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Introduction

Populations under genomic selection potentially change rapidly. These changes should be
captured in the variance components (VC) used for genetic evaluations. However, using full
datasets with millions of genotyped individuals to estimate VC is computationally infeasible
with current methods. This limitation often leads to the exclusion of genomic information,
resulting in preselection-biased VC estimates (Patry and Ducrocq, 2011; Masuda et al., 2018).
In addition, VC are estimated for a base population that is not time-defined and therefore
difficult to interpret when assessing temporal changes in VC and genetic parameters.
Avoiding high computational costs and outdated estimates, the predictivity-based formulas
proposed by Misztal and Gowane (2025) offer an efficient approach for estimating genetic
parameters in large genomic models. This method requires the same computational cost as a
genetic evaluation and provides parameters for a focal group, i.e., they are defined in time.
Thus, this study aimed to estimate heritabilities and genetic correlations over time for growth
traits in a large genotyped Angus cattle population using within- and across-trait predictivity
and complete and trimmed references. Additionally, we examined the potential effects of
genomic selection on these genetic parameters over time.

Materials & Methods

Data. The American Angus Association (AAA; St. Joseph, MO) provided data for this study.
The traits analyzed were those in the AAA growth model: Birth Weight (BW), Weaning
Weight (WW), and Post-Weaning Gain (PWG). The full dataset included 12,009,755 animals
in the pedigree, 1,734,603 genotyped animals, and 10,045,726 records collected from 1972 to
2025. A three-trait animal model was used for the analyses, integrating pedigree, phenotypes,
and genotypes through single-step Genomic Best Linear Unbiased Predictor (ssGBLUP).

Time slices and predictivity. To estimate heritabilities and genetic correlations over time
using predictivity, we followed the steps described by Misztal and Gowane (2025).

1) The number of independent chromosome segments (Me) was obtained using the
PREGSF90 program (Misztal et al., 2014) that performs eigenvalue decomposition of
the genomic relationship matrix (Pocrnic ef al. 2016). Resulting in Me = 13,000; with
98% of the variance explained.

2) Nine time slices were defined (2016-2024). In each slice, animals from the most recent
year were used as the validation group, while animals from preceding years constituted
the reference population. Two reference scenarios were considered: a full reference,
including all animals born before the validation year, and a trimmed reference,
including only animals from the five years preceding the validation year. Four
generations of pedigree were traced back to complete the dataset. The number of
validation individuals ranged from 57,904 to 136,355 for the within-trait analysis and
from 38,512 to 114,953 for the across-trait analysis.
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3) Genomic estimated breeding values (GEBV) were obtained using the full dataset and
then by masking phenotypes of the validation animals. Analyses were performed using
BLUP90IOD3 (Misztal et al., 2014) and traits were treated as uncorrelated assuming
the heritabilities: 0.46 for BW, 0.28 for WW, and 0.27 for PWG.

4) Within- and across- trait predictivity was assessed as the correlation between adjusted
phenotypes and GEBV from the partial evaluation (Legarra et al., 2008).

5) Heritabilities, accuracies, and genetic correlations were calculated using the formulas
from Misztal and Gowane (2025).

6) The procedures described in steps 3—5 were repeated for each time slice.

Results & Discussion

Impact of genomic selection on predictivity. Predictivity values for the last validation year
(2024) using the full reference were 0.43 for BW, 0.51 for WW, and 0.38 for PWG. These
values were 13% (BW), 34% (WW), and 31% (PWG) higher than those reported by Lourenco
et al. (2015) in the first genetic evaluation of the ssGBLUP implementation in this American
Angus population, evidencing the marked impact of genomic selection on WW and PWG over
the past decade. Abdollahi-Arpanahi et al. (2021) reported that WW benefited from genomic
selection because genotyping occurs before phenotyping, so selection relies on genomic
information. In contrast, BW is already recorded at the time of genotyping, so selection likely
depends on parent averages and phenotypic deviations.

Changes in heritability. Fig. 1 shows the changes in predictivity-based heritability over time.
We found stable patterns for BW and PWG; in contrast, WW showed a continuous increase in
heritability over time, explained by the rise in predictivity resulting from the impact of genomic
selection on this trait (Abdollahi-Arpanahi et al., 2021). Our heritability estimates were
generally lower than those from VC reported by Trujano ef al. (2025) for the same American
Angus population, mainly because heritability in recent generations is expected to be lower
than in the base population due to the Bulmer effect (Bulmer, 1971). This shows a gap between
predictivity-based heritabilities and those from VC estimation, with no clear temporal
boundary between them, yet evidence of change.
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Figure 1. Predictivity-based heritabilities over time for growth traits (birth weight, BW;
weaning weight, WW; and post-weaning gain, PWG) in the American Angus population under
the full and trimmed reference scenarios.

Changes in genetic correlation. Fig. 2 shows the genetic correlations over time, which can
differ for the same trait pair depending on whether a trait is treated as i or j in the formulas.
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For example, the solid blue line represents the BW—-WW correlation (with BW providing the
phenotype), while the dashed red line shows the reversed order WW-BW (with WW providing
the phenotype).

We found stable genetic correlations for BW—WW and BW-PWG, likely reflecting
historically strong genetic relationships among growth traits. As noted by Villanueva and
Kennedy (1990), sufficiently robust underlying correlations can maintain equilibrium despite
opposing selection pressures. In addition, an alternative explanation could be the balanced
selection through the selection index including these and other traits.

Moreover, these genetic correlations were similar to those reported by Trujano et al. (2025),
who used Gibbs sampling with pedigree data, with and without genomic information. In
contrast, the WW—-PWG correlation found here was markedly greater (~0.40 vs ~0.85). This
may reflect recent shifts driven by genomic selection for WW; changes that the VC estimation
method cannot detect because the estimates refer to the historical base population, not to the
recent focal group. Furthermore, the above authors used genomic data from only ~30,000
animals, limiting the ability to capture recent short-term changes caused by genomic selection.
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Figure 2. Predictivity-based genetic correlations over time for growth traits (birth weight, BW;
weaning weight, WW; and post-weaning gain, PWG) in the American Angus population under
the full and trimmed reference scenarios. The same genetic correlation can have two estimates,
ij or ji, where i denotes the trait providing the phenotype in the across-trait predictivity formula.

The WW-PWG genetic correlation exhibited marked differences between the ij and ji
estimates. This pattern reflects rapid genomic-driven changes in WW combined with the lower
predictivity of PWG. Consistent with the recommendation of Misztal and Gowane (2025) to
pair phenotypes from fast-changing traits with GEBV from slow-changing traits, we found that
using WW phenotypes yielded a clearer temporal trend for WW-PWG genetic correlations
than using PWG phenotypes. This likely reflects the larger number of WW records and the
trait faster rate of change. Accordingly, we recommend using phenotypes from the trait with
higher predictivity to better capture temporal changes in genetic correlations.



Full vs trimmed reference. Values from the trimmed reference were slightly lower than those
from the full reference (Figure 2), reflecting not only reduced predictivity from excluding older
data but also a change in the animal cohorts represented by the genetic parameters. Trimming
the reference is then recommended, as it preserved the main trends, better represented the focal
population, and reduced computational time.

Conclusions

Although rapid changes in genetic parameters were not found in this study, within- and across-
trait predictivity revealed effects of genomic selection on genetic parameters that were
previously undetectable due to the limitations of traditional variance component estimation.
Predictivity formulas enabled yearly estimation of genetic parameters using all available data,
rather than relying on a base population or on limited genotypes and sampled phenotypes.
Finally, trimming the reference is a valuable approach for obtaining genetic parameters that
closely reflect the genetic architecture of the current population or focal group.
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