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Correcting overestimation of approximate 
traditional reliabilities with herd‑sire 
interactions when young genomic bulls are 
used in few herds
Joe‑Menwer Tabet1*   , Ignacio Aguilar3, Matias Bermann1, Daniela Lourenco1, Ignacy Misztal1, 
Paul M. VanRaden4, Zulma G. Vitezica5 and Andres Legarra1,2 

Abstract 

Background  Differential treatment of daughters of the same sire within a herd is modelled as the herd-sire effect. 
Recent changes in management practices may have led to the extensive use of certain bulls in a limited number 
of herds. In that case, although the effect can be well accounted for in genetic evaluation models, some approxima‑
tion methods for reliabilities do not consider it correctly, leading to an overestimation of some sires’ approximated 
reliabilities. This study assessed the potential bias of these approximated reliabilities due to the herd-sire effect 
in both simulated and real dairy cattle records. Two existing methods were tested: Misztal–Wiggans, which includes 
a specific modification for herd-sire, and Tier–Meyer, which does not. We also modified and tested a Tier–Meyer 
method considering the herd-sire effect.

Results  We observed that in the presence of the herd-sire effect, reliabilities obtained by approximations were 
overestimated by the Tier–Meyer method for sires with many daughters in a limited number of herds. This was true 
even for sires with a large number of daughters. The Misztal–Wiggans method performed correctly. We introduced 
a modified Tier–Meyer method that weighs the information transmitted by the daughter to the sire as a function 
of the herd-sire information. As a result, the modified Tier–Meyer method performed well in both simulated and real 
data. For cows, the inclusion of the herd-sire effect had minimal impact.

Conclusions  This study identified possible overestimation of approximated reliabilities of sires with daughters 
concentrated in a few herds when there is a herd-sire effect. This bias occurs when the herd-sire effect is not correctly 
modeled in reliability approximation methods. Methods that specifically accounted for the herd-sire effect produced 
unbiased reliability estimates.
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Background
Over the past two decades, the number of U.S. dairy 
farms has decreased while the number of large farms has 
grown. For example, farms with fewer than 1000 cows 
have declined, while those with 1000 or more cows have 
increased [1]. These large herds tend to have systematic 
management practices, often using a few bulls to simplify 
their operations. Alongside this trend, genomic selec-
tion has led to the increased use of young genomic bulls, 
which have limited semen straw availability. As a result, 
some young bulls are exclusively used in a small num-
ber of herds instead of the traditional sampling approach 
(e.g., common around the year 2000) in which sires were 
more widely assigned across herds. Moreover, the exten-
sive use of a single sire within a herd can result in pref-
erential treatment of that sire’s daughters. This can be 
modelled as a (random) herd-sire (HS) effect or, equiva-
lently, as creating an environmental covariance between 
half-sibs of the same sire within a herd.

Historically, the importance of the HS effect was 
greater before the widespread use of Artificial Insemi-
nation (AI) because natural service sires have daugh-
ters only in one herd, resulting in higher environmental 
covariance. In the traditional sampling approach, AI sires 
had several offspring distributed in many herds [2, 3]. 
The HS effect has recently regained importance with the 
recent changes in management practices in large herds, 
leading to the non-random, less distributed allocation of 
sires to herds [4].

The HS effect is often introduced in the genetic eval-
uation model [5–7]. Failing to do so can introduce bias 
and overestimate reliabilities [8]. Additionally, Banos and 
Shook [9] noted that ignoring the HS effect overestimates 
the prediction and accuracy of sire evaluations, particu-
larly when sires have daughters in a few herds. Previous 
reliability approximation methods include specific cor-
rections of reliabilities for herd-sire interactions [5–8].

The overestimation of reliabilities by approximation 
methods when there is an HS effect is a problem specific 
to HS, unlike, say, contemporary groups (CG) [10–12]. 
This bias in reliabilities is shown in the following exam-
ple. Consider a “sire model” with two sires and two herds, 
each with 100 records. Assume there is no herd effect, 
but there is a preferential treatment HS effect, i.e., daugh-
ters of sire 1 are treated differently than daughters of sire 
2, with these differences varying by herd. If each sire is 
assigned to a single herd, separating the sire from the 
preferential treatment captured by HS becomes impos-
sible, i.e., they are partially confounded. Conventional 
approaches for reliability, e.g. [12], rely on the number 
of records of its HS effect (e.g., 100); however, the con-
founding of the HS (an environmental effect) and the 
sire itself (a genetic effect) is not addressed. If each sire 

is assigned to both herds, then there are two HS effects 
per sire; there is no confounding, and reliability increases 
with the number of records in the CG.

The genetic evaluation model used by the Council on 
Dairy Cattle Breeding (CDCB; Bowie, MD) for U.S. dairy 
cattle includes the HS effect for most traits. However, the 
estimated reliabilities are an approximation that ignores 
the off-diagonals that associate HS with sires of daugh-
ters within the same herd and does not consider whether 
individuals in the same contemporary group are related. 
So far, recent reliability estimation methods have not 
addressed the overestimation of reliabilities due to the HS 
effect. As a result, there are anecdotal reports of genomic 
bulls assigned to a few herds whose traditional (non-
genomic) reliabilities may be overestimated. For example, 
in December 2024, the traditional estimated breeding 
values (EBVs) for milk yield of bulls JEUSA000117723269 
and JE840003012659218 had reliabilities of 0.97 and 0.98, 
respectively, according to the CDCB. These reliabilities 
were based on 377 daughters in a single herd for the first 
bull and 390 daughters across three herds for the sec-
ond. These reliabilities are likely overestimated because 
the model includes HS interaction. Although such cases 
represent a small fraction of the population, they often 
involve significant financial investments for their own-
ers. Therefore, it is fair that they should receive unbiased 
reliability.

The objective of this study was to explore, through 
simulation and real data, the extent of bias in reliabil-
ity approximation when the HS effect is included in the 
model and ignored in the approximation process and 
provide possible solutions to the bias using approximate 
methods. Two approximation methods were investigated. 
Misztal and Wiggans [13] proposed a method for approx-
imating PEV by simplifying computations, but its appli-
cability is limited in complex models. Tier and Meyer [10] 
introduced a three-step reliability approximation method 
adaptable to multi-trait and complex models, but it over-
looks the HS effect, potentially causing overestimation. 
As a byproduct, a modification to the approach by Tier 
and Meyer [10] is proposed to account for the HS effect.

Methods
Methods to estimate reliabilities
Existing methods
The reliability of the EBV for the ith animal (EBVi) can be 
directly calculated by inverting the coefficient matrix of 
the Mixed Model Equations (MME) as 
RELEXACTi = 1− PEVi

aiiσ 2
u
 , where PEVi is the prediction 

error variance of EBVi , obtained from the diagonal of the 
inverse of the MME, aii is the diagonal element in the 
numerator relationship matrix (A) for animal i , and σ 2

u is 
the additive genetic variance. The computational costs of 
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inversion are too high for large data sets. Methods have 
been developed to approximate PEV, either by approxi-
mating the diagonal elements of the inverse coefficient 
matrix [13, 14] or by sequentially accumulating informa-
tion from the animal’s own or progeny records, parents, 
or other relatives [10].

Misztal and Wiggans [13] proposed a method that 
approximates PEV by ignoring off-diagonals and absorb-
ing the non-genetic model effects (i.e., subclasses, per-
manent environmental effect (pe)). This method was 
further modified to account for the HS effect in the reli-
ability estimate by using a weighting factor based on 
the expected reliability of a sire, which accounts for the 
number of daughters within each herd-sire subclass [5]. 
This results in an iterative method that loops through the 
pedigree while considering this weighting factor. These 
“herd-sire weights” accumulate daughter weights across 
herds in which a sire has daughters while accounting 
for the information from each lactation separately and 
adjusting for the CG effects. However, a limitation of the 
method in [13] is that extending to more complex mod-
els (e.g., random regression models) and complex missing 
trait patterns is hard because its computation is single-
trait based and embedded inside a loop going through 
the pedigree, as shown in the Appendix of [13]. Their 
approach, along with a method to consider genomic 
information in the approximation [15], is programmed in 
the software accf90GS2 from the BLUPF90 suite [16]. We 
call this approximation of reliability RELMW .

Tier and Meyer [10] developed a three-step approach 
to approximate PEV by adjusting the diagonal blocks of 
the coefficient matrix. The first adjustment accounts for 
the animal’s records based on the size of its subclass, fol-
lowed by accumulating information on progeny and other 
descendants and, finally, information on parents, ances-
tors, and other relatives. The advantage of this method is 
its natural extension to multiple trait and random regres-
sion models. However, it does not explicitly account 
for the HS effect and a similar modification, as used in 
RELMW  would be needed to incorporate the HS effect 
properly. This method is programmed in the software 
accf90GS3 from the BLUPF90 suite (still unreleased). We 
call this approximation of reliability RELTMorig.

Modified Tier–Meyer to consider herd‑sire effect
The original Tier–Meyer method does not account for 
the HS effect in its current form. This method includes a 
modification to adjust for contemporary groups with a 
high proportion of half-sibs, e.g., paddocks sired by a sin-
gle bull (which may occur e.g., in beef cattle). However, this 
differs from our problem, where a herd can have a diverse 
set of sires, and the herd effect be correctly estimated, yet 
still, the herd-sire effect exists, e.g. each group of half sibs 

is treated differently. Even in large herds, if sires are not 
well distributed across herds, the reliability will be overesti-
mated. For instance, consider a herd with 1000 cows, 100 of 
which are daughters of a single sire, and these are the sire’s 
only daughters. Although the herd effect would be cor-
rectly estimated, the HS effect would be confounded with 
the sire effect. When calculating reliabilities using only 
the CG adjustment (excluding the herd-sire modification), 
we observed minor changes in reliability values, similar to 
those obtained with RELTMorig.

In this study, we propose a modification to incorporate 
it. This modification, referred to as RELTMnew , involves 
assigning a weight to the matrix El of Eq.  (6) of Tier and 
Meyer [10], rather than absorbing the effect as is done with 
pe and fixed effects. Absorbing the HS effect would create 
off-diagonal elements connecting sires and herd sires, and 
ignoring those off-diagonals results in wrong values of reli-
abilities. This equation sends contributions of information 
from offspring to parents, so the adjusted equation for ani-
mal i and its l = 1 . . . pi progeny is:

where G0 is a matrix with genetic covariances and D and 
E are submatrices corresponding, respectively, to the 
contribution of the animal’s own phenotype (after 
absorbing the fixed and permanent environment effects) 
and to the contribution of its progeny. Matrix Kl is a 
(number of traits by number of traits) diagonal matrix, 
different for each animal l , with its (k , k) element equal to 
√
cl(k) . The weight cl(k) represents the amount of infor-

mation cow l for trait k gives to her sire across potentially 
different herds (i.e., if the cow changed herds) compared 
to a weight of 1 if there was no HS effect. In the begin-
ning, we compute weights within specific herds, and then 
we average them. A weight is calculated for all cows 
within each herd-sire j for trait k as: chsj(k) =

EDCj(k)
∑

wj(k)
 . 

This represents how much information one cow contrib-
utes within the same herd-sire subclass relative to an 
evaluation model where herd-sire has no effect. The 
denominator 

∑

wj(k) is the weighted sum of the number 
of records for trait k . In many cases (at least in the US 
dairy evaluation), records are weighted (e.g., by the 
length of lactation [6] or the number of inseminations 
[17]), and hence the notation 

∑

wj(k) . In unweighted 
evaluations 

∑

wj(k) is simply the number of records. 
These weights wj(k) represent amount of information or, 
in statistical terms, they are used to scale residual vari-
ances, and they are not the weights cl(k) above. The term 
EDCj(k) represents the total Effective Daughter Contribu-
tions ( EDC ) present in herd-sire j for trait k . We use 
EDC instead of Effective Record Contributions ( ERC ) 

(1)

Ei =
1

3
G
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0
−

4
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G
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because, for sire reliability purposes, 1 cow equals 1 EDC , 
and the algebra in [6] is conceived for EDC s. This EDCj(k) 
is computed separately for each trait in two steps. First, 
the formula by VanRaden and Wiggans [6] gives the max-
imum possible reliability of a sire due to information con-
tributed by daughters located in a single herd-sire j for 
trait k , REL∗animj(k)

:

where, for traitk , σ 2
s = 0.25σ 2

u is the variance component 
of the sire effect; σ 2

hs is the variance component of the HS 
effect; σ 2

ǫ = σ 2
e + 0.5σ 2

u , assuming the dam’s breeding 
value is known [6]. If permanent environment (pe) effects 
are included, thenσ 2

ǫ = σ 2
e + 0.5σ 2

u + σ 2
pe . Finally, 

∑

wj(k) 
is as defined above. Second, this quantity is transformed 
into EDC [6]:

This represents the effective number of daughters a 
particular herd-sire contains, including the herd-sire 
effect in the model. Compared to 

∑

wj(k) , this indicates 
how much useful information is present in the herd-sire 
subclass. Thus, to obtain a weight for each cow in the 
herd-sire subclass, EDCj(k) is divided by 

∑

wj(k) to obtain 
chsj(k) =

EDCj(k)
∑

wj(k)
 , which is equal for all cows in the herd-

sire subclass. However, because a cow can potentially 
change herds across lactations, weights need to be 
defined per cow, accounting for all herds to which the 
cow was assigned to. The final weight cl(k) for cow l in 
trait k is an average of the weights chsj(k) of all the herd-
sires j in which the cow l participated for that trait, i.e., if 
the cow had one lactation in herd A and two lactations in 
herd B, cl(k) =

1×chsA(k)+2×chsB(k)
3

.
Finally, the weights are not used when transmitting the 

information from parents to offspring (Eq.  (7) in [10]) 
because they consider the phenotypic information, which 
is already done in our Eq. (1).

Data and model
All data came from simulated or preexisting databases. 
Ethical approval for the use of animals was thus deemed 
unnecessary.

Simulated data
To examine changes in approximated reliabilities due to 
ignoring the HS effect, we conducted a simulation that 
generates a data structure mimicking a two-generation 
U.S. dairy cattle population -parent and offspring- with 

(2)REL∗animj(k)
=

σ 2
s

σ 2
s + σ 2

hs +
σ 2
ǫ

∑

wj(k)

(3)EDCj(k) =
4 − 2h2

h2

(

REL∗animj(k)

1− REL∗animj(k))

)

sires classified into “Odd” and “Normal.” Odd sires have a 
limit of 500 straws, whose use was deemed in large “quo-
tas” of a few hundred straws by the same producers at a 
time; as a result, they were limited to 1–2 herds, with a 
maximum of 500 daughters. Normal sires had 10–600 
daughters spread across 1–60 herds. We simulated two 
types of herds: “Large” with more than 3000 animals and 
“Average” with less than 3000. A total of 3542 sires (542 
Odd and 3000 Normal) and 1000 herds were simulated. 
All daughters had a unique dam and a single record. As 
a result, we created a structure consisting of sires with 
varying reliabilities based on the type and distribution of 
daughters. Figures  1 and 2 illustrate the distribution of 
daughters and herds per each sire type.

We considered a single-trait animal model with the 
herd as a fixed effect, HS effect with variance Iσ 2

hs , where 
σ 2
hs = 5, an animal additive genetic effect with a mean 

zero and variance Aσ 2
u with σ 2

u = 20. The residual vari-
ance was 75. Reliabilities were obtained either from the 
inverse of the MME ( RELEXACT ) or from the approxima-
tion methods Misztal–Wiggans ( RELMW  ), which corrects 
for herd and herd-sire, original Tier–Meyer ( RELTMnorig ), 
which corrects for herd only, and modified Tier–Meyer 
( RELTMnew ), which corrects for herd and herd-sire.

Real data
We also used data provided by the CDCB. A subset 
of records for Jersey (JE) animals was extracted. The 
first data included 7,824,163 milk yield records from 
2,967,998 cows, 3,863,135 animals in the pedigree, and 
687,889 HS; this will be referred to as DataFull. However, 
this file proved too large to obtain exact reliabilities by 
inversion, which we attribute to a large number of fill-ins 
in the sparse Cholesky decomposition caused by the HS 
effect. Thus, we further reduced the dataset to records 
of cows born after 2015, resulting in DataReduced, with 
1,605,821 records, 776,390 cows in records, 1,725,100 
animals in the pedigree, and 88,035 HS. In both cases, 
the pedigree spanned as many ancestors as possible.

We ran a single-trait repeatability model with CG and 
age-parity as fixed effects. The HS ( σ 2

hs = 7.3× 106 ) and 
animal additive genetic ( σ 2

u = 2.1× 107 ) effects were 
modeled as random effects defined earlier, with pe ran-
dom effect with a mean zero and variance σ 2

pe , where 
σ 2
pe = 2.9× 107 the variance component of the pe effect. 

The residual variance was 4.7× 107 . Computation of reli-
abilities ignored Unknown Parent Groups in all cases, as 
typically assumed.

Exact reliabilities RELEXACT were obtained using 
blupf90+, RELMW  are computed by accf90GS2, and 
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RELTMorig and RELTMnew are computed by accf90GS3, all 
programs from the BLUPF90 suite [16].

Reliability comparison
For the simulated dataset and DataReduced, we com-
pared RELEXACT versus RELMW  , RELTMnew and 
RELTMorig . In the case of DataFull, RELEXACT was not 

available because it was impossible to invert the MME 
due to their large size, so we compared RELMW  versus 
RELTMnew and RELTMorig.

The comparisons were detailed by bull category. In 
the simulated data, bulls are classified as “Odd” and 
“Normal”. With the real JE data, it is necessary to iden-
tify sires that may have many daughters concentrated 

Fig. 1  Distribution of daughters per sire. Odd: Sires with many daughters concentrated in a small number of herds; Normal: Sires with daughters 
more evenly distributed across many herds

Fig. 2  Distribution of herds per sire. Odd: Sires with many daughters concentrated in a small number of herds; Normal: Sires with daughters more 
evenly distributed across many herds
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in only a few herds to categorize them as “Odd” or 
“Normal”. In that case, we calculated a measure that 
we called the h-index, analogous to the Google Scholar 
h-index [18]. A sire with an h-index of n has at least n 
daughters in n herds. For instance, a sire with a daugh-
ter count of 10, 7, 4, and 2 across 4 herds has an h-index 
of 3 as it has at least 3 daughters in 3 herds. Sires with 
many daughters concentrated only in a few herds were 
classified as “Odd” with an h-index ≤ 5. In contrast, 
sires with a more even distribution of daughters across 
multiple herds were classified as “Normal” if they had 
an h-index ≥ 10, implying at least 100 daughters with 
records. Results for sires between h-indexes of 5 and 
10 were inconclusive in preliminary inspection, and we 
did not use them for diagnostics. For example, consider 
two sires, each with 200 daughters. Sire 1 has 100, 50, 
23, 20, 3, 2, 1, and 1, daughters across 8 herds, giving an 
h-index of 4. This indicates that most of its daughters 
are concentrated in a few herds, resulting in a larger 
number of half-siblings within each herd. Sire 2, on the 
other hand, has 15 daughters in each of 11 herds and 
5 daughters in each of another 7 herds, resulting in an 
h-index of 11, leading to less influence of preferential 
treatment in the sire proof.

Results and discussion
For simulated data, Fig. 3 and Table 1 display the results 
of the true and approximated reliabilities of Odd bulls. 
Both RELMW  and RELTMnew correctly estimated reli-
abilities with a slight overestimation for RELTMnew , 
whereas RELTMorig overestimated reliabilities by more 
than 0.40 points because this method does not explicitly 
account for the HS effect. Table  1 presents the correla-
tions and slope values of the regression of RELEXACT on 
the approximated reliabilities. The correlations were 0.99 
for both RELMW  and RELTMnew and 0.48 for RELTMorig . 
Including the HS in the Tier–Meyer algorithm, the corre-
lations increased. Additionally, the modified Tier–Meyer 
improved the slope of the regression of RELEXACT on 
approximated reliabilities from 0.85 ( RELTMorig ) to 1.03 
( RELTMnew).

Table  1 shows Normal sires’ true and approximated 
reliabilities. We can see a slight overestimation with 
RELTMnew . We see correlations of 0.99 across all three 
cases. This shows that when sires are well spread among 
herds, the correction for HS is less important. However, 
RELTMorig ( b1 = 1.22) were under-dispersed compared to 
RELTMnew and RELMW  with b1 values close to 1.
RELTMnew slightly overestimated reliabilities, likely 

due to only accounting for first-order relationships (i.e., 

Fig. 3  Reliabilities of Odd sires from the simulated dataset. Odd: Sires with many daughters concentrated in a small number of herds; Normal: Sires 
with daughters more evenly distributed across many herds; RELEXACT​: Exact reliabilities from the inverse of the coefficient matrix with blupf90+; 
RELMW: Approximated reliabilities based on Misztal–Wiggans; RELTMnew: Approximated reliabilities based on modified Tier–Meyer; RELTMorig: 
Approximated reliabilities based on original Tier–Meyer
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parent-progeny). This limitation signifies that more dis-
tant descendants within the same subclass (e.g., several 
generations of descendants in the same contemporary) 
are still implicitly treated as informative. As a result, the 
method overestimates the actual amount of information 
available, leading to overestimated reliabilities [10].

For DataReduced, results in Fig.  4 and Table  2 show 
exact and approximated reliabilities for Odd and Normal 
sires according to the h-index; other sires are excluded 
from the figure for clarity. Approximated reliabilities 

RELTMnew and RELMW  were only slightly under-esti-
mated for Odd sires, whereas RELTMorig clearly over-
estimated reliabilities. The correlations and slopes of 
RELEXACT regressed on RELTMnew or RELMW  were close 
to 1, while RELTMorig showed lower correlation and 
higher dispersion. For Normal sires, all approximated 
reliabilities were quite similar to RELEXACT , except for 
the slopes. Again, we confirm that for Odd sires, the cor-
rection of reliabilities for HS is important, but less so for 
Normal sires.

Table 1  Reliability means, correlation, and regression of RELEXACT​ on approximated reliabilities of Odd and Normal sires from simulated 
dataset

a Odd: Sires with many daughters concentrated in a small number of herds (N = 542); Normal: Sires with daughters more evenly distributed across many herds 
(N = 3000)
b RELEXACT​: Exact reliabilities from the inverse of the coefficient matrix with blupf90 + ; RELMW: Approximated reliabilities based on Misztal–Wiggans; RELTMnew: 
Approximated reliabilities based on modified Tier–Meyer; RELTMorig: Approximated reliabilities based on original Tier–Meyer

Odda Normal

Mean b1 Correlation Mean b1 Correlation

RELEXACT​
b 0.51 0.86

RELMW 0.50 1.00 0.99 0.85 0.97 0.99

RELTMnew 0.58 1.03 0.99 0.87 1.04 0.99

RELTMorig 0.95 0.85 0.48 0.90 1.22 0.99

Fig. 4  Reliabilities of Odd and Normal sires from DataReduced. Odd: Sires with many daughters concentrated in a small number of herds; Normal: 
Sires with daughters more evenly distributed across many herds; RELEXACT​: Exact reliabilities from the inverse of the coefficient matrix with blupf90+; 
RELMW: Approximated reliabilities based on Misztal–Wiggans; RELTMnew: Approximated reliabilities based on modified Tier–Meyer; RELTMorig: 
Approximated reliabilities based on original Tier–Meyer
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In DataReduced, we also studied cow reliabilities. Fig-
ure 5 shows the reliabilities of cows with records, indicat-
ing no impact of considering the HS effect on reliability 

estimates. Table 3 shows correlations exceeding 0.81 and 
regression slopes around 1 for RELMW  , RELTMnew and 
RELTMorig . The HS effect had a minimal impact on cows, 
suggesting that the effect of the sire’s bias in reliability 
does not affect its daughters.

In DataFull, we were unable to obtain RELEXACT  . 
Based on previous results, we considered RELMW  as a 
good approximation to RELEXACT  . Figure 6 and Table 4 
compare RELTMnew and RELTMorig to RELMW  for both 
Odd and Normal sires in DataFull. The results show 
that RELTMnew and RELMW  had similar means across 
both types of sires. The modified Tier–Meyer method, 
RELTMnew , had dispersions of 0.87 and 1.10 for Odd 
and Normal sires, respectively, but ignoring the HS in 
RELTMorig had regression coefficients far from 1. The 
differences were more pronounced for Odd sires, with 

Table 2  Reliability means correlation and regression of RELEXACT​ on approximated reliabilities of Odd and Normal sires from 
DataReduced

a Odd: Sires with many daughters concentrated in a small number of herds (N = 344); Normal: Sires with daughters more evenly distributed across many herds 
(N = 544)
b RELEXACT​: Exact reliabilities from the inverse of the coefficient matrix with blupf90+; RELMW: Approximated reliabilities based on Misztal–Wiggans; RELTMnew: 
Approximated reliabilities based on modified Tier–Meyer; RELTMorig: Approximated reliabilities based on standard Tier–Meyer

Odda Normal

Mean b1 Correlation Mean b1 Correlation

RELEXACT​
b 0.70 0.95

RELMW 0.65 0.86 0.97 0.98 0.77 0.98

RELTMnew 0.66 0.90 0.97 0.95 0.89 0.99

RELTMorig 0.76 0.79 0.64 0.97 1.36 0.90

Fig. 5  Reliabilities of cows with records from DataReduced. RELEXACT​: Exact reliabilities from the inverse of the coefficient matrix with blupf90+; 
RELMW: Approximated reliabilities based on Misztal–Wiggans; RELTMnew: Approximated reliabilities based on modified Tier–Meyer; RELTMorig: 
Approximated reliabilities based on original Tier–Meyer

Table 3  Correlation and regression of RELEXACT​ with 
approximated reliabilities for cows with records in DataReduced

a RELEXACT​: Exact reliabilities from the inverse of the coefficient matrix with 
blupf90 + ; RELMW: Approximated reliabilities based on Misztal–Wiggans; 
RELTMnew: Approximated reliabilities based on modified Tier–Meyer; RELTMorig: 
Approximated reliabilities based on standard Tier–Meyer

Mean b1 Correlation

RELEXACT​
a 0.50

RELMW 0.45 1.07 0.91

RELTMnew 0.43 1.00 0.81

RELTMorig 0.43 1.02 0.81
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correlations for RELTMnew of 0.85 with RELMW  and 0.45 
for RELTMorig.

The bulls in our example had RELTMnew and RELTMorig 
of 0.71 and 0.97 (JEUSA000117723269) and 0.65 and 0.96 
(JE840003012659218) in DataFull. Values for RELTMorig 
agree with CDCB’s traditional reliabilities. Correcting for 
the HS effect as in RELTMnew likely reduced the overes-
timation, although we do not have RELEXACT values to 
compare.

This study confirmed with both real and simulated data 
that ignoring the specifics of the HS effect in reliability 
approximation leads to overestimated reliabilities for 
sires with daughters concentrated in few herds, even if 
the number of daughters is large [2, 7, 13]. This could lead 

to incorrect selection decisions and different appraisals 
of risk for sires’ owners. In the past, the inclusion of HS 
in reliability approximation was highly emphasized [5, 8, 
9], but then it had less importance due to the use of AI 
sires, and recently, this effect has regained importance for 
certain sires. Decades ago, Kelleher et  al. [2] suggested 
that using AI sires across herds would make HS less rel-
evant for reliability approximation. Here, we confirm that 
the effect is still relevant even with AI because some sires 
are not spread across herds.

Exact reliabilities are difficult to compute due to the 
computational demands of inverting the MME, so 
approximation methods are needed to calculate PEV. The 
method by Misztal and Wiggans [13] performed well, 

Fig. 6  Reliabilities of Odd and Normal sires from DataFull. Odd: Sires with many daughters concentrated in a small number of herds; Normal: Sires 
with daughters more evenly distributed across many herds; RELEXACT​: Exact reliabilities from the inverse of the coefficient matrix with blupf90+; 
RELMW: Approximated reliabilities based on Misztal–Wiggans; RELTMnew: Approximated reliabilities based on modified Tier–Meyer; RELTMorig: 
Approximated reliabilities based on original Tier–Meyer

Table 4  Reliability means, correlation, and regression of RELMW on approximated reliabilities RELTMnew and RELTMorig of Odd and 
Normal sires from DataFull

a Odd: Sires with many daughters concentrated in a small number of herds (N = 2600); Normal: Sires with daughters more evenly distributed across many herds 
(N = 1950)
b RELMW: Approximated reliabilities based on Misztal–Wiggans; RELTMnew: Approximated reliabilities based on modified Tier–Meyer; RELTMorig: Approximated reliabilities 
based on standard Tier–Meyer

Odda Normal

Mean b1 Correlation Mean b1 Correlation

RELMW
b 0.60 0.94

RELTMnew 0.63 0.87 0.85 0.95 1.10 0.98

RELTMorig 0.78 0.45 0.31 0.97 1.41 0.85
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though its application to complex models (e.g., random 
regression) is not straightforward. We found that the 
more general method by Tier and Meyer [10] did not 
explicitly address the HS effect, resulting in overesti-
mated reliabilities for sires. We modified the Tier–Meyer 
method by assigning a weight (c) based on HS counts of 
records, to reduce the amount of information the cow 
transfers back to its sire. By doing so, we compensated 
for the overestimation of reliabilities, aligning estimates 
with the true values. With the modification, both meth-
ods (Misztal–Wiggans and modified Tier–Meyer) yielded 
similar results and close to exact values obtained by 
inversion.

Conclusions
This study evaluated the bias in approximated reliabilities 
due to ignoring the HS effect in two approximated meth-
ods used for computing reliabilities. We identified exces-
sively high approximated reliabilities, particularly when 
sires have daughters concentrated in a few herds, and the 
HS effect was not correctly accounted for. The existing 
Misztal–Wiggans algorithm for approximated reliabili-
ties considers the HS well. We modified the Tier–Meyer 
method to weigh down the reliability of a sire, account-
ing for the loss of information due to the descendants of 
a sire being in a few HS classes. As a result, the modified 
Tier–Meyer algorithm performed well and eliminated the 
bias.

Acknowledgements
The authors thank the Council on Dairy Cattle Breeding (CDCB, Bowie, MD) 
for providing data access and participating in the research. The authors would 
also like to acknowledge the contribution of dairy producers who supplied 
the data through their participation in the Dairy Herd Improvement program. 
This material is based upon research supported by the Chateaubriand Fellow‑
ship of the Office for Science & Technology of the Embassy of France in the 
United States.

Author contributions
JMT, AL, IA, and MB, conceived and designed the study. JMT analyzed the 
data and wrote the first draft of the manuscript. AL, IA and MB made software 
modifications. JMT, AL, IA, and DL took part in the discussion. All authors 
provided critical insights and revised the manuscript. All authors read and 
approved the final manuscript.

Funding
This work was supported by the Chateaubriand Fellow program and INRAE.

Availability of data and materials
The used datasets are the property of dairy producers who supplied the data 
through their participation in the Dairy Herd Improvement program.

Declarations

Ethics approval and consent to participate
All data came from a preexisting database. Ethical approval for the use of 
animals was thus deemed unnecessary.

Consent for publication
Not applicable.

Competing interests
The authors declare no real or perceived conflicts of interest.

Received: 13 January 2025   Accepted: 16 June 2025

References
	1.	 Gillespie J, Njuki E, Terán A. Structure, costs, and technology used on 

U.S. dairy farms. Washington: US Department of Agiculture, Economic 
Research Service; 2024.

	2.	 Kelleher DJ, Freeman AE, Lush JL. Importance of bull × herd-year-season 
interaction in milk production. J Dairy Sci. 1967;50:1703–5.

	3.	 Van Vleck LD. Environmental correlations in sire evaluation. J Dairy Sci. 
1966;49:56–60.

	4.	 Jang S, Lourenco D, Miller S. Inclusion of sire by herd interaction effect in 
the genomic evaluation for weaning weight of American Angus. J Anim 
Sci. 2022;100:skac057.

	5.	 Wiggans GR, Misztal I, Van Vleck LD. Implementation of an animal model 
for genetic evaluation of Dairy cattle in the United States. J Dairy Sci. 
1988;71:54–69.

	6.	 VanRaden PM, Wiggans GR. Derivation, calculation, and use of national 
animal model information. J Dairy Sci. 1991;74:2737–46.

	7.	 Norman HD. Factors that should be considered in a national sire sum‑
mary model. J Dairy Sci. 1974;57:955–62.

	8.	 Meyer K. Estimates of variances due to sire × herd interactions and envi‑
ronmental covariances between paternal half-sibs for first lactation dairy 
production. Livest Sci. 1987;17:95–115.

	9.	 Banos G, Shook GE. Genotype by environment interaction and genetic 
correlations among parities for somatic cell count and milk yield. J Dairy 
Sci. 1990;73:2563–73.

	10.	 Tier B, Meyer K. Approximating prediction error covariances among 
additive genetic effects within animals in multiple-trait and random 
regression models. J Anim Breed Genet. 2004;121:77–89.

	11.	 Liu Z, Reinhardt F, Bünger A, Reents R. Derivation and calculation of 
approximate reliabilities and daughter yield-deviations of a random 
regression test-day model for genetic evaluation of Dairy cattle. J Dairy 
Sci. 2004;87:1896–907.

	12.	 Harris B, Johnson D. Approximate reliability of genetic evaluations under 
an animal model. J Dairy Sci. 1998;81:2723–8.

	13.	 Misztal I, Wiggans GR. Approximation of prediction error variance in 
large-scale animal models. J Dairy Sci. 1988;71:27–32.

	14.	 Meyer K. Approximate accuracy of genetic evaluation under an animal 
model. Livest Sci. 1989;21:87–100.

	15.	 Bermann M, Lourenco D, Misztal I. Efficient approximation of reliabilities 
for single-step genomic best linear unbiased predictor models with the 
Algorithm for Proven and Young. J Anim Sci. 2022;100:skab353.

	16.	 Lourenco D, Tsuruta S, Aguilar I, Masuda Y, Bermann M, Legarra A, et al. 
Recent updates in the BLUPF90 software suite. In: Proceedings of 12th 
World Congress on Genetics Applied to Livestock Production 3–8 July 
2022; Rotterdam. 2022.

	17.	 VanRaden PM, Tooker ME, Wright JR, Sun C, Hutchison JL. Comparison of 
single-trait to multi-trait national evaluations for yield, health, and fertility. 
J Dairy Sci. 2014;97:7952–62.

	18.	 Wikipedia. h-index. 2024. https://​en.​wikip​edia.​org/​wiki/H-​index. Accessed 
12 Nov 2024.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.

https://en.wikipedia.org/wiki/H-index

	Correcting overestimation of approximate traditional reliabilities with herd-sire interactions when young genomic bulls are used in few herds
	Abstract 
	Background 
	Results 
	Conclusions 

	Background
	Methods
	Methods to estimate reliabilities
	Existing methods
	Modified Tier–Meyer to consider herd-sire effect

	Data and model
	Simulated data
	Real data

	Reliability comparison

	Results and discussion
	Conclusions
	Acknowledgements
	References


