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Abstract

This work introduces WISER (whitening and successive least squares estimation refinement), an
innovative and efficient method designed to enhance phenotype estimation by addressing population
structure. WISER outperforms traditional methods such as least squares (LS) means and best linear
unbiased prediction (BLUP) in phenotype estimation, offering a more accurate approach for omics-
based selection and having the potential to improve association studies. Unlike existing approaches
that correct for population structure, WISER provides a generalized framework applicable across
diverse experimental setups, species, and omics datasets, including single nucleotide polymorphisms
(SNPs), metabolomics, and near-infrared spectroscopy (NIRS) used as phenomic predictors. Central to
WISER is the concept of whitening, a statistical transformation that removes correlations between
variables and standardizes their variances. Within its framework, WISER extends classical methods that
use eigen-information as fixed-effect covariates to correct for population structure, by relaxing their
assumptions and implementing a true whitening matrix instead of a pseudo-whitening matrix. This
approach corrects fixed effects (e.g., environmental effects) for the genetic covariance structure
embedded within the experimental design, thereby minimizing confounding factors between fixed and
genetic effects. To support its practical application, a user-friendly R package named wiser has been
developed. The WISER method has been employed in analyses for genomic prediction and heritability
estimation across four species and 33 traits using multiple datasets, including rice, maize, apple, and
Scots pine. Results indicate that genomic predictive abilities based on WISER-estimated phenotypes
consistently outperform the LS-means and BLUP approaches for phenotype estimation, regardless of
the predictive model applied. This underscores WISER’s potential to advance omics analyses and
related research fields by capturing stronger genetic signals.

1. Introduction

In the realm of modern quantitative genetics, accurate phenotype estimation relies heavily on
advanced statistical models that analyze the vast and complex data generated from experimental
designs. These models are crucial for effectively capturing the nuances of phenotypic variation and
ensuring reliable assessments of traits across diverse environments and conditions. A significant
challenge emerges when population structure—which can be simple, with the occurrence of
genetically different subgroups within a sample or more complex, with a continuum of relatedness
between individuals of the sample—is not adequately addressed. Failure to consider population
structure can confound the relationship between genetic variants and phenotypic traits [1-3]. This
oversight may ultimately lead to spurious associations and inaccurate estimates of genetic effects [4,
5]. Correcting for population structure is, therefore, a critical step in both genomic selection and
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genome-wide association studies (GWAS), as these approaches depend on accurate estimates of the
genetic marker effects associated with traits of interest [6—12].

In cases where phenotypic measurements are not repeated for the same individual, population
structure can be simply considered using e.g. the classical kinship matrix [13]. In this article, we address
the problem of considering the population structure when individuals are repeated in an experimental
design.

To address the confounding effects of population structure, numerous methodologies have been
developed, in human, animal and plant genomics. Tools such as principal component analysis [10] and
linear mixed models [8] have been implemented to correct for unequal genetic relatedness within
population in GWAS. Similarly, methods that incorporate eigen-information as fixed-effect
covariates—derived from the spectral decomposition of kinship or genomic covariance matrices—
within the framework of genomic best linear unbiased prediction (GBLUP) and its derivatives have
proven essential in mitigating these confounding factors [6, 7, 11, 14, 15].

Effectively addressing population structure is particularly important in plant breeding populations,
where variations in relatedness among individuals, arising from the sampling of genetic resources in a
structured population, can act as a significant confounding factor. For instance, in crops such as rice
and maize, population structure can be due to geographic origins [16] or selective breeding practices
[17]. Despite its potential impact, population structure is often overlooked, especially when estimated
to be weak [18-20]. In a two-step approach, phenotype estimation for each individual is typically
conducted using a least-squares (LS) means approach [19, 21-29], which does not account for the
genetic covariance structure among individuals as the first step. GWAS and/or genomic prediction are
then performed as a second step with one phenotype per individual, eventually considering population
structure in various ways. However, unbalanced designs—where individuals do not have the same
number of replications in each level of each environmental factor—can introduce significant
confounding between fixed environmental effects and genetic effects of interest in the first step. This,
in turn, can lead to less accurate estimates of the underlying genetic effects.

The best linear unbiased predictor (BLUP) is another frequently used method in the first step, for
phenotype estimation per individual, [30-33]. In this approach, principal components derived from
PCA on omic data could be included as fixed-effect covariates to account for population structure.
However, there is no consensus on the effectiveness of this method for consistently accounting for
population structure in the GWAS step, as findings have been mixed. Some studies argue that principal
components may not reliably capture population structure [34—38], noting limitations such as
subjective selection of the number of components and low variance explained by the first few
components in omic data, which may poorly represent the data structure [34, 35]. Additionally, in
some association studies, principal component correction for population structure has been shown to
fail in controlling the false positive rate [35, 37] and can reduce the detection of true positives [35, 39].

To address this need, we introduce WISER (whitening and successive least squares estimation
refinement), a novel approach specifically developed to efficiently model the genetic covariance
structure among individuals within experimental designs. This approach takes advantage of the
experimental design population structure during the first step, when estimating a phenotype per
individual, before genomic prediction or GWAS. It is based on the premise that accounting for
population structure in a single-stage manner, rather than a two-stage approach, yields better
predictive ability, as described in [40].

At the core of WISER is the concept of whitening—a statistical transformation that removes
correlations between variables and standardizes their variances. For instance, in image analysis,
whitening techniques are effectively used to preprocess non-random vectors, such as images [41, 42].
Importantly, WISER is not limited to specific species (e.g., animals) or experimental configurations;
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rather, it offers a flexible and generalizable framework applicable across a wide range of designs (e.g.,
alpha lattice, multi-environment trials, multi-environment provenance-progeny trials), species, and
omics datasets—including single nucleotide polymorphisms (SNPs), metabolomics, and near-infrared
spectroscopy (NIRS) used as phenomic predictors. This versatility makes WISER especially valuable
inbreeding, where diverse experimental setups and integrated omics data are commonly employed to
improve the accuracy of omics-based selection and marker-trait associations.

A key feature of WISER is its extension of eigen-information as fixed-effect covariates—a widely used
approach for correcting for population structure [6, 7, 11, 43]. By whitening fixed-effect variables,
WISER corrects for genetic covariance among individuals, reducing confounding between fixed and
genetic effects and improving phenotype estimation accuracy. This is especially valuable in plant
breeding, where precise omics-based selection and marker-trait associations support the development
of high-yield, disease-resistant, and climate-resilient crops [44]. WISER is available as a user-friendly R
package, featuring automated tools for optimizing key parameters like whitening matrices—
simplifying use and reducing potential for error. Its flexibility also extends to longitudinal datasets in
animal breeding, broadening its utility across agricultural sciences [44, 45]. Beyond accessibility, WISER
integrates seamlessly into existing omics-based selection and GWAS pipelines. By accounting for
population structure across diverse experimental designs, species, and omics data types, it supports
more comprehensive analyses—enabling integration of genomics, transcriptomics, and metabolomics
to better understand the genetic basis of complex traits [46].

The rest of this article is organized as follows: Sections 2.1 and 2.2 present the linear mixed model and
its connection to the WISER statistical framework, explaining how the whitening process within WISER
minimizes the confounding effects of population structure on fixed-effect variables, thereby improving
phenotype estimation.

Supplementary File 1 demonstrates that previous approaches, particularly the covariance analysis via
eigenvectors (EVG) approach introduced by [15] and [6], can be viewed as specific cases of the WISER
framework, where WISER extends EVG by relaxing its underlying assumptions and implementing a true
whitening matrix instead of a pseudo-whitening matrix. The EVG approach adjusts fixed-effect
variables for population structure and has shown superior genomic predictive ability compared to
several other methods, as highlighted by [6]. This provides a solid foundation for illustrating how
WISER extends and enhances this methodology, as well as other models that use principal components
(PC) as fixed effects. Notably, this section shows that, under relaxed assumptions, the ordinary least
squares (OLS) estimate of fixed effects in the EVG approach is equal to that of the PC model—
demonstrating that WISER not only encompasses but also improves upon models that use PCs as fixed
effects by offering a more robust correction for population structure.

Section 2.3 describes four datasets—rice, maize, apple, and Scots pine—used to compare the following
phenotype estimation methods: WISER, LS-means and BLUP. To ensure a fair comparison with WISER,
BLUP estimates used as phenotypes were also calculated using principal components from genomic
PCA as fixed-effect covariates. The section further outlines a simulation approach based on these
datasets, designed to evaluate the estimation accuracy of simulated genetic values under two
conditions: with and without whitening of fixed-effect variables. It also details the predictive models
employed to evaluate each phenotype estimation method across the traits of the four datasets.
Additionally, it describes how genomic heritability estimates were calculated for phenotypes derived
from the WISER, LS-means, and BLUP methods. Finally, it outlines different computed statistics aimed
at explaining the improved genomic predictive ability when using phenotypes derived from WISER.

Section 3 (Results) provides a comparative analysis of the genomic predictive abilities and heritabilities
associated to phenotypes derived from WISER, LS-means, and BLUP approaches, along with an
exploration of the factors driving the differences in these results. In this section, we demonstrate that
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WISER'’s correction for the genetic covariance structure between individuals in an experimental design
enhances genomic predictive abilities and heritability estimates, thereby improving genomic selection
and potentially advancing association studies through the capture of stronger genetic signals.

The R package wiser can be easily installed from GitHub at https://github.com/ljacquin/wiser. To fully
align with the FAIR principles, all repositories containing the datasets and R scripts used in this study's
analyses are publicly available on GitHub: https://github.com/ljacquin?tab=repositories.

2. Materials and methods
2.1 The linear mixed model and the impact of whitening fixed-effect covariates

In the following, we will use the term genotype exclusively to mean cultivar, accession or animal.
Consider the following linear mixed model:

Y=Xf+Zu+¢

where:

e Y(nx1)is the vector of raw phenotypic measurements, with values possibly repeated for
each genotype across one or more environments.

e X(n x 1) is the design matrix linking fixed environmental effects to raw phenotypic
measurements.

e [B(lx1)isthe vector of fixed environmental effects.

e u(gx1)is the vector of random genetic values for q genotypes, where u ~N, (0, 02K) and
K denotes the genetic covariance matrix between genotypes estimated from omic data.

e Z(nxq) is the design matrix linking genetic values to raw phenotypic measurements in the
experimental design.

e ¢ (nx1)isthe vector of residuals, where &€ ~N,, (0, 62 1,).

In this model, the estimation of u can be biased if the structure of the experimental design—hereafter
referred to as the experimental design population structure or simply population structure—
introduces significant confounding between fixed and genetic effects. One common source of such
structure is imbalance in the experimental design.

Whitening is a statistical transformation that eliminates correlations between variables and
standardizes their variances. In the linear mixed model, a whitening matrix W can be derived from the
genetic covariance structure among individuals, captured by X, = Var(Zu) = ZVar(u)Z' =
02ZKZ'. Applying the matrix W to the fixed-effect design matrix X helps reduce confounding
between fixed and random effects. By decorrelating these components, whitening can enable more
accurate estimation of the underlying genetic effects. A whitening matrix W satisfies the following
condition, known as the whitening property [47-49]:
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wr,W' =1,

where [, is the identity matrix of size n.

This property ensures that the transformed variables are uncorrelated and have unit variance.
Importantly, for any covariance matrix Z,,, there exists a (generally non-unique) matrix W that fulfills
this condition.

2.2 The WISER statistical framework

Using the same definitions as for the components of the linear mixed model, the WISER statistical
framework solves the following model to estimate a vector v = ( vy, ..., ;)" of genetic values, which
are treated as fixed effects:

Y=WXB+Zv+e=XB+¢&

where X = WX and & = Zv + &. Note that v is modeled as a distinct vector of fixed effects relative to
B, and is not treated as a vector of random effects with a genetic covariance matrix K estimated from
omic data. This ensures that the estimation of v is not derived as a linear or non-linear function of omic
effects (e.g., marker effects), as it typically is in genomic BLUP in the linear case. Instead, v is modeled
and estimated separately from these effects. As a result, the WISER-estimated genetic values v remain
structurally distinct from omic-derived components and can therefore be used as phenotypes in
downstream omic-based selection and association analyses. Within this framework, the estimated
genetic values v will be referred to as WISER-estimated phenotypes

The whitening matrix W is derived from the genetic covariance matrix %,, = 02ZKZ'. It plays a pivotal
role as it transforms the fixed environmental variables to minimize the confounding between
environmental and genetic effects. There are several methods for computing a whitening matrix W,
including zero-phase component correlation analysis (ZCA-cor), principal component correlation
analysis (PCA-cor) and Cholesky matrix decomposition (Cholesky) among others [47]. ZCA-cor and PCA-

cor whitening matrices are calculated using the spectral decomposition of R, = V_%Zuv_% , the
genetic correlation matrix associated with X,,, where V = diag(Z,) is a diagonal matrix with the
variances of ¥, on its diagonal. Since R,, is symmetric and positive semi-definite, it has the following
spectral decomposition: R,, = GOG', where G is the orthogonal eigenvector matrix for R,,, while O is

the diagonal matrix of positive eigenvalues for R,,. The inverse square root matrix of R, is given by
1

_1 1 b1
R,* = GO 2G', which satisfies Ryl = R,*R,? since G is an orthogonal matrix. According to [47], the
whitening matrices associated to ZCA-cor, PCA-cor and Cholesky are given by:

1 1

1 1 1 1
(WZCA-COT =R,V z=602G'V2=G [G)_EG’V_E]
WPCA—cor — (_)_%GIV—%

W Cholesky — j-1



213

214
215

216
217
218
219
220
221

222
223
224
225
226
227
228
229

230
231
232
233
234
235
236
237
238
239

240
241

242

243

244

245
246
247
248
249

250

251

252

where L is a full-rank lower triangular matrix derived from the following Cholesky decomposition X,, =
1
Var(Zu) = LL'. The PCA-cor whitening procedure can be seen as standardizing variables using V2,

followed by a rotation using the transposed correlation eigenmatrix G', and then scaling using the
1
inverted correlation singular values matrix @ z. ZCA-cor whitening extends this by applying an

additional rotation G to revert to the original basis of the standardized variables. While [47]
recommends both ZCA-cor and PCA-cor, each whitening method is optimal under distinct criteria.
WISER implements these two approaches alongside the Cholesky procedure. Notably, ZCA-cor
uniquely ensures that the whitened variables maintain the highest correlation with the original
variables, [47] provides a detailed discussion of these criteria and the optimality of each method.

Note that constructing the whitening matrix W depends on %, = 62ZKZ', which, in turn, requires
estimating the variance component a,f. In WISER, this estimation, along with that of 082 , is performed
using a parallelized approximate Bayesian computation (ABC) algorithm to ensure fast and stable
variance component estimation for large datasets associated with complex experimental designs.
Additionally, because X,, may approach singularity in practical applications, and thus prevent the
computation of the inverse square root matrix of R,, and ©, WISER incorporates established shrinkage
and regularization procedures to ensure positive-definiteness [50-55]. Further details on the ABC
algorithm and regularization procedures are provided in Supplementary File 2.

To automate the choice of the method used to construct the whitening matrix and of regularization
parameters, WISER also includes a dedicated optimization function. This function performs a grid
search across predefined combinations of whitening methods, regularization parameters, and various
prediction methods, such as genomic best linear unbiased prediction (GBLUP), least absolute shrinkage
and selection operator (LASSO), support vector regression (SVR), reproducing kernel Hilbert space
(RKHS) regression, and random forest. Using k-fold cross-validation (CV), the function evaluates the
performance of each combination and identifies the optimal whitening method and regularization
parameter that minimize the mean squared error based on a majority vote across the k-fold CV results.
By default, the optimization is performed on a subset of the dataset, limited at a maximum of 5,000
raw phenotypic measurements to ensure computational efficiency.

Once the whitening matrix is computed, estimates for f and v are obtained using the following
successive OLS procedure:

B = argmin ||Y — XB||% = (X'X)'X'Y = XWW'WX)X'W'Y
BER!

» = argmin || — Zv||5 = (Z'2)7'Z'¢

vERA

where X =WX, =Y —XB and ||. ||§ represents the squared I, norm. Note that € corresponds to
the part of Y that is not explained by the transformed fixed-effect variables, and is orthogonal to these
variables. As with any linear model, this orthogonality arises because é is estimated by projecting Y
onto the space orthogonal to that spanned by the whitened fixed-effect variables, ensuring
orthogonality by design:

X X(v-X®R)XY) =Y -XXXR) XY =K%Y -V =0

vy
Il
><J
~
h<
[
>
=
N—r
Il
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Thus, the vector é can be used to estimate the vector v. It is also important to note that ,é is computed
using W, which is derived from X,, and thus depends on an estimate of O'LZL. Furthermore, when no
repeated phenotypic measurements per genotype are available, the genetic covariance matrix X,
associated with individuals in the experimental design becomes equal to the genetic covariance matrix
K associated with genotypes. In this case, the population structure is represented by £, = K. To
mitigate issues of numerical singularity of X'X or Z'Z in certain practical applications, WISER also
incorporates the Moore-Penrose generalized pseudo-inverse method for estimating § and v.

2.3 Analyzed datasets, compared phenotype estimation methods, predictive models, and computed
statistics

2.3.1. Analyzed datasets

Four datasets from experimental designs involving rice [18], maize [20], apple [56], and Scots pine [57]
were used to compare genomic predictive ability (PA) and heritability estimation across 33 traits. In
these datasets, the omic data were SNP data. The rice dataset contained 4,308 raw phenotypic
measurements and 9,928 SNPs associated with 334 genotypes. The 334 rice genotypes originated from
a synthetic population developed from 35 tropical japonica (Oryza sativa L.) families, following three
recombination cycles and advancement to Sj., and Sy.3 generations [18]. The maize dataset included
18,970 raw phenotypic measurements and 41,722 SNPs associated with 246 genotypes, corresponding
to a diversity panel of dent maize hybrids [20]. The apple reference population (REFPOP) dataset, after
preprocessing to remove phenotypic outliers, consisted of 42,522 raw phenotypic measurements and
303,240 SNPs associated with 534 genotypes. These genotypes included both a set of accessions and
a set of progenies. The accessions derived from 10 geographical origins, while the progenies belong to
27 distinct families. Among the SNPs, only 50,000 were used, selected through uniform sampling to
reduce computation time and resource usage, as [19] demonstrated that a PA plateau is typically
reached with as few as 10,000 SNPs for this dataset. Additionally, the apple dataset included two
traits—scab and powdery mildew—not covered in [56]. Finally, the Scots pine dataset included 1,248
raw phenotypic measurements and 20,795 SNPs for 208 genotypes from 40 families across 5 native P.
sylvestris populations, evaluated at two sites [57].

The traits predicted and analyzed for each species were as follows:

e Rice: days to flowering (FL), plant height (PH), grain yield (YLD), and grain zinc concentration
(ZN).

e Maize: anthesis, anthesis-silking interval, ear height, grain number, grain weight, grain yield,
plant height, silking, and tassel height.

e Apple: color over, flowering start, flowering end, full flowering, flowering intensity, fruit
number, single fruit weight, fruit weight, harvest date, powdery mildew, russet frequency,
scab, trunk diameter, and trunk increment.

e Scots pine: height (H), annual height increment (1), duration of budburst (D)—the time taken
to progress from stage 4 (scales open along the length of the shoot, no needles) to stage 6
(green-tipped needles visible), and time taken to reach individual budburst stages: stage 4 (T4),
stage 5 (T5), and stage 6 (T6).

For each dataset, the environmental variable was defined as a combination of available factors such
as site (or country), year, management type, block, and genotype generation. In the rice dataset, it was
defined by site, year, block, and genotype generation, resulting in 48 unique environments. For maize,
it was defined by site, year, management type (rainfed or irrigated), and block, yielding 1,082 levels.
In the apple dataset, the environmental variable was defined as the combination of country, year, and
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management type (standard irrigation and pesticide use, standard irrigation with reduced pesticide
use, or reduced irrigation with standard pesticide use), with 75 distinct levels. For pine, the
environmental variable was based on site, year, and block, also resulting in 48 levels.

For each dataset, population structure was visually assessed using three complementary approaches
applied to the SNP data: a heatmap of the genomic covariance matrix, principal component analysis
(PCA), and uniform manifold approximation and projection (UMAP) [58]. These analyses were
implemented using the R packages pheatmap [59], mixOmics [60] and umap [61].

Raw phenotypes for a generic trait were simulated for each dataset using fixed effects, random genetic
effects, and random genotype-by-environment interaction effects. The trait heritability was set to a
moderate value of 0.5, and the total phenotypic variance was fixed at 1. The simulation procedure was
as follows:

Y=XB+Zu + Zjouge + ¢

where:

e Y(nx1)is the vector of simulated raw phenotypic measurements, with values possibly
repeated for each genotype across one or more environments.

e X(n x 1) is the design matrix linking fixed effects, the overall mean and the [ —1
environmental effects, to raw phenotypic measurements.

o B=(whu--. B ..,,81_1)' is the vector of fixed effects where u ~ U(0,1) and B; ~ N(0,3).

e u(qx1)is the vector of random genetic values for q genotypes, where u ~N, (0, 02K) and
K denotes the genetic covariance matrix between genotypes estimated from omic data.

e Z(nxq) is the design matrix linking genetic values to raw simulated phenotypic values in the
experimental design.

*  ug (q(l —1) x 1) is the vector of random genotype by environment interaction effects,
where ug, ~N,(0,02.1) and 62, = 0.5 x o7

o Zg(nxq(l—1))is the design matrix linking random interaction effects to raw simulated
phenotypic values in the experimental design.

e & (nx1)isthe vector of residuals, where € ~N,,(0,021,).

This simulation approach was used to assess the accuracy of estimating the vector u under two
conditions: with and without whitening of the fixed-effect variables, in order to evaluate the impact of
this transformation. To estimate the distribution of estimation accuracy (EA) under each condition,
raw phenotypes were simulated 100 times. EA was defined as the Pearson correlation between the
simulated genetic values and their estimates, obtained with and without whitening of the fixed-effect
variables.

2.3.2. Compared phenotype estimation methods
Four phenotype estimation approaches were compared: LS-means, two BLUP approaches, and WISER.

To account for spatial variation prior to phenotype estimation using the LS-means and BLUP
approaches, a spatial heterogeneity correction was applied to each combination of trait and
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environment, resulting in spatially adjusted phenotypes. This correction was implemented when
spatial location information was available, which was the case for the maize, apple, and pine datasets,
where row and column, row and position, and GPS coordinates were respectively available. For the
rice dataset, spatial location data was unavailable thus no correction could be applied. The spatial
heterogeneity correction was performed using the spatial analysis of field trials with splines method
[62], following the same approach as described in [19]. The implementation used to account for spatial
variation in the WISER framework will be detailed below. The spatial independence of the resulting
residuals was then visually assessed using residual spatial plots and variograms. The spatial plots
showed no distinct color clusters, and the variograms were generally flat, both indicating minimal
remaining spatial structure.

For the LS-means approach, the following multiple linear regression model was initially fitted:

Yijk = U+ gi 1+ &

where ;. was the kt" spatially adjusted raw phenotype associated to genotype i in environment j,
u was the fixed overall mean, g; was the fixed effect of genotype i (1 < i < q), [; was the fixed effect
of the jt* environment, and &;ji Was the error term. The error term &;j;, was assumed to follow a
normal distribution, &, ~N (0, 02), with its associated vector ¢ considered to follow a multivariate
normal distribution with covariance matrix g?l,. For the rice dataset, Yijk corresponded to raw
phenotypic measurements. Phenotypic LS-means for the genotypes were then computed across all
environments using the R package 1smeans [63] to estimate a single phenotypic value per genotype.
The Moore-Penrose generalized pseudo-inverse was used during the multiple linear regression
procedure to address issues related to aliased variables (i.e., perfect multicollinearity) for certain traits.
This adjustment was particularly necessary for traits D, H, and | in the pine dataset.

For the BLUP approaches, the following linear mixed model, was fitted using the R package 1me4 [64]:

s
Yijk = U+ Z CisVs T 71+ [ + &k

s=1

In this model, y;jk, i, [j and &;j;, were defined as in the LS-means approach. Here, 7; represents the
random effect of genotype i (1 < i < q), withr; ~N(0, 5?), and its associated vector r was assumed
to follow a multivariate normal distribution with an isotropic covariance matrix, orzlq. Additionally, to
account for population structure, principal component (PC) coordinates for each genotype i, denoted
cis (1 £ s £ 5) wereintroduced in the model and treated as fixed effects. These PC coordinates were
computed using genomic data from each dataset with the R package mixOmics [60]. In this context,
ys represented the effect associated with the sth PC. Population structure is generally regarded as a
low-dimensional process embedded within a high-dimensional space [9, 65]. Consequently, a relatively
small number of principal components, rarely exceeding 10, is assumed to effectively capture the
underlying genetic structure of the population [10]. The number S of principal components (PCs)
selected for computing the BLUP values of r was chosen to minimize the Akaike information criterion
(AIC), obtained via maximum likelihood estimation, within the range of values tested (1 to 10), as AIC
is widely regarded as one of the most commonly used criteria for model comparison [66]. The BLUP
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was then computed using restricted maximum likelihood (REML) to obtain unbiased variance
components estimates for use in the BLUP expression. The computed BLUP values using this linear
mixed model were named BLUP-PCA values. This model was also fitted without the component
Z§=1 CisYs, uUsing the REML procedure, to obtain BLUP values which do not account for population
structure.

In the wiser framework, the overall mean (included by default) and the environmental variable were
modeled as fixed-effect factors for the rice dataset. For the apple dataset, the overall mean, the
environment (comprising country, year, and management), and rows and positions for spatial
adjustment were modeled as fixed-effect factors, with rows and positions treated as environment-
specific factors. For the maize and pine datasets, the overall mean and the environmental variable
were included as a fixed-effect factor, while row and column numbers (for maize) and GPS coordinates
(for pine) were treated as fixed-effect quantitative variables specific to each environment, to account
for spatial variation. This approach minimized the number of fixed-effect variables, thereby reducing
the risk of inestimability. For example, the maize dataset had 1,061 levels for the environment variable
related to anthesis, resulting in 2,122 fixed-effect quantitative variables when accounting for row and
column within each environment. Thus, the number of fixed-effect variables would have been
considerably larger if row and column numbers had been modeled as factors within each environment.
Using rows and positions for apple, row and column number for maize, and GPS coordinates for pine,
directly in the model enabled to skip the pre-processing step of spatial heterogeneity correction
applied to each combination of trait and environment used with the LS-means and BLUP approaches.
The three whitening procedures implemented in wiser are based on the R package whitening [67].
For each trait, the whitening procedure and regularization parameter were automatically selected
using the optimize whitening and regularization function from the wiser package, which
was specifically designed for automated selection. As described in Section 2.2, this function performs
a grid search over a subset of the dataset to identify the optimal combination of whitening procedure
and regularization parameter that minimizes the mean square error.

The WISER approach was also applied to the simulated datasets, both with and without its default
whitening matrix (ZCA-cor), to evaluate the estimation accuracy of the simulated vector u of genetic
values. Notably, using WISER without a whitening matrix in this context is equivalent to fitting a
classical linear model in which both environmental and genetic effects are treated as fixed. In this case,
the resulting genetic effect estimates correspond to classical best linear unbiased estimates (BLUE)
and will be referred to as BLUE throughout.

2.3.3. Compared predictive models

Five predictive models were employed for genomic prediction: random forest (RF), support vector
regression (SVR), genomic best linear unbiased prediction (GBLUP), reproducing kernel Hilbert space
(RKHS) regression, and least absolute shrinkage and selection operator (LASSO). These models were
selected to represent diverse genetic architectures and to evaluate whether the genomic predictive
ability (PA) rankings across the different phenotype estimation methods and traits remained
consistent, regardless of the prediction approach. The RF, SVR, and LASSO models were fitted using
the R packages ranger [68], kernlab [69], and glmnet [70], respectively. GBLUP and RKHS
regression were fitted using the R package KrRMM [71]. For RF, the number of randomly selected
candidate variables (mtry) for testing splits at each tree node was set to one-third of the total number
of SNPs, a common choice for regression tasks, and the number of trees was fixed at 1,000. For SVR,
LASSO, GBLUP, and RKHS regression, hyperparameters were estimated or selected following the
approach described in [71]. Specifically, for SVR, a Gaussian kernel was applied using the ksvm
function, and its bandwidth parameter was estimated automatically using the heuristic in the sigest
function. The regularization parameter C for SVR was computed as C = max(|Y + 30y|,|Y — 30y]),
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where Y and oy are the mean and standard deviation of phenotypes respectively, as recommended
by [72]. The -insensitive loss parameter in SVR was set to its default value of 0.1, as tested values
ranging from 0.01 to 0.5 produced similar results, which were comparable to those of other prediction
models. For LASSO, the regularization parameter was determined using K-fold cross-validation
implemented in the cv.glmnet function, with the default value of nfolds set to 10. For GBLUP, the
krmm function was applied with a linear kernel, using the default initial guess values for the variance
component estimates required by the EM-REML algorithm. The same settings were used for RKHS
regression, except that a Gaussian kernel was applied. The Gaussian kernel’s bandwidth parameter
referred to as the rate of decay in krmm was set to its default value of 0.1, which provided comparable
results to the other prediction models.

A 5-fold cross-validation (CV) scheme with 20 random shufflings of the datasets was employed to
estimate the distributions of predictive ability and genomic heritability (h?) across various prediction
models and phenotype estimation methods for all traits and species. For each shuffle, a new seed was
generated by multiplying the shuffle number by 100, thereby introducing substantial variation in the
randomized genotype distribution across shuffles. This approach generated a distribution of 100
estimated PA values for each combination of species, trait, prediction model, and phenotype
estimation method. Similarly, a distribution of 100 estimated h? values was generated with the GBLUP
model using this approach. For each phenotype estimation method, PA was evaluated for each
validation fold by computing the Pearson correlation between the genomically predicted phenotypes
and those estimated using the phenotype estimation method. In contrast, h? was computed from the
estimated variance components of the following GBLUP model, which was fitted on the training folds:

y=1lu +tu+te

In this model, y = (4, ..., ¥;)’ represents the vector of g phenotypes derived from either WISER, LS-
means, or BLUP approaches. The vector 1, = (1, ...,1)" consists of q ones, and u corresponds to the
fixed overall mean. The vector u = (uy, ...,uq)’ represents the genetic values associated with the g
genotypes, where u ~N, (0, 02K), and K = MM’ is the genomic covariance matrix. Here, M =

in1<jsp . . ] . . . .

[m]],_._ " is the centered SNP marker matrix of size q x p, where m] = w;/ — E[w/], with w/ coded
1<i<q L L i

as 0,1, or 2. The error vector € = (g4, ..., sq)’ follows a normal distribution, & ~N, (0, crgzlq). From this

model, the genomic heritability h? was defined as:

2.3.4. Computed statistics

From the generated distributions of predictive ability (PA) and genomic heritability (h?), median values
and deviations, computed for each specific phenotype estimation method, were calculated to facilitate
graphical representations and subsequent analyses. To explore the relationships between PA and h?,
deviations in the PA medians were compared to those in the h? medians. Additionally, the deviations
in the PA medians were compared to the Shannon entropy of genotype frequencies across all trait-
species combinations. For each trait-species combination, the Shannon entropy of genotype
frequencies was defined as:
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q
H(Genotype) = — Z p; log,(p;)

i=1

where p; is the relative frequency of observations of the it" genotype for the trait in the dataset, and
q is the total number of genotypes. This comparison was intended to assess the impact of imbalanced
genotype frequencies across all trait-species combinations on the deviations observed in the PA
medians. A similar comparison was made between these deviations and the Shannon joint entropies
of genotype and site, as well as genotype and environment. For each trait-species combination, these
joint entropies were computed as follows:

q

X
H(Genotype,V) = —Z ZPU log, (pij)

i=1 j=1

where V is either the site or environment variable, p;; represents the joint relative frequency of
observations of genotype i and site (or environment) j in the dataset, and x is the number of sites (or
environments). These joint entropies were used to quantify the confounding degree between
genotypes and their respective sites or environments.

To assess the degree of association between genotype and site or environment, and identify potential
multicollinearity among their dummy variables, Cramér’s V statistic was computed. It was particularly
reported when PA median values were low for a trait-species combination, helping to identify possible
causes for these low values. This statistic was computed using the R package vcd [73].

To explore the relationship between genotype population structure and deviations in PA medians,
dimensionality reduction and clustering techniques were employed. UMAP was used to generate five-
dimensional representations of the genomic data for each species. The choice of five dimensions was
a trade-off between preserving enough genetic variability for effective clustering and mitigating the
"curse of dimensionality”, which can reduce the accuracy of distance-based methods in higher-
dimensional spaces. The UMAP approach was implemented using the R package umap [61]. The
resulting five-dimensional representations were clustered using the K-means algorithm for each trait-
species combination, with the optimal number of clusters determined as the value of K that
maximized the Calinski-Harabasz (CH) index. Note that the clustering was performed separately for
each trait—species combination using only genotypes with available phenotypic measurements, as
such data were not consistently available across all genotypes for each trait. Moreover, PCA was not
used for dimensionality reduction prior to K-means, as it failed to distinguish known accessions and 27
progeny families in the apple REFPOP dataset (see Supplementary Figures 1 to 4). In contrast, UMAP,
without any labeling information, was able to effectively separate the accessions and most of the
families, making it better suited for use prior to the clustering algorithm.

The CH index was evaluated over a range of K values from 2 to 30 and is defined as:
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where

o By =YF_11Ck| Ilux — ,u||§ is the between-cluster sum of squares (BCSS) for the SNP marker

data. Here, py = (E¢,[m?], ..., Ec, [mp])' represents the centroid vector for cluster Cy, y =
(E[m?], ..., E[mP])’ is the mean vector for the entire dataset, and |Cy| is the number of data
points (i.e., vectors) in cluster Cj.

o Wx=YK, Ymec, |lm — Mk”; is the within-cluster sum of squares (WCSS), quantifying the
compactness of data points around their respective cluster centroids. Here, m = (m?, ..., m?)’
represents an SNP vector with values coded as 0, 1 or 2.

The CH index generalizes Fisher’s test statistic from a one-way ANOVA with K levels to the
multidimensional setting. While this index is not a test statistic and lacks a formal statistical
distribution, it serves as a robust metric to balance the compactness of clusters with their separation,
providing an effective measure for determining the optimal clustering structure. Note that K-means
clustering aims to find the optimal partitioning of data into K clusters that minimizes Wy. Therefore,
the CH index is a natural choice for selecting K, as both the CH index and K-means are related to the
total sum of squares (TSS) decomposition, which is expressed as:

K

K K
D m—plE = Y UG e =2+ Y lm= w2 = B+ Wy
k=1 k=1

k=1 mecCg =1 meCy

The CH index was computed using the R package fpc [74]. Finally, to quantify genetic differentiation
between genotypes, the average fixation index Fg; was computed using genomic data associated with
the K -estimated clusters for each trait-species combination. Notably, for each trait-species
combination, the genomic data used accounted for genotype incidence relative to the available
phenotypic measures in the experimental design. To improve computational efficiency and minimize
resource usage, a stratified sampling approach was employed to maintain the data structure, while
limiting the genomic dataset to 5,000 rows per trait-species combination. The Fgr values were
calculated using the R packages adegenet [75]and hierfstat [76].

3. Results
3.1. Population structure at the genotype level

Supplementary Figures 5 to 16 present a visual assessment of population structure based on the
complementary use of heatmaps, PCA and UMAP applied to the SNP data. The apple and pine datasets
revealed pronounced population structuring, characterized by distinct clusters corresponding to family
groups. Similarly, the maize dataset displayed some clustering patterns despite the absence of prior
family information. In contrast, the rice dataset showed minimal clustering, consistent with the
findings of [18], who reported no detectable structure in this dataset.

3.2. Genomic predictive ability (PA) and heritability (h?) estimates

Tables 1 and 2 summarize the median PA and h? values for phenotypes estimated using WISER, LS-
means, and BLUP approaches across all species and traits, for the GBLUP model. Supplementary File 3
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presents median PA values for additional prediction models (random forest, SVR, RKHS, and LASSO),
which exhibit, for WISER, LS-means, and BLUP approaches, consistent rankings, similar deviations in
median PA values and comparable PA ranges across most models. Therefore, only the GBLUP results
are presented here for conciseness. Supplementary Figures 17 to 20 also present a graphical summary
of the GBLUP PA values, organized by species, for phenotypes estimated using WISER, LS-means, and
BLUP approaches.

Table 1 highlights that WISER consistently achieved the highest GBLUP median PA values across all
species and traits. LS-means and BLUP showed similar median PA for most species and traits, except
for the Pine dataset, and generally outperformed BLUP-PCA, except in a few isolated cases. BLUP-PCA
consistently showed the lowest median PA values in most cases. It is worth noting that, the GBLUP
median PA values, for LS-means and BLUP in Table 1, are consistent with the genomic PA values for
the corresponding traits reported in [18], [20], [56], and [57], despite differences in CV schemes and
associated scenarios in these studies. This emphasizes the improvement that WISER offers over
currently used phenotype estimation methods.

Table 1 — GBLUP median PA values for phenotype estimation methods (WISER, LS-means, and BLUP
approaches) across all species and traits, with interquartile ranges (IQR) in parentheses. Values are
based on 100 cross-validation (CV) scenarios.

Dataset Trait GBLUP median PA values
WISER LS-means BLUP BLUP-PCA
Rice dataset days to flowering (FL) 0.74 (0.05) 0.41(0.12) 0.41 (0.11) 0.21(0.11)
334 genotypes plant height (PH) 0.73 (0.08) 0.51 (0.09) 0.51 (0.09) 0.42 (0.09)
9,929 SNPs grain yield (YLD) 0.62(0.08)  0.49(0.11)  0.49(0.11)  0.42(0.10)
grain zinc concentration (ZN) 0.69 (0.05) 0.36 (0.16) 0.36 (0.16) 0.26 (0.19)
Maize dataset Anthesis 0.74 (0.07) 0.69 (0.07) 0.69 (0.07) 0.49 (0.11)
246 genotypes anthesis-silking interval 0.66 (0.07) 0.37(0.18) 0.37 (0.18) 0.11 (0.20)
41,723 SNPs ear height 0.67 (0.07) 0.24 (0.15) 0.24 (0.13) 0.11(0.19)
grain number 0.68(0.09)  0.53(0.14)  0.52(0.14)  0.34(0.16)
grain weight 0.61(0.10)  0.54(0.13)  0.54(0.13)  0.15(0.18)
grain yield 0.77(0.08)  0.66(0.10)  0.66(0.11)  0.32(0.16)
plant height 0.67(0.08)  0.22(0.15)  0.22(0.15)  0.18(0.12)
Silking 0.70 (0.08) 0.67 (0.06) 0.66 (0.07) 0.40 (0.13)
tassel height 0.67 (0.07) 0.30(0.14) 0.30 (0.14) 0.16 (0.16)
Apple dataset color over 0.78 (0.05) 0.70 (0.05) 0.70 (0.05) 0.48 (0.07)
534 genotypes flowering begin 0.92 (0.02) 0.64 (0.09) 0.64 (0.09) 0.55 (0.09)
50,000 SNPs flowering end 0.86 (0.05)  0.44(0.10)  0.44(0.10)  0.36(0.10)
flowering full 0.80(0.04)  0.40(0.10)  0.42(0.09)  0.33(0.09)
flowering intensity 0.66 (0.09) 0.52 (0.09) 0.52 (0.09) 0.32(0.11)
fruit number 0.78 (0.04) 0.67 (0.06) 0.67 (0.06) 0.34 (0.10)
fruit weight 0.78 (0.04) 0.65 (0.06) 0.65 (0.05) 0.30(0.10)
fruit weight single 0.73 (0.05) 0.58 (0.07) 0.58 (0.07) 0.52 (0.09)
harvest date 0.90 (0.03) 0.76 (0.06) 0.76 (0.06) 0.59 (0.07)
powdery mildew 0.56 (0.08) 0.40 (0.10) 0.40 (0.10) 0.28 (0.10)
russet frequency 0.60 (0.07) 0.46 (0.09) 0.46 (0.09) 0.36 (0.10)
Scab 0.56 (0.09)  0.33(0.10)  0.34(0.09)  0.21(0.12)
trunk diameter 0.66 (0.06)  0.50(0.06)  0.50(0.06)  0.28 (0.09)
trunk increment 0.51(0.07) 0.49 (0.06) 0.48 (0.06) 0.25(0.12)
Pine dataset D 0.66 (0.10) 0.08 (0.19) 0.14 (0.17) 0.11 (0.19)
208 genotypes H 0.72 (0.08) 0.18 (0.17) 0.31 (0.16) 0.23 (0.18)
20,796 SNPs I 0.35(0.25) 0.10(0.21) 0.31(0.20) 0.20(0.20)
T4 0.39(0.22)  0.24(0.18)  0.32(0.20)  0.30(0.23)
TS5 0.26(0.25)  0.14(0.22)  0.26(0.24)  0.12 (0.24)



561

562
563
564
565
566
567
568
569
570
571
572
573
574
575

576
577
578
579
580
581
582
583

584
585
586
587
588
589
590
591

592
593
594
595
596
597
598
599
600
601
602
603

604

T6 0.20(0.27)  0.14(0.24)  0.20(0.26)  0.11(0.28)

For the pine dataset, GBLUP median PA values were notably lower, especially when using phenotypes
estimated via the LS-means and BLUP-PCA. For example, traits D, H, and | exhibited a strong association
between genotypes and environments, as indicated by high Cramér’s V statistics (0.43 for D, 1.00 for
H, and 0.41 for I). This association resulted in confounding due to the interrelationship between
genotypes and environments, leading to perfect multicollinearity among their dummy variables. For
example, the variance inflation factor (VIF) for the linear regression used by LS-means was
uncomputable for these traits, and similarly, the restricted maximum likelihood (REML) algorithm in
BLUP-PCA computation failed to converge to identifiable models. In contrast, WISER mitigated these
issues through its whitening process, which reduced the effect of confounding between genotypes and
environment. This resulted in more stable and reliable phenotypic estimates. In terms of interquartile
ranges (IQR) for GBLUP PA values, WISER typically produced smaller ranges compared to LS-means and
BLUP, with a few exceptions, most notably in the pine dataset. Across all species and traits, the average
IQR values were 0.09 for WISER, 0.12 for LS-means, 0.12 for BLUP, and 0.14 for BLUP-PCA, highlighting
WISER'’s greater robustness in most scenarios.

To evaluate the potential advantages of WISER over existing phenotype estimation methods—and
given the superior performance of LS-means and BLUP compared to BLUP-PCA—only the differences
between the GBLUP median PA values of WISER and those of LS-means and BLUP (referred to as the
median PA gain) were calculated for the 33 traits. This yielded 66 median PA gain values. Similarly,
differences in GBLUP median h? values between WISER and LS-means and BLUP were computed,
resulting in 66 median h? deviations. The average median PA gain and median h? deviation across all
species and traits were 0.21 and 0.17, respectively, highlighting WISER’s improved accuracy in
phenotype estimation.

Table 2 demonstrates similar trends for GBLUP median h? values, with WISER consistently
outperforming LS-means and BLUP approaches across all species and traits, except for two isolated
cases: grain weight and silking. However, it is important to note that a higher h? estimate does not
always indicate a better estimation, as it may result from overfitting of the GBLUP model, which can
lead to an overestimation of the trait's heritability. For instance, while the h? values estimated using
LS-means and BLUP phenotypes were higher than those obtained with WISER for grain weight and
silking, the corresponding GBLUP median PA values based on LS-means phenotypes were lower than
those derived from WISER phenotypes.

For traits D and | in the pine dataset, both LS-means and BLUP-PCA exhibited exceptionally low h?
values close to zero due to numerical instability caused by strong confounding between genotypes and
environments. Specifically, the estimated values were 0.0035 (0.17) and 0.0042 (0.073) for D, and
0.00092 (0.0086) and 0.0011 (0.0027) for I. When rounded to two decimal places in Table 2, these
values appear as zero, but they instead reflect challenges in model convergence rather than a true lack
of heritability. For trait D, BLUP also exhibited an exceptionally low h? value due to the same
challenges. Similarly, convergence difficulties were observed with BLUP-PCA phenotypes for several
other traits across the rice, maize, and pine datasets, where the estimated h? was also exceptionally
low. In contrast, these issues with both LS-means and BLUP approaches were not observed in the
REFPOP dataset, which represented a larger population of 534 genotypes compared to the other
datasets: 334 in rice, 246 in maize, and 208 in pine. This larger sample size likely contributed to
improved model convergence and more reliable estimation.
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Table 2 — GBLUP median h? values for phenotype estimation methods (WISER, LS-means, and BLUP
approaches) across all species and traits, with interquartile ranges (IQR) in parentheses. Values are
based on 100 cross-validation (CV) scenarios.

Dataset Trait GBLUP median h? values
WISER LS-means BLUP BLUP-PCA
Rice dataset days to flowering (FL) 0.87 (0.02) 0.53 (0.06) 0.53 (0.06) 0.00 (0.00)
334 genotypes plant height (PH) 0.86 (0.03) 0.76 (0.03) 0.76 (0.03) 0.70 (0.05)
9,929 SNPs grain yield (YLD) 0.82(0.04)  0.73(0.05)  0.73(0.05)  0.68(0.06)
grain zinc concentration (ZN) 0.84 (0.03) 0.55 (0.10) 0.56 (0.10) 0.42 (0.17)
Maize dataset Anthesis 0.96 (0.02)  0.93(0.03) 0.93(0.03) 0.88(0.04)
246 genotypes anthesis-silking interval 0.82 (0.05) 0.66 (0.11) 0.66 (0.11) 0.00 (0.06)
41,723 SNPs ear height 0.69 (0.05) 0.60 (0.14) 0.55 (0.15) 0.00 (0.01)
grain number 0.96 (0.02) 0.86 (0.06) 0.85 (0.05) 0.78 (0.09)
grain weight 0.65 (0.06) 0.83 (0.06) 0.83 (0.05) 0.00 (0.00)
grain yield 0.97(0.02)  0.93(0.04) 0.92(0.05)  0.80(0.10)
plant height 0.68(0.05)  0.34(0.15)  0.33(0.15)  0.00(0.01)
Silking 0.71(0.04)  0.92(0.04) 0.92(0.03)  0.85(0.06)
tassel height 0.68 (0.04) 0.54 (0.12) 0.54 (0.12) 0.00 (0.00)
Apple dataset color over 0.90 (0.03) 0.84 (0.03) 0.84 (0.03) 0.76 (0.05)
534 genotypes flowering begin 0.99 (0.00) 0.94 (0.02) 0.94 (0.02) 0.93 (0.03)
50,000 SNPs flowering end 1.00 (0.00) 0.73 (0.03) 0.73 (0.03) 0.69 (0.04)
flowering full 0.94 (0.02) 0.67 (0.06) 0.69 (0.05) 0.64 (0.05)
flowering intensity 0.77 (0.03) 0.66 (0.04) 0.67 (0.04) 0.56 (0.07)
fruit number 0.76 (0.03)  0.65(0.04)  0.65(0.04)  0.42(0.08)
fruit weight 0.75(0.03)  0.59(0.03) 0.59(0.04)  0.35(0.08)
fruit weight single 0.93 (0.02) 0.81 (0.04) 0.81 (0.04) 0.79 (0.04)
harvest date 0.97 (0.01) 0.92 (0.02) 0.92 (0.02) 0.88 (0.02)
powdery mildew 0.74 (0.04) 0.51 (0.05) 0.52 (0.05) 0.36 (0.09)
russet frequency 0.81 (0.04) 0.67 (0.06) 0.67 (0.05) 0.54 (0.10)
Scab 0.68 (0.04)  0.44(0.05)  0.45(0.04)  0.29(0.06)
trunk diameter 0.82(0.03)  0.59(0.04) 0.59(0.04)  0.35(0.11)
trunk increment 0.59 (0.04) 0.53 (0.04) 0.53 (0.05) 0.25(0.14)
Pine dataset D 0.95(0.03)  0.00(0.17)  0.03(0.22)  0.00(0.07)
208 genotypes H 0.97 (0.01) 0.30(0.39) 0.56 (0.16) 0.44 (0.52)
20,796 SNPs | 0.73 (0.16) 0.00 (0.01) 0.62 (0.22) 0.00 (0.00)
T4 0.74 (0.14) 0.54 (0.22) 0.62 (0.22) 0.59 (0.24)
T5 0.52 (0.23) 0.30(0.44) 0.48 (0.28) 0.00 (0.23)
T6 0.28(0.34)  0.08(0.31)  0.30(0.35)  0.00(0.11)

3.3. Factors contributing to the variations in median PA gain

To further investigate the factors contributing to the variations in median PA gain across species and
traits, correlations were computed between the median PA gain and the median h? differences
(deviations), as well as with several additional statistics defined in Section 2.3: entropy of genotype
frequencies in datasets, Shannon joint entropy of genotype and site (or environment) in datasets, and
the Fgr calculated from the clusters estimated through the combination of UMAP and K-means
applied to SNP marker data. These analyses provide valuable insights into the underlying mechanisms
driving WISER’s improved performance, particularly its capacity to address confounding relationships.

Figure 1 presents correlation plots between the 66 median PA gain values and various statistics, as
defined in Section 2.3.4, for the 33 traits-species combinations. To enable correlation with the 66 PA
gain values, each of the 33 statistic values was duplicated. A strong positive correlation of 0.71 was
observed between the median PA gain values and the median h? deviations. This result aligns with
expectations, as an increase in h? estimates typically reflects higher genetic variance estimates and
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better predictive ability. In contrast, weak negative correlations were found between the median PA
gain values and the Shannon entropy of genotype frequencies in datasets (-0.16), as well as the
Shannon joint entropies of genotype and site (-0.25) and genotype and environment (-0.29) in
datasets. Although these correlations were not strong, they suggested a trend where the median PA
gain achieved by WISER tended to increase in scenarios with higher genotype-site or genotype-
environment confounding. Notably, when considering the median h? deviations rather than the
median PA gain, stronger trends emerged. More pronounced negative correlations with the Shannon
joint entropies of genotype and site (-0.54) and genotype and environment (-0.56) were observed,
highlighting the significant impact of the confounding between genotype and site or environment on
genetic variance estimation. On the other hand, correlations close to zero were observed between the
median PA gain and Fsr, as well as between the median h? deviations and Fgr, making the relationship
inconclusive.

The weak negative or near-zero correlations observed in Figure 1 are likely unreliable and may reflect
species-specific factors such as marker density, linkage disequilibrium patterns, and allele or genotype
frequencies, which show little to no variation across traits within a given species. Table 3 presents the
median values and interquartile ranges (IQR) of Shannon entropy for genotype frequencies
(H(Genotype)) and Fgy values across traits for each species. Notably, it shows limited or no variation
in these statistics among traits within each species, which likely contributed to the weak negative or
near-zero correlations.

Figure 1 — Correlation plots between GBLUP median PA gain, median h? deviations, Shannon
entropies, and Fgr values across all species and traits.
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Table 3 — Median and interquartile range (IQR) values for H(Genotype) and Fgy across traits per
species

Species median(H(Genotype)) IQR(H(Genotype)) median(Fsr) IQR(Fg7)

Rice 8.365 0.000 0.010 0.000
Maize 7.932 0.001 0.025 0.003
Apple 8.929 0.042 0.056 0.006
Pine 7.695 0.005 0.035 0.001

Figure 2 presents correlation plots for the apple dataset, generated using the same approach as in
Figure 1. This dataset included the highest number of traits (14) among all species. The plots are based
on 28 values for the median PA gain and median h? deviation, calculated from the differences between
median values of WISER and BLUP, as well as WISER and LS-means. This enabled an exploration of
intra-species relationships within a single species. The observed trends were consistent with those
from the inter-species analysis, particularly regarding correlations between median PA gain, median
h? deviation, and the Shannon entropies. A positive correlation between median PA gain and Fgr was
also observed, however, this may be coincidental given the limited variability and dispersion seen in
the corresponding plot.
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Figure 2 — Correlation plots between GBLUP median PA gain, median h? deviations, Shannon
entropies, and Fgr values for apple traits.
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In summary, the negative correlations observed between the median PA gain values (or the median
h? deviations) and the Shannon entropies highlight WISER's ability to improve phenotype estimation
in the presence of confounding factors and population complexity.

3.4. Impact of whitening versus non-whitening of fixed-effect variables on genetic value estimation

Table 4 presents the medians and interquartile ranges (IQR, shown in parentheses) of estimation
accuracy (EA) and mean squared error (MSE) by species for the simulated trait with moderate
heritability (0.5), as described in Section 2.3.1. Results are reported for two estimation methods: WISER
(with whitening of fixed-effect variables) and BLUE (without whitening), as detailed in Section 2.3.2.
The results show that whitening generally improves genetic value estimation: EA medians were higher
for WISER than for BLUE with the maize and pine datasets, and similar with the rice and apple datasets;
on the contrary, MSE medians lower under WISER compared to BLUE in all species. These findings are
consistent with trends observed in the real datasets and further highlight the advantages of whitening
fixed-effect variables prior to estimation. Supplementary Figures 21 to 28 present the graphical
summary of these results organized by species.
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Table 4 — Median and interquartile range (IQR) of estimation accuracy (EA) and mean squared error
(MSE) for simulated genetic values by species, under whitening (WISER) and non-whitening (BLUE) of
fixed-effect variables.

Dataset Statistic WISER BLUE
Rice EA 0.71 (0.06) 0.72 (0.05)
MSE 0.29 (0.31) 0.43 (0.5)
Maize EA 0.45 (0.06) 0.21 (0.08)
MSE 0.30 (0.46) 3.34 (1.77)
Apple EA 0.66 (0.05) 0.66 (0.04)
MSE 0.43 (0.27) 0.79 (1.3)
Pine EA 0.46 (0.08) 0.07 (0.08)
MSE 0.31(0.57) 12.22 (15.86)

4. Discussion

This study demonstrates the significant improvement in phenotype estimation offered by the WISER
approach compared to traditional methods like LS-means and BLUP, across four datasets and 33 traits.
The results presented here highlight WISER's ability to handle genotype-environment confounding,
genotype frequency imbalances, and complex population structures, which are major challenges in
omics-based selection and association studies.

4.1. Comparison of WISER, LS-means, and BLUP

The findings demonstrate that WISER consistently outperforms both LS-means and BLUP approaches
in terms of median PA and h? estimates. Across all species and traits, WISER achieved the highest
GBLUP median PA values, followed by BLUP and LS-means, while BLUP-PCA often exhibited the lowest
accuracy. Within the WISER framework, the vector v of phenotypes is not assumed to be a random
vector drawn from a distribution with a specified covariance matrix. This design avoids imposing an
unnecessary covariance structure during the estimation of v, which could lead to undesirable
consequences. For example, assuming v ~N, (0, aflq) is often unrealistic and results in a decorrelated
covariance structure in the best linear unbiased predictor (BLUP) of v. This is particularly problematic
due to BLUP’s inherent properties as a shrinkage estimator, especially in the context of imbalanced
datasets. For instance, [77] emphasizes that BLUP estimates, when used as phenotypes, are not
recommended if they are derived under the assumption that genetic values are I.I.D. when the data
are unbalanced—a very frequent situation due to missing data or incomplete block experimental
designs. For example, the experimental designs of the rice, maize, and pine datasets all included
incomplete blocks, whereas the apple dataset featured management groups in which not all genotypes
were represented (see Supplementary File 4). In such situations, the combination of the L.I.D.
assumption and data imbalance leads to shrinkage of genotype estimates toward the population
mean, with the degree of shrinkage being inversely proportional to the number of replicates for each
genotype. This effect is particularly problematic when many genotypes have few replicates, as their
BLUP values will disproportionately shrink toward the mean, distorting genetic rankings and
undermining the interpretability and utility of these estimates for subsequent analyses.

The successive ordinary least squares (OLS) procedure implemented in WISER addresses these issues
by operating without such assumptions. By treating v as a distinct vector of fixed effects, the OLS
procedure ensures that its estimation is not derived as a linear or non-linear function of omic effects,
and that v is estimated separately from them. This approach aligns with the recommendations of [77],
providing reliable phenotypic estimates and preserving genetic value rankings, even in unbalanced
experimental designs. Moreover, by ensuring that the estimation of v is not a linear or non-linear
combination of marker effects, the approach preserves the genetic signals essential for association
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analyses, ensuring that no valuable information is inadvertently filtered out—an issue that would arise
if v was estimated using a polygenic background based on omic data like in GBLUP.

On the other hand, LS-means adjust for unequal group sizes by estimating marginal means as if all
groups were equally represented, which can lead to values that differ from the actual group means. In
unbalanced data, this may distort comparisons and reduce the reliability of downstream analyses. As
noted by [78], such model-dependent estimators may not reflect the actual structure of the data. In
contrast, WISER’s avoidance of such model-dependent adjustments provides more stable and
interpretable estimates across varying levels of data imbalance.

While LS-means and BLUP were generally more robust than BLUP-PCA, they still underperformed
compared to WISER, especially in datasets where genotype-environment associations were strong and
multicollinearity was severe. For only two traits—trunk increment (apple) and silking (maize)— the
improvements in median PA for WISER were slight or negligible compared to LS-means. WISER's
superior performance can be attributed to its whitening process, which reduces the effect of
confounding between genotypes and environment. By mitigating such confounding, WISER yields
more reliable and stable estimates, especially for datasets where traditional approaches for phenotype
estimation struggle with multicollinearity, as seen in the pine dataset for traits with strong genotype-
environment associations.

Furthermore, incorporating PC coordinates derived from genomic data as fixed-effect covariates did
not improve BLUP-based phenotype estimation, as the GBLUP median PA for BLUP-PCA was often the
lowest. The reduced GBLUP median PA observed in BLUP-PCA is potentially attributable to the
inclusion of principal component coordinates as fixed effects, which captures genetic variation which
is then missing in the BLUP estimates. This suggests that, depending on the phenotype estimation
method used, using omic data to adjust fixed effects for confounding due to population structure does
not systematically guarantee a notable improvement in the predictive ability of the estimated
phenotypes. Unlike whitening methods that remove genetic correlations and confounding, the use of
PC coordinates as fixed effects captures only a fraction of the total genetic variation and does not
account for the complete genetic covariance structure (see Supplementary File 1). This highlights a key
advantage of WISER, which effectively incorporates the entire genetic covariance structure without
being constrained by the choice of the number of PCs, while improving phenotype estimation.

WISER consistently outperformed both LS-means and BLUP approaches in terms of median predictive
ability (PA) and heritability (h?) estimates, despite relying on spatial heterogeneity correction based
solely on one-dimensional variables (e.g., row and column positions or GPS coordinates), modeled as
fixed effects. In contrast, the other phenotype estimation methods incorporated both one- and two-
dimensional components in their spatial correction. A potential improvement for WISER would be to
adopt the approach proposed by [40], which involves modeling spatial heterogeneity as a random
effect. This allows for the efficient inclusion of two-dimensional spatial components, which would be
impractical to model as fixed effects due to the high number of levels. Furthermore, [40] demonstrated
that fitting all relevant effects within a single model generally improves the estimation of genetic
values.

Finally, note that one drawback of the WISER framework is the reduced interpretability of fixed-effect
estimates. This can be limiting when environmental effects are of primary interest, as it complicates
their use in downstream analyses or practical applications such as trial design or management
recommendations. Although WISER performs well in estimating phenotypes and maintaining genetic
rankings, it is less well-suited for situations requiring detailed interpretation of fixed environmental
effects.

4.2. Impact of confounding effects and imbalanced frequencies
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The study also explored how confounding effects and imbalanced frequencies of observations of
genotypes in the environments explored in a dataset influence the accuracy of phenotype estimation.
WISER was found to be particularly effective in mitigating these challenges. For instance, in the pine
dataset, where traits such as D, H, and | exhibited strong genotype-environment associations and
confounding, WISER provided more reliable phenotype estimates compared to LS-means and BLUP-
PCA. This was because the REML algorithm in BLUP-PCA and the linear regression (prior to LS-means)
encountered issues such as non-optimal convergence and multicollinearity, respectively. This finding
is critical, as genotype-environment confounding, often exacerbated by high variability in genotype
frequencies across environments, can severely compromise the accuracy of phenotype estimations
and predictions. Moreover, imbalances in genotype frequencies, along with their variability across
environments, inevitably affect the genetic covariance structure at the level of a whole experimental
design. This underscores the complex interdependence of these factors and their combined impact on
phenotype estimation. WISER's whitening process addresses these issues by simultaneously mitigating
confounding, multicollinearity, and imbalances in genotype frequencies, ultimately improving the
accuracy and robustness of phenotype estimates.

Notably, some degree of confounding, imbalance in genotype frequencies, and population structure
are nearly inevitable, even in carefully balanced experimental designs. This is exemplified by the apple
REFPOP dataset, which, despite being a reference population for apple breeding, still displayed
imbalances and confounding. This highlights the pervasive nature of these challenges in real-world
datasets and underscores the importance of methods like WISER, which can effectively address such
complexities.

4.3. Impact of the degree of population structure

The study further explored the relationship between improvements in phenotype estimation for each
trait using WISER and the degree of population structure, quantified through genetic differentiation.
However, the relationship remained inconclusive due to species-specific factors and limited to no
variation in the genomic data across traits for each species. Nonetheless, WISER proved effective in
minimizing the confounding between population structure and environmental effects. Among the
various computed statistics, the strongest negative correlations were observed between both the
median PA gain and the median h? deviations, and the Shannon joint entropy of genotype and
environment. Hence, these findings point out the critical importance of considering population
structure when selecting methodologies for phenotype estimation. As demonstrated in this study,
population structure significantly impacts genomic predictive ability through confounding between
genotypes and environments, and it is a well-established factor influencing association studies [6—-12].

4.4. Phenotype estimation, genetic variance, and predictive ability

The positive correlation between the median PA gain and the median h? deviations underscores the
relationships between phenotype estimation, genetic variance, and predictive ability. Across all
species and traits, a strong positive correlation (0.71) was observed between the median PA gain and
the median h? deviations. This demonstrates that WISER-estimated phenotypes improve the capture
of genetic variance when using GBLUP, thereby enhancing predictions. Interestingly, the median h?
deviations exhibited moderate negative correlations with the Shannon joint entropies of genotype and
site or environment. Similarly, weaker negative correlations were observed between the median PA
gain values and these Shannon joint entropies. These trends were also observed in the apple dataset,
where they appeared more pronounced. These findings suggest that WISER is particularly effective in
addressing scenarios characterized by a high degree of genotype-site and/or genotype-environment
confounding, thereby improving phenotype estimation in these complex situations, as well as
improving genetic variance estimation and predictive ability.
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4.5. Potential for genome-wide association studies (GWAS)

Although not explicitly demonstrated in this study, WISER shows potential for improving genome-wide
association studies (GWAS). Preliminary analyses (results not shown) indicate that several known
guantitative trait loci (QTLs) in apple are consistently detected using both LS-means and WISER-
estimated phenotypes as response variables, while additional distinct QTLs are identified depending
on the phenotype used. This suggests that incorporating WISER-estimated phenotypes into association
studies, alongside traditional methods such as LS-means may reinforce confidence in QTLs identified
using different phenotype estimation approaches. Additionally, these preliminary findings also
revealed that WISER-estimated phenotypes could uncover additional QTLs that explain a significant
portion of phenotypic variation. However, a more detailed investigation into the full potential of
WISER-estimated phenotypes in association studies will be the subject of future research, as exploring
this in-depth is beyond the scope of the current study.

4.6. Limitations, computational efficiency, and population size considerations

WISER's strengths are most apparent when multiple fixed-effect variables are considered in defining
the environmental variable. However, its utility is potentially limited in experimental designs with very
few fixed-effect variables (e.g., only an overall mean and one additional factor), as these do not permit
a more precise definition of the environmental variable. This highlights the importance of
comprehensive experimental designs to fully harness WISER’s potential. While computational
efficiency may have been a concern in the past, the current availability of high-performance computing
(HPC) clusters has largely mitigated this issue. For example, processing times for the rice and pine
datasets were under five hours, depending on resource availability and user demand on the HPC
cluster used. Furthermore, WISER employs parallelized algorithms, such as an ABC approach, which
ensures rapid and stable variance component estimation, even for large datasets linked to complex
experimental designs. This approach is preferable to iterative algorithms, such as expectation-
maximization (EM), which can be slow, produce inaccurate results, or converge to suboptimal
solutions, especially when handling large datasets [79-81]. Nonetheless, it is important to note that
WISER may encounter scalability challenges when applied to datasets with populations significantly
larger than those in the apple REFPOP dataset. Future work should explore WISER’s performance on
larger datasets.

4.7. Historical context, implications for breeding programs, versatility of the whitening approach and
future directions

Historically, tools for managing confounding effects due to population structure and imbalanced
genotype frequencies in phenotype estimation were limited. This led to the widespread use of
methods like BLUP. BLUP remains a popular choice due to its simplicity and the availability of user-
friendly R packages like 1me4 [64]. However, BLUP’s reliance on the I.I.D. assumption in this context
and its sensitivity to genotype frequency imbalances result in known suboptimal performance, as
pointed out by [77]. The wiser R package addresses this gap by offering a more robust framework for
phenotype estimation, specifically tailored for experimental setups with population structure,
confounding, and imbalances in genotype frequencies. By overcoming these challenges, WISER has
significant implications for breeding and genetic selection programs. Accurate phenotype estimation
is critical for predicting complex traits and selecting individuals with desirable genetic profiles. The
reduced interquartile ranges (IQR) for GBLUP PA values observed with WISER demonstrate its ability
to deliver more consistent predictions across cross-validation scenarios, a feature invaluable for
breeders seeking to improve the reliability of selection decisions. Looking ahead, the capacity of WISER
to handle more complex datasets with additional environmental covariates represents an exciting
avenue for further research. Future studies could also explore integrating WISER with advanced
predictive modeling techniques, such as deep learning, to enhance phenotype predictive accuracy.
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Furthermore, incorporating genotype-environment interactions into WISER’s estimation process
represents a promising direction for refining phenotype estimates. These advancements have the
potential to unlock even greater possibilities for phenotype estimation and omic-based selection,
driving innovation in breeding programs.

5. Conclusion

In conclusion, the results of this study provide strong evidence that WISER offers significant advantages
in phenotype estimation, particularly in datasets with complex genotype-environment confounding,
genotype frequency imbalances, and population structure. By addressing these challenges, WISER
enables more accurate and stable phenotype estimations, and predictions, which could lead to
improved selection strategies in crop and livestock breeding programs.

Abbreviations

ABC Approximate Bayesian computation
AIC Akaike information criterion

ANOVA Analysis of variance

BLUE Best linear unbiased estimation
BLUP Best linear unbiased prediction

CH index Calinski-Harabasz index

CV Cross-validation

D Duration of budburst

EA Estimation accuracy

EM Expectation-maximization

EVG covariance analysis via eigenvectors
FL Days to flowering

GBLUP Genomic best linear unbiased prediction
GPS Global positioning system

GWAS Genome-wide association studies
H Height

| Annual height increment

IQR Interquartile range

LASSO Least absolute shrinkage and selection operator
LS-means Least squares means

NIRS Near-infrared spectroscopy
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OLS Ordinary least squares

PA Predictive ability

PC Principal component

PCA Principal component analysis

PCA-cor Principal component correlation analysis

PH Plant height

QTL Quantitative trait locus

REFPOP Reference population

REML Restricted maximum likelihood

RF Random forest

RKHS Reproducing kernel Hilbert space

SNP Single nucleotide polymorphism

SVR Support vector regression

T4 Time taken to reach individual budburst stages: stage 4
T5 Time taken to reach individual budburst stages: stage 5
T6 Time taken to reach individual budburst stages: stage 6
UMAP Uniform manifold approximation and projection
VIF Variance inflation factor

WISER Whitening and successive least squares estimation refinement
YLD Grain yield

ZCA-cor Zero-phase component correlation analysis

ZN Zinc concentration

Supplementary information

Supplementary File 1

Mathematical proofs demonstrating that WISER extends models that use eigen-information as fixed-
effect covariates to correct for population structure, by relaxing their assumptions and employing a
true whitening matrix instead of a pseudo-whitening matrix.

Supplementary File 2

Presents a detailed overview of the ABC algorithm implemented within the WISER framework for
variance components (i.e., 62 and ¢2) estimation, along with the regularization and shrinkage
techniques used to ensure positive-definiteness for the genetic covariance matrix X,,.

Supplementary File 3

Presents median predictive ability (PA) values and interquartile ranges (IQR) in parentheses, across all
species and traits, for several prediction models including random forest (RF), support vector
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regression (SVR), genomic best linear unbiased prediction (GBLUP), reproducing kernel Hilbert space
(RKHS) regression, and least absolute shrinkage and selection operator (LASSO).

Supplementary Figures 1-4

PCA and UMAP 2D projections of the apple REFPOP genomic data, shown with and without family
cluster labels to visualize population structure.

Supplementary Figures 5-16

Heatmaps, PCA, and UMAP 2D plots illustrating population structure in the rice, maize, apple, and pine
genomic datasets.

Supplementary Figures 17—-20

Boxplots and violin plots of the GBLUP predictive ability (PA) values for traits of each species, for
phenotypes estimated using WISER, LS-means, and BLUP approaches.

Supplementary Figures 21-28

Boxplots and violin plots of mean squared error (MSE) and estimation accuracy (EA) between
simulated and estimated genetic values for WISER (with whitening of fixed-effect variables) and BLUE
(without whitening), based on a generic trait simulated with moderate heritability (0.5) under each
species’ experimental design.
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