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Introduction 

Genome-wide association studies (GWAS) are widely used to identify quantitative trait loci 

(QTL) (Visscher et al., 2017). To overcome the limited information from individual SNPs, 

window-based GWAS have been proposed (Sahana et al., 2010), supported by the theoretical 

equivalence between GBLUP and SNP-BLUP models (Wang et al., 2012) and implemented 

using both frequentist (Chen et al., 2017) and Bayesian approaches (Fernando et al., 2017; 

Legarra et al., 2018). However, window-based results are strongly influenced by SNP density 

(Li et al., 2021) and other factors such as linkage disequilibrium, allele frequencies, and 

population structure. To address these issues, Li et al. (2021) proposed defining windows 

with equal numbers of SNPs or applying window-specific tests. Previously, we introduced a 

Monte Carlo approximation to account for these sources of variability by mimicking the 

data’s statistical structure through simulation (Lopez-Carbonell et al., 2022). Here, we extend 

this approach by explicitly incorporating genomic structure into the simulation framework. 

 

Materials & Methods 

Data: The data used in this study comprised 99,227 records of cold carcass weight from the 

Rubia Gallega beef cattle population, along with a pedigree file containing 150,904 

individual–sire–dam entries. In addition, 5,627 animals were genotyped using the Axiom 

Bovine Genotyping Array (Axiom_BovMDv3; Thermo Fisher Scientific, Waltham, MA, 

USA). Genotype quality control involved excluding SNPs with a minor allele frequency 

lower than 0.05 and a call rate below 0.90 across the population. Linkage disequilibrium was 

not used as a filtering criterion. After quality control, a total of 39,194 SNP markers were 

retained for subsequent analyses. 

 

Model of analysis: The data were analyzed using the following model: 

 y = Xb + Wp + Zu + e 

where y is the vector of phenotypic records; b is the vector of systematic effects, including 

sex (2 levels) and slaughterhouse (47 levels); p is the vector of environmental herd–year–

season effects; u is the vector of additive genetic effects; and e is the vector of residuals. X, 

W, and Z are the corresponding incidence matrices. The model was fitted using the AIREML 

algorithm implemented in the blupf90+ software (Lourenço et al., 2022). SNP effects were 

subsequently obtained using the algorithm proposed by Wang et al. (2012), and the 

percentage of variance explained by each 1-Mb genomic segment, as well as SNP-specific p-

values, were calculated using the postgsf90 software. 

 

Simulation. We generated 1,000 simulated populations following the procedure described 

below. Phenotypic values were constructed by combining systematic, random environmental, 

additive genetic, and residual effects. Random effects were sampled from the following 

multivariate Gaussian distributions: 

p~MVN(0,Iσp
2)   u~MVN(0,Hσa

2)   e~MVN(0,Iσe
2) 
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where σp
2, σa

2 and σe
2 are the REML estimates of permanent environmental, additive genetic 

and residual variances. Additive effects were sampled from the stationary distribution using a 

conditional updating scheme based on the H⁻¹ matrix, retaining one sample every 100 

iterations to reduce autocorrelation. For each simulated population, BLUP was performed 

using blupf90+, and the percentage of variance explained by 1-Mb segments was computed 

with postgsf90. These estimates were used to fit SNP-specific gamma distributions, from 

which empirical p-values were derived. The purpose of the gamma-distribution adjustment 

was to approximate very small p-values that would otherwise require an extremely large 

number of simulated samples to be obtained. 

 

Results 

REML estimates of additive, herd–year–season and residual variances were 494.85, 290.86, 

and 456.85 kg2, respectively. The software postgsf90 identified seven 1-Mb genomic regions 

in BTA1, BTA3, BTA6, BTA15, BTA20, BTA21 and BTA23, that explain more than 0.5% 

of additive variance (see Fig. 1a), while the SNP-GWAS only detect two genomic regions 

with p-values of 7.16 x 10E-11 and 1.05 x 10E-6, near the well-known MSTN and LCORL 

genes in BTA2 and BTA6, respectively.  

 

 
Figure 1. Percentage of the additive variance explained by segments of 1 Mb (a) and decimal 

logarithm of the GWAS-SNP p-value (b) 

 

The divergence between the two figures underscores the limitations of defining genomic 

windows by physical distance, with concordance observed only for the BTA6 region. Six 

regions were detected exclusively by the window-based approach, while the MSTN region on 

BTA2 was missed. The average variance explained per 1-Mb segment across 1,000 

simulations (Fig. 2a) was highly heterogeneous (0–0.86%) and strongly associated with SNP 

density (Fig. 2b). 

 

 
Figure 2. Average percentage of additive genetic variance explained by 1-Mb segments 

across 1,000 replicates (a), and marker density per Mb (b) across the autosomal genome. 
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Genomic regions on BTA1, BTA3, BTA15, BTA20, BTA21, and BTA23 explaining more 

than 0.5% of the additive variance also showed higher average variance explained and 

marker density. For each 1-Mb segment, the variance observed in the real dataset was 

compared with a gamma distribution parameterized by the mean and variance of 1,000 

simulated estimates to obtain the probability of a larger value, used as an empirical p-value. 

Results for the two most significant segments are shown in Fig. 3a and 3b, while the segment 

explaining the largest proportion of variance in the previous analysis is presented in Fig. 3c. 

 

 
Figure 3. Histogram of the estimated proportion of additive genetic variance across 1,000 

replicates, overlaid with the density of the fitted adjusted gamma distribution for 1-Mb 

genomic segments located at BTA2, BTA6 and BTA23. The percentage of variance 

estimated in the real dataset is indicated by a red arrow.  

 

The distribution of empirical p-values and SNP-GWAS p-values along the autosomal 

genome is shown in Fig 4a . 4b, respectively. Genomic regions harbouring the MTSN and 

LCORL genes are detected by both approaches. However, stronger signals are observed 

when using empirical p-values. In addition, the proposed procedure identifies an extra 

genomic region on BTA19 with a p-value below 0.0001, as well as five additional regions 

with p-values below 0.001 on BTA5, BTA14, BTA18, BTA19, and BTA21, which may 

harbour potentially relevant polymorphisms. 

 

 
Figure 4. Decimal logarithm of genomic window empirical p-values (a) and GWAS SNP p-

values (b) across the autosomal genome. 
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Discussion 
The proportion of additive genetic variance explained by genomic windows is commonly 

used to identify genomic regions potentially affecting traits of interest. In this study, SNPs 

were not filtered for linkage disequilibrium, resulting in highly uneven marker density across 

the autosomal genome. As reported by Li et al. (2021), such heterogeneity can strongly bias 

estimates of variance explained by 1-Mb windows, and defining windows by a fixed number 

of markers only partially addresses this issue. To mitigate these biases, we simulated multiple 

replicate datasets under the same genetic model while incorporating the population’s 

genealogical and genomic structure via the H matrix. This approach generates a null 

distribution that accounts for potential biases arising from genomic architecture and data 

structure. Observed variance in the real dataset can then be compared against this distribution 

to obtain empirical p-values. However, the results remain conditional on the estimated 

variance components. Future work could extend this approach by deriving the null 

distribution from the posterior of these components within a Bayesian framework, thereby 

capturing uncertainty in the variance estimates. 

 

Conclusions 

This study demonstrates that the identification of genomic regions explaining large additive 

variance is influenced by multiple sources of bias. The proposed Monte Carlo procedure 

effectively corrects these biases, thereby improving the reliability of window-based GWAS 

results and providing greater power than SNP-based GWAS for detecting genomic regions 

associated with genetic variation, despite heterogeneity in SNP density across the genotyping 

platform and differences in linkage disequilibrium within the analyzed population. 
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