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Introduction 
The success of genomic selection in animal improvement relies on a well-defined reference 

population (RP) for the traits under selection. An RP is established when phenotypic and genomic 

data are jointly available for a sufficiently large and representative set of individuals, enabling 

genetic variation to be captured through appropriate modeling. To accommodate large-scale 

genomic evaluations, single-step genomic best linear unbiased prediction models use the 

Algorithm for Proven and Young (APY-ssGBLUP), which divides genotyped animals into core 

and non-core groups (Misztal et al., 2014). The core set is chosen to capture at least 98% of the 

information contained in independent chromosome segments (ICS), ensuring accurate estimation 

of genomic Estimated Breeding Values (GEBV) (Pocrnic et al., 2016). These GEBV can be back-

solved to derive SNP effects, which can then be used to calculate indirect predictions (IP) for 

genotyped animals not included in official evaluations, such as young selection candidates or 

commercial animals. However, as new data are added to the evaluations, SNP effects must be 

updated to reflect changes in the RP. This study aimed to 1) compare two algorithms (A1 and A2) 

for deriving IP from APY-ssGBLUP models and 2) assess changes in IP over two years in a large 

beef cattle population.  

 

Materials & Methods 

 
Data. Animal Care and Use Committee approval was not required because information was 

obtained from preexisting databases. The American Angus Association (AAA, Saint Joseph, MO) 

provided data for three models included in their official genomic evaluations. Model_GT includes 

birth weight (BW), weaning weight (WW), and postweaning gain (PWG). Model_FE includes 

dry-matter intake (DMI), ultrasound fat (UFAT), weaning weight as an indicator trait WW_Fe, 

and postweaning gain as an indicator trait PWG_Fe. Finally, Model_Doc includes docility (DOC). 

A full pedigree file contained approximately 12 million animals, of which 1.8 million were 

genotyped for 39,664 SNPs after quality control. 

 

Analyses. To assess changes in IP over the years, we simulated a system with yearly genetic 

evaluations where phenotypes, genotypes, and pedigree data were added each year from December 

2022 to December 2024. The data inclusion pattern for records in Model_GT matched the 

frequency observed in the official genetic evaluations. In contrast, for all other traits, the inclusion 

date aligned with the association's recommended reporting timeframe (420 days of age). The 

genotyping date was set to the animal's birth date. The number of genotypes, phenotypes, and 

pedigree records added over the years is shown in Table 1. 
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Table 1. Number of animals, genotypes, and phenotypes added from 2022 to 2024 in each model. 

Model Period Pedigree Genotypes DMI UFAT WW_Fe PWG_Fe 

Model_Fe 

2022 10,928,695 1,335,514 27,457 1,823,705 9,092,387 3,705,898 

2023 11,126,470 1,419,165 29,768 1,872,233 9,311,299 3,802,540 

2024 11,376,941 1,559,640 31,471 1,919,924 9,531,920 3,898,844 

Model Period Pedigree Genotypes BW WW PWG  

Model_Gt 

2022 11,263,539 1,335,514 8,645,389 9,092,388 4,415,126  

2023 11,490,575 1,419,165 8,911,162 9,311,300 4,523,969  

2024 11,775,185 1,559,640 9,184,646 9,531,921 4,630,267  

Model Period Pedigree Genotypes DOC    

Model_Doc 

2022 2,360,587 1,335,514 321,812    

2023 2,462,882 1,419,165 340,374    

2024 2,632,714 1,559,640 358,852    

 

A total of 40k young, randomly selected, genotyped animals born between 2018 and 2022 were 

identified as the focal group. IP were estimated for these animals annually from 2022 to 2024 using 

the two evaluated algorithms. The basic formulations for A1 and A2 (Bermann et al., 2022) are as 

follows: 

𝐈𝐏𝐴1 = 𝐙𝑓𝐚̂𝐴1 = (1 − 𝛼)𝑏
1

2 ∑ 𝑝𝑖(1−𝑝𝑖)
𝐙𝑓𝐙𝑔

′ 𝐆𝐴𝑃𝑌
−1 𝐮̂𝑔, (1)  

𝐈𝐏𝐴2 = 𝐙𝑓𝐚̂𝐴2 = (1 − 𝛼)𝑏
1

2 ∑ 𝑝𝑖(1−𝑝𝑖)
 𝐙𝑓𝐙𝑐

′ 𝐆𝑐𝑐
−1𝐮̂𝑐, (2) 

Where 𝐙𝑓 is the gene content matrix for the focal group, 𝐚̂𝐴1 is the vector of SNP effects calculated 

with A1, 𝛼 is a blending parameter (10%), b is a tuning parameter as in Vitezica et al. (2011), 𝑝𝑖 

is the allele frequency of SNP 𝑖 (𝑝𝑖), 𝐙′ is the transpose of the gene content matrix for all genotyped 

animals, 𝐆𝐴𝑃𝑌
−1  is the inverse of the APY genomic relationship matrix, 𝐮̂𝑔 is a vector of GEBV for 

all genotyped animals, 𝐚̂𝐴2 is the vector of SNP effects calculated with A2, 𝐙′𝑐 is the transpose of 

the gene content matrix for core animals, 𝐆𝑐𝑐
−1 is the block of the inverse of the APY genomic 

relationship matrix corresponding to the core animals, 𝐮̂𝑐 is a vector of GEBV for core animals. 

Annual genetic evaluations using APY-ssGBLUP models were conducted to obtain GEBV 

required to calculate IP. Notably, data from the focal group were not included in any of the annual 

genetic evaluations; their pedigree and genotypic data were included only in an additional 

evaluation that covered data up to 2022, aimed at establishing the focal group's benchmark GEBV.  

A general formulation for the implemented multi-trait models used to compute GEBV is as 

follows: 

𝐲 = 𝐗𝛃 + 𝐙1𝐮 + 𝐙2𝐦 + 𝐙2𝐦𝐩𝐞 + 𝐞, (3) 

where 𝒚 is the vector of observations, 𝛃 is the vector of fixed effects; 𝐮 is the vector of random 

additive genetic effects, 𝐮~𝑁(0, 𝐇 ⨂ 𝚺𝑢); 𝐦 is the vector of random maternal additive genetic 

effects (assumed for BW and WW), 𝐦~𝑁(0, 𝐇 ⨂ 𝚺𝑚); 𝐦𝐩𝐞 is the vector of random maternal 

permanent environmental effects (assumed for WW), 𝐦𝐩𝐞~𝑁(0, 𝐈 ⨂ 𝚺𝒎𝒑𝒆); 𝐞 is the vector of 

random residuals, 𝒆~𝑁(0, 𝑰 ⨂ 𝚺𝑒). Also, 𝐇 is a relationship matrix combining pedigree and 

genomic information, 𝚺𝑢 is the additive genetic covariance matrix; 𝚺𝑚 is the maternal additive 

genetic covariance matrix; 𝚺𝒎𝒑𝒆 is the maternal permanent environmental variance matrix; 𝚺𝑒 is 

the residual variance matrix, and 𝐈 is the identity matrix. The incidence matrices for 𝛃, 𝐮, 𝐦, and 
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𝐦𝐩𝐞 are 𝐗, 𝐙1, 𝐙2, and 𝐙2 , respectively. The 𝐆𝐴𝑃𝑌
−1  matrix was constructed using 20k randomly 

selected core animals.  

 

Software. APY-ssGBLUP models were solved using BLUPIOD3 and CBLUP90IOD2OMP1. 

GEBV were back-solved by A1 and A2 algorithms implemented in POSTGSF90. Lastly, 

PREDF90 used marker effects obtained from A1 and A2 to compute IP. All programs are in the 

BLUPF90 software suite (Misztal et al., 2014). 

 

Metrics. For each algorithm, we calculated the difference between IP and the benchmark GEBV 

for the focal group across all traits and time points. These differences were used to create 

histograms and compute the mean (MAD) and maximum (MAXD) absolute differences. Pearson 

correlations (COR) between IP and the benchmark GEBV were also calculated. 

 

Results & Discussion 
Table 2 presents statistics for A1 and A2 across all evaluated traits, excluding the indicator traits 

(WW_Fe and PWG_Fe).  

 

Table 2. Correlation (COR), mean (MAD), and maximum (MAXD) absolute differences between 

GEBV and IP in the focal group, calculated using algorithms A1 and A2. 

 BW - Animal BW - Maternal 

 MAD MAXD COR MAD MAXD COR 

 A1 A2 A1 A2 A1 A2 A1 A2 A1 A2 A1 A2 

Dec 2022 0.41 0.19 2.44 0.57 0.83 0.99 0.20 0.08 1.20 0.49 0.92 0.98 

Dec 2023 0.43 0.21 2.55 0.63 0.82 0.99 0.23 0.11 1.42 0.56 0.90 0.97 

Dec 2024 0.43 0.19 2.57 0.70 0.80 0.98 0.25 0.13 1.43 0.68 0.88 0.96 

 WW – Animal WW - Maternal 

 MAD MAXD COR MAD MAXD COR 

 A1 A2 A1 A2 A1 A2 A1 A2 A1 A2 A1 A2 

Dec 2022 0.91 0.70 2.58 1.28 0.90 0.99 0.47 0.31 1.24 0.74 0.95 0.99 

Dec 2023 0.92 0.72 2.45 1.40 0.88 0.98 0.49 0.34 1.48 0.96 0.93 0.97 

Dec 2024 0.89 0.70 2.62 1.18 0.87 0.98 0.56 0.41 1.68 1.24 0.91 0.96 

 PWG DOC 

 MAD MAXD COR MAD MAXD COR 

 A1 A2 A1 A2 A1 A2 A1 A2 A1 A2 A1 A2 

Dec 2022 0.59 0.49 2.02 1.10 0.93 0.99 0.11 0.07 0.63 0.36 0.96 0.99 

Dec 2023 0.61 0.51 2.28 1.40 0.92 0.99 0.16 0.11 0.88 0.61 0.94 0.97 

Dec 2024 0.59 0.51 2.59 1.41 0.91 0.99 0.19 0.14 1.22 0.87 0.90 0.94 

 DMI UFAT 

 MAD MAXD COR MAD MAXD COR 

 A1 A2 A1 A2 A1 A2 A1 A2 A1 A2 A1 A2 

Dec 2022 0.45 0.40 1.51 0.82 0.95 0.99 0.33 0.23 1.63 0.63 0.95 0.99 

Dec 2023 0.46 0.41 1.56 1.12 0.92 0.98 0.33 0.23 1.74 0.53 0.94 0.99 

Dec 2024 0.48 0.42 1.95 0.98 0.89 0.96 0.35 0.23 1.94 0.80 0.93 0.99 
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The MAD (MAXD) between IP and GEVB ranged from 0.11 (0.63) to 0.92 (2.62) additive genetic 

SD (SDa) across all traits and time periods with A1, whereas for A2, it ranged from 0.07 (0.36) to 

0.72 (1.41) SDa. Correlations between IP and GEBV across the three time points ranged from 0.80 

to 0.96 for A1 and from 0.94 to 0.99 for A2. Overall, IPs obtained with A2 show a closer 

correlation with GEBV across all studied traits. However, for maternal effects or traits with a 

smaller RP, differences between IP and GEBV increased more noticeably over time. 

 

Although both algorithms for calculating IP rely on GEBV from APY-ssGBLUP, A2 uses GEBV 

only from the core set, which implicitly includes information from the entire population via 

genomic relationships, whereas A1 uses GEBV from all genotyped animals. The superior 

performance of A2 was theoretically demonstrated by Bermann et al. (2022). They identified that 

back-solving GEBV of animals outside the core set, as in A1, increases the variance of the marker 

effects, leading to poorer estimates of IP. The IP from 2024 showed the greatest disparity with the 

benchmark GEBV from 2022, highlighting the dynamic nature of marker effects over time as new 

information enters the system and selection practices act in the population. However, this 

disagreement might not be critical, as correlations between GEBV and IP in 2024 using A2 were 

above 0.98 for most traits and around 0.94 for DOC and maternal WW. For traits with small RP, 

complex genetic architectures, or under strong selection pressure, an alternative is to update marker 

effects more frequently to better capture new variation. Meanwhile, correlations between GEBV 

and IP from A2 using data from the same period (DEC 2022) averaged 0.99 across all traits. 

Similar correlations (averaging 0.99) to those from A2 were reported by Vandenplas et al. (2023) 

for several traits evaluated by the Irish Cattle Breeding Federation. The greater agreement between 

IP and GEBV in their study is partly due to the inclusion of the residual polygenic effect (RPG) in 

the IP calculation. An additional adjustment to A2 is to incorporate the RPG (10% in our study), 

which could allow IP to be even more similar to the official GEBV. 

 

Conclusions 

IP estimated with both algorithms remained consistent over a two-year period in the American 

Angus population. Notably, using GEBV solely from core animals (as in A2) produces IP that 

better match GEBV and are more persistent over time in APYssGBLUP models.  
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