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LEVERAGING LARGE SCALE BEEF CATTLE GENOMIC DATATO
IDENTIFY THE ARCHITECTURE OF POLYGENIC SELECTION AND LOCAL
ADAPTATION
Troy Rowan
Dr. Jared Decker, Dissertation Supervisor
ABSTRACT

Since the invention of the first array-based genotyping assay for cattle in 2008,
millions of animals have been genotyped worldwide. Leveraging these genotypes offers
exciting opportunities to explore both basic and applied research questions. Commercial
genotyping assays are of adequate variant density to perform well in prediction contexts
but are not sufficient for mapping studies. Using reference panels made up of individuals
genotyped at higher densities, we can statistically infer the missing variation of low-
density assays through the process of imputation. Here, we explore the best practices for
performing routine imputation in large commercially generated genomic datasets of U.S.
beef cattle. We find that using a large multi-breed imputation reference maximizes
accuracy, particularly for rare variants. Using three of these large, imputed datasets, we
explore two major population genetics questions. First, we map polygenic selection in the
bovine genome, using Generation Proxy Selection Mapping (GPSM). This identifies
hundreds of regions of the genome actively under selection in cattle populations. Using a
similar approach, we identify dozens of genomic variants associated with environments
across the U.S., likely involved local adaptation. Understanding the genomic basis of
local adaptation in cattle will enable select and breed cattle better suited to a changing

climate.

XVi



CHAPTER 1
LEVERAGING COMMERCIALLY GENERATED GENOMIC DATA FOR

BASIC SCIENCE IN BEEF CATTLE POPULATIONS

In a landmark paper in 2001, Meuwissen, Hayes, and Goddard laid the foundation
for the most important development in plant and animal breeding this millennium [1].
Their idea to use high-density SNP genotypes across the genome to more accurately
estimate breeding values would change how breeding programs and whole industries
operated. It would be another seven years until their theory could be realized in practice,
as no high-density genomic assays for agricultural species existed at the time. The
development of the BovineSNP50 in 2008 ushered in a new era of animal breeding and
allowed the theory of Meuwissen, Hayes, and Goddard to be realized and implemented in
genetic evaluations [2,3]. The impact of genomic selection was immediate. The ability to
obtain accurate predictions of genetic merit on young animals did away with dairy
progeny testing programs virtually overnight [4]. This shortened generation intervals and
led to a massive acceleration in genetic gain [5]. In dairy cattle, the adoption of genomic
technologies was instantaneous, and now over 700,000 animals are genotyped per year in
the United States [6]. Genomic selection uptake was slower in the beef industry, but it
has increased substantially in recent years, leading to millions of genotyped animals

across breeds.

Genotype Imputation
In most cases, commercially-generated assays genotype between 7,000 and

70,000 SNPs [7]. These assays are designed to genotype SNPs with moderate-to-high


https://paperpile.com/c/nQfGtx/52vQ
https://paperpile.com/c/nQfGtx/0kWJ+Qoad
https://paperpile.com/c/nQfGtx/RQ5M
https://paperpile.com/c/nQfGtx/JkLt
https://paperpile.com/c/nQfGtx/KGek
https://paperpile.com/c/nQfGtx/Jg7S

minor allele frequency (MAF) that are evenly spaced throughout the genome. The assays
are of sufficient density to effectively define relationships between individuals for use in
routine genomic prediction [8]. Adding more common markers tends to provide only
subtle increases in prediction accuracy [9]. However, these assays are not of sufficient
density to precisely map quantitative trait loci in genome-wide association studies
(GWAS). As we attempt to leverage commercially-generated data for use in mapping
studies, increasing the marker density is a crucial first step in adding utility to the data. In
populations with large reference sets of individuals with high-density or full sequence
genotypes, missing genotypes that occur when using low-density assays can be
statistically inferred through imputation [10]. In the context of reusing commercially-
generated data or designing genome-wide association studies (GWAS), imputation allows
the genotyping of large numbers of individuals (high power) without sacrificing marker

resolution (high numbers of SNPs).

It is important to note that the utility of imputation in mapping studies or genomic
prediction depends on its accuracy. Imputation accuracy is a function of multiple factors,
some of which are algorithmic, and others that are dependent on the genetic architecture
of the dataset and reference haplotypes. At its core, imputation is a pattern matching
process, and accurate imputation of the missing alleles within a haplotype requires that
the haplotype resides within the set of high-density reference haplotypes. In most of the
major cattle breeds, large numbers of individuals have been genotyped using high-density
assays and/or have sequenced at high coverage. Consequently, a large pool of haplotypes
exists for use as reference sets in imputation to either high-density chip-level (~800,000

SNPs) or full sequence (tens of millions of SNPs). In cattle, imputation directly from


https://paperpile.com/c/nQfGtx/veNV
https://paperpile.com/c/nQfGtx/4WSC
https://paperpile.com/c/nQfGtx/CPTM

low-density to full sequence genotypes results in substantial drops in accuracy, meaning
that commercial assays first need to be imputed to a high-density chip level [11] prior to
imputation to the level of whole-genome resequencing data.

In Chapter 2 [7], we examine the effects of multiple non-algorithmic alterations
on imputation accuracy to the high-density chip level. We test the impact of the
imputation reference panel on downstream imputation accuracy using down-sampled
genotypes from animals' true high-density genotypes. The down-sampled data allowed us
to categorize and quantify the magnitude of imputation errors at the variant and
individual level. By using a large multi-breed reference panel of high-density reference
haplotypes, we demonstrate significant gains in imputation accuracy, particularly for rare
variants. The multi-breed reference panel also increases the imputation accuracies of
genotypes obtained for crossbred or admixed animals. This is especially important as
much of the commercially-generated data that we receive from cattle breed associations
includes crossbred animals, making it difficult to pinpoint the exact breed ancestry of
individuals for which to assemble a within-breed imputation reference panel. The optimal
imputation strategy and reference panel identified in Chapter 2 are implemented as a
Snakemake [12] pipeline that is routinely used to perform genotype imputation for the
Mizzou Animal Genomics group. The genomic data used to map polygenic selection and
local adaptation in Chapters 3 and 4 were imputed based on the workflow described in
Chapter 2. Ongoing improvements to this pipeline, both in software and reference panel
content, will continue to increase the accuracy of imputation, and thus the usefulness of
commercially-generated beef cattle genotypes for answering basic and applied research

questions.


https://paperpile.com/c/nQfGtx/wgNF
https://paperpile.com/c/nQfGtx/Jg7S
https://paperpile.com/c/nQfGtx/XV5K

Leveraging high-density, imputed genotypes from tens of thousands of beef cattle
genotyped over time and across diverse landscapes, we explore two major questions in
population genetics in Chapter 3. First, we use genome-wide association study (GWAS)
models to detect variants undergoing polygenic selection in a method called Generation
Proxy Selection Mapping (GPSM) [13,14]. Next, we use these same GWAS models to
identify genomic associations with an individual’s environment as means for mapping

variants associated with local adaptation.

Polygenic Selection

In both wild and domestic populations, selection occurs on phenotypes that
increase fitness, or economically important traits, respectively. This selection on certain
phenotypes changes the frequencies of the genetic variants that underlie variation in these
traits [15]. When selected traits are simple or Mendelian in nature, controlled by
relatively few loci, allele frequencies change rapidly. For these traits, beneficial causal
loci are rapidly “swept” to fixation in the population, causing frequency changes at
neighboring neutral sites due to linkage disequilibrium [16]. Much work has been done to
map these selective sweeps in humans, cattle, and numerous other species [17-19]. It is
becoming increasingly apparent that in most populations, most selection is polygenic,
acting on complex traits, controlled by hundreds or thousands of loci spread throughout
the genome [20]. The result is that polygenic selection can cause large shifts in a
population’s mean phenotype without creating detectable shifts in allele frequency at any
single locus [21,22].

Most traits under selection in cattle are complex in nature. While sweep mapping

has identified numerous locations throughout the genome that have undergone strong
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selection in the distant or intermediate past [23,24], it remains largely unknown how
polygenic selection impacts the genome over short timescales. Commercially-sourced
cattle genotype data presents an opportunity to understand the genomic changes due to
ongoing polygenic selection, because: 1) it is distributed over time (widespread
genotyping since 2008 and genotypes on early founder individuals), 2) the selection goals
in populations are well-understood, 3) there is an enormous statistical power (thousands
of genotyped individuals) to detect small allele frequency shifts. Decker et al. (2012) [13]
developed a method to map polygenic selection in populations with temporally-stratified
genomic data. Their method, Generation Proxy Selection Mapping (GPSM), utilizes
genome-wide association study (GWAS) models to detect allelic associations with an
individual’s generation, or some proxy for generation. In addition to being scalable to
large numbers of individuals and marker tests, the use of GWAS models with a genomic
relationship matrix (GRM) controls for population and family structure that exist in the
dataset. These significant associations between an allele and an individual’s generation
insinuate that a locus is undergoing changes in frequency greater than expected due to
drift [25].

In Chapter 3, we extend the GPSM method to three large genotyped beef cattle
populations [14]. Additionally, we perform simulations to validate the method and infer
how its power to detect selection varies under certain genomic architectures, effective
population sizes, and strengths of selection. In addition to increasing the number of
genotyped samples compared to Decker et al. (2012), we use significantly higher-density
imputed genotypes (from methods described in Chapter 2). This allows the more precise

mapping of selected variants and identification of their positional candidate genes.
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Chapter 4 further expands on this approach, using two cattle datasets of 50,000 and
75,000 individuals imputed to 11 million variants. This is likely one of the largest non-
human selection mapping datasets to date. Using sequence-imputed genotypes allows for
the functional annotation of GPSM SNPs and a deeper understanding of the genetic
architecture that governs traits being selected in contemporary cattle populations. We
demonstrate that GPSM can identify minute allele frequency shifts caused by selection
over very short time periods (< 2 generations). We compare GPSM signatures to
traditional methods of selection mapping and find minimal overlap. Beyond identifying
different selected loci, we show that polygenic selection identified by GPSM does not
alter neighboring neutral diversity like the selective sweeps identified by other methods.
The GPSM method offers an intriguing complement to other selection mapping
approaches when temporally-stratified genotype data are available. It also offers a

glimpse at the impacts of producer selection decisions in the beef industry.

Local Adaptation

Beef cattle are the last major livestock species in the United States to reside
largely in uncontrolled environments “outdoors”. As pork, poultry, and many dairy
operations have moved into highly-controlled indoor environments, beef cattle remain
exposed to the full suite of environmental stressors. These can be purely climatic like
heat [26] or cold stress, or more complex environmental stressors like water availability
[27] or presence of toxic fescue [28]. Gene-by-environment interactions are well-
documented in beef cattle populations [29-31], especially for growth traits. Still, the
genetic variants underlying GXE interactions are not well understood. Most GXE mapping

studies in beef cattle have focused on identifying SNPs with significant growth trait-by-
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environment interactions [32,33], treating GXE as a quantitative genetic problem. It is
also clear that despite the use of national genetic evaluations used to select sires, cattle
populations are directly selecting for animals that produce well in their herd’s
environment. An experiment involving the reciprocal transplant of Line 1 Hereford cattle
between Montana and Florida in the 1970s showed that highly-similar genetics selected
in different environments experienced massive performance losses when exposed to a
novel stressful environment [34]. Though the selection goals in two different
environments may be the same, animals selected in each environment utilize different
sets of variation to optimize performance in each environmental context. Over time we
would expect that the genetic variants that confer local adaptation to animals would
exhibit allele frequency differences along environmental gradients (i.e. temperature,
precipitation, etc.) and between diverse regions [35,36].

Using a similar approach to GPSM in Chapter 3, we leverage large beef cattle
populations distributed across a range of environments in the Continental United States to
map DNA variants associated with continuous environmental variables at an animal’s
birth location (30-year normal temperature, precipitation, elevation), or an individual’s
membership in one of nine statistically-derived ecoregions [14]. We identified dozens of
variant-environment associations, indicating that adaptive alleles do, in fact, exist and
their frequencies differ between environments. While the associations were largely
different between datasets from three different breeds, the biological pathways in which
their positional candidate genes operate, were similar. The enriched pathways shared
between breeds were overwhelmingly involved in neural development and signaling,

despite being driven by entirely different loci and candidate genes. Further, using GPSM
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within environmental regions, we identified ongoing ecoregion-specific selection. While
we might expect that producers recurrently select better-adapted cattle, the reality is that
the use of national genetic evaluations and artificial insemination in beef cattle is eroding

the existing allele frequency differences that exist between populations.
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Abstract

Background: During the last decade, the use of common-variant array-based single
nucleotide polymorphism (SNP) genotyping in the beef and dairy industries has produced
an astounding amount of medium-to-low density genomic data. Although low-density
assays work well in the context of genomic prediction, they are less useful for detecting
and mapping causal variants and the effects of rare variants are not captured. The
objective of this project was to maximize the accuracies of genotype imputation from
medium- and low-density assays to the marker set obtained by combining two high-
density research assays (~ 850,000 SNPs), the Illumina BovineHD and the GGP-F250
assays, which contains a large proportion of rare and potentially functional variants and
for which the assay design is described here. This 850 K SNP set is useful for both

imputation to sequence-level genotypes and direct downstream analysis.

Results: We found that a large multi-breed composite imputation reference panel that
includes 36,131 samples with either BovineHD and/or GGP-F250 genotypes significantly
increased imputation accuracy compared with a within-breed reference panel, particularly
at variants with low minor allele frequencies. Individual animal imputation accuracies
were maximized when more genetically similar animals were represented in the
composite reference panel, particularly with complete 850 K genotypes. The addition of
rare variants from the GGP-F250 assay to our composite reference panel significantly
increased the imputation accuracy of rare variants that are exclusively present on the
BovineHD assay. In addition, we show that an assay marker density of 50 K SNPs

balances cost and accuracy for imputation to 850 K.
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Conclusions: Using high-density genotypes on all available individuals in a multi-breed
reference panel maximized imputation accuracy for tested cattle populations. Admixed
animals or those from breeds with a limited representation in the composite reference
panel were still imputed at high accuracy, which is expected to further increase as the
reference panel expands. We anticipate that the addition of rare variants from the GGP-

F250 assay will increase the accuracy of imputation to sequence level.

Background

High-density single nucleotide polymorphism (SNP) genotyping has driven rapid
improvements in rates of genetic progress in livestock populations [5,37,38]. To increase
the predictive capabilities of genomic prediction models further, the discovery of
functional variants has become increasingly important. Although many large-effect or
Mendelian variants that control important phenotypes in cattle have been identified [39-
43], the identification of moderate and small effect quantitative trait nucleotides (QTN)
and other causal variants has proven challenging [44,45]. Early genome-wide association
studies (GWAS) that focused on the detection of these variants were often forced to
choose between the density of the SNP array (number of SNPs genotyped) and statistical
power (number of individuals genotyped). Imputation, the use of statistical models, and a
reference set of haplotypes to infer missing genotypes, allows researchers to genotype
large numbers of individuals at relatively low-density and impute their genotypes to high-
density or even millions of SNPs from whole-genome resequencing data [46-48].

Low- to medium-density common variant SNP assays are widely used for genetic
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evaluation in both beef and dairy cattle. Since the development of the BovineSNP50
(SNP50) BeadChip (lllumina, San Diego, CA) [2] in 2008 and the BovineHD (Illumina,
San Diego, CA) array in 2009, more than 3 million dairy cattle in the United States alone
have been genotyped using SNP assays that are derived from these progenitor assays
[49]. Decker [50] noted the value of these commercially-generated datasets for uses
beyond genetic prediction. Although lower-density assays work well for genomic
prediction [1,4,49], the effects due to rare variants are not captured and they have a low
resolution for the detection of quantitative trait loci (QTL) or causal variants. High-
quality imputation allows these datasets to be used to their full potential [11,51,52].
Seabury et al. [53] found that similar trait heritabilities were obtained with 50 K common
variant genotypes and 778 K common variant imputed genotypes, but that the former
were less powerful for QTL detection. Imputed 778 K genotypes identified 14 putative
large effect QTL that were not identified using 50 K genotypes. Using these large
publicly-funded or commercially-generated datasets imputed to high-resolution marker
densities will increase prediction accuracies, aid in the detection of causal variants, and
ultimately increase selection response in cattle [11,54-56].

To use these large datasets to their full potential, the accuracy of imputation must
be maximized. The most accurate imputation software packages for cattle [51,57] were
typically developed for human studies that were aimed at imputing from a high-density
genotype panel to full-genome sequence. As a result, using these programs to impute
genotypes directly from low-density to full-genome sequence, even in cattle breeds with
high levels of linkage disequilibrium (LD), has been less accurate [11]. A “two-step”

imputation strategy, first from a low-density assay (8 K to 70 K variants) to a high-
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density assay (> 700 K variants) and then from imputed high-density to the sequence
level was more accurate than genotypes imputed in “one-step” from low-density to full-
genome sequence in both cattle and humans [58,59]. In this study, we consider the first
part of the “two-step” imputation processes, because the produced genotypes can be used
as input for imputation to full-genome sequence or as an endpoint for a variety of
downstream analyses. Regardless of its use, maximizing the accuracy of imputation to
high-density genotypes is essential to the success of both approaches.

Initially, SNP assays for cattle were designed with common, evenly spaced
markers that would presumably be in LD with causal variants [2]. Whereas these assays
have performed well in genomic prediction applications, there is growing interest in
including rare variants into predictions [11,46,56,60]. Imputation accuracy has been
shown to decline rapidly as minor allele frequencies (MAF) of SNPs decrease, thus
increasing the confidence in the imputation of genotypes for rare variants has become a
priority. In addition, most studies on optimizing imputation have focused on the
imputation of genotypes for purebred animals using closely-related individuals from the
same breed. As large numbers of genotypes for unpedigreed crossbred animals have
become available, it is necessary to re-evaluate strategies for genotype imputation in
these datasets.

This study focuses on maximizing imputation accuracy from several
commercially available low-density common variant SNP genotyping assays to a set of
high-density variants (850 K), many of which are rare and potentially functional. We test
the effectiveness of a large, multi-breed composite reference panel for imputation in

several beef and dairy cattle populations that are genotyped with several commercially
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available common variant SNP genotyping assays. We use both well-established and
novel measures of imputation accuracy to categorize precisely the causes of imputation
errors. These metrics provide insights for interpretation of imputation performance and
define situations in which researchers should be cautious when using imputed variants. In
addition, we explore how the starting chip density impacts the accuracy of imputation to
850 K variants. Finally, we introduce and describe the design of the GGP-F250
functional genotyping assay. The GGP-F250 is a tool not only for genotyping numerous

functional variants but also for increasing the imputation accuracy of rare variants.

Methods

To identify the best practices for achieving imputation accuracies that approach
the error rates of modern SNP genotyping arrays, we compared the impact of altering
reference panels and marker numbers in the starting assay when imputing genotypes to
the level of the combined Illumina BovineHD (lllumina, San Diego, CA) and GeneSeek
Genomic Profiler F250 (GeneSeek. Lincoln, NE) referred to herein as the HD and F250
assays, respectively. The HD assay contains 777,962 evenly spaced variants that have
relatively high MAF across many breeds of cattle common to North America. The F250
assay contains 227,234 markers, of which 31,392 are present on the HD assay and
included in the assay design for use in imputation, and another 195,842 potentially
functional markers, many of which are rare (MAF <0.1). Due to these rare alleles, the
MAF distribution for the F250 assay is more similar to the site frequency spectrum of the
bovine genome (Figure 1). Details on the design of the F250 assay are in Additional file

1: Tables S1-S4. In this study, we used 2718 animals that were genotyped with both the
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F250 and HD assays, and 25,772 animals that were genotyped with only the F250, and

7218 animals genotyped with only the HD assay.

Quality control and filtering

Prior to sub-setting and masking genotypes for testing, we used the PLINK1.9
software [61] to filter variants and individuals. The SNP positions were based on the
ARS-UCDL1.2 bovine reference genome assembly [62]. Non-autosomal variants were
removed from the data. Variants and individuals with call rates lower than 0.90 were
removed from the testing and reference datasets. Because many of the F250 variants are
rare, no MAF filter was applied to any of the SNP arrays. Due to the diverse breed
composition of the dataset, no Hardy—Weinberg equilibrium filter was applied. PLINK
was used to estimate MAF in the filtered dataset for use in all downstream analyses. Two
animals were removed due to low genotype call rates. The numbers of remaining variants

after filtering for each of the assays in the masked testing set are in Table 1.

Creating the imputation test set

To test the accuracy of imputation, PLINK1.9 [61] was used to down-sample
genotypes for 307 animals with both HD and F250 genotypes to the densities found on
several commonly used commercial genotyping arrays: SNP50 and GGP-LD, GGP-
90KT, GGP-HDv3, and GGP-ULD (all from GeneSeek, Lincoln, NE), which were then
imputed to the combined high-density research chips (~ 850 K SNPs). The process of
sampling and masking testing genotypes is described visually in Additional file 2: Figure

S1. All tested commercial assays possess SNPs that are largely derived from the SNP set
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of the HD assay (see Additional file 3: Table S5).

A maximum of 50 individuals per breed that were genotyped with both the HD
and F250 assays, were randomly chosen and masked to represent various commercial
chip densities for testing imputation accuracy (Table 2). All test set individuals had their
breed-composition estimated by the CRUMBLER pipeline [63]. To avoid depleting the
reference panel of breeds with small numbers of research assay genotypes, no more than
50% of a breed’s F250 or HD genotyped animals were removed for testing. The
remainder of the HD and F250 genotypes were used in the composite reference panel
(Table 2). Due to the unequal representation of breeds in the test dataset, we created three
separate datasets for testing different aspects of our imputation pipeline. The first dataset,
ALL, used all 307 masked individuals that passed genotype call rate filtering. Because
some of the indicine breeds used in our testing dataset were not adequately represented in
the imputation reference panel, or their testing dataset sample sizes were not sufficiently
large to draw meaningful conclusions, we created a test dataset, TAUR, which comprised
only Bos taurus animals, i.e. 281 Angus, Gelbvieh, Hereford, Holstein, Limousin and
Simmental individuals. Finally, we used a test dataset, GEL that included 49 Gelbvieh
individuals, to compare the accuracy of a within-breed imputation reference to the

composite reference.

Building phasing and imputation reference panels
After removing 307 individuals for testing, the remaining 28,183 F250 and 9629
HD genotyped reference individuals (Table 2) were merged in PLINK and then phased

with Eagle 2.4 [64]. Missing genotypes inferred by Eagle were removed with the bcftools
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program [65] such that only the phased, directly genotyped markers remained.

The within-breed imputation reference panel consisted of 265 and 514 Gelbvieh
individuals that were genotyped with the HD and F250 assays, respectively. These
reference individuals had their genotypes merged and phased, and the inferred genotypes
were removed separately for each assay. Reciprocal F250/HD imputation analyses

performed with Minimac3 were used to fill in missing genotypes in the reference panel.

Phasing and imputation

Reference-based phasing was performed for 307 individuals with masked genotypes in
Eagle using 9629 individuals with pre-phased HD assay genotypes as the reference
haplotypes. To perform “one-round” imputation, phased assays were imputed against the
complete imputed 850 K SNP composite reference panel using Minimac3 [66]. The
reference panel for the “one-round” imputation process was created by imputing missing
HD markers for individuals genotyped on the F250 assay, and missing genotypes for
F250 markers for individuals genotyped on the HD assay with Minimac3 (see Additional
file 4: Figure S2). Here, the reference panel contained both observed and imputed
genotypes.

For “two-round” imputation, two separate imputation steps were performed to
reach the 850 K SNP density (see Additional file 4: Figure S2). In each step, only
observed genotypes served as HD and F250 references, respectively (no imputed
genotypes in reference). First, the testing individuals with masked and phased genotypes
were imputed to HD density (759,329 SNPs), and then a second imputation step was

performed that inferred genotypes for markers present on the F250, but not on the HD
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(122,181 SNPs) assay. Both imputation methods resulted in a total number of 835,947
variants, of which 835,926 segregated in the “one-round” CR panel and 835,933 in the
“two-round” CR panel.

For the within-breed imputation, 49 Gelbvieh animals, all of which were present
in the multi-breed testing set, which had been genotyped with both the F250 and HD
assays, were masked to SNP50 density. Genotypes for these individuals were phased
using Eagle along with 1113 additional Gelbvieh individuals genotyped with the SNP50
assay. This is representative of phasing strategies that involve a large number of
individuals that have been genotyped using lower density assays. Phased genotypes were

imputed against the breed-specific Gelbvieh reference (BR) panel.

Measures of imputation accuracy

Imputation accuracy was measured for both individuals and variants within each
imputation scenario. By coding alternate allele counts as 0, 1, and 2 (for AA, AB, and BB
genotypes, respectively), both Pearson’s correlation coefficient (r) and count-based
metrics could be used to evaluate the imputation accuracy for each variant and individual.
Pearson’s correlation coefficients for individuals were calculated in two ways. First using
unscaled, raw genotype values and then using genotype values centered by the variant’s
MAF in the entire set of research assays (all HD, F250, reference and testing). To center
genotypes, twice the variant’s MAF was subtracted from the raw genotype value. For
both methods, r values were calculated and compared.

Although simple concordance (i.e., “correct/incorrect”) measures of accuracy are

valuable, they overestimate the quality of imputation at low MAF and are ambiguous as
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to the nature of the error that created an incorrectly imputed genotype. Rather than
concordance rate, an imputation quality score (IQS) [67] was calculated for each variant.
The 1QS calculates concordances that are adjusted for the chance that an imputed
genotype could be correctly guessed. This statistic provides similar conclusions to
correlation coefficients for most markers, but it estimates more robustly imputation
quality for variants with low MAF [67]. Since Pearson’s correlation coefficients cannot
be calculated in the absence of variation, a marker that appears fixed with the reference in
the true set of genotypes, but contains an alternate allele when imputed, cannot have an r
computed, but can have an 1QS. This idea also applies in all cases when a marker is fixed
in the true or imputed set, but not in the other. 1QS allows us to identify all of these
specific error types, and thus provides a more complete account of imputation accuracy.

In addition to the 1QS, the exact nature of each error was catalogued and tallied
for each individual and variant. This allowed the errors to be categorized as either false
heterozygotes (genotyped AA or BB imputed as AB), false homozygotes (genotyped AB
imputed as AA or BB) or completely discordant (BB imputed as AA or vice versa).
These more detailed error descriptions, in conjunction with MAF, genome position, and
assay-of-origin information, allow for a detailed analysis of how these factors influence
imputation accuracy to 850 K in each scenario.

To approximate how well represented each individual was in the composite
reference, we created a standardized genomic relationship matrix (GRM) as described in
[3] using the GEMMA software [68]. The resulting values provide quantitative measures
of how far each individual is diverged from the members of the composite reference

panel, i.e. larger values indicate that the individuals are more closely related to the

19


https://paperpile.com/c/nQfGtx/y1O8
https://paperpile.com/c/nQfGtx/y1O8
https://paperpile.com/c/nQfGtx/Qoad
https://paperpile.com/c/nQfGtx/53Ex

animals in the reference panel. To observe the impact of within-breed genetic similarity
on imputation accuracy, we created four breed-specific standardized GRM using test
individuals and individuals in the reference with more than 50% Angus (number in

test =50, number in reference = 15,013), Holstein (number in test = 50, number of
reference = 5127), Gelbvieh (number of testing =49, number of reference =470), and
Brahman/Nelore (number of testing = 50, number of reference = 2043) ancestry reported
from the CRUMBLER pipeline [63]. Row means were calculated for each individual to

quantify the relationship between each test individual and the members of their breed.

Results

The MAF spectrum of the SNPs on the HD and F250 assays for the individuals
that composed our reference panel is shown in Figure 1, which also displays data for the
SNP50 assay for comparison. The SNP50 and HD assays have similar MAF spectra and
include mostly common variants. In addition, the HD assay has an increased density of
variants with a MAF ranging from 0.025 to 0.075. However, the F250 assay has a much
higher proportion of SNPs with a MAF lower than 0.1, which is more similar to the site

frequency spectrum of variants identified from genome resequencing [69].

Imputation accuracy metrics

Numerous statistics have been used to evaluate imputation quality. We compared
two widely-used statistics [concordance rate and Pearson’s correlation (r)] with the
imputation quality score (1QS), a metric that has been used in several human studies, but

not in livestock [67,70]. We tested each of these metrics on the TAUR dataset at both the
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level of variants and individuals. For variants, 1QS were lower than concordance rates,
particularly at lower MAF (Figure 2a). In the TAUR dataset, 1QS scores were lower than
their corresponding r values for 81% of cases (Figure 2b). At moderate to high MAF,
these metrics generally agreed with each other. However, when MAF were lower than
0.1, both Pearson’s correlations and IQS penalized more heavily the imputation errors
made for rare variants and resulted in lower averages and larger variances compared to
concordance rates.

Since 1QS is a metric for assessing variant accuracy, we used error type/count and
Pearson’s correlation (r) between observed and imputed genotypes to determine the
impacts of different intrinsic and extrinsic factors on accuracy of imputation for each
individual. Individual r values using raw and centered genotypes were highly correlated
(Pearson’s r=0.9993 and Spearman’s r =0.9998). Since these values were so highly
correlated, we report only individual correlations calculated from the raw genotype
values, hereafter. For our 307 test animals, individual r ranged from 0.7466 to 0.9993, but
267 of these individuals had r higher than 0.990. In addition to characterizing these
metrics, we also identified the type of error (complete discordance, false heterozygote, or
false homozygote) that occurred on a SNP and individual basis. Individuals with the
lowest r values (< 0.85) tended to have significantly more false heterozygote errors than
false homozygote errors (p = 1.475 x 107°), whereas well imputed animals showed no
significant difference (p =0.7891).

Comparing multi-breed and within-breed imputation reference panels
We used 50 Gelbvieh animals with both HD and F250 genotypes that were masked to

SNP50 genotype density to compare the accuracy of imputation obtained when using a
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multi-breed composite reference (CR) or a single-breed reference (BR) panel when
imputing to 850 K SNPs. Gelbvieh had the most complete genotypes of any open
herdbook breed in our reference, making it a best-case scenario for breeds with mixed
ancestry. Imputation with the breed-specific imputation panel had a mean 1QS score of
0.982 (sd =0.089). Because the breed-specific panel performed well, overall mean
accuracy gains were modest but significant when using the composite panel (IQS

mean = 0.990, sd =0.073, paired T-test p <2 x 10%%) (Figure 3a and see Additional file 5:
Figure S3a). In addition to an increase in mean accuracy, the per-SNP accuracy variance
decreased significantly when using the CR compared to the BR reference panel (F-test

p <2 %1071, Of the 107,110 SNPs for which 1QS changed when imputed against the
different reference panels, 89,930 had an increased score with the CR panel (average 1QS
increase compared to BR =0.0797), whereas only 15,349 (average 1QS decrease
compared to BR =0.0603) had a decreased score. For these two sets of SNPs, the average
magnitude of the accuracy increases was significantly greater for the CR panel than for
the BR panel (p<2 x 10716),

The most substantial accuracy gains from the use of the CR panel were observed
for low MAF variants (Figure 3b and see Additional file 5: Figure S3b). Although
accuracy gains were modest for variants with MAF higher than 0.1 (0.007 1QS increase),
the increase in 1QS for rare variants was 0.0182 when imputing with the CR panel. This
increase in the quality of low MAF imputation was not detected when using concordance
rate or r statistics (Table 3). Of the 122,288 markers that were not perfectly imputed
using the BR panel, there was an increase in 1QS of 0.059 (r increase 0.032) when

imputed with the CR panel.
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One concern with using a large multi-breed reference panel for imputation is that
it may introduce variation that does not actually exist in the population being imputed.
Individuals had significantly fewer false heterozygote errors when using the CR panel
compared to the BR panel (paired T-test p=0.0039). There were, on average, 733 fewer
false heterozygote calls per individual when the CR panel was used.

Whereas the per-variant increases in imputation accuracy were significant, the
most substantial improvements in imputation accuracy due to the use of the CR panel
were found for specific individuals. The mean individual r increased significantly from
0.9962 (s.d. =0.0032) with the BR panel to 0.9979 (s.d. =0.0010) with the CR panel
(p=10.0012). Animals that already had their genotypes accurately imputed using the BR
panel did not show significant increases in accuracy with the CR panel. However,
animals with the largest number of BR panel-induced imputation errors had much greater
increases in accuracy when the CR panel was used (Figure 4). The 14 individuals with
more than 5000 total errors when the BR panel was used had, on average, 5522 fewer
imputation errors (s.d. =2361.33) when the CR panel was used for imputation.
Conversely, the 35 individuals with less than 5000 imputation errors when the BR panel
was used had only 209 fewer imputation errors, on average (s.d. = 609.80), when the CR
panel was used for imputation.

Across the MAF spectrum, accuracies for the “one-round” imputation were
consistently higher than those for the “two-round” method. However, the overall
magnitudes of the differences were modest. The “one-round” imputation increased the
overall accuracy of imputation by 0.000762 1QS units, and for low MAF variants by

0.00256 units. In the “one-round” imputation, the addition of imputed rare variants from
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the F250 into the combined reference also increased the imputation accuracy of rare
variants that were exclusive to the HD panel. The HD markers with MAF lower than 0.05
that were imperfectly imputed using the “two-round” method had an average increase in
IQS of 0.0846 when imputed by the “one-round” approach (Table 4). For the HD variants
with moderate to high MAF, imputation accuracy increased slightly with the “one-round”

compared with the “two-round” approach.

Impact of the breed representation in the reference panel on imputation accuracy

Using individual imputation accuracy measures for 307 test animals, we identified
the effects of an individual’s breed composition and of those breeds’ representations in
the CR panel on individual imputation accuracy. Using the CR panel, individual r ranged
from 0.747 to 0.999 while total imputation errors per individual ranged from 932 to
219,737. The accuracy of imputation was strongly related to an animal’s identified breed
(Table 5). Individuals from breeds that were adequately represented in the CR panel
(Angus, Gelbvieh, Hereford, Holstein, Jersey, Limousin, Nelore and Simmental, Table 2)
were generally well imputed (median r=0.997, range =[0.930, 0.999]) (Figure 5).
Gelbvieh individuals had the highest mean imputation accuracy (r =0.998), which is
likely due to the high proportion of Gelbvieh animals genotyped on both the F250 and
HD in the reference panel. Gelbvieh comprised 10.66% of the reference panel individuals
with complete 850 K genotypes, second only to Holstein (80.13% of total). Since HD
markers represent the largest proportion of the 850 K SNP panel, individuals from breeds
with large numbers of HD genotypes, but relatively few F250 genotypes, such as Nelore,

were still imputed at high accuracy (median r=0.981, range =[0.9774, 0.9844]).
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Individuals from breeds that were only sparsely represented in the CR panel (Brahman,
Gir, N’Dama, and Romagnola) had decreased mean accuracies and increased per-animal
imputation accuracy variances (mean r = 0.890, range =[0.747, 0.961]).

We used a GRM that was created with observed genotypes from all reference and
test individuals to determine if an individual’s genetic similarity to individuals in the CR
panel was related to its imputation accuracy (Figure 6). There was no direct relationship
between an individual’s average relatedness to members of the CR panel and imputation
accuracy. Rather, imputation accuracy was better predicted by the breed representation of
the individuals in the CR panel. For example, individuals assigned by the CRUMBLER
pipeline as Romagnola had relatively low imputation accuracies (mean individual
r=0.874, range =[0.8549, 0.8958]), although their genetic similarity values were
comparable to those for the Hereford and Jersey samples. The low imputation accuracy
for the Romagnola breed likely stems from the low representation of its haplotypes
within the CR panel (15 HD and 8 F250 genotypes). We observed the opposite for
Nelore; although the Nelore individuals were distantly related to the members of the CR
panel as a whole, the larger number of samples contained in the reference panel (858 HD
and 7 F250 genotypes) resulted in accurate imputation (mean individual r=0.981). This
was also observed for Gir, which is as diverged from taurines as the Nelore breed, but its
reduced imputation accuracy was due to the presence of only 13 HD and nine F250
individuals in the CR panel. The average genetic relationship with individuals of the
same breed in the CR panel had varying magnitudes of correlation with individual
imputation accuracies, depending on the breed (see Additional file 6: Figure S4).

Measures of genetic similarity and individual imputation accuracy were highly correlated
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in Brahman and Nellore (r =0.940), negatively correlated in Gelbvieh (r=-—0.138), and
moderately correlated in Angus and Holstein (r=0.207 and 0.241, respectively).

Impact of the starting assay number of markers on 850 K imputation
To test the impact of the starting assay number of markers on 850 K imputation accuracy,
we used the TAUR dataset masked to represent the contents in markers of five common
commercial assays. Each successive increase in assay marker number led to increases in
imputation accuracy both overall and for low-MAF variants (Table 6 and Figure 7). The
largest increase in imputation accuracy came between the number of markers used in
ULD and GGP-LD assays. Imputation accuracies from the ULD were exceptionally poor
for low-MAF variants. Although the decline in 1QS at low MAF was also observed for
other assays, it was much greater for the ULD variants (0.1385 IQS decrease). At marker
densities higher than that of the GGP-LD assay, increases in overall imputation accuracy
were smaller (GGP-LD — SNP50=0.0133, SNP50 — GGP-90KT =0.0051, and GGP-
90KT — GGP-HD =0.0036). Similar increases in accuracy were observed for low-MAF
variants as the starting assay density increased (ULD — GGP-LD =0.1249, GGP-

LD — SNP50=0.0152, SNP50 — GGP-90KT = 0.0099, and GGP-90KT — GGP-
HD =0.0099).

Individual accuracies also increased as the starting assay number of markers
increased. A one-way ANOVA using Tukey’s method for multiple comparisons indicated
a significant difference in 850 K imputation accuracy between the ULD and GGP-LD
(p=9.05 x 107°) assays, but not between the GGP-LD and SNP50 (p = 0.1486) assays
(Figure 8). There were no significant differences between the SNP50 and GGP-90KT or

GGP-HD assays. However, the starting GGP-LD marker number had a significantly
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lower imputation accuracy compared to GGP-90KT (p =0.0049). This suggests that
imputation accuracy gains are minimal when the starting assay marker number is larger

than 50,000 variants (Table 7).

Error profiles and regions of low imputation accuracy

Using the imputation accuracy information for the TAUR dataset, we identified a
number of genomic regions for which markers had a low imputation accuracy. Although
most markers were accurately imputed, most chromosomes have at least one small region
that contained poorly imputed markers (Figure 9). The overall number of poorly imputed
markers was quite small. Only 21,848 markers had an 1QS lower than 0.8 (1.95% of
imputed makers) (see Additional file 5: Figure S3a and S3b), and only 8963 markers had
more than 10 imputation errors (1.07% of imputed markers). When using the 1QS metric,
we found that there are markers imputed with low accuracies on each chromosome,
particularly low-MAF variants with relatively few errors (making IQS = 0) (Figure 9a).
However, both 1QS and total error counts (Figure 9b) reveal clusters of markers with a
low imputation accuracy. Investigation of these regions indicated that the probe
sequences for these variants had multiple equally likely matches to the genome, which
indicates either that there were genome mis-assemblies or simply that the wrong location
was chosen to represent the position of the marker. The latter can be easily rectified by

changing the map files for these variants to reflect the correct alternate position.
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Discussion

Imputation accuracy metrics

Most studies on imputation accuracy in livestock populations have used two
methods to assess the adequacy of imputation: concordance rate, i.e. the proportion of
correctly imputed genotypes, and the Pearson correlation (r) between observed and
imputed genotypes. Although both statistics make sense at the level of individuals, their
ability to identify markers for which genotypes are poorly imputed is not optimal,
particularly for markers with a low MAF. Because our dataset contains a large proportion
of rare variants (24.30% markers with MAF <0.1), a statistic that more robustly
represents the quality of imputation is essential. Using the 1QS statistic, we show that r
and especially concordance rate, overestimate the accuracy of imputation for low-MAF
variants [67,71]. In the GEL test data, 2070 variants with an average MAF of 0.040 had
high concordance rates (0.97 average), but very low 1QS scores (0.0). Unlike r, which
requires that markers be variable in both the true and imputed datasets, 1QS can be
calculated for variants that are not variable in either the observed or imputed datasets.
This provides a more complete view of the imputation accuracy at each locus,
particularly for those with an extremely low MAF. This information is lost when using r,
and imputation accuracies are grossly inflated if measured using concordance rate. That
said, r and 1QS are highly correlated (r =0.9892) and provide equally useful diagnostics
for imputation quality at most sites. We note that while we treated the HD and F250
genotype calls as being correct, a ~ 0.2% error rate is associated with these genotyping

platforms [2] (see Additional file 1: Table S4).
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Impact of the F250 assay on imputation of rare variants

The F250 assay was designed to query genotypes at a large number of rare,
potentially functional variants and is very gene-centric (i.e. they are not evenly spaced).
Common variants were also included in the F250 assay design to allow for imputation
and genomic prediction applications. The rare variants present on the F250 assay are
important in the context of this work for two reasons. First, imputing an additional
~ 170,000 variants at the population level will increase researchers’ ability to refine
GWAS signals and identify putative QTN due to increased marker density within QTL
regions. Second, because the variants are very gene-centric, it is anticipated that the
accuracy of imputation to the whole-genome sequence level will be improved within
genic regions. The inclusion of rare variants will likely increase the imputation accuracy
of other rare variants that are not directly assayed, as strong LD (r?) requires that allele
frequencies at two markers be similar. In the absence of selection, rare variants are
assumed to have been recently derived, and thus are likely in LD with other recently
derived rare alleles [72]. By adding rare variants to our reference panel with the F250
assay and by genotyping a large number of individuals, we improve the imputation of
rare variants that are not directly assayed by the F250. Although many individuals in our
reference panel have only imputed F250 genotypes, their presence had a significant
impact on the imputation accuracies of rare variants. Whereas at a reduced scale, our
comparison of “one-round” vs. “two-round” imputation showed that leveraging rare F250
variants helped impute low-MAF variants that are only assayed by the HD assay (Table

4). We expect that these increases in imputation accuracy of rare variants that are
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achieved from the use of the F250 assay will be carried over to subsequent imputation to
whole-genome sequence-level. The positive impact of the F250 assay on imputation of
rare variants underscores the need for additional complete 850 K data in our reference
panel (individuals genotyped with both the HD and F250 assays). The highest imputation
accuracies were observed for breeds that had the largest numbers of complete 850 K
genotypes because more of the haplotypic diversity in those breeds was directly captured

in the reference panel.

Multi-breed vs. within-breed imputation reference panels

Early imputation studies primarily concentrated on homogenous populations.
When imputation is performed in closely related animals from breeds with small effective
population sizes, such as Holstein [73,74], highly accurate imputation can be achieved
from using a relatively small set of reference genotypes. Recently, large numbers of
genotypes have been produced using low-density assays in outbred animals, admixed
individuals, from both registered and commercial populations. In conjunction, many
animals from a wide range of breeds have now been genotyped on high-density assays
such as HD and F250. By combining all available high-density genotypes into a single
multi-breed composite reference panel, we found increased imputation accuracy across
the MAF spectrum. Comparing the composite reference panel with a breed-specific
reference panel, the most substantial increases occurred at the level of individuals.
Genotypes for individuals that were accurately imputed using the breed reference panel
saw no substantial increases in accuracy when imputed using the CR panel. However,

individuals with poorly imputed genotypes using the BR panel had a substantial reduction
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in the number of imputation errors when imputed using the CR panel. The increased
haplotypic diversity present in the composite reference panel improves the accuracy of
imputation of introgressed haplotypes that are not present in a more limited breed-
specific reference panel. It is important to be aware that in the context of routine
genotyping and imputation, there is no a priori knowledge on which individuals may have
poorly imputed genotypes. On the one hand, gains in accuracy from using the CR panel
may be small in closed herdbook populations such as Holstein or Angus but they are
unlikely to be worse than if the panel is restricted to a breed-specific reference. On the
other hand, for open herdbook or composite breeds, increases in imputation accuracy are
likely substantial. We did not detect an increase in false heterozygote or false
homozygote genotype calls using the multi-breed reference panel, which suggests that the
use of a CR panel does not introduce false variation into imputed genotypes at a higher
rate than imputation using a within-breed reference panel. For breeds that are adequately
represented in the CR panel, we found imputation accuracies (median r=0.997) that
were consistent with the error rates of the genotyping assays (see Additional file 1: Table
S4), which suggests a near-perfect imputation process.

Previous work recommended the use of multi-breed reference panels for whole-
genome sequence imputation [51,75]. Our findings for high-density genotypes with an
allele frequency spectrum similar to that of the genome sequence supports this finding
and suggests that improvements in imputation accuracy for outbred and admixed
populations will benefit from the sequencing and inclusion of diverse animals that will
capture more of the haplotypic diversity that is found in cattle. Further improvements in

accuracy could be obtained by removing Mendelian inconsistencies from the raw dataset
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that is used to create the CR panel, which was not performed for this study.

Breed representation in the reference panel

An individual’s average relatedness to the entire CR panel was not a good
predictor of imputation accuracy. Our multi-breed reference panel was heavily biased
towards the most common and economically relevant American beef breeds but also had
a diverse array of individuals from other breeds in varying numbers. We found that even
low levels of admixture with breeds not adequately represented in the CR panel can lead
to decreased imputation accuracies. Information on breed composition was valuable for
identifying outlying individuals or breeds that, in theory, should have been accurately
imputed. For example, the five individuals labeled as Angus with low imputation
accuracies were found to be admixed with breeds that are not well represented in the CR
panel (see Additional file 3: Table S6). Each of these individuals identified as Angus
actually had relatively low proportions of Angus ancestry (0.107 to 0.532 Angus and Red
Angus), and moderately high proportions of breeds sparsely represented in the CR panel.
The most significant increases in imputation accuracy will likely come through the
addition of high-density genotypes for breeds that are sparsely represented in our
reference panel, and through the addition of more completely genotyped individuals, i.e.,
those with both HD and F250 genotypes. It is worth noting that the breed accuracies
reported here for populations with a limited representation in our composite reference
panel (Brahman, Gir, N’Dama, Romagnola) would have improved if we had not removed
large proportions of each of the breeds to create the test set. We expect that the accuracies

reported here are underestimated compared with those achieved by imputation against the
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full CR panel.

Starting assay marker numbers

The starting assay marker number had a significant impact on the accuracy of
imputation to 850 K. In agreement with the conclusions on LD of the Bovine HapMap
project, we found that approximately 50 K SNPs are needed to impute to 850 K with high
accuracy [76]. This observation likely has a larger impact on research applications that
seek to identify QTN rather than applications that are targeted towards genomic
prediction. At common allele frequencies (MAF > 0.1), IQS values were steady for all
starting assay densities. The decline in imputation quality of rare variants (MAF <0.1)
relative to MAF was much more severe for low-density starting assays, particularly the
ULD assay, than for higher density starting assays. When starting array densities are
increased above 50 K SNPs, significant gains in imputation accuracy will come almost
exclusively from improved imputation at rare variants. There is a large number of
individuals that have been genotyped with assays with small numbers of common
markers (< 10,000 markers) and these individuals can be accurately imputed to ~ 50 K
common markers [73]. Studies that impute from these densities to 850 K and whole-
genome sequence should expect significantly more errors. If the aim is to perform both
genomic predictions and downstream causal variant discovery, via imputation, our

recommendation is to genotype new individuals with an assay density of ~ 50,000 SNPs.

Conclusions

We conclude that, in diverse samples, as seen in typical beef cattle populations, a
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multi-breed phasing and imputation panel will provide the highest imputation accuracies.
Individuals that have a moderately represented ancestry in the reference panel will have
genotypes accurately imputed. Imputation accuracies were highest for rare variants when
using the composite reference panel. The addition of rare variants from the F250 assay
increased the imputation accuracy of rare variants in the HD assay. The addition of a
large number of individuals that are genotyped for rare variants will likely improve
imputation of rare variants to the sequence level. We confirm that for imputation to 850
K, gains in accuracy reach a plateau as the starting assay marker number exceeds 50 K
SNPs. We identified a small subset of SNPs with poor imputation accuracies, most of
which seem to be caused by location errors of probe sequences that can be corrected. The
largest gains in imputation accuracy are expected to come from the addition of
individuals with complete (HD and F250) genotypes, with the largest gains coming from
modest increases in the numbers of individuals from the less well-represented breeds.
Imputation accuracies for the breeds that are adequately represented in the multi-breed
composite-reference panel when the starting assay comprises at least 50 K SNPs should
approach accuracies of 1.0 minus the genotyping assay error rate. We anticipate that the
CR panel presented here will serve as a foundation reference panel, on which the global

cattle community can build to further increase the accuracy of genotype imputation.
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Figure 2.1. Minor allele frequency spectra for three commercially available assays
with different marker densities. Density plot of minor allele frequencies for the SNP50
(yellow), F250 (purple), and HD (green) assays
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Figure 2.2. The imputation quality statistic (IQS) compared to concordance rate
and correlation as measures of imputation accuracy. Three imputation accuracy
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Figure 2.3. The composite reference panel improves per-variant imputation
accuracies, particularly for rare variants. Imputation quality statistics when using
breed-specific (green) and composite (purple) reference panels for 850 K imputation in
the Gelbvieh (GEL) dataset across the MAF spectrum (a), and at low MAF (b)
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Figure 2.9. Regions with low imputation accuracy exist across the genome but
represent only a small subset of the markers. Regions of low imputation accuracy
using the TAUR dataset identified by total imputation errors (a), and 1QS (b)
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Figure 2.11. Schematic representation of “one-round” vs. “two-round” imputation.
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F250 reference samples are cross-imputed to create a partially imputed composite
reference panel (1). This is followed by a single round of imputation of low-density
genotypes using the CR panel (2). For “two-round” imputation (b), two rounds of

imputation occur: first from low-density to HD (1) and then from HD to 850 K (2)
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Figure 2.12. Imputation quality metrics when using breed-specific (green) and composite
(purple) reference panels for 850 K imputation in the GEL dataset across the entire MAF
spectrum (a), and at low MAF (b). Points are individual variants.

[Figure S3 in text]
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Figure 2.13. Impact of genetic similarity to the reference on imputation accuracy.
Genetic similarity is the mean genomic relationship between testing individual and
reference individuals with > 50% ancestry of the same breed. Gelbvieh testing individuals
(a) are colored by the change in r when using CR versus the BR. (b—d) show r vs. genetic

similarity for Angus, Holstein, and Brahman/Nelore respectively.

[Figure S4 in text]
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Tables

Table 2.1. Variant counts for masked genotypes of 307 testing individuals used in this

analysis before and after filtering

Assay Starting Assay Density Filtered Density
GGP-ULD 8,672 6,394
GGP-LDv3 26,504 16,854
SNP50 58,336 44,366
GGP-90KT 76,999 70,581
GGP-HD 139,977 125,446
GGP-F250 227,234 201,236
HD 777,962 753,715

[Table 1 in text]
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Table 2.2. Breed representation of composite reference panel after removing 308 test

individuals.

Breed Number of HDand HDP¢ F250°¢ HDand  HD (%)
testing F2502 b F2502 (%0)
individuals

Holstein 50 1932 3170 1944 80.13 32.92

Gelbvieh 49 257 265 514 10.66 2.75

Angus 50 132 2067 14,454 5.47 21.47

Simmental 50 67 427 1759 2.78 4.43

Brahman 5 7 25 632 0.29 0.26

Romagnola 4 4 11 4 0.17 0.11

Nelore 4 3 855 4 0.12 8.88

Jersey 4 3 21 5 0.12 0.22

Gir 5 3 10 6 0.12 0.10

N’Dama 4 3 7 4 0.12 0.07

Brangus 0 0 990 1603 0.00 10.28

Hereford 44 0 569 1834 0.00 5.91

Mixed/crossbred 0 0 419 2830 0.00 4.35

Red Angus 0 0 253 1905 0.00 2.63

Limousin 38 0 215 142 0.00 2.23

Shorthorn 0 0 136 218 0.00 1.41

Charolais 0 0 125 284 0.00 1.30

Santa Gertrudis 0 0 23 11 0.00 0.24

Japanese Black 0 0 19 0 0.00 0.20

Brown Swiss 0 0 15 0 0.00 0.16

Norwegian Red 0 0 5 0 0.00 0.05

Chianina 0 0 2 1 0.00 0.02

Piedmontese 0 0 0 9 0.00 0.00

Braunvieh 0 0 0 7 0.00 0.00

Guernsey 0 0 0 7 0.00 0.00

Beefmaster 0 0 0 3 0.00 0.00

Sheko 0 0 0 2 0.00 0.00

Maine Anjou 0 0 0 1 0.00 0.00

aAnimals genotyped with both the HD and F250

o1



bNumber of individuals in CR remaining after 307 testing individuals were removed
“Includes individuals genotyped on both HD and F250

[Table 2 in text]
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Figure 2.3. Per-variant mean imputation accuracy measures by MAF for Gelbvieh

individuals imputed using the breed reference (BR) and composite reference (CR) panels.

MAF bin BR Concord.2 CR Concord2 BRR? CRR? BRIQS CRIQS

0.00 - 0.05 0.999 0999 0984 0.982 0.910 0.926
0.05-0.10 0.997 0.998  0.985 0.99 0.959 0.979
0.10-0.15 0.996 0.998 0986 0.992 0.974 0.989
0.15-0.20 0.995 0.997 0.988 0.993 0.982 0.991
0.20-0.25 0.994 0.997 0.990 0.995 0.986 0.993
0.25-0.30 0.994 0.997 0.990 0.995 0.987 0.993
0.30-0.35 0.994 0.997 0991 0.996 0.988 0.994
0.35-0.40 0.993 0.997 0992 0.996 0.988 0.994
0.40-0.45 0.993 0996 0992 0.996 0.988 0.994
0.45-0.50 0.993 0996 0.992 0.996 0.988 0.994

2 Genotype concordance

[Figure 3 in text]
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Table 2.4. The mean 1QS by MAF for HD-specific markers that were imperfectly

imputed using the “two-round” method

Number of Two-round One-round

MAF Bin SNPs 1QS IQS 1QS Change
0.00 - 0.05 11,788 0.5453 0.6299 0.0425
0.05 - 0.10 18,095 0.9221 0.9330 0.0067
0.10-0.15 23,311 0.9724 0.9742 0.0017
0.15- 0.20 29,222 0.9772 0.9784 0.0012
0.20 - 0.25 34,062 0.9803 0.9812 0.0009
0.25 - 0.30 39,948 0.9807 0.9815 0.0009
0.30 - 0.35 44,309 0.9815 0.9824 0.0009
0.35 - 0.40 47,657 0.9814 0.9822 0.0008
0.40 - 0.45 49,233 0.9815 0.9823 0.0008
0.45 - 0.50 50,908 0.9816 0.9823 0.0007

[Table 4 in text]
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Table 2.5. Mean, minimum and maximum individual accuracies (r) by breed for the

composite reference 850 K imputation

Mean Min Max
Breed Correlation  Correlation Correlation
Gelbvieh 0.9979 0.9935 0.9989
Hereford 0.9971 0.9912 0.9988
Holstein 0.9969 0.9947 0.9984
Simmental 0.9963 0.9841 0.999
Angus 0.9953 0.959 0.9993
Jersey 0.995 0.9905 0.9966
Limousin 0.9892 0.93 0.996
Nelore 0.981 0.9774 0.9844
Brahman 0.9412 0.932 0.9611
Gir 0.9027 0.8689 0.9482
Romagnola 0.8742 0.8549 0.8958
N'Dama 0.7632 0.7466 0.8033

[Table 5 in text]
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Table 2.6. Per-variant mean and standard deviations for imputation quality statistic (1QS)

for 850 K imputation in the TAUR dataset based on the starting assay density

Starting  Starting Mean 1QS SD 1QS
Assay Density MeanIQS SDIQS (Low MAF) (Low MAF)
ULD 6,394 0.9095 0.1766 0.7720 0.3503
GGPLD 16,854 0.9612 0.1225 0.8969 0.2604
SNP50 44,366 0.9745 0.1154 0.9121 0.2468
GGP90KT 70,581 0.9796 0.1104 0.9220 0.2402
GGPHD 125,446 0.9832 0.1032 0.9319 0.2264

[Table 6 in text]
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Table 2.7. Per-individual r mean and standard deviation values for 850 K imputation

based on starting assay density

Starting Assay Starting Density Median R? SD R?

ULD 6,394 0.989 0.6070
GGPLD 16,854 0.995 0.0486
SNP50 44,366 0.997 0.0314
GGPOOKT 70,581 0.998 0.0205
GGPHD 125,446 0.999 0.0129

[Table 7 in text]
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Abstract

Selection on complex traits can rapidly drive evolution, especially in stressful
environments. This polygenic selection does not leave intense sweep signatures on the
genome, rather many loci experience small allele frequency shifts, resulting in large
cumulative phenotypic changes. Directional selection and local adaptation are actively
changing populations; but, identifying loci underlying polygenic or environmental
selection has been difficult. We use genomic data on tens of thousands of cattle from
three populations, distributed over time and landscapes, in linear mixed models with
novel dependent variables to map signatures of selection on complex traits and local
adaptation. We identify 207 genomic loci associated with an animal’s generation number,
representing ongoing selection for monogenic and polygenic traits. Additionally,
hundreds of additional loci are associated with continuous and discrete environments,
providing evidence for local adaptation. These candidate loci highlight the nervous
system’s central role in local adaptation. While advanced technologies have increased the
rate of directional selection in cattle, it has been at the expense of local adaptation, which
is especially problematic in changing climates. When applied to large, diverse cattle
datasets, these selection mapping methods provide an insight into how selection on
complex traits continually shapes the genome. Further, by understanding the genomic
loci involved in adaptation, we are able to both breed more adapted and efficient cattle

and understand the basis for mammalian adaptation, especially in changing climates.
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These selection mapping approaches clarify selective forces and loci in evolutionary,

model, and agricultural contexts.

Author Summary

Interest in mapping the impacts of selection and local adaptation on the genome is
increasing due to the novel stressors presented by climate change. Until now, approaches
have largely focused on mapping “sweeps” on large-effect loci. Highly powered datasets
that are both temporally and geographically distributed have not existed. Recently, large
numbers of beef cattle have been genotyped across the United States, including
influential cryopreserved individuals. This has created multiple powerful datasets
distributed over time and landscapes. Here, we map the recent effects of selection and
local adaptation in three cattle populations. The results provide insight into the biology of
mammalian adaptation and generate useful tools for selecting and breeding better-adapted

cattle for a changing environment.

Introduction

As climate changes, organisms either migrate, rapidly adapt, or perish. The genes
and alleles that underlie adaptation have been difficult to identify, except for a handful of
large-effect variants that underwent selective sweeps [77]. It is becoming increasingly
apparent that for adaptation, hard sweeps are likely to be the exception, rather than the
rule [78]. Polygenic selection on complex traits can cause a significant change in the
mean phenotype while producing only subtle changes in allele frequencies throughout the
genome [22]. Most selection mapping methods require discrete grouping of

subpopulations, making the identification of selection within a largely panmictic
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population difficult. Further, in many cases these models are unable to derive additional
power from massive increases in sample size [79]. Millions of North American Bos
taurus beef cattle have been exposed to strong artificial and environmental selection for
more than 50 years (~10 generations) [13], making them a powerful model for studying
the impacts selection has on genomes over short time periods and across diverse
environments.

Though domesticated, beef cattle are exposed to a broad spectrum of unique
environments and local selection pressures, as compared to other more intensely managed
livestock populations. This suggests that local adaptation and genotype-by-environment
interactions play important roles in the expression of complex traits. Understanding
genetic interactions with the environment will become increasingly important in changing
climates. Herein, we use two methods (Figure 1), the first for detecting complex
polygenic selection (Generation Proxy Selection Mapping, GPSM), and the second for
identifying local adaptation (environmental Genome-Wide Association Studies,
envGWAS). Both methods use genome-wide linear mixed models (LMM) incorporating
novel dependent variables in large temporally and spatially dispersed datasets, while
explicitly controlling for family and population structure as well as uneven sampling
(Figure 1d). When applied to three US beef cattle populations, each with ~15,000
genotyped individuals, we identified numerous genomic regions harboring directional or
environmentally selected mutations. Further, using a meta-analysis approach, we
identified loci responding to region-specific selection (Figure 1e,f), largely due to the
erosion of local adaptation caused by gene flow among ecoregions from the use of

artificial insemination sires. This study is the first step in assisting beef cattle producers
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to identify locally adapted individuals, which will reduce the industry’s environmental
footprint by increasing efficiency and resilience to stressors. Further, this repurposing of
commercially-generated genomic data provides us unprecedented power to gain insight

into the biology of adaptation in mammalian species.

Results

Detecting ongoing polygenic selection with Generation Proxy Selection Mapping

(GPSM)

Though the first cattle single nucleotide polymorphism (SNP) genotyping assay

was developed just over a decade ago [80], numerous influential males who have been
deceased for 30 to 40 years have been genotyped from cryopreserved semen (Figure S1,
Table S1). These powerful datasets provide a temporal distribution of samples spanning
at least ten generations for the numerically largest US beef breeds. This temporal
distribution of genotypes allows us to search for allelic associations with generation
number, or a proxy such as birth date, to identify loci subjected to directional selection
[13]. Using a LMM, we tested for associations between an individual’s generation proxy
(i.e., birth date) and SNP alleles in three US cattle populations using ~830,000 SNPs. We
controlled for the confounding effects of population structure, relatedness, and inbreeding
by including a random effect accounting for dependency between samples using a
genomic relationship matrix (GRM, Figure 1d). Significant associations with birth date
indicate variants undergoing frequency changes that are greater than expected due to drift
over the time span represented in a sampled dataset (Figure 1a,c). Our simulations show

that GPSM effectively distinguishes between selection and drift under a variety of genetic
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architectures, selection intensities, effective population sizes, and sampled time periods
(Figure 1, Tables S1-S2).

We used continuous birth date and high-density SNP genotypes for large samples
of animals from three large US beef cattle populations; Red Angus (RAN; n =15,295),
Simmental (SIM; n =15,350), and Gelbvieh (GEL; n =12,031) to map loci responding to
polygenic selection (Table S3, Figure S1). The LMM estimated that the proportion of
variance in individuals’ birth dates explained by the additive genetic effects of SNPs was
large [Proportion of Variance Explained (PVE) = 0.520, 0.588, and 0.459 in RAN, SIM,
and GEL, respectively], indicating that we could theoretically predict an animal’s birth
date from its multi-locus genotypes with an accuracy of ~70%. The ability to predict birth
date from genotypic data is created by the time trend in allele frequencies. The PVE
estimates indicate that there must be many genome-wide associations between genotype
and birth date. The large amount of variance in birth date explained by the SNP
genotypes persists even when the analysis is restricted to individuals born in the last 10
years (~2 generations) or 20 years (~4 generations) (Table S4), demonstrating that
GPSM can leverage the power of our large datasets to detect subtle changes in allele
frequency over extremely short periods of time. We removed the link between generation
proxy and genotype by randomly permuting the animals’ birth date and on reanalysis of
the permuted data we observed PVE to decrease to zero (Table S4).

The GPSM analyses for these three populations identified 268, 548, and 763
statistically significant SNPs (g-value < 0.1), representing at least 52, 85, and 92 genomic
loci associated with birth date in RAN, SIM, and GEL, respectively (Figure 2a-f, Table

S5). Despite the tendency for genome-wide association studies (GWAS) to be biased in
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its detection of moderate frequency variants [81], we identify significant associations
across the minor allele frequency range in our GPSM simulations and analyses (Figure
2g-i). This suggests GPSM can differentiate drift from selection across the allele
frequency spectrum. Rapid shifts in allele frequency create highly significant GPSM
signals. For example, rs1762920 on chromosome 28 has undergone large changes in
allele frequency in all three populations (Figure 2g), which in turn creates highly
significant g-values (2.810x10%’, 2.323x 101, 2.787x102% in RAN, SIM, and GEL,
respectively). The allele frequency changes observed for this locus are extremely large
compared to other significant regions, most of which have only small to moderate
changes in allele frequency over the last ~10 generations. When we regressed allele
frequency (0, 0.5, or 1.0 representing AA, AB, and BB genotypes per individual) on birth
date, the average allele frequency changes per generation (AAF) for significant GPSM
associations were 0.017, 0.024, and 0.022 for RAN, SIM, and GEL, respectively (Table
S6). In the analyses of each dataset, GPSM identified significant SNPs with AAF <
1.1x10*. The generally small allele frequency changes detected by GPSM are consistent
with the magnitude of allele frequency changes expected for selection on traits with
polygenic architectures [22]. Consequently, we suspect that many of these loci would go
undetected when using most other selection mapping methods.

We performed a genomic restricted maximum likelihood (REML) analysis to
identify how much of the variation in birth date was explained by various classes of
GPSM SNPs. We built three GRMs using different SNP sets: One set with GPSM
genome-wide significant SNPs (q < 0.1), the second with an equivalent number of the

next most suggestive GPSM SNPs outside of loci (> 1 Mb from a g < 0.1 significant
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SNP), and the third an equivalent number of moderate minor allele frequency (MAF)
(MAF > 0.15), non-significant SNPs (p > 0.5) intended to represent loci randomly
drifting in the population. For each population, we observed that nearly all of the
variation in birth date was explained by the significant and suggestive GRMs. While
genome-wide significant loci explain the majority of genetic variance associated with
birth year, an equivalent number of suggestive, but not significant SNPs have only
slightly smaller PVEs (Table 1). We suspect that these SNPs are undergoing directional
allele frequency changes too small to detect at genome-wide significance, even in this
highly-powered dataset. Since GPSM continues to gain power with additional samples,
we suspect that future sample size increases will detect more of these signatures of
polygenic selection at a genome-wide significance level. Regardless of the number of
SNPs used in the drift GRM, the variance associated with drift was consistently minimal
(Table 1).

As proof-of-concept, GPSM identified known targets of selection. In Simmental,
we identified significant associations at three Mendelian loci that explain the major
differences in appearance between early imported European Simmental and modern US
Simmental (Figure 2h). These loci: POLLED (absence of horns [43]), ERBB3/PMEL
(European Simmental cream color [82]), and KIT (piebald coat coloration [83]) have not
appreciably changed in allele frequency since 1995, making their GPSM signature
significant, but less so than other loci actively changing in frequency.

In addition to these three known Mendelian loci, we detected numerous novel
targets of selection within and across the populations. While the majority of the genomic

regions detected as being under selection were population-specific (79.8%, 79.8%, and
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77.2% of the significant regions in RAN, SIM, and GEL, respectively), we identified
seven loci that are under selection in all three populations, and fifteen more under
selection in two (Table S7). While GPSM is able to detect Mendelian selection, the
overwhelming majority of signatures identified represent selection on complex,
quantitative traits. Of the regions identified in multiple populations, many correspond to
genes with predicted production-related functions in cattle (DACH1-Growth, LRP12-
Growth, MYBPH-Muscle Growth, RHOU-Carcass Weight, BIRC5-Feed Intake).
However, GPSM did not identify any of the well-established large-effect growth loci
(i.e., PLAG1, LCORL). Growth phenotypes (e.g., birth, weaning, and yearling weights)
are known to be under strong selection in all three populations [84], but antagonistic
pleiotropic effects such as increased calving difficulty prevent directional selection from
changing frequencies at these large-effect loci. We also identified immune function genes
under polygenic selection (ARHGAP15, ADORAL, CSF2RA). While immune function has
not been directly artificially selected in cattle, healthy cattle perform better than their sick
counterparts [85]. We also identify a GPSM signature near PRDM9 on chromosome 1 in
all three populations. This paralog has been previously-implicated as a target of selection
in both cattle and other mammalian species for its role in modulating recombination
[86,87]. Ongoing recent selection on PRDM9 may indicate either selection for
differential recombination rates, or enhanced binding to novel motifs throughout the
genome. Many of the selection signatures that were identified in at least two of the
populations have no known functions or phenotype associations in cattle, highlighting the
ability of GPSM to identify novel, important loci under polygenic selection without the

need for any phenotype data.
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Biological processes and pathways enriched in genes located proximal to GPSM
SNP associations point to selection on drivers of production efficiency and on
population-specific characteristics (Table S8). In each population, we identified
numerous biological processes involved in cell cycle control, which are directly involved
in determining muscle growth rate [88], as being under selection. In Red Angus and
Gelbvieh we identified multiple cancer pathways as being under selection. This likely
represents further evidence of selection on cell cycle regulation and growth rather than on
any cancer related phenotypes [89]. Red Angus cattle are known to be highly fertile with
exceptional maternal characteristics [90]. We identified the “ovarian steroidogenesis”
pathway as being under selection, a known contributor to cow fertility [91]. We also
identify numerous other processes involved in the production and metabolism of
hormones. Hormone metabolism is a central regulator of growth in cattle [92], but could
also represent selection for increased female fertility in Red Angus. Further, Tissue Set
Enrichment Analyses (TSEA) of Red Angus GPSM candidate genes showed suggestive
expression differences (p < 0.1) in multiple human reproductive tissues (Tables S9-S10).
Enrichments in these tissues did not exist in TSEA of Simmental or Gelbvieh GPSM
gene sets, suggesting explicit within-population selection on fertility. Gelbvieh cattle are
known for their rapid growth rate and carcass yield. Selection on these phenotypes likely
drives the identification of the six biological processes identified which relate to muscle
development and function in the Gelbvieh GPSM gene set. Consequently, this gene set is
significantly enriched for expression in human skeletal muscle (Tables S9-S10). A
complete list of genomic regions under population-specific selection and their associated

candidate genes is in Table S5.

67


https://paperpile.com/c/nQfGtx/bQsrg
https://paperpile.com/c/nQfGtx/xocku
https://paperpile.com/c/nQfGtx/0spuw
https://paperpile.com/c/nQfGtx/Y1Dfw
https://paperpile.com/c/nQfGtx/NKDH8

Detecting environmental adaptation using envGWAS

Using an equivalent form of model to GPSM, but with continuous environmental
variables (30 year normals for temperature, precipitation, and elevation) or statistically-
derived discrete ecoregions as the dependent variable (rather than birth year in GPSM)
allows us to identify environmental adaptive loci that have been subjected to artificial
and, perhaps in this context more importantly, natural selection [93]. We refer to this
method as environmental GWAS (envGWAS). envGWAS extends the theory of the
Bayenv approach of Coop et al. (2010) which searches for allele frequency correlations
along environmental gradients to identify potentially adaptive loci [94]. Our approach is
similar to that used in Yoder et al. 2014, but applied to panmictic, biobank-sized
mammalian populations [95]. Unlike many genome-environment association analyses
which only used linear models [96,97], our large dataset and the use of multivariate
models provides power to identify association while importantly controlling for
geographic dependence between samples using a genomic relationship matrix (Figure
S2, Figure S6). We used K-means clustering with 30-year normal values for temperature,
precipitation, and elevation to partition the United States into 9 discrete ecoregions
(Figure 3a). These ecoregions are largely consistent with those represented in
previously-published maps from the environmetrics and atmospheric science literature
[98], and reflect well-known differences in cattle production environments. The resulting
ecoregions capture not only combinations of climate and environmental variables, but
associated differences in forage type, local pathogens, and ecoregion-wide management

differences to which animals are exposed. Thus, using these ecoregions as case-control
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phenotypes in envGWAS allowed us to detect more complex environmental associations.
The three studied populations are not universally present in all ecoregions (Figure 3b,
Figure S3b & S4b, Table S11) and since the development of these US populations in the
late 1960s and early 1970s, registered seedstock animals from these populations have a
small footprint in desert regions with extreme temperatures and low rainfall.

Although environmental variables and ecoregions are not inherited, the estimated
PVE measures the extent to which genome-wide genotypes change in frequency across
the environments in which the animals were born and lived. The PVE explained by SNPs
ranged from 0.586 to 0.691 for temperature, 0.526 to 0.677 for precipitation, and 0.585 to
0.644 for elevation (Table S12). In Red Angus, PVE for ecoregion membership ranged
from 0.463 for the Arid Prairie to 0.673 for the Fescue Belt (Table S13). We observe
similar environmental PVE in both Simmental and Gelbvieh datasets. These measures
suggest that genetic associations exist along both continuous environmental gradients and
within discrete ecoregions. Despite this genetic signal, principal component analysis
(PCA) does not suggest that ecoregion-driven population structure exists in any of the
populations (Figure S5). Permutation tests that shuffled environmental dependent
variables, removing the relationship between the environment and the animal’s genotype,
resulted in all PVEs being reduced to ~ 0, strongly suggesting that the detected
associations between genotype and environment were not spurious. An additional
permutation test that permuted animals’ zip codes, such that all animals from a given zip
code were assigned the same “new" zip code from a potentially different ecoregion
provided similar results, indicating that bias due to sampling at certain zip codes was not

producing envGWAS signals. From 10 rounds of permutation, there were no SNP
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associations with p-values < 1x107°. Consequently, we used this empirically-derived p-
value threshold to determine SNP significance in all of the envGWAS analyses, which is
also in agreement with the significance threshold used by the Wellcome Trust Case
Control Consortium [99]. Gene drop simulations suggest that a portion of the identified
associations are likely due to pedigree structure or founder effects (Supplementary Text).
However, in this data, the pedigree structure reflects selection decisions of farmers and
ranchers that are not beyond the influence of performance differences relative to

environmental differences.

Discrete ecoregion envGWAS

In Red Angus, we identified 54 variants defining 18 genomic loci significantly
associated with membership of an ecoregion in the discrete multivariate envGWAS
analysis (Figure 3c). Of these loci, only two overlapped with loci identified in the
continuous envGWAS analyses, suggesting that using alternative definitions of
environment in envGWAS may detect different sources of adaptation. Of the 18
significant loci, 17 were within or near (< 100 kb) candidate genes (Tables S14-S15),
many of which have potentially adaptive functions. For example, envGWAS identified
SNPs immediately (22.13 kb) upstream of CUX1 (Cut Like Homeobox 1) gene on
chromosome 25. CUX1 controls hair coat phenotypes in mice [100]. Alleles within CUX1
can be used to differentiate between breeds of goats raised for meat versus those raised
for fiber [101]. The role of CUX1 in hair coat phenotypes makes it a strong adaptive
candidate in environments where animals are exposed to heat, cold, or toxic ergot

alkaloids from fescue stress [102]. Other candidate genes identified by envGWAS have
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previously been identified as targets of selection between breeds of cattle (MAGIZ2,
CENPP), or in other species (DIRC1-humans, GORASP2-fish, ADRB1-dogs) (Table
S14). Adaptive signatures shared between cattle and other species may point to shared
biological processes that drive environmental adaptation. We also identified four adaptive
candidate genes known to possess immune functions (RASGEF1B, SPN, ZMYNDS8,
LOC100298064/HAVCR1). The envGWAS identified variants within or near immune
function genes under ongoing selection in all three populations, thereby suggesting that
genetic adaptations conferring resistance or tolerance to local pathogens and immune
stressors may be as important as adaptations to abiotic stressors like heat or cold stress.
In Simmental, we identified 11 loci tagged by 39 variants significantly associated
with membership of an ecoregion in the multivariate envGWAS analysis (Figure S3). In
Gelbvieh, 66 variants identified 33 local adaptation loci (Figure S4). In the analyses of
all three datasets, we identified a common local adaptation signature on chromosome 23
(peak SNP rs1023574). Multivariate analyses in all three populations identified alleles at
this SNP to be significantly associated with one or more ecoregions (q = 1.24 x 1073,
3.15x 102, 4.82 x 10 in RAN, SIM, and GEL, respectively). In all three datasets, we
identified rs1023574 as a univariate envGWAS association with membership of the
Forested Mountains ecoregion. However, the most significant univariate association in
Red Angus was with the Arid Prairie region which was excluded from both the
Simmental and Gelbvieh analyses due to low within-region sample size. In the
multivariate analysis for Red Angus, the associated locus spanned 18 SNPs from
(1,708,914 to 1,780,836 bp) and contained the pseudogene LOC782044. The nearest

annotated gene, KHDRBS2 (KH RNA Binding Domain Containing, Signal Transduction
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Associated 2) has previously been identified by other adaptation studies in cattle, sheep,
and pigs [103-105]. This variant was not significantly associated with any continuous
environmental variable in Red Angus. However, rs1023574 was significantly associated
with temperature, elevation, and humidity variables in Simmental. The KHDRBS2 locus
was preferentially introgressed between Bos taurus and domestic yak [106]. Further, this
locus shows an abnormal allele frequency trajectory (Figure 4c), indicating that it may be

a target of balancing selection.

Continuous environmental variable envGWAS

Using continuous temperature, precipitation, and elevation data as quantitative
dependent variables in a multivariate envGWAS analysis of Red Angus animals, we
identified 46 significantly associated SNPs (Figure 3g). These SNPs tag 17 loci, many of
which are within 100 kb of strong candidate genes. Univariate envGWAS identified 23,
17, and 10 variants associated with temperature, precipitation, and elevation, respectively
(Figure S6). The most significant multivariate association in Red Angus is located on
chromosome 29 within BBS1 (Bardet-Biedl syndrome 1), which is involved in energy
homeostasis [107]. BBS1 mutant knock-in mice show irregularities in photoreceptors and
olfactory sensory cilia [108] functions that are likely important to an individual’s ability
to sense its local environment. This region was not significantly associated in any of the
univariate analyses of environmental variables, and was not identified in any of the
discrete ecoregion envGWAS. Of the candidate genes identified in this Red Angus
analysis, 9 have previously been implicated in adaptive functions in humans or cattle

(DIRC1, ABCB1, TBC1D1, AP5M1, GRIA4, LRRC4C, RBMS3, GADL1, ADCYAP1,
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CUX1, and PLA2G12B) (Table S16). Significant SNPs and their corresponding candidate
genes for all three datasets are reported in Table S15.

While we found few candidate genes to overlap between populations, we
identified multiple shared biological pathways and processes (Table S17) derived from
lists of envGWAS candidate genes. Pathways in common between populations were
driven by largely different gene sets. Across all populations, we identified the “axon
guidance” pathway, and numerous gene ontology (GO) terms related to axon
development and guidance as under region-specific selection. Ai et al. (2015) suggested
that axon development and migration in the central nervous system is essential for the
maintenance of homeostatic temperatures by modulating heat loss or production [109].
Further, the direction and organization of axons is an essential component of the olfactory
system which is frequently implicated in environmental adaptation through the
recognition of local environmental cues [17]. In addition to axonal development, a host of
other neural signaling pathways were identified in multiple populations. A genome-wide
association study for gene-by-environment interactions with production traits in
Simmental cattle by Braz et al. (2020) identified a similar set of enriched pathways [33].
These common neural signaling pathways identified by envGWAS are regulators of
stress response, temperature homeostasis, and vasoconstriction [110]. We identified other
shared pathways involved in the control of vasodilation and vasoconstriction (relaxin
signaling, renin secretion, and insulin secretion). Vasodilation and vasoconstriction are
essential to physiological temperature control in cattle and other species [111]. The
ability to mount a physiological response to temperature stress has a direct impact on

cattle performance, making vasodilation a prime candidate for environment-specific
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selection. Further, vasodilation and vasoconstriction likely also represent adaptation to
hypoxic, high elevation environments. Pathways and processes identified by envGWAS
signals are reported in Table S17.

To further explore the biology underlying adaptive signatures, we performed
Tissue Set Enrichment Analysis of our envGWAS candidate gene lists. These analyses,
using expression data from humans and worms (C. elegans), identified brain and nerve
tissues as the lone tissues where envGWAS candidate genes show significantly enriched
expression (Tables S18-S21). Tissue-specific expression in the brain further supports our
observed enrichment of local adaptation pathways involved in neural signaling and

development.

Identifying loci undergoing region-specific selection with GPSM ecoregion meta-analysis

envGWAS detects allelic associations with continuous and discrete environmental
variables, but does not address whether selection is towards increased local adaptation, or
whether local adaptation is being eroded by the exchange of germplasm between
ecoregions via artificial insemination. We used the spatiotemporal stratification of
genotyped animals to identify loci undergoing ecoregion-specific selection. We
performed GPSM within each sufficiently genotyped ecoregion and identified variants
with high effect size heterogeneity (Cochran’s Q statistic) between ecoregions. Variants
with significant heterogeneity across regions that were also significant in at least one
within-region GPSM analysis imply ecoregion-specific allele frequency change. These
changes could have been due either to selection for local adaptation (Figure 1e), or

locally different allele frequencies moving towards the population mean (Figure 1f). We
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identified 59, 38, and 46 significant SNPs in Red Angus, Simmental, and Gelbvieh,
respectively undergoing ecoregion-specific selection. These represent 15, 21, and 26
genomic loci (> 1 Mb to nearest next significant SNP) (Figure 4a). In most cases, these
variants have an effect (posterior probability of an effect: m-value > 0.9) in only one or
two ecoregions (Figure 4b). Further, nearly all represent the decay of ecoregion-specific
allele frequencies towards the population mean (Figure 4c) as opposed to on-going
directional selection for ecoregion specific beneficial adaptations (Figure S9-S11).

Despite the apparent ongoing decay of local adaptation, this meta-analysis of
ecoregion-specific GPSM identified several interesting candidate genes for
environmental adaptation. A significant locus on chromosome 1 at ~73.8 Mb (lead SNP
rs254372) lies within OPAL1 (OPA1 mitochondrial dynamin like GTPase), which was
under selection in the Fescue Belt ecoregion. OPA1 has been implicated in the regulation
of circadian rhythm in mice [112], and is known to regulate metabolic and cardiac
adaptations [113] through mitochondrial interactions. We also identified variants within
ADAMTS16 (ADAM Metallopeptidase With Thrombospondin Type 1 Motif 16), which
regulates blood pressure in mice [114] and has previously been identified in other
adaptation studies [115]. These genes are of particular interest, because the primary
symptoms of fescue toxicosis are due to vasoconstriction caused by ergot alkaloids
synthesized by endophytes in fescue [28]. Adaptive alleles at these loci are being driven
in frequency towards the population mean allele frequency (Figure 4c), which is

typically a low minor allele frequency.
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Discussion

We leveraged large commercially-generated genomic datasets from three major
US beef cattle populations to map polygenic selection and environmental adaptation
using novel GWAS applications [50]. Using temporally-stratified genotype data we
detected very small selection-driven changes in allele frequency throughout the genome.
This is consistent with expectations of polygenic selection acting on a large number of
variants with individual small effects. Which phenotypes are being selected and driving
the allele frequency changes at particular loci is not definitively known. GPSM is a
heuristic model, and as a result the SNP effects are not immediately intuitive to interpret
in a population genetic context. That said, it allows us to identify the genomic loci
responding to selection, and particularly subtle changes due to polygenic selection.
GPSM is agnostic to the selected phenotypes, and identifies important loci changing in
frequency due to selection without the need to measure potentially difficult or expensive
phenotypes. Further, GPSM differentiates between selection and drift while accounting
for confounding effects such as uneven generation sampling, population structure,
relatedness, and inbreeding. With the availability of large samples our analytical
frameworks solve the long-standing population genetics problem of identifying the loci
subjected to polygenic selection.

Future studies exploring the effects of selection from the context of complex trait
networks could explain how hundreds or thousands of selected genes act together to

shape genomic diversity under directional selection. Candidate genes identified by GPSM
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identify pathways and processes involved in production efficiency (growth, digestion,
muscle development, and fertility). In addition to a small number of loci, for which
function is known, we identify hundreds of novel signatures of ongoing selection.

The envGWAS identified 174, 125, and 130 SNPs associated with both
continuous or discrete environmental factors in Red Angus, Simmental, and Gelbvieh,
respectively. Identified candidate genes have functions related to environmental
adaptation. Using these environmentally-associated candidate genes we identified an
enrichment of pathways and tissues involved in neural development and signaling. These
envGWAS associations emphasize the role that the nervous system plays in recognizing
and responding to environmental stress in mammals, which will be valuable as society
and agriculture cope with climate change. In addition to neural pathways, we observe
significantly enriched expression of envGWAS genes in the brain tissues of humans,
mice, and worms. Other pathways associated with environmental adaptation reveal the
importance of mechanisms involved in regulating vasoconstriction and vasodilation, both
of which are essential for responses to heat, cold, altitude, and toxic fescue stressors in
cattle.

The statistical power and wide geographical distribution of the cattle comprising
these data highlights that the utilized approaches can be leveraged to understand the
genomic basis of adaptation in many other studies and species. The small allele frequency
differences identified by envGWAS are consistent with a polygenic model of local
adaptation, likely driven by small changes in gene expression [116]. Further, envGWAS
identifies candidate genes (i.e. KHDRBS2) and pathways previously implicated as

domestication-related [106]. This suggests that these genes are under natural and
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balancing selection to cope with environmental stress, and not specifically part of the
domestication process. Further, because different genes in the same pathways were
detected in the analyses of the different populations, we hypothesize that these pathways
influence local adaptation in many mammals and should be studied in other ecological
systems. This knowledge will become increasingly valuable as species attempt to adjust
to a changing climate.

Artificial insemination in cattle has allowed the ubiquitous use of males which
have been found to be superior when progeny performance has been averaged across US
environments. Our results suggest that environmental associations are widespread in
cattle populations, but that the widespread use of artificial insemination has caused US
cattle populations to lose ecoregion-specific adaptive variants. We identified 16, 21, and
30 loci undergoing ecoregion-specific selection in Red Angus, Simmental, and Gelbvieh,
respectively. In almost every case, selection has driven allele frequencies within an
ecoregion back towards the population mean allele frequency (Figure 1F and Figure
4C). In three independent datasets, we identified a single shared environmentally-
associated locus near the gene KHDRBS2. This locus has been identified as introgressed
in yak, and exhibits an irregular allele frequency trajectory which suggests that it may be
subject to balancing selection [117]. Though we identified only a single common
envGWAS locus, we observed significant overlap in the pathways regulated by candidate
genes within the associated loci. This reveals that adaptive networks are complex and that
adaptation can be influenced by selection on functional variants within combinations of

genes from these networks. As we work to breed more environmentally-adapted cattle,
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there will be a need for selection tools that incorporate genotype-by-environment

interactions to ensure that cattle become increasingly locally adapted.

We demonstrate that large commercially-generated genomic datasets from
domesticated populations can be leveraged to detect polygenic selection and local
adaptation signatures. The identification of adaptive loci can assist in selecting and
breeding better adapted cattle for a changing climate. Further, both our statistical
approaches and biological findings can serve as a blueprint for studying complex
selection and adaptation in other agricultural or wild species. Our results suggest that
neural signaling and development are essential components of mammalian adaptation,
meriting further functional genomic study. Finally, we observe that local adaptation is
declining in cattle populations, which will need to be preserved to sustainably produce

protein in changing climates.

Materials and Methods

Genotype Data:

SNP assays for three populations of genotyped Bos taurus beef cattle ranging in

density from ~25K SNPs to ~770K SNPs were imputed to a common set of 830K SNPs

using the large multi-breed imputation reference panel described by Rowan et al. 2019 [7].

Genomic coordinates for each SNP were from the ARS-UCD1.2 reference genome [62].

Genotype filtering for quality control was performed in PLINK (v1.9) [61], reference-

based phasing was performed with Eagle (v2.4) [64], and imputation with Minimac3

(v2.0.1) [66]. Following imputation, all three datasets contained 836,118 autosomal SNP

variants. All downstream analyses used only variants with minor allele frequencies > 0.01.
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Upon filtering, we performed a principal component analysis for each population in
PLINK. This was to assess if there were discrete subpopulations within the populations

and if there were patterns of structure related to ecoregions.

Generation Proxy Selection Mapping (GPSM):

To identify alleles that had changed in frequency over time, we fit a univariate
genome-wide linear mixed model (LMM) using GEMMA (Version 0.98.1) [118]. Here,
we used the model:

EQUATION 1:

y =Xg+Zu +e

u ~ N(0,Go,?)

e ~ N(0,0,%])
where y is an individual’s generation proxy, in our case birth date, and X was an incidence
matrix that related SNPs to birth dates within each individual and g was the estimated effect
size for each SNP. An animal’s age as of April 5, 2017 was used as the generation proxy
in GPSM. We control for confounding population structure, relatedness, and inbreeding
with a polygenic term u that uses a standardized genomic relationship matrix (GRM) G [3]
and we estimated ¢,2 and .2 using restricted maximum likelihood estimation. Here,
continuous age served as a proxy for generation number from the beginning of the pedigree.
Other than the tested SNP effects, no fixed effects other than the overall mean were
included in the model. We tested each SNP for an association with continuous age. We
converted p-values to FDR corrected g-values and used a significance threshold of q < 0.1.

We performed additional negative-control analyses in each dataset by permuting the date
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of birth associated with each animal’s genotypes to ensure that the detected GPSM signals
were likely to be true positives. Permutation was performed ten times for each population.
To visualize the allele frequency history of loci undergoing the strongest selection, we fit
a loess and simple linear regressions for date of birth and allele frequencies scored as 0,
0.5 or 1.0 within each individual using R [119]. Results were visualized using ggplot2

[120].

Birth date variance component analysis:

To estimate the amount of variation in birth date explained by GPSM significant
SNPs, we performed multi-GRM GREML analyses for birth date in GCTA (v1.92.4) [121].
We built separate GRMs using genome-wide significant markers and all remaining makers
outside of significant GPSM loci (> 1 Mb from significant GPSM SNPs to control for
markers physically linked to significant GPSM SNPs). To further partition the variance in
birth date explained by subsets of SNPs, we performed a GREML analysis using three
GRMs created with genome-wide significant (p < 1x10°) SNPs, an equal number of the
next most significant SNPs, and an equal number of unassociated (p > 0.5) markers with
minor allele frequencies > 0.15, to match the allele frequencies of significant SNPs. These
three GRM were each constructed using 268, 548, and 763 SNPs for Red Angus,

Simmental, and Gelbvieh, respectively.

Environmental Data:

Thirty-year normals (1981-2010) for mean temperature ((average daily high (°C) +

average daily low (°C)/2), precipitation (mm/year), and elevation (m above sea level) for
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each 4 km? of the continental US were extracted from the PRISM Climate Dataset [122],
and used as continuous dependent variables in envGWAS analysis. Optimal K-means
clustering of these three variables grouped each 4 km? of the continental US into 9 distinct
ecoregions. Using the reported breeder zip code for each individual, we linked continuous
environmental variables to animals and partitioned them into discrete environmental
cohorts for downstream analysis. For ecoregion assignments, latitude and longitude were
rounded to the nearest 0.1 degrees. As a result, some zip codes were assigned to multiple
ecoregions. Animals from these zip codes were excluded from the discrete region

envGWAS but remained in analyses that used continuous measures as dependent variables.

Environmental Genome-wide Association Studies (envGWAS):

To identify loci segregating at different frequencies within discrete ecoregions or
along continuous climate gradients, we used longitudinal environmental data for the zip
codes attached to our study individuals as dependent variables in univariate and
multivariate genome-wide LMMs implemented in GEMMA (Version 0.98.1). We fit three
univariate envGWAS models that used 30-year normal temperature, precipitation, and
elevation data as dependent variables. These used an identical model to EQUATION 1,
but used environmental values as the dependent variable (y) instead of birth date. We also
fit a combined multivariate model using all three environmental variables to increase
power. To identify loci associated with entire climates as opposed to only continuous
variables, we fit univariate and multivariate case-control envGWAS analyses using an
individual’s region assignment described in the “Environmental Data” section as binary

phenotypes. Proportion of variation explained (PVE), phenotypic correlations, and genetic
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correlations were estimated for continuous environmental variables and discrete
environmental regions using GEMMA’s implementation of REML.

To ensure that envGWAS signals were not driven by spurious associations, we
performed two separate permutation analyses. In the first, we randomly permuted the
environmental variables and regions associated with an individual prior to performing each
envGWAS analysis, detaching the relationship between an individual’s genotype and their
environment. In the second, to ensure that envGWAS signals were not driven by the over-
sampling of individuals at particular zip codes, we permuted the environmental variables
associated with each zip code prior to envGWAS analysis. These two types of permutation
analyses were performed for each dataset and for each type of univariate and multivariate
envGWAS analysis. We determined significance using a permutation-derived p-value

cutoff (p < 1x10®) [123].

GPSM meta-analyses:

To identify variants undergoing ecoregion-specific allele frequency changes, we
performed GPSM analyses within each region with more than 600 individuals. The SNP
significance testing effects and standard errors from each of the within-region GPSM
analyses were combined into a single meta-analysis for each population using
METASOFT (v2.0.1) [124]. We identified loci with high heterogeneity in allele effect
size, suggesting region-specific selection. An m-value indicating the posterior-probability
of a locus having an effect in a particular ecoregion was calculated for each of these loci

[125].
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Gene set and tissue set enrichment analysis:

Using the NCBI annotations for the ARS-UCD1.2 Bos taurus reference assembly,
we located proximal candidate genes near significant SNPs from each of our analyses. We
generated two candidate gene lists each from significant GPSM and envGWAS SNPs. Lists
contained all annotated genes within 10 kb or 100 kb from significant SNPs. We
consolidated significant SNPs from all envGWAS analyses to generate a single candidate
gene list for each breed. Using these candidate gene lists, we performed gene ontology
(GO) and KEGG pathway enrichment analysis using Clue GO (v2.5.5) [126] implemented
in Cytoscape (v3.7.2) [127]. We identified pathways and GO terms where at least two
members of our candidate gene list comprised at least 1.5% of the term’s total genes. We
applied a Benjamini-Hochberg multiple-testing correction to reported p-values and GO

terms with FDR corrected p-values < 0.1 were considered significant.

Using the above gene sets, we performed three separate Tissue Set Enrichment
Analyses (TSEA) using existing databases of human, mouse, and worm gene expression
data. We searched for enriched gene expression with data from the Human Protein Atlas
[128] and Mouse ENCODE [129] using the Tissue Enrich tool (v1.0.7) [130]. Additionally,
we performed another Tissue Set Enrichment Analysis using GTEXx data [131] and a
targeted Brain Tissue Set Enrichment Analysis in the pSI R package (v1.1) [132]. Finally,
we used Ortholist2 [133] to identify C. elegans genes orthologous with members of our
envGWAS and GPSM gene lists. We then queried these lists in WormBase’s Tissue
Enrichment Analysis tool [134,135] to identify specific tissues and neurons with enriched

expression in C. elegans. We used each tool’s respective multiple-testing correction to
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determine significance. We deemed an enrichment in a tissue “suggestive” when its p-

value was < 0.1.
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Figure 3.1. Simulated allele frequency trajectories and model overview. (a-c) Allele

frequency trajectories for 20 SNPs colored by relative effect sizes from stochastic

selection simulations. (a) Effect size = 0, representing stochastic changes in allele

frequency due to genetic drift. (b) Large-effect alleles rapidly becoming fixed in the

population representing selective sweeps. () Moderate-to-small effect size SNPs

changing in frequency slowly over time, representing polygenic selection. (d) An
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overview of the linear mixed model approach used for Generation Proxy Selection
Mapping and environmental GWAS. (e-f) A single SNP under ecoregion-specific
selection. Different colors represent the trajectory of a given SNP in one of five different
ecoregions. Ecoregion-specific selection can lead to allele frequencies that (e) diverge

from or (f) converge to the population mean.

[Figure 1 in text]
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Figure 3.2. Generation Proxy Selection Mapping identifies signals of polygenic
selection in three major U.S. cattle populations. Full and truncated (-logio(g)< 15)
Manhattan plots for GPSM analysis of Red Angus (a & b), Simmental (¢ & d), and
Gelbvieh (e & 1). Purple points indicate SNPs significant in all three population-specific
GPSM analyses and orange points indicate SNPs significant in two. Minor allele

frequency plotted versus -log10(p) values for significant SNPs in (g) Red Angus, (h)
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Simmental, and (i) Gelbvieh populations. (j) Smoothed allele frequency histories for the
six most significant loci identified as being under selection in all three datasets. (k) Allele
frequency histories for three known Mendelian loci that control differences in visual

appearance between introduced European and modern US Simmental cattle.

[Figure 2 in text]
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Figure 3.3. Manhattan plots for discrete and continuous envGWAS in Red Angus
cattle. (a) Nine continental US ecoregions defined by K-means clustering of 30-year
normal temperatures, precipitations, and elevations. (b) Locations of sampled Red Angus
animals coloured by breeder’s ecoregion and sized by the number of animals at that

location. (c) Multivariate discrete envGWAS (case-control for six regions with > 600
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animals). Locations of sampled Red Angus animals colored by (d) 30-year normal
temperature, (e) 30-year normal precipitation, and (f) elevation. (g) Multivariate
continuous envGWAS with temperature, precipitation, and elevation as dependent
variables. For all Manhattan plots the red line indicates the empirically-derived p-value
significance threshold from permutation analysis (p < 1x107).

[Figure 3 in text]
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Figure 3.4. Meta-analysis of within-ecoregion GPSM for Red Angus cattle. (a)
Manhattan plot of per-variant Cochran’s Q p-values. Points coloured green had
significant Cochran’s Q (p < 1x107°) and were significant in at least one within-region
GPSM analysis (p < 1x107). (b) Ecoregion effect plots for lead SNPs from six loci from
(a). Points are coloured by ecoregion and are sized based on Cochran’s Q value. (c)
Ecoregion-specific allele frequency histories for SNPs from (b), coloured by ecoregion.

[Figure 4 in text]
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Figure 3.5. Distributions of continuous birth date in sampled Red Angus,
Simmental, and Gelbvieh populations. (a) Birth date histograms for complete datasets.
(b) Histograms of animal birth dates born before 2000.

[Figure S1 in text]
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Figure 3.6. Manhattan plots of discrete envGWAS in Red Angus cattle. Q-Q plots for
envGWAS p-values of (a) a linear model for Forested Mountains ecoregion membership,
(b) a linear mixed model for Forested Mountain ecoregion membership, and (c) a

multivariate linear mixed model of ecoregion membership. Univariate discrete
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envGWAS for (d) Forested Mountain linear model, (e) Forested Mountains linear mixed
model, (f) Southeast, (g) Fescue Belt, (h) Arid Prairie, (i) High Plains, and (j) Upper
Midwest & Northeast ecoregions. In all Manhattan plots the red line indicates an
empirically-derived p-value significance threshold from permutation testing (p < 1x10-
5). Note the drastically inflated p-values from the linear model in (a). Further, note that
associated loci are not consistent between linear model and linear mixed model,
highlighting the need to control for geographic dependency with a genomic relationship
matrix.

[Figure S2 in text]
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Figure 3.7. Manhattan plots of discrete envGWAS in Simmental cattle. (a) Nine
ecoregions of the continental United States defined by K-means clustering of 30-year
normal temperature, precipitation, and elevation. (b) Locations of Simmental animals
colored by breeder’s ecoregion and sized by number of animals at that location. (c)
Multivariate envGWAS (case-control for regions with > 600 animals). Univariate

discrete envGWAS for (d) Desert, (e) Southeast, (f) Fescue Belt, (g) Forested Mountains,
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(h) High Plains, and (i) Upper Midwest & Northeast ecoregions. In all Manhattan plots
the red line indicates an empirically-derived p-value significance threshold from
permutation testing (p < 1x107).

[Figure S3 in Text]
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Figure 3.8. Manhattan plots of discrete envGWAS in Gelbvieh cattle. (a) Nine
ecoregions of the continental United States defined by K-means clustering of 30-year
normal temperature, precipitation, and elevation. (b) Locations of Gelbvieh animals
colored by breeder’s ecoregion and sized by number of animals at that location. (c)
Multivariate envGWAS (case-control for regions with > 600 animals). Univariate
discrete envGWAS for (d) Desert, (e) Southeast, (f) Fescue Belt, (g) Forested Mountains,
(h) High Plains, and (i) Upper Midwest & Northeast ecoregions. In all Manhattan plots
the red line indicates an empirically-derived p-value significance threshold from
permutation testing (p < 1x107). [Figure S4 in text]
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Figure 3.9. Plots of first eight principal components from PCA analysis. Plots for Red

Angus (A-D), Simmental (E-H), and Gelbvieh (I-L). Points indicate individuals, colored

by their assigned ecoregion.

[Figure S5 in text]
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3.10. Continuous environmental variable envGWAS in Red Angus cattle. Q-Q plots
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[Figure S6 in text]
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[Figure S7 in text]
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Figure 3.12. Continuous environmental variable envGWAS in Gelbvieh cattle. (a)
Multivariate envGWAS of temperature, precipitation, and elevation for Gelbvieh cattle.
Geographic distributions colored by (b) temperature, (d) precipitation, (f) elevation.
Manhattan plots for univariate envGWAS analysis of (c) temperature, (e) precipitation,

() elevation. Red lines indicate permutation-derived p-value cutoff of 1x10°.

[Figure S8 in text]
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Figure 3.13. PM-plots and region-specific allele frequency trajectories for meta-

analysis SNPs of interest in the Red Angus population ecoregions with > 1,000

genotyped animals. (a) PM-plots for lead SNPs of significant within-region GPSM

meta-analysis (Cochran’s Q p-value > 1x10™ and significant in at least one region-

specific GPSM analysis p < 1x107°). Each box represents the lead SNP, colored by
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ecoregion, and sized by Cochran’s Q value (for heterogeneity). (b) Region-specific allele
frequency trajectories for lead SNPs since 1980, generated by fitting smoothed loess
regression of allele frequency on birth date. Trajectories are colored by ecoregion.

[Figure S9 in text]
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Figure 3.14. PM-plots and region-specific allele frequency trajectories for meta-
analysis SNPs of interest in the Simmental population ecoregions with > 1,000
genotyped animals. (a) PM-plots for lead SNPs of significant within-region GPSM

meta-analysis (Cochran’s Q p-value > 1x107 and significant in at least one region-
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specific GPSM analysis p < 1x10°). Each box represents the lead SNP, colored by
ecoregion, and sized by Cochran’s Q value (for heterogeneity). (b) Region-specific allele
frequency trajectories for lead SNPs since 1980, generated by fitting smoothed loess
regression of allele frequency on birth date. Trajectories are colored by ecoregion.

[Figure S10 in text]
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Figure 3.14. PM-plots and region-specific allele frequency trajectories for meta-

analysis SNPs of interest in the Gelbvieh population ecoregions with > 1,000

genotyped animals. (a) PM-plots for lead SNPs of significant within-region GPSM

meta-analysis (Cochran’s Q p-value > 1x107 and significant in at least one region-

specific GPSM analysis p < 1x107°). Each box represents the lead SNP, colored by
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ecoregion, and sized by Cochran’s Q value (for heterogeneity). (b) Region-specific allele
frequency trajectories for lead SNPs since 1980, generated by fitting smoothed loess
regression of birth of allele frequency on birth date. Trajectories are colored by
ecoregion.

[Figure S11 in text]
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TABLES
Tables 3.3, 3.6, 3.9, 3.11, 3.16, 3.18, 3.20, 3.21, 3.22 are too large for print, but can be
found as tabs in the following spreadsheet:

https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK7I1KI3-hU-

Im8n/view?usp=sharing

Table 3.1. Variation in birth date explained by three classes of SNPs. The PVE
estimates (standard error in parentheses) from a genomic restricted maximum likelihood
(GREML) variance component analysis of birth date using three GRMs created from: 1)
genome-wide significant SNPs (g < 0.1), 2) an equivalent number of the next most
significant SNPs outside of genome-wide significant associated regions, and 3) an
equivalent number of non-significant SNPs (p>0.5) randomly sampled from genomic

regions that did not harbor genome-wide significant associations.

Population Genome-wide Suggestive Other SNPs™ Total
significant significant
SNPs” SNPs”

Red Angus  0.187 (0.026) 0.148 (0.015)  0.031 (0.004) 0.366 (0.023)
Simmental  0.239 (0.020)  0.194 (0.014)  0.037 (0.004) 0.470 (0.016)

Gelbvieh 0.225(0.017) 0.193(0.013) 0.008 (0.003) 0.426 (0.018)
*Contained 268, 548, and 763 SNPs for Red Angus, Simmental, and Gelbvieh,

respectively

[Table 1 in text]
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https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK7IKI3-hU-Im8n/view?usp=sharing
https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK7IKI3-hU-Im8n/view?usp=sharing

Table 3.2. GPSM and envGWAS gene dropping simulation results. Ten repetitions of
a 200,000 SNP gene dropping experiment through the complete Red Angus pedigree.
Real GPSM and envGWAS phenotypes were used to identify significant SNPs (p-value <
1x107°). Multiple nearby SNPs were grouped as “genomic regions" when they were

within 1Mb of one another.

Median Number
Analyzed Significant SNPs  Median Significant

Analysis Individuals  (SD) p-value (SD)
GPSM 15,315 5(3.931) 4.35x107 (3.08x10°©)
envGWAS 15,315 5(5.81) 3.89x10° (3.108x10°%)

[Table S1 in text]
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Table 3.3. GPSM stochastic simulation results. Descriptions of 36 selection scenarios,
and the corresponding true and false positive rates for GPSM detecting simulated QTL
under selection (simulated QTL GPSM p-value < 1X107). Each scenario’s true and false
positive statistics were calculated based on 10 replicates starting with different founder
populations and selected randomly (false positives) or based on true breeding value (true
positives). For each scenario, we report the number simulated QTL, the number of total
crosses performed using 50 males and 500 females, the distribution from which QTL
effects were drawn from, and the number of generations of selection performed. In each
case, 10,000 simulated individuals were randomly chosen to be genotyped (evenly each

generation).

https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK71KI13-hU-

Im8n/view?usp=sharing

[Table S2 in text] [Tab S2 in linked spreadsheet above]
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https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK7IKI3-hU-Im8n/view?usp=sharing
https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK7IKI3-hU-Im8n/view?usp=sharing

Table 3.4. GPSM datasets from three major U.S. beef cattle populations. Sample

sizes are reported prior to and after filtering on individual call rate individuals with

reported birth dates.

Sample Size
(After Median Mean Min Birth Max Birth

Breed Filtering) Birth Date Birth Date Date Date

Red Angus 16,331 2014-10-16 2013-12-26 1975-03-21 2017-04-23
(15,295%)

Simmental 17,468 2013-08-09 2011-08-11 1966-02-16 2016-04-06
(15,350)

Gelbvieh 12,563 2015-01-11 2013-09-23 1970-12-02 2016-09-21
(12,031)

L After removing non-purebred animals

[Table S3 in text]
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Table 3.5. The proportion of variation in birth date explained (PVE) by markers in

GPSM analysis. PVE calculated for each population dataset in full, and subsetted to

individuals born within the last 20 or 10 years. The standard errors of PVE estimates are

reported in parentheses.

Full Dataset  20-year PVE 10-year PVE
Population PVE (se) (se) (se)

Shuffled PVE (se)

Red Angus 0.520 (0.013)  0.358 (0.013) 0.406 (0.014)
Simmental ~ 0.588 (0.009)  0.551 (0.010) 0.401 (0.014)
Gelbvieh ~ 0.459 (0.015)  0.454 (0.015) 0.361 (0.014)

9.82 x 10 (0.002)
9.70 x 104 (0.003)
5.05 x 104 (0.004)

[Table S4 in text]
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Table 3.6. Summary statistics and candidate genes from significant GPSM SNPs for
Red Angus, Simmental, and Gelbvieh populations. Variants are significant if GPSM
g-value < 0.1. Genomic locations are reported based on coordinates from ARS-1.2
genome assembly. Candidate genes were assigned to a SNP if within 10 kb of a

significant SNP.

https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK7I1KI3-hU-

Im8n/view?usp=sharing

[Table S5 in text] [Tab S5 in linked spreadsheet above]

114


https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK7IKI3-hU-Im8n/view?usp=sharing
https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK7IKI3-hU-Im8n/view?usp=sharing

Table 3.7. Summary statistics of allele frequency change (AAF) per generation for

significant GPSM SNPs. AAF is the slope of a simple regression of allele frequency on

birth date multiplied by a generation interval of 5 years.

N SNPs Median Min AAF  Max AAF
(GPSM  Mean AAF per  AAF per per per
Breed g<0.1) generation (sd) generation generation generation
Red Angus 268 0.018 (0.011) 0.017 4,97 x 10° 0.076
Simmental 548 0.024 (0.017) 0.022 6.79x 10° 0.093
Gelbvieh 762 0.033 (0.028) 0.024 1.01x10* 0.223

[Table S6 in text]
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911

Table 3.8. Significant GPSM variants identified in at least two populations. Lead SNPs from significant loci identified in GPSM
analyses of Red Angus, Simmental, and Gelbvieh cattle populations. Locus reported if it was identified in GPSM analysis of at least
two populations. Candidate gene is the annotated gene closest to lowest p-value SNP in peak if < 200 kb away. Associations are from

cattle literature unless otherwise reported.

Nearest Candidate Gene(s) Known Candidate Gene
CHR POS (Distance) Associations References Datasets
1 157,913,264 L0OC112448253 (within) InNcRNA, PRDM9 ALL
2 53,151,541 ARHGAP15 (within) Immune functions, [136-138] ALL
Trypanosomiasis resistance
12 46,730,506 DACH1 (182.1 kb) Feed efficiency/growth [139] ALL
14 59,774,083  LRP12 (261.5 kb), (LRP12) Feed efficiency/growth  [53,140] ALL
LOC112449532 (113.6 kb)
16 955,146 ADORA1 (within), Fertility/immune [141-143] ALL
MYBPH (2.0 kb) (ADORA1L)/muscle growth
(MYBPH)
23 1,768,070 LOC782044 (25.7 kb) ALL
28 640,998 RHOU (56.3 kb), Bone development, Innate [144] ALL

Olfactory gene cluster (166.5kb)  immune system
1 3,144,864 URBL1 (within) Embryonic lethal (pigs) [145] SIM/GEL
1 73,642,609 > 200 kb to a gene SIM/GEL


https://paperpile.com/c/nQfGtx/hF49p+fs7iu+4jK8t
https://paperpile.com/c/nQfGtx/yVZmB
https://paperpile.com/c/nQfGtx/NmrO+FYvHU
https://paperpile.com/c/nQfGtx/2VNA8+jTIcC+Vn6ao
https://paperpile.com/c/nQfGtx/kkfnp
https://paperpile.com/c/nQfGtx/b8tGg

L1T

10
12
15
15
16
19

22
28

119,429,700
5,266,489
113,265,058

78,704,840

104,228,150
940,793
518,595
77,106,772
84,680,379
78,129,493
53,947,810

24,625,216
20,762,645

CSF2RA (within)

ENSBTAG00000050164 (within)

> 200 kb to a gene

PWWP2B
(23.6 kb)

PDCD2 (111 kb)
MCC (within)
PCDH20 (37.7 kb)
DDB2 (within)
LOC617614

> 200 kb to a gene
BIRC5 (within)

Between CNTN6 and CNTN4

> 200 kb to a gene

TB Resistance

IncRNA

Bovine fetus muscle expression

Calving Ease

Olfactory Receptor

RFI (DE), Fertility and
Reproduction

Known Milk Yield QTL

[146]

[147]

[148]

[149]

[150]

RAN/SIM
SIM/GEL
SIM/GEL

RAN/GEL

SIM/GEL
SIM/GEL
SIM/GEL
RAN/GEL
SIM/GEL
SIM/GEL
RAN/GEL

SIM/GEL
SIM/GEL

[Table S7 in text]


https://paperpile.com/c/nQfGtx/rsgRL
https://paperpile.com/c/nQfGtx/tnPd2
https://paperpile.com/c/nQfGtx/TQMLx
https://paperpile.com/c/nQfGtx/XA5xg
https://paperpile.com/c/nQfGtx/TNeua

Table 3.9. Gene enrichment analysis of GPSM candidate genes in Red Angus,
Simmental, and Gelbvieh populations. Candidate genes were annotated genes < 10 kb
to significant GPSM SNPs (g < 0.1). Significant (FDR-corrected p-values < 0.1) KEGG

pathways and GO biological processes are reported for each breed.

https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK7IKI3-hU-

Im8n/view?usp=sharing

[Table S8 in text] [Tab S8 in linked spreadsheet above]
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https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK7IKI3-hU-Im8n/view?usp=sharing

Table 3.10. TissueEnrich analysis using GPSM gene sets from Red Angus,
Simmental, and Gelbvieh populations. TSEA from TissueEnrich software using
Human Protein Atlas gene expression data. Enrichment analysis carried out for candidate
genes within 10 kb of significant envGWAS SNPs. For each test, we report the number
of tissue specific genes, their average fold change, and the FDR-corrected logio p-value

for tissue enriched expression.

https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK71KI13-hU-

Im8n/view?usp=sharing

[Table S9 in text] [Tab S9 in above linked spreadsheet]
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https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK7IKI3-hU-Im8n/view?usp=sharing

Table 3.11. Tissue enrichment analysis results from GPSM gene sets in Red Angus,
Simmental, and Gelbvieh populations using the pSI R package and human GTEXx
expression data. Enrichment significance values for four specificity index thresholds
(pSl) of 25 human tissues types. Each combination of stringency for enrichment (pSlI)
and tissue reports a p-value for Fisher’s Exact Test and a Benjamini Hochberg corrected
p-value reported in parentheses. Tissue-gene-set combinations that are significant
(Benjamini-Hochberg p-value < 0.1) are highlighted in red, those that are suggestive (raw

p-value < 0.1) are highlighted in green.

https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK71KI13-hU-

Im8n/view?usp=sharing

[Table S10 in text] [Tab S10 in above linked spreadsheet]
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https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK7IKI3-hU-Im8n/view?usp=sharing
https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK7IKI3-hU-Im8n/view?usp=sharing

Table 3.12. Ecoregion distribution of Red Angus, Simmental, and Gelbvieh
populations. Counts of analyzed individuals in each region for each dataset after filtering

and region assignment based on individual’s breeder zip code.

Region Red Angus  Simmental Gelbvieh
Desert 367! 321! 408!
Southeast 615! 1,073%2 4221
High Plains 2,796%2 3,645%2 4,022
Rainforest 0 62 1
Avrid Prairie 1,206%2 181 87
Foothills 136 0 0
Forested Mountains 4,52512 2,58912 70412
Fescue Belt 3,011%2 4,393%2 4,48212
Upper Midwest & 1,513 2,52412 1,07212
Northeast

Total 14,169 14,788 11,198

Yincluded in multivariate discrete envGWAS analysis

2 included in “large region” multivariate envGWAS analysis

[Table S11 in text]

121



Table 3.13. Univariate REML estimates of PVE for continuous environmental
variables in genotyped Red Angus, Simmental, and Gelbvieh populations. Standard

errors for PVE estimates are reported in parentheses.

Variable Red Angus PVE Simmental PVE (se) Gelbvieh PVE (se)
(se)

Temperature 0.597 (0.010) 0.586 (0.011) 0.691 (0.010)

Precipitation 0.526 (0.011) 0.602 (0.011) 0.677 (0.010)

Elevation 0.594 (0.010) 0.585 (0.011) 0.644 (0.011)

[Table S12 in text]
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Table 3.14. Univariate estimates of PVE for discrete ecoregion assignment in

genotyped Red Angus, Simmental, and Gelbvieh populations. Standard errors for

PVE estimates are reported in parentheses.

Variable Red Angus Simmental Gelbvieh

PVE (se) PVE (se) PVE (se)
Desert 0.646 (0.010) 0.517 (0.012)  0.726 (0.010)
Southeast (SE) 0.408 (0.010)  0.547 (0.013)  0.478 (0.013)
High Plains (HP) 0.641 (0.011)  0.588 (0.010)  0.694 (0.010)
Arid Prairie (AP) 0.463 (0.011)  0.566 (0.014) NA

Forested Mountains (FM)
Fescue Belt (FB)

Upper Midwest &
Northeast (UMWNE)

0.575 (0.011)
0.673 (0.010)

0.548 (0.012)

0.594 (0.010)
0.545 (0.011)

0.509 (0.012)

0.615 (0.013)
0.649 (0.011)

0.609 (0.013)

[Table S13in text]
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Table 3.15. Candidate genes for discrete ecoregion multivariate envGWAS in Red Angus cattle. Lead SNP in envGWAS peak is
reported along with nearest plausible candidate genes (provided < 250 kb from lead SNP). If association was also identified in

univariate analysis, it is reported. Potentially adaptive associations are reported along with references.

Univariate Univariate
Nearest Candidate Continuous Ecoregion  Candidate Gene
CHR POS Gene(s) (Distance) Association Association  Adaptive Associations  Reference
2 7,571,508 DIRC1 (110.3 kb), Multivariate, FM Sweep region (human),  [17,151,152]
COLBA2 (212.7 kb) Temperature blood pressure (human)
2 25,519,381 GORASP2 (4.47 kb) N/A AP Adaptive signature (fish) [153]
4 43,928,337 MAGI2 (within) N/A UMWNE Selection signature, [154,155]
imprinted (cattle)
5 59,498,938 LOC788524 (OR9K2) N/A FM Olfactory receptor [156]
(1.42 kb) [Olfactory cluster, selection
cluster] signature (bison)
6 96,217,506 RASGEF1B (within) N/A HP Immune function, [157,158]
adaptation signature
(human), Response to
viral infections.
8 84,146,584 CENPP (within) N/A N/A African cattle CNV, [159,160]

hypoxia (human)

12 58,438,020 N/A N/A N/A


https://paperpile.com/c/nQfGtx/cvpu+IWG3n+BgfoW
https://paperpile.com/c/nQfGtx/XWMHp
https://paperpile.com/c/nQfGtx/Vvth0+XKN9Z
https://paperpile.com/c/nQfGtx/un275
https://paperpile.com/c/nQfGtx/c7bFp+PlTis
https://paperpile.com/c/nQfGtx/0eofl+QO6Rf

1A

13

13

22

23

24

24

25

25

26

75,784,164

81,716,869

48,873,180

1,768,070

10,628,280

62,228,300

26,511,450

35,085,041

34,432,722

ZMYNDS8 (within)

PFDN4 (71.97 kb)
DUSP7 (40.83 kb)

CDH7 (151.7 kb)
LOC100298064
(HAVCR1) (15.2kb)
SPN (CD43) (within)

CUX1 (67.8 kb)

ADRBL1 (81.5 kb)

N/A

MV

N/A

Multivariate

Temperature

HP

AP, FM
AP

AP

SE

N/A

Immune function, DNA
damage repair

Dermatitis (humans)

Heat stress/sperm
motility (cattle),
Stress response

Developmental
processes

Immune function

MHC-Class I, Immune
response (cattle)

Hair phenotype (goats,
mice)

Selection (sporting
dogs), climate
adaptation (lizards)

[161,162]

[163]
[164,165]

[166]

[167]

[168]

[100,101]

[169,170]

[Table S14 in text]


https://paperpile.com/c/nQfGtx/ilfCQ+s8tHR
https://paperpile.com/c/nQfGtx/S5c7V
https://paperpile.com/c/nQfGtx/sY4ua+Jhsz8
https://paperpile.com/c/nQfGtx/CgZSS
https://paperpile.com/c/nQfGtx/qH4Aq
https://paperpile.com/c/nQfGtx/lQxVD
https://paperpile.com/c/nQfGtx/wSsUZ+NFQBO
https://paperpile.com/c/nQfGtx/fnkrm+47Uls

Table 3.16. envGWAS significant SNPs and candidate genes. SNPs were significant
when p < 1x107 . Candidate genes are genes within < 10 kb of significant envGWAS
SNPs. We report significant SNPs from all univariate and multivariate analyses for both
continuous environmental variables and discrete environments in Red Angus, Simmental,

and Gelbvieh populations.

https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK7I1KI3-hU-

Im8n/view?usp=sharing

[Table S15 in text] [Tab S15 in above linked spreadsheet]
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https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK7IKI3-hU-Im8n/view?usp=sharing
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Table 3.17. Candidate genes identified in multivariate envGWAS analyses using continuous environmental attributes as

dependent variables. Chromosome and genomic positions are for lead SNP in peak. Closest gene is identified as a candidate (if < 250

kb from lead SNP).

Univariate
Nearest Annotated association
CHR POS Gene (Distance) (if p < 1x10®) Adaptation- related associations  References Breed(s)
2 7,571,508 DIRC1 (110.3 kb), Temperature Sweep region (human), blood [17,151] RAN
COL5A2 (212.7 kb) pressure (human)
2 16,014,918 No genes < 200 kb Temperature RAN
4 32,945,494 ABCB1 (within) Temperature Drug resistance, human adaptation, [171-173] RAN
cattle health traits
5 6,551,121 E2F7 (68.592 kb) Body weight, bone density [174,175] RAN
(human)
6 57,392,860 TBC1D1 (within) Selection (cattle, chickens), body [176-182] RAN
size (chickens, mice), immune
traits (lymphocytes, etc.), obesity
(humans)
7 106,527,874  EFNAS (within) Precipitation RAN
10 69,692,497 AP5M1 (within) Selection (humans) [183] RAN
10 84,307,302 DPF3 (within) Precipitation RAN
15 2,232,970 GRIA4 (within) Elevation Cold tolerance (cattle) [184] RAN
15 71,402,156 LRRCA4C (within) Altitude adaptation (humans) [185] RAN


https://paperpile.com/c/nQfGtx/cvpu+IWG3n
https://paperpile.com/c/nQfGtx/OXl99+F0w9Z+syTyi
https://paperpile.com/c/nQfGtx/SxEnI+hYLsF
https://paperpile.com/c/nQfGtx/sR5K9+WEv1d+iiQvW+B0MPh+A9d6z+mqtsr+erRJm
https://paperpile.com/c/nQfGtx/xiA2w
https://paperpile.com/c/nQfGtx/X9xBX
https://paperpile.com/c/nQfGtx/BUJhc

8¢T

22

22

24

24

25

25

28

29

10

4,815,225

5,297,061

10,628,280

35,718,635

35,085,041

39,464,325

28,979,090

44,555,972

26,621,249

134,777,473

2,966,062

64,286,414

16,366,200

RBMSS3 (156.7 kb)

GADL1 (within)

CDH7 (150.58 kb)

ADCYAP1 (14.3 kb)

CUX1 (67.8 kb)

LOC101904513

PLA2G12B (16.0 kb)

BBS1 (within)

ROBO1 (within)

CEP63 (within)

UCK2 (18.65 kb)

ENSBTAG00000054262

KIF23 (24.83 kb)

Precipitation

Precipitation

Temperature and
Elevation

Tropical adaptation (humans),
Sweep region (humans),
Pleiotropic QTL (cattle)

Associated with climate variables
in Mediterranean cattle, blood
metabolites, human adaptation

Circadian rhythm (birds),
chronotype (humans)

Hair phenotypes (goats, mice)

NncRNA

Local adaptation (humans)

Obesity, energy homeostasis
(human)

Neuron development (dogs, cattle,
pigs), selection signature (cattle),
sporting dogs, temperature
acclimation (pigs)

Height (human), thermal
adaptation (fish)

Osmoregulation (fish), disease
response (cattle)

INcRNA

Hepatic function (cattle)

[17,186,187]

[188-190]

[191-193]

[100,101]

[194,195]

[107,108,196]

[109,155,169,

197]

[198,199]

[200,201]

[202,203]

RAN

RAN

RAN

RAN

RAN

RAN

RAN

RAN

SIM

SIM

SIM

SIM

SIM


https://paperpile.com/c/nQfGtx/trGoD+cvpu+k1Xki
https://paperpile.com/c/nQfGtx/2jqFr+gjidS+I92DQ
https://paperpile.com/c/nQfGtx/Q12D3+XHr4f+rcGtw
https://paperpile.com/c/nQfGtx/wSsUZ+NFQBO
https://paperpile.com/c/nQfGtx/UGeA4+42Yje
https://paperpile.com/c/nQfGtx/tz6dL+Mvwll+0eOgG
https://paperpile.com/c/nQfGtx/fnkrm+XKN9Z+mI38M+d0qAW
https://paperpile.com/c/nQfGtx/fnkrm+XKN9Z+mI38M+d0qAW
https://paperpile.com/c/nQfGtx/joLGw+1OtKh
https://paperpile.com/c/nQfGtx/B0Wj4+hugoH
https://paperpile.com/c/nQfGtx/LTa7j+trIlx

6¢1

17

20

23

26

28

29

11

14

23

25

51,685,973

54,365,387

1,768,070

34,125,126

640,998

36,766,544

116,117,760

65,627,833

35,457,854

95,515,907
81,911,781

73,663,377

1,760,296

663,051

LOC100847522 (88.07
kb)

LOC782044

NRAP (within)

RHOU (56.34 kb)

LOC112444895 (137.67
kb)

SPHKAP (within)

ADGRL4 (39.34 kb)

SEMAS3D (within)

LOC785077 (30.81 kb)
FAMA49A (26.09 kb)

CALB1 (within)

LOC782044 (17.22 kb)

LOC531296
(within)/MSLN

Precipitation,
Elevation

Precipitation,
Elevation

Elevation

Precipitation,
Elevation

Elevation

Temperature

Precipitation
Temperature

Elevation

Temperature

ncRNA

Meat traits (cattle), under selection
in Eastern Finncattle, neuron

development

NncRNA

Insulin secretion, kidney disease

susceptibility (human)

Calving ease, neuron/axon

guidance

Selection signature (pigs)

Feed intake (cattle)

[204-206]

[207,208]

[209-211]

[212]

[149]

SIM

SIM

SIM

SIM

SIM

SIM

GEL

GEL

GEL

GEL
GEL

GEL

GEL

GEL



https://paperpile.com/c/nQfGtx/Iziy9+XzizP+aUXlp
https://paperpile.com/c/nQfGtx/exUIp+9YXhZ
https://paperpile.com/c/nQfGtx/ht3GJ+7K4Hn+eIqqN
https://paperpile.com/c/nQfGtx/060xn
https://paperpile.com/c/nQfGtx/XA5xg

Table 3.18. Gene enrichment analysis of envGWAS candidate genes in Red Angus,
Simmental, and Gelbvieh populations. Candidate genes were annotated genes < 10 kb
to significant envGWAS SNPs (p-value < 1x107). A single gene list for each breed was
generated using significant SNPs from all combinations of univariate/multivariate,
continuous/discrete envGWAS. Significant (FDR-corrected p-values < 0.1) KEGG

pathways and GO biological processes are reported, along with the associated genes.

https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK71KI3-hU-

Im8n/view?usp=sharing

[Table S17 in text] [Tab S17 in above linked spreadsheet]
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Table 3.19. TissueEnrich analysis using envGWAS gene sets from Red Angus,
Simmental, and Gelbvieh populations. TSEA from TissueEnrich software using
Human Protein Atlas gene expression data. Enrichment analysis carried out for candidate
genes within 10 kb of significant envGWAS SNPs. For each test, we report the number
of tissue specific genes, their average fold change, and the FDR-corrected logio p-value

for tissue enriched expression.

https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK71KI13-hU-

Im8n/view?usp=sharing

[Table S18 in text] [Tab S18 in linked spreadsheet above]
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https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK7IKI3-hU-Im8n/view?usp=sharing

Table 3.20. Tissue enrichment analysis results from envGWAS gene sets in Red
Angus, Simmental, and Gelbvieh populations using the pSI R package and human
GTEX expression data. Enrichment significance values for four specificity index
thresholds (pSl) of 25 human tissues types. Each combination of stringency for
enrichment (pSl) and tissue reports a p-value for Fisher’s Exact Test and a Benjamini
Hochberg corrected p-value reported in parentheses. Tissue-gene-set combinations that
are significant (Benjamini-Hochberg p-value < 0.1) are highlighted in red, those that are

suggestive (raw p-value < 0.1) are highlighted in green.

https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK71KI13-hU-

Im8n/view?usp=sharing

[Table S19 in text] [Tab S19 in above linked spreadsheet]
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Table 3.21. Brain region and cell-type enrichment analysis results from envGWAS
gene sets in Red Angus, Simmental, and Gelbvieh populations using the pSI R
package with expression data from the Allen Brain Atlas. Enrichment significance
values for four specificity index thresholds (pSl) of six brain regions and 35 brain cell
types. Each combination of stringency for enrichment (pSl) and brain region/cell type
reports a p-value for Fisher’s Exact Test and a Benjamini Hochberg corrected p-value
reported in parentheses. Combinations that are significant (Benjamini-Hochberg p-value
< 0.1) are highlighted in red, those that are suggestive (raw p-value < 0.1) are highlighted

in green.

https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK71KI13-hU-

Im8n/view?usp=sharing

[Table S20 in text] [Tab S20 in above linked spreadsheet]
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Table 3.22. Cell-type specific expression of homologous C. elegans genes derived
from envGWAS candidate gene lists of Red Angus, Simmental, and Gelbvieh
populations. C. elegans gene homologs were generated from Ortholist2, requiring that
genes be present in at least three data sources to be included in enrichment analysis. For
each breed’s gene list, we include a list of worm tissues with significant enrichment of

listed genes (g-value < 0.1).

https://drive.google.com/file/d/1ZMVEYhND9WmvvrBhbyK71KI13-hU-

Im8n/view?usp=sharing

[Table S21 in text] [Tab S21 in above linked spreadsheet]
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SUPPLEMENTARY TEXT

Motivation for mapping polygenic selection

Though the first cattle genotyping assay was developed just over a decade ago
[80], influential individuals from deep within the pedigree have been genotyped,
providing a temporal distribution of samples at least ten generations deep for most
numerically large breeds. Under directional selection, alleles will be at significantly
different frequencies in more recent generations compared with distant ones. This creates
a statistical association between allele frequencies at a selected locus and an individual’s
generation number. With multiple generations sampled and genotyped, we can
disentangle small shifts in allele frequency due to directional selection from stochastic
small changes from drift. Historical selective sweeps on simple traits in many species,
including cattle, has been successfully studied, but recent and ongoing selection for
complex traits is more difficult to characterize. Most methods used to identify selection
rely on allele frequency differences between diverged populations (e.g. Fst, FLK, XP-
CLR) [213-215], or on the disruption of normal LD patterns (iHS, EHH, etc.) [216-218].
In cattle, these methods have successfully identified genomic regions under selection that
control a handful of Mendelian and simple traits like coat color, the absence of horns, or
large-effect genes involved in domestication [18,219-221] [77,155,176][18,219-221].

However, the traits actively under the strongest selection pressure in cattle are
highly complex. This means that genomic changes due to selection are more likely to be
subtle shifts (polygenic selection) at many loci rather than selective sweeps. Cattle

producers are selecting on various combinations of growth, maternal, and carcass traits,
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https://paperpile.com/c/nQfGtx/PPHO
https://paperpile.com/c/nQfGtx/cl5f1+un50d+vj5g1
https://paperpile.com/c/nQfGtx/VwXUQ+bXwNT+25zF8
https://paperpile.com/c/nQfGtx/su7ax+4pRP+3FFI6+a2qdn
https://paperpile.com/c/nQfGtx/bXQ68+sR5K9+XKN9Z
https://paperpile.com/c/nQfGtx/su7ax+4pRP+3FFI6+a2qdn

but the genomic changes that result from this selection are not well-understood.
Numerous genome-wide association studies have been undertaken on individual traits,
but do not say anything about the underlying genomic changes that populations are
experiencing. Our method, Generation Proxy Selection Mapping (GPSM) searches for
allele frequency changes in a trait-agnostic manner by identifying statistical associations
with an individual’s generation (or some proxy). Cattle registered in herdbooks have
recorded birth dates, making it a logical generation proxy to fit as the dependent variable
in a linear mixed model (LMM)[13]. Generally, registered cattle populations have high
levels of relatedness. Using a linear mixed model approach explicitly controls for
confounding family and population structure with a genomic relationship matrix [3]. This
allows GPSM to detect recent and ongoing polygenic selection within homogeneous

populations (like breeds or smaller related groups).

Motivation for mapping local adaptation

Beef cattle are one of the few livestock species in the United States whose
production environments remain largely unaltered by humans. Cattle are distributed
across almost every possible environment in the continental United States [222], and
virtually none are raised in controlled confinement like pigs or chickens. Local adaptation
and genotype-by-environment (GXE) interactions exist in closely related cattle
populations [223,224]. Previous work has identified the presence of extensive GXE in
beef cattle populations [29,30,32,33,225], but limited work exploring the genomic basis

of local adaptation has occurred [226].
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https://paperpile.com/c/nQfGtx/Ovhl
https://paperpile.com/c/nQfGtx/Qoad
https://paperpile.com/c/nQfGtx/98aBB
https://paperpile.com/c/nQfGtx/yRhaQ+Or8HB
https://paperpile.com/c/nQfGtx/oWxL+rqPmS+zpTy+ex76+0Avc
https://paperpile.com/c/nQfGtx/fxtFA

Local adaptation has driven the development of environmentally adapted breeds
and populations of cattle around the world. Well-adapted animals better express their
genetic potential in their local environment, and thus are more likely to be selected as
parents than their poorly-adapted counterparts. This leads to changes in allele frequency
at loci that modulate adaptation in this local population compared to the full population.
In the past 30 years, the use of artificial insemination has increased in U.S. beef cattle
populations. This technology has allowed elite germplasm to be propagated ubiquitously
across environments and has led to dramatic increases in production efficiency. However,
as a consequence has made populations more homogeneous. We are interested in
identifying whether detectable allele frequency differences exist between environments,
and how human-imposed selection and mating has changed the magnitude of these
differences.

To identify genomic regions potentially contributing to local adaptation, we used
continuous environmental variables as quantitative phenotypes or discrete ecoregions as
case-control phenotypes in a linear mixed model framework. We refer to these
approaches as “environmental genome-wide association studies”, or envGWAS. Using a
genomic relationship matrix in a LMM allows us to control the high levels of relatedness
between spatially close individuals, and more confidently identify true signatures of local
adaptation. This method builds on the theory of the Bayenv approach from Coop et al.
(2010) [36,94] that uses allele frequency correlations along environmental gradients to
identify potential local adaptation. Using genome-wide LMMs allowed us to extend the

Bayenv method to extremely large datasets (eventually hundreds of thousands of animals
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with millions of SNPs). A GWAS model in conjunction with a GRM controls for cryptic
family and population structure that frequently obscures these studies.

We use two definitions of environmental dependent variables in our envGWAS
studies. First, we directly fit 30-year normal values for temperature, precipitation, and
elevation for the zip code attached to a genotyped animal. Additionally, we create 9
discrete statistically-derived ecoregions based on K-means clustering of these three
environmental variables. Using discrete environments as dependent variables in a case-
control manner allows us to capture unique combinations of these three measures of
environment. These regions recapitulate known production environment differences for
beef cattle. For instance, the “Fescue Belt”, the region of the US where tall fescue
(Festuca arundinacea) is the most common forage, is almost perfectly defined using only
these three environmental variables. Fescue is a major source of forage, but harbors a
fungal endophyte, Epichloé coenophiala, that produces ergot alkaloids that cause
multiple physiological challenges for cattle that graze it [28]. Beyond fescue’s
endophytes, we know that local and regional parasite and pathogen loads differ [227],
and we anticipate that using these discrete definitions of climate will serve as a proxy for

these and similar environmental and ecological phenomena.

Simulations

To ensure that GPSM signal detected in our three real datasets was being driven
by selection and not genetic drift, we performed two major sets of simulations, stochastic
and gene drop. First, we performed a set of stochastic simulations to demonstrate how

selection in the context of different effective population sizes, selection intensities,
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generational sampling, and genomic architectures produce GPSM signal. In each test
case, using the same starting population, we perform parallel regimes of selection; one
where the selection of parents is random, and the other where selection is based on an
animal’s true breeding value. In the random selection regime, we expect drift would be
the sole driver of allele frequency changes.

Second, we performed multi-locus gene dropping simulations with a full pedigree
containing the 63,122 registered animals related to the 15,323 genotyped purebred Red
Angus individuals to test whether drift in the context of biased sampling could produce a
GPSM signal. Additionally, we used these same gene drop experiments, but with
continuous environmental phenotypes to test whether genetic drift can create significant
envGWAS associations (. However, this simulation cannot distinguish between drift,
pedigree structure, and founder effects. This is a function of only elite, influential sires
having cryopreserved semen available for genotyping. Further, early in the
implementation of genomic prediction in the beef industry, high ranking animals were
preferentially genotyped.

All simulations were performed in AlphaSimR [228]. Stochastic simulations were
performed in 10 replicate sets using 10 sets of founder haplotypes as starting points. We
generated founder haplotypes using the AlphaSimR wrapper around MaCS [229]. Using
an approximation of the demographic history of cattle, we simulated 10 chromosomes
with 20,000 segregating sites each for 2,000 founder individuals (1,000 males and 1,000
females). This resulted in a starting effective population size (N¢) of approximately 100,
similar to estimates of U.S. beef cattle populations [13]. To test other Ne, we simulated

populations with effective population sizes of 50 and 250. Based on the chosen genomic
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architecture, 1000, 500, or 200 purely additive QTL were randomly assigned to
segregating sites. Effect sizes for simulated QTL were drawn from either a normal (mean
=0, variance = 1) or a gamma (shape = 0.42) distribution [230]. Prior to the two
divergent selection regimes, we performed five generations of burn-in selection to
establish LD in our populations.

After burn-in (generation 0), we performed selection of parents for the next
generation in two parallel manners: randomly or truncation selection on true breeding
value. In each scenario, we held the effective population size by selecting appropriate
numbers of males and females to be parents each generation. Selection intensity was
altered by increasing or decreasing the number of crosses performed (1000, 2000, 4000,
8000). We also varied the number of generations of selection post-burn-in (20, 10, and 5
generations). For each scenario, we extracted 10,000 total simulated individuals for
analysis in GPSM. To test the effects of uneven generation sampling that we see in real
data, we performed two different strategies for sampling simulated genomes. In one case,
we sample an equal number of individuals each generation. In the other, we sample more
animals from the most recent generations. The number of sampled individuals is based on
a negative exponential distribution that approximates the of ages observed in our real
datasets (Fig S1). Sampled individuals were chosen at random, and were not more or less
likely to become parents in the next generation. In addition to sampling genotypes each
generation, we calculated the allele frequency of simulated QTL each generation to track
observed allele frequency changes over the course of selection. This process was
performed in replicates of 10 for each scenario, allowing us to calculate descriptive

statistics and compare GPSM’s performance across scenarios.
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After sampling genotypes, we created a standardized genomic relationship matrix
(GRM) in GEMMA (v0.98.1) with all SNPs that had a MAF > 0.01. Using GEMMA, we
fit the individuals’ true generation number as the dependent variable in a genome-wide
linear mixed model. Outputs from GPSM were read, manipulated, and plotted in R using
multiple tidyverse packages [231].

Stochastic simulations under multiple selection intensities, time periods, and trait
architectures showed consistently that GPSM is able to map polygenic selection (Table
S2). Across all simulated scenarios and architectures, we identify an average of 38.5
simulated QTL (min 5.2, max 64.1) with GPSM. In many of these scenarios, we observe
that significant hits are not the largest effect simulated QTL, but the loci that have
undergone the greatest allele frequency shifts over the course of genotype sampling. In
many cases the largest effect QTL had been fixed in the population during burn-ins,
making their detection by GPSM impossible. GPSM’s ability to detect selection relies on
the selection occurring during the period of sampling.

Simulations also suggest that GPSM is able to effectively distinguish allele
frequency changes due to selection from those associated with drift. Across 10 replicates
of 36 scenarios of random selection, we detect an average of only 0.7 GPSM false
positive SNPs (sd = 0.85). These rare false positives do not appear to be driven by
changes in any single component of the simulations.

We simulated haplotypes in MaCS for our 5,223 founder individuals. Founder
haplotypes spanned 10 chromosomes, each with 20,000 segregating sites for a total of

200,000 SNPs. These founder haplotypes were then randomly dropped through the Red
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Angus pedigree, restricted to ancestors of genotyped individuals, in a Mendelian fashion,
with recombinations occurring at a rate of one crossover per Mb.

Gene dropping simulations using the Red Angus pedigree generated an average of
6.7 (sd = 4.14) significant GPSM SNPs per 200K markers tested, equating to what would
be ~27 markers in our 850K data (Table S1). These SNPs represent, on average 3.9 (sd =
1.37) genomic regions per 200K SNPs. This means that pedigree structure is responsible
for a small portion of the significant SNPs that we detect in our real datasets. That said,
the pedigree structure of these cattle populations is largely created through directional
selection over time, meaning that we cannot completely disentangle the drift and
selection components here. Further, these 27 markers would make up ~ 10% of the total
GPSM SNPs identified in the Red Angus dataset, suggesting that selection pressure
independent of nonrandom sampling is generating the majority of observed GPSM

signals.

GPSM detects signatures of polygenic selection across and within three populations of

U.S. Beef Cattle

In addition to the locus undergoing a massive allele frequency shift on BTA28
(lead SNP rs1762920), we identify 6 other loci under selection in all three populations.
(Table S7). These shared GPSM signals suggest that not only are there similar selection
pressures, but common genomic architectures under selection in these three populations .
While we identify significantly more population-specific GPSM signatures, shared

signatures are of interest as they are likely serving an important role in all breeds of beef
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cattle. We discuss these loci and their potential functions in beef cattle that are driving
allele frequency changes.

The largest genomic region detected by GPSM lies at the end of BTA1 (157.5 Mb
- 158.5 Mb). The lead SNP in this peak (rs1755753) lies within the long non-coding
RNA (IncRNA) LOC112448253. This IncRNA has not been previously associated with
any traits or function in cattle. This region contains dozens of other potential candidate
genes. This selected region is also immediately upstream of PRDM9, a modulator of
recombination in most mammalian species, including cattle [87,232,233]. While no
variants within PRDM9 reach genome-wide significance, variants ~10.7 kb from the TSS
are responding to selection. Selection on PRDM9 could increase average recombination
rate or allow novel motif binding in order to create novel favorable haplotype
combinations [234].

We identified six other common genomic regions under strong selection in all
three populations, encompassing 106 statistically significant markers. Another 90 SNPs
overlap in at least two populations, corresponding to 15 additional genomic regions under
selection (Table S7). All three populations have been selected for increased growth traits
over the last 50 years [84], and GPSM identifies two genomic regions that have been
previously associated with feed efficiency and growth traits. The common peak on
BTA12 (lead SNP rs1389713) is ~182 kb upstream of the DACH1 (Dachshund homolog
1), a transcription factor associated with post-weaning gain, various indicators of feed
efficiency [139,235], and backfat thickness [236] in cattle. The shared GPSM peak on
BTAL14 resides near a known QTL for post-weaning gain near the gene LRP12 (LDL

receptor related protein 12) [53].
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In addition to selection on loci that appear directly involved in growth and
efficiency, we identify multiple selection targets likely involved in aspects of immune
function. A shared significant peak on BTA2 (lead SNP rs1080110) resides within the
ARHGAP15 gene (Rho GTPase Activating Protein 15) that is essential for
Trypanosomiasis resistance in African cattle populations [136-138]. Though
Trypanosomiasis and other tsetse fly-transmitted diseases are restricted to Africa, genetic
tolerance to similar immune disturbances may account for the positive selection observed
in these three American cattle populations. Variants within ADORAL (Adenosine Al
Receptor) are also detected as being under selection by GPSM. In cattle, ADORAL plays
a role in the activation of polymorphonuclear neutrophilic leukocytes, which are
important for peripartial immune responses in cattle [141], and likely play roles in other
immune functions. ADORAL and other purinergic receptors play an important role in
bone metabolism [237] and likely growth in cattle. This signature within ADORAL also
spans a potentially regulatory region for MYBPH, an important gene in muscle formation
and development, and another potential target of selection [142]. In this case and others,
we identify multiple logical candidate genes within regions undergoing selection. We
report a complete listing of significant SNPs and candidate genes from GPSM analyses of
each population in (Table S5).

We observe 22 genomic regions that are changing in frequency in at least two of
our datasets. In addition to these shared loci, we identify evidence of shared networks and
genetic architectures under selection (Table S8). To discern common biological
pathways and processes under selection across multiple populations, we identified genes

within 10 kb of SNPs identified by GPSM in at least two populations and performed a
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gene enrichment analysis in ClueGO. Using the 46 genes residing in or near the 29 shared
GPSM signatures identified by at least two datasets identified multiple biological
processes undergoing selection. The most significant pathways involved G-protein
coupled signaling (Benjamini—Hochberg adjusted p-value = 0.038) and purinergic
receptor signaling pathways (Benjamini—Hochberg adjusted p-value = 0.034, associated
genes ADORAL and P2RY8). Purinergic receptors have been identified as important
drivers of immune responses in cattle [141]. Selection on immune pathways is likely
driven by the increased production efficiency of healthy calves [85,238]. Shared selection
on SLC2A5 and BIRCS5 point towards biological pathways involved in sensing
carbohydrate, hexose, and monosaccharide stimuli (Benjamini-Hochberg adjusted p-
value = 0.01). We also expect that an enhanced metabolic response to carbohydrates
would result in increased animal efficiency. Finally, genes involved in the regulation of
arterial blood pressure (Benjamini—Hochberg adjusted p-value = 0.045: ADORAL,
SLC2A5) made up the lone other significant gene class under selection across all three
populations. Gene enrichment analysis within populations also identified population-
specific pathways and processes under selection. In Simmental cattle we detect 23 GPSM
candidate genes involved in olfactory transduction. While not related directly to growth
traits, olfactory receptors have been identified as selection targets in many mammalian
species, including cattle [156,176,239]. This rapidly-evolving class of genes is also
associated with growth and carcass traits, suggesting a wide range of functions that are

not limited to detecting smell [53,240].

Principal Component Analysis
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While we expect modest allele frequency differences in these populations, we
assume that they are largely panmictic due to extensive gene flow via artificial
insemination. We performed a principal component analysis (PCA) in each dataset to
make sure that existing population structure is not driven by ecoregion-of-origin. We see
minimal evidence that ecoregion-of-origin is a major source of structure in these
populations (Fig S5). This suggests that genetic variation is significantly greater within
ecoregions than between. This is in contrast with the estimates of genetic variation
explained by environment (Table S12-S13). Taken together, we observe that these
populations are largely panmictic, but still have genetic associations with the
environment. Some of these environmental associations are driven by family relatedness,
but others are strong even after accounting for familial relationships with a genomic

relationship matrix (envGWAS signatures).

envGWAS identifies adaptive pathways and processes.

Local adaptation is likely highly complex and controlled by many areas of the
genome. Though we detected minimal overlap in candidate genes across datasets, we
identified multiple conserved biological processes and pathways that appear to play roles
in local adaptation across populations.

Though there was minimal candidate gene overlap between continuous and
discrete envGWAS (19 of 187 total envGWAS candidate genes in Red Angus), we
identified many shared pathways and gene ontologies. In most cases where we observed
GO or pathway overlap, statistical significance was greater for the discrete envGWAS

analysis, simply due to the difference in number of provided genes (168 vs 38). Most of
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the shared terms and pathways were driven by the genes BAD, EFNA5, LRRCA4C,
MARK?2, PLCB3, and PRKG2 detected in both analyses. In these overlapping terms,
additional genes from the discrete zone envGWAS further supplemented the identified
terms.

We performed gene enrichment analyses with gene lists from all univariate and
multivariate, discrete and continuous envGWAS analysis in each population. This
allowed sufficiently large gene lists to identify potentially adaptive pathways and
processes. We were particularly interested in identifying shared pathways and processes
between populations since the number of shared genomic regions was low. Across all
three populations, we consistently identified the “axon guidance” pathway, and numerous
GO terms relating to axon development and guidance under region-specific selection. Ai
et al. (2015) [109] suggested that axon development and migration in the central nervous
system is essential for the maintenance of homeostatic temperatures by modulating heat
loss or production [241]. The direction and organization of axons is an essential
component of the olfactory system which is frequently implicated in environmental
adaptation through the recognition of local environmental cues [17,242]. Other pathways
identified across all three datasets include “cholinergic synapse”, “glutamatergic
synapse”, and “platelet activation”. Cholinergic signaling drives cutaneous vascular
responses to heat stress in humans [243-245]. Additionally, cholinergic receptors act as
the major neural driver of sweating in humans [246]. Glutamatergic synapses are
involved in neural vasoconstriction [247,248]. “Retrograde endocannabinoid signaling”,
“dopaminergic synapse”, “GABAergic synapse”, and “serotonergic synapse” pathways

are also significantly enriched by envGWAS candidate genes. Nearly all of these
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important neural signaling pathways are also enriched in a series of gene-by-environment
interaction GWAS for birth weight, weaning weight, and yearling weight in Simmental
cattle by [33]. Taken together, these results suggest that pathways involved in neuron
development and neurotransmission are essential components of local adaptation in
cattle. Temperature homeostasis is largely controlled by the central nervous system [110],
making environment-specific selection on these pathways an efficient way for
populations to adapt.

Other pathways identified by envGWAS appear to play important roles in
vasodilation and vasoconstriction. Relaxin signaling was identified in both Red Angus
and Simmental populations as a locally adaptive pathway under selection. Relaxin,
initially identified as a pregnancy-related hormone, is an important modulator of
vasodilation [249]. In Simmental this pathway association originates from local
adaptation signatures near the genes COL1A1, MAPK10, and PRKACA identified both in
our discrete multivariate envGWAS and in the Desert ecoregion univariate analysis.
Relaxin signaling was also identified in Red Angus, but with four entirely different genes
(LOC529425, PLCB3, PRKACB, VEGFB). While all four of the Red Angus genes were
identified in multivariate analyses, we identify two of them in the Desert ecoregion
univariate envGWAS. Vasodilation is an essential component of physiological
temperature adaptation in cattle and other species [111,250,251]. The ability to mount a
physiological response to heat stress has a direct impact on cattle performance. Heat
stressed cattle have decreased feed intake, slower growth rates, and decreased fertility
[252]. The Renin secretion pathway, which is also directly involved in vasoconstriction

was identified in Red Angus (ADRB1, PLCB3, PRKACB, PRKG2), and has also been
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previously implicated in physiological responses to heat stress in cattle [253]. In each
population we identify multiple biological processes related to the regulation of insulin
secretion. Insulin secretion is elevated in heat stressed cattle [254] and pigs [255],
suggesting that it plays a role in metabolism and thermoregulation. Insulin secretion in
response to the presence of glucose may also be related to different diets and forage
availability along these continuous environmental gradients [256].

Other pathways identified by envGWAS candidate genes from Simmental point
towards the immune system’s role in local adaptation. “Th1 and Th2 cell differentiation”
and “Th17 cell differentiation” were significant in a KEGG pathway analysis. The
development of these cell types is essential for adaptive immune responses [257,258].
These signals were driven in part by region-specific allele frequency differences in or
near MAPK10 an innate immunity gene identified in human studies as an adaptive target
of selection [259]. We also identify multiple cardiac-related pathways from Simmental
envGWAS genes (“Dilated cardiomyopathy”, “Arrhythmogenic right ventricular
cardiomyopathy”, “Hypertrophic cardiomyopathy”) driven by a pair of related genes
SGCA and SGCD. Like other circulatory-related pathways, the alleles driving this signal
were identified in both multivariate and Desert ecoregion envGWAS. We expect that
these cardiac-related pathways, like renin secretion and relaxin signaling affect the
efficiency of circulation and improved temperature homeostasis when exposed to heat or

cold stress. Selection on cardiovascular function is also likely a central component of

adaptation to high altitude [260].

Tissue Set Enrichment Analysis
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To further disentangle the biological basis of GPSM and envGWAS adaptive
signatures, we performed a series of Tissue Set Enrichment Analyses (TSEA) based on
gene expression data from humans and worms (C. elegans). These analyses identified
tissues in which our envGWAS candidate genes were preferentially expressed. Our
candidate gene lists for each population consisted of annotated cattle genes within 10 kb
of a significant GPSM SNPs or SNPs identified in any of our multivariate or univariate
envGWAS analysis. In using expression data from other species, non-orthologous cattle
genes are not included in enrichment analyses.

Using GPSM candidate genes in TSEA identified enriched tissues that correspond
to population-specific production traits known to be under selection. Using gene
expression measures from the GTEX pilot dataset [131] in the pSI R package [132] we
identify suggestive enriched expression in various reproductive-related tissues from the
Red Angus GPSM candidate gene set. We observe suggestive enrichments (p < 0.1) for
human breast, ovary, pituitary, and uterus tissues (Table S9-S10) among others. An
analysis of this gene list with gene expression data from the Human Protein Atlas also
identified significantly enriched expression in cervix, uterus, and brain tissues (FDR-
corrected p-value < 0.1) and suggestive expression fold change in the ovary. These
results provide further evidence that selection on fertility and reproductive traits have
been ongoing in the Red Angus population over the last ~10 generations (Red Angus

Association of America EPD trends https://redanqus.org/genetics/epd-trends/). Further,

using Gelbvieh GPSM candidate gene sets, we identify enriched expression in numerous
tissues including skeletal muscle, nerve, thyroid and adipose tissue. These enriched

tissues align with known ongoing selection for increased growth and carcass quality.
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Despite the numerous enriched pathways and processes from the Simmental GPSM gene
lists, we identified minimal tissue-specific expression. We did not identify significant or
suggestive tissue enrichments in the Simmental GPSM gene set using the Human Protein
Atlas in TissueEnrich. Uterine tissue was the only tissue showing suggestive enrichment.
Pathway analyses of envGWAS candidate gene sets in all three populations pointed
towards a role in neural development and signaling in modulating adaptation. We used
TSEA in humans and C. elegans to provide further evidence of brain and nervous system
tissues involvement in environmental adaptation. Using C. elegans tissues allowed us to
refine the expression of conserved genes to individual neuron resolution. Using gene
expression data from the Human Protein Atlas in the TissueEnrich software, we identify
the cerebral cortex to be the lone significant tissue among our candidate gene sets from
Red Angus and Gelbvieh envGWAS analyses (Table S18-S19). These results agreed
with TSEA using GTEx data. Despite identifying similar neural pathways in the
Simmental population, we did not observe enriched expression in brain tissue in either
human TSEA.

To further probe the specific brain regions expressing envGWAS candidate genes,
we performed a brain-specific expression enrichment analysis using the pSI tool with
human brain expression data from BrainSpan and the Allen Brain Atlas [261]. Complete
results are reported in Supplementary Tables 20-21. The only brain region significantly
enriched for envGWAS candidate genes was the cortex in Simmental (p = 1.525x10%).
Interestingly, Simmental was the only population in which Brain tissue did not show
enriched expression in the GTEXx data. The envGWAS candidate genes from Red Angus

and Gelbvieh showed suggestive enrichments in expression in the Cerebellum (p = 0.096)
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and Striatum, respectively (p = 0.059). While some suggestive cell-type specific
expression differences existed with each gene list, we did not observe any tissues with

conserved expression across populations.

GPSM meta-analysis identifies loci responding to selection in an ecoregion-specific

manner.

We use a combination of our discrete ecoregions and GPSM to identify region-
specific signatures of selection. This approach draws on the GXE interpretation of
metaGWAS analyses from Kang et al. (2014) [262], where a heterogeneity of effect sizes
at a locus between “treatments”, or in our case ecoregions, is indicative of an
environment-specific association. This analysis identified variants undergoing region-
specific changes in allele frequency. If selection on locally adaptive variants is ongoing,
we would expect this analysis to identify variants actively diverging from the population
mean in a particular ecoregon. The converse, an erosion of allele frequency differences
back to the population mean, would suggest that selection for locally adaptive variants is
not strong enough to overcome the influx of alleles from the outside population via
artificial insemination (Fig S 9-11). We performed a meta-analysis in METASOFT [124]
by incorporating individual GPSM analyses for each ecoregion with more than 1,000
sampled individuals. For each marker tested in the meta-analysis, a Cochran’s Q value is
assigned based on the heterogeneity of effects between ecoregion. Variants with high Q
values are experiencing directional selection in one or more regions and little to no
directional selection in other regions.. The test also generates within-region GPSM p-

values, an across-study p-value optimized for detecting associations in contexts of
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increased heterogeneity [124], and within-region m-values, the posterior probability that
an effect exists within that region. We perform this test for all three populations using

ecoregion cohorts with > 1,000 animals to ensure adequate sample sizes in GPSM.
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Abstract

Mapping polygenic selection on complex traits is difficult because it does not
leave clear signatures on the genome like a selective sweep. In cattle populations with
temporally-stratified genotypes, we can use genome-wide linear mixed models to identify
allelic associations with an individual’s generation (or some proxy) with the Generation
Proxy Selection Mapping (GPSM) method to identify those variants that have
experienced the greatest allele frequency changes. Here, we use GPSM on two large
datasets of beef cattle to detect associations between an animal’s generation and 11
million SNPs using imputed genotypes. Using these datasets with high power and base-
pair mapping resolution, GPSM detected a total of 1,015 unique loci actively under
selection in the Simmental and Red Angus breeds. We observed that GPSM has a high
power to detect selection in the very recent past (< 10 years), even when allele frequency
changes are relatively small. Variants identified by GPSM reside in genomic regions
associated with known breed characteristics and selection goals, such as fertility and
maternal ability in Red Angus, and carcass and coat color in Simmental. Greater than
60% of the selected loci reside in or near (<50 kb) annotated genes. Many more selected
loci overlap known epigenetic marks or genomic regions that are likely to be functional.
Selected loci have little overlap with historically selected loci identified by selective
sweep mapping methods, making it a complementary approach to sweep detection
methods when temporal genotype data are available. We demonstrate that GPSM is a
powerful strategy for understanding the genetic architectures on which polygenic

selection acts.
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Introduction

Since their initial domestication in the Fertile Crescent ~10,500 years ago [263]
cattle have been exposed to intense selection for increased tameness, production, and
fecundity leading to substantial changes in these phenotypes. While selection occurs on
phenotypes, and more recently on estimated breeding values, the phenotypic changes
generated in a population are due to changes in the trait’s underlying genotype
frequencies. Occasionally, selection on beneficial mutations of very large phenotypic
effect can lead to very rapid changes in allele frequency at a locus. The resulting
“selective sweep” not only increases the frequency of the beneficial variant, but also
reduces genetic variation in the genomic region surrounding the selected locus [16]. In
cattle populations, multiple sweeps have been mapped to genomic regions, many of
which are related to simple Mendelian traits such as polledness (the absence of horns)
[219] and coat color [155] or large-effect quantitative trait loci (QTL) influencing
production traits [77].

While sweeps at Mendelian loci have played an important role in the
domestication and improvement processes of cattle, it is becoming increasingly apparent
that the majority of both historical and ongoing selection is on highly complex traits
[264,265]. Complex traits are controlled by many mutations of relatively small effect
spread throughout the genome [266]. Under complex trait architectures, selection can
generate substantial changes to a phenotype without necessarily generating large allele
frequency shifts [21]. These modest directional allele frequency changes at selected loci
make mapping selection on polygenic traits over short timescales is difficult. However,

by leveraging large commercially-generated datasets that include influential founder
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individuals, cattle populations offer intriguing opportunities for mapping the loci exposed
to polygenic selection over time [50]. The Generation Proxy Selection Mapping (GPSM)
method uses a proxy for the number of meioses that separate an individual from the
beginning of the pedigree as the dependent variable in a genome-wide linear mixed
model to detect significant associations between generation and allele frequency [13,25].
When applied to cattle populations, it is effective at detecting subtle ongoing shifts in
allele frequency across the genome of multiple cattle populations [14].

Genome-wide association studies have motivated extensive work attempting to
dissect the genetic architecture of complex traits in many species [267]. We expect that
selection on these complex traits occurs on similarly unique architectures [21]. Here, we
expand on previous work exploring the selection landscape in cattle with one of the
largest non-human selection mapping datasets explored to date. By using sequence-
imputed genotypes for over 124,000 individuals in two beef cattle populations, we
identify subtle ongoing shifts in allele frequency due to selection at the base-pair level of
resolution. With these high-resolution data, we can discern the underlying functional
genomics on which selection acts in cattle populations. Additionally, we use subsets of
these data to explore recent and ongoing selective sweeps using both haplotype and site
frequency spectrum (SFS)-based approaches. This combination of selection mapping
approaches provides a detailed report of the genetic architectures on which strong
directional selection acts in cattle populations, and a blueprint for leveraging temporally-

distributed genotypes to understand the selection architectures of other species.
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Results

Quantitative Genetic Signals of Polygenic Selection

In each population, we used genomic restricted maximum likelihood (GREML)
[268] to estimate the proportion of variance explained (PVE) by 811,967 imputed SNPs
in various subsets of our Simmental (SIM) and Red Angus (RAN) datasets
(Supplementary Tables 1 & 2). Using an individual’s date of birth as a generation
proxy, we estimated the PVE to be 0.523 (se = 0.007) and 0.619 (SE = 0.005) in RAN (n
= 46,454) and SIM (n = 78,787), respectively). This suggests that even while controlling
for relatedness, selection makes the most recently born individuals more similar
genomically than those born at early time points. Due to the non-normality of sampled
birth dates in both datasets (Supplementary Figure 1), we observe a large divergence
from expectation in individual breeding values and residuals in GREML analyses,
particularly for the earliest born individuals (Supplementary Figure 2). To help
normalize residuals and potentially boost our power to detect selected variants, we
performed a series of transformations to birth date (Supplementary Tables 1 & 2,
Supplementary Figure 3). When using log-transformed birth date as the dependent
variable in Red Angus, PVE increased to 0.657 (se = 0.006). Using log-transformed birth
date in Simmental decreased PVE to 0.600 (se = 0.005). Other transformations and their
impacts on PVE are reported in Supplementary Tables 1 & 2.

We explored the effects of various statistical transformations on our ability to
detect GPSM signatures in Red Angus using the 811K SNP dataset. The number of
significant SNPs identified using an identical dataset, but with different statistical

transformations performed on the generation proxy provides a measure of statistical
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power. In Red Angus, we observed an increase in the number of variants detected at
multiple significance thresholds (nominal: p < 10, Bonferroni: p < 7.55x10”, and FDR-
corrected g-values < 0.1 and < 0.05). At all significance thresholds, log-transformed birth
date detected between 61% to 79% more significant SNPs and at least 12 additional
significant loci (Supplementary Table 3, Supplementary Figure 4). A GPSM analysis
using birth dates of animals born since 2012 detected almost all of the same loci one that
used log-transformed birth date (Supplementary Figure 4). The same transformations
applied to the Simmental dataset led to a reduction in the number of identified SNPs and
loci, compared to using raw birth date (Supplementary Table 4). Interestingly when
analyzing data only for animals born since 2012, GPSM identified almost all of the same
loci as did the log-transformed birth date GPSM on the full Red Angus dataset.

While the Red Angus dataset was composed of almost entirely purebred
individuals, the Simmental dataset contained large numbers of crossbred animals. The
numbers of animals with non-Simmental ancestry that have been genotyped by the breed
association have significantly increased in recent generations (Supplementary Figure 5).
Consequently, we divided the Simmental dataset into subsets based on pedigree-reported
ancestry and/or birth date. This allowed us to examine the selection that is occurring
within different subsets of the population. The PVE for birth date remained moderately
high, ranging from 0.619 (SE = 0.005) for all animals with > 5% SIM ancestry to 0.436
(SE =0.021) for animals born before 2008. A complete accounting of variance

components estimated from these subsets is in Supplementary Table 2.

Generation Proxy Selection Mapping (Red Angus)
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Based on results from the 811K GPSM analyses described above, we performed
three separate sequence-level analyses (11,759,568 imputed SNPs) in Red Angus using
birth date as the dependent variable for all individuals, for animals born before 2012, and
animals born after 2012, referred to hereafter as full Red Angus, old Red Angus, and
young Red Angus, respectively.

GPSM identified 2,914 SNPs, 9,065, and 0 SNPs (Bonferroni-corrected threshold
p < 4.29 x 10 significantly associated with birth date in the full and young Red Angus
datasets, respectively. (Figure 1). A less stringent p-value threshold of 5 x 108 identified
3,617, 10,939 and 0 SNPs associated with birth date in the full, young, and old Red
Angus datasets, respectively. The old dataset, which contained only 1,984 individuals,
was likely underpowered to detect signals of selection using GPSM. There were 3,240
SNPs identified in the full dataset that were also significant in the young Red Angus data,
a near-complete overlap. A stepwise conditional & joint analysis (COJO) [269] of these
results further refined lead SNPs in significant loci and identified additional independent
associations (COJO p < 5x108). COJO identified 248 independent associations with birth
date in the full dataset and 417 in the young dataset. Despite these datasets being largely
comprised of the same individuals and sharing a large proportion of common GPSM
SNPs, only 25 SNPs identified by COJO were shared between both datasets.

Using COJO SNPs from the sequence-level GPSM analysis, we annotated genes,
known quantitative trait loci (QTL), and other genomic features to help understand the
biological pathways and phenotypes that selection targets in these populations. In all
datasets, the majority of COJO SNPs resided within, or adjacent to (within 50 kb)

annotated genes (Table 1). Depending on the dataset, 46-56% of these genes with a clear
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positional candidate gene resided in regions immediately upstream or downstream of
transcription start sites, insinuating that a high proportion of selective pressure is on cis-
regulatory regions of the genome. A complete accounting of positional candidate genes
for COJO SNPs in the full and young Red Angus datasets is provided in Supplementary
Tables 5 & 6, respectively.

In many cases, GPSM in young Red Angus animals detects novel signatures of
recent ongoing selection that are not significant in the full dataset. Chromosome 2 offers
an interesting example of these differences. In addition to the two major peaks identified
by both the full and young Red Angus datasets, at least eight additional major peaks are
identified in the young data, accounting for 48 unique COJO associations (Figure 2 A &
B). The strongest unique associations identified in the young Red Angus dataset reside
within the gene ARHGAP15. This association contains seven unique COJO SNPs within
the gene. ARHGAP15 is a major gene involved in trypanotolerance in African cattle
[136,138], and likely has wider effects on immune function in worldwide cattle
populations. Further, ARHGAP15 is almost exclusively expressed in immune tissues
[270].

Using previously identified and annotated QTL for cattle, allowed us to interpret
the biological and production impact of selection decisions reflected in the GPSM results.
A QTL-enrichment analysis identified 12 QTL classes significantly enriched near GPSM
COJO associations (Supplementary Tables 7 & 8). The largest QTL enrichment in Red
Angus was for metabolic body weight (FDR-corrected p = 4.13 x 10?) | driven primarily
by GPSM signals on chromosomes 14 (23.3 Mb) and 6 (38.5 Mb). Other enriched QTL

pointed towards ongoing selection for increased fertility and calving ease, known

161


https://paperpile.com/c/nQfGtx/hF49p+4jK8t
https://paperpile.com/c/nQfGtx/QGw9o

selection goals in the breed (https://redangus.org/about-red-angus/history/ ). Calving

ease, birth weight, stillbirth (maternal & direct), and sexual precocity QTL were each
enriched among QTL tagged by GPSM COJO SNPs across the genome (FDR-corrected p
< 7.056 x 107).

We used a meta-assembly of selection signatures in cattle by Randhawa et al.
(2016) [24] to quantify the proportion of genomic regions identified by GPSM that had
previously been identified as harboring selection signatures in cattle. Despite the different
underlying strengths and goals of traditional selection mapping and GPSM, we found that
GPSM identified multiple regions of the genome that had previously been identified as
under selection in cattle populations using a variety of methods. Of the 208 positional
candidate genes (<50 kb from GPSM COJO hit) in our full Red Angus dataset, 105 were
also present in the selected loci in the selection signature meta-assembly. In the young
Red Angus dataset, 142 of the total 272 GPSM identified genes were also identified by

Randhawa et al. (2016).

Generation Proxy Selection Mapping (Simmental)

We individually analyzed the purebred Simmentals (100% Simmental ancestry)
in our dataset to identify ongoing selection restricted to the breed. We performed an
additional sequence-level GPSM on the full Simmental dataset (all animals with > 5%
reported Simmental ancestry), representing selection within the entire herdbook,
including the full spectrum of admixed animals.

GPSM analysis of purebred Simmental animals (n = 13,379) identified 513

significant SNPs (Figure 3 A & B) (Bonferroni-corrected p-value threshold p < 4.29 x
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109), led by a strong signal on chromosome 5, centered at a locus containing PMEL and
ERBBS3, genes known to control coat color in Fleckvieh populations (European
Simmental) [82]. This locus, coupled with a GPSM signature immediately upstream of
KIT [271], suggest that the strongest selection pressures in the purebred American
Simmental population have been on changing coat color and external appearance, making
them appear less like European Simmental and more like American Angus. The next
most significant locus resides in a cluster of olfactory receptors on chromosome 28.
Another strong signal exists on chromosome 15 near beta-carotene oxygenase 2 (BCO2)
and interleukin-18 (IL-18), a locus likely involved in immune functions [272]. Within
these 513 genome-wide significant SNPs, COJO identified 33 independent associations,
13 of which were located at the center of chromosome 5 in the PMEL/ERBB3 locus.

A GPSM analysis of all registered Simmental animals with at least 5% Simmental
pedigree ancestry (n = 78,787) identified 1,008 genome-wide significant SNPs
(Bonferroni-corrected p < 2.29 x 10°) (Figure 3 A & B). A COJO analysis found 334
independently-associated SNPs (COJO p < 5 x 108, two of which were identified in the
purebred analysis (14:28004:G:T, 8:61247:T:C). An additional 4 loci were shared
between datasets, despite different COJO SNPs being identified within these loci. These
include the same significant coat color-associated regions on chromosomes 5 and 6 and
olfactory receptor cluster on chromosome 28 mentioned above.

By subsetting these data, we identified recent Simmental-specific selection in the
purebred dataset and contrasted it with signatures identified in the full dataset where
introgression from other breeds is also responsible for changing allele frequencies. In the

full dataset, the most significant COJO SNP (9:66692267:C:T, COJO p < 10°%9) is
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located immediately upstream of PTPRK, a gene associated with marbling and tenderness
measures in beef cattle [273,274]. Another strong GPSM signature (9:75790346, COJO p
< 10°%1%) was found within the TNFAIP3 gene, which has been implicated in multiple
studies of bovine and human immune function [275-278]. We also identified strong
selection on variants (4:94308044:A:G, COJO p = 2.17 x 10179) in the imprinted gene
COPG2 [279]. As in Red Angus, the majority of GPSM COJO SNPs were either in, or
proximal to, (< 50 kb from) genes (Table 1). In both the full and purebred datasets 30%
of COJO SNPs resided within genes. An additional 35% and 40% of COJO SNPs resided
in close proximity to genes in the full and purebred datasets, respectively. A complete
accounting of Simmental GPSM COJO detected SNPs and their positional candidate
genes are in Supplementary Tables 9 & 10.

In the purebred Simmental dataset, two of the five significant QTL enrichments
were involved with the appearance-based traits eye pigmentation (FDR-corrected p = 10°
#) and coat color (FDR-corrected p = 5.47 x 10°%), largely driven by the selected loci on
chromosomes 5 and 6 (Supplementary Table 11). While the same significant loci were
also identified in the full Simmental GPSM analysis, the enriched QTL classes under
selection in the full dataset included carcass (longissimus muscle area , carcass weight,
and meat color), production (metabolic body weight, average daily gain, dry matter

intake), and reproduction (Inhibin level, luteal activity) (Supplementary Table 12).

Ongoing selection at functional loci

The Functional Annotation of Animal Genomes (FAANG) project has generated

genome-wide data for multiple epigenetic marks (CTCF, ATAC, H3K4mel, H3K4me3,
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H3K27me3, and H3K27ac), in multiple tissues (adipose, cerebellum, cortex,
hypothalamus, liver, lung, muscle and spleen) in a pair of biological replicates [280].
These data, coupled with sequence-level GPSM results allowed us to predict how
selection has acted on functional regions of the genome. Previous selection mapping
studies could generally resolve significant loci to positional candidate genes, but GPSM
combined with COJO allowed us to refine the selected variant to the single base pair
driving the signal. Eighty-seven COJO SNPs (35%) from the full Red Angus dataset
resided in at least one of these epigenetic classes in at least one tissue. In the young Red
Angus dataset, 166 of the COJO SNPs resided in one of these regions (40%). Certain
GPSM SNPs clearly represent selection on regulatory variation. For example, a
significant COJO SNP on chromosome 26 at 49,432,811 bp is immediately downstream
of the gene Glutaredoxin-3 (GLRX3). The region containing this SNP harbors all six
types of epigenetic marks, and these marks appear in all eight tissue types. Regulation of
GLRX3 has been postulated to play roles in feed efficiency [53] and calving ease [281].
While the regulatory site near GLRX3 is highly diverse, most other regions are more
specialized in their mark type and tissue context.

To determine if selected loci were more likely to play functional roles in the
genome, we annotated COJO SNPs with their Functional and Evolutionary Trait
Heritability (FAETH) scores as described in in Xiang et al. (2019) [282]. SNPs in the top
Y5 of the FAETH score distribution (per-variant score > 1.607 x 10°8) were considered
likely to be functional, as in Xiang et al. In Red Angus, 48% and 45% of COJO SNPs had
FAETH scores in the top ¥ of the FAETH score distribution for the full and young Red

Angus datasets, respectively. A similar pattern existed in both Simmental datasets, where
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46% and 39% of FAETH-annotated COJO SNPs were likely functional in the purebred
and full dataset, respectively. This suggests that COJO SNPs identified by GPSM are

more likely to be functional than SNPs chosen at random (t-test p = 0.017).

GPSM identifies breed-specific balancing selection in KHDRBS?2 requlatory regions

The most significant GPSM locus in both Red Angus datasets resided between 1
and 2 Mb on Chromosome 23 (Figure 4A-B). The locus contains multiple sub-
associations with birth date. In the young dataset, SNPs throughout the proximal 2 Mb of
chromosome 23 are genome-wide significant. In this locus, 117 SNPs had p-values < 10°
310 reported by GCTA as zero. This included the most significant SNP in the full dataset
(23:1,768,070, p = 3.86 x 10°%). This SNP was also the most significant COJO SNP in
the young Red Angus dataset, suggesting that it is the variant responsible for the signal at
this locus in both Red Angus datasets. Interestingly, it was not the most significant COJO
SNP in the full Simmental dataset. Rather a SNP ~70 kb away (23:1,032,665, p = 1.70 X
107247) had the strongest association (Figure 4C).

Forty-one SNPs within this locus were also significant in the full Simmental
dataset, including 6 independent COJO associations. The lead Simmental SNP at this
locus resides in a secondary association identified in the young Red Angus dataset. As in
Red Angus, the most significant COJO SNP (23:1215338:G:T, COJO p = 4.98 x 10°%%¢,
raw p = 4.28 x 107%%) was not the most significant raw GPSM p-value (23:1364693:A:T,
raw p = 9.66 x 10-%). Additionally, the strongest Simmental association for this locus

(between 1.2 and 1.3 Mb) differed from the strongest association identified in Red Angus
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(~1.7 Mb) (Figure 4D). This region does, however, overlap with one of the significant
sub-associations found in Red Angus.

The closest protein coding gene to this signature is KHDRBS2, a gene involved in
reproduction in goats [283], and calving ease in cattle [284]. KHDRBS2 has also been
identified as possessing a selection signature that differs between Bos taurus and Bos
indicus cattle [285,286]. While our most significant COJO SNPs do not reside directly
within known epigenetic mark regions (Figure 4E), dozens of marks exist within this 1
Mb segment and contain multiple genome-wide significant SNPs, suggesting strong
ongoing selection for the regulation of KHDRBS2 expression. Further, the annotated and
expressed pseudogene LOC782044 is 24,991 base pairs from the most significant GPSM
association in Red Angus at 1,768,070 base pairs and 38,847 base pairs from a significant
COJO SNP in Simmental. While LOC782044 does not have any known functions in
cattle, we hypothesize that it may be an enhancer RNA, aimed at altering the expression
of KHDRBS?2 or other nearby genes [287].

The observed allele frequencies at significant COJO SNPs in this locus show two
major patterns. First, we observe small directional changes in frequency, consistent with
the polygenic selection that we observe at other GPSM loci (Figure 4 F). Second, for
some Red Angus COJO SNPs, we observe allele frequencies oscillating around an

intermediate value, a pattern consistent with balancing selection [288].

Sweep mapping identifies known and novel selected loci

GPSM and traditional selective sweep methods are both focused on identifying

allele frequency changes and/or the signatures that they leave on surrounding neutral
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sites. We used two selection mapping methods, a haplotype-based statistic, number of
segregating loci (nSL), and a composite statistic (i) implemented by the software
RAISD. For nSL, we defined windows using the GenWin R package [289] which uses a
spline function to observe changes in test statistics, and called the top 0.5% of windows
significant, provided they contained at least three SNPs. Our nSL analysis in Red Angus
identified 365 significant windows on all but three chromosomes (17,27, and 28)
(Supplementary Table 13, Supplementary Figure 6). The correlation between nSL
scores and GPSM effect sizes for 811K SNPs was -0.007. None of the significant GPSM
COJO SNPs resided in outlier nSL windows. These significant nSL windows contained
134 annotated genes, 78 of which were identified by the selection signature meta-
assembly in Randhawa et al. (2016). We used RAISD to look for site frequency spectrum
differences indicative of selection. RAiSD calculates p in 50 SNP sliding windows (mean
length = 39,139 bp), and we consider windows with the top 0.5% of u values significant
(Supplementary Table 14). The RAISD analysis of sequenced Red Angus animals in the
Thousand Bulls Project (n = 14) [290] identified 3,740 significant windows, many of
which were overlapping, that encompassed dozens of loci exhibiting sweep-like
signatures.

We found that 50% of significant nSL windows and 53% of significant RAISD
windows contained annotated genes (Table 2), a considerably higher proportion than
identified by GPSM (between 30% and 34% across datasets). Of the 3,740 significant
windows identified by RAISD, 17 showed overlap with three distinct COJO associations
in the young Red Angus dataset, but we did not observe any overlap with COJO SNPs in

the full Red Angus dataset. We expect that In Red Angus, there were at least 12 sweep
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regions identified by both RAISD and nSL. These included a locus on chromosome 6
(~78.95 Mb) that is a pleiotropic QTL for stayability, calving ease, and udder structure in
dairy cattle, traits all under selection in the Red Angus breed [284]. Another shared
sweep region on chromosome 11 (18.1 Mb) is associated with multiple carcass quality
traits [236].

While the associated regions were largely different from those identified by
GPSM analysis, we identified twelve GPSM COJO SNPs (4 in full, 8 in young Red
Angus datasets, respectively) that reside within 50 kb of a significant nSL window. Two
of these loci reside on chromosome 14 (23.0 Mb and 58.1 Mb). The locus at 23.0 Mb was
also identified as a significant sweep region by RAISD. This locus resides within the
gene TMEM®G68 which has previously been identified as a driver of feed intake and growth
phenotypes in cattle [291], and height in human [174]. This locus also resides within a
QTL for Insulin-like growth factor 1 level [292]. The locus at 58.1 Mb lies within the
gene Oxidation Resistance 1 (OXR1), which is also known regulator of carcass weight in
cattle [293] and neutrophil counts in humans [294]. A final shared region on chromosome
12 includes a region located immediately downstream of the gene DNAJC15, a heat
shock protein with multiple reproductive associations in cattle [295,296] and human birth
weight [297].

We expect that selective sweeps assert different pressures on neighboring neutral
sites compared with polygenic selection. To quantify these differences, we calculated
linkage disequilibrium r? statistics for all imputed SNPs within 100 kb of the lead SNP in
significant RAISD (n = 35) and nSL (n = 40) windows and significant GPSM COJO

SNPs (n = 49) on chromosome 2 (Figure 2E). On average the r? in regions surrounding
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sweep loci (nSL loci mean r? = 0.155 [sd = 0.205], RAISD loci mean r? = 0.223 [sd =
0.324]) were significantly higher (Tukey HSD p-value < 2 x 10'°) than those around
GPSM loci (mean r? = 0.105 [sd = 0.206]).

Similarly, low levels of overlap between GPSM and sweep-detection methods
existed in Simmental. A single GPSM COJO SNP resided within a significant RAISD
window (chromosome 26, 637,478 base pairs). The lone overlap between nSL and GPSM
COJO SNPs in Simmental was on chromosome 5 at 57,701,350 base pairs. This is
approximately 500 kb from the PMEL/ERBB3 coat color candidate locus, and resides
within a cluster of olfactory-associated genes. RAISD and nSL analyses in Simmental
identified at least 14 shared regions of selection (significant windows < 50 kb apart). This
complementary evidence our confidence that an actual sweep occurred at a locus. The
most notable shared locus between nSL and RAISD is located at the POLLED locus [43]
on chromosome 1, responsible for the presence or absence of horns. This locus has been
under strong selection in most cattle populations, and is frequently identified in selection
mapping studies [23,264]. Another shared region of selection on chromosome 16 at ~42.6
Mb near the genes MASP2 and TARDBP has been identified in numerous other sweep
mapping studies of Simmental cattle [18,176,219,220].

While overlapping nSL and RAISD signatures can help bolster confidence in
candidate selective sweeps. Most windows are uniquely identified by a single method
(Supplementary Tables 13-16). For example, the most significant locus identified by
RAISD (Supplementary Figure 7) is located between two major clusters of T cell
receptors on chromosome 10 at ~24.2 Mb. This sweep region was also identified in

European Simmental populations by Qanbari et al. (2014) and Zhao et al. (2015)
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[18,176], illustrating the long-lasting signatures created by some selective sweeps. The
next most significant RAISD windows in Simmental are located immediately upstream of

MCI1R, the gene responsible for red versus black coat color in cattle [298].

Ongoing polygenic selection acts on networks and pathways to drive complex trait

changes

Using annotated positional candidate genes from each of our analyses, we
performed protein-protein interaction network analysis to understand how selected
candidate genes interacted with one another in a network. In both Red Angus datasets,
networks had significantly more “edges” (protein-protein interactions, co-expression, co-
localizations, and text-mining hits) than expected by chance (full Red Angus p =0.034,
young Red Angus p = 5.84 x 10°). Networks were similarly enriched in the full (protein-
protein interaction p = 0.00399) and purebred (protein-protein interaction p = 0.00903)
Simmental datasets. In all cases, these networks had high average node degrees (the
number of interactions per protein in the network), ranging from 1.05 (full Red Angus) to
2.34 (full Simmental) These imply relatively strong biological connections between
candidate genes near loci actively under selection. STRING networks built with genes in
significant nSL windows were not significant in Red Angus (p = 0.205), and marginally
significant in Simmental (p = 0.027), though with significantly lower average node
degrees (Red Angus = 0.985, Simmental = 0.962) than the GPSM networks. Networks of
RAISD candidate genes were the most significant (Red Angus p = 1.2 x 101!, Simmental
p = 2.25 x 10) and had high average node degrees (Red Angus = 2.37, Simmental =

3.35).
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Discussion

In this study we further demonstrate the power of linear mixed models applied to
a novel dependent variable to detect ongoing selection in populations with temporal
genotype data. The Generation Proxy Selection Mapping (GPSM) method [13,14] is
unique among selection mapping methods because it does not rely on outlier definitions,
and significance is calculated on a per-marker basis, allowing us to pinpoint selection to
the base pair level of resolution. Building on the work of Rowan et al. (2020), we expand
GPSM to significantly larger datasets (46,454 and 78,787 animals) with imputed
sequence level variants (> 11 million SNPs) [14]. This boost in power and resolution
allowed us to map hundreds of small directional shifts in allele frequency, consistent with
polygenic selection [299]. Further, by using a genomic relationship matrix, we are better
able to control for the extensive population and family structure that exist in populations.

Due to the non-normality of generation proxy phenotypes in genotyped livestock
populations, we explored the effects of transformations and data subsetting on GPSM’s
ability to detect selection. Large residuals for individuals born in the distant past led to a
reduced power to detect selection in the full Red Angus dataset. When subsetting this
dataset to individuals born very recently, or log-transforming the “birth date” generation
proxy, we detected three times as many birth date-associated SNPs. In populations with
low effective sizes (Ne), we might expect that stochastic changes in allele frequency due
to drift could generate detectable changes in frequency [300], but simulations performed
in our previous work have shown that GPSM is effectively able to distinguish between

drift and selection [14]. While a log -transformed birth date generation proxy boosted the
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significance of signals in Red Angus, it did not have the same effect when applied to
Simmental animals. As a result, for sequence-level analyses we used untransformed birth
date as our dependent variable but partitioned the data into subsets to probe different
components of selection.

Identifying selection at the base pair-level with conditional-joint analysis (COJO)
allowed us to overlay functional data generated by the Functional Annotation of Animal
Genomes (FAANG) project onto the independently associated GPSM SNPs. We map
hundreds of selected loci with predicted epigenetic marks in cattle [280]. This selection
on SNPs within epigenetic marks and other likely cis-regulatory regions suggests that
selection on complex phenotypes is altering gene expression in complex networks [301—
303]. Further, protein-protein interaction analyses showed significantly enriched
biological connectedness, both for GPSM candidate genes and genes residing with nSL
and RAISD signatures.

While most other tests of polygenic selection explicitly test for correlations
between allele frequencies and phenotypes over sampled time periods [304-306], or
between distinct diverged populations [215,306], GPSM operates agnostic to phenotype
and population label. This expands the odds of detecting polygenic selection signatures
but can make interpreting signals difficult. Fortunately, hundreds of QTL-mapping
studies have been performed in cattle, providing an extensive database of loci associated
with economically-important complex traits [307]. We queried the Animal QTL Database
for QTL near GPSM associations and performed enrichment tests to understand the traits
under selection in these populations. In Red Angus, we identified significant QTL

enrichments for several production traits such as body weight, average daily gain, and
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carcass weight, all traits that we would expect to find under selection in beef populations.
We also identified multiple QTL classes influencing maternal traits and calving ease, two
major recent selection emphases in the Red Angus breed. By analyzing both the full
Simmental dataset and a subset of purebred animals, we could disentangle which allele
frequencies were changing due to Simmental-specific selection versus selection on
variation introgressed from other breeds. In purebred Simmental, we found limited
selection on traits that were not explicitly involved in appearance characteristics. Strong
selection at the PMEL/ERBB3 and KIT loci have been a major focus of the breed as it
aimed at making animals appear more like Angus cattle. As a result, less selection on
complex production traits was detected by GPSM in the purebred dataset compared to the
full dataset where we detected an excess of associations with carcass, production, and
reproductive traits, consistent with ongoing selection in the cattle industry at large.
Differences in the enriched carcass and production traits are consistent with traits that
show appreciable average phenotypic differences between Angus and Simmental
animals. While these QTL databases are far from comprehensive due to their biases
towards loci with detectable effect sizes in frequently-measured traits, they provide a
valuable first step to identifying the production traits driving genomic changes in these
populations.

While some overlap between selective sweep mapping outlier windows (nSL and
RAISD) and GPSM hits existed, they are largely identifying different genomic loci.
Sweep mapping methods consistently identify important Mendelian loci, such as
POLLED, coat color genes (MC1R, KIT, etc.), and large-effect QTL where selection has

for all intents and purposes been completed. GPSM’s strength is in detecting subtle,
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directional shifts in allele frequency over short periods of time where selection is on-
going. In contrast, nSL, RAISD, and other sweep-mapping methods identify
characteristics of sweeps such as extended haplotype homozygosity, long-range LD, and
changes to the local site frequency spectrum. We observed significantly less LD between
GPSM SNPs and neighboring sites compared to the lead SNPs in sweep peaks identified
by nSL and RAISD. In general, most sweep mapping strategies search for signatures at
neighboring neutral sites, whereas GPSM tracks actual allele frequency changes over

time.

Conclusions

Using large, commercially-generated cattle genotype datasets imputed to 11
million SNPs and the Generation Proxy Selection Mapping method we mapped hundreds
of loci undergoing subtle directional shifts in frequency at the base pair level of
resolution. These reside overwhelmingly in, or nearby, genes, which suggests that
selection on complex traits is likely concerned with perturbing gene expression patterns
in complex networks. As expected, GPSM detected largely different sets of selected loci
than the selective sweep mapping methods. When longitudinally-sampled genotypes are
available, GPSM is a powerful method for detecting ongoing changes to the genome.
This makes it a complementary approach to sweep-mapping strategies as we work to

understand the impacts of all types of selection on the genome.

Methods
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Genotype data and imputation

We used commercially-generated assay genotypes from two populations of Bos
taurus beef cattle. These data, made up of assays ranging in density from 25K to 777K
SNPs were filtered, phased, then imputed using the approach described in Rowan et al.
(2019) [7]. Briefly, prior to phasing and imputation we removed individuals with low call
rates (< 0.90) and SNPs with low call rates (< 0.90) or extreme Hardy-Weinberg p-values
(< 10, indicative of genotyping errors) in PLINK (version 1.9) [61]. Genotypes were
phased using a high-density reference in Eagle v2.4.1 [64] and imputed using Minimac4
[66]. The resulting high-density chip-imputed dataset contained 811,967 autosomal SNPs
for 90,580 Simmental and 46,454 Red Angus animals. We refer to this dataset as 811K
throughout. High-density imputed genotypes were then imputed to 43,214,290 SNPs
from whole-genome resequencing data using 4,931 reference individuals from the
Thousand Bulls Project Run8 [290]. We restricted the imputation reference to high
quality (Variant Quality Score Recalibration [308] Tranche 90), biallelic variants with
minor allele counts greater than 20. Following imputation, we further filtered imputed
SNPs based on internally-calculated imputation R? (> 0.4) and minor allele frequency (>
0.01), leaving 11,759,568 imputed sequence variants for downstream analysis. Genomic
coordinates for all array and sequence genotypes were based on positions in the ARS-

UCD1.2 assembly [62].

Generation Proxy Phenotypes

We use the breeder-reported birth date to calculate birth date as the number of

days of each animal’s birth from the first-born animal within each dataset (as of October
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19, 2020) for each animal to use as a continuous generation proxy in GPSM. In addition,
due to the extreme left-skewness of animal birth dates in the dataset, we performed
square root, cube root, and log transformations on animal birth date to test the effects of

transforming the data for normality.

Generation Proxy Selection Mapping (GPSM)

Generation proxy selection mapping uses an individual’s generation number, or a
proxy for generation number as the dependent variable in a genomic variance component
analysis or a genome-wide linear mixed model. To control for shared ancestry between
individuals and to estimate variance components we used autosomal SNP markers in our
811K imputed dataset with MAF > 0.01 to construct a genomic relationship matrix
(GRM) with the method in Yang et al. (2011) [121] for each population. Variance
components were estimated using a genomic restricted maximum-likelihood (GREML)
approach implemented in GCTA (version 1.92.3) [121,268]. To evaluate the impact of
transformations to generation proxy phenotypes, we predicted random genetic effects
(breeding values) and residuals for individuals using GCTA’s “--reml-pred-rand”
function.

The model used for selection mapping was as follows:

y =u+bx +a+ce€

Here, y is a vector of animal generation numbers or generation proxies, p is the sample

mean, bx is a the vector of regression coefficients b on an M x N matrix of animal
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genotypes x, a is a random vector of polygenic terms ~ N (O, Gagz ) where G isa

genomic relationship matrix, and eis a random error term ~ N(0,15,% ) . All GPSM

analyses were performed using the “--mlma” function in GCTA. When testing the impact
of generation proxy transformations on statistical power, we used 811K imputed
genotypes. We performed GPSM on sequence-imputed genotypes on four total datasets
with GRMs calculated with 811K genotypes. The four datasets were as follows: the full
Red Angus dataset (n = 46,454), Red Angus animals born on or after January 1st, 2012 (n
= 44,470), all Simmental animals with at least 5% pedigree-reported Simmental ancestry
(n=78,787) and all purebred Simmental animals (n = 13,379).

To further refine GPSM signals and detect additional associations, we performed
a within-analysis conditional and joint analysis (COJO) [269] in GCTA (v 1.92.3). COJO
utilized summary data and genotypes from each of our sequence-level GPSM runs. The
COJO model was conditioned on SNPs with GPSM p-values < 10~°. We controlled for
SNP collinearity by setting conditional p-values of highly-correlated variants (r? > 0.9) to

1.

Haplotype-based scans for selection

To map genomic regions that underwent strong selection in the distant-to-
intermediate past, we used the number of segregating loci (nSL) method [309] on phased
haplotypes from our full Red Angus and Simmental 811K datasets (MAF > 0.01), as well
as on a subset of purebred Simmental animals. The nSL statistic was implemented in
selscan [310] where per-SNP scores were also normalized in 100 frequency bins. As

opposed to calculating significance in fixed windows, we fit a smoothing spline for each
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chromosome over normalized nSL scores using the GenWin R package [289]. This
allowed us to define variable-length windows in which we calculated the mean nSL
scores. We considered the top 0.5% of these windows to be significant outliers for

downstream annotation and analysis.

Site frequency spectrum (SFS) scan for selection

We performed SFS-based scans for selection using called sequence genotypes
from 14 American Red Angus and 32 registered Simmental animals, some of which may
be crossbred, in the 1,000 Bull Genomes Project [290] in RAISD (v2.9) [311]. RAISD
calculates a composite selection statistic, |1, aimed at detecting various signatures of
selective sweeps. To preserve the full site frequency spectrum, we did not filter on any
quality or frequency-based metrics. Rather, we restricted our analysis to only biallelic

SNPs. SNPs in the top 0.5% of RAiSD p values were considered significant outliers.

Gene & QTL annotation and enrichment

We annotated positional candidate genes and QTL using the GALLO R package
with gene lists from ENSEMBL (Version 101) [312] and known Bos taurus QTL curated
in the Animal QTL Database [307]. We annotated all genes and QTL within 50 kb of
significant (p < 5 x 108 COJO SNPs or sweep outlier regions (based on lead SNP). We
performed QTL enrichment analysis with GALLO, using an FDR-corrected p-value
threshold of 0.05 to identify traits whose known QTL were significantly enriched in
GPSM signatures.. We also annotated these SNPs with their Functional-And-

Evolutionary Trait Heritability (FAETH) score as calculated in [282], with coordinates
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lifted over from the UMD3.1.1 assembly to ARS-UCD1.2 using the UCSC L.iftOver tool

[313].
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Figure 4.1. Red Angus GPSM Manhattan plots for the (A) full dataset, (B) truncated at p
=10 and (C) young dataset also truncated (D) at p = 10~°. Genome-wide significance is
indicated by the red line (Bonferroni-corrected p-value = 4.29 x 10) and blue line (p-
value = 5 x 10®). Blue points are significant COJO SNPs (COJO p < 5 x 10°°) in the full
Red Angus dataset. Red points are significant COJO SNPs in young Red Angus datasets.

[Figure 1 in text]
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Figure 4.2. Methods identify largely different regions of selection on chromosome 2 in
Red Angus. Chromosome 2 Manhattan plots for (A) full and (B) young Red Angus
datasets. Red line is a Bonferroni-corrected significance threshold (4.29 x 10°®). (C)
Genomic distribution of [nSL|scores for windows defined by GenWin and (D) RAiSD p
statistics. Horizontal red lines indicate 0.5% outlier thresholds. Vertical red and blue lines
represent the positions of full Red Angus and young Red Angus GPSM COJO SNPs,

respectively. (E) Pairwise linkage disequilibrium (r?) values for SNPs within 100 kb of
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COJO SNPs for GPSM, SNPs closest to the center of significant nSL windows, or lead
SNPs in significant RAISD peaks. (F) Allele frequency trajectories over time for the five
most significant SNPs in each analysis.

[Figure 2 in text]
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Figure 4.3. GPSM Manhattan plots for the (A) purebred Simmental dataset, (B)
truncated at p = 10° and (C) full Simmental dataset also truncated (D) at p = 107,
Genome-wide significance is indicated by the red line (Bonferroni-corrected p-value =
4.29 x 10®) and blue line (p-value = 5 x 10°8). Purple points indicate significant COJO
SNPs (COJO p <5 x 10) in the purebred Simmental dataset. Green points are
significant COJO SNPs in the full Simmental dataset.

[Figure 3 in text]
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Figure 4.4. Manhattan plots for chromosome 23 in full (A) Red Angus and (B)
Simmental datasets. Focused Manhattan plots at significant locus from 1-2 Mb on

Chromosome 23 in full (C) Red Angus and (D) Simmental datasets. Red SNPs are
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significant GPSM COJO associations (COJO p <5 x 10%). In A-D, the red line indicates
a Bonferroni-corrected significance threshold. (E) Chromosome 23 (1-2 Mb) annotated
with genes (orange) and epigenetic marks in eight tissues from two bovine samples in the
FAANG project, colored by mark type. (F) Allele frequency trajectories represented by
smoothened regression lines of birth year versus allele frequency for significant COJO
SNPs in this region in the young Red Angus and full Simmental datasets. Lines are
colored by the SNP’s -logio(p) value from GPSM.

[Figure 4 in text]
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Figure 4.5. Distributions of birth dates in the full (A) Red Angus and (B) Simmental
datasets. Faceted zoom on distant past individuals: 1975-2012 in Red Angus, 1965-2008
in Simmental.

[Supplementary Figure 1 in text]
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Figure 4.6. Residuals and breeding values for birth date GREML analysis. For Red
Angus, estimated (A) residual error and (B) breeding values for each genotyped
individual, colored by the number of years since birth. (C) Residual error and (D)
breeding values for birth date in the full Simmental dataset.

[Supplementary Figure 2 in text]
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Figure 4.7. Residuals and breeding values for log-transformed years since birth date
GREML analysis. For Red Angus, estimated (A) residual error and (B) breeding values
for each genotyped individual, colored by the number of years since birth. (C) Residual
error and (D) breeding values for birth date in the full Simmental dataset.

[Supplementary Figure 3 in text]
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Figure 4.8. GPSM Manhattan plots comparing effects of transformation and data
subsetting. 811K SNP Manhattan plots for Red Angus dataset using (A) raw birth date
((B) truncated at -logio(p) = 15), (C) log-transformed birth date ((D) truncated at -logio(p)
= 15), or (E) raw birth dates for animals born since 2012 ((F) truncated at -logio(p) = 15)
as dependent variables in GPSM analysis. Genome-wide significance is indicated by the
red line (Bonferroni-corrected p-value = 6.17 x 10°®). Green points in A,B, E, and F
represent genome-wide significant SNPs from the log-transformed age GPSM analysis.

[Supplementary Figure 4 in text]
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Figure 4.9. The changing breed composition of registered Simmental. Counts of
Simmental ancestry percentages over time in all genotyped animals in American
Simmental dataset. Points represent birth year/% Simmental ancestry combinations in the
data, sized by the number of animals in each of those classes. The red line is a smoothed
mean, surrounded by a 95% confidence interval in grey.

[Supplementary Figure 5 in text]
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Figure 4.10. Selective sweep mapping in Red Angus. (A) Number of segregating loci
(nSL) statistic windows across the genome. Window boundaries were defined by
GenWin R package. Points represent the average |[nSL| values within a window, with the
genomic position defined as the genomic center of the window. Red line delineates 0.5%
outliers deemed significant. (B) Manhattan plot of RAiSD p statistics calculated from
sequenced American Red Angus animals in the 1000 Bull Genomes Project. Red line
delineates 0.5% outliers.

[Supplementary Figure 6 in text]
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Figure 4.11. Selective sweep mapping in Simmental. (A) Number of segregating loci
(nSL) statistic windows across the genome. Window boundaries were defined by
GenWin R package. Points represent the average |[nSL| values within a window, with the
genomic position defined as the genomic center of the window. Red line delineates 0.5%
outliers deemed significant. (B) Manhattan plot of RAiSD p statistic calculated from
sequenced American Simmental animals in the 1000 Bull Genomes Project. Red line
delineates 0.5% outliers.

[Supplementary Figure 7 in text]
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TABLES

Table 4.1. Number of significant (p < 5 x 108) COJO SNPs within, proximal, or outside

of genic regions in each sequence-level dataset.

Breed Dataset  Total Within Gene Intergenic
COJO Gene Proximal
SNPs (< 50kb to
nearest)
Red Angus  Full 248 76 (31%) 70 (28%) 102 (41%)

Red Angus  Young 417 142 (34%) 123 (29%) 152 (36%)
Simmental  Full 344 106 (30%) 119 (35%) 119 (35%)
Simmental Purebred 33 10 (30%) 13 (40%) 10 (30%)
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Table 4.2. Number of significant windows within, proximal, or outside of genic regions

identified by nSL and RAISD in each dataset.

Breed Analysis  Total Within Gene Gene Intergenic
Windows Proximal

(< 50kb to

nearest)
Red Angus nSL 365 183 (50%) 73 (20%) 109 (30%)
Red Angus RAISD 6,502 3,453 (53%) 811 (13%) 2,238 (34%)
Simmental nSL 347 188 (54%) 60 (17%) 99 (29%)
Simmental RAISD 6,497 3,030 (47%) 1108 (17%) 2,359 (36%)

195



Table 4.3. Genomic restricted maximum likelihood (GREML) estimates of proportion
variance explained (PVE) for various statistical transformations to birth date used as

generation proxy in Red Angus.

Subset n(animals) Dependent PVE (SE)
Variable

FULL 46,454 Birth date 0.523 (0.007)
FULL 46,454 vVbirth date  0.616 (0.006)
FULL 46,454 birthdate  0.637 (0.006)
FULL 46,454 log(birth date)  0.657 (0.006)
Young Only! 44,470 Birth date 0.773 (0.004)
Old Only? 1,984 Birth date 0.557 (0.031)

1 Animals born on or after January 1, 2012
2 Animals born prior to January 1, 2012

[Supplementary Table 1 in text]
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Table 4.4. Genomic restricted maximum likelihood (GREML) estimates of proportion

variance explained (PVE) for various subsets of the Simmental dataset.

Dependent PVE (Standard
Dataset n (animals) Variable Error)
Fullt 78,787 Birth date 0.619 (0.005)
Full* 78,787 log(birth date) 0.600 (0.005)
Young Only? 73,811 Birth date 0.540 (0.005)
Old Only® 4,976 Birth date 0.436 (0.021)
<30% SIM, >50% AN* 11,429 Birth date 0.665 (0.011)
>20% SIM, <70%SIM®° 46,136 Birth date 0.642 (0.006)
>70% SIM® 31,225 Birth date 0.558 (0.008)
>70% SIM® 31,225 log(Birth date) 0.561 (0.008)
Purebred’ 13,379 Birth date 0.555 (0.011)
Purebred Young® 11,148, Birth date 0.497 (0.013)
Purebred Old® 2,231 Birth date 0.462 (0.030)

1 Animals with at least 5% Simmental ancestry

2 Animals with at least 5% Simmental ancestry, born on or after January 1, 2008

3 Animals with at least 5% Simmental ancestry, born prior to January 1, 2008

4 Animals with less than 30% Simmental ancestry and more than 50% Angus ancestry
® Animals with more than 20%, but less than 70% Simmental ancestry

® Animals with more than 70% Simmental ancestry

" Animals with 100% Simmental ancestry

8 Animals with 100% Simmental ancestry, born on or after January 1, 2008

° Animals with 100% Simmental ancestry, born prior to January 1, 2008

[Supplementary Table 2 in text]
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Table 4.5. Counts of significant SNPs identified in each GPSM analysis of the Red
Angus population using different transformations to generation proxy as dependent
variable in 811K SNPs. The four significance cutoffs are reported: 1) A nominal
significance (p < 107°), 2) a Bonferroni-adjusted threshold (p < 7.55 x 107), and FDR-

corrected g-values 3) < 0.10 or 4) < 0.05.

Dataset n Dependent nSNPs nSNPs  nSNPs nSNPs
(animals) Variable p>10% p<755 (@< g<
(nloci) x 107 0.10 0.05
(nloci) (nloci) (nloci)

Full 46,454 Birth date 315 214 509 398
Full 46,454 VBirth date 453 333 729 559
Full 46,454 {Birthdate 471 357 817 596
Full 46,454  log(Birth date) 513 377 822 715
Young Only! 44,470 Birth date 762 555 1210 1042
Old Only? 1,984 Birth date 18 1 1 1
Old Only? 1,984 log(Birth date) 3 0 0 0

1 Animals born on or after January 1, 2012
2 Animals born prior to January 1, 2012

[Supplementary Table 3 in text]
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Table 4.6. Counts of significant SNPs identified in each GPSM analysis of the
Simmental population using different population subsets and transformations to
generation proxy with 811K SNPs. Ancestry proportions are pedigree estimates reported
by American Simmental Association. The four significance thresholds are reported: 1) A
nominal significance (p < 10®), 2) a Bonferroni-adjusted threshold (p < 7.55 x 107", and

FDR-corrected g-values 3) < 0.10 or 4) < 0.05.

n Dependent Nominal
Dataset (animals) Variable (p <10%) Bonferroni g<0.1 ¢<0.05
Fullt 78,787 Birth date 120 70 137 117
Fullt 78,787 log(Birth date) 109 77 130 105
Young Only? 73,811  Birth date 94 68 100 89
Old Only® 4,976 Birth date 119 72 171 115
<30% SIM,
>50% AN?* 11,429 Birth date 14 3 3 0
>20% SIM,
<70%SIM® 46,136  Birth date 46 31 39 38
>70% SIM® 31,225 Birth date 100 61 107 88
>70% SIM® 31,225 log(Birth date) 51 24 44 32
Purebred’ 13,379  Birth date 92 50 111 85
Purebred
Young?® 11,148,  Birth date 11 4 4 3
Purebred Old® 2,231 Birth date 60 34 59 48

1 Animals with at least 5% Simmental ancestry

2 Animals with at least 5% Simmental ancestry, born on or after January 1, 2008

3 Animals with at least 5% Simmental ancestry, born prior to January 1, 2008

4 Animals with less than 30% Simmental ancestry and more than 50% Angus ancestry
® Animals with more than 20%, but less than 70% Simmental ancestry

® Animals with more than 70% Simmental ancestry

" Animals with 100% Simmental ancestry

8 Animals with 100% Simmental ancestry, born on or after January 1, 2008

° Animals with 100% Simmental ancestry, born prior to January 1, 2008

[Supplementary Table 4 in text]
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Supplementary Tables 4.7-4.18 are located here:

https://docs.qgoogle.com/spreadsheets/d/1bxf9CI3ZCsokzycLu8MFYg6YyWPegwYVMn

tpaCydvJo/edit?usp=sharing

Table 4.7. Significant (p < 5 x 10®) conditional and joint (COJO) SNPs from full Red
Angus GPSM analysis and their annotated positional candidate genes (< 50 kb)

[Supplementary Table 5 in text].

Table 4.8. Significant (p < 5 x 10®) conditional and joint (COJO) SNPs from young Red
Angus GPSM analysis and their annotated positional candidate genes (< 50 kb).

[Supplementary Table 6 in text]

Table 4.9. Significantly enriched QTL in regions (< 50 kb) from significant GPSM
COJO SNPs identified in the full Red Angus dataset (n SNPs = 248) .

[Supplementary Table 7 in text]

Table 4.10. Significantly enriched QTL in regions (< 50 kb) from significant GPSM
COJO SNPs identified in the young Red Angus dataset (n SNPs = 417).

[Supplementary Table 8]

Table 4.11. Significant (p < 5 x 10°®) conditional and joint (COJO) SNPs from full
Simmental GPSM analysis and their annotated positional candidate genes (< 50 kb).

[Supplementary Table 9 in text]
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https://docs.google.com/spreadsheets/d/1bxf9Cl3ZCsgkzycLu8MFYg6YyWPegwYVMntpqCydvJo/edit?usp=sharing
https://docs.google.com/spreadsheets/d/1bxf9Cl3ZCsgkzycLu8MFYg6YyWPegwYVMntpqCydvJo/edit?usp=sharing

Table 4.12. Significant (p < 5 x 10°®) conditional and joint (COJO) SNPs from purebred
Simmental GPSM analysis and their annotated positional candidate genes (< 50 kb).

[Supplementary Table 10 in text]

Table 4.13. Significantly enriched QTL in regions (< 50 kb) from significant GPSM
COJO SNPs identified in full Simmental dataset (n SNPs = 344) .

[Supplementary Table 11 in text]

Table 4.14. Significantly enriched QTL in regions (< 50 kb) from significant GPSM
COJO SNPs identified in purebred Simmental dataset (n SNPs = 33) .

[Supplementary Table 12 in text]

Table 4.15. Red Angus outlier nSL windows (top 0.5%) as defined by GenWin R
package. Genes that fell within significant windows are reported with their corresponding
window.

[Supplementary Table 13 text]

Table 4.16. Unique genes within Red Angus outlier RAISD windows (top 0.5%).

Reported window is the window with the highest p value that overlaps with the gene.

[Supplementary Table 14 in text]
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Table 4.17. Red Angus outlier nSL windows (top 0.5%) as defined by GenWin R
package. Genes that fell within significant windows are reported with their corresponding
window.

[Supplementary Table 15]

Table 4.18. Unique genes within Simmental outlier RAISD windows (top 0.05%).

Reported window is the window with the highest p value that overlaps with the gene.

[Supplementary Table 16 in text]
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