation. Evidence points to advantages for kernels and ensembles when G x E is strong and the
environmental space is complex (Costa-Neto et al. 2021, Resende et al. 2025). Strategies 1 and 2, complemented by
carefully chosen ecophysiological indices (strategy 3), are often preferable with limited data and resources. In turn,
strategy 4 tends to deliver larger gains with a large and diverse set of environmental covariates with adequate spatial and
temporal resolution, strong prior knowledge, and a dense spatial mesh, provided that the generated markers undergo
supervised selection and validation.

The choice across these four strategies depends on how linear, curved, or fully nonlinear the EC->phenotype relation
appears in the data and on the available biological and computational resources. Enviromic markers contribute to both
prediction and inference, but the main target in routine breeding is the phenotype to be anticipated for each genotype—
environment combination. Following the prediction-based breeding view, model adequacy is first judged by out-of-
sample accuracy in new sites or seasons, and only afterwards used to interpret environmental drivers (Fritsche-Neto et
al. 2025). Raw ECs, ecophysiological indices, and engineered markers can coexist in the same model, including multiple
transformations of a given EC, as long as, induced collinearity is controlled through shrinkage, kernels, or dimensionality
reduction. Influential ECs or groups of envirotypes can be examined after marker engineering by comparing model
scenarios, effect patterns, or contribution profiles, always respecting the transformations applied. Inference remains
feasible, but it should be derived from models selected under predictive validation rather than from isolated inspection
of regression coefficients.

QUALITY CONTROL OF ECS AND EEMS

We suggest adopting a SNP-like workflow for environmental covariate (EC) quality control, including: assessing
completeness by variable and by pixel, call rate and coverage, standardizing geodetic reference and time window,
checking spatiotemporal gradient coherence, identifying ECs that show near-constant values within the Target
Population of Environments (TPE) and removing or aggregating them using variance thresholds or cluster-wise
diagnostics, and considering collinearity reduction via clustering or dimensionality reduction. When missing data
are extensive or the signal-to-noise ratio is low, imputation can rely on neighborhood-assisted interpolation such as
inverse-distance weighting (IDW), k-nearest neighbors (k-NN), or spatiotemporal kriging, together with correlated
ECs; pixel size can also be increased to stabilize the signal (Yao et al. 2013). We also recommend validating overlays
and resolution sensitivity during the environmental data extraction—transformation—loading (ETL) steps (Resende et
al. 2024). Sampling plans that expand relevant envirotypic variation tend to strengthen predictive ability and can be
prioritized (Resende et al. 2021).
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Beyond these procedures, data quality conditions both EC-based modeling and the construction of Engineered
Enviromic Markers (EEMs). Inconsistent coordinates, reference mismatches, gaps in time series or noisy layers propagate
instability to derived markers and weaken prediction and inference. Recent studies show that open climate, soil and
remote-sensing products already provide resolution compatible with breeding trials and recommendation domains
(Resende et al. 2025), so enviromic modeling is feasible with public data when data pipelines and quality control are
handled explicitly. Under this view, the main constraint is less access to environmental information and more how datasets
are curated, aligned and transformed into markers that are evaluated under realistic validation schemes.

If target ECs fall outside the training range, the covariate shift should be characterized. Extrapolation can be measured
per EC and in multivariate space using Mahalanobis distance or kernel similarity. Predictions may be retained but
uncertainty widened within the same TPE and with mild extrapolation, with shrinkage applied to EC-linked effects and
decisions restricted to interpolative ranges. Partial abstention is advisable in cases of strong extrapolation: prioritize or
filter stable genotypes, simplify ECs to the observable envelope, or refit models using only valid predictors. ECs should
be standardized in the target domain, environmental hyperparameters re-estimated with a small local sentinel set, and
domain adaptation implemented via density reweighting across TPEs. When possible, calibration can be expanded with
target-domain data or mechanistic or climate scenarios consistent with the phenological window (Cooper and Messina
2021, Rogers and Holland 2022).

Validation schemes should mirror real use and prevent leakage to validate EEMs, defined herein as phenotypes
interpolated and then entered linearly in the model (Resende et al. 2025). Spatial and temporal partitions can be used,
such as leave-one-region-out (LORO), pixel or municipality blocks, year-by-year splits and, when relevant, partitions across
TPEs. Markers must only be built in the training set, with hyperparameters frozen before generating blind predictions
in the test set. Predictive gain should be reported against four baselines: (i) no ECs; (ii) raw ECs; (iii) transformed and
ecophysiological ECs; and (iv) Al-engineered enviromic markers. Additional diagnostics include uncertainty calibration,
prediction-versus-observation curves, resolution and pixel-size stability, and sensitivity to input noise. Interpolation
uncertainty should be propagated to the final metrics. Randomization or permutation tests can verify that gains exceed
noise and estimated marker effects should be checked for consistency with the assumed linearity and expected GxE
heterogeneity. External validation is recommended when independent data exists, together with an environmental
confidence index per sample at recommendation time.

FINAL CONSIDERATIONS

Systematic integration of environmental data into genetic models via enviromic markers is an active front in quantitative
genetics. Evidence shows it is feasible to treat raw environmental covariates as linear markers and to run envirotyping
at scale (Jarquin et al. 2014, Bahia et al. 2025). Advances in remote sensing and Al indicate that enviromics-enabled
selection can anticipate phenotypic trends without costly direct measurements (Montesinos-Lépez et al. 2024, Araujo
et al. 2024, Resende et al. 2024, Resende et al. 2025). Taken together, recent work points to connecting the envirome
with the genome in a single predictive framework (Costa-Neto et al. 2021, Resende et al. 2024).

Herein we aim to offer operational definitions and a unified guide to apply enviromic markers in plant breeding.
Practically, genomic markers (typically biallelic SNPs) encode who each genotype is, while environmental kernels encode
where and when genotypes express their potential (Costa-Neto et al. 2021). High-resolution knowledge of the envirome
enables pixel-level reasoning about GxE, mapping adaptation zones, and building virtual trials under climate scenarios
(Heslot et al. 2014, Resende et al. 2024, Resende et al. 2025). Breeding programs should explicitly delimit their TPE using
GIS and regional data (Cruz et al. 2025) and incorporate region-relevant ECs into the predictive pipeline (Costa-Neto et
al. 2021, Resende et al. 2022).

The enviromic marker adds a complementary dimension to genomics for climate change and prediction in new
environments (Figure 1-H). Leveraging enviromics can accelerate genetic gain and support zone-based selection, provided
data are standardized and modeling is integrated (Cooper and Messina 2021, Xu et al. 2022, Rogers and Holland 2022).
In practice, this requires training in environmental data analysis and multidisciplinary approaches with remote sensing
and Al integrated into the predictive pipeline (Resende et al. 2024, Montesinos-Lépez et al. 2024, Cruz et al. 2025).
Enviromic markers will likely become as common in vocabulary as SNPs or QTLs, extending A/T/G/C toward space-time
precision breeding.
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