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Article 

Effect of the Incorporation of GWAS-Selected 

Markers in Genomic Selection, Study Model: 

Flavonoid Pigmentation Traits in Sorghum 

Hernandez Anngie* 

Department of Plant Sciences, University of Idaho, Moscow, Idaho 83844, USA; 

hern9302@vandals.uidaho.edu 

Abstract: Marker-assisted selection (MAS) and genomic selection (GS) have been used to select individuals 

with desirable traits. MAS used a few markers associated with a specific trait to select individuals with 

desirable traits, which are determined after a Genome-wide association studies (GWAS). On the contrary, GS 

uses a large number of markers distributed across the genome to predict the genomic breeding values for a 

further selection of the individuals. In general, MAS has shown a high prediction accuracy but is not suitable 

for traits that are controlled for multiple genes, and has another constraint, it is required the phenotypic data; 

on the contrary, GS has not shown the highest prediction accuracy as MAS but it takes into account the effect 

of multiple genes controlling a target trait and it can be used without phenotypic data. Including GWAS-

selected markers in GS can enhance the reduced prediction accuracy that GS shows in comparison with MAS. 

Thus, the objective of this study was to compare the prediction accuracy of MAS, and some models of genomic 

prediction (gBLUP, gBLUP including GWAs-selected markers, and some Bayesian models such as Bayes A, 

Bayes B, Bayes LASSO and Bayesian Ridge Regression) with GWAS-selected markers incorporated in gBLUP 

in order to confirm if the incorporation of GWAS in GS increases the prediction accuracy of GS. As a model for 

this study, it was used data from Sorghum which has shown population structure, to evaluate if the 

incorporation of GWAs-selected markers into GS improves prediciton accuracy. It was used a sample of 6000 

SNPs out of the 265.487 reported in the study conducted by Morris et al. (2013), and also it was considered 

some parameters that affect the efficiency of the selection such as the size of the training population, the 

heritability, and the number of QTNs. The GWAS-selected SNPs were identified after using the model BLINK. 

The results showed that the incorporation of GWAS-selected markers enhanced the performance of the 

genomic selection with similar prediction accuracy as MAS, the number of QTNs and size of the training 

population affected the accuracy, with higher accuracy with a bigger size of the training population and with 

a lower number of QTNs, but it seems that the heritability does not have any impact in the model where GWAS-

selected SNPs were included in gBLUP. 

Keywords: genomic prediction; flavonoid pigmentation; Sorghum bicolor; prediction accuracy; 

marker-assisted selection 

 

Introduction 

Sorghum is a staple food for millions of people in Africa and Asia and plays a vital role in global 

food security (FAO, 2019), it has several nutritional benefits as its flavonoid composition because its 

benefits for its antioxidant, anti-inflammatory, and anticancer properties (Hollman & Katan, 1999). 

GWAS has been used to identify genes and genomic regions associated with the flavonoid 

composition of sorghum. 

GWAS analysis for flavonoid pigmentation traits in sorghum has been reported by Morris et al. 

(2013) and Mace et al. (2013), they found that flavonoid pigmentation traits exhibited population 

structure, thus the authors performed the analysis using Q+K models for incorporating the 

population structure in the analysis. They identified loci associated with flavonoid pigmentation of 

Sorghum in chromosome 4. On the other hand, Genomic selection has been used to predict the 

flavonoid content of sorghum grains based on genomic markers (Mukri et al., 2019), they reported 
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that the accuracy of the prediction depends on the size and quality of the training population and on 

the density of the genotyping data. 

GS is a special type of marker-assisted selection that incorporate genome-wide dense markers 

and is considered a powerful tool for plant breeding because improves the prediction and selection 

accuracy for quantitative traits. It is used one or more training populations to calibrate or train a 

statistical model, then the trained model is used to predict breeding values in a validating population 

that only genotyped selecting parentals for the next breeding cycles reducing time in the selection 

process. 

Most genomic selection models assume that each marker is associated with the trait even with 

small genetic effects, on the contrary, GWAS attempt to find individual markers associated with a 

larger amount of genetic variation, GWAS is used as the initial evidence for the role of a particular 

gene in the inheritance of a particular trait (Uffelmann et al., 2021). 

The correlation coefficient between observed values and the predicted breeding values is 

estimated to express the prediction accuracy which is affected by different factors such as the genetic 

architecture of traits (Lozada et al., 2019), heritability, population structure, the selected model, 

training population size, marker density among others (Norman et al., 2018). 

MAS had shown good prediction accuracy, but it depends on the model selected for performing 

the GWAS, when there is a low power, the accuracy of the prediction is low, thus it is required to 

analyze the data with methods with higher power for selecting a higher number of QTLs, some 

models have a stringent threshold in order to avoid false negatives affecting the power of the GWAS 

and then the accuracy of MAS (Bian et al., 2014). There are other factors that impact the identification 

of robust associations as allele frequencies, population structure, epistasis, genetic background, and 

linkage phases among populations (Bian and Holland, 2017) 

Other models for genomic selection are based on least squares, but the low degree of freedom 

does not allow the estimation of the marker effect simultaneously, such as gBLUP and Ridge 

Regression. To overcome this issue, it has been proposed some Bayesian statistical methods for 

predicting the breeding values of the individuals and considering the variability of SNP-associated 

effects (Heslot et al., 2012). 

A model that incorporates GWAS-selected markers into genomic selection models might 

provide a way to overcome the constraints generated by population structure and provide more 

robust associations improving genomic prediction. Different studies have reported that the use of 

GWAS-selected markers in genomic selection can result in an increase in prediction accuracy 

(Boichard et al., 2012; Su et al., 2014; Zhang et al., 2014; Brøndum et al., 2015; Veroneze et al., 

2016; Lopes et al., 2017). 

In this study, it was used a sample of 6000 out of the 265,487 SNPs reported by Morris et al. 

(2013) to estimate the prediction accuracy evaluating different models to evaluate the effect of 

including GWAS-selected markers in genomic selection building kinship using GWAS-selected 

markers in comparison with other models (gBLUP, Bayesian Ridge Regression, Bayes LASSO, Bayes 

A and Bayes B), and also it was analyzed other parameters that are associated with the prediction 

accuracy (number of QTNs, size of the training population, and heritability). 

Methods 

Phenotypic and Genotypic Data 

In this study, it was worked with the data from Morris et al. (2013), it was sampled 6000 out of 

265,487 SNPs reported in this study, there were evaluated 378 individuals of recombinant inbreeding 

lines for studying the flavonoid pigmentation trait of Sorghum. 

Genome-Wide Association Studies 

The association of flavonoid pigmentation was done using BLINK as implemented in the 

Genomic Association and Prediction Integrated Tools sampling 20 QTNs (Lipka et al., 2012). The 
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genetic structure of the sorghum population was estimated using hierarchical clustering and the 

principal components analysis in R (R Core team, 2012). 

Genomic Prediction 

To evaluate the genomic prediction there were used seven different models: Marker-assisted 

Selection (MAS), genomic best linear unbiased prediction (gBLUP), gBLUP building kinship using 

GWAS-selected markers (named in this paper as gBLUP-GWAS) carried out in the GAPIT R Package 

(Lipka et al., 2012), Bayesian Ridge Regression, Bayes A, Bayer B, and Bayes LASSO, the Bayesian-

based methods were carried out using the r package BGLR (Perez, 2014). 

The cross-validation was done by sampling a population that was used as the testing population, 

and the remaining SNPs were the training population, different sizes of the training population were 

analyzed to see its effect on genomic prediction (10, 20, 50, 75, and 90% were evaluated).  

To estimate the effect of the heritability and number of QTNs on the accuracy of genomic 

prediction. It was evaluated 25, 50, and 75% of heritability and the different numbers of QTNs 

sampled: 20, 40 80, and 150 QTNs. 

The prediction accuracy was evaluated in terms of Pearson’s correlation between the observed 
adjusted phenotypic values (i.e., BLUE) and predicted values.  

Results 

Phenotypic Data Analysis Results 

The distribution of the genetic effects seems to be normally distributed; it is centered on some 

genes with a high effect on the evaluated trait (distributed toward the center of the distribution), and 

others with a small effect on controlling flavonoid pigmentation (located toward the tails of the 

histogram), the distribution is near-normal distributed. The phenotype also exhibited a normal 

distribution and considering that it is the sum of the genetic effect and the residue it is not centered 

by zero, the distribution shows a higher effect of phenotype in comparison with the effect observed 

analyzing only the genetic effect (the means of the phenotype seems to be -19) (Figure 1). There is a 

positive correlation between the effect and the phenotype (r=0,87) and between the residual and the 

phenotype (r=0,47), but no between residue and the genetic effect (r= -0.05), which means there is an 

effect of the genotype in the phenotype. 

 

Figure 1. Distribution of the phenotype. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 April 2023                   doi:10.20944/preprints202304.1235.v1

https://doi.org/10.20944/preprints202304.1235.v1


 4 

 

Population Structure 

The population structure was analyzed using PCA and kinship matrix. PC1 showed the 

maximum variation which divided the whole population into five distinct groups. The same results 

were observed by the phylogenetic tree and kinship matrix (Figure 2). 

 

Figure 2. Population Structure. a. Distribution of pairwise relative kinship. b. Analysis of PCA. 

GWAS Analysis 

The analysis of GWAs using BLINK performed the correlation analysis on the effect on flavonoid 

pigmentation in Sorghum, the Manhattan plot shows that there were seven SNPs with a significant 

effect on flavonoid pigmentation on Sorghum assuming a threshold of p= 1X10-5, two SNPs were 

identified in the chromosome two, and one in the chromosomes three, four, five (the most 

significative), seven and nine, as it could be observed none of the QTNs samples were significant for 

the effect of flavonoid pigmentation (Figure 3). The results of the QQ plot showed that the SNP sites 

associated with significant correlation were reliable (Figure 4). 

 

Figure 3. Manhattan plot for the analysis of 6000 SNP on a population of 378 individuals using the 

model BLINK for the correlation of SNP with the flavonoid pigmentation trait of Sorghum. It was 

considered a heritability of 75% and the analysis was carried out considering 20QTNs. 
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Figure 4. Quantile–Quantile (Q–Q) plots. The red line is the trend line to which the ideal Q–Q plot in 

each case should correspond. 

Genomic Selection in Flavonoid Pigmentation of Sorghum 

To evaluate the accuracy of genomic prediction it was used 7 types of validation: gBLUP, MAS, 

gBLUP-GWAS, Bayes A, Bayes B and Bayes LASSO. Mas and gBLUP-GWAS included the most 

significant SNPs associated from the GWAS analysis to be used during the genomic prediction. The 

higher prediction was attained when MAS was used (r2=0.9875), gBLUP showed the lower accuracy 

(r2=0.1711), but when GWAs was incorporated building kinship using associated markers in gBLUP 

the accuracy was highly increased reaching a value close to that observed with MAS (r2=0.9841), the 

difference between them was small (0.0034). There were also evaluated other methods of genomic 

prediction based on Bayesian models (Bayes A, Bayes B and Bayes LASSO) with the last one the 

accuracy was similar to gBLUP (r2=0.2238), with Bayes A and Bayes B it was observed an increase of 

the accuracy (r2=0.5984 and 0.6995 respectively), even though it did not exceed the r2 obtained with 

the validations in which GWAS was included in the model (MAS and gBLUP-GWAS) (Figure 5).  

 

Figure 5. Genomic prediction accuracy estimated for different models of genomic prediction, 

considering 20QTNs, heritability of 75%, 6000 SNPs, 378 individuals and a training population of 80% 

of the total population size. 

The effect of the size of the training population also was considered to evaluate its effect on the 

accuracy of the prediction. There were evaluated different percentages of training population (10% 

to 90%), it could be observed that in general all models with an increase in the training population 

size also increase the accuracy of the prediction, being Bayes A and Bayes B models the most affected 
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for this parameter (Figure 6, lines red and blue), the increase was more pronounced in this two 

methods when there is an increase on this parameter. Even though the remaining models also were 

affected by the size of the training population, with a higher accuracy with a bigger size of the training 

population, also it was observed that GWAS-including models have a higher accuracy in comparison 

with the rest. (Figure 6, Lines black and orange). Bayes LASSO, gBLUP and Bayesian Ridge regression 

(Figure 6, Lines green, purple and gray, respectively) showed the lowest accuracy among the 

evaluated methods when there is a change in the size of the training population. 

 

Figure 6. Genomic prediction accuracy when the training population ranged from 10–90% of the total 

population size. 

Regarding the number of QTNs included in the analysis, all methods exhibited a reduction in 

the accuracy of the prediction when the number of QTNs increase, with a stronger effect for the 

models Bayes A, Bayes B, MAS and gBLUP-GWAS (Figure 7, Lines red, blue, black and orange, 

respectively), with a most pronounced decrease for this models, for the remaining models (gBLUP, 

Bayesian Ridge Regression, and Bayes LASSO) the effect was not as stronger as for the rest of the 

models, even though they presented the lowest accuracy among the analyzed methods (Figure 7, 

Lines purple, gray and green, respectively). Despite this, the GWAS-based models continue showing 

a higher accuracy in comparison with the rest. 

 

Figure 7. Genomic prediction accuracy when the number of QTNs varied from 20 to 150. 
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Finally, it was evaluated the effect of heritability on the accuracy of the models, as it was 

expected an increase in the heritability was associated with an increase in the accuracy, but as in the 

previous parameter considered this effect was most pronounced in the models Bayes A and Bayes B 

(Figure 8, lines red and blue, respectively). The tendency also was observed in the rest models, but 

the effect was not as stronger as the observed for Bayes A and Bayes B. For the models where GWAS 

has been included the values of accuracy were the highest in comparison with other models, in 

particular for these two models, even the heritability affected the accuracy it was observed a slight 

effect, the values remain almost constant staying above 90% (Figure 8, lines black and orange for MAS 

and gBLUP-GWAS, respectively). Bayesian Ridge Regression, gBLUP, and Bayes LASSO were the 

models with the lowest accuracy in prediction as it was observed for the other parameters described 

below Figure 8, lines gray, purple and green, respectively). 

 

Figure 8. Genomic prediction accuracy when heritability ranged from 20 -75%. 

Discussion 

In the present study it was analyzed a population 378 individuals that was used to carry out 

GWAS and genomic prediction and genomic prediction analysis on flavonoid pigmentation that 

exhibited plant architecture trait (Figure 2). The phenotype followed a normal distribution suggesting 

that flavonoid pigmentation is caused by the joint action of many genes with additive effects (Figure 

1). Considering tht sorghum exhibited a defined population structure, the genotypes were evaluated 

for association studies (GWAS) selecting the model BLINK, which incorporates population structure 

and Kinship effects into the GWAS model, considering the population structure of the flavonoid 

pigmentation of Sorghum it was not used MLM (Q + K model) for the association analysis because it 

has been reported that BLINK algorithm more statistical power in identifying true association and 

reducing false positives (Huang et al., 2019).  

The GWAS analysis showed that flavonoid pigmentation in Sorghum was tipically controlled 

by multiple genes (Figure 3), the SNPs located in this study were seven distributed in seis different 

chromosomes: S2_67279771:2:67279771, S2_56302383:2:56302383, S3_10518979:3:10518979, 

S4_6253550:4:6253550, S5_52834858:5:52834858, S7_14779516:7:14779516, and 

S9_55704813:9:55704813. Further study on the relevant candidate genes of these loci will be helpful 

to analyze the genetic mechanism, in previous studies the strongest association signals rely at ~61 Mb 

of chromosome 4 some of them colocalized with the Tannin 1 locus (Morris et al., 2013), and one of 

the SNPs identified in this analysis correspond with these findings, but it is necessary to point out 

that it was not the SNP with the strongest signal identified in for this analysis. Also, there has been 

reported other loci associated with this trait, but it could be due to flavonoid pigmentation shows 

abundant natural variation in many plant species (Huang et al. 2010). 
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A better understanding of the factors that affect prediction accuracy is important for selecting a 

model within the conventional breeding scheme. In this study it was found that the GWAs-included 

methods have a higher accuracy of the prediction, the accuracy was the highest regardless the factors 

that were modified in order to evaluate its effect. One of them is the model for performing the GWAS 

analysis, in this case it was considered MLM due to the population structure that this population 

exhibited, but if is important to clarify that the results will depend on the number of significant SNPs, 

but the number of SNPs included in the genomic prediction has an important effect in the prediction, 

when the number of significant SNPs that are included in the prediction is high the accuracy of the 

prediction is lower, then when the association analysis is done with models as MLM in which the 

inclusion of the population structure has an effect in the false discovery rate and the type I error 

(which is lower compared with other methods of association) the prediction will be more accurate 

than other models. This study only used one model for the GWAS analysis (BLINK), but some 

parameters of this analysis were changed and they influenced the number of significant SNPs 

identified (QTN number and heritability), it was observed that a decrease of the accuracy of the 

prediction when the number of QTNs is higher, meaning that the selection of the GWAs analysis for 

its inclusion in genomic prediction is crucial (Table 1). 

Table 1. Number of SNPs identified using model BLINK analyzing different parameter. 

Parameter Number of SNPs identified 

Size of training population 

(%) 

10 3 

20 3 

50 3 

75 5 

90 6 

Heritability 

(%) 

25 1 

50 5 

75 7 

Number of QTNs 

20 7 

40 10 

80 4 

150 9 

When size of training population was analyzed, it was considered a heritability of 75% and 20 QTNs. When 

Heritability was analyzed, it was considered 20 QTNs and the size of the training population was 80%. When 

Number of QTNs were analyzed, it was considered a size of training population of 80% and a heritability of 

75%. 

The focus of this paper was to compare GWAs-including models for genomic prediction (MAS 

and gBLUP including GWAS), but it also included some models that are not based on GWAs (Bayes 

A, Bayes, B, Bayes LASSO, Bayesian Ridge Regression, and gBLUP). As for GWAS where the selection 

of the method considers the population structure, the false discovery rate, the type 1 error, the p-

inflation, among other parameters; the selection of the genomic prediction model also may have to 

consider different parameters, for this it was analyzed other parameters that impact not only the 

genomic selection model but also the GWAS analysis and hence the genomic selection model if 

GWAS is included. 

In this study, it was only considered one trait, but it is important to highlight that genomic 

prediction varied substantially among traits and genomic selection models (Ali et al., 2020), it also 

depends on the architecture structure and heritability of the traits.  

With high-heritability traits result in high prediction accuracy, whereas low-heritability traits 

result in low prediction accuracy. Other studies reported that heritability impact the accuracy of the 
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prediction regardless of the GS model (Thavamanikumar et al., 2020), but this was not observed in 

this study, the GWAS-based genomic selection models were affected by the heritability, but the effect 

was not as strong as for other models, gBLUP-GWAs model and MAS showed an almost constant 

accuracy over the different heritabilities that were analyzed and the accuracy continued to be the 

highest compared with the other models (above 90%). On the contrary in the rest of the models the 

impact of the heritability was stronger, more pronounced in particular for Bayes A and Bayes B 

models (Figure 8), and the tendency was to show smaller accuracy (below to 75%). This study agrees 

with the previous where an increase in the heritability results in an increase in the accuracy of the 

prediction (Combs and Bernardo, 2013; Lian et al., 2014) 

In general GWAS-based genomic selection methods had a higher accuracy of prediction, which 

corresponds with studies reported by other authors (Lozada et al., 2019; Ali et al., 2020) who showed 

that a higher accuracy is reached when GWAs-derived markers are used in genomic selection. It 

could be due to different reasons as the number of markers used for the prediction is smaller than the 

whole population of markers, even though it was observed using different numbers of significant 

SNPs derived from GWAS when the number of SNPs was higher the accuracy of the prediction was 

smaller. On the other hand, the selected SNPs are related to the traits, it is important to point out that 

it also applies to the model selected, as a consequence p inflation and false positives also will impact 

the SNPs that are associated with the trait, with lower p-inflation and lower false negatives the 

accuracy of the prediction will be also improved, hence the importance of selecting a model with low 

p-inflation and low type I error. 

This study included two models in which were used GWAS selected SNPs, even both of them 

showed similar results in terms of the parameter analyzed, it is important to take into account if 

the evaluated trait is controlled by few genes or if on the contrary if it is controlled by multiple 

genes. In the first scenario, MAS will be the best option for the prediction, but if the trait is 

controlled by multiple genes genomic selection might be selected, in those cases gBLUP 

incorporating GWAS-selected SNPs would be a better model for the prediction with higher 

accuracy. 

Even with the better accuracy shown by GWAS-selected markers for genomic prediction, it is 

important to consider that only the Stably detected GWAS markers will be helpful for improving the 

genomic selection, but it requires a careful selection of the threshold for including those markers in 

the genomic selection. 

Conclusion 

In general, as in other reports the inclusion of GWAS based markers into the genomic selection 

using gBLUP improved the model prediciton ability (Lozada et al., 2019; Ali et al., 2020, Kim et al., 

2022). Even though, the GWAS-selected marker should be tested in varios testing populations to 

confirm the results. This type of study provides a foundation for identifying molecular markers 

associated with flavonoid pigmentation trait in Sorghum, and how genomics can be used for plant 

breeding. The model based on the SNP selected from GWAS for the prediction exhibited the highest 

accuracy in comparison with the model where GWAs selected SNPs are not included. The high 

accuracy suggests that this agronomic trait can be selected in molecular breeding. However, the 

results presented here require validation.  

Supplementary Materials: The following supporting information can be downloaded at the website of this 

paper posted on Preprints.org. 

Data, Scripts, Code, and Supplementary Information Availability: Data and R codes are available online: 

https://github.com/Akhernandez528/GWAS-selected-SNPs-included-in-GS. 
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