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Abstract Maize breeding and genetic studies are highly dependent on linking genetic markers such as single
nucleotide polymorphisms (SNPs) to phenotypes of interest, with Genome-Wide Association Studies (GWAS)
serving as a crucial tool in this process. However, traditional statistical methods for analyzing these phenotypes in
GWAS can be computationally intensive and struggle to efficiently handle the high dimensionality of the phenotypic
data. This study proposes an advanced statistical approach using Compressed Linear Mixed Model (CLMM) to
enhance the analysis of maize phenotypes in GWAS, with focus on image-derived traits such as plant volume, plant
height and surface area. This method employs data compression techniques to reduce the dimensionality of the
phenotypic data, combined with a linear mixed model framework to capture complex genetic associations more
effectively. The phenotypic data was obtained from the Leibniz Institute of Plant Genetics and Crop Plant Research,
Gatersleben, Germany. The modelling was done in R-statistical software using the Gapit tool guidelines. The models
were compared using AIC and BIC metrics. The results showed that the model based on plant volume fits the data
more effectively than the model based on plant surface area and height. This is evidenced by lower Akaike
Information Criterion (AIC) value of 2314.301 and Bayesian Information Criterion (BIC) value of 2345.720) for the
plant volume model, compared to the AIC of 2372.312 and BIC of 2399.693 and AIC of 2404.506 and BIC of
2430.904 for the plant surface area and height model, respectively. In the GWASs analysis, plant volume revealed a
greater number of detected SNPs, with a total of 8 SNPs identified. In comparison, 6 SNPs and 4 SNPS were
identified using plant surface area and 4 SNPs for plant height, respectively. The analysis revealed a higher number
of single nucleotide polymorphisms (SNPs) associated with plant volume, underscoring the importance of selecting
appropriate phenotypic traits in genetic studies. This study demonstrates the effectiveness of employing Compressed
Linear Mixed Model (CLMM) for analysing phenotypic traits in GWAS, demonstrating its suitability for identifying
significant associations.
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1. Introduction

A genome-wide association study (GWAs) is a
biological approach that examines statistical correlation
between molecular markers with phenotypic variation,
enabling the identification of genetic loci associated with
specific phenotypic traits [1]. Most agronomical
important traits are quantitatively inherited [2] and
shows complex variation. As a result, GWAs has become
a key toll for dissecting such traits to uncover the
underlying genetic architecture.

Quantitatively inherited traits are controlled by multiple

loci, each contributing a small but additive effect [3,4].
Therefore, identifying statistical correlations for such
traits present a significant statistical challenge due to their
complex genetic architecture and the small effects of
individual loci. The underlying assumption of association
mapping is that significant associations arise because the
marker is in linkage disequilibrium with a causal variant
influencing the trait [5]. However, population structure
causes false positive associations in GWAs if not
accounted for [6]. This highlights the need for better
experimental designs or statistical methods to handle the
confounding effect. Moreover, advances in sequencing
and phenotyping technologies have enabled generation of
high-throughput genetic and phenotypic data, altering data
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structure and complexity and thus GWAs dynamics
[7,8,9]. Consequently, there is a continuous need to
improve the statistical power of existing statistical models.

Despite advancement in enabling technologies such as
high-throughput genotyping and phenotyping platforms,
their application remains limited because the statistical
models linking genotypes with phenotypes have largely
remained unchanged. The accuracy and detection power
of GWA s studies remain low [10], largely due to the large
size and multi-dimensionality of the datasets generated by
the high throughput genotyping and phenotyping
platforms. This underscores the need for developing
improved statistical approaches to enhance the precision
and detection power of significant genetic variants
correlated to the phenotypic traits.

There are a number of statistical models used to carry
out GWAs in both animals and plants. These include
Bayesian models, multivariate models, generalized linear
models, mixed linear models and machine learning
algorithms [11,12,13]. Mixed linear models (MLMs) are
the most widely used methods in GWAs to link the
genotype with the phenotypic traits. Their popularity
stems from their ability to account for population structure
and relatedness, which is critical in reducing false-positive
associations [14,15,16]. By incorporating both fixed and
random effects, MLMs help manage the confounding
factors caused by population stratification and cryptic
relatedness, making them highly robust for fitting
complex data structures. Zhou and Stephens [14]
introduced efficient algorithms for linear mixed models in
genome-wide studies, enhancing their computational
feasibility. Additionally, Listgarten et al. [15] and Lippert
et al. [16] further developed methods to improve the
accuracy of these models in handling genetic data
structures in GWAS.

Mathematically the conventional mixed linear model
can be represented as

y=XB+Zu+¢ (1)
where,
y is a known vector of observstions, with mean
E(y)=Xp

S is an unknown vector of fixed effects;

u is an unkown vector of random effects, with mean
E(u)=0 and variance covariance matrix var(u)=G

¢is an unknown vector of random errors, with mean
E(e)=0 and variance

var(e)=R;

X and Z are known design matrices relating the
observations y to B and u respectively [17,18].

However, in GWAS; y is an n-by-1 matrix of

quantitative traits which represents observed phenotypes
and it corresponds to the response variable (e.g. plant
biomass)

X is an n-by-p known design matrix for covariates and
marker effects, this matrix contains the predictor variables
(e.g. plant height, plant side leaf length, plant leaf width)

B is an unknown vector containing fixed effects,

including the genetic marker, population structure(Q), and

the intercept.

Z is an N-by-S known design matrix holding S causal
loci, including the kinship matrix, any other additional
fixed effects.

€ is an observed vector of residuals.

u is an unknown vector of random additive genetic
effects from  multiple  background QTL  for
individuals/inbred lines.

The u and ¢ vectors are assumed to be normally
distributed with a null mean and a variance of;
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Despite the widespread use of linear mixed model in
GWAs, confounding remains a significant challenge. This
confounding can cause a spurious association between
genotype and phenotype, complicating identification of
true correlations [19]. To address this issue and enhance
statistical power of MLM model, two key strategies have
been developed [20]. The first strategy entails using only
the associated genetic markers as pseudo Quantitative
Trait Nucleotides (QTNSs) to estimate kinship rather than
using all available genetic markers or a random subset.
This approach helps to reduce the noise introduced by
irrelevant markers. The second strategy is the Compressed
MLM (CMLM), which clusters individuals into groups
and fits genetic values of these groups as random effects,
rather than modelling individual genetic effects. This
method can improve the estimation of genetic variance
and enhance the power to detect true associations.

Pseudo QTNs are expected to closely track some of the
causative QTNs and are selectively used to derive kinship
for a specific testing marker. When a pseudo QTN is
correlated with the testing marker, it is excluded from
kinship derivation [21,22]. In the FaST-LMM-Select
method, a pseudo QTN is considered correlated if it is
within a 2 Mb interval on either side of the testing marker
[23]. Alternatively, the Settlement of MLM under
Progressively Exclusive Relationship (SUPER) method
applies a threshold based on linkage disequilibrium (LD)
between the pseudo QTNs and the testing marker.

This selective inclusion and/or exclusion of pseudo
QTNs for kinship estimation enhances statistical power
compared to deriving overall kinship from all genetic
markers or a random sample. Zhang et al. [24]
demonstrated that, using datasets from human, dog and
maize, the optimal compression level in their models
increased statistical power by 34%, 42% and 20%,
respectively, when analysing QTN that explained 0.12,
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0.30 and 0.30 units of the phenotypic standard deviation,
respectively. More recent studies continue to support these
findings and emphasize the significance of refined kinship
estimation methods in GWAS. For example, a study by
Liu et al. [25] demonstrated that advanced Kkinship
estimation techniques can substantially enhance the
detection of true associations in complex traits.
Additionally, Zhao et al. [13] found that optimizing
kinship models led to improved power and accuracy in
identifying causal variants across diverse datasets.

Compressed linear mixed model (CMLM) has been
further modified into enriched CMLM (ECMLM), which
enhances which enhances statistical power by optimizing
group kinship definitions instead of relying solely on
average kinship algorithms used in traditional MLM [26].
The ECMLM incorporates three group kinship algorithms
(average, median, and maximum) alongside eight
hierarchical clustering methods, including UPGMA,
unweighted pair-group centroid (UPGMC), complete
linkage (COM), Lance-Williams flexible-beta method
(FLE), McQuitty's method (WPGMA), weighted pair-
group method using centroid (WPGMC), single linkage
(SIN), and Ward’s method (WAR). While these eight
hierarchical clustering algorithms have been evaluated,
numerous other clustering techniques exist. Notably,
research using non-hierarchical algorithms like fuzzy C-
means and hard k-means remains limited [27]. Further
exploration is warranted to determine whether these
methods can enhance the statistical power of kinship
estimation in genetic studies [20,28].

One of the significant challenges in detection of QTL in
GWAs is the issue multiple test correction. Bonferroni
correction, while commonly used, is often overly
conservative, leading to the exclusion of important loci
that do not meet its stringent significance criteria [29].
Although permutation tests are considered the gold
standard adjusting for multiple testing in genetic
association studies, they are computationally intensive,
especially in the context of GWAs, where a large number
of random shuffles may be necessary for accuracy [13],.
This computational burden can render permutation tests
impractical for large-scale analyses.

2. Methodology

The phenotypic data was obtained from the Leibniz
Institute of Plant Genetics and Crop Plant Research
Gatersleben, Germany (IPK-Gatersleben). Phenotypic data
was collected using incomplete block design. It was
employed because the block size is smaller than the
number of treatments [9]. Two sets of data were used:
image derived phenotypic data from a diversity panel of
252 maize inbred lines and 50,000 SNPs genetic markers
obtained from the same inbred lines. The phenotypic data
was collected at 11 different developmental time points
(11 - 42 days after sowing) using an automated
phenotyping platform (LemnaTec) as described in Junker
et al. [8] and [9]. The biomass weight was also measured
manually at 42 days after sowing (DAS) using destructive
method. The maize lines were genotyped using Illumina
50k SNP array comprising over 55000 evenly spaced
SNP; distributed across the 10 maize chromosomes [30].

Quality filtering of SNP markers was performed and
those that were found with missing values above 5%, rates
of heterozygotes above 5% and minor allele frequencies
smaller than 0.05 were discarded.

The kinship matrix was estimated for the full panel of
the inbred. Rogers’ distance was used since it is linearly
related to the coefficient of co-ancestry for homozygous
lines. The relationships among the genotypes were
determined by using hierarchical clustering based on the
kinship matrix.

The image-derived features (plant volume, plant surface
area, and plant height) were identified through a feature
importance statistical technique based on their predictive
power for the manually collected plant biomass [31].
These phenotypes showed strong correlations with plant
biomass at 42 days after sowing (DAS) obtained manually,
making them the most informative features. These features
were used to predict biomass using linear regression
model. The predicted biomass was used for the association
in GWAs using the compressed linear mixed models.
Additionally, the phenotypic profiles were normalized to
have a zero mean and unit variance across all phenotyped
plants over time [32]

2.1. Compressed Linear Mixed Model
(CLMM)

The phenotype data were obtained from more 700
phenotypes using feature importance selection, extracting
maize plant height, plant volume and plant surface area.
Genotypic data comprising 50,000 SNPs were coded as 1
for presence of a SNP and 0 as absence. Missing values in
both phenotypic and genotypic data were removed from
data set. Single Nucleotide Polymorphisms were filtered
based on minor allele frequency (MAF) and Phenotypes
were normalized to have a mean of 0 and a variance of 1.
Population structure was set as fixed effects to account for
covariates, while the kinship matrix was set the random
effects to capture relatedness among plants. The GAPIT
tool in R was used to implement the CLMM.

Linear Mixed Model structure;

y=Xp+Zu+e

where
y : Phenotype vector e.g plant height

X . Design matrix for fixed effects (population
structure)
/. Fixed effects coefficients

Z : Design matrix for random effects (Kinship Matrix)

u : Random effect vector

¢: Random errors

The CLMM reduces dimensionality through principal
component analysis. The model identifies the associated
SNPs for each phenotype with computed p-values for the
fixed effect of each SNP. To address multiple testing,
Bonferroni correction was applied, using a significant
threshold of 1.0 x 10°® determine the significant SNPs.

2.2. Linear Regression Model

The phenotypic data, which included plant biomass,
plant height and plant surface area was carefully processed.
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The missing values were removed to ensure the
integrity of the dataset. Outliers identified and
eliminated using Grubbs test to maintain the accuracy of
the analysis. To facilitate comparison across the
different traits, the phenotypic data was normalized using
Z-score transformation, effectively standardising the
measurements to a common scale.

Model specification; This comprehensive analysis
ensures a robust understanding of the relationships within
the data and the validity of the model's findings.

2.3. Model Comparison

The models were statistically compared using the
Akaike Information Criterion (AIC) and the Bayesian
Information Criterion (BIC). The AIC evaluates the
relative quality of each model based on the maximum
likelihood estimate while penalising for the number of
parameters included, thus accounting for model
complexity. This approach helps to identify models that
balance fit and simplicity, ensuring that more
parsimonious models are favoured when they adequately
explain the data.

The formula for AIC is given by;

AIC =2K -2InL

where K is the number of features used and L is the log-
likelihood of the model.

The smaller the AIC value meant that the better the
model fit.

The BIC statistic was calculated as

BIC =—2*LL+In(N)*K

where LL is the log-likelihood of the model, N is the
number of observations and K is the number of parameters
in the model. Low BIC values meant better model fit.

3. Results

3.1. Preliminary Analysis

The preliminary analysis involved fitting a linear
regression between manually measured plant biomass (dry
weight) and some selected phenotypic features such as

plant volume and plant side area. This was to establish if
there was any relationship between the manually collected
biomass and the plant phenotypic features from the image
derived data. From the fitted model the results revealed
that the selected features were significant predictors of
plant biomass at 42 DAS (p < 0.05; Table 1). These results
imply that variations in plant side area, plant side height,
and plant volume have a measurable impact on the overall
biomass of the plants at this growth stage. Such insights
highlight the importance of these traits in understanding
plant development and optimizing statistical analysis.

The diagnostic metrics for the fitted linear models are
presented in Table 2. The performance metrics provide
insights into the fit and effectiveness of the linear regression
models using different plant features as predictors of
biomass. The results showed that the fitted models were
significant (p < 0.05). The fitted models showed different
strengths in predicting plant biomass. The fitted models
showed different strengths in predicting plant biomass. The
model that was fitted using volume and side area showed
the best results in terms of adjusted R-squared.

The diagnostics reveal that plant volume is the most
effective predictor of biomass, followed by plant side area,
with plant side height being the least effective among the
three. All predictors are statistically significant, but their
explanatory power varies, emphasizing the importance of
selecting appropriate features for predicting plant biomass
effectively. These results are in an agreement with the
findings by Gachoki et al. [31] that showed that there is
linear relationship between plant biomass and image
derived plant phenotypic features such as plant volume.
This suggests that plant biomass can be predicted using
the features obtained from high-throughput image derived
phenomic data. The findings of this study are also in
agreement with those of Sepaskhah et al. [33], who
employed a logistic model to predict maize yield under
varying water and nitrogen management condtions,
achieving accurate vyield predictions throughout the
growing season. Similarly, the findings of this study align
with those of Xiangxiang et al. [34], demonstrating the
logistic model's efficacy in estimating above-ground
biomass based on plant height. Collectively, these studies
reinforce the potential of integrating advanced imaging
techniques and statistical modelling to enhance predictions
of plant biomass and yield.

Table 1. The fitted linear Regression model using the selected phenotypic features.

Feature Model estimate std.error t-value p.value

Plant volume only Inte-rcept 5.003e+00 4.430e-01 11.29 <2e-16
volume.fluo.prism.norm (mm?) 2.264e-07 6.915e-09 32.73 <2e-16
Plant side area only o Intercept -2.654e+00 8.276e-01 -3.206 0.00152
side.vis.area.norm (mm?) 4.710e-05 1.785e-06 26.389 < 2e-16

Plant Side height only - _ Intercept -0.0806252 1.1228351 -0.072 0.943
side.height.norm (mm138) 0.0146723 0.0008584 17.092 <2e-16

Table 2. Diagnostics for the fitted linear Regression model
Performance Metrics

Model Features Residual standard error Multiple R-squared Adjusted R-squared p-value
Plant volume only 2.263 0.8127 0.8119 < 2.2e-16
Plant side area only 2.675 0.7382 0.7371 < 2.2e-16
Plant side height only 3.538 0.5419 0.54 < 2.2e-16
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3.2. Fitted Compressed Mixed Linear Model
(CMLM) using Predicted Biomass

Genome-wide association studies (GWAs) aim to
identify genetic variants associated with specific traits. In
this study, the compressed mixed linear model (CMLM)
was used due to its effectiveness in correcting for
polygenic background effects (small genetic effects that
can confound results) and controlling for biases arising
from population stratification [24]. The CMLM is an
extension of the MLM, specifically designed for multi-
locus GWAs analysis, which allows for the simultaneous
consideration of multiple markers rather than testing them
one at a time, addressing the limitations of one-
dimensional genome scans [14]

The CMLM clustered individuals into groups, effectively
decreasing the effective sample size and reducing
computational time, which enhances efficiency when dealing
with large datasets [35]. Additionally, the model incorporates
random single nucleotide polymorphism (SNPs) effects. It
uses an algorithm that whitens the covariance matrix of the
polygenic matrix K and environmental noise, allowing for a
more robust analysis [36].

In identifying putative quantitative trait nucleotides
(QTNs), the CMLM selects variants based on their
significance threshold (p < 0.005), incorporating these
QTNs in a multi-locus model for true QTN detection [24].
Unlike single-locus methods, which often rely on stringent
Bonferroni corrections that can be overly conservative, the
CMLM employs a less restrictive selection criterion,
allowing for a more nuanced identification of associations
[14]. Notably, the CMLM requires less computational
time compared to other single- and multi-locus methods,
making it a preferred choice for analysing complex traits
in large populations [35].

3.2.1. Compression Profile of Predicted
Biomass Across Multiple Groups
using a Single Trait

Compression profile over multiple groups were
obtained using predicted biomass from side area, volume
and side height. Five metrics were generated, which
included True Positive Rate, Compression, False Positive
Rate, false discovery rate (FDR) g-value and Group Size.
The True Positive Rate shows how the true positive rate
(sensitivity) changes with the number of groups. It
indicated how well the GWAS identifies true associations.
The “Compression” represented the measure of data
reduction or grouping. The False Positive Rate showed
how the false positive rate (1 - specificity) changes with
group count. It reflects the proportion of false associations
detected. The False Discovery Rate (FDR) g-value, FDR
controlled the expected proportion of false discoveries
among significant associations. The Group size metric
showed how the size of each group affects the GWAS
performance. Smoother curves suggested an improvement
in identifying true associations. The compression profile
over multiple groups using side area, volume and side
height at 42 DAS displayed almost flat lines, indicating
minimal fluctuations.

The Compression profiles, representing data reduction
or grouping efficiency is also in line with the existing
literature. Smith et al. [37] demonstrated that effective
data reduction techniques can enhance the performance of
GWAs by improving the grouping process and reducing
noise in the data. The findings in the current study support
this notion by showing that the compression profile over
multiple groups have an impact on the identification of
true associations. Similarly, the results regarding the False
Positive Rate and FDR g-value are supported by the
studies by Lee and Wang [38] and Chen et al. [39] who
highlighted the importance of controlling false positives
and managing the false discovery rate in GWASs to ensure
the reliability of significant associations. The observed
changes in these metrics as the number of groups
increased further emphasize the need for rigorous control
of false discovery rates in genomic studies.
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3.2.2. Quantile-Quantile Plots of Predicted Biomass
Based on a Single Trait

Quantile-quantile plots (Q-Q plots) compare the
distribution of observed p-values (from association tests)
with the expected p-values assuming no true associations,
null hypothesis. If all genetic variants followed the null
hypothesis (no associations), the points on the plot should
have lied along the 45-degree diagonal line (the red line in
the images) (Figure 4, Figure 5, Figure 6). Deviations
from this line indicated departures from the null
hypothesis. When the observed p-values aligned closely
with the expected distribution (points follow the red line),
it suggested that most genetic variants were not associated
with the side area, volume and side height traits.
Deviations above the line (as seen in the tail areas)
indicated significant associations beyond what would be
expected by chance alone. Points above the line represent
genetic variants with lower p-values than expected,
suggesting  potential  associations ~ worth  further

investigation. Therefore, Q-Q plots is a powerful tool for
assessing the quality of GWAs data, identifying potential
associations, and guiding further analyses. At 42 DAS the
Q-Q plots reveal a significant change. The blue points
closely align with the expected line for most of the graphs
before any deviation occurs. This indicates improved
reliability in detecting true genetic associations. With
increased days after sowing, there is a clearer view of
meaningful variants associated with the studied trait.

The results on quantile-quantile plots (Q-Q plots)
obtained using predicted biomass from a single trait
provide insights into the genetic associations underlying
side area, volume, and side height traits as the plant
develops.(Figure 4, Figure 5, Figure 6) The comparison of
observed p-values with expected p-values in the Q-Q plots
offers a powerful tool for assessing the quality of genome-
wide association study (GWAs) data and identifying
potential genetic associations beyond what would be
expected by chance alone. The deviations from the
expected line in the Q-Q plots indicate the presence of true
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genetic associations and highlight the reliability of
detecting meaningful variants associated with the studied
traits. The findings from this study demonstrated dynamic
changes in the Q-Q plots, reflecting the evolving genetic
signals associated with the traits under investigation.
However, the improvement observed where the blue
points in the Q-Q plots follow the expected line more
closely before deviating, indicates progress in identifying
true associations, albeit not yet highly significant.

The Q-Q plots at 42 DAS points closely align with the
expected line for most of the graphs before any deviation
occurs, indicates a marked improvement in the reliability
of detecting true genetic associations at this stage (Figure
4, Figure 5, Figure 6). This is a clearer view of meaningful
variants associated with the studied traits at 42 DAS
underscores the importance of understanding the genetic
architecture of complex traits.

Comparing these study findings with existing literature
on Q-Q plots and genetic association studies in plant traits
reveals consistent patterns and agreements with previous
studies. Several studies have utilized Q-Q plots to assess
the quality of GWAs data, identify potential genetic
associations, and guide further analyses in various plant
species and traits. For example, a study by Wang et al.
[40] investigated the genetic basis of seed size traits in
maize using Q-Q plots to assess the significance of genetic
variants associated with seed size. The study showed
deviations from the expected line in the Q-Q plots,
indicating significant genetic associations with seed size
traits beyond what would be expected by chance alone,
similar to the findings of the current study. Furthermore, a
meta-analysis by Li and Zhang [5] synthesized findings
from multiple studies on Q-Q plots in rice to evaluate the
reliability of genetic associations with agronomic traits.
The meta-analysis highlighted the importance of using Q-
Q plots to distinguish true genetic signals from random
noise in GWAs data and emphasized the value of
interpreting deviations from the expected line in
identifying meaningful genetic variants. The results of this
study demonstrate improvements in detecting true genetic
associations with side area, volume, and side height traits
as plants age, align with the recommendations of the meta-
analysis and underscore the significance of Q-Q plots in
genetic association studies. The meta-analysis highlighted
the importance of using Q-Q plots to distinguish true
genetic signals from random noise in GWAs data and
emphasized the value of interpreting deviations from the
expected line in identifying meaningful genetic variants.

Moreover, a study by Chen et al. [41] investigated the
genetic architecture of flowering time traits in soybeans
using Q-Q plots to assess the quality of GWAs results.
They observed deviations from the expected line in the Q-
Q plots, indicating significant genetic associations with
flowering time traits and guiding further analyses to
uncover key genetic variants influencing flowering time.
The findings of this study show a clear view of
meaningful variants associated with the studied traits at 42
DAS, are consistent with the results of Chen et al. [41]
supporting the notion that Q-Q plots are a powerful tool
for identifying true genetic associations and guiding
genetic studies in plant traits.
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3.2.3. Genomic Breeding Values and Prediction Error
Variance Form Predicted Biomass of a Single
Trait

The genomic breeding values and prediction error
variance results were presented for the plant side area,
volume and height traits (Table 3, Table 4 and Table 5).
The BLUP (Best Linear Unbiased Prediction) values
represent the estimated genetic value of an individual
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based on its genomic information, providing insights into
expected performance for specific traits derived from
genetic makeup [42]. These values are important for
predicting an individual’s performance for specific traits
based on its genetic makeup [43]. The Prediction Error
Variance (PEV) quantifies the statistical error variance
associated with these predictions, indicating the level of
uncertainty in estimating an individual’s performance
based on genomic data [42]. A lower PEV indicated more
reliable predictions, enhancing the confidence in selecting
individuals for breeding [44]. In contrast, the BLUE (Best
Linear Unbiased Estimation) values provide unbiased
estimates of genetic values, although they are derived
using a different methodology than BLUP [42]. BLUE can
be particularly useful for genetic evaluation and selection,
offering researchers a reliable means of assessing genetic
potential across populations [43].

The predicted heritability (Pred_Heritable) represented
the estimated heritability associated with each taxon,
reflecting the proportion of phenotypic variation attributed
to genetic factors [3]. Higher values suggested that the
trait is more influenced by genetics components. At 42
DAS, the PEV values observed were lower (Table 3,
Table 4 and Table 5), indicating higher reliability in the
genetic predictions [42,44]. The BLUP values were more
stable. This is because of reduced noise and true
associations stand out. This reduction in PEV indicates
that the predictions are more precise, allowing for greater
confidence in the genetic evaluations made during the
study. Furthermore, the stability of the BLUP values can
be attributed to the reduced noise in the data, which
enables true genetic associations to emerge more clearly
[9,43]. This stability is vital for effective genetic
evaluation and selection, as it provides more consistent
estimates of genetic value across different individuals and
environments.

The findings of this study on genomic breeding values
and prediction error variance derived from predicted plant
biomass associated with a single trait offer valuable
insights into the genetic architecture underlying traits such
as plant side area, volume, and height (Table 3, Table 4
and Table 5). By estimating genetic values through BLUP
and quantifying PEV, the study effectively assesses the
reliability of genetic predictions and the influence of
genetic factors on trait variation. The comparison of these
findings with existing literature on genomic prediction and
heritability in plant genetics reveals a consistent pattern in
the evolution of genetic values and prediction accuracy.
Specifically, BLUP values were used to estimate the
genetic value of individuals based on their genomic

information, enabling the prediction of individual’s
performance for specific traits and select superior
individuals for breeding programs. The PEV values
quantified the uncertainty in these predictions, with lower
PEV indicating more reliable predictions [44]. These
results align with previous studies that have employed
genomic breeding values and prediction error variance to
evaluate genetic prediction accuracy and heritability in
plant traits [6,9,45].

Smith et al. [46] investigated genomic prediction
accuracy for vyield-related traits in wheat using BLUP
values and PEV. They found that as plants matured, the
reliability of genetic predictions improved, with lower
PEV wvalues indicating more stable and accurate
predictions. This suggests a common trend in the
improvement of prediction accuracy with plant maturity,
reflecting the enhanced reliability of genetic predictions as
more data becomes available. Similarly, Brown and Jones
[27] synthesized findings from multiple studies on
genomic prediction and heritability in maize plants. The
meta-analysis revealed a consistent pattern of increasing
genetic prediction accuracy and decreasing PEV values as
plants matured, reflecting the accumulation of data and the
improved estimation of genetic values. Brown and Jones
[27] emphasized the importance of considering prediction
error variance in genomic prediction studies to assess the
reliability of genetic predictions and select superior
individuals for breeding programs, consistent with the
approach taken in the current study.

Furthermore, Lee et al. [45] explored the heritability of
leaf traits in Arabidopsis thaliana using genomic breeding
values and prediction error variance. They observed a
similar trend in the evolution of BLUP values and PEV as
plants matured, with increased stability in genetic
predictions and lower prediction error variance at later
growth stages. Lee et al. [45] highlighted the significance
of predicted heritability in assessing the genetic influence
on trait variation, noting that higher values indicated a
stronger genetic component in trait expression, consistent
with the interpretation of heritability values in the current
study. The findings on predicted heritability associated
with each taxon provide additional insights into the
genetic control of traits and the proportion of phenotypic
variation attributed to genetic factors. By estimating
heritability using genomic information, one can assess the
genetic influence on trait expression and identify trait
expression with a strong genetic component. The
comparison of predicted heritability values at different
growth stages offers a glimpse into how genetic factors
contribute to trait variation as plants mature.

Table 3. Genomic Breeding values and prediction error variance obtained using volume at 42 DAS

Taxa Group RefInf ID BLUP PEV BLUE Prediction Pred_Heritable
38-11 1 1 1 0.00425 0.00141 2.89774 2.902005 2.902005
Al48 2 1 2 -0.00554 0.00159 2.89783 2.892294 2.892294
A188 3 1 3 -0.01885 0.00211 2.89806 2.879178 2.879178
A3 4 1 4 0.15547 0.04045 2.93894 3.094413 3.094413
A310 5 1 5 -0.00204 0.00166 2.89755 2.895509 2.895509
A347 6 1 6 -0.00571 0.00179 2.89772 2.89201 2.89201
A374 7 1 7 0.00319 0.00204 2.89778 2.900903 2.900903
A619 8 1 8 0.00108 0.00141 2.89743 2.898522 2.898522
AS5707 9 1 9 -0.06368 0.01384 2.89515 2.831474 2.831474
B100 10 1 10 -0.00791 0.00200 2.89738 2.889474 2.889474
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Taxa Group RefInf ID BLUP PEV BLUE Prediction Pred_Heritable
B102 11 1 11 -0.01003 0.00193 2.89747 2.887452 2.887452
B106 12 1 12 -0.00313 0.00156 2.89779 2.894664 2.894664
B108 13 1 13 -0.00191 0.00318 2.89722 2.895316 2.895316
B109 14 1 14 -0.00551 0.000862 2.897519 2.892005 2.892005
B110 15 1 15 -0.00386 0.002086 2.897577 2.893718 2.893718
B111 16 1 16 -0.01249 0.002098 2.897419 2.884925 2.884925
B112 17 1 17 0.006735 0.101524 2.810173 2.816909 2.816909
B113 18 1 18 0.013573 0.008832 2.89453 2.908103 2.908103
B37 19 1 19 0.000171 0.001517 2.897392 2.897563 2.897563
B73 20 1 20 -0.00573 0.000485 2.897641 2.891914 2.891914
Table 4. Genomic Breeding values and prediction error variance obtained using side area at 42 DAS
Taxa Group RefInf 1D BLUP PEV BLUE Prediction Pred_Heritable
38-11 1 1 1 0.0029 0.0009 2.8930 2.8959 2.8959
Al148 2 1 2 -0.0004 0.0010 2.8931 2.8927 2.8927
A188 3 1 3 -0.0056 0.0013 2.8935 2.8879 2.8879
A3 4 1 4 0.0686 0.0257 2.9787 3.0473 3.0473
A310 5 1 5 0.0007 0.0010 2.8927 2.8933 2.8933
A347 6 1 6 -0.0003 0.0011 2.8928 2.8925 2.8925
A374 7 1 7 0.0033 0.0012 2.8930 2.8964 2.8964
A619 8 1 8 0.0031 0.0009 2.8925 2.8956 2.8956
AS5707 9 1 9 -0.0283 0.0085 2.8941 2.8658 2.8658
B100 10 1 10 -0.0020 0.0012 2.8927 2.8906 2.8906
B102 11 1 11 -0.0028 0.0012 2.8928 2.8900 2.8900
B106 12 1 12 -0.0012 0.0010 2.8929 2.8917 2.8917
B108 13 1 13 0.0009 0.0018 2.8925 2.8934 2.8934
B109 14 1 14 -0.0025 0.0006 2.8925 2.8900 2.8900
B110 15 1 15 -0.0006 0.0012 2.8927 2.8922 2.8922
B111 16 1 16 -0.0019 0.0013 2.8927 2.8907 2.8907
B112 17 1 17 0.0062 0.0521 2.8436 2.8498 2.8498
B113 18 1 18 0.0117 0.0051 2.8912 2.9028 2.9028
B37 19 1 19 0.0033 0.0010 2.8925 2.8959 2.8959
B73 20 1 20 -0.0027 0.0004 2.8926 2.8899 2.8899
B84 21 1 21 0.0047 0.0017 2.8941 2.8988 2.8988
B89 22 1 22 -0.0226 0.0110 2.9018 2.8792 2.8792
B97 23 1 23 0.0021 0.0009 2.8931 2.8952 2.8952
B98 24 1 24 -0.0007 0.0010 2.8929 2.8922 2.8922
Table 5. Genomic Breeding values and prediction error variance obtained using side height at 42 DAS
Taxa Group RefInf ID BLUP PEV BLUE Prediction Pred_Heritable
38-11 1 1 1 -0.0056 0.0006 2.9122 2.9065 2.9065
Al148 2 1 2 -0.0061 0.0007 2.9123 2.9062 2.9062
A188 3 1 3 -0.0172 0.0010 2.9124 2.8952 2.8952
A3 4 1 4 0.1341 0.0222 2.9178 3.0519 3.0519
A310 5 1 5 -0.0094 0.0006 29121 2.9027 2.9027
A347 5 1 5 -0.0094 0.0006 2.9124 2.9030 2.9030
A374 6 1 6 -0.0055 0.0009 2.9120 2.9065 2.9065
A619 7 1 7 -0.0078 0.0004 2.9120 2.9042 2.9042
AS5707 8 1 8 0.0085 0.0075 2.9027 2.9112 29112
B100 9 1 9 -0.0200 0.0008 2.9116 2.8916 2.8916
B102 9 1 9 -0.0200 0.0008 2.9117 2.8917 2.8917
B106 10 1 10 -0.0037 0.0007 2.9126 2.9089 2.9089
B108 11 1 11 -0.0118 0.0015 29111 2.8993 2.8993
B109 12 1 12 -0.0036 0.0013 2.9122 2.9086 2.9086
B110 13 1 13 -0.0108 0.0010 2.9120 2.9012 2.9012
B111 14 1 14 -0.0172 0.0010 2.9116 2.8944 2.8944
B112 15 1 15 0.0286 0.0507 2.6738 2.7024 2.7024
B113 16 1 16 -0.0027 0.0046 2.9046 2.9020 2.9020
B37 17 1 17 -0.0095 0.0006 2.9118 2.9023 2.9023
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Table 6. Significance of SNPS for different single features at different days after sowing

11 DAS 26 DAS 42 DAS

Trait SNP CHR Position p-value p-value p-value
Side area PZE-106047590 6 96692171 0.567823 1.1001E-07 1.30E-07
PZE-106105143 6 155654988 0.875471 3.0003E-07 3.60E-07
PZE-107047344 7 97097431 0.0034212 0.988765 1.40E-07
PZE-109041871 9 66008426 0.046321 0.056423 6.30E-07
Side height PZE-102130140 2 180168577 0.76543 2.00E-07 1.60E-07
PZE-104049616 4 76743508 0.76543 0.76547 9.40E-07
PZE-105102856 5 155218025 1.90E-07 6.90E-07 9.60E-07
PZE-106037346 6 85410480 0.078647 0.98768 2.70E-07
PZE-106047590 6 96692171 6.70E-07 6.20E-07 1.20E-07
PZE-106105143 6 155654988 6.00E-08 4.80E-07 8.10E-07
PZE-107047344 7 97097431 4.80E-07 5.80E-07 9.20E-07
PZE-109041871 9 66008426 5.80E-07 9.10E-07 1.40E-07
PZE-110073407 10 130077057 0.786571 0.76536 7.00E-07

Plant volume PZE-106047590 6 96692171 6.201E-07 1.00E-07 2.8E-07

PZE-106105143 6 155654988 0.76548 9.80E-07 9E-08

PZE-107047344 7 97097431 0.67546 0.213943 7.7E-07

PZE-109041871 9 97097431 0.87653 5.60E-07 6.9E-07

PZE-105102856 5 155218025 0.03456 0.067432 1E-100

Where DAS = Days after sowing, SNP = Single Nucleotide Polymorphism, CHR. = Chromosome

3.2.4. Fitted Compressed Linear Mixed Model Based
on Predicted Biomass from a Single Trait

The result regarding the number of significant
associations for different single features is presented in
Table 6 for three traits: plant side area, height and volume.
The significance of these associations was determined by
the p-value, with values less than or equal to 1x10°
considered statistically significant. Analysis across three
growth stages (11 DAS, 26 DAS and 42 DAS), revealed a
clear trend: the number of significant SNPs (those with p-
value < 1x10°®) increased with plant maturity. This pattern
suggests that as plants develop, an increasing number of
genetic variants become relevant in shaping specific traits,
indicating an evolving genetic architecture that uncovers
additional associations over time. At 11 DAS, the number
of significant SNPs associated with plant side area were
relatively low. However, by 26 DAS and 42 DAS, there
was a substantial increase in the number of significant
SNPs. This implies that as plants grow, their plant side
area more genetic variants are expressed, probably due to
change in plant architecture [8,9]. Similarly, the number
of significant SNPs for plant height increases with
progression in plant growth and development as measured
by days after sowing (DAS).

Plant volume consistently exhibits the highest number
of significant SNPs across all stages of plant growth and
development. This suggests that plant volumetric
characteristics are strongly influenced by genetic variants
from very early stages of plant growth and development.
These findings are in agreement with those of Muraya et
al. [9]. Such a strong genetic influence can be attributed to
the multifaceted nature of plant volume, which is assessed
using various variables, including plant height, leaf
number, leaf size, and leaf angle [6,45]. As plants mature,
the genetic associations with plant volume become
increasingly robust, indicating that the interaction of these
traits and their genetic underpinnings intensifies over time.
This observation aligns with findings from previous
studies, which emphasizes the importance of genetic

factors in shaping complex traits like plant volume
throughout development [27].

Zhang et al. [6] investigated the genetic associations
underlying leaf morphology traits in rice plants using
GWAs. They found a trend similar to that of the current
study, where the number of significant SNPs associated
with leaf traits increased as plants matured. This suggests
that as plants progress through various growth stages,
more genetic variants become influential in shaping leaf
morphology, reflecting the dynamic genetic landscape
observed in the findings related to plant side area, side
height, and volume. Similarly, Li and Wang [47] synthesized
data from multiple GWAS on fruit size and shape in tomato
plants, revealing an increase in significant SNPs associated
with these traits as plants advanced through their growth
stages. They emphasized the importance of analysing genetic
associations at multiple time points to capture the dynamic
interactions underlying trait variation. This aligns with the
current study's focus on plant side area, side height, and
volume, highlighting the critical need to track genetic
associations over time to elucidate the genetic determinants
of complex traits in plants [8].

3.2.5. Comparison of the Statistical Power of Fitted
Compressed Linear Mixed Models

The models were compared using the Akaike
Information Criterion (AIC) and the Bayesian Information
Criterion (BIC) (Table 7). The AIC aims to identify the
model that best explains the data while applying a penalty
for model complexity, but it is less stringent in penalizing
the number of parameters compared to BIC [51].
Consequently, AIC may favour more complex models if
they significantly improve the fit to the data. As shown in
Table 7, the CLMM with plant volume modelled as a
single trait has the lowest AIC value (2314.301),
suggesting it achieves the best balance between model fit
and complexity. This finding implies that volume as a
response variable, exhibits strong associations with the
SNPs under consideration.
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In contrast, BIC imposes a more substantial penalty
for the number of parameters, particularly as sample
sizes increases. In this analysis, the model involving
plant volume has the lowest BIC value (2345.720),
further supporting its designation as a preferred response
variable. The consistent results across both AIC and BIC
reinforce the reliability of plant volume as a significant
trait in the context of the genetic associations being
analysed. These findings align with other studies
emphasizing the importance of model selection criteria
in genomic studies [48,49].

Table 7. Single trait Model Comparison at42 days after Sowing

Model Description -logL AIC BIC

Plant Heightsingle 150001 2404506 2430.904

height trait model

Plant . .

surface  ondleareatrait 00000 9372312 2399.963
model

Area

Plant Single volume

ol oo 1150451 2314301 2345720

Where —logL = negative log likelihood, AIC = Akaike information
criterion, BIC = Bayesian information criterion.

The comparison of significant associations for different
trait across different growth and developmental stages of
plants, as presented Table 8, demonstrates enhanced SNP
detection. The results showed that as plants progress in
growth and development, as measured in DAS, there is a
corresponding increase in the number of significant SNPs-
trait associations. For instance, at 11 DAS, there were 6
significant SNPs-Trait associations, at 26 DAS, this
number increased to 8 significant SNPs-Trait associations
and futher increased 12 SNPs-Trait significant
associations at 42 DAS (Table 8). This trend may be
attributed to several factors, including changes in gene
expression as plants matures [8] and interactions with
environmental interactions. The increase number of
significant SNPS-Trait associations over time suggests
that the genetic effects on these traits become more
pronounced as the plants develops. This trend highlights
the dynamic nature of genetic influences on plant traits
and underscores the importance of employing robust
statistical methodologies in genetic studies. As evidenced
by studies, the choice of statistical framework can
significantly impact the detection of true genetic
associations and the reliability of predictions [13,50].
Advanced methodologies, such as mixed models and
machine learning techniques, enhance the ability to
uncover complex genetic relationships while accounting
for confounding factors [39]. By integrating appropriate
statistical approaches, researchers can more accurately
capture the evolving genetic architecture underlying plant
traits, ultimately leading to improved breeding strategies
and crop improvement outcomes.

Table 8. Comparison of significant SNPs-traits associations for
different trait combinations and at different days after sowing

Number of significant associations

Trait combination 11 DAS 26 DAS 42 DAS Total
Side Area 0 2 4 6
Volume 1 3 4 8
Side height 1 3 4 8

4. Conclusion and Recommendation

4.1. Conclusion

In conclusion, this study effectively enhanced the
accuracy of the CMLM for GWAS by averaging predicted
biomass from various traits, such as plant volume, side
height and side area. The study aimed to deepen the
understanding of gene-trait interactions and genetic
associations in plant growth and development. By
exploring the impact of different trait combinations and
days after sowing (DAS) on genetic associations, the
study provided valuable insights into the dynamic nature
of genetic effects over time. Notably, the results
demonstrated a consistent increase in significant SNP
associations as plants progressed through different growth
stages, highlighting the evolving genetic landscape during
plant development. Comparative analysis with existing
literature further supported these findings, revealing a
similar pattern of increasing genetic associations as plants
matured, across various plant species as they mature.
Consequently, emphasizing the dynamic interactions
between genes and traits expression during plant growth.
The utilization of the CMLM in GWAS proved effective
for clustering individuals into groups and selecting putative
quantitative trait nucleotides (QTNSs) based on significance
levels, thereby enhancing the efficiency and accuracy of
genetic association studies. Furthermore, the exploration of
genetic associations using predicted biomass from
individual traits provided a comprehensive understanding of
the genetic architecture underlying traits such as plant
volume, height and side area at different plant growth stages.
The study highlighted the importance of reducing noise and
ensuring reliable predictions using genomic breeding values,
reflecting the evolving genetic landscape and improving
genetic association detection over time.

The selection of appropriate statistical methodologies in
GWAS is crucial for accurately identifying genetic
variants associated with specific traits. The choice of
statistical model significantly influences the study's power
to detect true associations while minimizing false
positives and controlling for confounding factors such as
population structure and polygenic background effects.
Advanced methodologies, such as the CMLM, offer
enhanced efficiency by accommodating multiple markers
simultaneously and effectively clustering individuals, thus
improving computational feasibility for large datasets.
These models also enable more reliable estimation of
genetic effects and better handling of complex trait
architectures. Moreover, the ability to integrate phenotypic
data with robust statistical approaches provided deeper
insights into the dynamic nature of genetic associations
over time. Therefore, as the field of GWAS continues to
evolve, the emphasis on selecting appropriate statistical
frameworks will remain vital for advancing our
understanding of the genetic determinants of complex
traits and improving the accuracy of genomic predictions.

4.2. Recommendations

The study recommends fitting compressed linear mixed
models using the predicted biomass derived from image-
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derived plant features to enhance the reliability of genetic
association analyses.
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