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ABSTRACT
Missing pedigrees are a common problem in most populations. Animals with unknown ancestors are usually treated as found-
ers; however, this can underestimate inbreeding, not properly account for different base populations, and bias breeding values. 
We aimed to assess the use of unknown parent groups (UPG) or metafounders (MF) to model missing pedigrees in a beef cattle 
population. Phenotypic and genotypic data from the Nellore improvement programme of the Brazilian Breeders and Researchers 
Association were used. The pedigree contained 3.8 M animals born between 1970 and 2022, of which 51,752 were genotyped. 
Records for scrotal circumference at 365 days old (SC365, N = 239,806), age at first calving (AFC, N = 560,785) and accumulated 
cow productivity (ACP, N = 269,330) were used. Four models were implemented: single-step GBLUP without explicitly dealing 
with missing pedigree (G0), with UPG (G1), with MF (G2) and with G accounting for group-specific allele frequencies (G3). UPG 
and MF were assigned based on commercial and registered herds (S1), uncertain paternity (S2) and patriarchs (S3). The accuracy 
and bias of predictions were assessed using the linear regression (LR) method. Linear, single-trait animal models were used for 
SC365 and AFC, and multi-trait for ACP. Heritability estimates ranged from 0.07 to 0.40. Compared to G0, accuracy was slightly 
higher in G2S2 and G2S3 (0.70 vs. 0.71) for SC365, G2S3 (0.49 vs. 0.51) for AFC, G1S2 for ACP (0.67 vs. 0.71). Bias was small in all the 
scenarios (≤ 0.06 SD), except of ACP that presented a great bias, including MF. Overall, G1 and G2 had similar accuracy, possibly 
because of the limited number of genotyped animals linked to MF. Centring the genomic relationship matrix by patriarchs' allelic 
frequencies resulted in similar accuracy and bias to the MF models. Replicating the study with a larger database containing more 
genotyped animals connected to MF could help improve the MF estimates, and thus, prediction accuracy and bias.

1   |   Introduction

Missing pedigrees are common in livestock populations. 
Animals whose parents are missing are treated as unrelated, 
non-inbred founders of the population. These animals have an 
expected breeding value of zero, regardless of their generation 
in the pedigree. However, animals with unknown parents come 

from different generations and refer to different base popula-
tions (Tsuruta et al. 2011; Kluska et al. 2018). Assuming animals 
with missing pedigrees are founders is a wrong assumption 
that leads to underestimation of inbreeding and additive rela-
tionships. This results in incompatibility between pedigree and 
genomic relationships in single-step GBLUP models and, ulti-
mately, biased predictions (Legarra et al. 2015).
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For pedigree-based models, Quaas  (1988) proposed to replace 
unknown parents for group effects (also known as unknown 
parent groups; UPG), able to account for the change in the ge-
netic trend that is not accounted for by incomplete pedigree 
relationships. In practice, UPG can be defined based on birth 
year, sex and breed composition and proven to alleviate the 
bias of pedigree-based breeding values (Legarra et  al.  2007). 
Nowadays, single-step GBLUP (Legarra et  al.  2009; Aguilar 
et  al.  2010) is the most used method for breeding values pre-
diction because of its flexibility to incorporate genotyped and 
non-genotyped animals in a combined relationship matrix (H). 
The UPG methodology may not eliminate the bias in breeding 
values derived from single-step GBLUP models due to differ-
ences between the pedigree and genomic relationships (Masuda 
et al. 2022). Furthermore, the UPG are assumed to be unrelated 
as this theory was derived under pedigree-based relationships 
(Legarra et al. 2015).

The UPG have been incorporated into single-step GBLUP 
through a modification of H−1 and in some cases have decreased 
the bias and inflation of GEBV (Tsuruta et  al.  2011; Masuda 
et  al.  2021). However, in some situations, incompatibility be-
tween the genomic (G) and pedigree (A) relationship matrices 
can result in biased predictions (Misztal and Legarra  2017). 
Because not all animals in the pedigree are genotyped, and to 
solve the incompatibility, the matrices need to refer to the same 
base population. Legarra et al. (2015) proposed the metafound-
ers (MF) theory that generalises and extends the concept of 
UPG. The main idea is to modify A to ensure compatibility with 
G. The MF are fictitious individuals treated as both the father 
and mother of the base population, having within and across re-
lationships derived from genomic information, facilitating the 
handling of common ancestry among individuals who would 
otherwise appear unrelated based on pedigree information.

A fundamental assumption of the MF approach is the construc-
tion of G with allele frequencies equal to 0.5, as stipulated by 
Christensen  (2012), and their utility has been demonstrated 
across various datasets, including those in livestock (Koivula 
et  al.  2021), sheep (Granado-Tajada et  al.  2020), pig breeding 
(Xiang et al. 2017) and simulated data in dairy cattle (Garcia-
Baccino et al. 2017).

Another strategy to enhance the compatibility between ma-
trices G and A and alleviate bias and dispersion was devised 
by Lourenco et  al.  (2016); in this approach, breed-specific (or 
group-specific) allele frequencies are used to construct G. This 
matrix is centred to fix the mean values of the allele effects to 
zero, and it is adjusted to the specific allele frequencies of each 
founder breed, providing greater consistency between the coef-
ficients of relationship of genotyped and non-genotyped individ-
uals (Makgahlela et al. 2013).

Using tools capable of increasing accuracy and reducing the 
bias of genomic evaluations in young animals is of utmost im-
portance to achieve a more significant response to selection, as 
well as being effective strategies for reducing genotyping and 
phenotyping costs. Studies with MF, UPG and group-specific G 
in Nellore beef cattle for traits related to reproduction, longevity 
and production are still scarce in the literature. Our aim in this 
study was to evaluate the effect of using one or multiple MF and 

UPG in predicting the estimated genomic breeding values using 
single-step GBLUP and verify the impact of building G with 
patriarch-specific allele frequencies on genomic predictions for 
SC365, AFC and ACP in the Nellore breed.

2   |   Material and Methods

2.1   |   Data

Phenotypic and genotypic data from the Nellore improve-
ment program of the Brazilian Breeders and Researchers 
Association (ANCP) were used. ANCP provided us with re-
cords for scrotal circumference (SC365), age at first calving 
(AFC) and accumulated cow productivity (ACP). Because 
data were obtained from existing databases, the approval of 
the Animal Care and Use Committee was not needed for this 
study. SC365 was measured in centimetres with a measuring 
tape, from 9 to 18 months of age in intervals of 3 months, fol-
lowed by linear adjustment for 365 days. AFC was simply the 
age in months at the cows' first calving. ACP represents the 
average calf weaning weight per year per cow, calculated as in 
Lôbo et al. (2000):

where WW is the mean calf weaning weight (kg), nc the total 
number of calves produced, Ca is the constant equal to 365 days 
to express fertility on an annual basis, ALC is the age of the cow 
at last calving (days) and Ci is the constant equal to 450 days, re-
flecting the expectation that first calving will occur at 30 months 
of age.

The pedigree contained information on 3,835,379 animals born 
between 1970 and 2022. For all traits, contemporary groups (CG) 
were created by concatenating farm, birth year, birth season and 
weaning management group classes. The CG with less than five 
records was removed from the dataset. Additionally, any pheno-
typic records (within CG) deviating from CG mean ± 3 standard 
deviations were also removed. A total of 51,752 animals were 
genotyped with a panel containing 65,436 single-nucleotide 
polymorphisms (SNP) (CLARIFIDE Nelore 4.0). Genotype qual-
ity control excluded SNPs monomorphic, minor allele frequency 
(MAF) less than 5%, call rate less than 90% (SNPs & animals) 
and parent-progeny conflicts (SNPs & animals) performed using 
preGSF90 software (REF), leaving 35,871 markers for subse-
quent analyses. These evaluations were standardised by sub-
tracting the mean EBV of animals born in 2015 (highest number 
of animals with phenotypes and genotypes available) from all 
breeding values. A summary of the data descriptive statistics is 
presented in Table 1.

2.2   |   Statistical Model for Variance Components 
Estimation and Breeding Values Prediction

A linear model was used to analyse SC365, AFC and ACP, con-
sidering fixed effects of CG and random additive animal effects. 
Under matrix notation, this model can be written as:

(1)ACP =
WW × nc × Ca

ALC − Ci

(2)y = X� + Zu + e
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where: y is the vector of phenotypic observations (SC365, AFC 
or ACP); � is the vector of fixed effects (CG); u is the vector of 
random additive animal effects; e is the vector of random resid-
uals; X is the incidence matrix relating the effects in � to obser-
vations in y; and Z is the incidence matrix relating the levels in 
u to observations in y.

Under the multivariate normality assumption, the (co)variance 
matrix for the random effects is given by:

where: A is the pedigree-based relationship matrix; I is an iden-
tity matrix of proper order; σ2u is the additive genetic variance for 
the trait being analysed and σ2e is the residual variance. σ2u and 
σ2e for SC365, AFC and ACP were obtained through average in-
formation restricted maximum likelihood using the BLUPF90+ 
software (Misztal et al. 2014; Lourenco et al. 2022) without ge-
nomic information. Single-trait analyses were conducted for 
SC365 and AFC, while a multi-trait analysis was performed 
for ACP using SC365 and AFC as a base. The objective was to 
enhance the prediction of ACP by leveraging the larger amount 
of information available for the other two traits. The multi-trait 
analysis aimed to benefit ACP, a trait selectively measured in fe-
males and correlated with SC365 and AFC, which are measured 
earlier in the animals and have more data.

2.3   |   Genomic Predictions

For all traits, four predictions were obtained: 1) regular ssGBLUP 
(G0); 2) ssGBLUP with MF (G1); 3) ssGBLUP with UPG as fixed 
effects (G2) and 4) regular ssGBLUP but G was constructed 
using patriarch-specific allele frequencies (G3).

Without UPG or MF (G0), the covariance structure among ani-
mals (H) in ssGBLUP was as in Aguilar et al. (2010) and the G 
matrix was constructed according to Vanraden (2008).

With MF (G1), allele frequencies were assumed to be 0.5 to 
centre G (Christensen  2012), and A was modified with a ma-
trix � whose entries are relationship coefficients among MF. 
Legarra et  al.  (2015) when coining the term MF as a pseudo-
individual that allows for different averages in the base popu-
lation, it showed that 0.5 allele frequencies are a natural choice, 
because allelic frequencies can be seen as nuisance parameters 
and therefore can be marginalised (Garcia-Baccino et al. 2017). 
Going back to Christensen (2012) results, the A, considering a 

‘related base’ is A� = I
(
1 − �

2

)
+ J� and G should be constructed 

as G =
ZZ�

s
 where Z contains values { − 1, 0, 1} (i.e., p = 0.5). What 

Legarra et al. (2015) proposed was an extension of Christensen's 
results allowing for multiple base populations, and considering 
the H−1 matrix we would have:

where A� and A�
22 are equivalent to A−1 and A−1

22  modified by �, a 
positive-definite matrix given by:

where γi is the relationship within the ith MF and γi,j is the re-
lationship between the ith and jth MF. � was estimated using 
pedigree and genomic information by generalised least-squares 
according to Garcia-Baccino et al. (2017).

When UPG were considered (G2), the altered Quaas-Pollak (QP) 
transformation (Tsuruta et al. 2019; Masuda et al. 2022) was used 
to consider groups in A and in G. In this case, H−1 is given by:

where A∗ is the inverse of the additive relationship matrix 
based on QP transformation; G−1 is the inverse of the ge-
nomic relationship matrix, constructed based on method I of 
Vanraden (2008); A−1

22  is the inverse of the pedigree relationship 
matrix among genotyped animals; and Q is a matrix relating 
genotyped animals with UPG. UPG and MF were assigned 
based on missing pedigrees from commercial and registered 
herds (S1), if the animals had one or both parents' unknown 
(S2), and patriarchs (animals born in Brazil, sons of imported 
animals) (S3). In Brazil, registered animals are evaluated to-
gether with commercial (non-registered) animals, as com-
mercial herds often utilise genetics from registered herds. 
This practice promotes genetic connectivity between the two 
populations. Ten patriarchs were chosen based on ANCP pro-
ducers' demand, who are more likely to use bulls descended 
from the first animals brought from India to Brazil, and who 

(3)Var

[
u

e

]
=

[
Aσ2u 0

0 Iσ2e

]

(4)
(
H�

)−1
=
(
A�

)−1
+

[
0 0

0 G−1
05 −

(
A�
22

)−1
]

(5)� =

⎡⎢⎢⎢⎢⎢⎣

γ1 γ1,2 ⋯ γ1,n

γ2,1 γ2 ⋯ γ2,n

⋮ ⋮ ⋱ ⋮

γn,1 γn,2 ⋯ γn

⎤⎥⎥⎥⎥⎥⎦

(6)H∗ = A∗ +

⎡⎢⎢⎢⎣

0 0 0

0 G−1−A−1
22 −

�
−A−1

22

�
Q2

0 −Q�
2

�
−A−1

22

�
Q�

�
−A−1

22

�
Q2

⎤⎥⎥⎥⎦

TABLE 1    |    Number of phenotypic records (N), mean, standard deviation (SD), minimum and maximum for scrotal circumference at 365 days 
(SC365), age at first calving (AFC) and accumulated cow productivity (ACP) traits in Nellore breed.

Traits N Mean (SD) Minimum Maximum

SC365 (cm) 239,806 21.16 (2.69) 9.5 34.6

AFC (months) 560,785 35.86 (6.09) 21 49

ACP (kg/year) 269,330 148.20 (33.95) 43 466
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have a greater influence on genetic evaluations. These patri-
archs are descendants of Nellore breed lineages imported from 
India to Brazil, primarily originating from the Ongole region 
in Andhra Pradesh. The importation, which began in 1870 
during the colonial period, included highly influential bulls 
such as Kavardi, Taj Mahal, Kurupathy, Golias, Godhavari and 
Rastã (Magnabosco et al. 1997). A summary of the evaluation 
scenarios is presented in Table 2.

When G accounted for patriarch-specific allelic frequencies 
(G3), it was constructed according to Lourenco et al. (2016) as 
follows:

where M is the gene content matrix; Pk contains twice the allele 
frequency of the kth MF; and pjk is the allele frequency at the jth 
locus for the kth MF. It is worth noting that when allele frequen-
cies are considered homogeneous across MF, this results in the 
G as in Vanraden (2008).

2.4   |   Evaluation of Model Performance

Scenarios were compared using linear regression (Legarra and 
Reverter  2018) method. The whole dataset (represented by sub-
script w) included all sources of information for all animals (re-
cords from 1970 to 2021). Two partial datasets were created, 
removing either the last 2 years of data (only for SC365 and AFC) 
or the last 3 years of data (only for ACP). This was done to ensure 
enough number of focal animals for the validation. Focal animals 
were young, genotyped individuals without their own (or progeny) 
records in the partial dataset (Table 3). The whole dataset can be 
interpreted as the posterior confirmation of the validity of the selec-
tion decisions. In contrast, the partial dataset represents the eval-
uation conducted during selection decisions (Macedo et al. 2020).

The validation statistics were accuracy, bias, dispersion and cor-
relation, computed as follows:

where cov( ∙ ) is the sample covariance; ûw is the vector of GEBV 
from the whole dataset; ûp is the vector of GEBV from the partial 
dataset; F is the average pedigree-inbreeding coefficient for focal 
animals; σ̂2u is the estimated additive genetic variance; ûp is the av-
erage of ûp (likewise for ûw) and var( ∙ ) is the sample variance.

3   |   Results and Discussion

3.1   |   Variance Components and Heritability

Variance components and genetic parameters are presented in 
Table 4. Direct heritability for SC365 (0.40) was similar to those 
reported by Kluska et al.  (2018) (0.48), Silva Neto et al.  (2020) 
(0.33), Carvalho Filho et  al.  (2020) (0.47) and Negreiros 
et al.  (2022) (0.36), suggesting that it is possible to achieve ge-
netic progress when selecting for SC365. Additionally, the heri-
tability estimates for AFC (0.07) and ACP (0.12) indicate a larger 

(7)G = ZZ�, with Z =
(
M − Pk

)
∕

[
2

m∑
j= 1

pjk
(
1 − pjk

)]

(8)accuracy = âcc =

√√√√ cov
(
ûw, ûp

)
(
1 − F

)
σ̂
2
u

(9)bias = Δ̂wp =
ûp − ûw

�u

(10)dispersion = b̂w,p =
cov

(
ûw, ûp

)

var
(
ûp

)

(11)correlation = corr =
cov

(
ûw, ûp

)
√
var

(
ûw

)
var

(
ûp

)

TABLE 2    |    Scenarios tested for longevity and reproductive traits in 
the evaluation of Nellore breed using UPG and MF.

Definition

G0 G default with the current allele frequencies, 
constructed as Vanraden (2008)

G3 G matrix was centred and scaled by MF patriarchs 
specific allele frequencies as in Lourenco et al. (2016)

S1 Commercial and registered herd

S2 Paternity: both parents unknown and 
just one of the parents is unknown

S3 Patriarchs: Ludy de Garça, 1646 da M.N., 
Riacho da OB, Rambo da Mundo Novo, Zefec 

Abdala, Rapilho da SI, Fajardo da GB, Nurmahal 
Col, Paysandu de Nav and Voltaire TE J

Abbreviation: G0, model without UPG and MF.

TABLE 3    |    Number of records in the whole and partial datasets and 
validation animals used in LR method for the different scenarios for 
longevity and reproductive traits in Nellore breed.

SC365 AFC ACP

Whole 239.806 560.785 269.330

Partial 222.318 546.595 251.266

Validationa 17.488 14.190 18.064

Years of validation 2020–2021 2019–2020 2017–2019
aYoung animals with genotypes and phenotypes.

TABLE 4    |    Variance components estimates and heritabilities for 
longevity and reproductive traits in Nellore breed.

Traits �
2
d

�
2
e h2

d
 ± SD

SC365 1.24 1.87 0.40 ± 0.08

AFC 1.41 17.81 0.07 ± 0.03

ACP 72.68 551.74 0.12 ± 0.05

Abbreviations: �2
d
, additive variance in liability scale; �2e, residual variance in 

liability scale.
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environmental effect on these traits, supporting prior research 
on Nellore cattle (Kluska et  al.  2018; Silva Neto et  al.  2020; 
Negreiros et al. 2024).

Moreover, our heritability estimates were consistent with those 
found in other studies. The relatively low heritability observed, 
particularly in reproductive traits, may be attributed to factors 
such as population structure, the statistical model employed for 
variance component estimation and the gradual reduction of 
genetic variance in populations subjected to selection (Hidalgo 
et al. 2020).

3.2   |   Relationship Within and Across MF (�)

Within-group relationships (diagonal of �) were smaller than one, 
while between-group relationships (off-diagonal of �) were dif-
ferent from zero across all three scenarios (S1, S2 and S3). In �1, 
relationships within the group ranged from 0.71 to 0.72, whereas 
between the two groups, it was 0.70. �2 represents the relationships 
for S2, with within-group values ranging from 0.70 to 0.73 and a 
between-group value of 0.70. Furthermore, �3 depicts the relation-
ships for S3, with within-group values ranging from 0.71 to 0.77 
and between-group values ranging from 0.68 to 0.72:

The values observed on the diagonal are considered high be-
cause the individuals within MF share many alleles identical by 
descent (IBD). Additionally, the off-diagonal values indicate that 
the MF also share a significant proportion of their genetic base, 
as evidenced by their highly similar allele frequencies. This pat-
tern can be attributed to the origin of the first animals imported 
from India, which gave rise to the patriarchs used as MF. These 
animals likely descended from a limited number of founders, re-
sulting in a narrow genetic base.

In commercial and registered herds, there is commonly an in-
tense genetic flow between these groups due to the shared use 

of sires and reference genetics. This interconnection reduces 
differences in allele frequencies among MF, thereby increas-
ing their genetic correlation, as indicated by the off-diagonal 
values. Finally, regarding individuals with unknown paternity, 
even though they lack parental information in the pedigree, 
they belong to the same general population. As a result, they 
share a significant proportion of allele frequencies with other 
MF, which explains the high correlation values observed off 
the diagonal.

Legarra et al. (2015) discussed the significance of relationships 
within MF, where a value less than one suggests negative in-
breeding, indicating divergence from the base population. 
Conversely, values exceeding one denote inbreeding within 
the base population, reflecting a higher degree of relatedness. 
Positive relationships observed across MF pairs imply overlap-
ping ancestor populations. On the other hand, negative values 
signify population divergence, highlighting distinct genetic 
lines. Moreover, the base populations are unrelated when the 
relationship between MF pairs equals zero. In genetic evalua-
tions, a gamma value different from zero between MF is crucial 
for incorporating MF into the system. This is because a gamma 
equal to zero implies that MF is equal to UPG, as highlighted by 
Bradford et al. (2019) and Kluska et al. (2021).

We identified substantial relationships within and across MF, 
indicating a robust association significantly different from 
zero. Bradford et al. (2019) illustrated relationships within MF 
ranging from 0.54 to 0.71 in a simulated dairy cattle popu-
lation. Similarly, Legarra et al.  (2015) observed relationships 
of 0.55 and 0.77 in Holstein and Jersey breeds, respectively. 
Exploring the relatedness of parental lines, van Grevenhof 
et al.  (2018) uncovered correlations between MF of 0.17 and 
0.74. Kluska et al. (2021) conducted a study with the Montana 
composite cattle, revealing relationships within four and ten 
MF, ranging from 0.15 to 0.38 and 0.15 to 0.65, respectively. 
Furthermore, relationships across MF ranged from 0.09 to 
0.18 and − 0.11 to 0.23. Negative values in a composite popula-
tion are expected once they indicate genetic divergence from 
the base. In our study, regardless of the MF definition, a strong 
association between the different populations was found. This 
could be interpreted as commercial and registered popula-
tions being genetically one single population or that regarding 
the use of different genetic lines (i.e., patriarchs) there is no 
different base in the population. Under this reasoning, little to 
no effect of MF in the validation statistics could be expected 
since treating the entire population as having a single base 
seems to be adequate.

3.3   |   Validation

Accuracy and bias of genomic predictions for the validation 
animals in each scenario and trait are shown in Figure 1 and 
Table 5. An effective model must be capable of accurately pre-
dicting breeding values or future phenotypes, as this accuracy 
is essential for achieving genetic gain. The G0 model resulted in 
an accuracy of 0.70 (SC365), 0.49 (AFC) and 0.67 (ACP). Among 
these, AFC showed a decrease in the model G1S1 (0.45) incorpo-
rating MF compared to G0. The accuracy for SC365 remained 
consistent at 0.70 across all three MF models.

(12)�1 =

[
0.71 0.70

symm. 0.72

]

(13)�2 =

[
0.73 0.70

symm. 0.70

]

(14)

�3 =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

0.77 0.69 0.71 0.70 0.72 0.72 0.71 0.72 0.71 0.70

0.71 0.69 0.69 0.70 0.69 0.69 0.69 0.69 0.68

0.72 0.70 0.71 0.71 0.71 0.71 0.70 0.69

0.71 0.70 0.70 0.69 0.70 0.70 0.69

0.73 0.71 0.71 0.71 0.71 0.69

0.74 0.71 0.71 0.70 0.70

0.75 0.71 0.70 0.70

0.74 0.71 0.69

0.72 0.69

symm. 0.72

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
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The model G1S2 led to improved accuracy for both AFC (0.50) 
and ACP (0.70). The accuracy for AFC and ACP in the model 
G1S3, as well as ACP in the model G1S1, remained unchanged 
with the inclusion of MF. When considering the use of UPG rela-
tive to the model G0, SC365 remained stable and AFC decreased 
to 0.48 in the model G2S1, and ACP decreased in all models to 
0.62. In the G3 model, where patriarch-specific allelic frequen-
cies were accounted for G, there was an increase in accuracy for 
ACP (0.68), while the accuracy for SC365 and AFC remained 
unchanged.

Several studies have highlighted the advantages of using MF 
in genomic evaluations. Bradford et  al.  (2019) found a signifi-
cant increase in accuracy when using MF compared to the 
UPG in a dairy cattle population. Similar results were observed 
by Kudinov et  al.  (2022) in red dairy cattle and by Macedo 
et  al.  (2020) in sheep. Londoño-Gil et  al.  (2024), employing a 
multi-racial approach (Nellore, Brahman, Guzerat and Tabapua) 
and Kluska et al. (2021) working with Montana composite cat-
tle found considerable increases in accuracy when using MF 
for weight and SC365. Garcia-Baccino et  al.  (2017) and van 
Grevenhof et al. (2018) tested models with and without MF and 
found a small or no difference in accuracy.

FIGURE 1    |    Accuracy and bias for genomic predictions of the validation animals according to the studied trait. Abbreviations: ACP, accumulated 
cow productivity; AFC, age at first calving; G0, without MF and UPG; G1, MF; G2, UPG; G3, G accounted for patriarch-specific allele frequencies; S0, 
without MF and UPG; S1, commercial and registered herd; S2, paternity; S3, patriarchs; SC365, scrotal circumference. [Colour figure can be viewed 
at wileyonlinelibrary.com]

TABLE 5    |    Accuracy and bias of non-genotyped and genotyped 
animals comparing the ssGBLUP predictions between models and 
traits.

Models

SC365 AFC ACP

Acc δ Acc δ Acc δ

G0 0.70 0.06 0.49 −0.05 0.67 0.06

G1S1 0.69 0.03 0.45 −0.03 0.67 0.19

G1S2 0.69 0.03 0.50 −0.03 0.70 0.20

G1S3 0.69 0.03 0.49 −0.03 0.67 0.16

G2S1 0.70 0.04 0.48 −0.04 0.64 −0.02

G2S2 0.70 0.04 0.50 −0.04 0.62 −0.02

G2S3 0.70 0.04 0.51 −0.04 0.62 −0.02

G3 0.70 −0.20 0.49 0.04 0.68 0.40

Abbreviations: δ, bias; acc, accuracy; ACP, accumulated cow productivity; 
AFC, age at first calving; G0, without MF and UPG; G1, MF; G2, UPG; G3, 
G accounted for patriarchs MF specific allele frequency; S1, commercial and 
registered herd; S2, paternity; S3, patriarchs; SC365, scrotal circumference at 
305 days.
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The contribution of G to the breeding value estimates is reduced 
when the number of genotyped animals is limited, and the in-
crease in accuracy with genomic information tends to be modest 
(Lourenco et al. 2015). The accuracy of genomic predictions is 
influenced by the number of genotyped animals connected with 
MF, the quantity of markers, the size of training and validation, 
and heritability (Gondro et al. 2013; Cesarani et al. 2021; Melo 
et al. 2024).

Even though the models are still accurate, our results sug-
gest that using MF may not increase the accuracy of GEBV. 
According to Bradford et  al.  (2019), the accuracy of GEBV is 
more related to the trait's heritability than to the inclusion of MF 
or UPG in ssGBLUP. It was anticipated that traits with high her-
itability would exhibit an improvement in prediction accuracy, 
as observed by Bradford et al. (2019). Using simulated data for 
a trait with a heritability of 0.30, they reported an improvement 
in accuracy from 0.36 to 0.77 when applying ssGBLUP with 
MF, when compared to models without correction for miss-
ing pedigree. However, our results did not confirm this trend. 
Interestingly, two traits with low heritability, AFC and ACP, 
showed significant benefits. Bradford et al. (2019) also demon-
strated, through simulated data for a trait with a heritability of 
0.10 (considered low), that the MF model using ssGBLUP was 
among the best performers, yielding an accuracy of 0.64 and a 
bias of −0.01.

Low-heritability traits generally respond less effectively to di-
rect selection due to a lower proportion of additive genetic vari-
ance. However, the use of methodologies such as MF and UPG 
enhances the capture of information on the animals' genetic 
origins, enabling bias correction in GEBV. Additionally, by in-
troducing MF, a relationship is assumed among founders that 
share similar genes, which facilitates the capture of additional 
variability and provides a more robust foundation for traits with 
challenging genetic prediction, such as AFC and ACP. This net-
work of related founders contributes to a more consistent and 
robust genetic evaluation across generations.

Model G0 resulted in no bias for all studied traits (0.06 for SC365, 
−0.05 for AFC and 0.06 for ACP). Models using MF for SC365 
and AFC or UPG for SC365, AFC and ACP presented bias close 
to zero, ranging from −0.02 to 0.04. Negative bias indicates an 
underestimation of GEBV (Legarra and Reverter 2018; Kluska 
et al. 2021) and were found for AFC using models with MF and 
UPG. According to Bradford et al. (2019), animals are more im-
pacted by UPG when recent pedigree information is lacking, as 
A−1
22

 reflects only known pedigree relationships, whereas the in-
verse of G accounts for all genetic relationships, even in the ab-
sence of complete pedigree data. Therefore, it was expected that 
models incorporating MF would exhibit less bias compared to 
those using UPG. The highest values of bias were found for ACP, 
showing an increase from −0.02 to 0.20 between models with 
UPG and MF. The highest bias for ACP was observed in model 
G3 (0.40), which used the G matrix centred on the allele frequen-
cies of the MF. Similarly, model C3 resulted in greater bias for 
SC365 (−0.20). In the context of genomic prediction, the ideal 
scenario is to obtain bias values close to zero, indicating that 
predicted values are neither systematically overestimated nor 
underestimated. The increase observed with the use of MF may 
be attributed to an insufficient number of genotyped animals to 

accurately estimate MF effects, particularly since the number 
of genotypes and phenotypes varied across traits and with the 
dataset structure.

Another possible explanation for the increased bias in ACP 
could be selective phenotyping, considering the trait's low her-
itability and the fact that not all animals have available data, 
as females must complete the production cycle to be phenotype. 
This trait is not directly measured but is based on a calculation 
that includes the calving index, number of calves and weaning 
weight during the female's time in the herd. Additionally, it de-
pends on the AFC, the interval between calvings and how long 
the cows stay in the herd (Lôbo et al. 2000).

Overall, compared to the G0 model, MF helped reduce bias for 
SC365 and AFC, which are less influenced by selective phe-
notyping, whereas UPG benefited all traits. However, using 
MF in the multi-trait model increased the bias for ACP. In the 
G3 model (highest bias for SC365 and ACP), which incorpo-
rates patriarch-specific allele frequencies into the matrix G, 
an increase in bias was observed for both SC365 (−0.20) and 
ACP (0.40). This increase in bias could be attributed to the 
effects of allele frequency weighting, which may fluctuate due 
to genetic drift and selection. When allele frequencies in the 
base population are accounted for, particularly under the as-
sumption that founders in this population are non-genotyped 
but connected through pedigree information, these effects 
can become more pronounced (Neshat et al. 2023). The same 
authors also noted that inaccuracies in pedigree information 
can make it challenging to accurately trace founders and es-
tablish the true base allele frequencies. However, genotypic 
data can still capture substantial information about these fre-
quencies, providing a more reliable estimate than pedigree 
data alone, though the absence of precise pedigree records 
may still introduce some uncertainty. Based on the results ob-
tained and in comparison with findings from the literature, 
defining MF based on patriarchs may not improve accuracy 
and could increase the bias, especially for ACP, as observed in 
the G3 model where the patriarch-specific allele frequencies 
were used.

Londoño-Gil et al.  (2024) found an increase in bias for weight 
at 450 days for Brahman and Guzerat, as well as SC365 for all 
breeds when using MF. The authors also mentioned that if 
the animals are related solely through A22 rather than G, the 
mismatch between these matrices can introduce bias and re-
sult in a loss of accuracy. In contrast to our findings, Bradford 
et al. (2019), in a simulation study, found an increase in bias in 
pedigree-based models when UPG were used to fill in pedigree 
gaps. Kluska et al. (2021), working with the Montana composite 
beef cattle, found that including UPG in pedigree-based models 
resulted in higher bias. The authors explained that the complex 
population structure is the main factor causing bias. In general, 
lower bias estimates indicate that MF and UPG effectively cap-
ture the population's genetic structure. This robustness suggests 
the model can accurately manage incomplete pedigree informa-
tion, leading to more accurate genetic evaluations. It is import-
ant to highlight that the positive or negative effects observed 
from the different methods are highly influenced by the data 
structure, which should be considered when interpreting the 
results (Himmelbauer et al. 2024). This explains why different 

 14390388, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jbg.12947 by C

apes, W
iley O

nline L
ibrary on [24/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



20 Journal of Animal Breeding and Genetics, 2026

studies reached different conclusions about the same method 
(Bradford et al. 2019).

Correlation between GEBV from different models, as well as 
dispersion, is shown in Figure  2 and Table  6. The dispersion 
(i.e., slope), which can be observed, particularly when selection 
candidates span across various generations or possess varying 
degrees of information (Piccoli et al. 2018; Kluska et al. 2021). 
Correlations ranged from 0.81 to 0.96, whereas dispersion had a 
smaller amplitude, between 0.86 and 0.95.

For the SC365 trait, the models show similar correlations, rang-
ing from 0.80 to 0.81, and dispersion between 0.93 and 0.94. This 
pattern suggests that the inclusion of MF or UPG does not bring 
significant changes in accuracy for this trait. This stability may 
be attributed to the nature of this trait, which appears less de-
pendent on different relationship parameterisations. For AFC, 
a more significant impact of modelling MF and UPG effects is 
observed, with correlations ranging from 0.80 (G0) to 0.96 (G1S2, 
G1S3, G2S1, G2S2, G2S3 and G3). These results indicate that the 
inclusion of MF or UPG substantially improves predictive ac-
curacy for AFC, possibly due to the higher genetic and envi-
ronmental complexity associated with this reproductive trait. 

FIGURE 2    |    Correlation and dispersion for genomic predictions of the validation animals according to the studied trait. Abbreviations: ACP, accu-
mulated cow productivity; AFC, age at first calving; G0, without MF and UPG; G1, MF; G2, UPG; G3, G accounted for patriarchs MF specific allele 
frequency; S0, without MF and UPG; S1, commercial and registered herd; S2, paternity; S3, patriarchs; SC365, scrotal circumference. [Colour figure 
can be viewed at wileyonlinelibrary.com]

TABLE 6    |    Correlation and dispersion of non-genotyped and 
genotyped animals comparing the ssGBLUP predictions between 
models and traits.

Models

SC365 AFC ACP

Corr b1 Corr b1 Corr b1

G0 0.81 0.93 0.80 0.70 0.88 0.91

G1S1 0.80 0.94 0.95 0.86 0.87 0.94

G1S2 0.80 0.94 0.96 0.86 0.88 0.94

G1S3 0.81 0.94 0.96 0.86 0.89 0.95

G2S1 0.81 0.94 0.96 0.86 0.85 0.93

G2S2 0.81 0.93 0.96 0.87 0.85 0.94

G2S3 0.81 0.93 0.96 0.87 0.85 0.94

G3 0.81 0.94 0.96 0.87 0.89 0.91

Abbreviations: ACP, accumulated cow productivity; AFC, age at first calving; 
b1, dispersion; corr, correlation; G0, without MF and UPG; G1, MF; G2, UPG; 
G3, G accounted for patriarchs MF specific allele frequency; S1, commercial and 
registered herd; S2, paternity; S3, patriarchs; SC365, scrotal circumference at 
305 days.
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The dispersion for AFC also increases in models with MF or 
UPG, rising from 0.70 in G0 to up to 0.87 in G3, suggesting an 
improvement in the match between predictions and observed 
values. For ACP, the correlation is high across all models, with 
slight variations between 0.85 (G2S1, G2S2, G2S3) and 0.89 (G1S3 
and G3). However, models with lineage-specific MF (G1S3 and 
G3) show the highest correlations, suggesting that including 
information on lineage-specific alleles can capture important 
genetic nuances for accumulated productivity. The correlations 
obtained between GEBV from the whole dataset and GEBV from 
the partial dataset are essential to understanding the efficiency 
and robustness of genomic prediction models. High correlations 
suggest that the prediction model captures genetic variability 
well and may be effective in predicting traits in the validation 
population. High correlations indicate that the model is trans-
ferable between populations and that the training captured rele-
vant genetic information. Low correlations may suggest that the 
model is overfitting to the training data and does not generalise 
well to the validation population. Thus, this parameter is im-
portant to indicate whether genomic prediction can effectively 
select superior and inferior individuals, demonstrating the mod-
el's usefulness. Regardless of the approach used, the estimates 
of correlations between the GEBVs of the complete and partial 
populations obtained demonstrate that the models can be used 
for genomic prediction of SC365 and AFC.

Kluska et  al.  (2021) showed that including genomic informa-
tion helped reduce inflation for the weaning weight trait in the 
Montana composite cattle. However, in this study, the over-
all impact using UPG or MF for dispersion was low. Bradford 
et al. (2019) noted that dispersion for BLUP models without con-
sidering the absence of pedigrees may be greater than in models 
with genomics. Kluska et al. (2021) found a lower correlation be-
tween genomic models than between BLUP models, and the cor-
relation was higher between BLUP models and ssGBLUPMF. The 
authors also commented that if animals with and without pheno-
types in the same group are unrelated, group effects are not es-
timable and the model is similar to ignoring UPG. Additionally, 
if genotyped animals are unrelated to non-genotyped animals, 
H−1 will not contribute to estimating the group solution, and it 
will be similar to ignoring UPG (Tsuruta et al. 2019). In single-
breed evaluations, Londoño-Gil et  al.  (2024) observed minor 
changes in Pearson correlations between non-genotyped and 
genotyped animals. They explained that this occurs because al-
terations in G and A22 directly affect these individuals based on 
the propagation of genomic information to non-genotyped ani-
mals in the H matrix. The dispersion is relatively stable across 
models, ranging from 0.91 to 0.95, indicating good consistency 
in prediction for this trait. Regarding correlations, higher values 
are associated with greater precision in the model when iden-
tifying genetically superior animals. This precision facilitates 
selecting individuals with superior reproductive performance, 
promoting accelerated genetic progress, which is crucial for 
traits of high economic relevance, such as those related to repro-
duction and longevity.

Improvement in EBVs can be observed through increased pre-
diction accuracy by including additional phenotypic informa-
tion and molecular marker data. In the present study, the criteria 
for defining MF and UPG did not significantly improve over the 
default model, particularly for patriarchs. This aspect interested 

producers, who wanted to assess whether including patriarchs 
classification would benefit genetic evaluations. These results 
may be attributed to the limited number of genotyped and pheno-
typed animals associated with these patriarchs. With increased 
phenotypes, genotypes and pedigree information related to one 
another, greater accuracy and reduced bias would likely be evi-
dent. Additionally, the criteria chosen for defining MF and UPG 
may not have been the most suitable for the studied traits, as the 
literature generally uses the year of birth, animal sex, country 
of origin and breed as the basis for establishing MF and UPG.

4   |   Conclusion

MF and UPG provided similar GEBV for all traits, with no sig-
nificant increase in prediction accuracy. Dispersion and correla-
tion remained close to one, indicating no inflation or deflation 
in the GEBV for younger animals, regardless of the methodol-
ogy used. Centring and scaling G by the allelic frequency of the 
patriarchs yielded similar accuracy and bias compared to MF, 
except for APC, which showed higher bias, possibly due to the 
selective phenotyping. Over time, adding more genotypes and 
phenotypes to the database has the potential to improve esti-
mates using MF, particularly for reproductive, longevity and 
productivity traits in Nellore cattle.

Ethics Statement

The authors have nothing to report.

Acknowledgements

The Article Processing Charge for the publication of this research was 
funded by the Coordenação de Aperfeiçoamento de Pessoal de Nível 
Superior - Brasil (CAPES) (ROR identifier: 00x0ma614).

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

The data that support the findings of this study are available from the 
National Association of Breeders and Researchers (ANCP). The data 
sets generated and/or analysed during the current study are available 
through the corresponding author upon reasonable request with the 
permission of the National Association of Breeders and Researchers 
(ANCP).

References

Aguilar, I., I. Misztal, D. L. Johnson, A. Legarra, S. Tsuruta, and T. J. 
Lawlor. 2010. “Hot Topic: A Unified Approach to Utilize Phenotypic, 
Full Pedigree, and Genomic Information for Genetic Evaluation of 
Holstein Final Score.” Journal of Dairy Science 93: 743–752. https://​doi.​
org/​10.​3168/​jds.​2009-​2730.

Bradford, H. L., Y. Masuda, P. M. Vanraden, A. Legarra, and I. Misztal. 
2019. “Modeling Missing Pedigree in Single-Step Genomic BLUP.” 
Journal of Dairy Science 102: 2336–2346. https://​doi.​org/​10.​3168/​jds.​
2018-​15434​.

Carvalho Filho, I., D. B. D. Marques, C. F. Campos, et al. 2020. “Genetic 
Parameters for Fertility Traits in Nellore Bulls.” Reproduction in 
Domestic Animals 55, no. 1: 38–43. https://​doi.​org/​10.​1111/​rda.​13578​.

 14390388, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jbg.12947 by C

apes, W
iley O

nline L
ibrary on [24/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.3168/jds.2009-2730
https://doi.org/10.3168/jds.2009-2730
https://doi.org/10.3168/jds.2018-15434
https://doi.org/10.3168/jds.2018-15434
https://doi.org/10.1111/rda.13578


22 Journal of Animal Breeding and Genetics, 2026

Cesarani, A., S. Biffani, A. Garcia, et al. 2021. “Genomic Investigation 
of Milk Production in Italian Buffalo.” Italian Journal of Animal Science 
20, no. 1: 539–547. https://​doi.​org/​10.​1080/​18280​51X.​2021.​1902404.

Christensen, O. F. 2012. “Compatibility of Pedigree-Based and Marker-
Based Relationship Matrices for Single-Step Genetic Evaluation.” 
Genetics Selection Evolution 44: 37. https://​doi.​org/​10.​1186/​
1297-​9686-​44-​37.

Garcia-Baccino, C. A., A. Legarra, O. F. Christensen, et  al. 2017. 
“Metafounders Are Related to F(St) Fixation Indices and Reduce Bias in 
Single-Step Genomic Evaluations.” Genetics Selection Evolution 49: 34. 
https://​doi.​org/​10.​1186/​s1271​1-​017-​0309-​2.

Gondro, C., J. van der Werf, and B. Hayes. 2013. Genome-Wide 
Association Studies and Genomic Prediction. Vol. 1019. Humana Press. 
https://​doi.​org/​10.​1007/​978-​1-​62703​-​447-​0.

Granado-Tajada, I., A. Legarra, and E. Ugarte. 2020. “Exploring the 
Inclusion of Genomic Information and Metafounders in Latxa Dairy 
Sheep Genetic Evaluations.” Journal of Dairy Science 103, no. 7: 6346–
6353. https://​doi.​org/​10.​3168/​jds.​2019-​18033​.

Hidalgo, J., S. Tsuruta, D. Lourenco, et al. 2020. “Changes in Genetic 
Parameters for Fitness and Growth Traits in Pigs Under Genomic 
Selection.” Journal of Animal Science 98, no. 2: 1–12. https://​doi.​org/​10.​
1093/​jas/​skaa032.

Himmelbauer, J., H. Schwarzenbacher, C. Fuerst, et al. 2024. “Exploring 
Unknown Parent Groups and Metafounders in Single-Step Genomic 
Best Linear Unbiased Prediction: Insights From a Simulated Cattle 
Population.” Journal of Dairy Science 107, no. 10: 8170–8192. https://​doi.​
org/​10.​3168/​jds.​2024-​24891​.

Kluska, S., Y. Masuda, J. B. S. Ferraz, et al. 2021. “Metafounders May 
Reduce Bias in Composite Cattle Genomic Predictions.” Frontiers in 
Genetics 12: 678587. https://​doi.​org/​10.​3389/​fgene.​2021.​678587.

Kluska, S., B. F. Olivieri, M. Bonamy, et al. 2018. “Estimates of Genetic 
Parameters for Growth, Reproductive, and Carcass Traits in Nelore 
Cattle Using the Single Step Genomic BLUP Procedure.” Livestock 
Science 216: 203–209. https://​doi.​org/​10.​1016/j.​livsci.​2018.​08.​015.

Koivula, M., I. Strandén, G. P. Aamand, and E. A. Mäntysaari. 2021. 
“Meta-Model for Genomic Relationships of Metafounders Applied on 
Large Scale Single-Step Random Regression Test-Day Model.” Interbull 
Bull 56: 76–81.

Kudinov, A. A., M. Koivula, G. P. Aamand, I. Strandén, and E. 
A. Mäntysaari. 2022. “Single-Step Genomic BLUP With Many 
Metafounders.” Frontiers in Genetics 13: 1012205. https://​doi.​org/​10.​
3389/​fgene.​2022.​1012205.

Legarra, A., I. Aguilar, and I. Misztal. 2009. “A Relationship Matrix 
Including Full Pedigree and Genomic Information.” Journal of Dairy 
Science 92, no. 9: 4656–4663. https://​doi.​org/​10.​3168/​jds.​2009-​2061.

Legarra, A., J. K. Bertrand, T. Strabel, R. L. Sapp, J. P. Sánchez, and 
I. Misztal. 2007. “Multi-Breed Genetic Evaluation in a Gelbvieh 
Population.” Journal of Animal Breeding and Genetics 124: 286–295.

Legarra, A., O. F. Christensen, Z. G. Vitezica, I. Aguilar, and I. Misztal. 
2015. “Ancestral Relationships Using Metafounders: Finite Ancestral 
Populations and Across Population Relationships.” Genetics 200: 455–
468. https://​doi.​org/​10.​1534/​genet​ics.​115.​177014.

Legarra, A., and A. Reverter. 2018. “Semi-Parametric Estimates of 
Population Accuracy and Bias of Predictions of Breeding Values and 
Future Phenotypes Using the LR Method.” Genetics Selection Evolution 
50: 53. https://​doi.​org/​10.​1186/​s1271​1-​018-​0426-​6.

Lôbo, R. B., L. A. F. Bezerra, H. N. Oliveira, A. Garnero, E. B. 
Schwengber, and C. R. Marcondes. 2000. “Avaliação Genética de 
Animais Jovens, Touros e Matrizes: Sumário 2000.” (GEMAC-USP: 
Ribeirão Preto, Brazil).

Londoño-Gil, M., R. López-Correa, I. Aguilar, et al. 2024. “Strategies 
for Genomic Predictions of an Indicine Multi-Breed Population Using 

Single-Step GBLUP.” Journal of Animal Breeding and Genetics 142, no. 
1: 12882. https://​doi.​org/​10.​1111/​jbg.​12882​.

Lourenco, D., S. Tsuruta, Y. Masuda, M. Berman, A. Legarra, and I. 
Misztal. 2022. “Recent Updates in the BLUPF90 Software Suite.” World 
Congress on Genetics Applied to Livestock Production: 3–8 July.

Lourenco, D. A. L., S. Tsuruta, B. O. Fragomeni, C. Y. Chen, W. O. 
Herring, and I. Misztal. 2016. “Crossbreed Evaluations in Single-Step 
Genomic Best Linear Unbiased Predictor Using Adjusted Realized 
Relationship Matrices.” Journal of Animal Science 94: 909–919. https://​
doi.​org/​10.​2527/​jas.​2015-​9748.

Lourenco, D. A. L., S. Tsuruta, B. O. Fragomeni, et al. 2015. “Genetic 
Evaluation Using Single-Step Genomic Best Linear Unbiased Predictor 
in American Angus1.” Journal of Animal Science 93: 2653–2662.

Macedo, F. L., O. F. Christensen, J.-M. Astruc, I. Aguilar, Y. Masuda, 
and A. Legarra. 2020. “Bias and Accuracy of Dairy Sheep Evaluations 
Using BLUP and SSGBLUP With Metafounders and Unknown Parent 
Groups.” Genetics Selection Evolution 52, no. 1: 47. https://​doi.​org/​10.​
1186/​s1271​1-​020-​00567​-​1.

Magnabosco, C. D., C. M. T. Cordeiro, J. D. Trovo, A. D. Mariante, R. B. 
Lôbo, and L. A. Josahkian. 1997. Catálogo de Linhagens do Germoplasma 
Zebuíno: Raça Nellore. Embrapa Recursos Genéticos e Biotecnologia.

Makgahlela, M. L., I. Strandén, U. S. Nielsen, M. J. Sillanpää, and E. 
A. Mäntysaari. 2013. “The Estimation of Genomic Relationships 
Using Breedwise Allele Frequencies Among Animals in Multibreed 
Populations.” Journal of Dairy Science 96: 5364–5375. https://​doi.​org/​10.​
3168/​jds.​2012-​6523.

Masuda, Y., S. Tsuruta, A. Legarra, et al. 2021. “Comparison of Models 
for Missing Pedigree in Single-Step Genomic Prediction.” Journal of 
Animal Science 99, no. 2: 1–10. https://​doi.​org/​10.​1093/​jas/​skab019.

Masuda, Y., P. M. VanRaden, S. Tsuruta, D. A. L. Lourenco, and 
I. Misztal. 2022. “Invited Review: Unknown-Parent Groups and 
Metafounders in Single-Step Genomic BLUP.” Journal of Dairy Science 
105, no. 2: 923–939. https://​doi.​org/​10.​3168/​jds.​2021-​20293​.

Melo, T. P., A. K. Zwirtes, A. A. Silva, et  al. 2024. “Unknown Parent 
Groups and Truncated Pedigree in Single-Step Genomic Evaluations 
of Murrah Buffaloes.” Journal of Dairy Science 107, no. 10: 8130–8140. 
https://​doi.​org/​10.​3168/​jds.​2023-​24608​.

Misztal, I., and A. Legarra. 2017. “Invited Review: Efficient Computation 
Strategies in Genomic Selection.” Animal 11: 731–736.

Misztal, I., S. Tsuruta, D. Lourenco, I. Aguilar, A. Legarra, and Z. 
Vitezica. 2014. “Manual for BLUPF90 Family of Programs.” Accessed 
May 03, 2024. http://​nce.​ads.​uga.​edu/​wiki/​lib/​exe/​fetch.​php?​media​=​
blupf​90_​all2.​pdf.

Negreiros, M. P., E. Peripolli, R. Espigolan, et al. 2022. “Selection Criteria 
for Frame Score and Its Association With Growth-, Reproductive-, 
Feed Efficiency- and Carcass-Related Traits in Nellore Cattle.” Animal 
Production Science 62, no. 16: 1551–1562. https://​doi.​org/​10.​1071/​
AN22054.

Negreiros, M. P. M., S. T. Amorim, R. B. Lôbo, et al. 2024. “Genetic 
Correlation Estimates Between Calving Ease in Primiparous Cows 
and Economically Important Traits in Nellore Cattle.” Journal of 
Animal Breeding and Genetics 00: 1–12. https://​doi.​org/​10.​1111/​jbg.​
12851​.

Neshat, M., S. Lee, M. M. Momin, B. Truong, J. H. J. van der Werf, 
and S. H. Lee. 2023. “An Effective Hyper-Parameter Can Increase 
the Prediction Accuracy in a Single-Step Genetic Evaluation.” 
Frontiers in Genetics 14: 1104906. https://​doi.​org/​10.​3389/​fgene.​2023.​
1104906.

Piccoli, M., L. Brito, J. Braccini Neto, et  al. 2018. “A Comprehensive 
Comparison Between Single- and Two-Step GBLUP Methods in a 
Simulated Beef Cattle Population.” Canadian Journal of Animal Science 
98: 565–575. https://​doi.​org/​10.​1139/​cjas-​2017-​0176.

 14390388, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jbg.12947 by C

apes, W
iley O

nline L
ibrary on [24/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1080/1828051X.2021.1902404
https://doi.org/10.1186/1297-9686-44-37
https://doi.org/10.1186/1297-9686-44-37
https://doi.org/10.1186/s12711-017-0309-2
https://doi.org/10.1007/978-1-62703-447-0
https://doi.org/10.3168/jds.2019-18033
https://doi.org/10.1093/jas/skaa032
https://doi.org/10.1093/jas/skaa032
https://doi.org/10.3168/jds.2024-24891
https://doi.org/10.3168/jds.2024-24891
https://doi.org/10.3389/fgene.2021.678587
https://doi.org/10.1016/j.livsci.2018.08.015
https://doi.org/10.3389/fgene.2022.1012205
https://doi.org/10.3389/fgene.2022.1012205
https://doi.org/10.3168/jds.2009-2061
https://doi.org/10.1534/genetics.115.177014
https://doi.org/10.1186/s12711-018-0426-6
https://doi.org/10.1111/jbg.12882
https://doi.org/10.2527/jas.2015-9748
https://doi.org/10.2527/jas.2015-9748
https://doi.org/10.1186/s12711-020-00567-1
https://doi.org/10.1186/s12711-020-00567-1
https://doi.org/10.3168/jds.2012-6523
https://doi.org/10.3168/jds.2012-6523
https://doi.org/10.1093/jas/skab019
https://doi.org/10.3168/jds.2021-20293
https://doi.org/10.3168/jds.2023-24608
http://nce.ads.uga.edu/wiki/lib/exe/fetch.php?media=blupf90_all2.pdf
http://nce.ads.uga.edu/wiki/lib/exe/fetch.php?media=blupf90_all2.pdf
https://doi.org/10.1071/AN22054
https://doi.org/10.1071/AN22054
https://doi.org/10.1111/jbg.12851
https://doi.org/10.1111/jbg.12851
https://doi.org/10.3389/fgene.2023.1104906
https://doi.org/10.3389/fgene.2023.1104906
https://doi.org/10.1139/cjas-2017-0176


Journal of Animal Breeding and Genetics, 2026 23

Quaas, R. L. 1988. “Additive Genetic Model With Groups and 
Relationships.” Journal of Dairy Science 71: 1338–1345. https://​doi.​org/​
10.​3168/​jds.​S0022​-​0302(88)​79691​-​5.

Silva Neto, J. B., E. Peripolli, E. V. C. Silva, et  al. 2020. “Genetic 
Correlation Estimates Between Age at Puberty and Growth, 
Reproductive, and Carcass Traits in Young Nelore Bulls.” Livestock 
Science 241: 1–6. https://​doi.​org/​10.​1016/j.​livsci.​2020.​104266.

Tsuruta, S., D. L. Lourenco, Y. Masuda, I. Misztal, and T. J. Lawlor. 2019. 
“Controlling Bias in Genomic Breeding Values for Young Genotyped 
Bulls.” Journal of Dairy Science 102: 9956–9970.

Tsuruta, S., I. Misztal, I. Aguilar, and T. J. Lawlor. 2011. “Multiple-
Trait Genomic Evaluation of Linear Type Traits Using Genomic and 
Phenotypic Data in US Holsteins.” Journal of Dairy Science 94: 4198–
4204. https://​doi.​org/​10.​3168/​jds.​2011-​4256.

van Grevenhof, E. M., J. Vandenplas, and M. P. L. Calus. 2018. “Genomic 
Prediction for Crossbred Performance Using Metafounders1.” Journal 
of Animal Science 97: 548–558. https://​doi.​org/​10.​1093/​jas/​sky433.

Vanraden, P. M. 2008. “Efficient Methods to Compute Genomic 
Predictions.” Journal of Dairy Science 91: 4414–4423. https://​doi.​org/​10.​
3168/​jds.​2007-​0980.

Xiang, T., O. F. Christensen, and A. Legarra. 2017. “Technical Note: 
Genomic Evaluation for Crossbred Performance in a Single-Step 
Approach With Metafounders.” Journal of Animal Science 95: 1472–
1480. https://​doi.​org/​10.​2527/​jas.​2016.​1155.

 14390388, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jbg.12947 by C

apes, W
iley O

nline L
ibrary on [24/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.3168/jds.S0022-0302(88)79691-5
https://doi.org/10.3168/jds.S0022-0302(88)79691-5
https://doi.org/10.1016/j.livsci.2020.104266
https://doi.org/10.3168/jds.2011-4256
https://doi.org/10.1093/jas/sky433
https://doi.org/10.3168/jds.2007-0980
https://doi.org/10.3168/jds.2007-0980
https://doi.org/10.2527/jas.2016.1155

	Genomic Evaluation in Nellore Cattle for Reproductive Traits: Multiple Ways to Account for Missing Pedigrees
	ABSTRACT
	1   |   Introduction
	2   |   Material and Methods
	2.1   |   Data
	2.2   |   Statistical Model for Variance Components Estimation and Breeding Values Prediction
	2.3   |   Genomic Predictions
	2.4   |   Evaluation of Model Performance

	3   |   Results and Discussion
	3.1   |   Variance Components and Heritability
	3.2   |   Relationship Within and Across MF ([[Math]])
	3.3   |   Validation

	4   |   Conclusion
	Ethics Statement
	Acknowledgements
	Conflicts of Interest
	Data Availability Statement
	References


