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Introduction

Genome-wide association studies (GWAS) aim to identify genomic regions associated with
complex traits by detecting significant associations between genetic markers and phenotypic
variation. Approaches based on marker effects or variance explained are commonly used to assess
single-nucleotide polymorphisms (SNPs) contributions, but as noted by Aguilar et a/. (2019), these
estimates often do not account for the uncertainty in marker effect estimation and the linkage
disequilibrium among markers, and they lack appropriate statistical properties for comparison,
which can potentially lead to suboptimal conclusions. Nowadays, these associations are typically
evaluated using statistical hypothesis tests based on p-values to determine whether a given SNP is
significantly associated with the trait (Mancin et al., 2021). When a significant association is
detected, it suggests that the SNP may be in linkage disequilibrium (LD) with a quantitative trait
locus (QTL). Thus, investigating SNP-phenotype associations is a good strategy for understanding
trait’s genetic architecture and identifying variants for genomic selection programs or design of
SNP panels. However, evolutionary forces such as selection, migration, and genetic drift can affect
not only the power of QTL effects, but also the QTL themselves by altering allele frequencies or
leading to fixation. In addition, the magnitude of these changes depends on several factors,
including trait heritability, selection intensity, population size, and the number of genotyped
individuals. Consequently, understanding the consistency of major SNP across generations is
essential to understand the trait’s architecture dynamics.

One widely adopted approach to perform GWAS is based on the single-step genomic best linear
unbiased prediction (ssGBLUP) and named ssGWAS. This approach integrates pedigree,
phenotypic, and genotypic data, enabling simultaneous evaluation of genotyped and non-
genotyped individuals (Legarra et al., 2009; Aguilar et a/.,2010). For large genotyped populations,
inverting dense matrices, particularly the genomic relationship matrix (G™1), is computationally
demanding. To overcome this limitation, Misztal et al. (2014) proposed the Algorithm for Proven
and Young (APY), which provides a sparse approximation of G~ by partitioning animals into a
core set that captures most of the genomic variation and a noncore set conditioned on the core.
This approach reduces computational cost while preserving accurate SNP effect estimation.
However, it remains important to investigate how different APY core sizes may influence the
estimates of SNP effects and other statistics used for GWAS. In this context, the present study
investigates the consistency of major SNP across generations of broiler chickens based on
frequentist p-values, and assess the impact of different APY core sizes on ssGWAS results.
Additionally, we observed the dynamics of estimated marker effects and the percentage of variance
explained by each marker over time.
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Materials & Methods

Dataset. Data from Cobb Vantress Inc. included 1,515,952 broiler chickens, of which 721,041
animals were genotyped for 54,644 SNPs. Prior to analyses, genotype quality control was
performed to remove SNPs with minor allele frequency less than 0.05, call rate less than 0.90, and
monomorphic markers, as well as individuals with genotype call rate less than 0.90. As a result,
the final genotyped dataset included 694,794 genotyped animals and 46,199 SNPs. In addition,
three traits were analysed in this study: body weight (BW), breast meat percentage (BM%), and
leg score (LS), with 1,065,206, 99,297, and 1,113,484 observations, respectively.

Animals were grouped into overlapping generation subsets (G1-3, G2-4, G3-5, G4-6, and the
whole dataset G1-6) to evaluate the consistency of major SNP effects across successive
generations of selection. The distribution of phenotypic records, genotyped animals, and pedigree
information for each generation is summarized in Table 1.

Table 1. Number of phenotypic (Phen) records for BW, LS, and BM%, total number of
phenotypes, genotyped animals, and pedigree records across generation subsets.

Phen (BW) Phen (LS) Phen (BM%) Phen (Total) Genotype Pedigree

G1-3 496,281 531,953 28,539 599,874 145,739 659,231
G2-4 490,794 524,579 29,385 592,922 147,277 846,650
G3-5 524,476 546,977 33,110 616,881 142,891 1,069,554
G4-6 568,926 581,532 70,759 916,078 549,055 1,575,309
G1-6 1,065,206 1,113,484 99,297 1,515,952 694,794 1,575,309

Statistical Analyses. The data were analysed using a multi-trait ssGBLUP model, where sex and
contemporary group were fitted as fixed effects, whereas the random effects included the additive
genetic effect of the animal for all traits and a maternal permanent environment effect for BW. As
a result, GEBVs were obtained and, subsequently, used to calculate SNP effects. Frequentist p-
values were obtained with APY by the method of Leite et al. (2024). Moreover, four different core
sizes were evaluated, defined by the number of eigenvalues explaining 99% X 2, 99%, 99%/2,
and 99%/3 of the total genetic variance of G. Additionally, marker effects and their percentage
of variance explained were analysed for the same time periods. All analyses were performed using
the BLUPF90 software suite.

Results & Discussion

Fig. 1 revealed consistent association peak for BW across all generations on chromosome 1, near
the genes karyopherin subunit alpha 3 (KPNA3), calcium binding protein 39 like (CAB39L), and
SET domain bifurcated 2 (SETDB2), as reported in the Chicken QTLdb. These genes are likely
related to growth and metabolic regulation. From Fig. 2, the dynamics of allele frequencies can be
observed for BW, LS, and BM%, and notably, most significant SNPs remained stable across
generations, indicating a robust and consistent genetic architecture. Moreover, similar patterns
were observed for BM% (peaks on chromosomes 5 and 15; results not shown) and LS (peak on
chromosome 12; results not shown). In addition, the definition of association peaks improved
across generations, likely due to increased genomic information. Regarding core size, cores
explaining 99% X 2 and 99% were similar in terms of significant SNP detection and mapping
resolution, whereas reduced cores 99%/2, and 99%/3 decreased resolution, resulting in some
peaks disappearing (e.g., BW on chromosome 1 in G4-6, BM% on chromosome 15) or becoming
less precise (LS).
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Figure 1. Manhattan plot for BW across all generations using a core size corresponding to the
number of eigenvalues explaining 99% of the variance of G.
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Figure 2. Allele frequency dynamics across generations for BW, LS, and BM%. The results
indicate overall stability of allele frequencies across generations, with most significant SNPs
showing consistent patterns over time, despite some variation in significance across generations.

The percentage of variance explained approach (Fig. 3) results tended to distribute genetic
contributions across many markers along the genome. Notably, loci with moderate effects were
identified, which did not necessarily correspond to SNPs previously deemed statistically
significant based on p-values. A similar pattern was observed using the marker effects approach
(results not shown).
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Figure 3. Manhattan plot of percentage of variance explained by adjacent SNPs for BW across all
generations, showing a more dispersed pattern of genetic contribution along the genome compared
with p-value Manhattan plot. Blue vertical lines and points indicate the top 10 SNPs identified,

with each line representing one SNP.

Conclusions
Major SNPs remain stable over generations for the evaluated
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traits in this broiler chicken
population. Using an APY core explaining 99% of the variance in G provides good statistical
power while maintaining computational efficiency, whereas smaller cores decrease detection and
sometimes cause important associations to disappear or become less precise. Moreover,
associations based on marker effects and the percentage of variance explained fail to identify clear

signals over generations, providing limited information compared with p-values.
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