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Abstract

Inbreeding, genetic drift and selection are key forces that shape the genetic architecture of
domestic cattle populations. This study investigates the genomic consequences of these forces by
analysing runs of homozygosity (ROH) in both simulated and empirical data from Swedish native
breeds (Fjill, Rédkulla and SRB) and international breeds such as Holstein and Jersey. ROH
defined as continuous stretches of homozygous genotypes, serve as genomic markers of
inbreeding and selection and offer insights into both recent and ancient demographic processes.

Simulations were conducted using msprime to model historical population structures, and ROH
were detected using PLINK in both simulated and empirical data. The results revealed distinct
ROH patterns between native and commercial breeds. Swedish native breeds exhibited several
short ROH segments, consistent with historical bottlenecks and small effective population sizes. In
contrast, Holstein and Jersey cattle showed fewer but longer ROH segments, indicating more
recent inbreeding due to intensive selection.

ROH islands, genomic regions consistently homozygous across individuals, were identified in
both data types and further investigated for gene content. These regions might display selection for
traits like disease resistance, environmental adaptability and fertility.

This demonstrates the value of ROH analysis in revealing the demographic and selective histories
of cattle populations. It provides with insights for the preservation of rare breeds and the
management of breeding programs.

Keywords: Runs of homozygosity, Selection, Inbreeding, Cattle, Runs of homozygosity islands,
Effective population size.
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1. Introduction

The domestication of cattle, believed to have taken place approximately 10,000
years ago, initiated a complex evolutionary trajectory driven by both natural and
artificial selection pressures (Purfield et al. 2012). Over time, this process has led
to the emergence of diverse cattle breeds, each with distinct phenotypes shaped by
local adaptation, genetic drift, and selection (Purfield et al. 2012; Liu et al. 2022).
These mechanisms, acting at varying intensities across populations, have led to
notable differences in genetic construction, including variation in levels of
homozygosity (Hewett et al. 2023).

Swedish native cattle breeds, while genetically distinct and valuable for their
adaptability and robustness, face increasing threats from the extensive use of
high-productivity commercial breeds such as Holstein and Jersey (Upadhyay et al.
2019; Macharia et al. 2024). These native populations are typically small and
isolated, making them particularly vulnerable to inbreeding and loss of genetic
diversity (Ghoreishifar et al. 2020; Makanjuola et al. 2020). Several breeds are
now considered endangered due to declining genetic diversity, with studies calling
for monitoring and conservation efforts using genomic tools like ROH analysis
(Harish et al., 2024; Adepoju et al., 2024; Hewett et al., 2023).

Some consequence of modern breeding practices such as the extensive use of
selected sires, artificial insemination (Al), and embryo transfer offers a reduction
in effective population size (Ne) and genetic diversity (Zhang et al. 2015). This is
particularly noticed in highly selected commercial breeds (Zhang et al. 2015;
Makanjuola et al. 2020). Selection practices, while accelerating genetic gain, have
increased the prevalence of inbreeding and regions of the genome that are
homozygous by descent (Purfield et al. 2012; MacLeod et al. 2013). As reviewed
by Peripolli et al.(2017), runs of homozygosity (ROH) have become a valuable
genomic recourse for assessing inbreeding levels and tracing historical
demographic events.

1.1 Runs of homozygosity (ROH)

ROH are continuous stretches of homozygous genotypes that arise when an
individual inherits identical haplotypes from both parents (Liu et al. 2022). The
length and frequency of ROH segments offer valuable insights into population
history where longer ROH segments typically signal recent inbreeding, whereas
shorter ROH segments point to older events like genetic drift or bottlenecks
(Purfield et al., 2012; Harish et al., 2024). Moreover, ROH analysis has been
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shown to offer certain advantages over traditional pedigree-based approaches.
Breeding organizations for more established breeds often possess well-
documented pedigrees, which are often used to verify the lineage of the animals.
However, breeding organisations for less established breeds are more constrained
by incomplete or inaccurate data (Sumreddee et al. 2020).

ROH regions are more frequent and extended in populations that have
experienced recent bottlenecks or are subject to high levels of inbreeding (Purfield
et al. 2012; Harish et al. 2024). The distribution and size of ROH segments across
genomes can reveal both recent and ancient demographic events (Gibson et al.
2006; Macharia et al. 2024). ROH is not only a marker of inbreeding but also a
genomic signature of selection (Ceballos et al. 2018). When strong selection acts
on a beneficial allele, the surrounding genomic region may become more
homozygote, forming what is known as a run of homozygosity island
(Ghoreishifar et al. 2020). Identifying ROH islands can therefore, reveal
signatures of selection shaping different breeds, especially when contrasted
against regions of the genome that are homozygous due to natural processes like
genetic drift (Ghoreishifar et al. 2020; Makanjuola et al. 2020; Macharia et al.
2024).

1.1.2 ROH islands

Detecting ROH islands requires setting thresholds to define which genomic
regions are considered shared ROH across individuals. However, there is
currently no universally accepted standard for setting such thresholds. Whether
based on a fixed proportion of individuals or a statistical percentile, all
thresholding approaches introduce a degree of uncertainty (Ceballos et al. 2018;
Nandolo et al. 2018; Meyermans et al. 2020). If the threshold is set too high, true
signals of selection might be missed; if set too low, false positives could arise due
to structural variation or SNP density gaps (Nandolo et al. 2018).

According to the findings in a study made by Meyermans et al. (2020) it is
recommended to report genome-wide ROH coverage and conduct sensitivity
analyses to assess how parameter settings affect ROH detection. Key threshold
decisions include the minimum ROH length and the frequency threshold for
defining a shared ROH region or "island". Each choice involves trade-offs:
stringent thresholds reduce false positives but risk overlooking subtle signals,
while relaxed thresholds increase detection rates at the cost of higher false
discovery rates (Ceballos et al., 2018; Meyermans et al., 2020). Given this
sensitivity, it is essential to transparently report all parameter choices and to
interpret findings within the context of these methodological assumptions.
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Ultimately, validating threshold strategies through simulations or comparisons
between methods helps ensure that identified ROH islands reflect genuine
biological signals of inbreeding or selection.

1.2 Aim

This study simulates genomic data from Swedish and international cattle breeds to
identify runs of homozygosity (ROH) and homozygosity islands. By comparing
simulated and empirical data, it aims to differentiate genomic patterns resulting
from inbreeding and selection, and to examine how population size and historical
structure influence ROH distribution over time.
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2. Literature review

2.1 Native breeds and small populations

Native Swedish cattle breeds are generally well-adapted to harsh climatic
conditions while still maintaining key productive traits (Upadhyay et al. 2019).
These adaptations have been influenced by both by natural selection and
deliberate artificial selection methods designed to enhance traits like fertility,
growth and milk yield (Harish et al. 2024). Ghoreishifar et al. (2020) identified
genomic regions under selection in Swedish cattle that are linked to economically
important traits and environmental adaptation, emphasizing the influence of
selection. Systematic breeding programs, while improving performance, have also
contributed to a reduction in Ne. This genetic narrowing has been compounded by
demographic declines, as reduced popularity of native breeds has led to
population bottlenecks (Ghoreishifar et al. 2020). Together, both have accelerated
the loss of genetic diversity. It is therefore important to recognize that both
structured breeding and demographic pressures have played roles in shaping the
current genetic landscape of these breeds (Adepoju et al. 2024). Even if
population sizes are stabilized at current levels, the remaining genetic diversity
may be insufficient to sustain healthy populations over time (Adepoju et al. 2024).

Small, native cattle populations often experience genetic drift and inbreeding,
resulting in a lower effective population size (Ne) and a decline in genetic
diversity. (Upadhyay et al. 2019; Ghoreishifar et al. 2020). The Swedish Red
Polled (SRB) and Fjéllndra breeds both show decreasing Ne in the last decade,
correlating with extensive ROH (Upadhyay et al. 2019). Adepoju et al. (2024)
investigated the population history of Swedish cattle breeds by employing linkage
disequilibrium (LD)-based methods to estimate changes in Ne. The study by
Adepoju et al. (2024) revealed a rapid and recent decline in Ne across various
breeds, a trend that coincides with the implementation of systematic breeding
practices. This decline in genetic diversity is primarily attributed to genetic drift
and population bottlenecks, phenomena commonly observed in small populations
(Adepoju et al., 2024). Genetic drift, defined as random changes in allele
frequencies over generations, can result in the loss of genetic variants critical for
maintaining genetic diversity (Peripolli et al. 2017; Upadhyay et al. 2019).

Maintaining both overall genetic diversity and key adaptive variants is

essential to safeguard population health under climate change and future breeding
schemes (Peripolli et al. 2017; Harish et al. 2024).
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2.2 International breeds and populations with strong
selection

Genomic selection has significantly influenced dairy cattle breeds, impacting
highly heritable traits such as production traits, as well as traits with lower
heritability, such as adaptability to the environment (Gutierrez-Reinoso et al.,
2021). The sustainability of animal production and welfare largely depends on
sustaining genetic diversity within livestock populations, which is essential for
adaptation to environmental changes and long-term productivity (Makanjuola et
al., 2020).

Commercial breeds like Holstein and Jersey have been subjected to modern
breeding programs emphasizing economic traits such as production and health.
This intense selection has led to shorter generation intervals and increased
inbreeding, contributing to reduced genetic diversity (Makanjuola et al., 2020).
Compared to less intensively selected breeds, such as the Rodkulla and Fjillnéra
cattle, Holsteins exhibit a notably higher frequency of long runs of homozygosity
(ROH), suggesting recent occurrences of inbreeding (MacLeod et al. 2013;
Upadhyay et al. 2019; Makanjuola et al. 2020; Harish et al. 2024)

Jersey cattle originated from a small island population, which consequently
constrained their genetic diversity, thereby increasing their predisposition to
inbreeding (Makanjuola et al., 2020). The implementation of genomic selection
has further decreased their already limited population size, intensifying levels of
inbreeding and homozygosity (Makanjuola et al., 2020). This highlights the
importance of balancing genomic selection for productivity with strategies to
preserve genetic diversity and minimize the negative consequences of inbreeding
(Adepoju et al., 2024).

2.3 Detection and Genome-wide distribution ROH

ROH methods have been extensively utilized in both human- and animal-focused
research and are therefore recognized as a robust approach for evaluating
population history (Purfield et al. 2012; Peripolli et al. 2017; Hewett et al. 2023).
Populations exhibiting high homozygosity are predisposed to recessive diseases
and are notably susceptible to environmental changes (Purfield et al. 2012). The
size, prevalence, and genomic distribution of ROH fluctuate significantly due to
various correlated factors, including recombination, selection and ancestry
(Hewett et al. 2023). Longer ROH segments are typically indicative of recent
inbreeding, while shorter ROH indicates a more distant inbreeding (Purfield et al.
2012). Recombination, which gradually fragments long chromosome segments, is
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shaped by the age of the most recent mutual ancestor shared by the parents
(Purfield et al. 2012). Consequently, homozygous segments are typically longer in
inbred populations compared to those with larger effective population sizes
(Gibson et al. 2006).

ROH hotspots, defined as regions with a high concentration of ROH, are
population dependent. Their occurrence is often attributed to recent inbreeding
bottlenecks or selective breeding practices (Hewett et al. 2023). Hewett et al.
(2023) preformed a combination of empirical analyses and evolutionary
simulations to investigate the factors shaping ROH hotspots and ROH islands.
The study included genomic analysis of red deer populations, using high density
SNP to estimate ROH distribution. They also compared population studies to
examine ROH patterns across populations and evaluate the effect of demographic
history. Lastly, genetic simulations modelling selection strength, recombination
rates and population histories were conducted to determined ROH formation
(Hewett et al. 2023). The results identified selection strength as a key factor
influencing the development of ROH hotspots; an elevated selection coefficient
corresponded to increased ROH density (Hewett et al. 2023). Hewett et al. (2023)
emphasize that both a large Ne and strong selection pressures are necessary for
the formation of ROH hotspots. Consequently, in populations with a history of
bottlenecks, genetic drift can have a more substantial impact on ROH patterns
than selection (Ceballos et al., 2018).

ROH islands, which in contrast to hotspots, can be found across populations
(Hewett et al. 2023). ROH islands are therefore, consistently present in multiple
distinct populations rather than being restricted to a single group or breed. These
islands contain genes that are often linked to fitness or production traits (Liu et al.,
2022). ROH clustering can also be a result of technical artifacts or neutral
processes such as low recombination or shared ancestry (Nandolo et al., 2018).
Recombination gradually fragments homozygous regions over generations, unless
constrained by recombination cold-spots or regions of strong linkage
disequilibrium (LD), which may preserve ROH signatures (Hewett et al., 2023;
Gibson et al., 2006).

In cattle ROH islands have been associated with traits like body size, fertility,
and disease resistance (Zhang et al., 2015; Liu et al., 2022). ROH islands shared
across breeds may also reflect similarities in recombination landscapes, as LD
structure is often conserved across closely related populations (Gibson et al.,
2006).
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2.4 Effective population size

The population history has a more substantial influence on the distribution of
ROH than recombination or selection. Although selection can produce genomic
regions with high levels of ROH, such outcomes are dependent on specific
conditions (Hewett et al. 2023). These conditions include a large Ne, strong
selective pressure or population bottlenecks (Ceballos et al. 2018). In populations
experiencing bottlenecks, the effects of genetic drift often surpass those of
selection in which case the ROH patterns are more likely to reflect historical
demographic events, rather than selection processes (Hewett et al. 2023). In
populations with strong selective pressure some regions with increased
homozygosity, usually with beneficial alleles, tend to become fixed which
contributes to ROH formation (Mastrangelo et al. 2018; Hewett et al. 2023).

Breeds with small Ne, such as Swedish native breeds or commercial breeds
subjected to modern breeding programs, are particularly vulnerable to reduced
genetic diversity. This reduction is largely driven by inbreeding and selective
pressures targeting specific productive traits (Upadhyay et al., 2019). Swedish
native cattle have been selectively bred not only for productive traits but also to
maintain production in challenging climates, making them resilient in harsh
environmental conditions (Harish et al., 2024). However, their declining
population size requires careful monitoring to lessen the risk of inbreeding and to
preserve genetic diversity (Ghoreishifar et al. 2020; Harish et al. 2024).

The study by Hewett et al. (2023) identified selection as the primary driver of
ROH hotspots. The same study also suggested that recombination rates may play
a facilitative role in their emergence. Furthermore, the study highlighted that the
primary mechanisms underpinning ROH formation are genetic drift and genome-
wide recombination. Evidently demonstrating the influence of genetic drift on the
formation of ROH hotpots (Hewett et al., 2023).

2.5 Detecting ROH: methodological consideration

Runs of homozygosity are detected using a range of computational methods that
vary in their sensitivity and specificity. The choice of tool and its parameter
settings can strongly influence the detection of ROH, making methodological
transparency essential (Howrigan et al. 2011). Broadly, detection approaches can
be grouped into two groups; sliding window methods, which scan the genome in
fixed-size segments (e.g. PLINK) or likelihood-based methods (e.g. BCFtools),
which statistically model genotype data (Howrigan et al. 2011; Narasimhan et al.
2016).
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Each method carries assumptions and limitations. Window-based approaches
may misidentify ROH if SNP density is low, while model-based approaches are
computationally intensive and sensitive to parameter misspecification
(Meyermans et al., 2020; Nandolo et al., 2018). Factors such as copy number
variation (CNV), gaps in SNP coverage, and genotyping errors can all lead to
false positives or negatives (Ceballos et al., 2018; Nandolo et al., 2018). These
challenges necessitate careful quality control, including minor allele frequency
(MAF) filtering, LD trimming, and setting thresholds for missing data and
heterozygosity (Nandolo et al. 2018; Meyermans et al. 2020).

2.6 Genes

ROH islands and ROH hotspots often harbour genes linked to productions traits,
disease resistance and environmental adaptation (Dixit et al. 2020). This
highlights the role of ROH islands and the formation of breed specific
characteristics (Peripolli et al. 2018). Homozygous regions often emerge in
response to selective pressures, which further results in ROH islands or ROH
hotspots (Zhang et al. 2015). ROH islands across populations suggests that they
contain genes with an important role in selection or evolutionary processes
(Peripolli et al. 2017, 2018; Dixit et al. 2020).

Previous studies have found several candidate genes where ROH islands are
present. Dixit et al. (2020) conducted a genome-wide analysis of ROH in several
native Indian cattle breeds, to investigate selection signatures and genetic
diversity. The study found ROH islands in genomic regions with genes correlating
to production traits. Some of the genes found were PTGFR, CSN1S1 and CSNS2
which are related to milk composition and milk yield (Dixit et al. 2020). Peripolli
et al (2017) conducted a genome-wide analysis of ROH in dairy cattle to assess
genomic inbreeding and identify ROH islands associated with selection. The
study found 14 genomic regions with high ROH frequencies, which indicated
strong selection. The same study found some candidate genes TRAPPC9, IRS?2
and HSFI within ROH islands which correlated with milk yield, milk
composition, lactation and heat adaptation (Peripolli et al. 2017). The presence of
ROH islands correlated with production traits suggests that these islands serve as
markers of selection, which helps in the assessment of genes related to economic
traits and adaptation (Peripolli et al. 2017). Analyzing ROH islands offers a
framework for locating candidate genes that can refine breeding strategies
targeting specific traits (Mastrangelo et al. 2018). This approach is especially
relevant to populations with small Ne, where limited genetic diversity requires
careful management to preserve both productivity and health traits (Mastrangelo
et al. 2018; Dixit et al. 2020).
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3. Method

The project integrates computational models of cattle genomes with population
histories from Swedish breeds to predict the distribution of homozygosity and
genomic inbreeding resulting from genetic drift. To investigate how population
history, inbreeding, and selection influence ROH architecture in cattle, this study
employed two complementary strategies. Firstly, analysis of empirical genomic
data using PLINK for ROH detection, and secondly simulation of genomic data
using msprime to model population-specific demographic scenarios. Lastly, all
statistical analyses and graphs were performed in R version 4.3.1 (Rstudio Team
2023).

The methodological choices were made to ensure comparability between real
and simulated data, while minimizing biases due to data quality or software-
specific artifacts. The following section describes the data sources, filtering
criteria, simulation design, and ROH detection pipeline in detail.

3.1 Data

The simulated population comprises Swedish breeds including Fjéll, Rodkulla,
SRB, and Holstein. The genotyping of these samples was conducted using a 150K
[llumina array, as previously described by Upadhyay et al. (2019). For the
international breeds Holstein, Jersey and the published Holstein population
history of Macleod et al., 2013 were used and the extraction was made by
Adepoju et al. (2024) from the 1000 Bull genome project, run 9, downloaded
from the European Nucleotide Archive (project accession PRJEB56689). The
1000 Bull genome project data is based on Illumina sequencing provided as
genotypes in variant call format (VCF). The simulated breeds and empirical data
were both derived from the works of Upadhyay et al. (2019) and Adepoju et al.
(2024), respectively.

3.2 Simulation of population histories

Population genetic simulations were conducted using msprime v1.2, a coalescent-
based simulator designed for efficient and scalable modelling of ancestral
recombination graphs (Kelleher & Lohse 2020). Simulations aimed to replicate
historical demographic events such as bottlenecks, population separations, and
varying Ne, as described in Adepoju et al. (2024). The different cattle population
consisted of Holstein, Jersey, Swedish red polled (SRB) and Swedish mountain
breed (Fjéll). Table 2 details the number of simulated individuals for each breed
as well as the genotyping methods employed.
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The simulation pipeline was based on publicly available scripts from
https://github.com/mrtnj/cattle_population_history, which allow the modelling of

cattle-like genome structures as previously presented by Adepoju et al. (2024).
Each simulation generated a VCF-file containing 40 individuals per breed. The
resulting VCFs were subjected to the same ROH detection pipeline as empirical
data to allow direct comparison of ROH patterns across simulated and observed
populations. This comparative framework enables the identification of selection
signatures and demographic effects by contrasting expected and observed ROH
distributions.

3.3 ROH detection using PLINK

ROH were detected using PLINK v1.9, a widely used software tool for population
genomic analyses (Purfield et al. 2012; Meyermans et al. 2020). PLINK
implements a sliding window approach (--homozyg) which identifies ROH based
on user-defined criteria related to SNP density, window size, heterozygosity, and
missingness. PLINK evaluates window is for homozygosity based on user-
specified criteria, such as the maximum number of heterozygous and missing calls
allowed (Chang et al. 2023)

The default procedure involves shifting the window one SNP at a time across
the genome. If a sufficient proportion of the window meets the homozygosity
criteria (i.e., the window “passes”), PLINK records the window as part of a
potential ROH. Consecutive overlapping windows that pass the threshold are then

merged to form continuous homozygous segments, which are subsequently
defined as ROH (Chang et al. 2023).

Several settings were adjusted from PLINK v.1.9 defaults to optimize the
detection of both long and short ROH. Which minimizes false positives and
ensures compatibility between datasets of varying SNP density (Ceballos et al.
2018; Meyermans et al. 2020; Chang et al. 2023).

Settings of PLINK v.1.9 used in simulated datasets:
e  Minimum number of SNPs per ROH: 100 (default PLINK v.1.9 setting)

e Minimum ROH length: 1000 kb (default PLINK v.1.9 setting)

e Maximum allowed gap between two SNPs: 1000 kb (default PLINK v.1.9
setting)

e  Minimum SNP density: 1 SNP per 50 kb (default PLINK v.1.9 setting)
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e Maximum heterozygous SNPs per window: 1 (default PLINK v.1.9
setting)

e Maximum missing SNPs per window: 5 (default PLINK v.1.9 setting)
e Window hit rate threshold: > 5% (default PLINK v.1.9 setting)

e Sliding window size: 50 SNPs (default PLINK v.1.9 setting)

ROH segments were defined with a minimum length of 100 kb and a minimum
of 100 SNPs. The maximum gap between SNPs was set to 1,000 kb and a
minimum density of 1 SNP per 50 kb was used, as a default setting by PLINK
v.1.9. A sliding window of 50 SNPs allowed at most one heterozygous and five
missing calls per window. These settings were used to detect both long and short
ROH and adjusted to reflect the SNP density of both empirical and simulated
datasets (Meyermans et al. 2020). The minimum ROH length of 1000kb filters out
very short ROH segments that might arise by chance. This filter allows for all
detected ROH to be biologically meaningful and to still identify short ROH
(Purfield et al. 2012).

Each ROH call was exported into .hom files, containing details such as

chromosome, start and end positions, and ROH length per individual.

3.4 Filtering criterion and quality control

For the empirical SNP Chip data the breeds Fjill, SRB, Rodkulla and Swedish
Holstein breed were filtered (Adepoju et al. 2024). The high-density SNP chip
was already converted into PLINK compatible .map —and -.ped file format.

The dataset was already filtered with a baseline filter consisting of following for
the SNP chip from the native Swedish breeds:

e minor allele count (MAC): 1
e File format conversion: PLINK-compatible-.ped and .map files were used
This configuration ensured the removal of SNPs that were monomorphic
within each breed, thereby retaining only polymorphic variants for analysis.

Thereafter, a filter was implemented to fit this study.

The filter used was following for the empirical SNP chip data:
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e Genotype missingness filter: 0.05

¢  Minimum number of SNPs per ROH: 100

e  Minimum ROH length: 1000 kb (default PLINK v.1.9 setting)
e Maximum allowed SNP gap within ROH: 500 kb

e Minimum SNP density: 1 SNP per 50 kb

e Sliding window size: 50 SNPs (default PLINK v.1.9 setting)

e Maximum heterozygous SNPs per window: 1

e Maximum missing SNPs per window: 1

e  Window hit rate threshold: >5%

Filtering for genotype quality (--geno 0.05) was enabled to remove low-quality
variants, as missing or erroneous SNPs can artificially extend or shorten ROH
segments (Ceballos et al. 2018). The settings for the simulated population and
empirical data were set do differ as little as possible, without the risk of register
bad quality data and still be able to compare the two results (Kim et al. 2022).
Table 1 shows the number of individuals that passed the criterion for the empirical
data.

The maximum allowed SNP gap within ROH requires at least one SNP every
500kb within an ROH (Purfield et al. 2012). This limits the maximum distance
allowed between consecutive SNPs within ROH. Larger gaps may create artificial
joins, particularly in sparsely genotyped regions (Meyermans et al. 2020).
Minimum number of SNPs per ROH filters out ROH formed by only a few
adjacent SNPs, which are more likely to occur by chance, particularly in low-
density datasets (Purfield et al. 2012). Minimum ROH length 1000kb specifies the
minimum physical length (in kilobases) of an ROH. This helps to eliminate
spurious short homozygous segments that may not be biologically meaningful
(Purfield et al., 2012). Minimum SNP density requires at least one SNP every 50
kb within an ROH. This ensures consistent SNP coverage and avoids false ROH
calls in low-density regions (Meyermans et al. 2020).

The dataset was already filtered with a baseline filter consisting of following
for the empirical sequence data were:
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e Biallelic SNP filter

e Minor allele frequency (MAF): 0.000001

e Chromosomes analysed 1-29
Added filtering to empirical sequence data:

¢ Minimum number of SNPs per ROH: 100

e  Minimum ROH length: 1000 kb (default PLINK v.1.9 setting)

e Maximum allowed SNP gap within ROH: 500 kb

e Minimum SNP density: 1 SNP per 50 kb

e Sliding window size: 50 SNPs (default PLINK v.1.9 setting)

e Maximum heterozygous SNPs per window: 1

e Maximum missing SNPs per window: 3

e Window hit rate threshold: >5%

e Genotype missingness filer: 0.05

The maximum missing SNPs per window (--homozyg-window-missing 3)

allows for some missingness while avoiding fragmentation of true ROH, which in
the sequence data is set to 3 and in the SNP chip data is set to 1. This accounts for
the difference in data quality between SNP Chip and sequence data. The settings

of the sequence data were slightly more relaxed to accommodate for higher
variant density and complexity of sequence data (Ceballos et al. 2018).

Table 1 Specification of breed and number of individuals that passed the qualification
criteria from empirical data.

Breed Number of individuals Method

Fjall 23 SNP Chip
Rodkulla 18 SNP Chip
Holstein 24 SNP Chip
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SRB 25 SNP Chip
Holstein 146 Sequencing
(International)

Table 2 Specification and breed and number of individuals from simulated data.

Breed Number of Method
individuals

Fjallko 40 SNP Chip
Rodkulla 40 SNP Chip
Holstein 40 SNP Chip
SRB 40 SNP Chip
Holstein (International) 40 Sequencing
Holstein (Macleod et al., 2013) 40 Sequencing
Jersey 40 Sequencing

3.5 Genome tiling and window-based ROH overlap
analysis

To facilitate ROH analysis across the genome, the reference genome was
partitioned into non-overlapping windows of 1 megabase (Mb) using the
GenomicRanges package in R. The window size of 1 Mb was selected to match
the expected scale of ROH segments typically found in cattle populations. While
smaller windows are computationally feasible, this resolution provides a practical
balance between detecting meaningful ROH signals and avoiding fragmentation
of longer ROH due to window boundaries. Partial windows at chromosome ends
were excluded to avoid biases. Each individual’s ROH was mapped against the
tiled genome using overlap counting:

e The number of ROH segments overlapping each 1 Mb window was
counted per individual.

e A final window matrix was constructed, where each row represents an
individual, each column corresponds to a genetic window, and each cell
contains the count of overlapping Runs of Homozygosity (ROH) within
that specific window for each individual.

3.5.1 Identification of ROH hotspots and ROH islands

To identify ROH hotspots, the summed overlap counts per window were
calculated across all individuals in a population. The threshold for defining ROH
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islands was set to the mean + 2 standard deviations (SD) of the window overlap
distribution for the simulated populations (Purfield et al. 2012).

The threshold was justified based on properties of the normal distribution,
where approximately 95% of observations fall within £2SD. Under a normal
distribution, approximately 2.5% of the windows are expected to exceed the +2SD
threshold by chance. This approach has been adopted to ensure that only genomic
regions with an exceptionally high degree of homozygosity are flagged for further
analysis (Purfield et al. 2012; Gorssen et al. 2021).

Formula mean:
n
2iZ1%;

n

X =

Formula median:
n+1

median =

2 0Oq —%)?
5= n—1

Windows with counts above this threshold were classified as ROH islands. The

Formula standard deviation:

threshold was set to justify the balancing of false positives (random variation)
against sensitivity to true selective signals.

3.5.2 Categorizing ROH by length

To estimate the distribution of ROH segments both within and between the
populations, the ROH segments were classified by length. The different lengths
were conducted based on previous studies with similar methods (Gibson et al.
2006; Zhang et al. 2015; Kim et al. 2022):

e Short: 1-3 Mb

e Medium: 3—-6 Mb

e Long: >6 Mb

These lengths follow established criteria for ROH and align with the previously
decided 1 Mb tiling resolution (Gibson et al. 2006; Kim et al. 2017).
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3.5.3 Statistical analysis and visualization

All analyses were performed in R version 4.3.1 (Rstudio Team 2023) using the
tidyverse suite, including dplyr for data handling and ggplot2 for visualization.
For each simulated and empirical population, descriptive statistics were
calculated: Mean, median, minimum, maximum, interquartile range of window
overlap counts and ROH frequency distributions were plotted across the genome.
Comparisons between simulated and empirical ROH patterns were visualized
through density plots and genome-wide ROH maps.

An analysis of variance (ANOVA) and a Kruskal-Walli’s test was performed
to compare genomic inbreeding coefficients (ROH %) across the different
populations. The aim was to assess whether there were statistically significant
differences between the simulated means and those derived from empirical data.
Since both tests yielded consistent results, only the ANOVA output is presented in
Figure 15 and Figure 16 for clarity.

3.6 Locating genes

Genes located within genomic regions identified as ROH hotspots and ROH
islands were examined to assess potential associations between homozygous
regions and beneficial traits. Threshold values were applied to define ROH
regions, after which the corresponding genomic coordinates were used to identify
overlapping genes. Genes located within ROH islands were annotated using
Ensembl release 109. Genes without known annotations were reported by their
Ensembl gene ID only (Ensembl 2024).
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4. Results

This section presents the results from both simulated and empirical analyses of
ROH in Swedish and international cattle breeds. The simulations were designed to
reflect historical population dynamics and were analysed in parallel with real
genomic data to facilitate direct comparisons.

Overall, the results highlight clear differences in ROH distribution patterns
between native Swedish breeds and highly selected international breeds. Swedish
breeds generally exhibited a larger number of shorter ROH segments, suggestive
of ancient inbreeding and historical bottlenecks. In contrast, international breeds
such as Holstein and Jersey displayed fewer but longer ROH segments, consistent
with recent inbreeding and intensive selection pressure.

ROH islands and ROH hotspots were identified in both simulated and
empirical datasets. These islands varied in location and size across breeds and
were further investigated for gene content to assess possible functional relevance.

4.1 ROH distribution across the genome

To visualise the distribution of ROH over the genome when the genome is divided
into 1 Mb windows. The plots illustrate differences in ROH accumulation patterns
between breeds. Generally, the Swedish native breeds showed several regions
with high or moderate ROH counts. The Fjdll and Rodkulla breeds displays
several regions with moderate ROH clustering (Figure I and Figure 3), while
Holstein shows a more distinct presence of high frequency of ROH (Figure 2).
The sequence data of Holstein displayed the highest level of genomic inbreeding
among all the breeds (Figure 5).
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Figure 1 scatterplot depicts the distribution of "ROH-window-counts" across genome of empirical Fjill SNP Chip data.
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4.2 Detection of ROH hotspots and ROH islands

ROH were analysed across simulated cattle genomes by scanning non-
overlapping 1 Mb windows and defining ROH islands as regions exceeding the
mean window homozygosity by two standard deviations.

The Jersey simulation Figure 11 exhibit the highest ROH coverage and longest
ROH segments. In contrast, the two Holstein populations showed relatively fewer
ROH segments above the threshold value, although the segments tended to be
noticeably long. The Swedish native breeds (Fjill, R6dkulla and Swedish Red
Polled) displayed many homozygous regions. However, they were generally
shorter ROH segments compared to the Holstein breed.

The scatterplots show the distribution of ROH per window over the genome
and visualizes the threshold and mean in the different populations. The x-axis
displays chromosomes numbered from 1 to 29 (chrl to chr29), while the y-axis
measures the number of ROH per window. Each blue dot represents a data point
showing ROH frequency for a specific chromosome. The green line is
representing the mean, and the red line represents the threshold value.
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4.3 ROH coverage and distribution

The differences in ROH coverage by length class indicate that each breed has a
distinct genomic history. As displayed in Figure 13, the Swedish native breeds
showed mostly medium (3-6Mbp) and small (1-3 Mbp) ROH coverage.

In contrast, as shown in Figure 14, Holstein cattle display a high number of
ROHs that predominantly fall into the medium (3—6 Mbp) and large (>6Mbp)
categories. Although their ROH frequency is high, these segments cover only a
small portion of the genome. Meanwhile, Jersey cattle exhibit the broadest
coverage of large (>6 Mbp) and medium (3—6 Mbp) ROH.

41



Total ROH-coverage (Mbp) per class och breed

Fjall Holstein

3000

2000

1000
a
e}
= - coverage_class
@ 0
S B smai (1-3 Mbp)
% Rodkulla SRB I medium (3-6 Mbp)
(8]
— large (>6 Mb
- . ge ( P)
2 3000

2000

1000

0 I

small (1-3 Mbp) medium (3—-6 Mbp) large (>6 Mbp) small (1-3 Mbp) medium (3—-6 Mbp) large (>6 Mbp)

Figure 13 Total ROH coverage (Mbp) per class and breed," compares Runs of Homozygosity (ROH) coverage across four
cattle breeds: Fjdll, Holstein, Rodkulla, and SRB. The ROH segments are classified into three categories based on size: small
(1-3 Mbp), medium (3-6 Mbp)
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Figure 14 Total ROH coverage (Mbp) per class and breed. Compares Runs of Homozygosity (ROH) coverage across three
cattle breeds: Holstein Macleod2013, Holstein_seq (international), and Jersey.
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4.4 Implications of mean and comparison between
breeds

The ANOVA was preformed to show if the ROH inbreeding coefficients
differentiated between the empirical data and simulated data. The results gave an
indication on how well the simulation model represented reality considering
selection, bottlenecks and genetic drift. The results in Figure 15 and Figure 16
shows that the simulated sequence data might underestimate the ROH distribution
in native breeds with small Ne. Whereas, the big sequence dataset was
overestimated in ROH count. A post-hoc Tukey Honest Significant Difference
(HSD) test was performed to pinpoint which breeds differ significantly in their
ROH levels. The results demonstrated disparities displayed in Figure 15 and
Figure 16.

Holstein (international), which is the empirical sequence dataset for Holstein
exhibit the highest genomic inbreeding coefficient (F_ROH), which is
significantly greater than all other populations. This suggests higher levels of
genomic homozygosity. The resulted difference between the empirical Holstein
sequence data and the simulation indicates that a factor not accounted for in the
simulated is affecting the empirical ROH inbreeding coefficient in the sequence
data. The native Fjdll populations did correlate quite well between the empirical
dataset and the simulation. However, there is a slight overestimation of ROH
count in the simulation.
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Figure 15 Visual represents the distribution of genomic inbreeding coefficient (F ROH) across six different cattle populations

based on ANOVA. In this figure ROH (%) visualises the inbreeding coefficient on the y-axis and breeds on the x-axis.
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Figure 16 Visual represents the distribution of genomic inbreeding coefficient (F_ROH) across six different cattle populations
based on ANOVA. In this figure ROH (%) visualises the inbreeding coefficient on the y-axis and breeds on the x-axis.
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4.5 Genes found in ROH islands and ROH hotspots

The ROH hotspots and islands exceeding the defined threshold were mapped and
subsequently annotated using the Ensembl genome browser (Ensembl, 2024). The

table below presents the genomic coordinates of each ROH region (in Mb), along

with the corresponding genes identified within those regions. For genes lacking
functional annotation, only the Ensembl transcript ID is listed. For annotated

genes, both the ID and known gene function are provided. ROH regions found in

the same genomic location across multiple breeds are classified as ROH islands,

while those occurring in only one breed are referred to as ROH hotspots.

Table 3 Genomic regions with detected ROH hotspots or islands.

Ensembl transcript Gene Breed Regio | Trait Reference
ID n
(Mb)

ENSBTAGO0000000 | GART Fjall, 1: 2.0- | Fertility (Fritz et al.
9188 DNAJC2 | Holstein | 3.0 Thermoregulation and polled 2013)
ENSBTAGO0000000 | & phenotype (Fernandes
9187 TMEM5 - Junior et al.
ENSBTAG0000000 | 0B - 2020;
1258 EPCIP - Ghoreishifar et
ENSBTAGO0000006 | PAXBP - al. 2020)
7223 SYNJ -

CFAP
ENSBTAG0000004
3993
ENSBTAG0000000
3064
NSBTAG000000030
63
ENSBTAG0000000
3059
ENSBTAGO0000001 | EVAIC | Fjill, 1:3.0- | Polled phenotype (Ghoreishifar et
7310 MRAP Holstein | 4.0 Visceral fat accumulation al. 2020)
ENSBTAG0000002 | HUNK - (Novo et al.
3718 - - 2022)
ENSBTAG0000002
0762
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ENSBTAG0000001
8854

ENSBTAGO0000000 | KLHL3 | Fjall 7:4.9— | Temperament and stress response (Ruiz-De-La-

2796 FAMI13 | Holstein | 5.0 Energy Metabolism Cruz et al.

ENSBTAGO0000002 | ETF1 - 2024)

0041 CDC23 Environmental adaptation (Liang et al.

ENSBTAGO0000001 | BRDS Growth regulation 2021)

1415 GRFA3 Nervous system function (Liu et al. 2022)

ENSBTAGO0000000 | HSPA9 Stress response and cell function (Johnston et al.

8759 2021)

ENSBTAG0000000 (Wang et al.

8753 2023)

ENSBTAG0000000 (Tripathy et al.

5288 2021)

ENSBTAG0000001

1419

ENSBTAGO0000000 | MYOT Fjall 7:4.9- | Meat quality (Silva et al.

7782 PKD2L2 | Holstein | 5.0 Fertility 2020)

ENSBTAGO0000000 | KIF20A4 - (Nani &

7785 FAM53C - Penagaricano

ENSBTAGO0000000 | KDM3B Fertility 2020)

8758

ENSBTAG0000003 (Ebenezer

0529 Samuel King et

ENSBTAG0000001 al. 2022)

0063

ENSBTAG0000000 - Fjall 7:5.0- | -

4415 SILI 5.1 -

ENSBTAGO0000003 | SLC234 Environmental adaptation and (Ayalew et al.

3747 1 distribution of vitamin C 2023)

ENSBTAGO0000001 | PROBI -

0798 SPATA2 -

4

ENSBTAGO0000003 | DNAJCI Heat stress/ environmental

0520 8 adaptation (Liu et al. 2022)

ENSBTAGO0000001 | ECSCR -

7957 STING1 Thermogenesis and energy (Huang et al.
metabolism 2023)

ENSBTAG0000000

2286
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ENSBTAG0000003

0518

ENSBTAG0000000

2296

ENSBTAGO0000000 | MRPLI15 | Fjall 14: High feed conversion ratio (de las Heras-

1174 SOX17 Holstien | 22.0- | Embryo development Saldana et al.

ENSBTAGO0000000 | RPI 23.0 Microtubule-associated transport 2019)

5748 XKR4 Feed intake and Fedd conversion (Abdullah et al.

ENSBTAG0000001 ratio 2023)

1203 - - (Michot et al.

ENSBTAG0000004 | - - 2016)

4050 - - (Lindholm-

Perry et al.

ENSBTAG0000000 2012)

4243

ENSBTAG0000000

4243

ENSBTAG0000000

4243

ENSBTAGO0000000 | 7GS! Fjéll 14:23. | Pleiotropic (Ghoreishifar et

5898 LYN SRB 0-24.0 | Pleiotropic al. 2020)

ENSBTAGO0000002 | CHCHD | Holstein Pleiotropic

0034 7

ENSBTAGO0000004 | RSPS20 Pleiotropic

9910 SDRI16C Milk and energy metabolism (Laodim et al.
5 2024)

ENSBTAG0000001

9147

ENSBTAG0000001

8570

ENSBTAGO0000000 | STEAP3 | Holstein | 2: 7.1- | Involved in iron metabolism (Xing et al.

7111 DBI 7.2 Insulin and energy metabolism 2025)

ENSBTAGO0000000 | TMEM3 Disease resistance (Huang et al

9517 7 2019)

ENSBTAGO0000002 | CFAP22 Milk content and ion transport (Ghoreishifar et

6825 1 al. 2020)
PTPN4 - (Singh et al.

ENSBTAGO0000005 | TMEM1 - 2022)

4356 77

EPB4LS5
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ENSBTAG0000002 Phenotypic traits and environmental
0855 adaptation
ENSBTAG0000000 (Chen et al.
9058 2023)
ENSBTAG0000001
8236
ENSBTAGO0000003 | RALB Holstein | 2:7.2- | -
2021 INHBB 7.3 Milk content (Singh et al.
ENSBTAGO0000004 | GLI2 Growth, reproduction and milk 2022)
9058 production (Yurchenko et
ENSBTAG0000001 al. 2018)
1682
ENSBTAG0000006 - Holstein | 3: 7.1- -
3036 7.2
ENSBTAGO0000005 | U6 Holstein | 3: 7.2- -
8741 NEGRI 7.3 Milk production and energy (Wang et al.
ENSBTAGO0000005 metabolism 2022)
5278
ENSBTAGO0000001 | NPBWR | Holstein | 14:21. | Feed intake and Temperament (Mota et al.
6159 1 -22.0 2017)
RGS20 Environmental adaptation and
ENSBTAG0000000 production traits (Adhikari 2024)
3454 STIS8 -
PCMTD Fertility
ENSBTAGO0000000 | / (Mota et al.
5560 2017)
ENSBTAG0000001
7492
ENSBTAGO0000001 | RERE Holstein | 16:45. -
8272 ERRFII 0-46.0 -
ENSBTAGO0000000 | SLC454 Reproduction (Sun et al.
6609 1 2023)
ENSBTAGO0000000 | PARK7 Temperament
1401 (Paredes-
Sanchez et al.
ENSBTAG0000002 2023)
0518
ENSBTAGO0000005

8678
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ENSBTAG0000005
1176

ENSBTAGO0000000 | HSDI1IB | Holstein | 18:
5685 2 35.0-

RIPORI 36.0
ENSBTAG0000000
8860
ENSBTAG0000002 | MBP Rodkulla | 24: -
2890 ZNF516 20.0- | Environmental adaptation and (Shashank et al.
ENSBTAG0000000 30.0 | production traits 2021)
4650 GALRI Fertility and reproduction

(Melo et al.

ENSBTAG0000002 2018)
1003
ENSBTAGO0000000 | PTGR3 | Rodkulla | 24: -
1724 30.0- | -
ENSBTAG0000006 40.0 Milk production (Pegolo et al.
1558 2018)
ENSBTAG0000002
2887
ENSBTAGO0000001 | wwcC2 Rodkulla | 27: Mastitis resistance (Zheng et al.
2191 CDKN2 14.0- | - 2025)
ENSBTAGO0000000 | AIP 15.0
0957 - -

TRAPPC Carcass fat
ENSBTAG0000004 | 71 (Martins et al.
7706 STOX2 Foetal growth 2021)
ENSBTAGO0000000 | RWDD4 -
7422 (Prakash et al.

2020)

ENSBTAG0000000
8886
ENSBTAG0000000
3081
ENSBTAGO0000001 | PRIMPO | Rodkulla | 27: -
8863 L 15.0—

- 16.0 -
ENSBTAGO0000006 | HELT - (Ruvinskiy et
3178 SNX25 Immunoregulation al. 2022)
ENSBTAGO0000001 | ANKRD3 -
4704 7

51




ENSBTAG0000001
0351
ENSBTAG0000001
8453

ENSBTAG0000003
4430
ENSBTAG0000000
8682

CFAPY96
TLR3

Pleiotropic

(Chen et al.
2020)

ENSBTAG0000003
4393

ENSBTAG0000002
1263
ENSBTAG0000000
9501
ENSBTAG0000000
3572
ENSBTAG0000006
6762

FAMI149
A
CYP4V2
KLKBI
F11

Rodkulla

27:
16.0—
17.0

Meat quality

Blood coagulation

(Shi et al. 2024)

(Krappmann et
al. 2011)

ENSBTAG0000001
5188
ENSBTAG0000004
9772

KLF6

SRB

13:
44.0—
45.0

Milk production

(Liu et al. 2023)

ENSBTAG0000000
4954

TOX

SRB

14:
25.0
26.0

Reproduction

(De Camargo et
al. 2015)
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5. Discussion

The aim of the study was to simulate genomic data from Swedish and
international cattle breeds to identify runs of homozygosity (ROH) and
homozygosity islands. A comparison of the simulated and empirical data, aimed
to differentiate genomic patterns resulting from inbreeding and provide insight to
how population size and historical structure influence ROH distribution over time.

The coverage and distribution of ROH across the different species demonstrated
the accumulation of ROH in cattle. Overall, native Swedish breeds (Rédkulla,
SRB and Fjéllko) carry shorter segments of ROH throughout the genome,
indicating earlier population bottlenecks. Holstein and Jersey, exhibit fewer but
longer ROH segments, indicative of more recent inbreeding. In contrast, a
comparison with native Swedish breeds revealed ROH islands both within and
between populations, likely reflecting regions with varying levels of
homozygosity that may harbour functionally important genes.

5.1 ROH distribution across the genome and ROH
islands

The genome-wide ROH distribution reflects demographic differences between
breeds. ROH coverage, defined as the number of individuals with ROH in a given
genomic window, indicates how frequently regions are homozygous across a
population. Swedish native breeds showed moderate ROH coverage, consistent
with shared ancestry, while high-coverage regions were rare. The differences in
ROH coverage by length class indicate that each breed has a distinct genomic
history. The Swedish native breeds, such as Fjill, generally exhibit shorter ROH,
reflecting their higher genetic diversity. This finding aligns with the observations
reported by Harish et al. (2024). In contrast, Holstein cattle showed evident peaks
of high ROH coverage, likely indicating more recent selection. This is especially
clear in the sequence data for the Holstein breed. The genomic patterns mirror
effective population size (Ne). A large Ne that remains over time with only some
modest inbreeding or selective pressure yields many short ROH, whereas a small
Ne or recent inbreeding or bottlenecks produces long ROH (Purfield et al., 2012).
Strong selection can also reduce Ne, as selection strategies can increase
homozygosity around certain alleles and reduce genetic diversity in populations.
The two Holstein populations showed relatively fewer ROH segments above the
threshold value, although the ROH segments tended to be noticeably long.

The Swedish native breeds (Fjall, Rodkulla and Swedish Red Polled) displayed
many homozygous regions. However, they were generally shorter ROH segments
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compared to the Holstein breed. This pattern indicates that the native breeds have
a diverse ancestral background and possibly distant inbreeding as previously
described by Harish et al. (2024). The ROH pattern displayed in Jersy suggests
more recent inbreeding and genetic isolation considering the distribution and
frequency of ROH regions (Zhang et al. 2015; Huson et al. 2020).

The results demonstrate a pattern that reflects the genomic impact of both
selection and inbreeding. The Rodkulla and Fjéll breeds historically descended
from relatively small, distinct Ne with limited crossbreeding (Upadhyay et al.
2019). The Swedish breeds as Rodkulla and Fjéll are known for their limited gene
pools with few contribution from commercial breeds (Upadhyay et al. 2019). As a
result, some ROH islands can be observed in the native breeds. The Jersey breed,
originating from an isolated island population, has undergone intensive selective
breeding in commercial programs, a history that is reflected in the distinctive
distribution of ROH segments throughout its genome (Huson et al. 2020). The
results indicate overall that long-term selection and small Ne have driven the
accumulation of ROH in these simulated breeds consistent with the patterns seen
in real cattle populations.

5.2 Implications of ROH

The long ROH segments observed in Holstein and Jersey breeds reflect recent
inbreeding and reduced Ne, consistent with other studies presented by Purfield et
al. (2012). In contrast, the majority of shorter ROH in native Swedish breeds
suggests older shared ancestry and weaker recent inbreeding. Nevertheless, the
identification of breed-specific ROH islands suggests that some regions may have
become more homozygous due to drift or selection.

From a conservation perspective, these insights emphasize the value of native
breeds (Harish et al. 2024). Conservation programs could aim to maintain this
variability by incorporating genomic tools (such as ROH mapping) into breeding
strategies. ROH mapping can provide insights into breeding histories and can
highlight areas of the genome that have been affected by selection or genetic drift.
This can be used in monitoring inbreeding levels, detecting harmful alleles, and
identifying genomic regions associated with important traits. This would allow for
more sustainable and healthy breeding practices (Peripolli et al. 2017; Ceballos et
al. 2018). Efforts should also focus on minimizing further inbreeding, particularly
in small populations by carefully managing selection and promoting genetic
exchange.
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ROH has been widely used as indicators inbreeding levels based on whole-
genome sequencing (Zhang et al. 2015). In livestock, ROH have proven useful in
identifying genomic regions under frequent selection, often appearing as ROH
islands or hotspots. These regions typically exhibit elevated homozygosity around
selected loci compared to the rest of the genome (Mastrangelo et al., 2018).
Additionally, Purfield et al. (2012) found a strong association between extensive
linkage disequilibrium (LD) and a high incidence of ROH. High LD often results
from reduced recombination, drift, or selection, allowing long haplotypes to
persist and form ROH. This suggests that regions with strong LD are more prone
to ROH accumulation, particularly in populations affected by inbreeding or
selection. In this study, such correlations could indicate genomic regions shaped
by both demographic history and selection for traits like production or disease
resistance.

5.3 Genes in ROH islands

The genes found within ROH islands or ROH hotspots further illustrate the effects
of historical population bottlenecks, inbreeding, and selective breeding practices.
Some of the ROH islands contain only one of a few annotated genes, or
uncharacterised genes. Mastrangelo et al. (2018) suggest that this might reflect
selection acting on uncharacterized regulatory regions or due to genetic drift, the
fixation of non-coding DNA. Most hotspots and islands found for the Holstein
breed were related to economic traits as milk production and feed conversion
ratio. However, there were a significant amount of adaptation related genes as
well. The genes found that were related to immune response might according to
Mastrangelo et al. (2018) be caused by local adaptation which reflects natural or
artificial selection for disease resistance. Some traits found in ROH regions for
Rodkulla and relates to economically important traits, including milk content and
meat quality. Which could be considered as a consequence of selection.

Inbreeding increases autozyosity and may trigger homozygous recessive alleles
that express unfavourable phenotypes. High autozygosity resulting from
inbreeding might also affect fertility and contribute to increased susceptibility to
mastitis (Peripolli et al. 2017). Therefore, further investigation could be done with
unfavourable phenotypes and their correlation to ROH islands.

Genes associated with production traits such as milk yield, feed efficiency, and
carcass quality, were more frequently found in homozygous regions of the
Holstein population. This reflects the influence of intensive selection. Swedish
native breeds exhibited a higher number of genes related to environmental
adaptation, although both native and international breeds showed ROH patterns
associated with traits relevant to both production and environmental adaptation.

55



Overall, ROH regions tend to hold functional variants, including both
advantageous and potentially deleterious alleles. Therefore, the genes identified
within these ROH segments offer promising candidates for further investigation
into traits such as fertility, robustness, health and environmental adaptability in
Swedish cattle (Zhang et al. 2015; Ghoreishifar et al. 2020).

5.3.1 Candidate genes in ROH islands and ROH hotspots

Swedish native ROH islands contained GART, a gene implicated in fertility and
embryonic viability. Fritz et al. (2013) specifically associated deleterious GART to
prenatal death in Holstein, underscoring its relevance to reproduction and fertility.
Another island found in native Swedish breeds contained the gene DNAJC2 which
has been liked to both the polled trait and heat stress response (Fernandes Junior
et al. 2020; Ghoreishifar et al. 2020). These findings align with previous work
suggesting that ROH islands may serve as genomic signatures of selection, as they
often harbour genes related to adaptive and economically valuable traits (Zhang et
al. 2015). In the Swedish native breeds ROH islands and hotspots include genes
involved in thermoregulation, metabolism and fertility consistent with adaptation
to harsh climates. However, some genes related to milk production as RSPS20 and
SDR16C5 were found in ROH islands in both Swedish native breeds and
commercial breeds. This highlights their relevance in traits of economic
importance (Ghoreishifar et al. 2020; Laodim et al. 2024). Rodkulla interestingly
displayed hotspots in genes related to milk production PTGR3 but also carcass
quality TRAPPC1 1 and mastitis resistance WIWC2 (Pegolo et al. 2018; Martin et
al. 2023; Zheng et al. 2025). This highlights Rodkulla’s genetic robustness and
underscores the breed’s relevance not only for conservation efforts but also as a
valuable genetic resource for sustainable breeding programs.

5.4 Methodological discussion

The simulations captured key contrasts between cattle breeds. However, some
methodological limitations should be noted. The filters applied on both SNP chip
and sequence datasets could be adjusted to a more forgiving or strict setting to
avoid false positives or false negatives for the datasets.

The settings used in PLINK for ROH detection influence the outcome and
interpretation of the results. In this study, non-default parameters such as
minimum ROH length, SNP density, SNP gap, and window thresholds were
adjusted to balance sensitivity to both short and long ROH while minimizing false
positives in the empirical data. However, these parameter selections are known to
impact the number, length and genomic distribution of detected ROH
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(Meyermans et al., 2020). For example, the minimum ROH length of 500 kb may
have excluded biologically relevant short ROH, particularly in sequence data
where resolution is higher (Ceballos et al. 2018). Allowing only one heterozygous
SNP per window may prevent overestimation of ROH but could fragment ROH in
regions with slight genotyping error. The choice of SNP density threshold (1 SNP
per 50 kb) is also critical, as too strict a requirement may bias against detecting
ROH in low-density genomic regions. Future work could explore the effect of
varying these parameters systematically or use other methods as likelihood-based
methods (e.g. BCFtools), which statistically model genotype data (Howrigan et al.
2011; Narasimhan et al. 2016).

The detection of ROH islands and ROH hotspots is sensitive to the choice of
threshold parameters. The ROH islands were identified using a threshold of mean
+ 2 SD in window overlap counts. While this approach is common, it remains
somewhat arbitrary and there is a risk of losing subtle signals of selection or drift
(Meyermans et al. 2020). Stringent thresholds reduce false positives might
underestimate real homozygosity signals, whereas more tolerant settings risk
including technical noise or regions affected by structural variation (Ceballos et
al. 2018; Nandolo et al. 2018). Furthermore, sequencing and SNP-chip data have
different densities and distribution of genetic markers across the genome, which
can impact ROH detection. Sequence data can identify shorter ROH that might be
missed in SNP chip-based genotyping because sequencing data captures more
variants, allowing for more precise identification of long and short ROH. SNP
chip data typically include fewer and more widely spread markers, which can fail
to detect short ROH, especially in regions with low SNP coverage (Purfield et al.
2012; Kim et al. 2017).

5.4.1 Filter criterion

The study applied several filters on both empirical sequence data and SNP chip
data. This was to exclude SNPs with high missingness and poor quality. At the
same time the different datasets were filtered to be comparable with each other
and with the simulations.

The filters consequently removed rare alleles which could disproportionately
affect the detection of ROH in small or inbred populations. Small populations
often have informative variations in low-frequency alleles (Purfield et al. 2012).
Similarly, applying a uniform MAF threshold across both high-and-lower density
datasets could bias comparisons especially when SNP-chip data and high
sequence data are analysed in parallel (Ceballos et al. 2018).
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For future studies a methodological improvement could include testing a range
of filtering thresholds, especially for heterozygous and missingness, to assess
influence of ROH detection. To minimize platform effects or harmonizing the
datasets the use of either high density SNP chip datasets or whole genome
sequencing datasets. According to Meyermans et al (2020) testing multiple ROH
detection parameter sets evaluate the robustness across different demographic
scenarios. The same article suggests validating empirical data with either
simulated or pedigree data to assess sensitivity and ROH detection under different
filters.

5.4.2 Difference between simulation and empirical data

A notable observation displayed in the results is the mismatch in genomic
inbreeding coefficient, or the proportion if genome that lies within ROH for each
individual in the different populations, between empirical and simulated data in
both Swedish and Holstein breeds. In the case of native Swedish breeds, the
simulation-based demographic reconstructions, which estimate population history
from observed linkage disequilibrium (LD), appeared to overestimate the impact
of historical bottlenecks. This was evident in the higher genomic inbreeding
coefficients in the simulated sequence data compared to the results of the
empirical sequence data. As explained by Adepoju et al. (2024) such bottlenecks
have occurred historically. However, the extent simulated demographic may not
fully reflect the long-term resilience or occasional gene flow that preserved more
genetic diversity in these populations than expected. One possible explanation is
that the simulation underestimated historical Ne due to noisy LD estimates or
short marker distances. This has been discussed in earlier evaluations of LD-based
demographic inference, where it was shown that small sample sizes or biased
marker density can affect Ne estimation at certain time depth (MacLeod et al.
2013). To improve realism, future simulations could increase historical Ne in
Swedish breeds during key generations.

In the Holstein breed, particularly in the high-coverage sequence data, the
simulations underestimated both the number and size of ROH. This discrepancy
likely reflects the genetic diversity and admixture within international Holstein
populations, highlighting a limitation of the simulation model. These factors
capture recent intense inbreeding due to artificial insemination, short generation
intervals, and heavy selection for production traits. These breeding strategies lead
to rapid coalescence of haplotypes and extensive ROH, especially long tracts,
which were more prominent in the empirical data than the simulated Holstein
population. Earlier work by Zhang et al. (2015) and Peripolli et al. (2017)
emphasizes how intense selection for milk yield in Holstein cattle has markedly
decreased Ne and increased autozygosity. A potential solution would be to lower
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Ne in the last few generations of the Holstein simulation to reflect this intensified
selection and founder effects.

These mismatches demonstrate the dual importance of validating simulation
parameters and interpreting ROH patterns considering both demographic and
selective forces. The comparison between simulated and empirical data, as
demonstrated here, offers a practical approach to calibrate demographic events.

Future research could include phenotypic association studies within ROH
islands to identify candidate genes under selection. Combining ROH mapping
with expression and genomic data could help determine whether homozygous
regions harbour adaptive or deleterious variants. Furthermore, integrating
simulations with genome-wide association data and environmental variables could
clarify the functional impact of homozygosity and correlated candidate genes in
different breeding contexts.

59



6. Conclusion

This study applied ROH analysis to both simulated and empirical genomic data
from Swedish and international cattle breeds to examine the impacts of inbreeding
and selection. The findings confirm ROH as a powerful tool for quantifying
genomic inbreeding and identifying both recent and historical demographic
events.

Swedish breeds, such as Fjéll and Rodkulla, exhibited numerous shorter ROH
segments, indicating historical bottlenecks and isolation, whereas international
breeds like Holstein and Jersey showed fewer but longer ROH, reflecting recent
inbreeding driven by artificial selection. These patterns highlight how genetic drift
and selection shape ROH islands, with certain adaptive genes potentially
becoming more homozygous over time.

By comparing simulated and real genomic data, this study demonstrated that ROH
analysis can effectively detect selection signatures and pinpoint key genomic
regions. These insights are crucial for preserving endangered native breeds and
enhancing genomic selection strategies for commercial cattle populations.
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Popular science summary

Cattle are typically bred for improved production traits, but such selection
practices also impact genetic diversity. This study explores the manifestation of
these effects across various cattle breeds, emphasizing Swedish native breeds,
Rodkulla, Fjall, and SRB, while comparing them to internationally selected breeds
such as Holstein and Jersey.

Runs of homozygosity (ROH) are extensive, continuous segments of
homozygous genotypes that arise when individuals inherit identical haplotypes
from both parents. ROH patterns serve as valuable tools for reconstructing
population history and identifying genomic markers associated with genetic drift,
inbreeding and selection. The quantity, size, and genomic positioning of ROH
offer insights into both recent and historical demographic events.

This study combined empirical genotyping data with simulated demographic
models to explore breed-specific histories and selection shape ROH patterns. The
results revealed that Swedish native breeds exhibited many short ROH, consistent
with historical bottlenecks and moderate inbreeding, but also some genetic
diversity. In contrast, Holstein and Jersey showed fewer but much longer ROH
segments, an indication of modern inbreeding and intensive selection.

Regions of the genome where ROH occurred frequently across populations,
known as ROH islands, were also identified. In native breeds, genes associated
with traits like heat tolerance, metabolism, and disease resistance were commonly
observed in ROH islands, suggesting adaptation to local environments.
International breeds showed ROH islands containing genes related to milk
production, growth, and reproductive traits.

Overall, this study highlights the value of ROH analysis as a genomic tool for
assessing the impact of breeding strategies. The findings emphasize the
importance of conserving genetic diversity in native breeds and demonstrate how
genomic insights can support more sustainable and resilient cattle breeding
programs.
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Tack

Forst och framst vill jag uttrycka min djupa tacksamhet till min handledare,
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