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Abstract 
Genomic prediction accuracy is highly influenced by training set size 
(TSS) and marker density (MD). However, determining the optimal TSS 
and MD remains trait and model specific. This study assessed the 
optimum TSS, MD, and statistical models for predicting phytic acid 
and total trypsin inhibitors (TTI) using a mid-density SNP panel from 
308 soybean genotypes. Parametric models, Genomic Best Linear 
Unbiased Prediction (G-BLUP), Ridge Regression Best Linear Unbiased 
Prediction (RR-BLUP), Bayes A, B, C, Least Absolute Shrinkage and 
Selection Operator (LASSO), and Elastic Net, and non-parametric 
(Random Forest) models were evaluated across training set 
proportions (0.5–0.9) and marker densities (0.05–1.0). Random Forest 
consistently outperformed the parametric models in terms of 
predictive accuracy. The highest prediction for phytic acid was 
achieved at an 80:20 training-to-test ratio (R2 = 0.95; RPD = 2.81), 
whereas TTI prediction peaked at the same ratio (R2 = 0.97; RPD = 
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2.54). Across traits, TSS between 0.5 and 0.9 exhibited minimal 
differences, and MD above 50% provided negligible gains in model 
performance. Optimal predictions were TSS of 0.7–0.8, MD of 1.0 for 
phytic acid, and TSS of 0.5 MD of 0.8 TTI. These findings emphasize 
the importance of assessing TSS, MD, and prediction models to 
specific traits for efficient integration into breeding programs.
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Introduction
Phytic acid and trypsin inhibitors are anti-nutritional factors (ANFs) with a protective role against pathogens and pests in
plants, including soybeans.1–4 However, phytic acid and trypsin inhibitors may affect the nutritional value of soybeans in
monogastric animals, including humans, by hindering nutrient digestibility and absorption3,5 in a dose-dependent
manner. Multiple genes control phytic acid and trypsin inhibitors, with each gene harboring a small effect on the overall
ANFs expression.6 The biosynthetic pathway for Phytic acid and trypsin inhibitors are regulated by signal transduction
mediated by phytohormones,7 including jasmonic acid (JA), abscisic acid (ABA), ethylene (Eth), salicylic acid (SA), and
gibberellins (GA). These phytohormones modulate defense responses by repressing or stimulating cell-to-cell signal
transduction.8,9 The biosynthesis of phytic acid and trypsin inhibitors is also influenced by environmental factors, adding
complexity to their genetic architecture.1,10,11

Breeders often exhibit phenotypic variation for target traits to decide genotype selection. However, regarding the
polygenic background of phytic acid12 and trypsin inhibitors,1 breeder’s ability to make decisions without specialized
high-throughput phenotypic data is limited. As phenotyping biochemical traits is often laborious and expensive, selection
indices (SI) have been introduced to improve genetic gains. SI combines multiple traits into a single selection value.13,14

This method requires careful calibration and a thorough understanding of the trait correlations, economic weights, and
genetic architecture.13 Therefore, best linear unbiased predictors (BLUPs) have become the best approach for genetic
evaluation in SI.15 With advances in genotyping platforms, new windows have opened for exploring molecular markers
associated with specific QTL for important traits in plant and animal breeding.16 However, marker-assisted selection
(MAS) is less effective for polygenic traits such as ANFs.17 In addition, often available QTL results capture only a limited
proportion of the total genetic variance of target traits and require high resources.18

Genomic selection (GS) offers broader advantages when considering genome-wide marker effects.19 GS accelerates
genetic improvement by reducing time, cost per breeding cycle,20,21 and labour-intensive phenotyping.22 The dramatic
reduction in genotyping costs in the era of Next-Generation Sequencing (NGS) reinforces the increased utility of GS in
crop improvement.23 The key component of GS is the computation of the individual genomic estimated breeding value
(GEBV) in a population to estimate the effects of all genetic loci.19 To estimate GEBVs, the QTL should be in linkage
disequilibrium, with at least one marker distributed throughout the genome.24 Several methods have been proposed to
estimate GEBVs, includingGenomic-Best Linear Unbiased Prediction (G-BLUP) andBayesianmethods.19G-BLUPhas
been proposed as a convenient method for predicting breeding values and ismore suitable for complex, polygenic traits.19

Ridge Regression Best Linear Unbiased Prediction (RR-BLUP) has been successfully used to generate GEBVs for
soybean oil and protein content in soybean.25 Bayesianmodels can handle traits with complex genetic background.21,24,26

The least Absolute Shrinkage and Selection Operator (LASSO) and elastic net (Enet) models have been used to perform
variable selection and shrink the regression coefficients simultaneously.27,28 Although elastic net offers advantages over
LASSO in handling high-dimensional data and when multicollinearity exists among the regressor variables,27 machine
learning and deep learning models are reported to be at the forefront of prediction-based data analysis for crop
improvement.29 For instance, Random Forest, a machine learning model, has shown superior performance in genomic
prediction of soybean compared to other deep learning approaches.29 Machine learning models offer interpretability and
facilitate feature selection, allowing the identification of important genetic markers.29,30

The prediction accuracy can be improved by increasing the training set size andmarker density.31 Optimizing the training
set size, composition, genetic relatedness, and marker density is essential for improving the accuracy of genomic
predictions32,33 by better capturing genetic diversity and increasing statistical power for estimating marker effects.34

Genetic relatedness leads to a higher alignment of genetic backgrounds and improved prediction performance.35

Marker density plays a critical role, as higher densities enable finer mapping of quantitative trait loci (QTL), thus
enhancing GEBVs.36 However, continuous increments of training set size and marker density may lead to model over-
fitting or inclusion of non-informative markers in the training set,21,37 as the benefits of increased marker density depend
on the heritability and genetic architecture of specific traits.36 Including genetically diverse individuals in the training set
can either improve or reduce prediction accuracy, depending on the genetic complexity of the target trait.38 Therefore, a
well-designed training population, accounting for its size, diversity, relatedness, and marker density, is vital for
maximizing the efficiency of genomic selection across diverse crop species and traits.39 This study aimed to assess
the optimum training set size, marker density, and model for phytic acid and trypsin inhibitor prediction to facilitate
genotype selection at an early stage and reduce breeding cycles in soybean breeding schemes.
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Material and methods
Plant materials
A set of 308 genotypes from Uganda (117), Taiwan (27), the USA (132), Japan (19), Nigeria (01), and Zimbabwe
(12) was obtained from the Makerere University Centre for Soybean Improvement and Development (MAKCSID)
program in Uganda.

Field layout and phenotypic traits
To ensure consistent seed multiplication and standardize seed conditions, genotypes were planted in the second growing
season of 2023 at Makerere University Agricultural Research Institute Kabanyolo (MUARIK), located in the Central
Region ofUganda. The region is at an altitude of 1,180meters above sea level. Themean annual air temperature is 21.4°C,
and the mean annual rainfall is 1,234 mm.40 The trial was conducted in a 12 � 26 alpha lattice design with two
replications. Independent randomization was conducted using the agricolae R package version 4.4.2.41

Genotyping
The surfaces of young and healthy leaves were cleaned with 70% ethanol and leaf discs were obtained using a manual
punch gun. After incubation at 37oC, the samples were referred to SEQART AFRICA hosted at the International
Livestock Research Institute in Nairobi for subsequent genotyping by the Diversity Arrays Technology sequencing
(DArTSeq) complexity reduction method.

Soybean genomic DNA was digested with PstI and MseI enzymes following barcoded ligation with common adapters.
Polymerase chain reaction was used for amplification of adapter-ligated fragments, followed by library construction
through single-read sequencing runs for 77 bases.42 Next-generation sequencing was performed using an Illumina HiSeq
2500 sequencer (Illumina, Inc., Model HiSeq 2500, Rapid Run Mode). Genome profiling was conducted by genotyping
by sequencing (GBS) using DArTseqTM technology (Canberra, ACT, Australia). DArTseq marker scoring was
performed using the DArTsoft14 scoring pipeline. SilicoDArT markers and SNP markers were scored as binary 1 for
the presence and 0 for the absence of restriction fragments with marker sequences in the genomic representation of the
sample. Chromosomal positions were determined by alignment with the soybean-Wm82-a1-v4 reference genome.42–44

Phytic acid and TTI phenotyping
Phytic acid was extracted using the acidic method,45 with minor adjustments to the initial sample volume and
refrigeration during centrifugation. For total trypsin inhibitors, a neutral method46 was applied, with similar modifica-
tions in sample size, volume, and centrifugation conditions. Phenotypic data were generated as described in our earlier
publications.47,48

Data analysis
SNP marker quality, outlier detection and data processing

Single nucleotide polymorphism (SNP) data were filtered with a threshold of 95% reproducibility and 95% call rate,
0.05 minor allele frequencies (MAF < 0.05), and imputation through k-nearest neighbor imputation (knni) using
snpReady package in R software version 4.4.2.41 Duplicates were removed from the filtered SNP markers using the
duplicated function of dplyr package49 in the R software version 4.4.2.41 Of the 18,300 initial SNP markers, 11,805
quality SNP markers were used for further analysis.

The interquartile range (IQR) method was applied to remove outliers from the target variables, including phytic acid and
total trypsin inhibitors (TTI), and the distribution and descriptive statistics were calculated using dplyr50 package in R
version 4.4.2.41 The cor function was used to compute The Pearson correlation coefficient between traits was computed
using the Cor function. To assess whether the variances for phytic acid and TTI were homogenous between the training
and test sets, Levene’s test was applied using car51 package in R version 4.4.241 at p-value = 0.05.

Parametric and non-parametric models

Parametric (linear regression) and non-parametric (machine learning) models have been proposed for the genome-based
prediction of genetic values.52 Eachmethod differs in themarker effect assumptions.24,53 Parametric methods use a linear
mixedmodel to analyze marker additivity for a specific trait. This approach is incapable of predicting phenotypes with an
epistatic genetic architecture.52 Therefore, we retested the merit of parametric models, including G-BLUP, RR-BLUP,
Bayesians, Elastic Net, and LASSO, against non-parametric Random Forest using rrBLUP,54 BGLR,55 glmnet56 and
randomForest57 packages, respectively, in R version 4.4.2.41 In parametric models, such as G-BLUP, the genomic
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relationship matrix is computed assuming that markers contribute equally and additively to the trait variance, without
estimating individual marker effects. The general formula of the model can be represented as:

y¼XβþZmþ ϵ,

where β is a p1x1 vector of unknown fixed effects; usually the first element is the population mean, and X is the incidence
matrix that relates y to β; m is a vector of random marker effects; ϵ, the vector of residual errors.52

RR–BLUP is a linear regression with a ridge penalty. The model assumes a normal distribution of marker effects and has
identical variance. This model executes genome-wide association analysis based on a mixed model24,54:

y¼XβþZgþSτþ ϵ,

where β represents a vector of fixed effects modeling both environmental factors and population structure, gmodels the
genetic background of each line as a random effect with Var [g] = Kσ2, τmodels the additive SNP effect as a fixed effect,
and residual variance is given by Var [ε] = Iσ2 e.

The Bayesian models (A, B, and C) used Bayesian inference and linear modeling in the context of genetic data. However,
Bayes A assumes that all markers have independent effects with different variances, whereas Bayes B assumes that most
markers have no effect, with only a fewmarkers contributing to the phenotype. TheBayes Cmethod allows for a subset of
markers to have non-zero effects using a flexible mixture model approach.24 Based on these methods, for individual i the
mathematical model can be written as:

y¼ μþ
Xp

j¼1
Xijmjþ ei,

where i = 1…n individual, j¼ 1:::pmarker position or segment, yi represents the phenotypic value for individual i, m is
the n � 1 dimensional general mean vector, Xij represents an element of an incidence matrix for marker j and individual
I mj, is the random effect for marker j, and ei the random residual. The Bayesian model is expressed as follows.52

y¼ μþ
Xp

j¼1
Xjmjþ e:

The elastic net model is treated as the corrected phenotype and can be expressed as y¼ Zγþ e¼Pm
k¼1ZγKγþ e; where y

represents a vector for the corrected phenotype. Z, matrix of genotype codes for SNPs with -1, 0, and 1; γ is the vector of
SNP effects; e ~N(0; I σ2e) represents the residual error vector; Zk the vector of SNP genotypes for n individuals at locus k
for k = 1, …, m. m represents the number of markers n, is the number of individuals, γk is the SNP effect for marker k.
Ordinary least squares (OLS) estimates parameter γ by minimizing the residual sum of squares58:

yRSS ¼ argminγɛΩ
Xm

i¼1
yj�

Xm

k¼1
Zkγk

� �2
:

The LASSO penalty estimates marker effects by adding an L1-norm to OLS58:

yLASSO ¼ argminγɛΩ
�Xm

i¼1
yj�

Xm

k¼1
Zkγk

� �2
þλ

Xm

k¼1
jγkj

�
:

Unlike parametric models, non-parametric models capture the complex interactions among the markers. For instance,
Random Forest (RF), a machine-learning algorithm, uses regression trees and captures the interactions between markers.
The best prediction model was obtained by averaging the tree nodes.59 In the RF, prediction is given by the averaging of

individual tree predictions as follows: fBrf (x) = frf xð Þ : 1=BPB
b¼1Tb xð Þ60; where frf(x) represents the final prediction

made by the RF model for an input x; B is the total number of trees in the RF ensemble; Tb(x) the prediction made by the
b-th tree for the input x. Each tree TbT is trained on a bootstrapped subset of the data, and it makes a prediction

independent; the 1=B
PB

b¼1
represents the averaging process for the predictions from all B trees.

In this study, the training set for all parametric and non-parametric models was 80%. Based on the predictions obtained,
the Random Forest (non-parametric) model exhibited the best predictions compared to parametric models, including
G-BLUP, RR-BLUP, Bayesian, Elastic Net, and LASSO. Therefore, RF was subsequently used for further analysis,
including optimization of the training set size and marker density.
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Effect of training set size and marker density

Different training set sizes were assessed. The evaluated proportions were 0.5, 0.6, 0.7, 0.8, and 0.9, with 500 decision
trees and ten-fold cross-validation for model robustness using the caret and randomForest packages57 in R software. The
effect ofmarker density on prediction accuracy was assessed at 0.05, 0.1, 0.25, 0.5, 0.7, 0.8, and 1.0, using the reshape261

package in R version 4.4.2.41

Prediction metrics included the coefficient of determination (R2), root mean squared error (RMSE), mean absolute error
(MAE), and ratio of performance to deviation (RPD). The performance metrics were visualized using the ggplot2
package50 in R, version 4.4.2.41

A 0.95 quantile threshold was applied to the initial set of 11,805 high-quality SNP markers to identify the most variable
ones, yielding 590 SNPs. The top 10 SNPs and their associated genotypes were visualized using a heatmap generated
using the heatmap package in R.41

To account for the role of environmental factors in prediction accuracy,62 variance components were estimated using
multivariate linear mixed models (MLMMs) fitted through restricted maximum likelihood (REML). Broad- and narrow-
sense heritability and GEBVs were computed using the lme4, sommer,63 and randomForest57 packages in R version
4.4.2,41 respectively.

Results
Descriptive statistics and trait distribution
The mean phytic acid content in the samples was 1.72 mg g�1 (SD = 1.20), and total trypsin inhibitors (TTI) had a lowest
mean of 0.85 mg g�1 (SD = 0.29) (Table 1). A weak positive relationship between phytic acid and TTI (r2= 0.2) was
detected using Pearson’s correlation test. Levene’s test confirmed the homogeneity of variances between the training and
test sets (p > 0.05). The phenotypic distribution using Gaussian kernel density estimates across the training, test, and total
sets closely followed a normal distribution (Figure 1).

Prediction accuracy using parametric and non-parametric statistical models
Random Forest, a non-parametric model, showed high prediction accuracies for phytic acid and TTI (Table 2). Among
the parametric models tested, LASSO achieved the highest prediction accuracy for phytic acid (85%). In contrast, the
prediction accuracy for the TTI was low (approximately 20%). The G-BLUP predictions were approximately 22% and
4% for phytic acid and TTI, respectively. All other models showed prediction accuracies below 20% for phytic acid and
nearly zero for TTI. Therefore, further genomic prediction analysis was conducted using only the Random Forest
machine learning model.

Training and cross-validation of the genomic prediction
The training and cross-validation results obtained using the 80% training set showed a high predictive accuracy for both
traits (Table 2). Phytic acid and TTI had R2 values of 95% and 97%, respectively, for the test set. The regression curve
comparing the predicted and actual values further supported the reliability of the model (Figure 2).

Effect of training set size and marker density
Prediction accuracies obtained using training set proportions between 0.5 and 0.9 showed no substantial differences.
However, slight variations were observed between traits within the same training set (Table 3). Conversely, increasing
marker density led to a slight improvement in prediction, with minimal differences between traits (Figure 3A and 3B).

Table 1. Descriptive statistics for phytic acid and TTI.

Trait Set Mean Median SD Min (mg g�1) Max (mg g�1)

Phytic acid Training 1.72 1.50 1.17 0.02 6.13

Test 1.89 1.66 1.28 0.20 6.93

Total 1.75 1.52 1.19 0.01 6.93

TTI Training 0.85 0.91 0.29 0.06 1.53

Test 0.86 0.92 0.28 0.01 1.34

Total 0.85 0.91 0.29 0.01 1.53

SD – standard deviation; Min – minimum; Max – maximum.
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Figure 1. Phenotypic distribution of phytic acid and TTI in training, test, and total sets. The normal distribution
supports the suitability of statistical methods assuming normality. Gaussian kernel density estimates for phytic acid
and TTI in training, test, and total sets are depicted in red. Distribution of phytic acid shows a single peak at
approximately 1.2 mg. g�1 in the training set, two peaks at around 0.8 mg. g�1 and 1.8 mg. g�1 in the test set,
and a single peak at approximately 1.2 mg/g in the total set. For TTI, the training set exhibits a peak at around
1.9mg/g, while the test set has two peaks at approximately 0.3mg. g�1 and 0.9mg. g�1. The total set shows a single
peak at around 1.0 mg. g�1.

Table 2. Prediction statistics for phytic acid and TTI using 80:20 training-to-test set ratio.

Sets Trait Method R2cv RMSE MAE MSE ntree RPD Biases

Training Phytic acid RF 0.96 0.43 0.33 1.01 500 2.74 0.025

TTI RF 0.98 0.14 0.12 0.10 500 2.54 0.005

Testing Phytic acid RF 0.95 0.42 0.32 1.21 500 2.81 0.001

TTI RF 0.97 0.11 0.09 0.09 500 2.54 0.002

TTI – total trypsin inhibitors; rf – random forest; R2 – coefficient of determination; RMSE - root mean square error; MAE – mean absolute
error; MSE – means square error; ntree – number of trees; RPD – ratio of performance to deviation.

Figure 2. Regression curve for the predicted versus actual values for phytic acid and TTI using the 80:20
training-to-test set ratio.
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Optimal combination for highest predictive accuracy was with training set of 0.7 or 0.8 with a marker density of 1.0 for
phytic acid, and a training set of 0.5 with a marker density of 0.8 for TTI.

Analysis of variance (ANOVA) showed that training size and trait had a highly significant effect on model prediction
accuracy (p < 0.001) as well as marker density (p < 0.01). The training set and marker density showed no significant
interaction effects (p > 0.01) (Table 4).

Correlation between significant markers and genotypes
SNP markers contributing to most of the variation across the genotypes were assessed. Markers were clustered into two
main groups. The pairs clustered together were 2, 5, 7, and 3. The subsequent arms of the dendrogram clustered together
with markers 6 and 8. Markers 1, 9, 10, and 4 clustered in the next arm. Higher correlations were observed between

Table 3. Training set performance for phytic acid and trypsin inhibitors using training set sizes between 0.5
and 0.9.

Proportion Trait R2 RMSE MAE RPD

0.5 Phytic acid 0.87 409.34 305.73 2.80

0.5 TTI 0.85 105.89 80.08 2.63

0.6 Phytic acid 0.87 402.95 303.07 2.83

0.6 TTI 0.85 105.50 80.71 2.59

0.7 Phytic acid 0.87 415.98 310.31 2.83

0.7 TTI 0.85 108.15 83.34 2.57

0.8 Phytic acid 0.88 411.40 310.93 2.86

0.8 TTI 0.84 116.40 88.77 2.51

0.9 Phytic acid 0.87 433.89 324.71 2.80

0.9 TTI 0.84 115.91 89.11 2.54

# R2 – coefficient of determination; RMSE – root mean square error; MAE –mean absolute error; RPD – ratio of performance to deviation.

Figure 3. Heatmap of the coefficient of determination across training set proportions from 0.5 to 0.9 (A) and
marker densities from 0.05 to 1.0 (B) for phytic acid and trypsin inhibitors using the Random Forest model.
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marker_3 and genotype 9, marker _2 and genotype 2, marker_2 and genotype 5, marker_5 and genotype 5, marker_7 and
genotype 7, marker_6 and genotype 3, marker_1 and genotype 4, and marker_4 and genotype 8 (Figure 4).

Variable importance for prediction model performance
The percentage increase in the mean squared error (%IncMSE) and the increase in node purity (IncNodePurity) indicate
that markers s_6_14309711, s_6_14300766, s_14255927, and s_19_40581884 are the most influential factors for model
performance for phytic acid. For TTI, most influential predictors are s_4_47179496, s_7_5312274, s_11_100534382 and
s_7_5620884 based on the%IncMSE, and s_11_10534382, s_4_47179496, s_17_35757744, and s_18_38890507 based
on the IncNodePurity.

Variance components estimates for phytic acid and total trypsin inhibitors
The genotypic variance for phytic acid is 0.36 (SE = 0.15, Z-ratio = 2.36), while for TTI is 0.01 (SE = 0.01, Z-ratio = 1.29).
For Residual variance, phytic acid has 0.95 (SE = 0.12, Z-ratio = 7.76) and TTI: 0.075486 (SE = 0.01, Z-ratio = 9.58)
(Table 5).

Table 4. ANOVA for training set and marker density.

df Variance F value Pr(>F)

Marker Density 6 0.0001 3.85 0.004 **

Proportion 4 0.0001 6.03 0.0008 ***

Trait 1 0.0111 613.5 < 2e-16 ***

Marker Density � Proportion 24 0.0000 0.37 0.992 ns

Residuals 34 0.0000

Df –degreeof freedom;Sumsq – sumof squares;Meansq –meansquares; Significancecodes: 0 ‘***’0.001 ‘**’0.01 ‘*’0.05 ‘.’0.1 ‘’1; ns –non
significant. Lackof interactionobservedbetweenmarkerdensity and training set size suggests that increasingmarker densityhas a similar
effect across different training set sizes, and changing the training proportion does not significantly influence the effect ofmarker density.

Figure 4. Correlation between the most significant markers and their corresponding genotypes.

Table 5. Variance components for phytic acid and trypsin inhibitors.

Trait Genotypic
variance

Residual
variance

Z-ratio Fixed effect estimate AIC BIC H2 h2

Phytic
acid

0.36 (SE = 0.15) 0.96 (SE = 0.1234) 2.36 1.76 (SE = 0.06, t = 31.49) 261.43 265.16 0.68 0.3

TTI 0.01 (SE = 0.01) 0.08 (SE = 0.01) 1.29 0.85 (SE = 0.02, t = 54.45) 305.3 309.03 0.84 0.1

#Akaike information criterion (AIC); Bayesian information criterion (BIC); Broad-sense heritability (H2); Narrow-sense heritability (h2);
Standard error (SE).
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Genomic estimated breeding values (GEBVs) for phytic acid and TTI
The potential genetic contribution of an individual’s genotype to phytic acid ranged from 0.45 to 5.18 (mean, 1.78,
SE = 0.05), while for TTI, 0.35 to 1.25 (mean, 0.85, SE = 0.01) at 95% confidence level (Figure 5).

Discussion
This study assessed the statistical model, optimum training set size, and marker density for predicting phytic acid and
trypsin inhibitors in soybeans. The average anti-nutritional factors (ANFs) observed were moderate, with phytic acid
levels higher than the TTI in the genotypes. In contrast, it has been reported that TTI levels were higher than phytic acid in
geneticallymodified (GM) cultivars.64 The relatively lower content observed in our germplasmmay be due to differences
in the methodological approach and genotype improvement background, and over the years, efforts have been made to
reduce anti-nutritional factors worldwide. Improvement strategies aimed at eliminating or reducing anti-nutritional
factors may shape the genetic background of a genotype. Growing conditions affect ANFs content in soybeans.11,65,66

The range of anti-nutritional factor levels reported in this study could be a valuable opportunity for breeding soybean
varieties with enhanced nutritional quality for feed and food.

In plant genetics research, emphasis has been placed on the importance of considering data distribution assumptionswhen
analyzing phenotypic traits.52 Although the traits exhibited a normal distribution, the poor prediction performance
observed using parametric models may suggest an underlying genetic complexity in the evaluated traits.67,68

The weak positive linear relationship between these two traits suggests that changes in phytic acid levels are not highly
predictive of changes in trypsin inhibitor levels. Thus, in breeding schemes, these two anti-nutritional factors could be
considered for independent improvement. This may be beneficial for breeders to target trait-specific improvements.

The nonparametric model (Random Forest) outperformed the parametric models assessed in this study. Similarly,
Random forest outperformed Partial Least Squares (PLS), Support Vector Regression (SVR),69 and other machine
learning models, including GBM and XgBoost70 and deep learning models.29 This supports the notion that Random
Forest is a prominentmodel for dealingwith nonlinear relationships and can handle highly complex traits such asANFs in
breeding schemes.

The slight differences in model performance based on the training set size and marker density suggest that the number of
individuals andmarkers alonemay not be sufficient to improve the accuracy. The training sets should be diverse for better
model performance, as stated by a well-designed training set that accounts for its size, diversity, relatedness, and marker
density.39 This setup supports model improvement and avoids under- or over-representation.71 TSS has been reported as
the main limiting factor for soybean accuracy. However, the rate of improvement decreases rapidly above a certain

Figure5.Density plotsof predictedGEBVs forphytic acid (A) and trypsin inhibitors (B). Gaussiankernel density
estimates for both phytic acid and TTI GEBVs are approximately at 1.5.
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number of individuals.72,73 Although marker density affects the prediction accuracy, in this study, no significant
difference was observed above 50%. Likewise, the number of SNPSs impacts prediction accuracy; however, no
significant improvements beyond 1000 markers were observed.21,73 Therefore, trait-specific model optimization is
crucial for traits with different genetic architectures.

The prediction model and GEBVs can be used to predict breeding values in a target set with only genotype data.21 The
GEBVs suggested more potential for selecting genotypes with lower phytic acid levels compared to the narrower range
for TTI, implying different breeding strategies for each trait. The Z-ratio showed substantial genetic variance for phytic
acid, whereas it was moderate for TTI.

Selection based on GEBVs has a transformative impact on plant breeding by reducing the costs associated with
phenotyping. Genomic prediction combined with machine learning will open new avenues for breeding schemes.

Conclusion
Random Forest (RF), a non-parametric machine learning model, can achieve superior predictive accuracy compared to
traditional parametric linearmodels. Optimizing the training set size andmarker density enhances genomic predictions up
to a threshold, beyond which additional individuals and markers provide little to no benefit. The optimal training set size
may vary depending on the trait, provided that the training set captures sufficient genetic variation tomaximize themodel
performance. Additionally, increasing the number of markers continuously may lead to redundancy and diminishing
returns on model performance.

Random Forest is a powerful tool for genotype selection based on genotypic data in breeding schemes that target the
reduction of anti-nutritional factors in soybeans. Future research should focus on assessing the impact of linkage
disequilibrium on prediction performance and incorporating environmental factors to further refine the model accuracy.

Geolocation
The experimental site, Kabanyolo, is geographically located within MUARIK, in the Central Region of Uganda at
coordinates 0°280 N, 32°360 E.
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