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H I G H L I G H T S

• We evaluated how phenotypic data truncation affects genomic prediction in Nellore cattle.
• Strategic removal of historical data maintains accuracy, bias, and dispersion while reducing computational demands.
• Excluding recent phenotypes (retrospective scenario) sharply reduces accuracy, heritability, and genetic variance.
• Low-heritability traits with sparse records, such as residual feed intake, are highly sensitive to data loss.
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A B S T R A C T

This study evaluated the impact of progressively reducing phenotypic data collection on variance components 
and the genomic prediction ability of productive traits in Nellore cattle. A total of 288,456 phenotypic records 
and 51,471 genotypes were obtained from the National Association of Breeders and Researchers (ANCP), 
covering three traits: rib eye area (REA), residual feed intake (RFI), and adjusted weight at 450 days (W450). 
Two data-reduction scenarios were simulated: a retrospective scenario, involving the sequential removal of the 
most recent data by year, and a prospective scenario, involving the annual exclusion of historical data. In both 
scenarios, animals born in 2021 comprised the validation set. Analyses were performed using the single-step 
genomic best linear unbiased prediction method (ssGBLUP), with prior estimation of variance components 
adjusted for each scenario and year. Prediction accuracy, bias, and dispersion were evaluated using linear 
regression (LR) between genomic estimated breeding values (GEBV) from the complete and reduced datasets. In 
the retrospective scenario, starting from the complete 2021 database and removing contemporary records down 
to 2013, prediction accuracy declined from 0.72 to 0.299 for REA, from 0.51 to 0.11 for RFI, and from 0.77 to 
0.34 for W450, accompanied by reduced heritability estimates and increased underdispersion. These effects were 
mainly attributed to the loss of genomic connectivity and the low proportion of genotyped animals (<1% in 
recent years). For RFI, genetic variance also increased due to the concentration of data on farms with strong 
genomic structure, although the absence of contemporary records limited predictive ability. Conversely, in the 
prospective scenario, starting from 2013 dataset and progressively removing the recent records through 2021, 
accuracy remained essentially stable, changing from 0.72 to 0.73 for REA, from 0.51 to 0.50 for RFI, and from 
0.76 to 0.77 for W450, while bias and dispersion stayed within acceptable limits. This outcome was supported by 
the presence of up-to-date phenotypes and a higher proportion of genotyped animals (exceeding 70% by 2018). 
These findings demonstrate that while the exclusion of historical data can be a viable strategy to reduce 
computational demands, maintaining a contemporary and representative phenotypic dataset is critical to 
ensuring the reliability of genomic predictions and the long-term success of breeding programs.
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1. Introduction

In recent years, research in genetic improvement has increasingly 
focused on genomic annotation and phenotyping (Steibel, 2023). 
Despite major advances in molecular and reproductive technologies, 
genetic progress still largely depends on the availability of phenotypic 
variability for complex traits and the analysis of limited production data, 
which informs selection and mating decisions. Accurate phenotyping, 
particularly for traits that are difficult to measure or require large-scale 
data, remains a challenge in animal breeding. Compared to genotyping, 
phenotyping is typically more expensive, labor-intensive, and suscepti
ble to errors (Ventura et al., 2020).

Before the advent of genomics, estimating the effects of Mendelian 
sampling was difficult due to the limited availability of individual 
phenotypic data (VanRaden and Wiggans, 1991). Robust phenotypic 
information is essential for models to adequately capture the variation 
arising from genetic sampling. Expanding the phenotypic database en
hances the predictive ability of models by increasing the diversity of 
information and enabling a more accurate estimation of genetic variance 
among individuals (Goddard and Hayes, 2009).

Almeida et al. (2016) evaluated the impact of progressively reducing 
phenotypic data collection on milk production traits in Holstein cattle. 
The authors reported a decline in prediction accuracy and an increasing 
tendency toward bias as phenotypic information decreased. Similarly, 
Vitezica et al. (2011) demonstrated that incorporating diverse pheno
typic data, such as slaughter records and ultrasound measurements, 
improved the accuracy of genetic predictions and increased genetic 
variability in swine. Daetwyler et al. (2014) also found that including 
additional data, such as slaughter weight, subcutaneous fat thickness, 
and final meat pH, enhanced the genomic prediction of meat quality 
traits in beef cattle. These findings suggest the importance of integrating 
phenotypic data from various sources and stages of the production cycle, 
as the diversity and continuous updating of such information enhance 
the assessment of genetic variability and improve model robustness.

However, some studies indicate that phenotypic data from earlier 
generations have a limited effect on the accuracy of genomic predictions 
for young animals from more recent generations. Steyn et al. (2023)
reported that although older bulls still contribute some genetic vari
ability to current populations, their influence on prediction accuracy is 
lower than that of younger bulls in the Holstein breed. Similarly, 
Lourenco et al. (2014) found that information from previous generations 
had minimal impact on the accuracy of genomic predictions for young 
genotyped animals. The authors suggest that using data from the last 
two or three generations is sufficient to maintain prediction accuracy, 
primarily because of their closer genetic relationship to the validation 
population and the sharing of larger genomic segments.

In beef cattle, traits related to carcass composition and meat quality, 
such as fat thickness, rib eye area (REA), and marbling, are associated 
with productivity and profitability (Al-Jammas et al., 2016). However, 
accurate evaluation of these traits requires specific techniques, 
including ultrasound scanning and carcass analysis (Muller, 1987). 
Similarly, traits associated with feed efficiency, such as residual feed 
intake (RFI) (Koch et al., 1963), are essential for identifying genetically 
superior animals capable of reducing feed requirements and minimizing 
environmental impact (Sainz et al., 2024). Recording RFI demands 
specialized equipment and trained personnel, such as the GrowSafe® or 
Intergado® systems, which substantially increase the cost of phenotypic 
data collection. For instance, measuring RFI involves expensive feed 
efficiency trials to monitor daily dry matter intake (DMI), while adjusted 
weight at 450 days (W450) requires specific management protocols and 
precise weighing schedules.

With genomic selection and the ability to select young genotyped 
animals without phenotypic data, breeders have shown increasing in
terest in reducing data collection for traits that are difficult to measure, 
without compromising prediction accuracy. This interest is driven by the 
high cost of phenotyping traits such as carcass composition and feed 

efficiency, as well as the operational and economic benefits provided by 
genomic selection. However, concerns remain about the effects of dis
continuing phenotypic data collection, particularly regarding prediction 
accuracy and the evaluation of new or complex traits. The aim of this 
study was to simulate the impact of progressively reducing phenotypic 
data collection, taking into account the use of records from both young 
and historical animals, on variance components and the genomic pre
diction ability for feed efficiency, growth, and carcass composition traits 
in Nellore cattle.

2. Materials and methods

2.1. Ethics statement

This study was exempt from evaluation by the Animal Ethics Com
mittee (CEUA), as established by Law No 11,794 of 08/10/2008 and 
Normative Resolution No 51 of 05/19/2021 from the National Council 
for Animal Experimentation Control (CONCEA) because the data was 
obtained from an existing database.

2.2. Phenotypic data

The phenotypic data used in this study were provided by the Nellore 
Brazil animal breeding program, coordinated by the National Associa
tion of Breeders and Researchers (ANCP, Ribeirão Preto, SP, Brazil). 
Records were collected from animals born between 2013 and 2021, 
originating from the Midwest, Southeast, North, and Northeast regions 
of Brazil. The dataset comprised a total of 288,456 phenotypic records, 
including 121,023 records for REA, 17,049 for RFI, and 150,384 for 
W450.

The herds were mainly managed under extensive production systems 
typical of tropical livestock farming, with pastures dominated by Uro
chloa brizantha cultivar. Feeding strategies varied across farms and 
included protein and mineral supplementation, particularly during the 
dry season, as well as the use of nitrogen sources such as urea. On some 
farms, calves received creep feeding. Mating predominantly took place 
between November and January. The pedigree file contained 315,097 
records, including 13,044 bulls and 170,101 dams.

2.3. Genomic data

The database used in this study was provided by the National Asso
ciation of Breeders and Researchers (ANCP) and included 51,471 Nel
lore cattle genotyped using the CLARIFIDE® Nellore 4.0 panel, which 
contains approximately 70,000 SNP markers. Imputation accuracy 
(from the 30 K LD panel to the 77 K HD panel) and the percentage of 
correctly imputed genotypes were 98.5 % and 97.9 %, respectively, as 
reported by Carvalheiro et al. (2014). Quality control of the genotypic 
data was performed with the PREGSF90 software (Aguilar et al., 2014). 
SNP samples with a call rate below 0.90 were removed. Additionally, to 
verify kinship, markers with Mendelian conflicts exceeding 1 %, allele 
frequencies below 0.05, and those located on non-autosomal chromo
somes were excluded.

2.4. Traits

Phenotypic traits were obtained through direct measurements and 
specific analyses. Residual feed intake was calculated as described by 
Silva Neto et al. (2023), based on the difference between observed and 
estimated intake adjusted for metabolic body weight and average daily 
gain. The trait W450 was determined from individual weighing con
ducted on animals between 405 and 495 days of age. Rib eye area was 
measured by ultrasound in animals aged 15 to 18 months. Images were 
captured between the 12th and 13th ribs of the Longissimus dorsi muscle 
using a 3.5-megahertz linear transducer coupled to a B-mode scanner 
(Aloka SSD 500, Tokyo, Japan), following the guidelines of the 

G. Gubiani et al.                                                                                                                                                                                                                                Livestock Science 306 (2026) 105919 

2 



Ultrasound Guidelines Council and the methodology of the Beef 
Improvement Federation (Hohenboken, 2002).

Contemporary groups (CG) were defined based on farm, year, season 
of birth, and management group for the traits W450 and REA. For RFI, 
the efficiency trial was also included in the CG definition. Contemporary 
groups with fewer than four records were excluded from the analysis, as 
were phenotypic records exceeding ±3 standard deviations from the CG 
mean. Additionally, the age of the animal at the start of the trial was 
included as a covariate in the model for RFI.

2.5. Scenarios

Two scenarios were evaluated to investigate the impact of progres
sively excluding either recent or historical phenotypic data on variance 
components and genomic predictions. For both scenarios, animals born 
in 2021 were used exclusively as a validation set, meaning their 
phenotypic records were removed from the prediction analyses. The 
training dataset was modified each year according to the truncation 
criterion of each scenario (retrospective or prospective), allowing the 
evaluation of how different reference set compositions influence vari
ance components and genomic predictions for young animals. In both 
scenarios, a specific reference year was defined as corresponding to the 
complete dataset (whole), from which annual temporal truncation was 
subsequently applied.

In the retrospective scenario (RS), the year 2020 was defined as the 
reference year corresponding to the complete dataset (whole), the 
phenotypic data from the most recent cohorts were sequentially 
excluded, starting with animals born in 2020 and moving backward to 
2013. At each annual truncation, phenotypic records of younger animals 
were removed from the dataset, retaining only individuals from older 
generations. The objective was to evaluate the impact of missing recent 
phenotypic data on the variance components and genomic predictions 
for young animals born in 2021.

In the prospective scenario (PS), the year 2013 was defined as the 
reference year corresponding to the complete dataset (whole), the 
phenotypic data from older cohorts were excluded sequentially, starting 
with animals born in 2013 and progressing to 2020. At each annual 
truncation, the oldest records were removed, preserving only the most 

recent phenotypic information. The objective was to assess the impact of 
excluding historical data on variance components, genomic predictions, 
and the accuracy of genomic prediction for young animals born in 2021. 
The number of animals with phenotypes, genotypes associated with 
phenotypes, and their proportion for each scenario and each trait are 
shown in Table 1.

2.6. Genetic parameters estimation

The analyses were performed using multi-trait mixed animal models 
based on pedigree information to estimate genetic parameters for REA, 
RFI, and W450 for each combination of year and phenotypic truncation 
scenario. The objective was to obtain specific values for additive genetic 
variance (σ²ₐ) and residual variance (σ²ₑ), adjusted to the data structure 
of each evaluated scenario. The (co)variances were estimated using the 
blupf90+ software, part of the BLUPF90 program family (Misztal et al., 
2014). The model used were as follows: 

y = Xβ + Zu + e (1) 

where y is the vector of phenotypic records, β is the vector of fixed ef
fects (CG and dam age at calving (DAC)) and linear and quadratic effects 
of animal age as covariates, X is the incidence matrix associating β with 
y, u is the vector of direct additive genetic effects, Z is the incidence 
matrix associating u with y, and e is the residual effect.

All random effects were assumed to follow multivariate normal 
(MVN) distributions. Specifically, the vector of additive genetic effects 
and the vector of residuals were modeled as follows: 

u ∼ MVN(0,A ⊗ V), ⋅e ∼ MVN(0, I ⊗ R) (2) 

where A is the pedigree-based relationship matrix, I is an identity matrix 
of appropriate dimensions, and V and R are the additive genetic and 
residual (co)variance matrices, respectively, defined as: 

V =

⎡

⎢
⎢
⎢
⎣

σ2
u1

σu12 σu13

σu21 σ2
u2

σu23

σu21 σu22 σ2
u3

⎤

⎥
⎥
⎥
⎦
; R =

⎡

⎢
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⎣

σ2
e1

σe12 σe13

σe21 σ2
e2

σe23

σe31 σe32 σ2
e3

⎤

⎥
⎥
⎥
⎦
;

Table 1 
Descriptive statistics, including number of records (N), mean, standard deviation, and number of genotyped animals, for W450, RFI, and REA across retrospective and 
prospective scenarios from 2013 to 2021.

Trait 2021 2020 2019 2018 2017 2016 2015 2014 2013

Retrospective W450 N 149.324 127.548 108.081 90.424 75.837 63.173 51.213 40.934 31.092
Mean 319.270 315.270 310.360 305.630 302.570 300.440 298.150 295.380 292.56
SD 58.108 56.820 55.397 54.131 54.352 54.340 55.664 56.442 57.348
Genotypes 43.481 29.874 19.762 13.349 9.033 5.952 3.441 960 130

RFI N 15.430 12.112 7.914 5.297 3.023 2.268 1.809 1.476 1.046
Mean − 0.00096 − 0.00077 − 0.00162 − 0.00201 − 0.00196 − 0.00086 − 0.00007 0.00089 − 0.00507
SD 0.732 0.722 0.702 0.713 0.746 0.714 0.655 0.644 0.64164
Genotypes 10.790 7.995 4.691 2.655 1.126 0.750 0.629 0.583 307

REA N 118.919 94.622 75.235 60.423 47.914 37.801 29.702 22.915 16.526
Mean 59.484 58.690 57.050 56.870 56.010 55.190 54.800 54.440 54.385
SD 11.802 11.881 11.313 11.276 11.347 11.497 11.598 11.657 11.955
Genotypes 48.800 30.506 16.883 9.052 4.466 2.140 0.174 0.138 103

Prospective W450 N 149.324 21.401 40.800 58.230 72.797 85.379 97.277 107.494 117.316
Mean 319.200 342.820 342.770 340.450 336.660 333.230 330.430 328.390 326.37
SD 58.194 60.111 58.580 57.818 56.857 56.938 56.326 56.228 56.326
Genotypes 43.483 13.607 23.719 30.132 34.448 37.529 40.040 41.922 43.352

RFI N 15.430 3.318 7.516 10.133 12.407 13.162 13.621 13.954 14.384
Mean − 0.00096 − 0.00165 − 0.00027 − 0.00041 − 0.00072 − 0.00098 − 0.00108 − 0.0012 − 0.00099
SD 0.732 0.769 0.762 0.742 0.729 0.735 0.742 0.741 0.73833
Genotypes 10.790 7.795 6.099 8.135 9.664 10.040 10.161 10.207 10.483

REA N 118.919 24.297 43.684 58.496 71.005 81.118 89.217 96.004 102.393
Mean 59.484 62.565 63.680 62.183 61.827 61.485 61.045 60.689 60.307
SD 11.802 10.957 11.441 11.725 11.522 11.402 11.451 11.513 11.568
Genotypes 48.800 18.294 31.917 39.751 44.334 46.660 48.626 48.662 48.697

W450, adjusted weight at 450 days; RFI, residual feed intake; REA, ribeye area. The retrospective scenario corresponds to the progressive exclusion of recent 
phenotypic information, while the prospective scenario corresponds to the sequential exclusion of older records.
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The conditional distribution of the phenotypes is: 

y|β, u ∼ N(Xβ+ Zu,R),

A is the relationship matrix, I is the identity matrix, and σ2
ui

, 
(

σuij

)
, 

σ2
ei, 

(
σeij

)
, where i, j = 1 for REA, 2 for RFI and 3 for W450, represent the 

respective direct additive genetic and residual (co)variances. An inverse 
scaled Wishart distribution with non-informative hyperparameters was 
used as the prior for all (co)variance matrices, and a flat (non-infor
mative) prior was assumed for the fixed effects vector β.

The resulting estimates were then used in the genetic value predic
tion stage, ensuring that each year was analyzed using its corresponding 
variance parameters, consistent with the level of phenotypic truncation 
applied.

2.7. Genomic prediction

The GEBV were predicted using the single-step genomic best linear 
unbiased prediction method (ssGBLUP) (Aguilar et al., 2010), imple
mented with the BLUP90IOD3 software (Lourenço et al., 2022; Misztal 
et al., 2014), based on the same model as Eq. (1). However, the as
sumptions considered for the genomic prediction model were: 
[

u
e

]

∼ N

[[
0
0

]

,

[
Hσ2

u 0
0 Iσ2

e

]]

, (3) 

Where I is an identity matrix with dimensions equal to the number of 
animals with records, and H represents the covariance structure among 
animals in the ssGBLUP framework (Legarra et al., 2009), with its in
verse defined as described by Aguilar et al. (2010): 

H− 1 = A− 1 +

[
0 0
0 G− 1 − A− 1

22

]

, (4) 

where A− 1
22 is the inverse of the pedigree-based relationship matrix for 

genotyped animals, and G− 1 is the inverse of the genomic relationship 
matrix. Estimates of variance components without incorporating 
genomic data were obtained using the BLUPF90+ program, part of the 
BLUPF90 software suite (Misztal et al., 2014; Lourenco et al., 2022).

2.8. Validation

The animals used for validation were selected from those born in 
2021, with complete genotype and phenotype information and no 
progeny records. The final validation set included 1423, 1487, and 1035 
animals for REA, RFI, and W450, respectively. The same set of validation 
animals was used across all analyses conducted between 2013 and 2020. 
Two datasets were used to evaluate the impact of phenotype removal: 
whole dataset, which included both genotypic and phenotypic data from 
the validation animals and was used to estimate the total GEBV (ûw ), 
and partial dataset, which for the validation animals included only 
genotypic data, excluding their phenotypes, to calculate the partial 
GEBV (ûp).

The whole dataset represents the biological benchmark, as it includes 
the phenotypes of the 2021 validation animals to estimate the true 
population parameters. In contrast, the baseline for genomic prediction 
corresponds to a validation setting in which the complete historical 
dataset (2013–2020) is retained, but the phenotypes of the 2021 cohort 
are masked to simulate a real validation setting.

This validation strategy simulates a practical scenario in genomic 
selection, where the genomic estimated breeding values of young ani
mals, that is, selection candidates, are predicted using phenotypic and 
genotypic information from proven or older animals in the population.

The impact of phenotype removal on genomic predictions was then 
evaluated using the linear regression (LR) method, followed the 
framework proposed by Legarra and Reverter (2018), and focused on 

comparing accuracy, bias, and dispersion parameters. The accuracy of 
genomic prediction was calculated as the square root of the partial 
reliability of the GEBV: 

âcc =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

cov
(
ûw, ûp

)

(1 − F)σ̂2
u

√
√
√
√ , (5) 

where ûw represents the whole GEBV, and ûp represent the partial 
GEBV, F is the estimated mean inbreeding coefficient for animals 
included in the validation set, and σ2

u is the additive genetic variance. 
The bias was estimated from the average genetic values: 

μwP =
ûp − ûw

σu
, (6) 

The dispersion was assessed by regressing the whole GEBV on the 
partial dataset of GEBV: 

bw,p =
cov

(
ûw, ûp

)

var
(
ûp
) , (7) 

where the regression coefficient bw,p is expected to have a value of 
E
(
bw,p

)
= 1 in the absence of overdispersion or underdispersion. Values 

below 1 indicate inflation or overdispersion, while values above 1 sug
gest deflation or underdispersion. According to Tsuruta et al. (2011), 
deviations of up to 5 percent from the expected value are typically 
considered accurate, whereas deviations of up to 15 percent are still 
regarded as acceptable.

3. Results and discussion

The present study investigated how the progressive reduction of 
phenotypic data influences variance components, as well as the accu
racy, bias, and dispersion of genomic predictions. The analysis of vari
ance components revealed distinct patterns between the retrospective 
and prospective scenarios, emphasizing the influence of the temporal 
structure of the data on the estimation of additive genetic variance, 
residual variance, and heritability, as presented in Table 2.

In the RS, a consistent reduction in genetic variance was observed for 
traits such as REA and W450 as the most recent data were removed. As 
noted by Dekkers (1992), additive genetic variance and the accuracy of 
predicted genetic values can be affected by both selection and data 
availability. In this case, the decrease in additive variance was more 
pronounced than the reduction in residual variance, leading to succes
sive declines in heritability. This pattern can be explained by the 
reduced amount of information available for estimating genetic pa
rameters, which can compromise accuracy, particularly when the data 
structure loses depth and connectivity. However, for the RFI trait, the 
behavior was the opposite: additive variance increased with the exclu
sion of the most recent data. In the early years of data collection, records 
originated mainly from research institutions, such as universities and 
experimental centers, involving a small number of farms with strong 
genetic connectivity among animals and more controlled environmental 
conditions. This composition of the initial database favored the esti
mation of high genetic variances and higher heritability, even with less 
diversity among herds. As the database expanded to include information 
from different herds, environmental and residual variability increased, 
resulting in lower estimates of genetic parameters.

In the PS, the behavior of the variance components was more erratic. 
For REA and W450, genetic variance remained relatively stable in the 
early stages of excluding older data but showed an initial upward trend, 
reaching a peak around 2019, before stabilizing at a slightly lower level 
in 2020 This indicates that the older data had little influence on the 
estimation of components. In contrast, the more recent records, which 
were more numerous and had a higher proportion of genotyped and 
phenotyped animals, sustained higher levels of additive variance and, 
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consequently, higher heritability. For RFI, the pattern again contrasted 
with that observed for carcass and weight traits. The removal of older 
data resulted in a less structured and less connected dataset, as feed 
efficiency records are limited to a small number of farms. This loss of 
structure compromised the consistency of the estimates. This resulted in 
inconsistent estimates of genetic variance, reinforcing that the impact of 
truncation is strongly influenced by the original composition of the 
database and the distribution of the trait across herds.

These findings emphasize that the temporal pattern of phenotypic 
data collection has a direct impact on the estimation of variance com
ponents, with both the representativeness and the distribution of records 
playing a critical role in the robustness of genetic parameter estimates 
(Pszczola et al., 2012). Additionally, as noted by Weng et al. (2016), trait 
heritability and the genetic connectedness between training and vali
dation populations are essential for enhancing predictive ability. Traits 
with lower heritability demand a larger number of generations with 
consistent records to achieve reliable estimates and are therefore more 
vulnerable to the removal of historical data (Mrode, 2014; Hollifield 
et al., 2021). In this sense, costly and difficult-to-measure traits such as 
RFI are more prone to fluctuations in genetic parameter estimates, as 
their records are typically concentrated in a limited number of farms. 
Maintaining a representative and continuously updated database under 
these conditions is essential to ensure the robustness of genomic pre
dictions and the reliability of selection decisions.

Obtaining phenotypic information in beef cattle still presents logis
tical and financial challenges, including the number of observations 
required, the need for skilled labor, and the variability of collection 
conditions (Akdemir and Isidro-Sánchez, 2019). Although advances in 
genotyping have reduced costs, phenotyping remains a major expense 

(Misztal et al., 2020), prompting questions about the necessity of 
continuous phenotype collection in genomic selection programs. Fig. 1
summarizes the results for REA, RFI, and W450, enabling the observa
tion of accuracy, bias, and dispersion trends of GEBV under progressive 
phenotypic data removal in both retrospective and prospective 
scenarios.

In RS, starting from the complete 2021 database and removing recent 
years down to 2013, prediction accuracy declined from 0.72 to 0.30 for 
REA, from 0.51 to 0.11 for RFI, and from 0.77 to 0.34 for W450. These 
losses were driven not only by the removal of contemporary records but 
also by the reduction in the number of observations and the proportion 
of animals with both genotypic and phenotypic information. For REA 
and W450, the decline in accuracy was further compounded by re
ductions in genetic variance over time, lowering heritability and pre
dictive ability. In contrast, RFI exhibited an increase in genetic variance 
due to the concentration of data on farms with strong genomic structure, 
although predictive ability was still limited by the absence of recent 
data. These findings underscore the importance of maintaining a 
comprehensive and up-to-date database to ensure strong connections 
between reference animals and young candidates for selection. Similar 
conclusions were drawn by Lourenco et al. (2014) and 
Cardona-Cifuentes et al. (2024), who emphasized that historical data 
often contribute less to the genetic evaluations of young animals, 
particularly after the adoption of genomics in breeding programs.

In PS, prediction accuracy remained virtually unchanged when 
removing historical records from 2013 through 2021, with accuracy 
varying only slightly from 0.72 to 0.73 for REA, from 0.51 to 0.50 for 
RFI, and from 0.76 to 0.77 for W450. This stability indicates that the 
availability of recent phenotypes was sufficient to sustain robust 
genomic predictions, even with the exclusion of older data. Maintaining 
updated phenotypic data strengthens the genomic connection between 
individuals in the reference and validation sets, thereby enhancing 
predictive ability. This link between connectivity and prediction accu
racy has been widely documented. Gondro et al. (2013) and Zhang et al. 
(2018) emphasize that the reliability of GEBV depends on the strength of 
the genetic relationships between training animals and selection can
didates. When this connection weakens, as observed in the RS, the 
ability of genomic models to capture true genetic relationships is 
reduced.

Bias also exhibited marked changes in the RS, moving from a near- 
zero bias (0.00) to − 0.77 for REA, from − 0.01 to 0.10 for RFI, and 
from − 0.02 to − 0.67 for W450, indicating a strong miscalibration when 
recent records were excluded. Studies such as Bussiman et al. (2023)
also highlight that excessive reliance on outdated data can increase bias 
and undermine prediction quality, suggesting that the careful exclusion 
of such data may be an effective strategy.

This genetic disconnect between candidates and the reference pop
ulation reduces the model’s ability to capture linkage disequilibrium 
between markers and quantitative trait loci (QTL), thereby compro
mising predictive ability (Calus et al., 2008; Daetwyler et al., 2008; 
Goddard, 2009). These differences can be attributed to the genetic ar
chitecture of each trait. RFI, with its lower heritability and greater 
environmental influence, depends more heavily on a representative and 
updated phenotypic database. In contrast, traits such as W450 and, to a 
lesser extent, REA, which have higher heritability and phenotypic rep
resentation, show greater predictive ability even as contemporary data 
are reduced.

In PS, bias showed only slight variations, remaining close to zero 
(0.00) for REA, ranging from − 0.01 to 0.02 for RFI, and from − 0.02 to 
0.01 for W450. These patterns indicate greater stability in predictions 
when the most recent data were retained. These findings underscore the 
importance of monitoring bias as a critical aspect of predictive accuracy, 
particularly for traits sensitive to the quality and timeliness of pheno
typic records.

The dispersion of genomic predictions was also influenced by data 
truncation. In RS, dispersion decreased from 1.010 to 0.921 for REA, 

Table 2 
Estimated variance components and heritability in retrospective and prospective 
scenarios for three productive traits in Nellore cattle.

Traits² Year Retrospective¹ Prospective¹

σ²a σ²e h² σ²a σ²e h²

REA whole 13.75 25.65 0.35 13.75 25.65 0.35
2021 13.71 25.68 0.35 13.71 25.68 0.35
2020 13.10 25.94 0.34 17.50 23.48 0.43
2019 11.92 25.90 0.31 18.65 23.87 0.44
2018 11.60 25.26 0.31 17.62 24.77 0.42
2017 11.01 24.53 0.31 16.00 26.03 0.38
2016 11.27 24.29 0.32 15.45 25.81 0.37
2015 10.40 24.43 0.30 14.93 25.94 0.36
2014 10.48 24.54 0.30 14.52 25.85 0.36
2013 9.65 25.56 0.27 14.45 25.61 0.36

RFI whole 0.09 0.45 0.17 0.09 0.45 0.17
2021 0.10 0.46 0.17 0.10 0.46 0.17
2020 0.09 0.45 0.17 0.09 0.52 0.15
2019 0.11 0.41 0.21 0.08 0.51 0.14
2018 0.11 0.42 0.21 0.09 0.48 0.15
2017 0.13 0.45 0.23 0.09 0.46 0.16
2016 0.13 0.41 0.25 0.08 0.48 0.14
2015 0.14 0.32 0.31 0.08 0.48 0.15
2014 0.15 0.29 0.34 0.08 0.48 0.15
2013 0.12 0.31 0.29 0.09 0.47 0.16

W450 whole 301.96 546.25 0.36 301.96 546.25 0.36
2021 303.85 542.11 0.36 303.71 543.26 0.36
2020 295.96 526.84 0.36 359.22 568.49 0.39
2019 290.69 522.93 0.36 422.42 516.11 0.45
2018 280.71 515.96 0.35 408.76 506.86 0.45
2017 278.29 516.01 0.35 386.85 507.76 0.43
2016 256.68 536.2 0.32 386.85 507.76 0.43
2015 242.79 547.7 0.31 364.26 515.75 0.41
2014 239.68 545.92 0.30 347.36 524.88 0.40
2013 254.93 542.97 0.32 333.19 528.53 0.39

σ²a, additive variance; σ²e, residual variance; h2, heritability; REA, rib eye area; 
RFI, residual feed intake; W450, adjusted weight at 450 days of age.
Note: Whole = benchmark dataset including phenotypes of validation animals 
(2021). 2021 = baseline prediction scenario in which phenotypes of 2021 ani
mals were masked for validation.
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from 0.888 to 0.372 for RFI, and from 0.961 to 0.679 for W450 when 
recent years were excluded, indicating progressive underdispersion and 
reduced reliability. In PS, dispersion remained near the target, showing 
no change for REA (1.010 in both 2013 and 2020), increasing from 
0.888 to 0.921 for RFI, and decreasing slightly from 0.962 to 0.952 for 
W450. This suggests that the presence of contemporary phenotypes 
supports better calibration of genomic models. According to Tsuruta 
et al. (2011), the ideal dispersion value is close to 1, with deviations up 
to 5 % considered acceptable. Therefore, the dispersion values obtained 
in the PS fall within the expected range, while those in the RS indicate 
reduced reliability in predictive estimates.

The proportion of genotyped animals among those phenotyped 
(Table 1) helps to explain the variations observed in the model’s pre
dictive ability. In RS, removing the most recent data drastically reduced 
this proportion, falling below 1 % for REA by 2015. This low genotypic 
representativeness weakened the connection between the reference and 
validation populations and negatively affected prediction quality. 
Studies such as Wolc et al. (2011) emphasize that genomic connectivity 
is essential for reliable estimates. In PS, retaining contemporary data 
maintained high proportions of genotyped animals, above 70 % until 
2018 for most traits, which supported the robustness of the predictions.

These results also support previous findings on the truncation of 
phenotypic and pedigree data. Granado-Tajada and Ugarte (2024), in 
dairy sheep, and Stein et al. (2023), in cattle, demonstrated that stra
tegically removing old data can enhance the accuracy of evaluations. 
Furthermore, Howard et al. (2018), Misztal et al. (2014), and Aguilar 
et al. (2011) showed that this approach can reduce the computational 
costs of genomic models, particularly in populations with large numbers 
of genotypes, such as the Nellore breed in Brazil.

Therefore, while excluding historical data may improve model effi
ciency, maintaining updated phenotypes and a high proportion of gen
otyped animals is essential to ensure robust genomic predictions. As 
emphasized by Meuwissen et al. (2001), Calus (2010), and Wolc et al. 
(2011), continuously updating the reference population is critical to 
prevent declines in prediction reliability across generations. Continuous 
phenotyping remains a strategic practice to keep models aligned with 
the current genetic landscape, thereby supporting the accuracy, stabil
ity, and effectiveness of predictions over time (Pszczola and Calus, 

2016).

4. Conclusion

The removal of historical phenotypic data proved to be an effective 
strategy for optimizing computational resources, as long as the database 
remains current and representative. Data from older generations 
contributed little to the prediction of young animals, particularly when 
genomic connectivity was low. In the retrospective scenario, excluding 
contemporary data impaired accuracy, with a greater effect on high 
heritability traits such as REA and W450, due to reduced genetic vari
ance and underdispersion of predictions. For RFI, heritability increased 
despite the decline in accuracy, reflecting the concentration of records in 
a limited number of farms. In the prospective scenario, removing older 
data preserved accuracy, bias, and prediction calibration, indicating that 
careful truncation can be safely applied in populations with strong 
genotypic representation, ongoing phenotyping, and updated pedigree 
information.
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