
HAL Id: hal-04089687
https://hal.inrae.fr/hal-04089687

Submitted on 5 May 2023

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépôt et à la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche français ou étrangers, des laboratoires
publics ou privés.

Distributed under a Creative Commons Attribution 4.0 International License

Nonparallel genome changes within subpopulations over
time contributed to genetic diversity within the US

Holstein population
Y. Steyn, T. Lawlor, Y. Masuda, S. Tsuruta, A. Legarra, D. Lourenco, I.

Misztal

To cite this version:
Y. Steyn, T. Lawlor, Y. Masuda, S. Tsuruta, A. Legarra, et al.. Nonparallel genome changes within
subpopulations over time contributed to genetic diversity within the US Holstein population. Journal
of Dairy Science, 2023, 106 (4), pp.2551-2572. �10.3168/jds.2022-21914�. �hal-04089687�

https://hal.inrae.fr/hal-04089687
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://hal.archives-ouvertes.fr


2551

ABSTRACT

Maintaining genetic variation in a population is im-
portant for long-term genetic gain. The existence of 
subpopulations within a breed helps maintain genetic 
variation and diversity. The 20,990 genotyped animals, 
representing the breeding animals in the year 2014, were 
identified as the sires of animals born after 2010 with 
at least 25 progenies, and females measured for type 
traits within the last 2 yr of data. K-means clustering 
with 5 clusters (C1, C2, C3, C4, and C5) was applied to 
the genomic relationship matrix based on 58,990 SNP 
markers to stratify the selected candidates into sub-
populations. The general higher inbreeding resulting 
from within-cluster mating than across-cluster mating 
suggests the successful stratification into genetically 
different groups. The largest cluster (C4) contained 
animals that were less related to each animal within 
and across clusters. The average fixation index was 
0.03, indicating that the populations were differenti-
ated, and allele differences across the subpopulations 
were not due to drift alone. Starting with the selected 
candidates within each cluster, a family unit was identi-
fied by tracing back through the pedigree, identifying 
the genotyped ancestors, and assigning them to a pseu-
dogeneration. Each of the 5 families (F1, F2, F3, F4, 
and F5) was traced back for 10 generations, allowing 
for changes in frequency of individual SNPs over time 
to be observed, which we call allele frequencies change. 
Alternative procedures were used to identify SNPs 
changing in a parallel or nonparallel way across fami-
lies. For example, markers that have changed the most 
in the whole population, markers that have changed 
differently across families, and genes previously iden-
tified as those that have changed in allele frequency. 
The genomic trajectory taken by each family involves 
selective sweeps, polygenic changes, hitchhiking, and 
epistasis. The replicate frequency spectrum was used 

to measure the similarity of change across families and 
showed that populations have changed differently. The 
proportion of markers that reversed direction in allele 
frequency change varied from 0.00 to 0.02 if the rate of 
change was greater than 0.02 per generation, or from 
0.14 to 0.24 if the rate of change was greater than 0.005 
per generation within each family. Cluster-specific SNP 
effects for stature were estimated using only females 
and applied to obtain indirect genomic predictions for 
males. Reranking occurs depending on SNP effects 
used. Additive genetic correlations between clusters 
show possible differences in populations. Further re-
search is required to determine how this knowledge can 
be applied to maintain diversity and optimize selection 
decisions in the future.
Key words: K-means, clustering, polygenic adaptation, 
selection sweeps, epistasis

INTRODUCTION

Understanding the population structure of a breed is 
critical in revealing its genetic diversity and the changes 
occurring within its genome over time. Stratification 
of a single population into more distinct subpopula-
tions allows for the identification of SNP that change in 
frequency in a uniform way across all subpopulations, 
and those that change uniquely within one or more sub-
populations. Without stratification, the pooling of all 
animals together masks these family-specific changes. 
Recently, an abundance of genomic information on dif-
ferent species undergoing adaptive responses to envi-
ronmental change or selection for different agricultural 
goals has become available. This has led to new ideas 
on evaluating adaptation and understanding the ge-
netic architecture of traits (Csilléry et al., 2018; Barghi 
et al., 2020; Buffalo and Goop, 2020; Meuwissen et al., 
2020; McGaugh et al., 2021; Rowan et al., 2021).

The additive genetic model does an excellent job of 
allowing breeders to change the phenotypic average of a 
population toward a desired goal. However, it does not 
expose the genetic complexity and diversity that help 
maintain the genetic variation that allows for current 
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and future genetic change. The breeding value is the 
sum of all markers affecting the trait and only consid-
ers additive effects. The different combinations may be 
near-infinite; thus, populations may show nonparallel 
changes in gene frequencies. Additionally, nonadditive 
effects add more complexity. These near-infinite possi-
bilities to achieve the same genetic merit or phenotype 
lead to genetic redundancy. Genetic redundancy is a 
phenomenon where an excess of beneficial variants ex-
ist, which allows multiple genetic pathways to achieve 
the same phenotype (Goldstein and Holsinger, 1992; 
Nowak et al., 1997). Therefore, populations that have 
been separated and selected for the same trait, may 
have undergone different changes in allele frequencies 
(AF). This is due to different sets of loci responding dif-
ferently to the same selection pressure. Heterogeneous 
change in AF among subpopulations is an indication of 
genetic redundancy (Barghi et al., 2019).

Genetic redundancy is caused by multiple factors. 
One or more genes may serve the same function and 
therefore, the absence of expression in one may not af-
fect the phenotype (Pickett and Meeks-Wagner, 1995). 
Redundancy can also occur because highly polygenic 
traits are influenced by many genes that each have a 
relatively small contribution to the phenotype, hence 
the infinitesimal model (Fisher, 1918). Each allele would 
then be expected to slowly change by subtle shifts in-
stead of selective sweeps of a few genes (Höllinger et al., 
2019). Additionally, many genes not directly involved 
in obvious biological pathways of trait expression may 
collectively explain more variation in traits than those 
with more direct involvement (core genes), reflecting 
the omnigenic nature of traits (Boyle et al., 2017). It 
has been shown that up to 70% of trait variance can 
be attributed to trans-chromosomal effects through pe-
ripheral genes that affect the expression of core genes 
(Liu et al., 2019). These trans-chromosomal effects are 
partly due to pleiotropy (where genes are involved in 
the expression of more than one trait) and epistasis 
(where the expression of one gene influences the expres-
sion of another). In the US Holstein population, the 
percentage of interchromosomal epistatic effects varied 
from 1.9 to 84.2%, depending on the trait (Prakapenka 
et al., 2021). Because many traits of economic impor-
tance in livestock are highly polygenic and omnigenic, 
a combination of selective sweeps and subtle shifts can 
be expected.

The global dairy industry is dominated by a few 
breeds, particularly the Holstein. Concern has been ex-
pressed that artificial insemination has resulted in the 
widespread use of semen from a handful of bulls (Yue 
et al., 2015), which can lead to higher inbreeding and 
genetic similarities worldwide. Although this genetic 
connectedness can be advantageous for genetic evalu-

ations and the similarity of animals provides a more 
uniform and predictable product, it may be problem-
atic for long-term genetic improvement and adaptabil-
ity. Although inbreeding can increase the frequency of 
favorable genes for traits under selection, it leads to the 
decrease in performance of other traits, in particular 
fertility and overall health (Pryce et al., 2014), as well 
as the loss of rare alleles that could be of importance in 
the future. Maintaining genetic diversity is crucial for a 
population to adapt to changing environments, such as 
climate change and consumer preferences.

The objectives of this study were to investigate the 
amount of stratification occurring within the US Hol-
stein population and observe nonparallel changes that 
have contributed to the differences in these subpopula-
tions.

MATERIALS AND METHODS

Data

The study was based on already available data; there-
fore, ethical approval was not required. Genotypes were 
available for the US Holstein population up to 2014. The 
number of animals in the pedigree was 9,817,252, which 
contained 330,837 sires and 5,471,039 dams. The most 
progenies for a sire was 58,266. This sire was Marshfield 
Elevation Tony (Mars). The average number of prog-
enies per sire was 29. The data file contained only type 
traits and totaled 10,067,745 records. Genotypes were 
available for 569,404 animals. Imputed genotypes from 
various SNP panels were obtained from the Council on 
Dairy Cattle Breeding. Markers were not removed from 
these imputed genotypes based on allele frequency or 
Hardy-Weinberg equilibrium deviations. After removal 
of unmapped and sex chromosomes, 58,990 SNP mark-
ers remained.

The genomic relationship matrix (G) was obtained 

using the formula G
MM

=
−( )
′

2 1p pi i∑
, where M is a ma-

trix of SNP content centered by twice the current AF, 
and pi is the current allele frequency for SNP i (Van-
Raden, 2008).

Clustering the Selected Candidates

Potential selected candidates in 2014 (i.e., the breed-
ing animals in 2014 that were selected by genomic 
testing) were identified as sires of animals born after 
2010 with at least 25 progenies (3,902 animals), and 
cows that were recorded for type traits in 2013 or 2014 
(16,197 animals). The registration number of animals 
represented 14 countries, including Australia, Austria, 
Canada, the Czech Republic, Germany, Denmark, 
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Finland, France, Great Britain, Hungary, Italy, the 
Netherlands, Sweden, and the United States. K-means 
clustering (Hartigan and Wong, 1979) of the genomic 
relationship matrix identified 5 clusters of animals (C1, 
C2, C3, C4, and C5) to characterize the genetic diversi-
ty of the Holstein. K-means clustering aims to increase 
across-cluster variation while decreasing within-cluster 
variation. Up to 10 clusters were explored. Based on 
the reduction in sum of squares as more clusters are 
used, 5 to 7 clusters could be reasonable for identifying 
groups that are genetically more different and of suf-
ficient size to allow further evaluations. Many clusters 
would reduce the number of selected candidates in each 
cluster, which would in turn reduce the number of ani-
mals used to estimate SNP effects and calculate AF. 
The number of animals in each cluster was 3,577 (C1), 
3,073 (C2), 3,302 (C3), 5,931 (C4), and 4,216 (C5). A 
principal component analysis was performed on the ge-
nomic relationship matrix to visualize the separation of 
clusters. The plot is presented in Figure 1. The animals 
are labeled according to the cluster that was assigned 
to them using K-means clustering.

Hypothetical matings were performed within and 
across clusters with the INBUPGf90 software package 
within the BLUPF90 software suite (Misztal et al., 
2014). Expected inbreeding of offspring was calculated 
for every possible mating between a specific group of 
sires and specific group of dams. Solutions were based 
on the complete pedigree information of the Holstein 
population assuming nonzero inbreeding for unknown 
parents (Aguilar and Misztal, 2008). The average 
expected inbreeding of animals when mating within-
cluster, and of all animals in across-cluster scenarios, 
are presented in Table 1.

The additive genetic correlations between clusters 
were estimated following an adjustment to the proce-
dure proposed by Duenk et al. (2020). This compares 
the breeding values of populations when expressed 
within different genetic backgrounds. Stature was used 
as a trait to achieve this goal. Five different indirect 
genomic predictions (IGP) of male animals from each 
cluster were obtained, one where SNP effects based on 
females of the same cluster were used, and the rest 
where SNP effects based on females of the other clus-
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Figure 1. Principal component (PC) analysis plots for 3 dimensions showing the clustering results of selected candidates (generation 10). 
The analyses were based on the genomic relationship matrix. The colors are assigned to the clusters that resulted from a K-means clustering of 
the genomic relationship matrix.

Table 1. The average expected inbreeding of offspring resulting from hypothetical mating within cluster and 
across cluster1

Cluster ID  
Predominant sire 
in cluster Sire birth date

Inbreeding 
within cluster

Inbreeding 
across cluster

1  Planet 2003 0.22 0.11
2  Goldwyn 2000 0.20 0.11
3  Shottle 1999 0.18 0.12
4  Multiple sires — 0.10 0.10
5  O Man 1998 0.17 0.11
1The expected inbreeding if animals were mated at random is 0.12.
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ters were used. This is therefore the genetic expression 
of an animal when expected to perform within the ge-
netic background of different groups. Figure 2 illus-
trates how IGP were estimated based on the genetic 
background of different clusters and correlated. The 
model was, as described by Tsuruta et al. (2021), for 
only one trait. Cluster-specific SNP effects were calcu-
lated from GEBV estimated with GBLUP using BLUP-
F90IOD2 with only females from each cluster. The SNP 
effects were estimated for each cluster separately based 
on these GEBV using POSTGSF90 with the formula 
a Dc
� = GEBVc

'
c cλ −1Z G ( ) (VanRaden, 2008; Wang et al., 

2012), where ac
�  is a vector of estimated SNP effects for 

cluster c, λ is the ratio of SNP to additive genetic vari-
ance, D is a diagonal matrix of weights for SNP (in this 
case an identity matrix), Zc included the SNP effects of 
cluster c, GEBVc is the GEBV of females in cluster c, 
and Gc

−1 is the inverse genomic relationship matrix con-
taining female animals in cluster c. The IGP were ob-
tained with the formula IGP = ,j

c z aj c
�  where IGPj

c is the 
IGP of animal j within the genetic background of clus-
ter c, and zj is a vector of SNP content of animal j 
centered by twice the current AF. The additive genetic 
correlations between clusters were calculated as the 
Pearson correlation between the IGP of male animals in 
one cluster when using SNP effects of its own cluster, 

and that of another cluster. The method provides 2 
different correlations because one refers to the IGP of 
population 1 based on the SNP effects of population 2, 
and the other to the IGP of population 2 based on the 
SNP effects of population 1. These are different due to 
the different AF in the respective clusters. Correlations 
between breeding values without taking the reliability 
into account will underestimate genetic correlations. 
Therefore, the method of Calo et al. (1973) was used to 
adjust correlations. The adjustment factor was calcu-

lated as 
i

n
iA i

n
iBRel∑ Rel

Rel ReliA iB

( )( )
∑( )

∑
, where n is the number 

of male animals in generation 10 of family A, ReliA is 
the reliability of the indirect genomic prediction of ani-
mal i when using SNP effects from family A, and ReliB 
is the reliability of animal i when using the SNP effects 
of family B. Individual reliability for IGP was obtained 
using the PREDf90 software package (Misztal et al., 
2014). This software computes the reliability of indirect 
predictions based on the prediction error covariance of 
SNP effects which in turn is backsolved from prediction 
error covariance of genotyped animals (Gualdrón Du-
arte et al., 2014; Lourenco et al., 2019; Legarra et al., 
2022). Animals from each cluster were ranked accord-
ing to their IGP based on different SNP effects.

Steyn et al.: NONPARALLEL CHANGES IN THE US HOLSTEIN

Figure 2. The genetic correlations between clusters are based on the expression of the genotypes of one population within the genetic back-
ground of another. Here, 5 indirect genomic predictions are estimated for males of correlation 1 (C1) based on SNP effects of females of each 
cluster.
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Families

To observe change over time, the transmission of 
SNP markers from one animal to another should be 
traced back from the current animals to the oldest 
ancestors. We created 5 pseudofamilies based on each 
cluster. First, we assigned selected candidates to clus-
ters as described before (C1, C2, C3, C4, and C5). 
Within each cluster, we traced back 10 generations 
to form 5 families (F1, F2, F3, F4, and F5) of up to 
11 nondiscrete generations. Generation 10 (G10) was 
the selected candidates (the clusters) and generation 0 
(G0) was the oldest animals detected by tracing back 
the pedigree. Note that because generations overlap, 
one sire might be a parent of an animal in G7 and 
also a parent of an animal in G8. Thus, this animal 
will be present in both G7 and G8 of the same family; 
assignment of animals to generations is ambiguous as 
pedigrees overlap. This concept is visually explained 
in Figure 3. In this figure, we show only sires and 
maternal grandsires for simplicity, but both sires and 
dams were included in our study. The main sire rep-
resented in a particular family is in larger font, bold, 
and italicized: Planet is the main sire in family 1, 
Goldwyn in family 2, Shottle in family 3, and O Man 
in family 5. Family 4 does not have a clear major sire. 
O Man appears in G8 of both families 1 and 5. Shottle 
is present in G10 of family 3, and G8 of families 2, 3, 
and 5. Goldwyn appears in G8 and G10 of family 2, 
and G7 of family 3. Mtoto occurs in 3 of the 5 families 
in G7 and G6. Sires that are repeated across families 
or generations are in bold and corresponding colors. 
As generations are traced further back, more animals 
are in common to more than one family. Generations 
9 and 10 have 5 animals and one animal per family. 
Generation 8 contains 2 animals per family, a total 
of 10 entries, but only 7 animals (O Man, Taboo, 
Goldwyn, Shottle, Alta-Baxter, Bacculum-Red, and 
Bolton). Generation 7 has 3 animals per family, 15 
total entries, but 11 animals (Manfred, Majic, Amel, 
Durham, James, Mtoto, Goldwyn, Blitz, Rubens, Alta-
Hershel, and Alta-Aaron). Generation 6 has 5 animals 
per family, a total of 25 entries, but 16 animals (Elton, 
Blackstar, Cubby, Mark, Choice, Prelude, Alta-Grand, 
Storm, Aerostar, James, Emory, Mtoto, Alta-Astre, 
Rudolph, Alta-Luke, and Convincer). Families 1, 2, 4, 
and 5 each include 12 animals (from G10 to G6), but 
family 3 includes 11 animals because Mtoto occurs 
in both G7 and G6 of the same family. There are 7 
animals that are unique to only family 1 (Observer, 
Taboo, Majic, Amel, Blackstar, Mark, and Choice), 
whereas there are 6 animals unique to only family 2 
(Airlift, GW Atwood, Durham, James, Alta-Grand, 

and Storm). Similarly, 6 are unique to only family 3, 9 
to family 4, and 3 in family 5.

Grouping of animals into different families is highly 
dependent upon the most recent ancestors. Ancestors 
varying in their occurrence in different families alter 
the gene flow, resulting in different AF across families. 
The number of genotyped animals in each generation of 
each family are presented in Table 2. The total number 
of unique genotyped animals for each family is 7,411 
(family 1), 6,373 (family 2), 6,700 (family 3), 11,041 
(family 4), and 8,333 (family 5). The oldest animal in 
all families was born in 1952 (Osborndale Ivanhoe).

Changes in Allele Frequencies

Changes in AF for the whole breed were calculated 
from the differences in AF between each generation for 
all families combined. Specific within-family allele fre-
quency changes were determined by starting with the 
G10 animals within each cluster and tracing backward. 
Five different procedures were used to identify SNPs 
changing in a parallel or nonparallel way across families 
to observe visually. These procedures included allele 
frequency changes for specific genes known to have 
changed substantially in the US population, the largest 
regression coefficient when regressing AF on genera-
tion, the variance and range in the absolute difference 
in AF between G0 and G10 across the 5 families, and 
those SNPs identified by the Lewontin and Krakauer’s 
test (Lewontin and Krakauer, 1973), which is defined 
below.

Selected Genes

The DGAT1 gene on chromosome 14 was observed 
over time due to its known significant genetic effect on 
milk production (Thaller et al., 2003; Barbosa da Silva 
et al., 2010). Additionally, AVEN (chromosome 10), 
SPATA6 (chromosome 3), ERBB4 (Chromosome 2), 
SKIV2L (chromosome 23), and USP13 (chromosome 
1) were chosen based on results from Ma et al. (2019), 
which showed that these genes are among those that 
have changed the most in the US Holstein population. 
The chosen genes were neither on the same chromo-
some nor the sex chromosomes.

Change in Allele Frequencies Over Generations

All families were combined to determine the allele 
frequency change over time for the overall population. 
The allele frequency was calculated for each genera-
tion and regressed over generations to obtain a slope 
for each SNP marker. The formula was ykl = β0k + 
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β1kxl + ekl, where ykl is the vector of AF for SNP k in 
generation l, β0k is the mean allele frequency for SNP 
k, β1k is the regression coefficient over generations for 
SNP k, x1 is a vector of generation l (0 to 10), and ekl 
is the error associated with SNP k in generation l. The 
20 SNP with the greatest change over time were identi-
fied. Of these SNP, 5 that were further apart (based on 
genomic location) were identified. The 5 SNP selected 
were those with the highest, 5th highest, 6th highest, 
16th highest, and 19th highest regression coefficients.

Greatest Variance of Change Over Generations 
Within Families

The absolute difference between G10 and G0 was 
calculated within each family, providing an estimate for 
change in allele frequency over time. To identify SNP 
markers that have changed differently across families, 
the variance of these differences in the 5 families was 
calculated. The 20 SNP with the highest variance were 
identified. The 5 selected SNP had the highest, 2nd 

Steyn et al.: NONPARALLEL CHANGES IN THE US HOLSTEIN

Figure 3. Families were built by tracing pedigrees back 10 times. The original clustered selected candidates are in generation 10 (G10), 
whereas generation 9 (G9) contained parents of G10, generation 8 (G8) contained parents of G9, and so on, until generation 0 (G0). A sire line 
is illustrated to explain overlapping generations and common ancestors. Colors indicate sires that are repeated across families or generations. 
Sires in large, bold italics are the main sires represented in that family. They are also present in G10.
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highest, 3rd highest, 5th highest, and 19th highest vari-
ance.

Greatest Range of Change Over Generations  
Within Families

The range between the allele frequency change of the 
family with the least change, and that of the family 
with the greatest change was calculated. This is an ad-
ditional measure to identify SNP markers that have 
changed differently across families. The top 20 SNP 
were identified, and 5 were chosen to avoid markers 
close to each other and eliminate those that were also 
among the top 20 based on variance. These 5 SNP had 
the 2nd highest, 5th highest, 7th highest, 9th highest, 
and 13th highest range.

Lewontin and Krakauer Test

Genetic drift and migration also contribute to chang-
es in gene frequencies over time (Falconer and Mackay, 
1996). The Lewontin and Krakauer test (TLK) aims to 
identify markers that changed due to selection, not drift 
or migration (Lewontin and Krakauer, 1973). The test 
uses a measure of genetic differences among subpopula-
tions, namely the fixation index (Fst) test as defined 
by Wright (1943). The Fst test is effectively the frac-
tion of total genetic variance due to differences among 
subpopulations. Only SNP markers with a minor allele 
frequency >0.05 based on all families combined were 
used for this test. The AF of these SNP within G10 of 
each family were calculated. Let p = (p1, …, p5) be a 
vector of the AF of an individual SNP in each of the 5 
families. The Fst for each SNP was calculated as

 F
s

p pst
p=
−( )

,
2

1
 

where p  is the mean of vector p and sp
2 is the sampling 

variance of each SNP across families.
This is used in the TLK formula (Lewontin and 

Krakauer, 1973):

 T n FLK
st

st=
−

,
1

F
 

where n is the number of families and Fst is the mean 
Fst of all markers. The TLK follows a χ2 distribution 
with n − 1 df. The P-values were obtained from this 
distribution based on the TLK of each marker. The Bon-
ferroni adjustment and the false discovery rate were 
used as measures of significance.

Nonparallel Changes

The replicate frequency spectrum can be used to 
measure heterogeneity across populations (Barghi et al., 
2019). Our modified version of the replicate frequency 
spectrum compares how the 100 markers that changed 
most in one family also changed similarly in other fami-
lies. If markers changed differently across families, it 
suggests redundancy or divergent selection/adaptation. 
The absolute difference between allele frequency in G0 
and G10 was used to identify the 100 SNP that have 
changed the most in each family.

The proportion of markers that have changed direc-
tion within each family (initially increased but later de-
creased, or initially decreased but later increased) was 
calculated. Changes were measured by comparing the 
regression coefficient when regressing allele frequency 
over G0 to G5, and the regression coefficient when 
regressing allele frequency over G5 to G10. Instead of 
using zero as the cut-off point for directional change, 
we identified those SNP that changed in one direction 
(increased or decreased) at a rate of at least 0.02 per 
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Table 2. The number of genotyped animals per generation within each family1

Generation Family 1 Family 2 Family 3 Family 4 Family 5

G10 3,577 3,073 3,302 5,931 4,216
G9 1,513 1,471 1,478 2,830 1,859
G8 1,337 1,242 1,302 2,364 1,591
G7 1,043 975 1,004 1,666 1,161
G6 838 792 797 1,139 914
G5 645 582 608 839 669
G4 467 432 454 603 489
G3 336 304 310 426 346
G2 243 229 221 299 245
G1 189 171 171 223 183
G0 148 135 137 171 146
1The most recent generation (G10) was used for clustering; their pedigrees were traced back 10 generations 
(G9 to G0).
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generation in the first phase, and in the opposite direc-
tion at a similar rate in the second phase. Less strict 
cut-offs of 0.01 or 0.005 per generation were also used 
to detect more subtle directional changes.

RESULTS AND DISCUSSION

Studies have shown that cross-validation accuracy 
in determining the usefulness of genomic prediction 
was lowest when using K-means as clustering (Saatchi 
et al., 2012; Boddhireddy et al., 2014; Baller et al., 
2019). Because the accuracy of genomic predictions 
depends on the relationships between the training 
and target populations (Habier et al., 2010; Clark 
et al., 2012; Pszczola et al., 2012), this suggests that 
K-means clustering is successful at separating groups 
that are more related to each other but less related 
to other clusters. K-means clustering identified 5 
clusters as giving shape to the genetic diversity of 
the young animals in the Holstein breed. A princi-
pal component analysis was performed to visualize 
potential differences between clusters. The principal 
component analysis plot in Figure 1 is labeled accord-
ing to the cluster assigned by K-means clustering and 
reveals different but overlapping subgroups within the 
population. The first 3 principal components (PC) 
explain 2.25, 1.86, and 1.63% of the variance of the 
genomic relationships. The plots of the first 2 PC sug-
gest that cluster 1 is more distinct from the rest. This 
seems reasonable, as cluster 1 contains mostly direct 
descendants (i.e., one generation removed from their 
sire Planet). Whereas clusters 2, 3, and 4 contain ani-
mals with more distant and overlapping relationships 
(i.e., the grand offspring of Goldwyn, Shottle, and a 
variety of other bulls), cluster 5 appears to be distinct 
as animals within this cluster are related based upon 
relationships that are one more generation removed. 
Comparing the first and third PC, clearer separation 
is observed between clusters with the exception of 
cluster 1 and 4. Comparing the second and third PC 
also shows separation between clusters 1, 2, and 3 but 
less between the others. Cluster 4 appears to mostly 
overlap with all other clusters.

Families

Stratification of the Holstein population into different 
families will continuously change with each successive 
generation. High numbers of chromosomal segments 
from high-profile bulls provides a strong selection signal 
for a limited time period. Table 3 shows the number of 
times that several prominent bulls appear in different 
families as a sire of a G10 or G9 animal. Selection sig-
nals from earlier generations become pooled together, 
as most of our dairy animals have multiple shared an-
cestors. As shown in Figure 4, the proportion of shared 
ancestors across families increases with each generation 
back in time. Whereas 82% of the parents of G10 ani-
mals are unique to that family, this drops to 46% by G7 
and to 35% by G6. With each new generation, ancestral 
chromosomes are broken and recombined many times 
and in many ways. The connections of several highly 
influential bulls appear to be equally distributed across 
the genotyped ancestors of each family (Table 4). For 
this reason, as we will discuss later, starting AF across 
families differ very little.

Differences in the Most Recent Generation

Extensive use of artificial insemination allows the 
genetics of a prominent sire to be transmitted to the 
population via different family members. Similar to the 
4 paths of selection described by Rendel and Robertson 
(1950), a prominent bull may transmit his genes to 
the next generation in 4 ways: sire of sires of produc-
tion cows (BB), sires of production cows (BC), sires of 
breeding dams that produce sires of production cows 
(CB), and sires of breeding dams of production cows 
(CC). These different paths of selection, coming from 
animals born in different years, leads to several waves 
of descendants being born at different time periods. 
The most direct path is sire to a daughter or a son. A 
strong selection signal for certain bulls is anticipated, 
as the number of daughters can easily be in the tens 
of thousands, and the additive genetic relationship be-
tween parent and offspring (0.5) is high. The selection 
signal of other very prominent bulls, but slightly older, 
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Table 3. The number of times a prominent young bull appears as a sire of animals in generation 10 (or 
generation 9) of each family

Name Family 1 Family 2 Family 3 Family 4 Family 5

Planet 658 (321) 0 (42) 0 (27) 0 (13) 0 (104)
Goldwyn 0 (99) 449 (399) 0 (92) 0 (43) 0 (158)
Shottle 0 (209) 0 (171) 584 (492) 0 (44) 0 (222)
Domain 22 (0) 42 (0) 118 (0) 276 (7) 43 (1)
BW Marshall 0 (7) 0 (19) 0 (25) 34 (65) 2 (25)
Oman 0 (77) 0 (49) 0 (49) 1 (20) 95 (223)
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Figure 4. The proportion of animals that appear in more than one family (F) in each generation, and Venn diagrams illustrating the overlap-
ping nature of families in generation 8 (G8) and the founder population (G0).

Table 4. The number of times historically prominent ancestors appear in each family among only genotyped 
animals

Name Family 1 Family 2 Family 3 Family 4 Family 5

Ivanhoe Star 7 7 6 7 7
Chairman 8 8 6 9 7
Chief 10 12 12 14 11
Elevation 17 20 20 26 18
Bell 29 25 24 33 26
Starbuck 24 32 23 34 26
Blackstar 49 47 44 53 41
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can be even stronger as many copies of their genotype 
will be spread throughout the population by a large 
number of sons. For example, among animals born from 
2010 to 2012, 58,288 daughters of Planet were included 
in the genetic evaluation for milk production. Goldwyn, 
Shottle, and O Man were born 3, 4, and 5 yr earlier, 
respectively. These 3 bulls had 407,709, 532,438, and 
416,313 granddaughters from their respective sons. 
Although the transmission of genetics is one more gen-
eration removed (grandsire instead of sire), the high 
number of granddaughters for these 3 bulls results in a 
higher number of offspring equivalents and a signal of 
selection as strong or stronger than Planet.

The K-means clustering placed the majority of de-
scendants of a prominent sire into the same cluster. 
Family members are grouped together based upon the 
strength of their relationship to one another. Daughters 
and sons of the youngest bulls are in the cluster with 
the highest relationships, granddaughters of slightly 
older bulls in subsequent groups, and more distant 
relatives of the older prominent bulls in other groups. 
That is, daughters and sons of Planet are clustered into 
one group, granddaughters of Goldwyn and Shottle are 
largely separated into 2 different clusters, and so on. 
Cluster groups do not exclusively contain ancestors of 
only these bulls. Ancestral generations overlap. But the 
representation of prominent bulls allows for cross-fam-
ily comparisons to be made. In our study, the female 
animals in generation 10 of each family were born from 
2008 and 2012. The bulls with the highest number of 
close descendants in generation 10 were Planet, Gold-
wyn, Shottle, and O Man, respectively, listed by their 
age. Their descendants are 0, 1, 2, or 3 generations 
removed from the time when these bulls were first se-
lected. Table 3 shows the number of times a that a 
prominent bull is a sire or a grandsire of animals in 
G10. Family 1 contains the most highly related animals 
in generation 10 and the youngest of these prominent 
sires. Slightly older bulls, Goldwyn and Shottle, are the 
primary sires of the G10 and G9 animals for families 2 
and 3, respectively. Many of these animals are grand-
daughters of these 2 bulls. O Man, who is another year 
older, has granddaughters and great-granddaughters in 
G10 of family 5. Family 4 does not contain a prominent 
sire, with less related animals from a variety of sires 
represented.

Differences in inbreeding when mating generation 10 
of each family with each other suggested genetic dif-
ferences between these families. High within-family in-
breeding and low across-family inbreeding indicate that 
animals have indeed been clustered with animals that 
are genetically more similar to each other and more 
different than animals in other clusters. A noticeably 
smaller than expected inbreeding occurs for all mating 

scenarios with animals in generation 10 of F4, whether 
within- or across-family. This shows that although the 
most recent generation in F4 is more different than 
those of other families, it still contains enough varia-
tion to allow low inbreeding (Table 1). This suggests 
that it might be appropriate to select more clusters 
with the K-means method. Even when 10 clusters were 
used, one cluster still had lower inbreeding (not shown). 
More than 5 clusters would have reduced the number 
of animals per generation for each family, which is a 
disadvantage for calculating AF and could lead to more 
sampling bias.

An additional measure of genetic differences, the Fst, 
indicates genetic changes not due to drift alone. The 
average Fst value for markers across generation 10 of 
the 5 families was 0.03, which is lower than the 0.07 
found in a French study that compared 3 different dairy 
breeds—Holstein, Montbéliarde, and Normande (Flori 
et al., 2009)—but higher than the expected value (0.00) 
if populations were uniform. The selected candidates 
do not represent one large panmictic population. They 
come from a complex mixture of family subgroups with 
differences in AF. As shown in the skewed distribution 
in Figure 5, most SNP have low Fst values. No SNP 
reached statistical significance for Fst, although some 
came close. This suggests that most of the differences 
in generation 10 across families is not due to strong, 
divergent selection.

Differences in allele substitution effects across 
populations can be due to differences in AF, epistasis, 
dominance, and differences in linkage disequilibrium 
(Legarra et al., 2021). The SNP effects for stature were 
estimated when using female animals in generation 10 
of each cluster separately or combined. Differences in 
IGP based on these SNP effects show that allele sub-
stitution effects are indeed different across our families. 
Table 5 presents the adjusted correlations between IGP 
of animals based on different SNP effects, thus the ex-
pression of genotypes of one family within the genetic 
background of other families. All are compared with 
the IGP within-family (e.g., IGP of males of generation 
10 in family X when SNP effects were based on females 
of generation 10 of the same family). In general, family 
2 is more separated from the other families, with an av-
erage correlation of 0.78 with other families. High cor-
relations are apparent between generation 10 of some 
families, such as 0.99 between family 5 and 3, 0.92–0.99 
between Family 1 and Family 3, and 0.94–0.99 between 
Family 1 and Family 5. Overall, males of family 3 have 
higher genetic correlations with the females in G10 of 
all families. Shottle is the prominent male in family 1 
and has a larger number of granddaughters across all 
families (Table 3). Nonadditive gene actions, such as 
dominance and epistasis, can contribute to these differ-
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ences in genetic correlations. A correlation lower than 
0.80 is not due to dominance alone. A simulation by 
Duenk et al. (2020) with realistic epistatic scenarios 
decreased the correlation between populations to as low 
as 0.45 without adjustments. Before the adjustment in 
our study based on Calo et al. (1973), the highest cor-
relation between clusters is 0.45, and the lowest after 
adjustment is 0.41. Thus, results suggest that epistasis 
may be present.

Reranking of Indirect Genomic Predictions 

An important consideration when calculating the 
breeding value of an animal is the specification of the 
population(s) where the animal will be mated. Wade 

and Goodnight (1998) reviewed the assumptions used 
in Fisher’s infinitesimal model and Wright’s shifting 
balance theory. Under Fisher’s model, the US Holstein 
would be described as a single, large, panmictic popula-
tion with a singular set of allele substitution effects. 
The average effect of an allele would be estimated from 
all animals combined, and the targeted mates would 
be from a uniform population. Under Wright’s model, 
the Holstein breed consists of multiple demes (or fami-
lies) with shifting allelic values depending upon the 
genetic background of these subpopulations. Genetic 
redundancy, across families, leads to the additive effect 
of an allele varying between families and resulting in 
a unique set of breeding values for each family. Our 
results are more in line with Wright’s shifting balance 
theory, where reranking is expected within different 
subpopulations.

Table 6 shows the ranking of 4 specific bulls (2 from 
generation 10 of family 2 and family 5) based on their 
IGP when using SNP effects based on generation 10 of 
all families combined (ALL) or each separate family. 
Reranking of bulls depending upon the target popula-
tion is evident. Even though Airlift ranks the highest of 
all the G10 males when using ALL SNP effects, he only 
ranks within the top 10 again when using SNP effects 
of F2. Alleles have different substitution effects in dif-
ferent populations, and therefore, alleles that are more 
favorable in one population may not be favorable in 
another. Further investigation is required to determine 
whether results from this study can be used to improve 
the accuracy of genetic evaluations for individual sub-
groups within the population.
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Figure 5. The distribution of fixation index (Fst) values of SNP markers across generation 10 of all families.

Table 5. The additive genetic correlation between generation 10 
of each family (F) when the genotype of the validation population 
(males) is expressed in the genetic background of each family (SNP 
effects based on females from each cluster)1

SNP effects used

Validation population

F1 F2 F3 F4 F5

F1 1.00 0.89 0.99* 0.89 0.99*
F2 0.99* 1.00 0.86 0.75 0.67
F3 0.92 0.56 1.00 0.89 0.99*
F4 0.81 0.87 0.96 1.00 0.90
F5 0.94 0.59 0.99* 0.77 1.00
1Each pairwise comparison has 2 correlations: (1) when the indirect 
genomic prediction of males from family X is based on the SNP effects 
obtained from females in family Y, and (2) when the indirect genomic 
prediction of males in family Y is based on the SNP effects obtained 
from females in family X.
*Results exceeded 1.00.
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Genome Changes

Evolve and resequence studies observe changes in AF 
over generations. An example is a study by Barghi et al. 
(2019), where they observed a natural outcross popula-
tion as it adapted to a higher temperature. This led to 
different subpopulations with their own genetic solu-
tions (redundancy) converging to the same phenotypic 
goal. Genetic redundancy in dairy cows is expected as 
breeders define an overall breeding objective or fitness 
measure and select breeding animals from the available 
candidates representing several different subpopula-
tions.

To fairly compare the genomic changes across fami-
lies from a similar starting point, the earliest genera-
tion needs to contain similar animals, whereas the more 
recent generations are different. The large proportion 
of shared ancestors in the earlier generations allows for 
greater similarity. This can be seen in Tables 3 and 
4. Prominent bulls, such as Planet, Goldwyn, Shottle, 
BW Marshall, and Oman, are not exclusive to a specific 
family as they appear in the different families and gen-
erations, albeit in different proportions. However, these 
younger, prominent sires drive the genetic diversity 
within the most recent generation of each family (G10). 
Overall, differences in their proportional influence upon 
a family as a whole allow them to shift the frequency 
of different alleles over time. Heterogeneous changes in 
AF across families can come from similar ancestors con-
tributing a varying percentage of descendants. Trac-
ing back to some of the historically most prominent 
ancestors, such as Elevation, Chief, and Blackstar, it 
can be seen that they are more evenly represented in 
the genotyped animals of each family. This provides a 
homogeneous early genetic base with similar initial AF 
across all families.

Our analysis concentrated on temporal changes in 
AF over several generations among 5 different families. 
Heterogeneity in allele frequency changes across fami-
lies indicates that different sets of SNPs are changing 

over time. Having several distinct families with diverse 
genomes helps maintain genetic variation over time. 
Comparing allele frequency changes in our study al-
lowed us to identify family-specific signatures of selec-
tion. Fixation of alleles was infrequent across the whole 
population (3 alleles); however, it was greater and var-
ied within families. The number of SNP markers that 
became fixed within each family were 38, 22, 22, 59, 
and 40 for F1, F2, F3, F4, and F5, respectively. None 
could be described as a selective sweep as all had initial 
frequencies near fixation.

A subset of results is presented here; Figures 6 and 7 
show selected genes, Figures 8 and 9 show markers with 
the most change based on the regression coefficient, 
Figure 10 shows the marker with the greatest variance, 
Figure 11 the marker with the greatest range, and Fig-
ure 12 the marker with the greatest Fst. Results for 
other chosen markers are presented in the supplemental 
material (https: / / figshare .com/ projects/ Non -parallel 
_genetic _change/ 145899; Steyn, 2022).

The frequency of alleles can change due to factors in-
cluding selection, migration, random genetic drift, link-
age, epistasis, and pleiotropy (Falconer and Mackay, 
1996; Barghi et al., 2020). All factors can also contrib-
ute to genetic redundancy, especially when traits are 
polygenic and complex. Changes can be rapid, such as 
selective sweeps when genes have a large effect, or slow 
and unpredictable, such as subtle shifts when traits are 
highly polygenic. Markers surrounding a SNP undergo-
ing rapid change can also change similarly simply due 
to its proximity to the marker of interest, a phenome-
non known as linkage drag or hitchhiking (Santiago and 
Caballero, 1998). This hitchhiking can reduce genetic 
diversity because it can lead to higher genomic inbreed-
ing (Pedersen et al., 2010). The direction of frequency 
change of a hitchhiker depends on the phase. If the 
favorable allele started at a low frequency and was in 
opposite phase with the hitchhiker, their changes will 
be in opposite directions. Possible hitchhiking was ob-
served in markers surrounding the SNP we chose for 

Steyn et al.: NONPARALLEL CHANGES IN THE US HOLSTEIN

Table 6. The ranking of 2 bulls from each cluster (C) when indirect genomic predictions for stature are based 
on different SNP effects1

Bull

Group SNP effects were based on

All C1 C2 C3 C4 C5

Bulls in G10 of cluster 2      
 Airlift 1 101 3 64 44 276
 G.W. Atwood 22 81 8 1,150 212 446
Bulls in G10 of cluster 5      
 Monreal 2 46 97 140 30 2
 Broch 4 52 146 124 19 57
1The SNP effects were based on female animals in generation 10 (G10) of each family separately or all com-
bined.

https://figshare.com/projects/Non-parallel_genetic_change/145899
https://figshare.com/projects/Non-parallel_genetic_change/145899
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observation based on our criteria, including Figures 6, 
8, 10, and 11. Pleiotropy is when one gene contributes to 
more than one trait, such as the DGAT1, which will be 
discussed in more detail below. Antagonistic pleiotropic 
effects can prevent the fixation of an allele when the de-
sired phenotype is a compromise between the different 
effects. The expression of a gene can be affected by the 
expression of another (epistasis). Both pleiotropy and 
environmental conditions can affect epistasis (Arjan et 
al., 2011). Estimating gene interactions is statistically 
and computationally challenging due to the large num-
ber of possible pairwise interactions and is generally 
ignored in genetic evaluations. A recent study on US 
Holstein by Prakapenka et al. (2021) showed that the 
degree of epistasis varies depending on trait, with pro-

duction traits having less than 40% interchromosome 
epistatic effects, but over 80% for daughter pregnancy 
rate. A change in direction or magnitude of SNP effects 
can be as a result of epistatic interactions (Mackay, 
2014). The frequency may increase, or decrease initially 
but change if an antagonistic relationship with another 
gene is present. These changes could also be due to 
changes in selection pressure, whether due to artificial 
or natural selection or hitchhiking. Table 7 shows the 
number of SNP markers that have changed direction 
when comparing the regression coefficient of allele fre-
quency over G0 to G5, with the regression coefficient of 
allele frequency over G5 to G10. Whereas the number of 
SNP that reversed direction over time numbered in the 
thousands, the proportion of SNP markers that initially 
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Figure 6. The allele frequency of the DGAT gene (blue) and surrounding 20 SNP markers (red) per generation within each family.

Figure 7. The allele frequency of the USP13 gene (blue) and surrounding 20 SNP markers (red) per generation within each family.
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increased (or decreased) by 0.005 per generation until 
G5, and decreased (or increased) by 0.005 until G10, 
ranged from 0.14 in family 4 to 0.24 in family 1. Due to 
the large number of possible gene-by-gene interactions, 
estimating their presence is statistically challenging, 
especially when the number of genotyped animals is 
low. A possible measure of nonadditive effects over time 
is the correlation of SNP effects estimated per genera-
tion within a family/line (Legarra et al., 2021, personal 
communication with Jorge Hidalgo). This method can-
not be applied within our families as the number of 
animals per generation in our older generations is too 
small to estimate SNP effects with confidence.

The genome trajectory taken by each family involves 
a combination of the above-mentioned factors. These 
can be observed in plots of specific alleles selected based 
on these different criteria. All figures showing changes 
over time are presented in Supplemental Data S1 
(https: / / figshare .com/ projects/ Non -parallel _genetic 
_change/ 145899; Steyn, 2022), while selected examples 
are shown for discussion purposes in this manuscript.

Genes. The allele frequency changes for DGAT1 
for all families are presented in Figure 6. It starts at 
a high frequency and remains relatively unchanged 
or shows small increases for 4 families. This gene is 
known to significantly affect fat yield (Spelman et al., 
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Figure 8. The allele frequency of the second selected SNP among the 20 SNP markers that have changed the most over time based on the 
regression coefficient (blue) and the surrounding 20 SNP markers (red) per generation within each family.

Figure 9. The allele frequency of the fifth selected SNP among the 20 SNP markers that have changed the most over time based on the 
regression coefficient (blue) and the surrounding 20 SNP markers (red) per generation within each family.

https://figshare.com/projects/Non-parallel_genetic_change/145899
https://figshare.com/projects/Non-parallel_genetic_change/145899
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2002; Thaller et al., 2003; Jiang et al., 2019). The high 
starting point of allele frequency in G0 is not surpris-
ing given that milk production traits have undergone 
selection decades before the birth of our G0. If this gene 
was acting alone, the expectation would have been that 
it would be fixed in the population. However, due to 
its antagonistic effects on milk yield, its frequency has 
remained similar over time (Jiang et al., 2018). The 
change for F2 is distinctly different, clearly decreasing. 
Surrounding SNP markers also show different behav-
ior compared with other families. This may reflect a 
change in breeding objectives in the dairy industry 
because consumers’ attitude toward fat in human diets 
has changed over time.

The AVEN gene is associated with male fertility 
(Laurentino et al., 2011) and shows similar increasing 
trends in allele frequency changes, with surrounding 
SNP markers showing different behavior in F2 (Supple-
mental Data S1; https: / / figshare .com/ projects/ Non 
-parallel _genetic _change/ 145899; Steyn, 2022). The 
ERBB4 gene is involved in embryonic lethality (Tid-
combe et al., 2003). The F1 and F5 show sharper in-
creases in allele frequency compared with other families, 
but the overall trend may also be considered similar. 
The surrounding SNP markers in F1 show hitchhiking 
signals (Supplemental Data S1; https: / / figshare .com/ 
projects/ Non -parallel _genetic _change/ 145899; Steyn, 
2022). This may only be observed in F1 because linkage 
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Figure 10. The allele frequency of the first selected SNP among the 20 SNP markers that have shown different changes across families (blue) 
and the surrounding 20 SNP markers (red) per generation within each family.

Figure 11. The allele frequency of the first selected SNP among the 20 SNP markers that have shown small changes in at least one family 
and large changes in another (blue) and the surrounding 20 SNP markers (red) per generation within each family.

https://figshare.com/projects/Non-parallel_genetic_change/145899
https://figshare.com/projects/Non-parallel_genetic_change/145899
https://figshare.com/projects/Non-parallel_genetic_change/145899
https://figshare.com/projects/Non-parallel_genetic_change/145899
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Figure 12. The Manhattan plot with P-values based on the Lewontin and Krakauer extension of the fixation index (Fst) test, and the allele 
frequency of the SNP with the highest Lewontin and Krakauer value (blue) and the surrounding 20 SNP markers (red) over generations within 
each family.

Table 7. The number and proportion of SNP markers that have changed direction in each family1

Family

Rate of allele frequency change

>0.02

 

>0.01

 

>0.005

Number Proportion Number Proportion Number Proportion

Family 1 1,086 0.02  6,765 0.11  14,132 0.24
Family 2 780 0.01  5,986 0.10  13,012 0.22
Family 3 833 0.01  6,238 0.11  13,161 0.22
Family 4 56 0.00  2,172 0.04  8,121 0.14
Family 5 839 0.01  6,285 0.11  13,450 0.23
1These are SNP that changed at a rate of 0.02, 0.01, or 0.005 allele frequencies per generation (G) in one direc-
tion (positive or negative) from G0 to G5, and the same (but opposite) rate from G5 to G10.
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disequilibrium was lost due to recombination in other 
families.

The SKIV2L gene is also involved in fertility (Ma 
et al., 2019). Here, more heterogeneity is observed as 
the allele frequency in F3 start to decrease from G9 
whereas others continue to increase. Differences can 
also be observed in the surrounding SNP markers (Sup-
plemental Data S1, https: / / figshare .com/ projects/ Non 
-parallel _genetic _change/ 145899; Steyn, 2022). The 
SPATA6 gene is associated with sperm quality (Yuan 
et al., 2015) and also shows heterogeneous changes. The 
allele frequency increased up to G7 for all families, after 
which they plateau or slowly decrease in F2, F3 and 
F4, decrease more sharply in F5, and increase sharply 
in F1. The surrounding SNP also behave differently in 
F1. The USP13 gene is involved in the immune system 
(Zhang et al., 2013) and shows a change in different 
directions across the families (Figure 7). This differ-
ence in the direction of change may indicate different 
epistatic effects in the families.

Change in Allele Frequencies Over Genera-
tions, Greatest Variance of Change Over Gen-
erations Within Families, and Greatest Range of 
Change Over Generations Within Families. The 
regression coefficient when regressing allele frequency 
over generations for the whole population was used to 
identify SNP markers that have changed the most over 
time. Thus, this is not family-specific. The change in al-
lele frequency is fairly consistent in direction and mag-
nitude across all 5 families for 2 of the top 5 selected 
SNP, such as in Figures 8 and 10. This rapid change 
in AF for all families may reflect a partial selection 
sweep for a gene that has undergone selection. Some 
surrounding SNP markers change at a similar rate but 
in opposite directions and are more pronounced in some 
cases. This can be a hitchhiking effect by nearby mark-
ers. Our selected marker may be, in fact, the hitchhiker 
instead of the gene under selection.

The variance of change was used to identify scenarios 
where at least one family shows small changes while at 
least one other family shows a large change. For all 5 
selected SNP, F1 and F5 follow similar trends, whereas 
F2 and F3 have trends similar to each other, but in a 
different direction and pattern than F1 and F5 (such 
as Figure 10). A change in direction can be due to a 
change in selection, but can also be influenced by an 
interaction with another gene of interest on the same or 
even different chromosomes (Mackay, 2014). Surround-
ing SNP markers show stronger linkage in Figure 11.

The range between the family with the least change 
and the family with the most change was also used to 
identify SNP that behave differently. The top 3 selected 
SNP showed the greatest change in F1 and stronger 
responses in the surrounding SNP (Figure 11 shows 

the SNP with the greatest range). The fourth and fifth 
selected SNP markers show changes in different direc-
tions across families (Supplemental Data S1; https: / 
/ figshare .com/ projects/ Non -parallel _genetic _change/ 
145899; Steyn, 2022).

Lewontin Krakauer Test and Fixation Index. 
Figure 12 includes the resulting Manhattan plot of the 
−log10(P-value) of the Fst of each SNP marker. Peaks 
are observed, and some approach significance, but none 
of the SNP markers met the criteria for statistically 
significant differences (P < 0.05 with a Bonferroni ad-
justment for the number of markers, or false discovery 
rate). The allele frequency changes for 5 SNP nearest 
to the significance threshold were investigated. All were 
markers that started with an allele frequency close to 
fixation. Even though the allele frequency remained 
stable for 4 families, one family (such as Figure 12 for 
the SNP marker with the highest Fst) showed rapid 
changes. These may have been the result of strong di-
vergent selection. Figure 5 shows the distribution of 
Fst values of all markers. Although most markers are 
smaller than 0.05, some markers reach Fst values higher 
than 0.10.

Nonparallel Changes

Table 8 compared changes of the 100 SNP with the 
greatest absolute change from G0 to G10 within each 
specific family, instead of the population as a whole. 
The allele frequency change must be greater than 0.20 
or greater than 0.30. Family 4 has the fewest number of 
SNP that changed more than 0.30. However, differences 
across families are more similar when change is greater 
than 0.20 instead of 0.30. Figure 13 presents Venn 
diagrams showing which markers change similarly, or 
differently, across families (F5 is not shown but follows 
patterns similar to F1, F2, and F3). In all families but 
F4, more than 10 SNP markers changed by more than 
0.30 only in the family the top SNP are based on and 
none that changed in only another family. This is not 
the case in F4, where only 3 SNP markers changed by 
more than 0.30 in only F4, 3 only in F3, 4 only in F2, 
and none only in another family. Based on these results, 
we conclude that genetic redundancy is indeed present.

Limitations

Replicate populations over time are useful to observe 
adaptation (Franssen et al., 2017). Ideally, these rep-
licates should be from the same environment, share 
founding populations, and evolve independently to the 
same environmental stressor (Barghi et al., 2020). In 
our study, the high overlap of animals in our families in 
older generations allowed us to have reasonable found-
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ing populations that are similar across families. Over 
time, differences from this starting point reflect both 
divergent selection and genetic redundancy.

Genotypes of older Holstein animals in our data do 
not reflect a true baseline of animals that were part of 
the gene pool at the time because they are generally 
animals that were predominantly bulls and considered 
to be best. However, these bulls were widely used in 
artificial insemination (AI) programs. Therefore, their 
genetic material is expected to be present in large pro-
portions of the population. In 2015, it was shown that 
all AI bulls could be traced back to only 2 bulls born 
in 1880. Two highly influential bulls, Pawnee Farm 
Arlinda Chief and Round Oak Rag Apple, shared Y-
chromosomes with 48.78 and 51.06% of the Holstein 
bull population in the 2010s (Yue et al., 2015). Both 
these bulls are included in our study. Our imbalance 
of sexes among older genotypes is not unlike the study 
by Barghi et al. (2019), where only females were geno-
typed in the founder population. During more recent 
decades, genotyping costs have decreased enough for 
breeders to genotype most of their animals, regardless 
of their genetic merit or sex. This will enable future 
studies to use AF that are more reflective of the whole 
population over time.

Other limitations of our study include the small 
number of replicates and generations. More generations 
and replicates are required to detect the genetic change 
in different subpopulations and determine the reason 
for changes. Additionally, our families are not closed 
families. Not all parents were genotyped, and therefore, 
not all genetic changes over time are captured by our 
animals. This is also similar to the study by Barghi et 
al. (2020), where not all replicate members were geno-
typed.

Sampling bias is possible in our initial clusters. Dif-
ferent sampling methods could select different animals. 

Although different changes would be observed, and 
thus different selection signatures might be identified, 
genetic redundancy is still expected to be observed. 
Faster changes during the second half of our time pe-
riod are not surprising as fewer shared ancestors are 
found, genotyping females became more popular, and 
more breeders could afford genotyping.

Our work may serve as a preliminary study to encour-
age the investigation of adaptation and genetic redun-
dancy in the future once these obstacles are overcome. 
We have explored changes in AF over generations, but 
did not identify the cause of change or the extent to 
which selection, drift, epistasis, gene-by-environment 
interactions, or redundancy contributed to change. 
Considerably more genotypes have been collected since 
2014. Their inclusion in future studies will greatly in-
crease the ability to investigate the differences among 
subpopulations more thoroughly. Including all geno-
types to date would allow greater numbers to calculate 
AF per generation, observe change over a longer period 
of time, and capture changes that have occurred.

Implications

Changes over time, whether in the overall popula-
tion or multiple subpopulations, could aid in identify-
ing selection signatures. Markers that change only in 
specific subpopulations could be associated with dif-
ferent breeding objectives in different regions, epistatic 
interactions, or adaptation to different environments. 
Those that change similarly in all subpopulations could 
be associated with genes that have undergone universal 
selection or are vital in biological mechanisms.

Nonparallel changes across families reveal genetic 
redundancy; however, because families may differ in 
genetic merit, this may be confounded with divergent 
selection. Due to selection or redundancy, nonparallel 
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Table 8. The number of times the 100 SNP markers with the greatest allele frequency change (AFC) in 1 
family change by more than 0.20 or 0.30 from oldest to youngest generation in each family

AFC Family 1 Family 2 Family 3 Family 4 Family 5

Top 100 SNP in family 1
 >0.20 100 89 100 92 95
 >0.30 100 69 82 31 73
Top 100 SNP in family 2
 >0.20 90 100 100 95 84
 >0.30 61 100 78 28 57
Top 100 SNP in family 3
 >0.20 82 92 100 93 85
 >0.30 64 71 100 31 52
Top 100 SNP in family 4
 >0.20 86 93 83 100 89
 >0.30 69 72 82 50 67
Top 100 SNP in family 5
 >0.20 87 90 99 98 100
 >0.30 65 78 82 32 98
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changes show underlying genetic diversity within the 
US Holstein breed. These results have important impli-
cations for the projection of long-term genetic response 
in the breed and other large panmictic populations. 
Genetic selection in Holstein cattle has achieved a 
continued increase in milk production with no sign of 

reaching a selection limit. A question arises whether 
selection should continue treating the breed as one 
large population with AF that can converge to the best 
overall average allele frequency for the population or as 
separate lines to increase the genetic distance between 
families. The latter can potentially prevent the loss of 
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Figure 13. The number of times the 100 SNP that changed the most in a particular family (here family 1 to family 4) changed in allele 
frequency (AF) by more than 0.30 from generation 0 to generation 10 in the 5 different families (F1 to F5).
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alleles that may be beneficial in the future and allow 
outcrossing that can take advantage of heterosis.

Existing tools are available to breeders to actively re-
duce the rate of inbreeding while still achieving genetic 
improvement. Optimal contribution selection for live-
stock production was proposed by Meuwissen (1997) 
for this purpose. The recent availability of genomic 
information allows the use of a genomic relationship 
matrix for optimal contribution selection instead of a 
traditional pedigree matrix (Clark, 2013). A genomic 
matrix based on linkage analyses (IBD-based) shows 
promise in managing homozygosity and drift-based in-
breeding while increasing genetic gains but can be com-
putationally expensive (Meuwissen et al., 2020). The 
combined use of subpopulations within the US Holstein 
and optimal contribution selection can manage genetic 
diversity within separate lines. Management tools can 
also allow breeders to set an inbreeding limit that they 
are comfortable with. Additional considerations in the 
industry include limiting the number of progenies a sire 
can have or the time period in which their semen is 
available for purchase.

CONCLUSIONS

The Holstein breed is a complex mixture of family 
subgroups with different allele frequencies and gene 
combinations. The different families offer redundant 
solutions to the goals of modern-day breeders. Genetic 
redundancy allows for the value of individual alleles 
to shift over time in unique ways within a specific 
family. The substitution value of different alleles and, 
consequently, the breeding value will differ for different 
target populations such as a specific family versus the 
overall combined population. Stratification of selec-
tion candidates into unique subpopulations promotes 
genetic redundancy, can maintain diversity, and lowers 
the risk of the fixation or loss of alleles.
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