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Abstract

Understanding the genomics of adaptation to past climate changes is important to consider
in evolutionary ecology. Using the great tit (Parus major), as a model species, | sought to gain
insight into the processes of adaptation, both within and between populations, in a wild
system. | performed two different types of tests to detect regions under positive selection.
In Chapter 2, | performed a multiple-population genome-environment association (GEA)
analysis broadly spanning the species range. | identified 36 candidate genes associated with
adaptation to climate. The data suggested that climate adaptation appears to be polygenic
and genetically complex, involving many different genes and biological process pathways.
In Chapter 3, | performed extended haplotype homozygosity testing to detect regions under
selective sweeps. | identified 17 potential climate adaptation regions, that had long
haplotypes consistent with positive selection in single or geographically close populations.

| found little evidence of signatures of parallel evolution in different populations.

| then further investigated the temporal trends of the 11 sweep regions associated with
climate adaptation in the UK populations, using whole-genome sequenced museum
specimens (Chapter 4). Three candidate climate adaptation SNPs showed significant allele
frequency changes over the last century. The closest genes to these three potential climate
adaptation regions were identified as the best supported candidate genes. Evidence
supporting them included stringent tests to detect selection from genomic data and an

unusually strong temporal trend in the UK.

The GEA analysis in chapter 2 suggests that substantial climate-associated genetic variation
remains in the pan-European populations, which is likely to be important for adaptation in
response to future predicted climate changes. Models of future climate changes particularly
relevant to wild great tit populations include more frequent and intense heat waves
predicted in the Mediterranean region, which could cause population crashes due to heat

stress, especially in the nestling stage where parental care is required.
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1. General Introduction

1.1. Population responses to climate change

All species of plants and animals worldwide are rapidly experiencing human-driven climate
changes, the pace of which might preclude an adequate response in many populations, with
worse-case scenarios of population crashes and extinctions threatening biodiversity (IPCC
2023). Global warming of the terrestrial and aquatic ecosystem environments may challenge
physiological limits or alter phenology of breeding or life-history traits (Parmesan and Yohe
2003). The indirect effects of climate change possibly include alterations to community
dynamics, with the introduction of new species, changes in community composition, or the
introduction of pandemics to a region (Walther et al. 2002). Monitoring how populations and
ecosystem functioning will respond to a changing environment is a major priority for
conservation (Malhi et al. 2020). Populations that are unable to respond appropriately may

suffer mortality of individuals and population declines (IPCC 2023).

Populations of animals are able to respond to a changing environment in three ways: 1)
Through latitudinal or altitudinal range shifts to more favoured conditions (Rubenstein et al.
2023). For example, some dietary specialist butterfly species have colonized higher
latitudes, that were previously unsuitable in in Sweden and Finland (Sunde et al. 2023). 2) By
phenotypic plasticity, which is the ability of a genotype to express different phenotypes in
different conditions (Price et al. 2003). Shifts in phenology due to climate change are
reported for earlier egg laying and migration dates in birds, emergence timing in insects and
date of tadpole metamorphosis in aquatic systems (Visser and Both 2005). Phenotypic
plasticity may be heritable and partially controlled by genetic mechanisms (Oostra et al.
2018). 3) Organisms may respond by genetic adaptation to new environmental conditions
i.e. evolutionary change (Parmesan and Yohe 2003; Atkins and Travis 2010). None of these
three potential responses to climate change are mutually exclusive processes (Parmesan

and Yohe 2003).
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This Introduction Chapter will now focus on genetic adaptation to climate, as this is to be
detected in the main theme of this thesis. Investigating the genomic basis underlying
evolutionary responses to climate change is important to conduct, as genomic approaches
will help gain insight into how vertebrate populations adapt /or have the potential to adapt

to a changing climate.

1.2.  Genetic adaptation to climate changes

Local adaptation is the process whereby individuals in one population have evolved
phenotypes that give them higher relative fitness in their local environment, than
contrasting to populations that are adapted to heterogeneous environments. For example,
locally adapted genotypes outperform transplanted genotypes (Kawecki & Ebert 2004).
Spatially varying natural selection acting across populations from different environments is
a key driver of local adaptation e.g. driving local adaptation in reef coral from lagoon or reef
slope habitats in Western Australia (Thomas et al. 2022) and driving local adaptation of the
UK bank vole to regional differences in climate (Markova et al. 2023). Similarly, many desert-
adapted mammals show adaptations in fat metabolism, insulin signaling, water retention
and the arachidonic acid metabolism pathway, that are not seen in populations found in less

dry and arid conditions (Rocha et al. 2021).

An adaptive allele may arise in a population by being: 1) Selected from the pre-existing
standing genetic variation. 2) Selected as a newly arising independent mutation. 3)
Introduced into the population via gene flow from a different locally adapted population
(Pritchard et al. 2010). The genomic architecture of an adaptive trait influences how
populations locally adapt, with produced allele frequency changes happening at a few genes
of large effect or many genes of small effect (polygenic adaptation) or a combination of the

two. The rate of genetic change will also be influenced by linkage disequilibrium,
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recombination rate variation and the influence of gene interactions (see Wadgymar et al.

2017 and Pardo-Diaz et al. 2015 for reviews on identifying the loci of genetic adaptation).

1.2.1.Adaptive traits: few loci of large effect

A sequence of selective sweeps at a single locus or a few loci underlies the genetic basis of a
range of adaptive traits (see Figure 1.1 for an illustration of hard vs soft sweeps). In a hard
selective sweep, a new mutation and long-range hitchhiking alleles are favoured, rapidly
carrying a long haplotype to high frequency in the population i.e. fixation (Pritchard et al.
2010). Haplotype diversity is influenced by demography, marker spacing, between-

haplotype recombination and rare mutation events (Stumpf et al. 2004).

For adaptive traits controlled by few loci of major effect, distinct genomic sweeps will be
observed on few genes, characterised by large allele frequency changes in adaptive loci and
those nearby, to form lengths of identical haplotypes (Reid et al. 2023). Classic examples
exist for adaptive traits controlled by few major effect loci, namely adaptive melanismin the
peppered moth (Van’t Hof et al. 2016) and sickle cell anaemia in humans (Elguero et al. 2015).
In addition, lactose tolerance in humans primarily occurs by evolutionary changes at only
one gene, with multiple selective sweeps on different alleles being identified at the same

gene (Tishkoff et al. 2007).
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Origin Time Fixation

A) Hard selective sweep: |

Selection on a
single new mutation | I |

B) Soft selective sweep: |

Selection on a
pre-existing variant | |

C) Soft selective sweep: |

Selection on multiple
new mutations | I

Figure 1.1: Hard and soft selective sweep processes. The green, blue and orange vertical
lines represent alleles under selection, while the black lines are adjacent SNPs. Signatures
of recently completed hard selective sweeps (panel A) include reduced genetic variation
along the haplotype, although rare new mutations may arise. Soft sweeps include selection
on a pre-existing mutation (panel B) or selection on multiple new mutations (panel C). Soft
sweeps and partial (ongoing sweeps) are more difficult to detect than hard sweeps using
standard tests of selection because the haplotypes under selection stand out less relative to
haplotypes in the rest of the genome. Figure redrawn from Pritchard et al. 2010, with the

original figure also published in Jenson 2014.
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1.2.2.Polygenic adaptation: many loci of small effect

In polygenic adaptation changes to lots of genes are involved, whereby a phenotype evolves
as a result of selection driving small effect allele frequency changes across hundreds or more
sites i.e. many loci of small effect are contributing (Fisher 1919) - effectively by a series of
selective sweeps. Most life-history adaptive traits are described as polygenic in plants,
animals and humans (Visscher et al. 2017), or are expected to be. Highly polygenic traits may
have a greater potential for adaptation to novel environments because of the larger number
of loci that can change in frequency (Jain et al. 2017). An example of polygenic climate
adaptation is observed between two common species of tabletop coral (Acropora
hyacinthus), where evolved differences in microhabitat and thermal stress tolerance traits

have resulted in variation in each species’ resilience to climate change (Rose et al. 2018).

1.2.3.0ther evolutionary processes of long-term allele frequency

changes

The process of natural selection on alleles drives genetic adaptation to the local
environment, but this positive selection is often opposed by allele frequency changes due to
genetic drift and gene flow in natural populations (Andrews 2010). In addition, balancing
selection can also produce short term directional selection (i.e. maintaining polymorphisms
above what is expected under neutrality), resulting in stable allele polymorphisms
(Charlesworth 2006). A case-study of balancing selection regimes on HLA (adaptive immune
response) genes across human populations, showed different sets of alleles were
maintained in different populations. The expectation from theory is that balancing selection
reduces population differentiation. However, the authors of the case-study found balancing

selection regimes could increase population differentiation (Brandt et al. 2018).
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1.2.4.Parallel evolution of local adaptation

Adaptive traits can evolve in parallel in different populations or in different species from
selection of the same contributing loci (Reid et al. 2023). The adaptive alleles may be
repeatedly selected in parallel from shared ancestral standing genetic variation,
independently arising mutations, or spread across populations via gene flow (Savolainen et
al. 2013). An example of parallel local adaptation to altitude has been demonstrated for two
tropical butterfly species found on mountain habitats on either side of the Andes, but not in
five close relatives. This example of parallel adaptation in mountain butterflies found
support for the role of standing genetic variation and gene flow from independently adapted
species in the process of local adaptation (Montejo-Kovacevich et al. 2022). Furthermore,
different combinations of allele changes may produce the same adaptive phenotype in
different populations. This has been termed genotypic redundancy (Yeaman 2022) and is

considered as the non-parallel evolution of the adaptive trait (Reid et al. 2023).

1.3. Examining spatial evolutionary changes of adaptation

1.3.1.Genomic detection of signatures of local adaptation

Signatures of local adaptation can be investigated across the genome using 1) extended
haplotype homozygosity (EHH) statistics to detect selective sweeps; 2) genome scans of
differentiation to detect signatures of selection; and 3) genome scans to perform genome-
environment association (GEA) analyses. Selection signatures underlying adaptation of
large effect loci are revealed more clearly with all of the above methods, than when trait
architecture is highly polygenic and involves the detection of many small effect loci

(Novembre and Barton 2018).
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1.3.2.Cross-population EHH statistics to detect selective sweeps

Signatures of selective sweeps can be detected in the genome from a distinctive signal of
low genetic variation across large regions of the extended linkage disequilibrium haplotype,
with these regions departing from neutrality (Fay et al. 2002). A faster sweep carries a longer
haplotype with it because recombination does not have time to whittle down the region.

Similarly, the sweep is larger in regions with low recombination rates (Pritchard et al. 2010).

Several haplotype-based statistics have been developed for comparing EHH profiles
between populations (reviewed by Abondio et al. 2022), to identify hard selective sweeps
and infer when positive selection is recent and ongoing (Sabeti et al. 2007). Five widely used
cross-population EHH statistics include the integrated haplotype homozygosity score iHS
(Voight et al. 2006), cross population XP-EHH (Sabeti et al. 2007), the ratio of EHHS between
populations Rsb (Tang et al. 2007), cross population composite likelihood ratio XP-CLR
(Chen et al. 2010) and the more recently developed cross-population number of segregating

sites by length XP-nSL (Szpiech et al. 2021).

Cross-population EHH statistics are often used in combination with each other and can be
combined with the Fst statistic measure of genetic differentiation (see Section 1.3.3) to
identify regions under selection, e.g. XP-EHH and Fst were combined in a study of selection
across European and Middle East sheep breeds (Eydivandi et al. 2021). The significant loci
identified in the intersection of the combined EHH statistics, are potentially the strongest
candidate genes for adaptation traits. For example, using iHS, XP-EHH, Rsb and Fst methods,
candidate genes for environmental adaptation traits have been identified in north African
cattle. These genes are implicated in adaptive immune responses and for adaptation to
extreme temperatures and/or chronic hypoxia in the mountain regions (Ben-Jemaa et al.
2020). Further studies using combined EHH statistics have identified selection signatures of
selection for heat tolerance in Zebu (Li et al. 2020), and candidate genes for hot climate

adaptation in sheep (Alvarez et al. 2020; Zhang et al. 2021).
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1.3.3.Genome scans of population differentiation to detect regions

under selection

Population differentiation between pairs of populations can be detected by fixation index
Fst (Wright 1949) outlier approaches, comparing allele frequency changes because of
divergent selection patterns, to within-population allele frequencies (Beaumont and Nichols
1996). The output Fst statistic can have a value of zero representing identical populations,
ranging up to one, to representing fully differentiated populations (Wright 1949). Lewontin
and Krakauer (1973) proposed that loci likely under selection could be identified from those
Fst values that diverged from more or less than expected by chance, as all of the loci
experience the same background processes e.g. drift and population structure. Beaumont
and Nichols (1996) identified genomic regions significantly differentiated from neutral
model expectations as ‘outliers’ (e.g. in the top 1% of Fst values), implementing a null model
approach to identify regions likely under selection, from which candidate adaptive loci and
their closest candidate genes can be identified (Figure 1.2). For example, Fst methods have
been used to identify candidate genes for adaptation to salinity in Atlantic Herring (Larsson
et al. 2007). Some extended population differentiation statistics have now been developed
to account for genetic drift and hierarchical population subdivisions caused by variation in
population size, structure and kinship in models when modelling the neutral genetic
divergence between populations e.g. the FLK value (Bonhomme et al. 2010). However, in
general Fst is robust to demography and is still a widely used first step for identifying

candidate genes under selection in studies of evolutionary ecology (Beaumont 2005).
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Figure 1.2: Genome scan of population differentiation, shown for the Fst outlier approach.
Genomic regions under positive selection are identified as ‘outliers’ for high differentiation
(e.g. top 1% Fst). SNP variants identified in regions under positive selection are candidate
adaptive loci. Signatures of many candidate loci under positive selection are identified for

polygenic traits. Figure reproduced from Fan et al. 2016.

Using Fst to measure population differentiation has often been included in suites of tests to
detect genetic signals of adaptation. For example, Fst and XP-CLR testing co-identified
candidate genes EPASI and EGLN1 for adaptation of Tibetan people to living at altitude (Xu
et al. 2011). Ghanatsaman et al. (2023) performed pairwise Fst and nucleotide diversity (pi)
testing of indigenous goats from west and south Asia vs European goat breeds, to detect
selection signatures. They identified three candidate genes related to adaptation to hot, dry
climates in Asian breeds from the top 1% Fst threshold as a cut-off. Among them candidate
genes CDH9 and HERC6 had already been linked to environmental adaptation in cattle
(Serranito et al. 2021) and MSRB3 was linked to heat stress in pigs (Edea and Kim 2014). A
further two candidate genes RYR1 and LRFNS5, relating to the immune response, met both the

Fst and nucleotide diversity top 1% significance threshold.
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1.3.4.Genome-environment association to infer candidate adaptive

loci

Genome-environment association (GEA) analyses are powerful approaches that can be
applied to the situation of having genotyped individuals from multiple populations and
those populations varying for an environmental variable(s) of interest (Rellstab et al. 2015).
These GEA approaches measure genetic differentiation between all of the populations at
each locus, and then test to see which loci are most strongly associated with the
environmental variable(s) (Rellstab et al. 2015; Hoban et al. 2016; Forester et al. 2018). GEA
essentially extends Fst differentiation tests of population genomic data, by including
environmental data, and these GEA tests can detect subtle allele frequency shifts across
multiple loci due to weak selection; a characteristic of polygenic adaptation (Pritchard and

Di Rienzo 2010; Berg and Coop 2014).

The environmental data can be collected in the field or sourced from climate data sets for
specific time periods. See Schoeman et al. (2023) for a review of global climate models for
use in life sciences. The underlying assumptions or limitations of a chosen climate data set
are important to consider in the interpretation of the results of a GEA (Rellstab et al. 2015;
Bernatchez et al. 2023). Single environmental variables may be run independently, but it has
been demonstrated that constrained signatures of multi-dimensional environmental data
sets, e.g. by first performing a principal component analysis (PCA) or particularly for using
redundancy analysis RDA (Capblancq and Forester 2021), performs better at identifying true-
positive loci under selection and reducing false-positive rates (Forester et al. 2018). For
example, temperature, rainfall and wind were found to be the main environmental variables
driving adaptation in natural populations of fruitfly Drosophila melanogaster, extrapolated

from 59 environmental variables and a GEA approach (Bogaerts-Marquez et al. 2020).

Several GEA methods have been developed including BayEnv2 (Glinther and Coop 2013),
LFMM (Frichot et al. 2013), BayeScEnv (de Villemereuil and Gaggiotti 2015) and BayPass
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(Gautier 2015), with Bay-/Baye- denoting a Bayesian framework. When a GEA is performed in
any of the packages, a value of environmental association is produced for each considered
locus, calculated by the chosen method (Rellstab et al. 2015). Some of the methods
incorporate corrections to reduce false-positive reporting in different spatial scenarios, e.g.
BayPass accounts for any autocorrelation of spatial processes or joint demography with
environmental gradients (Gautier 2015). When the GEA is run in BayPass to identify
environmental association, the output of Bayes Factor (BF) values presented on a Manhattan
plot would look like Figure 1.3. The significance threshold for outlier identification in
BayPass is >10 BF for ‘good’ evidence of association to the environmental variable and >20
BF for ‘decisive’ evidence (Gautier 2015). See Morey et al. 2016 for a review of how BF can

quantify statistical evidence.
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Figure 1.3: The genome-wide output of a genome-environment association analysis
presented as a Manhattan plot. Outlier variants identified above the significance threshold
for evidence of association to the environmental covariate of interest are shown in green.

Data are from the GEA data analysis using BayPass described in Chapter 2.
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When candidate adaptation loci are identified, a reference genome for the species can then
be used to identify the closest gene(s) to each (Tiffin and Ross-Ibarra 2014). The produced
set of candidate environmental adaptation genes can then be statistically tested for
functional enrichment of the species’ most up to date gene ontology (GO) terms, for
biological process, molecular function or cellular component (Tomczak et al. 2018). An
example of a published GEA study using BayPass methods, identified candidate climate
adaptation genes in cattle, with candidate genes enriched for GO terms including UV
protection, thermoregulation, heat stress and desiccation (Flori et al. 2018). Overall, in
relation to climate change research, GEAs have a broad use for identifying candidate climate
adaptation genes across species, and climate adaptations in common can be compared for

functional enrichment (Waldvogel et al. 2020).

1.3.5.Common considerations for using methods to detect regions

under selection

When interpreting any of the above methods of genome scans for detecting regions under
selection or associated with environmental adaptation, it is necessary to consider that: 1) a
small number of false-positives may be statistically generated e.g. in GEA methods (Gautier
2015), and a small number of true-positives could be missed. 2) Any identified candidate
adaptation SNP may simply be in close linkage with the functional site under selection
(Wang et al. 2010). 3) Candidate adaptation SNPs are only potential candidates because
none of the genome scan methods directly determine the causal drivers of selection (Tiffin

and Ross-lbarra 2014; Wadgymar et al. 2022; Bernatchez et al. 2023).

1.4. Comparative candidate climate adaptation genes

across vertebrates
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The genome scan approaches to identify regions under selection, can be used as one
method alone (e.g. GEA) or in a suite of combined cross-population EHH and Fst or GEA
methods, to help narrow down sets of candidate genes underlying adaptation (Ahrens et al.
2018). A combination of population differentiation testing, Fst and pcadapt (Privé et al.
2020), and GEA using partial redundancy analysis (Capblancq and Forester 2021), detected
multilocus climatic adaptation of bank voles in the UK to regional environmental
differences, with GO term enrichment for many functions that link to heat or oxidative stress

(Markova et al. 2023).

In published genome scans for selection, few candidate climate adaptation genes have been
co-identified across vertebrate species (Franks and Hoffman 2012; Tian et al. 2020). Studies
of domestic species have tended to identify candidate genes that are known to be associated
with food production traits (Passamonti et al. 2021; Flori et al. 2018; Saravanan et al. 2021),
presumably because they are detecting signatures of artificial selection/animal breeding.
The few shared candidate climate adaptation genes appear to be related to adaptation to
hot or hypoxic environments e.g. detected under selection in cattle breeds from warm
regions (Flori et al. 2018; Ben-Jemaa et al. 2020; Saravanan et al. 2021) and as candidate

genes for adaptation to heat-stress in chickens (Tian et al. 2020; Rachman et al. 2024).

1.4.1.Experimental validation of candidate genes

Experimental validation of the involvement of candidate adaptation loci with
climate/environmental adaptation is desirable (Hoffmann et al. 2021; Bernatchez et al.
2023). Common garden experiments involve rearing individuals from different environments
in a common, controlled setting e.g. an aviary, a field or a laboratory, which can be used to
study, but not test, local adaptation processes (de Villemereuil et al. 2016). However, it may
be difficult to rear some larger vertebrate species in laboratory controlled settings,

especially for those with long generation times (Bernatchez et al. 2023).
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In contrast, reciprocal transplants of individuals from populations experiencing different
conditions can capture the fitness benefit for adapted individuals to test/prove local
adaptation (with an overview of studies of this type reviewed in Wadgymar et al. 2022).
Reciprocal transplant experiments might be difficult to execute in mobile or long-lived
species due to logistical and safety constraints of conducting field experiments in the wild
(Wadgymar et al. 2022). Despite the validation of candidate adaptation genes being an
important next step, very few of the published candidate climate adaptation genes for
vertebrates have had their fitness effects experimentally quantified (Pardo-Diaz et al. 2015;

Hoffmann et al. 2021; Wadgymar et al. 2022).

1.5. Examining temporal evolutionary changes of

adaptation

The genetic adaptation of a population to its experienced environment can be investigated
through examination of adaptive allele frequency changes over time, utilising a time-series
of sequenced museum specimens or sequencing individuals across multiple generations in

an experimental evolution setting.

1.5.1.Museum time-series analysis of evolutionary change

Natural history collections can provide a genomic resource of species/population history,
whereby animal specimens collected from wild populations across multiple time points can
be genotyped or sequenced, to investigate temporal genomic changes (Clark et al. 2023).
Museum specimens are typically from populations in the last 100 years (Holmes et al. 2016)
and changes in allele frequency can also be compared to present day contemporary
populations or even compared back to ancestral populations (Dehasque et al. 2020). A time-
series of museum specimens can be used to investigate adaptive genetic changes to local

environmental conditions, with adaptation indicated by a relationship between a change in
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an environment variable and changes in loci under selection (Holmes et al. 2016; Clark et al.
2023). However, interpretation of allele frequency trajectories over time must reflect that
changes in the environment may not necessarily be driving selection (Loog et al. 2017; Clark

et al. 2023).

The availability of museum specimens for a given time-period is reliant upon what
specimens were originally collected in the field, and how often populations were re-sampled
(Holmes et al. 2016). Storage methods of museum specimens also influence the quality of
DNA extracted for sequencing e.g. short read, and sometimes only low coverage, sequence
data is often the only option for museum samples (Raxworthy and Smith 2021). Museums
may also be wary of allowing DNA extraction from their collections. Potential biases in allele
frequency change may be observed from museum time-series for a population of interest
(Raxworthy and Smith 2021; Clark et al. 2023), which may be caused by demographic history
and the confounding effects of gene flow e.g. historical bottlenecks, migration events or
admixture when previously isolated populations interbreed (Rellstab et al. 2015). See Clark
et al. (2023) for a recent comprehensive review of the use of temporal genomics for
measuring evolutionary responses to climate change. Signatures of balancing, purifying and
positive selection can be investigated using a time-series of museum or ancient paleo-

specimens (Loog et al. 2017).

1.5.2.Experimental evolution over generations

In the setup of experimental evolution, species with very fast generation times, such as
microbes, Daphnia or Drosophila, are reared in controlled laboratory conditions, with
replicate populations facing different environmental conditions (Kawecki et al. 2012).
Evolution in action for local adaptation can be observed in experiments of this type, with
genome-wide responses to single and multi-dimensional selection and novel mutations
trackable across hundreds of generations (reviewed by White et al. 2022). However, the

genetic responses to environmental agents seen in population lines from model species in
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simplified, highly controlled experimental setting may not always transpire in natural
populations with interacting evolutionary pressures and environmental heterogeneity

(Kawecki et al. 2012).

Candidate loci identified under selection in an experimental evolution setting need to be
functionally validated, by either experimental confirmed phenotypes which can be time-
consuming to conduct, or by a second evolve and resequence experiment - where crossing
an evolved population with ancestral founders is expected to see a repeatable frequency
increase of the candidate allele when exposed to the same environmental conditions (Burny

et al. 2020).

1.5.3.Local adaptation and genomic vulnerability for population

conservation

Genomic investigations of how past selection has affected spatial and temporal allele
frequency changes in response to a changing climate, are providing new insights into local
adaptation (Wadgymar et al. 2022; Bernatchez et al. 2023; Clark et al. 2023). The
identification of environmental adaptation loci may help inform population genomic
vulnerability assessments (Hoffmann et al. 2021). If populations are assessed to be
exhibiting low genetic variation, such as for fragmented or range edge populations,
conservation genetic practices may be recommended to conserve the adaptive potential of

these populations to be able to respond to future climate changes (Nosil et al. 2019).

1.6.  Great tit study species

The remainder of this introduction chapter will now focus on the great tit study system and

the investigation of their possible genomic adaptation to climate.
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1.6.1.Great tit species complex

The great tit Parus major (order passerine) is a terrestrial hole-nesting songbird, distributed
across Eurasia (van Balen 1973; BirdLife International 2024). The Birds of the World database
(Gosler et al. 2020) describes a one species complex for Parus major, as there is insufficient
genetic evidence to regard the great tit (P. major), Japanese tit (P. minor) and their hybrid
crosses in far East Russia and China, along with the cinereous tit (P. cinereus) as separate
species. See Johansson et al. (2013) for a published phylogeny of Parus species based on
nuclear genes Myoglobin and ODC, and the mitochondrial gene ND2. In addition,
investigation of mitochondrial differences in Parus major by Song et al. (2020) identified one
mitochondrial group across Europe and four mitochondrial groups across Asia. They
discussed that the greater diversity across Asia might reflect the greater range of habitats
provided by the Himalayas and may suggest the origination of Parus major in Southeast Asia

(Song et al. 2020).

1.6.2.Population distribution of great tits

The range of the great tit subspecies groups are displayed across Eurasia (Figure 1.4). The
Parus major major group has the widest distribution area of all the groups, with range edges
into Russia, North Africa, and Iran. Different populations of Parus major are often classified
by island or geographic distribution e.g. Parus major corsus (Iberian peninsula and Corsica),
-mallorcae (Balearic Islands), -ecki (Sardinia), -niethammeri (Crete), -aphrodite
(Mediterranean), -excelsus (Northwest Africa), -terraesanctae (Northwest Syria, Lebanon,
Israel and Jordan), -blanfordi (North Iraq and Iran), -kapustini (Northwest China), -tibetanus
(Southwest China to Tibet), and -intermedius (Northeast Iran and adjacent to SW
Turkmenistan) (Clements et al. 2022). Parus major newtoni is only found in the UK (Figure
1.5), distinguished from the morphologically similar -major that is also present in the UK, by

longer bill lengths in newtoni (Kvist et al. 1999; Kvist et al. 2003).

27



Greenland

ua New.
uinea

Agola & s
B Ve

Parus major major group B Parus major minor group

Parus major cinereus group " Parus major bokharensis group

_ . . - Range overlaps of Parus major groups

Figure 1.4: Parus major major, -minor, -cinereus and -bokharensis group distributions across

Eurasia (interpreted from Kvist et al. 2006). Base map figure reproduced from BirdLife
International  (2024)  Species  factsheet:  Parus major.  Downloaded  from

http://datazone.birdlife.org/species/factsheet/great-tit-parus-major.
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Figure 1.5: Distribution of Parus major subspecies for sampled European great tits,

reproduced from Kvist et al. 1999.

A reconstruction of great tit European colonisation using the HapMap samples (see section
1.8.5) suggests that the current European population distribution has likely spread from a
single restricted refugium in South-Eastern Europe after the lastice age (Spurgin et al. 2024).
Contemporary wild populations of great tit experience a wide range of climate conditions
across Eurasia (BirdLife International 2024), which suggests that they have locally adapted
to them since the last glacial period (Spurgin et al. 2024). The potential for adaptation to
many different climate conditions justifies the choice of the great tit as a study system to
investigate the genomic signatures of climate adaptation, rather than an alternative

vertebrate species with a narrower range of experienced climate conditions.
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1.6.3.Great tit dispersal and gene flow

In Europe, and especially the south of Europe, the great titis residenti.e. they do not migrate,
after establishing territories in or near their natal site (Gosler 1993). Migration is considered
rare, although it is sometimes recorded between Northern European populations (Kvist et
al. 1999). The recorded migration routes of great tits over Europe have been mapped on an
online migration atlas from bird ringing records: https://migrationatlas.org/node/1850
(Figure 1.6). Many of the populations across Europe contain mostly resident and native of
origin individuals (Gosler 1993), but longer distance migration has been observed in the UK
population in response to extremely harsh conditions (Kvist et al. 1999). The migration map
illustrates that dispersal between great tit populations does occur, with some birds
migrating long-distances from the Baltic region, suggesting some facilitation of gene-flow
between populations via highly mobile individuals. However, some individual birds may
migrate over large distances, but then return to native natal grounds to breed, such that

gene-flow does not occur (Prof. Ben Sheldon and Prof. Marcel Visser pers. com.).

Clearly though, rare migration, has been enough to ensure Fst is very low between
geographically distant populations e.g. low differentiation (Fst <0.05) between UK and NL
populations (Van Bers et al. 2012; Bosse et al. 2017; Spurgin et al. 2024). The large effective
population sizes of great tits found in continental Europe (Van Bers et al. 2012) and low levels

of differentiation is suggestive of a panmictic population across Europe (Spurgin et al. 2024).
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Figure 1.6: Great tit migration flights lines recorded across continental Europe.
Screenshot from The Eurasian-African Bird Migration Atlas for the great tit:
https://migrationatlas.org/node/1850 (downloaded in Dec 2023). The data is based on the
European Union for Bird Ringing (EURING) records (ring recoveries and tracks) -
https://euring.org. The Atlas was developed in collaboration with the Bonn Convention
(Convention on Migratory Species) by the European Environment Agency and funded by the

Italian Government.
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1.6.4.Demographic trends in contemporary European great tit
populations

The number of breeding pairs of P. major is stable in the European Breeding Bird Atlas 2
(EBBA2 2022). Although, in the future this may follow a general trend of moderate bird
declines in woodland, farmland and urban birds across Europe since 1980, attributed to
raised average temperatures and the use of pesticides and fertilizers (Rigal et al. 2023).
Halupka et al. (2023) produced a global meta-analysis of climate change effects on avian
offspring production (1970-2019) for 200 populations of 104 bird species. Over the study
period, significantly fewer offspring were produced in 17.4% of populations, and
significantly more offspring in 10.4% of populations. Climate change was suggested to
influence offspring production, either positively or negatively, through its compounded
effects on ecological and life history traits of species. For example, smaller sedentary species
tended to produce more offspring under global warming because of warmer chick-rearing
periods. Specifically for eight great tit nest-box populations (29,590 clutches, studied over 2-
5 decades) that were included in the described meta-analysis, the four populations from
protected areas were estimated to produce fewer offspring due to climate change, while the

other four populations produced more offspring than expected (Halupka et al. 2023).

1.6.5.Great tit ecological model system

Wild populations of great tits that readily breed in provided woodland nest boxes are an
excellent ecological model system to record phenotypes in the wild and monitoring
population dynamics. Three significant long-term great tit field study sites in Europe are
located in: 1) Wytham Woods, Oxford, UK (Lack 1964), which has grown from 100 to 1000 nest
boxes, recorded for 75 years (Sheldon et al. 2022). 2) Hoge Veluwe, Netherlands (NL), on the
Dutch mainland and 3) Vlieland, NL, on a North Sea island. Both sites in the NL, have
monitored ~400-450 nest boxes since 1955 (with both study areas described in Tinbergen
and Boerlijst 1990). Local environmental and climate conditions of the field study sites are

measured each year.
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Field observation of egg lay date and chick development in nest boxes, and sighting and re-
capture of ringed great tits over their ~4 year lifespan (van Balen 1973), can provide life
history trait information on an individual’s health and reproductive success/fitness
(McCleery et al. 2004; Santure et al. 2013; Sheldon et al. 2022). Social pedigrees may be
constructed for monitored populations of great tits, but these would likely contain errors
due to extra pair paternity e.g. ~15% in the Wytham population (Patrick et al. 2012). Blood
can be sampled for DNA sequencing, which can be used to investigate relatedness,
population differentiation and signatures of selection (see Bello et al. 2023 for a review of
studying selection signatures and identifying candidate genes using whole-genome data in

chickens).

Behaviour of individuals in a field study population can be directly observed. For example,
field studies researchers at Wytham Woods, Oxford have radio-tagged populations of tit
species to monitor the use of feeding stations to investigate foraging behaviour and social
dynamics (Farine and Lang 2013; Aplin et al. 2015; Firth et al. 2016). Further investigation of
foraging in mixed species flocks has revealed dominance of great tits towards blue tits, and

avoidance of marsh tits if great tits are present at feeding stations (Maziarz et al. 2023).

Long-term monitoring of great tit study populations may reveal trends across different
populations over time; for example any changes in life-history traits or any influencing
changes in community interactions e.g. disease/parasite infection, competition with other
species, and predation levels (Sheldon et al. 2022). A wide range of diseases and parasites
are known to infect wild great tit populations e.g. bird flu (Wade et al. 2022), malaria
(Isaksson et al. 2013), Salmonella in nest boxes and bird feeders (Krawiec et al. 2015;
Boonyarittichaikij et al. 2017), and Trichomonosis disease caused by a protozoan parasite
Trichomonas gallinae (Robinson et al. 2010), which affects fecundity and mortality in
infected bird populations (Lachish et al. 2011). These long-term field studies make great tits
an excellent ecological model system to investigate population ecology, evolution and

behaviour, and community dynamics over multiple decades of time.
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1.7. Local adaptation and climate change

1.7.1.Climate change and advancement of egg lay date

Great tits typically lay their first brood of 7-9 eggs in April-early May, with second broods
possible later in the summer (van Balen 1973). The optimal timing (phenology) of egg lay
date and hatching date of great tit chicks is associated with spring synchrony of the tri-
trophic (oak tree-winter moth-great tit) food web, to raise great tit chicks with plentiful
caterpillars (Perrins 1970; Visser et al. 1998; Hinks et al. 2015). Earlier egg laying in great tits
has been associated with warmer recorded spring temperatures over the last six decades in
the UK (see Figure 1 of Cole et al. 2021). An advanced egg lay date has also been observed in
the Hoge Veluwe, NL study population, where a phenological mismatch in peak caterpillar
prey has led to directional selection for earlier seasonal breeding (Visser et al. 2021). The
advancement of egg lay date in great tits may phenologically match or mismatch the

tracking of advancement in peak caterpillar abundance (Figure 1.7).

In recentyearsinthe Hoge Veluwe great tit study population, the caterpillar peak abundance
date has advanced no further, while the date of the mean great tit egg laying date has got
earlier, thereby reducing the current phenological mismatch (Visser et al. 2021). It remains
to be seen if the earlier egg lay date in great tits can continue to match peak caterpillar
resources for chicks with future climate changes; as mis-matched timings could inhibit the
growth, development and survival of clutches. Future climate projections of the Hoge
Veluwe great tit study population suggest that phenological mismatches will increase, as
advancements in the caterpillar abundance peaks will likely outpace earlier egg laying dates

(Visser et al. 2021).
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Figure 1.7: A scenario of phenological match and mismatch of egg lay date and

caterpillar abundance for rearing great tit chicks. In panel A, the timing of egg lay date

(red), egg hatching (blue) and fledgling (yellow) is matched for the peaks of great tit chick’s

food demands and caterpillar abundance. In panel B, a scenario of climate change is

presented, where warmer Spring temperatures have influenced one-week earlier egg lay

and hatching dates, with twice the advancement in peak caterpillar biomass. The timing of

egg lay date is now mismatched for the peaks of chick’s food demands and caterpillar

availability. Figure interpreted from Charmantier and Gienapp (2014) and Mizumo Tomotani

(2017).
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Climate change may also contribute to egg hatching failure (Assersohn et al. 2021) and first
year mortality of great tits. Unfortunately, the majority of great tits do not survive their first
year, due to environmental stress factors, including heat or drought stress, food shortages,
competition, predation, disease or injury (Clobert et al. 1988; Lindner et al. 2023), and these

factors will likely be negatively influenced by climate changes.

1.7.2.Long-term field data to ask evolutionary questions over time

The observation of natural populations of great tits, including at the three long-term study
sites in the UK and NL, requires yearly intensive fieldwork in the breeding season, and
ongoing funding for project and staff costs (Sheldon et al. 2022). However, long-term field
study sites are described as having added value as they age (Clutton-Brock and Sheldon
2010), and they lend themselves to investigations of temporal evolutionary questions for
changes in a focal population. The genomic data set collected from long-term field studies
of great tits (see Section 1.8) may help researchers to understand the plastic and
microevolutionary processes involved in earlier egg laying and climate change - (with these
processes reviewed by Charmantier and Gienapp 2014). Investigating long-term population
genomic data sets may give insight into the genomic basis of adaptation in birds (Campagna
and Toews 2022), towards understanding the genomic processes involved in local
adaptation of populations to different environmental/climate conditions experienced over

time.

1.7.3.Local environmental conditions

Local environmental conditions are unique to each population of great tit, with a range of
considerable variationin a) Temperate habitat types e.g. boreal forest, woodland, grassland,
arable, urban, rural gardens, shrubland (BirdLife International 2024), except for areas of

tundra, steppe and desert (Eguchi 1980). b) Altitudes e.g. recorded at 0-4420m (BirdLife
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International 2024). c) Urbanisation e.g. cities on hot days are reported to reach
temperatures 10-15 °C higher than surrounding rural areas (Mentaschi et al. 2022). City living
great tits are more likely to experience heat stress, higher pollution levels and reduced
insects in their diet than rural counterparts (Charmantier et al. 2017; Corsini et al. 2020). d)
Experienced climate conditions e.g. spatially-separated populations will experience
different local climatic variables in the present day or they may have experienced different
climatic conditions temporally over their population evolutionary history (Jensen and Leigh

2022).

1.7.4.Local adaptation to urbanisation

In urban environments, passerine birds tend to have smaller clutches, lighter and smaller
offspring (Chamberlain et al. 2009), paler feathers (Salmén et al. 2023), and a more generalist
diet because of fewer insects (both in terms of species-types and abundance) that can be
supported by non-native trees (Jensen et al. 2023). Urban infrastructure is associated with
air pollution and/or light pollution that can inhibit moths and the biomass of caterpillars as
a food source for birds (Boyes et al. 2021). Exposure to light of different colours at night has

been observed to affect daily activity levels in blue tits (de Jong et al. 2017).

Genomic adaptation to urbanisation in great tits is reported in Salmén et al. 2021, with the
epigenetics of different pairs of compared urban vs forest great tit populations showing
different methylome responses (Caizergues et al. 2021). Great tit nestlings at two forest sites
in Hungary were more vulnerable to extreme hot weather than conspecifics in the city
(Pipoly et al. 2022). The authors of this forest vs urban comparison suggest that urban
individuals might be better adapted to lose heat (e.g. altered plumage, small body size and
brood reduction) and/or better at parental provision in the heat. This is similar to the finding
that across 54 species of tropical butterflies in Panama, species can be good at

physiologically tolerating high temperature or at adopting behaviours to avoid high
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temperatures; these strategies for dealing with high temperature can be at the expense of

each other, impacting how climate change effects them (Ashe-Jepson et al. 2023).

1.7.5.Local adaptation to past climate changes

Understanding the genetic processes of local adaptation to past climate changes is an
important focus in Evolutionary Biology. Here in this thesis in Chapters 2-4, genome-wide
adaptation to the locally experienced climate across contemporary populations of
European great tit is to be investigated and discussed in detail. The aim is to identify

candidate adaptive loci for climate adaptation.

1.7.6.Forecast climate change of the future

The sixth assessment synthesis report on anthropogenic climate change predicts rising
terrestrial rising air surface temperatures (+1.5°C by early 2030). Along with increasing
extreme weather events, including more intense heatwaves in the summer (see Figure 1.8
for forecast heatwaves in continental Europe projected 2040-2060). This latest IPCC
synthesis report also predicts for the mid-century increased drought stress, floods caused
by heavy rain episodes or hurricanes, and more wildfire (IPCC 2023). Each of these predicted
climate changes could threaten populations of wild species across the globe (Parmesan and

Yohe 2003).

The Met Office recorded 2023 as the warmest year on record for global average temperatures
(https://tinyurl.com/53fyz8ed). Furthermore, an example of a climate change induced
population crash was observed in June 2019, where ~200 great tit nestlings died following
an extreme 43.5°C heatwave in Montpellier, France (reported in the Independent newspaper
https://tinyurl.com/48zdadcf). The chicks may have died from heat-stressed physiology or

because the parents were unable to provide enough food in such heat-stressed conditions.
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Projected heat stress risks for people in Europe Risk deciles
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Figure 1.8: The risk of heat stress for humans is projected to increase in the eastern
Mediterranean and southern Europe from baseline 1986-2005 (left hand figure) for two
socioeconomic scenarios (SSP1.2.6 and SSP4.4.5) incorporated in the climate change
models for 2040-2060 (right and lower figures, respectively). The heat stress risk value is
calculated by aggregation of heatwave days, population vulnerability and exposure
(Bednar-Friedl et al. 2023). Thus, regions predicted with more frequent and intense
heatwaves like the Mediterranean likely pose heat-stress risks to the health of both people
and wild animals in the mid-21°t Century (Wedler et al. 2023). However, the realised impact
of climate change will depend on strategies for large-scale reduction in greenhouse gas
emissions to limit global warming (IPCC 2023). Figure reproduced from Bednar-Friedl et al.

(2023).
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1.8. Great tit Genome

1.8.1.Great tit reference genome

The great tit reference genome (Laine et al. 2016) was produced from very high coverage
(95x) sequencing and de novo assembly of an individual captive male great tit from the
Netherlands; published with 32 pairs of chromosomes in the nuclear genome (including the
homogametic male sex chromosome in birds ZZ), 1 mitochondrial organelle and the DNA
methylome made available (the current version of the reference genome GCF_001522545.3
is downloadable from https://www.ncbi.nlm.nih.gov/datasets/genome/GCF_001522545.3/.
Chromosomes in passerine genomes are numbered consistently with the chicken genome,
rather than indexed by chromosome size (Ellegren 2013). The avian W sex chromosome
(heterogametic in females i.e. ZW) was not sequenced in the great tit reference genome, to
provide greater resolution of the Z chromosome (Laine et al. 2016). The karyotype of the
great tit genome is highly conserved with other avian species (Figure 1.9), with only a small
number of chromosome inversion rearrangements (Ellegren 2013; Santure 2016) relative to
the zebra finch genome (Warren et al. 2010). Notably, a large (~64Mb) inversion
polymorphism has been identified across 90% of Chromosome 1A in the great tit genome,

encompassing almost 1000 genes (da Silva et al. 2019).

The increasing number of assembled and annotated bird genomes increases the power of
comparative genomics to ask questions across species. For example, the Bird 10,000
Genomes (B10K) Project (http://bl0k.genomics.cn/) (Zhang et al. 2014), has reached its
second milestone of releasing 363 bird genomes, representing 92% of all bird families (Feng
et al. 2020). While the Darwin Tree of Life project is sequencing UK species including birds,

providing reference genomes of key species within animal and plant communities

(https://www.sanger.ac.uk/programme/tree-of-life/).
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Figure 1.9: Avian Karyotypes are highly conserved. The top panel represents the 39

chromosome pairs of the karyotype from the GRCg7b broiler chicken reference genome

(https://www.ensembl.org/Gallus_gallus/Location/Genome; Huang et al. 2023), with 10

macrochromosomes and 10 tiny dot chromosomes included in the 29 microchromosomes

(<20 Mb). The lower panel displays the 32 chromosome pairs of the karyotype from the great
tit reference genome (https://www.ensembl.org/Parus_major/Location/Genome; Laine et

al.

microchromosomes identified.

2016), with 15 macrochromosomes (chromosomes 1-12, 1A, 4A and Z) and 17
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1.8.2.10K SNP chip genotyping

In 2012, a 10K SNP chip was developed for the great tit genome using an Illumina BeadArray
technology (Van Bers et al. 2012), with 9193 SNPs evenly spaced across the nuclear genome.
The identified markers were used to genotype 2700 great tits from the UK population
(Wytham Woods, Oxford) and 2000 from the NL population (Hoge Veluwe and Westerheide),
with high genotyping call rates of 0.98 and 0.93 respectively. Approximately 1100 loci
showed differentiation between the populations, measured by weak but significant Fst
(Fixation Index) values. Gene ontology (GO) enrichment analysis revealed these loci were
associated with an overrepresentation of cardiovascular development genes (van Bers et al.

2012).

High-density linkage maps for the UK and NL were later produced by van Oers et al. (2014)
from the genotyped UK and NL great tit populations. The two independently produced maps
contained over 6,500 SNPs in 32 linkage groups, with similar marker order and distances in
each population. The genome-wide male and female map lengths for each population were
similar, interpreted as having little difference in genome-wide recombination rates between
the sexes. However, some subtle sex differences in recombination rates were observed

locally within and between chromosomes i.e. subtle heterochiasmy (van Oers et al. 2014).

The development of the great tit 10K SNP chip (Van Bers et al. 2012) and the great tit linkage
maps (van Oers et al. 2014) allowed Santure et al. (2015) to investigate the genetic
architecture of quantitative traits. They used replicate UK and NL wild populations of great
tit, investigated using four approaches: chromosome partitioning, quantitative trait locus
(QTL) mapping, genome-wide association study (GWAS), and by estimating the number of
SNPs contributing to variation. All four approaches gave support that eight quantitative
traits appeared to be polygenic and hence influenced by many genes of small effect
distributed throughout the genome, with no large effect genes detected. These phenotypic
traits included clutch size, egg mass, fledgling weight (of offspring), adult weight, fledgling

weight (of individual), tarsus length, wing length and exploratory behaviour (Santure et al.
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2015). The authors discussed that the great tit has a very large effective population size and
correspondingly low levels of linkage disequilibrium (LD). They suggested that because of
low LD, describing the genetic architecture of polygenic traits would likely require
genotyping far more loci e.g. 500K, and for methods that need phenotypic data, far more

sampled individuals would be needed than might be feasible to conduct in the field.

1.8.3.Whole-genome sequencing

In addition to describing the great tit reference genome and methylome, Laine et al. (2016)
resequenced at ~10x coverage the whole genomes of 29 wild great tits from 25 European
populations (including ten birds from Wytham Woods, Oxford). This greater resolution of
sequencing relative to a SNP chip, was used to investigate population differentiation,
genome-wide diversity, regions under selection, substitution rates and GO enrichment
analyses of genes under selection. The authors found evolutionary signals of selection on
cognition, interpreted from an overrepresentation of genes related to neuronal functions of

learning and cognition in regions under positive selection (Laine et al. 2016).

1.8.4.500K SNP Chip genotyping

In 2018, a higher density SNP chip was developed using Affymetrix Axiom technology (Kim
et al. 2018), providing a rapid and accurate genotyping tool of great tit population
differentiation. The 500K nuclear-wide SNP markers were identified from the 29 whole-
genome sequencing data and one extra great tit from near Zurich with lower ~5x coverage.
The intersection of pipelines for SNP discovery using GATK, SAMtools and ANGSD methods
in the multiple populations identified 1.74M SNPs before filtering, with 610,970 SNPs
selected in total. The pipeline of SNP variant discovery found: i) SNPs discovered on other
platforms were more likely to be converted into working assays. ii) those with higher call
rates had less genotyping error rates. iii) SNP discovery using multiple populations

minimized the allele frequency ascertainment bias (Kim et al. 2018).
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Bosse etal. (2017) applied population and quantitative genomics approaches using the 500K
SNP chip, to identify loci under divergent selection for variation in length of bills, between
the great tit population in Wytham (UK) compared with two Dutch populations (NL). A
genome-wide association study (GWAS) was performed with the first principal component
(PC1) of the genotype bill length data run as the phenotype. The highly significant outlier
regions were potentially involved in the genomic architecture of bill length, and contained
28 annotated candidate genes involved in palate development, and skeletal development
and morphogenesis. The COL4A5-C “long-billed” haplotype was found to be under selection
in the UK, consistent with the history of supplementary bird feeding in UK gardens. However,
Perrier and Charmantier (2019) drew caution in response to the paper’s interpretation that
bird feeders are driving the selection for longer bill length, because the candidates may be

more likely to be detected by the statistical methods in regions of low recombination.

In addition to genotyping SNP markers, the 500K SNP chip was applied to identify structural
or copy number variation (CNV) in great tit populations. For example, Barton and Zeng (2019)
quantified purifying and positive selection acting on short insertion and deletion (INDEL)
variation in coding regions (using ten high coverage resequenced European great tits from

Corcoran et al. 2017).

1.8.5.The Great Tit HapMap project - genotyped populations

The great tit HapMap project brought together ~2000 field samples of great tits spanning
much of the species range, with 20-50 individuals per population, and used the 500K SNP
chip (Kim et al. 2018) to produce a genotyped data set (see Spurgin et al. 2024 for full details
of the collaborators, field sampling and sequencing methods). The SNP variants were quality
control filtered by Spurgin et al. (2024) in PLINK (Purcell et al. 2007) and retained 647

individual great tits from 29 populations (Figure 1.10).
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Longitude

Figure 1.10: The sample locations of 29 great tit populations genotyped for the great tit
HapMap project. Map reproduced from Spurgin et al. 2024. Sample location co-ordinates

and sample size (N) are shown in Spurgin et al. 2024 S.Table 1.

The typing included samples from the Iberian Peninsula, Italy and Southeastern Europe /
Balkans to investigate common glacial refugia and migration routes in European plants and
animals (Taberlet et al. 1998; Hewitt 1999; Schmitt 2007), from which the great tit could have
spread across Europe after the last glacial period. Colonisation reconstruction using TreeMix
(Pickrell and Pritchard 2012) provided support that the populations have likely spread from
a single restricted glacial refugium in either the Balkans and/or Turkey (Spurgin et al. 2024).
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1.8.6.Low population differentiation

Spurgin et al. (2024) investigated population differentiation in compared great tit HapMap
populations via Fst-based methods, to identify regions of the genome that had undergone
selective sweeps. The authors identified low overall genomic divergence between European
great tit populations, with similar cross-population low-differentiation patterns shown in
Bosse et al. (2017), and via earlier microsatellite methods in van Bers et al. (2012). Although,
some genomic differentiation was observed between Mediterranean Island populations and
peripheral populations at the range edges of the species, despite the low differentiation
between European populations. The authors detected reduced genetic diversity and
bottlenecks in the Mediterranean Island populations (Crete, Corsica and Sardinia) relative to
mainland European populations, which were suggested to result from genetic drift in small
island populations. Unique genomic outlier regions were observed in peripheral populations
e.g. Scotland, England, Spain and Finland, with recent directional (positive) selection most
likely acting on those peripheral populations. These unique outlier regions contained
candidate genes for adaptation to the environmental conditions experienced by the range
edge populations. The candidate loci are putatively involved in morphology, thermal

adaptation, and colouration (Spurgin et al. 2024).

1.8.7.Signatures of selection in the great tit genome

A set of published studies have identified genome-wide signatures of selection in the great
tit genome (e.g. Spurgin et al. 2024, Bosse et al. 2017, Laine et al. 2016), however they do not
reveal which agent of selection is responsible. This thesis will specifically investigate climate
as the driver of selection and will look to see in which population(s) selection has happened.
The filtered great tit HapMap genotype data set from Spurgin et al. (2024) was provided as
the starting data files for this PhD project.
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1.9. Summary of Introduction Chapter1

1.9.1.1dentifying adaptive genetic variation

In summary, SNP and whole-genome genotyping technology has enabled the spatial and
temporal study of population genetic adaptation across different environmental conditions
(Franks and Hoffmann 2012; Wadgymar et al. 2022; Bernatchez et al. 2023; Clark et al. 2023).
Genome scans for identifying candidate environmental adaptation candidate loci need
cautious interpretation because: (i) it is difficult to distinguish between false-positive
candidate loci (Gautier 2015), causal loci or candidate loci simply in close linkage with the
functional site under selection (Wang et al. 2010). (ii) the environmental variable may be
correlated with the trait selection, but not necessarily causal (Tiffin and Ross-lIbarra 2014;
Wadgymar et al. 2022). (iii) the candidate adaptation loci need experimental confirmation
for the effect on fitness to be confirmed (Hoffmann et al. 2021; Wadgymar et al. 2022). Few
of the published candidate climate adaptation genes identified in vertebrates have been
validated for biological function in adaptation, e.g. by showing that they have fitness effects

(Pardo-Diaz et al. 2015; Markova et al. 2023).

1.9.2.Population genomics of climate adaptation in a model system

In summary, great tits are a model species to understand the genomics of climate adaptation
because: (i) Genomic resources for the great tit have been developed (van Oers et al. 2014;
Laine et al. 2016; Kim et al. 2018). (ii) Contemporary wild populations experience a wide
range of environments and climate conditions across Eurasia, which they have presumably
locally adapted to since colonisation following the last ice age (Spurgin et al. 2024). (iii) There
exists long-term monitoring data of wild populations across Europe (Visser et al. 2021; Cole
et al. 2021; Sheldon et al. 2022). (iv) Many individuals in each population are native and
resident (van Balen 1973; Gosler 1993), so it is fair to assume that they are well adapted to

their local environment.
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1.10. Outline summary of thesis chapters

Over the thesis Chapters 2-4 | developed an investigation of the genomics of adaptation to
climate in European great tit (Parus major) populations. In Chapter 2, | performed a genome-
environment analysis (GEA), by combining multiple local climate variables with single
nucleotide polymorphisms (SNP) genotype data from multiple populations, broadly
spanned the species range. This process identified genes putatively linked to adaptation to
climate. In Chapter 3, | used extended hapotype homozygosity tests (informed by Chapter 2)
to identify sweep regions potentially linked to climate adaptation. This analysis targeted
detecting which of these populations sweeps occurred in and if parallel selection had
occured. In Chapter 4 | focused on the candidate climate adaptation regions identified in the
UK populations and investigated the temporal trends of allele frequency changes over the
last century, using 95 whole-genome sequenced Parus major specimens originally collected
from the UK and Isle of Man. Evidence suppporting these candidate climate adaptation
genes included the stringent tests to detect selection from genomic data and strong

temporal trends in the UK.
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2.1. Abstract

The recognition that climate change is occurring at an unprecedented rate means that there
isincreased urgency in understanding how organisms can adapt to a changing environment.
Wild great tit (Parus major) populations represent an attractive ecological model system to
understand the genomics of climate adaptation. They are widely distributed across Eurasia
and they have been documented to respond to climate change. We performed a Bayesian
genome-environment analysis, by combining local climate data with SNP genotype data
from 20 European populations (broadly spanning the species’ continental range). We found
36 genes putatively linked to adaptation to climate. Following an enrichment analysis of
biological process Gene Ontology (GO) terms, we identified over-represented terms and
pathways among the candidate genes. Because many different genes and GO terms are
associated with climate variables, it seems likely that climate adaptation is polygenic and
genetically complex. Our findings also suggest that geographical climate adaptation has
been occurring since great tits left their Southern European refugia at the end of the last ice
age. Finally, we show that substantial climate-associated genetic variation remains, which

will be essential for adaptation to future changes.
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2.2, Impact Summary

Whether and how organisms adapt to variation in climate remain challenging questions.
However, advances in ecological genomics tools and statistical genetics methods have
made it feasible to identify genomic regions that have possibly responded to selection. Here
we study pan-European populations of the ecological model species, the great tit (Parus
major), to try to identify genes and genetic pathways that have possibly enabled different
populations to adapt to past and present climate conditions. By: (i) genotyping 20 different
great tit populations at 479,590 SNPs, and looking for associations with climate data
collected from each location between the 1970s and 2000s, and (ii) Using Gene Ontology
(GO) enrichment analysis to infer the biological roles of climate-associated genes, we aimed
to better understand the genetics of climate adaptation. Up to 36 different genes were found
to be significantly associated with adaptation to climate, and several different biological
processes were over-represented among these genes. Our findings suggest that adaptation
to multiple climate variables has occurred, with many genes enabling different populations
to adapt to their current and past environmental climatic conditions. It is likely that adaptive

genetic variation persists in contemporary great tit populations.
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2.3. Introduction

Terrestrial ecosystems face an unprecedented rate of climate change in the coming decades.
A 1.5°C global surface temperature warming (above pre-industrial levels), caused by human
activities and emissions of greenhouse gases and aerosol pathways, is likely by 2040 (IPCC
2022). Likely impacts on climate include an increase in the number of regions with raised hot
and cold temperature extremes per season, and changes to the intensity, frequency and
duration of extreme weather events, such as heatwaves, drought and flooding (Eyring et al.
2016). Further consequences of climate change that threaten populations include forest
fires, extreme weather events, the spread of invasive species, pests and disease, and the
decreased functioning of ecosystem services. Hence, an urgent issue is understanding how
organisms respond to the changing environment (IPCC 2022; Root et al. 2003). How a
species’ physiology and behaviour tolerates changes to the local environment will
determine its fitness and survival, and therefore the need to respond to climate change
(Cheviron and Brumfield 2012; Khaliq et al. 2014). Sessile plants, low-dispersal insects and
some unique or threatened vertebrates e.g. small island populations, are especially
vulnerable to local extinction if their response is insufficient (Parmesan and Yohe 2003;
Khalig et al. 2014), although a failure to adapt to climate change is expected to be

consequential in any population.

Where populations are able to respond to climate change, they can do so in three possible
ways: (1) Populations may shift range to more suitable conditions. For example, poleward
distribution shifts in response to anthropogenic climate warming are observed in many
plants, birds and butterflies (Parmesan et al. 1999; Hickling et al. 2006; Chen et al. 2011,
Devictor et al. 2012; Sunday et al. 2012). (2) Through plasticity of key phenotypic traits, such
as behaviour and the timing (phenology) of reproduction and migration (Parmesan 2006).
(3) By evolving to the new conditions i.e. adaptation via selection favouring particular alleles
which have some form of fitness advantage. However, the evolution of climate adaptation
due to specific genomic regions/genes might not be fast enough to match climate change,

especially if multiple climatic variables are changing simultaneously and/or generation
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times are long. The evolutionary potential to adapt has consequences for population
persistence (Khaliq et al. 2014; Parmesan 2006). Furthermore, options (2) and (3) are not
necessarily mutually exclusive, as both processes can occur, and plasticity itself may be
heritable (i.e. an evolvable trait). Understanding the role of plastic vs microevolutionary
changesin response to climate change requires further investigation in many taxa, including
birds (Charmantier and Gienapp 2014), the focus of this study. Here we explore associations
between genetic variation putatively under selection and climatic variables, in order to

better understand microevolutionary responses to climate.

There are two distinct approaches for using genomic data to identify adaptive genetic
variation and signatures of natural selection. First, molecular quantitative genetics
approaches using phenotypic information. For example, linkage mapping or genomewide
association studies (GWAS) can be used to identify quantitative trait loci (QTL) linked to
phenotypes involved in adaptation (Santure and Garant 2018). Where phenotypic data are
lacking, a second approach, population genomics, uses genomic information (but no
phenotypic measurement) to identify signatures of adaptive genetic variation and then
attempts to relate genome regions under selection to evolutionary processes and
environmental variation (Rellstab et al. 2015). Population genomics attempts to find regions
of the genome that are more highly differentiated between populations than is expected
from neutral processes - i.e. to find ‘outlier loci’, that are inferred to be involved in local
adaptation (Luikart et al. 2003; Butlin 2010). Outlier locus approaches have been used
extensively to reveal signatures of local adaptation e.g. to different host plants in walking-
stick insects (Nosil et al. 2012), to different shoreline environments in marine snails (Butlin
2010), and to different predator regimes in threespine sticklebacks (Mazzarella et al. 2016).
In birds, outlier loci associated with adaptation to living at high altitude in Tibetan Ground
tits (Qu et al. 2013), to different forest habitats in blue tits (Perrier et al. 2020) and to urban
landscapes in great tits (Salmoén et al. 2021) have been found. An extension of the outlier
locus approach is to use genome-environment association (GEA) methods to identify loci
whose divergence is correlated with an environmental covariate of interest. GEA analyses

are more challenging to implement than outlier loci analyses because they require: i)
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multiple populations, ii) a measure of the environmental variable of interest and iii)
confidence that the environmental variable is the agent of selection. For comparisons of

genome-scan methods see Gautier (2015), Forester et al. (2018) and Booker et al. (2024).

Terrestrial species with populations that occupy a wide diversity of habitats/climatic
conditions, but where gene flow persists, provide ideal systems to investigate the genomic
responses to past (e.g. since the last ice age 10-15 thousand years ago) and more recent (e.g.
post-industrialization) climate changes (Rellstab et al. 2015). Ongoing gene flow is useful
because in the resulting relatively low differentiation across the genome, make regions
responsible for adaptation more likely to stand out as outliers (Luikart et al. 2003). The aim
of this paper is to look for evidence across the genome of climate adaptation in a well-
studied, model wild vertebrate species, the great tit Parus major. Previous genome-wide
‘outlier locus’ analysis in great tits have not considered whether allele frequencies covary
with environmental variables (Bosse et al. 2017; Spurgin et al. 2024), and so the agents of

selection could not be identified.

The great tit is a well suited species to understanding the genomics of climate adaptation
because: (i) They occupy a wide range of environments and climates across Eurasia, with
range edges extending into Eastern Russia, Fenno-Scandinavia and North Africa (Gosler et
al. 2016). (ii) As cavity breeders they readily use nest boxes, which has allowed long-term
monitoring of wild populations e.g. in Wytham Woods, UK (Lack 1964) and Hoge Veluwe, NL
(Van Balen 1973). (iii) They are generally non-migratory, although some migration is
observed in northern populations (Kvist et al. 1999), so populations should be well adapted
to their local environment. Dispersal distances are usually short, but long-distance dispersal
of some individuals facilitates gene-flow among subpopulations, meaning there is only
minor population differentiation, with Fst typically around 0.01 (Laine et al. 2016; Lemoine
etal.2016; Spurgin et al. 2024; van Bers et al. 2012). The current distribution has likely spread
after the last ice age from a single restricted refugium in South-Eastern Europe (Spurgin et

al. 2024).
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Great tits are sensitive to climate change, with warmer spring temperatures causing earlier
egg laying across Europe (Visser et al. 1998; Visser et al. 2021; Charmantier et al. 2008; Cole
et al. 2021). The timing of breeding is especially important in the tri-trophic foodweb (oak
bud burst-winter moth caterpillar-great tit), to ensure peak food resources to raise chicks
(Perrins 1970; Visser et al. 1998; Hinks et al. 2015; Burgess et al. 2018). An optimal phenology
is critical for population persistence (Vedder et al. 2013 but see Reed et al. 2013). Great tits,
and passerines more generally, may have sufficient phenotypic plasticity in egg lay date to
track environmental changes, enabling them to cope with recent rapid rates of spring
warming in the UK (Phillimore et al. 2016), although this plastic response is complex
(Ramakers et al. 2018). If limits to phenotypic plasticity prevent an ongoing response to
global climate change across parts of the distribution of Parus major, then evolutionary

changes will be necessary to enable future population resilience and survival.

Rich genomic resources are available for genetic research of great tits. It was only the second
passerine to have a high-quality reference genome sequenced and annotated (Laine et al.
2016); a genetic linkage map has been made (van Oers et al. 2014); DNA samples are available
from multiple populations; a high density ~500K SNP chip has been produced (Kim et al.
2018); and the SNP chip has been used to genotype individuals from approximately 40 wild
populations (Kim et al. 2018; Spurgin et al. 2024; Salmén et al. 2021). Samples for the cross-
population analyses were contributed by Great Tit Hap Map Consortium, a group of
researchers conducting field studies of great tits across much of the species range. The
consortium was established with the aim of characterising inter-population genetic
variation and hopefully to identify genes associated with local adaptation. Great tit
populations have low Fst across the genome, which means any outlier loci should stand out
against a low background of differentiation. Additionally, regions of the genome under
natural selection have already been identified using outlier locus approaches (Bosse et al.
2017). Responses to selection appear to be greatest in populations at the range edges, and
are perhaps associated with morphology, plumage colour and stress response (Spurgin et

al. 2024).
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Here we address the question: what regions of the genome have enabled a wild bird species
to adapt to different climate conditions? We first describe a genome-environment analysis
(GEA) to identify genes that are associated with climate adaptation and show signatures of
selection. We note however that an association with climate is not definitive evidence of
adaptation to climate. Next, we use a Gene Ontology (GO) term enrichment analysis to
identify over-represented biological functions among the genes with climate-associated

SNPs.
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2.4, Materials and Methods

The Great Tit HapMap project field data and genotyping

Members of the Great Tit HapMap Project consortium (Spurgin et al. 2024) provided blood
samples from wild European great tit populations that are the focus of ongoing ecological
studies. A total of 838 great tits from 29 locations in Europe were sampled across 22
countries, encompassing much of the species range. In most cases the DNA was extracted
using ammonium acetate/high salt extraction protocols (Kim et al. 2018), although a small
number of samples were sent as extracted DNA. A custom developed Affymetrix® great tit
650K SNP chip (Kim et al. 2018) was used to genotype the samples at Edinburgh Genomics,
UK.

Data Filtering and QC

Following filtering approaches described elsewhere (Bosse et al. 2017; Spurgin et al. 2024),
the data set contained a total of 647 great tits from 29 populations, typed at 483,888 single
nucleotide polymorphisms (SNPs). Filtering was applied in PLINK v1.90 (Chang et al. 2015)
with parameter thresholds: --maf (minor allele frequency) 0.01, --geno (proportion of
individuals typed at a SNP) 0.8, --not-chr 35 (remove markers from ‘chromosome’ 35), --rel-
cutoff (relatedness cutoff) 0.25. This removed SNPs that were almost lacking in variation,
that had high rates of missing data, or that were assigned to an unknown chromosome (chr
35 is a collection of scaffolds on unknown chromosomes in our Plink files). Only males were
included for the Z chromosome, as females are hemizygous. In addition, populations with
less than 15 individuals were excluded. The HapMap dataset is known to include some
samples of close relatives, such as trios of parents and chick. Having close relatives causes
much higher amounts of population structure, which can give misleading results in
population genetic analyses. Pairwise-relatedness was estimated in PLINK and the dataset
filtered, to exclude one member of a pair when the relatedness was greater than 0.25. This
step ensured only one individual per trio was used. After passing quality control, 479,590
SNPs and 535 samples were retained from 20 populations across Europe (Figure 2.1; Table

$2.1).
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Figure 2.1: The 20 great tit population locations. Further details of each population are in

Table S1. Map tiles by Stamen Design (https://stamen.com), under CC BY 3.0. Contains data

by OpenStreetMap (http://openstreetmap.org/copyright), under ODbL.
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Climate data collection and Principal Component Analysis

The WorldClim v2 data set provides good spatial resolution climate data across Europe
(interpolated from monthly-averaged weather station records 1970-2000) (Fick and Hijmans
2017). Twenty two variables (19 bioclimate variables, solar radiation, wind speed and water
vapor pressure) were extracted for the 20 population locations (Table S2). The complexity of
the dataset was reduced by a principal component analysis (PCA), using the FactoMineR
package v2.4 (L€ et al. 2008), run in R version 3.6.1. Downstream analyses used the first four
principal components for each location, scaled to mean=0, s.d.=1. Temperature and
precipitation have been demonstrated to be associated with constraints on great tit growth
rate (Eeva et al. 2020; Rodrignez and Barba 2016). More generally, a review of climatic effects
on nestling growth and development in birds (Sauve et al. 2021) has highlighted solar
radiation, wind speed and water vapour pressure as additional variables that might affect
juvenile traits. Clearly, early life development is sensitive to climate effects (via, for example,
changes in food availability and parental care), with potentially long-lasting effects on adult
phenotypes and fitness. Thus, we decided to use all 22 available climatic variables, rather

than a priori choose some and reject others.

Genome-environment analysis: Detecting loci potentially involved in adaptation to climate

To identify climate-associated SNPs, we used BayPass 2.1 (Gautier 2015), a software package
that has been used to identify climate-associated loci in similar studies of Arabidopsis
thaliana (Frachon et al. 2018), barley (Contreras-Moreira et al. 2019) and Mediterranean
cattle breeds (Flori et al. 2019). We elected to use BayPass over Redundancy Analysis (RDA)
as it controls for population structure, can handle missing genotype data, and is regarded as
quite conservative in declaring a SNP as an outlier (Forester et al. 2018). We used BayPass in
a two-step process, using default parameters unless stated otherwise. First, we ran the core
model to calculate XtX, a differentiation statistic for each SNP. The core model also
estimates the covariance in allele frequencies (in the form of a matrix Q) that arises as a
result of population structure; thus demographic effects that can otherwise cause false
positives are accounted for. For further details of XtX see Coop et al. (2010), Glinther and

Coop (2013). The significance of the observed XtX statistics were obtained by generating a
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null XtX distribution from pseudo-observed data (POD) simulated with 400K SNPs. Variants
identified as highly differentiated ‘outlier’ SNPs at a 1% significance threshold were
regarded as being loci putatively under selection. Note that at this stage, no associations

with climatic variables have been tested for.

Second, for all 479,520 SNPs, the default AUX model with scaled covariance matrix and
climate covariates was run independently three times (with different starting seeds) for the
four PCs (analysed jointly in each run). Associations between each SNP and each climate PC
were judged from Bayes Factors (expressed in deciban units, dB) under an MCMC sampling
method (BFmc); evidence for a SNP being associated with climate adaptation was judged by
Jeffreys’ Rule (Jeffreys 1961): 10 < BFmc < 15 “strong evidence”; 15 < BFmc < 20; “very
strong evidence”; BFmc > 20 “decisive evidence”. The evidence was evaluated by
comparing the observed associations with a null distribution generated from POD data
simulated using the Q generated in the core model i.e. to realistically simulate the true
demographic history. A variant was evaluated on the strength of evidence threshold across
all three runs, i.e. a variant would only be considered as providing ‘decisive’ evidence for
association with a climate variable if it scored >20 for all three runs. The best potential
candidate loci for climate adaptation were classified as SNPs that were identified as being
both associated with climate (from the AUX analysis) and as an ‘outlier’ variant under

selection (from the Core analysis).

Annotation of candidate loci for climate adaptation

All  SNPs were annotated using the great tit reference genome
(GCF_001522545.3_Parus_majorl.1_genome.gff) converted to bed file with bedops (Neph et
al. 2012), with the closest gene identified using bedtools closest sub-command (Quinlan
2014). This process annotated the gene the SNP was located in, or the nearest gene within
2.5Kbp in either direction from the SNP. SNPs were regarded as unannotated if no gene was
found within 2.5 kbp. An annotation window of 5-Kb was chosen because in great tits linkage

disequilibrium (LD) falls to almost baseline levels within 10kbp or less (Spurgin et al. 2024).
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Of the 479,590 variants considered, 278,861 variants were annotated and assigned to 14,529

unique genes (i.e. most genes have more than one annotated SNP).

Gene Ontology (GO) term enrichment analysis

Testing for GO term enrichment among potential climate adaptation loci.

A Gene Ontology (GO) term (Ashburner et al. 2000; The Gene Ontology Consortium 2021)
analysis on gene scores was performed (separately for each of PC1-PC4), to look for GO terms
enriched among the genes with climate-associated SNPs against the background annotated
gene universe for all of the SNPs on the chip. For the 14,529 genes containing SNPs, or with
SNPs within 2.5kbp, 8,867 great tit GO terms were retrieved from Ensembl (Ensembl Genes
109, Parus major_1.1), using the biomaRt package v3.8 (Durinck et al. 2005, 2009). To avoid
over-rewarding genes with many SNPs we took an approach similar to one described
elsewhere (Dickson et al. 2020). For each gene the number of SNPs in the gene or within
2.5kbp of it was counted. Next, the maximum BayPass BF statistic of any SNP in that gene
was determined. Then, all genes with that number of SNPs were ranked by max(BF), and a
‘Pvalue’ was determined by dividing the rank by the total number of genes with that number
of SNPs. For example, if there were 100 genes with 8 SNPs, then the gene with the greatest
max(BF) was given a value of 1/100 = 0.01, the gene with the second greatest max(BF) was
given a value of 2/100 = 0.02, etc. Relatively few genes had a very large number of SNPs (427
genes had 100 or more SNPs), so binning was performed for genes with 100-149 SNPs, 150-
199 SNPs, 200-299 SNPs, 300-499 SNPs and >=500 SNPs. In total 14,529 genes were included
in the analysis. Note that previous approaches calculated the mean test statistic across all
SNPs within a gene (Dickson 2020), rather than used the maximum value observed at any
SNP. Here, the maximum is appropriate, because linkage disequilibrium declines rapidly in
great tits, meaning even true outlier loci are not expected to have a signal that extends

across the gene.
Significance testing for GO term enrichment was performed with the topGO v2.36.0 (Alexa

and Rahnenfuhrer 2020) Bioconductor (Release 3.9) package in R. The data container used

as input for topGO held the following information: (i) the gene universe, functionally
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annotated with GO terms, (ii) the gene score ‘P value’ for climate association, (iii) the gene-
to-GO term(s) mapping, and (iv) the GO hierarchy to account for structure among GO terms
(provided by the GO.db package v3.8.2 (Carlson 2019). The ontology parameter was set to
investigate Biological Process (BP), Molecular function (MF) or Cellular Component (CC)
individually. The node size pruned GO terms with less than 10 annotated genes. The default
weight0l algorithm (based on the elim and weight methods Alexa et al. 2006) and
Kolmogorov-Smirnov (KS) test statistic were implemented. For each enrichment test, the p-
values computed by the default ‘weight01’ method were unadjusted for multiple testing.
Multiple testing correcting procedures may be invalid because of the non-independence of
the GO term hierarchy (the p-value of a GO term is conditioned on the neighboring terms)

and with the annotation of multiple GO terms to one gene (Skarman et al. 2009).
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2.5. Results

Climate Data PCA

The climate data set of 22 variables was reduced in dimensionality to four principal
components (Fig S2.1) that captured 92.4% of the variance (38.7%, 33.2%, 14.5% and 6.0%
respectively). Hence, the reported results will focus primarily on PC1 and PC2, with PC3 and
PC4 results available in the supplementary material. The key contributing variables to the
four climate variables were identified as follows: temperature across the year (PC1),
precipitation in the driest and warmest periods (PC2), precipitation in the wettest months
(PC3), and wind speed, precipitation seasonality and daily temperature range (PC4). Further

details are in Figs. S2.2-S2.4.

Whole-genome scan: Detecting loci potentially involved in adaptation to climate

A summary of the covariance matrix, Q, of SNP allele frequencies is plotted in the
supplementary material (Fig S2.5). In general, population genetic structure is similar to that
described in Spurgin et al. (2024), with the Corsica population standing out as the most

differentiated from all other populations.

Identification of outlier loci under selection

The population differentiation analysis using XtX statistics, simulated XtX values of 400,000
neutral SNPs, to infer a 1% XtXPODaoo000 Significance threshold of 25.88. Across the three runs
of the core model, which gave similar results, a total of 4823 variants were identified as XtX
outliers (Fig $2.6). These SNPs were situated in or near 1535 unique genes, which between
them had 2730 annotations (GO terms). The number of genes and annotations is not
expected to be the same because some genes have multiple annotations and some

annotations are associated with multiple genes.

Genome-environment analysis (GEA): Identification of genes putatively involved with climate

adaptation
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At the decisive evidence level (BF =20 dB) 37 and 67 variants were associated with PC1 and
PC2 respectively (Table S2.3). Atotal of 18 (PC1) and 32 (PC2) SNPs were found in annotated
genes, of which 6 and 18 SNPs - more than expected by chance (binomial test, P <2.2x10¢
for PC1 and PC2 respectively) - were also outliers in the core model (Fig 2.2). Details of each
identified and annotated SNP are reported for all four climate PCs in the supplementary
material (Table S2.4, Figs S2.7-52.8). Allele frequencies in each population at the strongest
candidate SNPs potentially involved in climate adaptation are included in Fig. $2.9 (PC1)
and Fig. S2.10 (PC2).
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Figure 2.2: Manhattan plot of annotated genes associated with climate adaptation for a) PC1 and b) PC2 at the decisive evidence
threshold (BFmc>20). For all annotated variants, the minimum BFmc score across the three runs is shown. The strong (BFmc>10), very
strong (BFmc>15) and decisive evidence thresholds are indicated by dashed lines. SNPs highlighted orange (at threshold BFmc>10) were

also found to be under selection in the outlier locus analyses that did not consider climatic data.
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Gene Ontology (GO) term enrichment analysis

Biological Process GO term enrichment - PC1

A total of 4,428 GO terms found in 7,674 annotated genes were associated with biological
processes. 41 Biological Process GO terms were significantly (P<0.01) enriched within genes
associated with PC1. The most enriched GO Term (G0:0061178) is involved in insulin
secretion in cellular response to glucose (Table S2.5, Appendix 2 data file
GOtoGene_PC1.txt). There was one candidate gene, CLTRN, that is potentially associated
with climate adaptation (see Table S2.7) with a SNP that is significant for both the BF and
XtX BayPass statistics and has enriched GO terms (regulation of biological quality GO:
0065008 and regulation of transporter activity GO: 0032409).

Biological Process GO term enrichment - PC2

For PC2, 29 Biological Process GO terms were significantly (P <0.01) enriched. The two most
enriched GO Terms were involved in plasma lipid clearance (G0:0034381) and eating
behaviour (GO:0042755); see Table S$S2.6, Appendix 2 data file GOtoGene_PC2.txt). The
enriched GO term ATP biosynthetic process (GO:0006754) was notable for being an
annotation of genes with the SNPs that were significantly associated with both PC1 and PC2.
Details For PCs 3 and 4, 28 and 23 significantly (P < 0.01) enriched Biological Process GO
terms were identified (Table $2.9-S2.10, Appendix 2 data files GOtoGene_PC3.txt and
GOtoGene_PC4.txt). Biological Process GO terms over-represented across any two or more

of the PCs are provided in Table S2.8.
Molecular Function GO term enrichment test
For PC1 to PC4 respectively, 12, 8, 14 and 3 out of 740 Molecular Function GO terms were

significantly (P <0.01) enriched (Tables S2.11-S2.14).

Cellular Component GO term enrichment test
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For PC1 to PC4 respectively, 11, 11, 6 and 6 out of 505 Cellular Component GO terms were
identified as significantly (P <0.01) enriched (Tables $2.15-S2.18).

2.6. Discussion

We report numerous genes and pathways in wild populations of great tits that are
associated with a wide range of climate variables. The genes are spread across the genome,
and there is segregating genetic variation within populations in these regions. There are no
individual regions of the genome that appear to have undergone dramatic changes, such
that populations experiencing the most extreme climatic conditions are fixed for putative
positively selected alleles or haplotypes. Taken together, these observations suggest that
local adaptation to past and present climate conditions is genetically complex, and has
occurred, at least partially, through microevolutionary change. Given the polygenic nature
of climate adaptation, individual loci have probably had small phenotypic effects. The data
indicate that there remains substantial genetic variation associated with climate
adaptation within populations. However, despite the weak genome-wide genetic structure
across great tit populations, putative climate-adaptation regions do show some between-
population differentiation. Given the considerable number of genes and pathways involved,
climate adaptation loci are likely to be a large mutational target (Bay et al. 2018). That, and
the presence of within- and between-population genetic variation in loci that possibly cause

adaptation means there is the potential for great tits to adapt to future climate changes.

This is the first study to specifically look for genes associated with climate adaptation in this
species. However, in the same wild great tit populations Spurgin et al. (2024) reported
selection acting on genes thought to be associated with variation in morphology, stress
response and colouration, with adaptation possibly strongest at the range edges of the
species’ distribution. The gene CALM2 (biological function: calcium ion binding) was
identified as a locus under selection in Spurgin et al. (2024) and in this study (here, it was

associated with PC3 and PC4). Furthermore, CALM2 has been reported as a candidate gene
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for desert adaptation in sheep (Yang et al. 2016); in sheep it is involved in renal epithelial
cell processes of water regulation and natriuresis (sodium excretion to stabilize blood
pressure). Spurgin et al. (2024) found CALM2 to be under selection in the English and Spanish
populations. Here it was identified as the strongest candidate gene (i.e. greatest BF) for
adaptation to variables influencing PC3 (associated with rain) and PC4 (associated with
wind speed, rain seasonality and daily temperature range) (Table S4). Thus, this locus might
be under selection in response to climatic conditions. However, none of the other outlier
variants in Spurgin et al. (2024) were co-identified in this study, suggesting that signatures

of selection at those loci result from adaptation to other selective pressures.

Similarly, a recent study identified loci under divergent selection between Wytham Woods
(UK) and two Dutch great tit populations (Bosse et al. 2017). The highly significant outlier
regions contained 28 annotated candidate genes involved in skeletal development,
morphogenesis, and palate development. These loci were suggested to be involved in the
adaptive evolution of longer-bills in UK populations, most notably at the COL4A5 gene. In
our study, two of the best candidate genes potentially associated with climate adaptation
found, were also among significant outliers in the Bosse et al. (2017) study; two SNPs were
identified in/near SRBD1 [biological function: mRNA binding] associated with PC2, while
eight SNPs were identified in/near TRPS1 [biological function: cranio skeletal development]
associated with PC3. Climate may affect what food sources are available, and that in turn
may affect selection on beak and/or skull shape for foraging performance. For example, in
Darwin's finches a severe El Nifio event led to a scarcity of large seeds, which favoured
selection on small beak sizes and led to an evolutionary change (Grant and Grant 1993).
Thus, climate adaptation may be the explanation for signatures of selection at these two
loci, but more generally, there is not much overlap between the potential climate
adaptation loci reported here, and previous attempts to find genes under selection in these
populations. Of course, that may be because this study explores populations experiencing

a much wider range of climatic variation. Incorporating other possible agents of selection
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into GEA models could enhance our understanding of what is shaping genomic variation at

other highly differentiated loci.

A key question is whether the same suite of genes are involved in adaptation to climate in
different species. We directly compared the set of genes found to be ‘decisively’ associated
with climate in great tit, with twelve positively selected heat stress adaptation genes
identified from a similar analysis in chicken populations experiencing desert and monsoon
island climates (Tian et al. 2020). In our study nine of the twelve genes had a SNP within
2.5kbp, but none were associated with climate adaptation. However two of the genes
(ADCY1 and VPS13C) were identified in the pathways of enriched biological process GO terms
(for PC1-4 and PC4 respectively) associated with climate adaptation in great tits (Table S19).
Adaptation to heat stress has previously been demonstrated in genes linked to the
arachidonic acid metabolism pathway in chickens (Tian et al. 2020), with CYP2J21 and
CYP2J23 upregulated in pectoral muscles of heat stress treated broiler chickens, with
oxidative stress recorded in the pectoral muscle (Liu et al. 2022). Two of those arachidonic
acid metabolism genes (DRD3 and TNFRSF11A) are annotated with one of the GO terms
(GO:0065008 'regulation of biological quality') that were associated with PC1 in this study
(Table S19). Caizergues et al. (2022) identified significant change in methylation linked to
the DRD3 gene in urban populations of great tit compared to forest environments. Extreme
heating events in urban areas may lead to heat stress of nestlings and adults (Sumasgutner
et al. 2023). Heat stress adaptation has previously been linked with convergent evolution of
four genes (PLA2G12b, GRP17, TNFRSF11A, and OC90) between mammals and chicken (Tian
et al. 2020). Of these genes, only 0OC90 was co-identified in this GEA study, where it was
associated with climate (PC4). There were no SNPs within 2.5kbp of GRP17. In our analyses,
PC2 is the principal component most influenced by climate variables that are associated
with extreme heat (Fig S2). There is no overlap between genes associated with PC2 and the
heat-stress associated genes in the studies described above. Thereis little overlap between
the ‘decisive’ candidate climate adaptation genes found here to those found in similar

studies of more distantly related (i.e. non-avian) taxa such as Drosophila (Bogaerts-Marquez
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et al. 2021) and cattle (Flori et al. 2019). An exception is the gene BTBD7, which is involved
in protein ubiquitination, and was identified as a climate adaptation locus in Drosophila
(Bogaerts-Marquez et al. 2021). Here, BTBD?7 is associated with PC3 (Table S20). Avian cells
respond to temperature induced heat stress, via stimulated protein ubiquitination
(Pritchett et al. 2023). Similarly, there is some evidence of overlap of the climate-associated
enriched GO terms identified here with those in cattle (Flori et al 2019); these GO terms are

associated with cellular signaling and nervous system function.

For both PC1 and PC2 the most strongly over-represented GO terms were not terms where
we could find evidence of climate-adaptation in other species. For PC1 the top ranked GO
term was ‘regulation of insulin secretion’. This term may potentially be linked to climate-
related effects on diet and hormones. For example, cold temperatures are thought to prime
the glucose stress response in tree swallows (Ryan et al. 2023). For climate PC2, the top
ranked GO Term is ‘plasma lipoprotein particle clearance’ (involved in the release of
cholesterol). Climate variation may influence changes in food availability and nestling
growth (Keller and Noordwijk 1994). Furthermore, poor nutrition in great tit embryos and
early life stage may constrain development and adult health and fitness (Toledo et al. 2016).
Thus, it is possible that variation in genes involved in pathways that affect plasma

lipoproteins have provided an adaptive response to harmful climatic effects on nutrition.

Overall, the patterns suggest that climate adaptation gene discovery studies have identified
different candidate genes that might be involved in adaptation, but that these candidates
have some shared gene pathways for biological processes. There may be so little overlap
because of the very different investigated taxa (invertebrates, domesticated livestock and
birds), and also because of the very different physiological routes to climate adaptation (e.g.
morphology, behaviour, physiology, neuro-endocrine, biochemical, metabolism, cellular
and molecular responses). Additionally, different genes with related functions may enable
adaptation to similar environments. Finally, when conducting GEA studies, it is necessary to

be mindful that some ‘hits’ might be false positives, which are not expected to overlap

91



between different independent studies. One take-home message from this paper is that
identifying individual loci that are definitively associated with climate adaptation is
challenging. The combination of multiple climate-related variables driving selection, a
polygenic genetic architecture of the (unknown) traits under selection, a lack of good
candidates from other systems and an absence of selected loci going to fixation in specific

populations all contribute to making gene discovery difficult.

Best practice for the confirmation of candidate genes from genome-environment analysis
should ideally include an experimental verification, for example by functional genomics or
gene expression studies (Rellstab et al. 2015). While beyond the scope of this study, such an
approach is feasible in wild great tit populations, for example by rearing and selective
breeding of wild-caught individuals in aviaries where environmental conditions can be
controlled. For example, Gienapp et al. (2019) have selected for differences in lay date in
aviary birds, and then looked at fitness of early and late layers when they were moved as

eggs to nest boxes in the forest.

Methods to reliably forecast how populations may adapt to climate change (changes in
allele frequencies) and how climate adaptation genes may be maintained across
populations (population differentiation), will require testing of how observable (and
possibly repeatable) the genetic effects described here are. Ongoing monitoring of allele
frequencies in the study populations, in tandem with an increase in the number of
individuals genotyped per population would improve power, as would the inclusion of data
from additional populations. For those populations where climate change has been
documented and samples are available over many years, it may be possible to look for
associations between genotypes at climate-related SNPs and variation in fitness traits. In
particular, it could be asked whether any selection at these SNPs varies temporally, in a way
predicted by within population changes in climatic conditions (PC1-4). The identity and
location of sites under selection could be improved with whole genome sequencing (which

is now becoming much closer in cost to SNP chip genotyping). To validate the candidate
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genes that have possibly enabled climate adaptation, and to date the timing of adaptive
changes, it should be possible to investigate the genomes of museum samples, and formally
test whether signatures of selection can be identified in the same genes over the last few

hundred years of climate change (Clark et al. 2023).

Finally, it is possible that identifying adaptive genomic variation to climate variation may
aid our understanding of the climatic drivers of population declines and genomic
vulnerabilities. In summary, we found evidence that great tits have adapted over historical
times to different climates through numerous evolutionary changes, and that the process is
complicated, caused by selection at many different genes, probably driven by many
different climatic variables. Most of the genes reported here have not previously been
reported to be associated with climate adaptation. Given that many of the SNPs tagging
regions responsible for adaptation are still segregating within populations, it seems likely
that there remains substantial genetic variation within and between populations that can

help further adaptation to future climate changes.
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3. Haplotype-based tests for selective sweeps within and
between populations

3.1. Abstract

Inter-population variation in the way positive natural selection and purifying selection acts
on the genome will lead to local adaptation and genetic differentiation. We previously
detected cross-population signatures of recent positive selection using a genome-
environment analysis of twenty European great tit populations and identified candidate
SNPs associated with climate (GEA method details see Chapter 2). However, the
populations where selection had been acting were unknown. To address this gap, extended
haplotype homozygosity (EHH) tests were performed to identify the populations that have
experienced selective sweeps associated with climate. Seventeen candidate SNPs were
identified as being under selection, and their closest genes potentially play a role in local
adaptation to climate. Closer investigation of the candidate SNPs revealed that they have
generally been under selection in just one population or in geographically close
populations, rather than being under parallel evolution in different populations. It is
important to consider that identifying signatures of recent positive selection by only one or
a few approaches (in this case, by extended haplotype-based testing and the association
with climate-PCs), requires real caution when inferring causation of local adaptation in a

polygenic trait, due to the risk of false-positive results.
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3.2. Introduction

3.2.1.Spatial Patterns of Selection and Local Adaptation

Spatial variation in the patterns of natural selection, genetic drift and demography can lead
to genetic differentiation among populations (Vucetich and Waite 2003). Positive selection
drives the process of local adaptation, where favourable alleles increase in frequency more
than expected under neutrality and alter the allele frequencies of genomic variants near the
beneficial mutation (Oleksyk et al. 2010). The process of local adaptation by positive
selection leaves signatures of selective sweeps on the underlying genomic regions,
characterised by reduced diversity and extensive linkage disequilibrium (LD) (Kim and
Nielsen 2004). However, see Pritchard and di Rienzo (2010) for a comment that selective
sweeps are less easy to detect when polygenic adaptation has taken place i.e. the
adaptation involves positive selection acting at many genes with relatively small effects on

any evolutionary change.

A haplotype is a set of adjacent polymorphisms on a single chromosome that tend to be
inherited as a unit (Crawford and Nickerson 2005). Haplotype-based methods can compare
haplotype patterns across populations, based on the association between causal
mutations and the ancestral haplotypes on which they arose (Oleksyk et al. 2010). These
methods are often used for genetic association studies of human disease, comparing the
haplotypes of disease patients and healthy controls (Gabriel et al. 2002). The genetic basis
of local adaptation can be elucidated by genome scans for selective sweeps through
haplotype homozygosity (Oleksyk et al. 2010; Lange and Pool 2016). The power to detect
signatures of selective sweeps via different statistical tests may depend on the effective
population size, generation time since selection, the strength of the selective sweep, and
the amount of recombination (Burke 2012). For a review into ecological genomics of local
adaptation see Savolainen et al. (2013). Recent examples of selective sweeps being
detected in domesticated livestock and crops include: in indigenous sheep breeds from the
Middle East and South Asia (Eydivandi et al. 2021), during adaptation to harsh

environments in West African Dwarf sheep (Alvarez et al. 2020), in indicine cattle (Chen et
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al. 2023), in response to selection on agronomic traits and crop yield in rapeseed (Hu et al.
2022), and in domesticated macadamia nuts (Lin et al. 2022). Selective sweeps of
Plasmodium falciparum mutations that caused drug resistance have been observed to

cause malaria outbreaks (Wasakul et al. 2023).

In the context of environmental adaptation, genome scans for selective sweeps have
typically focused on altitude, temperature or arid adaptation. For example, high-altitude
adaptations were identified in humans (Peng et al. 2011) and ruminants (Friedrich and
Wiener 2020). In flowering plants adaptation to the highest altitudes may be linked to
adaptation to cold stress and photoperiod (Wei et al. 2023). Selective sweeps associated
with adaptation to climate include evidence of adaptation in sheep to hot arid
environments (Kim et al. 2016), and in coral to the warmest reefs (Smith et al. 2022). For a
review of how to characterise and understand adaptive genetic variation that enables

species to respond to climate change see Bernatchez et al. (2023).

Candidate adaptive loci identified from tests of selective sweeps can be investigated for
enrichment of gene functions (via GO Term testing) e.g. as used in understanding genomic
adaptations to domestication in the macadamia nut (Lin et al. 2022). In contrast to other
approaches to detect signatures of selection acting across the genome, the identified
candidate adaptive loci from selective sweep approaches can be compared directly to
candidate adaptive genes identified from genome-environment association (GEA) studies,
to investigate any similarity of gene functions. Forexample, De La Torre et al. (2021) showed
recent/ongoing climate adaptation along temperature and moisture gradients of giant
sequoia and coast redwood trees, with some regions characterised by strong selective
sweeps and other loci showing weaker evidence of sweeps, perhaps because of many genes

being involved in polygenic adaptation.

3.2.2.Parallel adaptive evolution in geographically separated
populations
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Adaptive evolution can be expected to occur in parallel across different geographically
separated populations of a species when exposed to similar selection pressures, because
of the shared ancestral patterns of genome-wide diversity (i.e. standing genetic variation)
that selection is able to act upon (Barrett and Schluter 2008). In each spatially separated
setting, adaptive alleles can be positively selected from the standing genetic variation or
alternatively may arise from new mutations, without the adaptive alleles being introduced
by gene flow (Olson-Manning et al. 2012). A classic example of an adaptive radiation is found
in Darwin’s finches, with the ALX1 haplotype contributing to the diversification of beak sizes
and shapes for adaptation to diets of different seed sizes, with the same beak changes

observed repeatedly in populations with shared diets (Lamichhaney et al. 2015).

Phenotypic evolution occurring in parallel populations has also been demonstrated for
genomic adaptation to altitude in two tropical butterflies found on mountain habitats
either side of the Andes, but not in five close relatives (Montejo-Kovacevich et al. 2022). As
well as parallel selection occurring simultaneously in spatially separated populations,
adaptive evolution can also occur in a repeated fashion, whereby adaptive evolution can
occur firstin one population and then the process can later be repeated in another separate
population, with selection acting on the shared ancestral standing genetic variation. An
example of repeated adaptive evolution is found in the colonisation and adaptation of
marine sticklebacks to thousands of freshwater streams and lakes over their evolutionary
history, with a well-defined set of genome-wide loci that are consistently associated with

marine-freshwater divergence (Jones et al. 2012).

Shared adaptive pressures acting on the availability of standing genetic variation often
results in parallel evolution at the phenotypic level, but not on the genetic level in polygenic
traits. A comparison of genome-wide patterns of differentiation between high- and low-
elevation taxon of the Qinghai-Tibet Plateau in all 19 East Asian true tit species (Paridae),
found nonparallel genetic changes. However, even when different genes are involved in
adaptation to high or low elevation, there may still be common genetic pathways involved

in oxygen transport at high-elevation and thermogenesis (Cheng et al. 2021).
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3.2.3.Detecting selection

Methods to detect genetic diversity and population structure include PCA admixture,
phylogenetic analyses, and length of runs of homozygosity (ROH). See Ceballus et al. (2018)
for a review of using homozygosity burden from ROH detection in the human genome to
investigate how recessive variants contribute to the genetic architecture of stature and
cognition. Tests for signatures of selection can be performed on sequenced genomic DNA
to identify regions of recent strong positive selection (Oleksyk et al. 2010). Population
differentiation methods e.g. fixation index Fst (introduced by Wright 1949; Malécot 1948)
and FLK (Bonhomme et al. 2010), can detect differential selection patterns acting in
different populations. Haplotype-based statistics can use methods to detect selective
sweeps within populations or between populations to reveal signatures of local adaptation,
often with methods that test patterns in datasets relative to expectations under a null
hypothesis of neutral evolution (Abondio et al. 2022). The challenge for further
investigation of detected candidate regions/genes under selection is to discern their
biological function, and this functional analysis may assist in understanding the processes

involved in adaptation (Hoban et al. 2016).

3.2.4.Haplotype-based tests for selective sweeps

EHH methods are focused on site-specific polymorphisms and consider associations
between linked SNPs to infer whether sweeps have taken place (Klassmann and Gautier
2022). The EHH statistic first developed by Sabeti et al. (2002) was demonstrated to detect
selective sweeps around the G6PD-CH8 and TNFSF5-CH4 core haplotypes in genes
associated with malaria resistance in humans (Figure 3.1). EHH is a linkage disequilibrium
(LD)-based measure of EHH surrounding a focal site-specific SNP, used to detect ongoing
selective sweeps. Homozygosity in “EHH” refers to the probability that two randomly
chosen haplotypes around a focal site-specific SNP from a population are identical. The
premise of a test for a selective sweep is that long haplotypes are generated during a
selective sweep (where a variant rapidly rises to high frequency), because local LD is not

disrupted by recombination. Eventually though, recombination will erode the LD signal.
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Thus, a sweep carries a long haplotype to fixation in a population, with observed reduced

genetic diversity along the haplotype.
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Figure 3.1: A selective sweep was detected by long-range homozygosity around the G6PD
gene -CH8 core haplotype, associated with malaria resistance in humans. Panel A) The EHH
at varying distances from the core region on each core haplotype at G6PD demonstrates
that G6PD-CH8 (labelled red) has persistent, high EHH values. Panel B) A haplotype
bifurcation diagram of G6PD-CH8 shows it has long-range homozygosity that is unusual

given its frequency (Figures from Sabeti et al. 2002).

EHH tests detect the signature of relatively recent episodes of selection where the selected
allele is fixed or nearly fixed. They have weak power to detect ancient sweeps because
recombination and new mutations will erode long haplotypes (Chen et al. 2010). Phased
data perform better than unphased data for detecting selective sweeps using EHH tests
(Klassmann and Gautier 2022). Genomic data can be phased with packages such as Beagle
v5.4 (Browning et al. 2021), Shapelt2 (O'Connell et al. 2014) and fastPhase (Scheet and
Stephens 2006).

3.2.5.Integrated haplotype homozygosity score

The integrated haplotype homozygosity score (iHS) (Voight et al. 2006) is used to detect

partial selective sweeps in a single population. The iHS statistic was modified from the
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allele specific EHH statistic (Sabeti et al. 2002). The iHS is a measure of the decay of
homozygosity with increasing distance from the focal marker (primary locus) and is
calculated independently in each direction (upstream/downstream) from the marker. Any
two (or more) chromosomes identical in that region constitute a shared haplotype. To
detect selection using iHS, both alleles of a site must be present in enough sequences for
obtaining a reliable estimate of their respective allele specific EHH. Typically, a minor allele
frequency (MAF) of at least 5% is required, which excludes variants near fixation. iHS can be
calculated and standardised by the mean across all considered markers with software
packages such as Selscan (Szpiech and Hernandez 2014), hapbin (Maclean et al. 2015) or
REHH 2.0 (Gautier et al. 2017).

The iHS statistic, based on comparing two alleles, has been independently modified to
compare two populations, using two methods that calculate the integrated haplotype
homozygosity in subtly different ways: 1) cross-population XP-EHH (see Sabeti et al. 2007
for its derivation), and 2) the ratio between populations (Rsb) (see Tang et al 2007 for its
derivation). Candidate regions identified under selection using XP-EHH and Rsb values with
phased data are usually highly correlated, and essentially identical with unphased data
(Klassman and Gautier 2022), with neither method evaluated to be better at detecting
selection than the other (Gautier 2017). In some cases slightly different results are
produced; e.g. Ceccobelli et al. (2023) identified 4 and 8 candidate regions respectively with
XP-EHH and Rsb when comparing Mediterranean vs Continental Merino sheep. Crucially
both XP-EHH and Rsb methods can be used to pinpoint which of the two populations
selection has acted in and if parallel selection has occurred. This was not possible in
Chapter 2, where GEA methods were used to detect loci possibly involved in climate

adaptation.

3.2.6.Complementary Haplotype-based statistics

Eydivandi et al. (2021) applied three complementary haplotype-based test statistics (FLK,

XP-EHH, and Rsb) with Fstto detect selective sweeps, using pairwise comparisons of three
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categories of sheep breeds (from Iran, Afghanistan, and India). They found stronger
correlations (as expected) between Fst and FLK values, and between XP-EHH and Rsb
values, across the population comparisons. More convincing evidence of selection was
found when two or more haplotype-based test statistics detected sweeps at the same gene,
like for the DOCK, ZNF, ATP and COL family of genes. These candidate genes are involved in
the immune response and animal production traits e.g. milk production, body weight and
growth (post-weaning). Nine candidate genes were identified in all four tests, with genes
TNIK,DOCK1,USH2A, and TYW1B associated with disease resistance and climate adaptation

(with some breeds adapted to hot arid conditions).

3.2.7.Signatures of selection in the great tit HapMap dataset

A previous investigation of the great tit HapMap project dataset identified signatures of
selection using Fst-based methods (Spurgin et al. 2024). The authors found low overall
genomic divergence in European great tit populations, with marginally greater genomic
differentiation between Mediterranean Island populations. Unique genomic outlier regions
were detected at the range edge populations e.g. Scotland, England, Spain and Finland,
with candidate loci putatively involved in morphology, thermal adaptation and
colouration. However, this analysis does not reveal which agent is responsible for causing
selection. For some of these loci we provided evidence that climate was driving selection,
using a genome-environment analysis of twenty European great tit populations (for the GEA
method details and results see Chapter 2). However, neither investigation could reveal the
populations in which selection had been acting, and why specific alleles were favoured in

these populations?

In this chapter | attempt to address this gap by identifying the populations in which
selection has happened. | performed extended haplotype homozygosity (EHH) tests
between pairs of populations, by defining one population as a core population and the
other as an outlier population, where core and outlier status are determined from each

population’s Eigenvector value in the climate variable principal component analyses
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described in Chapter 2. We expected outlier alleles that are under selection to have
extended haplotypes relative to non-selected alleles in that population, or to alleles in the
core population(s). To produce a list of initial candidate SNPs, | used the Bayes Factor (BF)
associations with climate-PCs (see Chapter 2). The other measure of differentiation
described in Chapter 2, XtX, did not use the climate data and so is sensitive to all agents of
selection, not just climate. Furthermore, by considering different outlier populations, |
aimed to detect whether the same genes have been under selection in different
(geographically separated) populations, or whether selection has favoured different genes

in each population?

An ideal case scenario for this analysis would be to detect if alternative alleles had long
haplotypes in both low and high outlier populations (relative to the haplotype length in
‘core’ populations) for a given climate-related principal component (Figure 3.2), implying

one is adaptive to one set of conditions and one to another set of conditions (Figure 3.2c).

A) Two outlier populations under selection at different loci.
Outlier Population 1 .
EHH EHH '
Core

Genomic positions around focal SNP Genomic positions around focal SNP

—

Alleles Scenario 1 / Scenario 2
Outlief Population 1 — Outlier Population1 [A | T —]_ Alt

] :
EHH ‘ EHH 1 allele
Core Core [G i G
dona- 1y ||
|

|| ] ]
Genomic positions around focal SNP Genomic positions around focal SNP
B) Same loci under selection in different populations. C) Same loci under selection in two different outlier populations:
Only one outlier population under selection. with identical or alternative alleles under selection.

Figure 3.2: The different envisioned scenarios of detecting selection for outlier populations

1 and 2 vs core. A) Different loci are under selection in different outlier populations. B) The
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same loci is detected under selection in one outlier population, but not in a different outlier
population. C) The same loci under selection in different outlier populations. In the first
scenario outlier populations 1 and 2 (which could represent high and low populations from
this chapter’s data analysis) have identical alleles under selection, while in the second

scenario they have alternative alleles under selection.
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3.3. Methods

3.3.1.Study system and genomic data

A 500k Affymetrix HD SNP chip (Kim et al. 2018) was developed to genotype blood samples
from 29 wild great tit Parus major populations, covering much of the species’ range. See
Chapter 2 for further details on the assembly and annotation of a reference genome (Laine
et al. 2016), the collaboration of the great tit HapMap project and the initial search for
signatures of selection (Spurgin et al. 2024). The genotype data set was later phased to
construct the most likely haplotypes for each individual, on the following chromosomes: 1-

15, 17-24,26-28, 1A, 4A and Z.

Phasing of SNP genotype data into haplotypes was performed using shapelT v2.837
(O'Connell et al. 2014). Each chromosome was phased individually, using input files in Plink
bed/bim/fam format (Purcell et al. 2007; Chang et al. 2015). Default parameters were
chosen, along with the --duoHMM option to use pedigree information to improve phasing
accuracy, as many of the samples were in known parent-offspring trios. shapelT requires a
map file which contains the recombination rate between all of the markers. Although the
physical map (i.e. genome assembly) position of each SNP was known, far fewer SNPs
(~6500) are placed on the great tit linkage map (van Oers et al. 2014). Therefore, to construct
the map file we initially estimated the recombination rate (in cM/Mbp) between all SNPs
that were on both the linkage map and genome assembly. The remaining SNPs, all of whom
had genomic positions, were then placed on the linkage map by linear interpolation. For
each interpolated SNP we made the assumption that the recombination rate was constant
across the interval between the two nearest flanking SNPs that were on the linkage map.
All shapelT runs were performed on the University of Sheffield High Performance

Computing Cluster (ShARC).

In this Chapter | compared haplotypes from outlier vs core populations for climate-
principal components (PC) 1-4. See Chapter 2 for details of the PCA methods that were used

to reduce the bioclimate variables of the WorldClim v2 climate data set (Fick and Hijmans
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2017) for 20 great tit population locations. Climate-PC1 has strong contributions from
temperature variables and climate-PC2 from warm and dry variables. It isimportant to note
that climate-PC1 and PC2 explained ~70% of the variation in the original climate dataset.
Climate-PC3 has strong contributions from rain variables and climate-PC4 has strong
contributions from wind speed, rain seasonality and daily temp range variables (see
Appendix 2 Fig S2.2 for a visual figure of which climate variables contribute to each PC).
The population contribution biplots were inspected (PC1 vs PC2 Appendix 3 Fig S3.1; PC3
vs PC4 Fig S3.2), and outlier populations were identified along each PC axis at both ends of
the axis. Outlier populations are listed in Table $3.1. The core populations that remained
after identifying outliers were different for each PC. Sometimes outlier populations were
not geographically close together - e.g. high value climate-PC1 populations were located in
Scotland, France and Corsica. Despite their geographical remoteness and climatic
differences, we grouped these populations on the grounds that all three populations
occupied similar PC1 space. We expect these outlier populations to be the ones where

selection on genes enabling climate adaptation has been happening.

The haplotypes for the samples in high-outlier, low-outlier and core populations were
extracted from each phased chromosome file using VCFtools (Danecek et al. 2011) for each
PC in turn and indexed with the Parus_majorl.l Genome GFF file
(https://www.ncbi.nlm.nih.gov/assembly/GCF_001522545.3) using Bcftools (Danecek et al.
2021) to annotate the SNPs with their nearest genes and genomic features. These three
(high-outlier, low-outlier and core) vcf.gz files per chromosome were the input files for the

extended haplotype homozygosity (EHH) tests.

3.3.2.Cross-population XP-EHH

Cross-population-EHH, abbreviated to XP-EHH (Sabeti et al. 2007), is a test to detect the
selected alleles that have risen to near fixation (i.e. an ongoing selective sweep) in at least
one population, but not all populations, by comparing extended homozygosity in
population 2 relative to population 1. In XP-EHH methods, the integrated haplotype

homozygosity is calculated based on EHHS (iES) values of the average length of shared
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haplotypes. The original demonstration of the XP-EHH method identified 26 genes showing

evidence of positive selection in the human HapMap dataset (Sabeti et al. 2007).

Common to both XP-EHH and Rsb methods, the ancestral and derived status of alleles at
the focal marker are uncharacterised. The XP-EHH and Rsb values can be calculated and
standardised to an approximate Gaussian distribution in the REHH package, with a P-value
for each SNP assigned. Specifically in the XP-EHH calculation, the standardisation step uses
the mean XP-EHH computed over all analysed markers (Klassmann and Gautier 2022;
vignette for package REHH 2023). The XP-EHH test is recommended when comparing
populations with a low sample size, and grouping low sampled populations with other
geographically close or genetically similar populations is suggested to aid detection of

cross-population selection signatures (Chen et al. 2016).

3.3.3.Pairwise Rsb

The ratio of EHHS between populations (Rsb) pairwise population statistic (Tang et al. 2007)
can be used to detect selection when two populations are used to produce EHHS (site-
specific) values. When EHHS values are plotted the allele under selection in one population
will have extended ‘broad shouldered’ haplotype lengths around the focal allele relative to
haplotypes not under selection. Rsb is distinguished from XP-EHH methods because the
integrated haplotype homozygosity is calculated based on the integrated nEHHS statistic
(inES) that represents the average length of shared haplotypes. The unstandardized Rsb
(unRsb) value is the log ratio of inES for a marker, and it is then standardised to Rsb, using
the median and standard deviation of the unRsb values computed over all analysed
markers (and normalised to 1 at the focal position). It has been suggested this
standardisation might increase the robustness against different demographic scenarios

(Tang et al, 2007; vignette for package REHH 2023).
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3.3.4.Extended haplotype homozygosity tests to identify
selective sweeps

We compared haplotype lengths between outlier populations (either high-outlier or low-
outlier) and core populations, using extended haplotype homozygosity (EHH) statistics,
estimated in the R (v4.2) package REHH v3.2.2 (Gautier and Vitalis 2012). Along each
chromosome, we used the scan_hh() function, to calculate iHH, inES and iES score matrices
for each comparison between an outlier and core population(s). To identify selective
sweeps in at least one population, we calculated XP-EHH (Sabeti et al. 2007) with the
ies2xpehh() function, which calculates the log-ratio of the iES values in populations 1 and
2. We also calculated, Rsb, the ratio of EHHS between populations (Tang et al. 2007) with
the ines2rsb() function. This function uses the inES statistics from population 1 and 2, to
produce Rsb scores. For both the XP-EHH and Rsb statistics, large positive (or negative)
results reveal strong extended homozygosity (i.e. a selective sweep) in population one
relative to population two (or vice versa). The correlation between the XP-EHH and Rsb

statistics was estimated genomewide.

To identify selective sweeps associated with climate, candidate SNPs were identified by
two steps. First we looked for evidence of the selective sweeps that have occurred in outlier
but not core populations. Here we used the REHH default thresholds of XP-EHH>4 and/or
Rsb values >4. A more stringent threshold, e.g. 6, might be suggested when testing a large
number of SNPs, to reduce the risk of false positives. However upwardly adjusted
thresholds may also risk missing some true positive sweeps. Second, candidate SNPs were
further restricted to those that were previously identified as having strong to decisive
evidence for an association with climate variation in our previous genome-environment
analysis (Chapter 2). To identify candidates, SNPs were filtered by a mean Bayes Factor
score >10, calculated across 3 runs of the BayPass Auxilliary model. This resulted in a list of
1815 unique SNPs identified from 286, 505, 327 and 709 SNPs associated with climate-PC1-
4, respectively (for method details see Chapter 2). Thus, candidates had to have reached
statistical significance in both the previous GEA (Chapter 2) and in the haplotype-based

tests that identify the population in which selection is acting (this Chapter). Binomial
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testing was applied to investigate if positively selected hits occurred more than expected
by chance. The null hypothesis is that positively selected SNPs would occur equally often

in the outlier and core populations.

For those candidate climate adaptation loci with evidence of selective sweeps in outlier
populations from XP-EHH and/or Rsb values, we further investigated whether selection has
acted in parallel on the same gene in the different outlier populations. To do this we re-ran
the XP-EHH and Rsb tests for distinct outlier populations (each time comparing them to the
core populations). From this we could identify whether selection has acted on different loci
in each outlier population. If the same sweeps are identified in geographically discrete
outlier populations (e.g. in Scotland and in Southern France / Corsica) then we would

conclude that parallel evolution has occurred.

A summary of the candidate loci with evidence of selective sweeps associated with climate-
PCs 1-4 was compiled from the raw data tables of all the considered population
comparisons (S.Tables S3.2-3.9). Data were filtered to retain one best SNP per genomic
location. ‘Best’ SNPs were assigned by counting the number of different test statistics (XP-
EHH, Rsb and BF) that provided significant evidence of an association with climate, rather
than by prioritising an extreme score in only one test. Each candidate SNP was presented
on an extended haplotype homozygosity around a site-specific SNP (EHHS) plot. We also
investigated whether there was a bias for significant candidates to be found in regions of
low recombination. The local recombination rates (cM/Mbp) for all the candidate SNP were
summed, and the same number of hits were randomly assigned to different places of the
genome and their local recombination rates were summed. The randomisation was
repeated 10,000 times, to test whether sweeps were in more lowly recombining regions
than expected by chance. This script was also run on the climate association SNPs
(identified in the Chapter 2 GEA) independently for PC1-4, to look for any bias towards the

candidate SNPs tending to be in low recombination regions.
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3.4. Results

Atotal of 17 of the previously identified candidate climate adaptation loci showed evidence
of selective sweeps in XP-EHH or Rsb tests (Table 3.1, Figures 3.3-3.6). The XP-EHH and
Rsb values generated for each comparison showed a moderate positive correlation, with
an average Pearson's product-moment correlation coefficient of 0.64 (Figures S3.3-4). For
each candidate SNP, a focal EHH plot was drawn showing the nearest gene(s) (Figures
$3.5-21). The sweeps around the candidate loci were in regions of lower recombination
rate than expected by chance (P =0.017), with the 17 candidate SNPs covering 14 distinct
regions (Figure 3.7). For comparison, the starting set of candidate SNPs excluding those
from PC4 (1004 mapped SNPs) were also found in regions of lower recombination than
expected (P =0.0024). In contrast, PC4 candidate SNPs tended not to be in regions of lower

recombination (P=0.81).

Across PCs 1-3 there were more sweeps detected among candidate climate association loci
than expected by chance (Figures 3.3-3.5). However, PC4 did not show an excess of
selective sweeps over null expectations. We found an excess of these positive significant
hits to be in the outlier population (90 SNPs equal to or above the +4 XP-EHH / Rsb
thresholds) rather than in the core population (just 20 SNPs equal to or below the -4
thresholds). This excess is statistically significant (P < 8.2*10* assuming a binomial
probability of 0.5). This highly significant P value provides support for the GEA results, with
evidence that we are reliably detecting sweeps in the outlier populations in the genes that

were found in the previous chapter.

Closer investigation of the outlier populations revealed 14 of the candidate regions with
selective sweeps were detected in just one population or in geographically close
populations, including 11 SNPs undergoing selection only in UK populations. Among the
other three SNPs, evidence for a selective sweep was found for SNP AX-100954514 in the
Spanish population, SNP AX-100244814 in France and Corsica and SNP AX-100479507 in

Finland. Evidence of parallel evolution in geographically remote outlier populations was
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only detected for one SNP, AX-100430005, in both Scotland and in the France/Corsica

combined populations.
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Table 3.1: Seventeen representative candidate climate adaptation loci identified as undergoing sweeps in an outlier population.

Core Outlier Mean

XP-

XP-

SNP Chr BP Allele  Allele BF EHH Rsb EHH Rsb XP-EHH Rsb Nearest Gene (kbp)
High PC1 All outliers Scotland France & Corsica
Ponulations
AX-100958411 1 7,518,315 T C 38.3 3.82 4.77 2.04 3.24 3.18 3.41 ATP6AP2 (0.2), MED14 (14.8)
AX-100626511 1A 32,286,754 T G 17.9 0.36 494 4.05 5.56 0.60 1.48 LLPH (12.6), HMGAZ2 (47.2)
AX-100430005 2 99275394 C T 19.4 5.61 6.71 4.26 2.09 4.56 6.64 GNAL (11.5)
AX-100212698 3 27,095579 A G 16.4 1.92 4.61 7.90 6.86 -1.96 -2.02 LRFN2 (54.6)
AX-100566910 4 45986,689 T G 16.8 2.71 495 5.78 5.52 0.41 1.54 NSUN7 (0), APBB2 (12.8), RBM47 (47.5)
Low PC1 All outliers Finland Estonia & Russia
Ponulations
AX-100479507 3 28881614 C T 15.4 5.58 5.59 5.01 4.87 2.64 2.81 TTC7A (0), MCFD2 (11.5)
High PC2 All outliers Spain France & Corsica
Ponulations
AX-100244814 1A 58,759,725 A G 16.67  2.28 4.04 1.50 2.23 2.71 4.52 MRPS33(0),LOC107204196 (14.8), BRAF (18.3)
AX-100954514 Z 26965165 T A 1841 4.67 3.67 5.45 2.37 1.52 1.49 JAK2 (0),LOC107215974 (28.9), PLGRKT (38.5)
Low PFZ All outliers Scotland Switzerland &
Populations Germany
AX-100333849 3 25931865 G A 13.69 4.73 10.27 6.34 6.45 1.60 3.13 SRBD1 (0)
AX-100053712 3 26,617,245 G A 16.42  2.12 4.00 6.08 4.32 -0.99 -1.15 CRIPT (16.0), PIGF (23.8), RHOQ (42.8)
AX-100690978 5 21,629,221 T G 20.05 1.06 4.31 5.06 4.67 0.30 -1.35 CD82 (73.3), ALX4 (82.8)
Low PF3 All outliers Cambridge UK & Sweden
Populations Oxford UK
AX-100681217 2 46,317,558 A C 13.11  6.00 9.04 7.54 10.36 0.47 1.39 HERPUDZ2 (28.8)
AX-100379572 2 12991920 T C 11.25 2.28 4.79 3.35 5.56 -0.0069 0.58 VPS13B (0)
AX-100271597 2 13,608,283 T C 4895 4.27 10.15 4.27 10.15 -0.96 -0.24 TRPS1 (0)
AX-100386254 3 38558688 T C 211 5.29 6.17 4.76 4.97 1.29 1.90 PDE10A (85.9)
AX-100844877 4A 12,152,707 C T 13.88  2.97 547 4.32 6.03 0.41 1.27  ACSL4 (15.0), COL4A5 (158.4)
Low PF4 All Outliers Spain Sw1tzer.1and &
Populations Belgium
AX-100523182 15 8,303,211 C T 33.05 221 447 096 1.09 -0.62 -0.76  PI4KA (11.6), SERPIND1 (36.9)
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Figure 3.3: EHH statistics for climate-PC1. Panel A highlights 567 climate-PC1 associated SNPs (i.e. BF>10 over 3 runs of BayPass) from a total of 479,111
SNPs. The Manhattan plots display 'high' populations vs core (XP-EHH in panel B and Rsb in panel C) and 'low' vs core (XP-EHH in panel D, and Rsb in panel
E). In total, 3,11, 5 and 3 SNPs are highlighted out of 414,984,492, 1120 SNPs above the XP-EHH/Rsb +4 threshold, and with 0, 1, 0, 1 SNPs highlighted out
of 125, 216,121 and 246 SNPs below the XP-EHH/Rsb -4 threshold, respectively for panels B-E. For each case using a Binomial test an excess of climate
associated SNPs were detected among sweep loci relative to the number expected by chance, except for panel E.
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Figure 3.4: EHH statistics for climate-PC2. Plots details as for Figure 3. Panel A highlights 847 climate-PC2 associated SNPs, with 4, 4, 5 and 12 SNPs
highlighted out of 308, 755, 485, 1181 SNPs above the XP-EHH/Rsb +4 threshold, and 0, 2, 1, 1 SNPs highlighted out of 329, 646, 93 and 168 SNPs below the
XP-EHH/Rsb -4 threshold, respectively for B-E. For each case using a Binomial test an excess of climate associated SNPs were detected among sweep loci
relative to the number expected by chance.

124



>

average BFmc
N
o
|
1
1
1
1
1
1
1
!
1
1
1
1
1
1
)
1
1
1
1
1
]
1
1
1
1
1
1
1
!
1
1
1
1
1
1
1
1
1
f
1
1
1
I
1
1
1
1
1
1
!
1
1
]
1
1
1
1
1
1
1
k
1
1
1
1
\
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
!
r
1
1
1
1
1
1
1
J
1
1
f
!
1
I
]
1
1
1
1
1
1
1
1
1

B
PRI Y | _ 38 _ o - B st h%3. $ea- B _ Ny A —_B%2 c20 o3a ls. _c8a & _ [ @8 _f. .2 S8 .80 8 . o oo oo o . gt __
T
T
w o
[a
=<
4-
Cc
5- ] ~ . . 2o ot _ L cwfd_ _ ____
3 0
e
54
10-
D
5-
- - _
T
w
a o-
=3
5-
E
10-
.2
2T _ _ — <N - ; g ! T
* !
1 u l
5
i 2 4 an 5 9 10 11 12 13 14 151718 ' 20 ' 24" 28
Chromosome

Figure 3.5: EHH statistics for climate-PC3. Plots details as Figure 3. Panel A highlights orange 604 climate-PC3 associated SNPs, with 4, 1,9 and 18 SNPs
highlighted out of 439, 1066, 442, 1213 SNPs above the XP-EHH/Rsb +4 threshold, and 1, 1, 1, 1 highlighted out of 103,201, 212, 413 below the XP-EHH/Rsb
-4 threshold, respectively for B-E. For each case using a Binomial test an excess of climate associated SNPs were detected among sweep loci relative to
the number expected by chance, except for panel C.
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Figure 3.6: EHH statistics for climate-PC4. Plots details as Figure 3. Panel A highlights orange 1343 climate-PC4 associated SNPs, with 3, 0,2 and 6 SNPs
highlighted out of 351, 946, 387, 1017 SNPs above the XP-EHH/Rsb +4 threshold, and 4, 6, 0, 0 SNPs out of 157,391, 111, 248 SNPs below the XP-EHH/Rsb
-4 threshold, respectively for B-E. For each case Binomial testing showed that there was no excess of climate associated SNPs detected among sweep loci

relative to the number expected by chance.
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3.5. Discussion

Two complementary EHH statistics were used to identify the populations that have
experienced selective sweeps associated with climate, informed by the 1815 unique
candidate SNPs associated with climate for PC1-4 from the Chapter 2 GEA analysis.
Evidence of selective sweeps was found for seventeen of these candidate climate
adaptation SNPs. Among the 17 significant candidate SNPs we observed more haplotypes
with evidence of a sweep in the outlier populations than in the core populations (confirming
what we expected to see). The closest genes to these candidate loci may potentially play a
role in local adaptation to climate, and each will be discussed in context for biological

process and its relevance to adaptation in the studied great tit populations.

3.5.1.Genes within sweep regions and their effects in other species

Of the 17 candidate loci showing evidence of selective sweeps, 11 were in UK populations
(see Table 3.1 for details). Below | discuss the possible role of each gene on climate
adaptation, having first divided them into three broad functional categories: 1)
environmental adaptation including hypoxia, 2) body size, skeletal development and bill

morphology, and 3) neurodevelopment, disease and sperm motility.

Firstly, candidate genes associated with environmental adaptation include the gene
HERPUD2, a candidate gene for adaptation in herring to warmer water temperature around
the British Isles compared to in the North Atlantic in (Han et al. 2020). The VPS13B gene is
associated with adaptation to environmental conditions, and has been reported to be
under selection in Chinese sheep (Yang et al. 2016) and Mediterranean sheep and goats
(Serranito et al. 2021). The VPS13B protein has a role in the development of adipocytes
during milk formation and shows evidence of a selective sweep in goat breeds (Amiri
Ghanatsaman et al. 2023). Two of the candidate genes have a role in hypoxia (low oxygen

levels). For example, adaptive alleles of the CRIPT gene are associated with oxygen-carrying
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in the blood in Tibetan people who live in the highlands (Deng et al. 2019). Natural selection
on the PDEIOA gene has increased the spleen size in nomadic sea-diving human
populations, providing a larger reservoir of oxygenated red blood cells, described as an

adaptation to hypoxia tolerance (llardo et al. 2018).

Second, two of the candidate genes have been associated with body size; LLPH a candidate
gene for small body size in Caspian horses (Mousavi et al. 2023) and ACSL4 a candidate gene
for body size in Donkey (Zhou et al. 2020). The candidate SNP nearest to ACSL4 is also
158kbp away from COL4A5, a gene identified in Bosse et al. (2017) as being associated with
longer bill length and under positive selection in the UK great tit population, possibly as an
adaptation to the provision of bird feeders in UK gardens. Two further candidate genes also
overlap with the genes that Bosse et al. (2017) suggested were under positive selection and
affected great tit craniofacial skeleton and bill morphology. These genes were TRPS1 and
VPS13B, with VPS13B also identified as playing a role in variation in bill morphology of
Darwin’s finches (Lawson and Petren 2017; Sendell-Price et al. 2020). The candidate gene
TRPS1 closest to SNP AX-100271597 under selection in the combined Cambridge / Oxford
(UK) populations, was one of the best candidate genes in the Chapter 2 GEA (BF > 48, XtX
differentiation outlier), and is linked to skeletal dysplasia and hair and craniofacial
abnormalities in humans (Cho et al. 2019). A strong selective sweep at TRPS1 has occurred
in all African rainforest hunter-gatherer groups, with selection linked to short stature (Lopez

etal. 2019).

The third category of gene functions less obviously includes candidate for climate
adaptation. One of the candidate genes, LRFN2 (also termed SALM1), is linked to synaptic
activity, with LRFN2-deficient mice displaying inhibited social behaviours, enhanced
synaptic plasticity and enhanced memory formation (Morimura et al. 2017). Mutations in
the SRBDI gene increase the risk of the eye condition glaucoma, which can lead to a loss of
vision (Kanemaki et al. 2013). Mutations of CD82, a tumour suppressor gene, likely influence
the immune response and metastasis suppression (Tsai and Weissman 2011).

Polymorphisms in the gene NSUN7 increase the risk of neuroblastoma (Zhou et al. 2020b)
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and are associated with sperm motility defects in mice (Khosronezhed et al. 2015). In
addition, a further significant sweep was detected for a UK population in combination with
other high PC1 populations (Scotland, France and Corsica) near ATP6AP2. Despite being
identified in Chapter 2 as one of the loci with the strongest association to climate (BF > 30),
ATP6AP2 is a (pro)renin receptor with tissue-specific activation required for vertebrate
development (Wendling et al. 2017), but with a gene function less obviously linked to

climate adaptation.

3.5.2.Selective sweeps in non-UK outlier populations

Selective sweeps in non-UK outlier populations were reported for four different
populations, with candidate genes identified with functions related to adaptation to

altitude and thermotolerance:

1) In Finland there was a sweep centered on a SNP close to candidate gene TTC7A
(associated with climate-PC1). Differential gene expression at the TTC7A has been reported
in a comparison of great tit embryos that were grown in conditions resembling high and

low altitudes (Chen et al. 2022).

2) In the Spanish population there was a sweep near to candidate gene JAK2
(associated with PC2). Mutations in JAK2 lead to the production of too many red blood cells
(clinically a blood cancer termed polycythemia vera), with cases observed to be more
frequent in people living at high-altitude (Moliterno et al. 2023). Blockade of the JAK2

pathway protects mice against hypoxia-induced hypertension (Zhang et al. 2020).

3) In the combined France/Corsica population there is a sweep close to candidate gene
MRPS33 (associated with climate-PC2). Selection at MRPS33 has been detected in African
cattle, and the gene is suggested to play a role in the evolution of thermo-tolerance (Taye

etal.2017).

4) In the combined low PC4 populations (Spain, Switzerland and Belgium) there was a
sweep near PI4KA, identified in Chapter 2 as ‘decisively’ associated with climate (BF > 30);

however the gene displays a less obvious adaptive gene function. Human patients with
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mutations in PI4KA have a severe related metabolic disorder with causes changes in brain

and neurodevelopment (Verdura et al. 2021).

In summary, the candidate genes identified in positive sweep regions have known
biological processes (as referenced in the above detailed descriptions for each gene)
associated with environmental adaptation (HERPUD2, VPS13B), thermo-tolerance
(MRPS33), hypoxia (CRIPT, PDEIOA, TTC7A, JAK2), body size (LLPH, ACSL4), skeletal
development (TRPS1), bill morphology (VPS13B), synaptic activity and memory (LRFN2),
vertebrate development (ATP6AP2), disease including glaucoma (SRBDI), metabolic
disorder (PI4KA), metastasis suppression (CD82), neuroblastomas (NSUN7), and sperm
motility (NSUN7).

3.5.3.Do selective sweeps provide support for parallel evolution?

Closer investigation of the outlier populations revealed candidate genes had generally
been selected in just one population or geographically close populations, with only one
candidate SNP under parallel evolution in different outlier populations. This SNP, AX-
100430005, appears to have undergone parallel selective sweeps in Scotland and in the
combined France/Corsica populations. The closest gene to this SNP is GNAL. Mutations in
GNAL cause primary muscle dystonia, affecting movement in human patients (Fuchs et al.
2012). Thus, only one account of parallel evolution is observed, which provides low

evidence of parallel evolution occurring for the identified selective sweeps of this Chapter.

3.5.4.Are candidate genes in regions of low recombination?

Some researchers have suggested that false positives are more likely in regions of low
recombination (e.g. Burri et al. 2015; Burri 2017) including in our study populations (Perrier
and Charmantier 2019; in response to Bosse et al. 2017). For example, regions detected with

increased differentiation, reduced genetic diversity and increased LD may look like
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selective sweeps, but could have resulted from low recombination and background
selection (Burri et al. 2015). To consider the attribution of selective sweeps, we looked at
the location of our candidate SNPs with respect to local recombination, and tested these
relative to the recombination rate at randomly chosen SNP regions of the genome. We
found evidence that our sweep regions were disproportionately likely to be in regions with
low local recombination rate. This does not necessarily mean they are false positives, as it
could be that the power to detect sweeps is greater in those regions. Signatures of genuine
sweeps should last longest in regions with low recombination rates. We also found evidence
that the SNPs associated with climate for PC1-PC3 from the GEA in Chapter 2 were biased
for SNPsin regions of low recombination, which may reflect why more candidate SNPs were
also foundinregions of low recombination. In other words, any bias that has occurred could

have happened in the GEA analyses, rather than the haplotype-based ones.

3.5.5.Limitation of methods to detect sweeps

In this chapter the general method of choosing outlier population groups was based on
shared climate-PC space, which did not always reflect geographical distance or expected
population gene flow from migration. A more targeted selection of which populations to
compare could help investigate local adaptation in finer detail, for example like the
replicated choice of urban vs rural paired great tit populations (Salmén et al. 2021).
Comparisons between populations could be aided by sampling more birds per population

and more populations distributed across the species range.

It is important to consider that identifying signatures of recent positive selection by only
one or a few approaches (in this case, by extended haplotype-based testing and by the BF
evidence for associations with climate), requires real caution when inferring causation of
local adaptation in a polygenic trait. The false detection of positive results is statistically
likely when hundreds of thousands of SNPs are tested. More stringent thresholds can be
considered to reduce false-positives, especially in larger SNP data sets with a higher

number of false-positives to be expected (Klassmann and Gautier 2022). However, true sites
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of selection may then be missed. Other uncertainties in the methods may include the
handling of large gaps between markers, and the clustering of significant scores (see
vignette for package REHH 2023 for ways to deal with data considerations). Klassmann and
Gautier 2022 recommend in general that only a handful of the most extreme outlier regions
can bejustified to be investigated in further detail, with caution needed if reporting a large
number of putative selective sweeps, due to false-detection rates (FDR) introduced by the

statistical method.

3.5.6.Combined methods to detect sweeps

This Chapter focused on cross population XP-EHH and Rsb haplotype statistics because
they were commonly co-reported in the literature of detecting selective sweeps in
vertebrates, and both values could be calculated for ~400K SNPs in a REHH package
framework on a HPC cluster. The calculated XP-EHH and Rsb values of this data analysis
were moderately correlated, but different enough to justify reporting both values. Notably,
overall we found more of our candidate loci (from Chapter 2) subsequently produced
evidence of selective sweeps by combined XP-EHH and Rsb evidence (this chapter) than

expected by chance.

Other available EHH tests that can be applied to compare populations and genome scan for
local adaptation, include: 1) the cross population-composite likelihood ratio test (XP-CLR),
developed by Chen et al. (2010) to detect sweep regions of the genome where the change
in allele frequency has occurred too quickly relative to expectations under a model of
neutral genetic drift. For example, this test was used to detect selective sweeps in
domesticated macadamia nuts (Lin et al. 2022). 2) the cross-population number of
segregating sites by length (XP-nSL). This test was developed by Szpiech et al. (2021) to
compare the length of haplotype homozygosity between alleles from derived and ancestral
populations, in terms of mutation patterns. XP-nSL is able to detect ongoing and recently

completed hard and soft sweeps, and was originally applied to identify high altitude
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adaptation in rhesus macaques (see Garud 2023 for an explanation of rapid adaptation

signatures in soft sweeps).

Different haplotype-based tests provide better resolution for detecting selective sweeps
depending on whether the focal allele has moderate frequencies (e.g. iHS) or has become
(nearly) fixed within one population (e.g. XP-EHH, Rsb, XP-CLR) or to detect ongoing sweeps
(e.g. XP-nSL) (Chen et al. 2016). Haplotype-based methods to detect selection can be
combined, with the aim of providing better resolved and more robust evidence of the
signatures of selection. For example, Lin et al. (2022) identified genomic regions under
selection in populations of cultivated cucumber, by combining four haplotype-based
approaches (iHS, XP-nSL, XP-EHH and Rsb) with Fisher’s combination method (Fisher 1954).
An alternative, suggestion on how to improve the resolution of identifying genomic regions
under selection, is to combine the haplotype statistics via de-correlated composition of
multiple signals (DCMS) of the P-values (Ma et al. 2015). Overall, the different tests for
selection are considered complimentary and the combination of these tests an optimal

strategy for resolving selection signatures with different features (Chen et al. 2016).

Ultimately the classification of an adaptation gene would require experimental validation
or the combination of genomic data with phenotype and life history data from natural
populations. Only then is it possible to demonstrate that selected alleles result in increased
fitness and survival, which is difficult to directly measure in the wild. For example, natural
selection for variants of the gene EPASL1 is observed in the Tibetan human population.
These alleles have helped with adaptation to living at high altitude, while individuals not
carrying the adaptive variants use oxygen less efficiently and struggle with the effects of

altitude sickness (Simonson et al. 2010).

In summary, this chapter detected the populations where selection may have acted.
Seventeen candidate climate adaptation SNPs were identified as having undergone

selective sweeps, mostly in the outlier populations. The closest genes to these candidate
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SNPs may potentially play a role in adaptation to climate, with suggested roles for
transporting oxygen and for thermoregulation and body size/skeletal adaptations to deal
with local climatic and temperature conditions. Future studies may focus investigation on
the 12 selective sweeps associated with climate identified in the UK populations. Whole
genome sequencing of museum great tit specimens from UK populations could be
performed to test if significant changes in allele frequencies have occurred in these

candidate climate adaptation genes over a time-series of samples (Chapter 4).

Thinking more generally, climate did not explain all of the detected positive sweeps, so
understanding adaptation to other environmental factors and other agents of selection
could beinvestigated further. Further understanding of the genomics of climate adaptation
in natural populations of great tit could be gained from comparing replicated matched
pairs of populations, contrasting climatic extremes especially in more peripheral
populations e.g. those exposed to high levels of heat stress or winter cold tolerance vs a
control population from mainland Europe. Perhaps haplotype-based methods will be
developed to reduce the implication of sweeps being falsely detected in low recombination

regions, to aid the detection of candidate adaptive loci.
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4. Temporal trends in allele frequencies of potential climate
adaptation genes in the UK great tit museum record

4.1. Abstract

Whole-genome sequencing was performed on DNA extracted from 95 great tit museum
specimens, that were originally field collected in the UK since the 1870s. | formally tested
whether signatures of selection for climate adaptation were identified in the same genomic
locations as identified in Chapters 2 and 3, using this independent temporal dataset of UK
great tit specimens. Temporal trends in allele frequencies were calculated by linear
regression of allele counts over time for each SNP. The distribution of the regression
coefficients was compared between candidate regions and the rest of the genome; the rest
of the genome can be considered a null distribution for what might be expected by chance
under a scenario of no adaptation to climate. Three SNPs out of 11 potential climate
adaptation regions showed temporal trends that were greater than expected by chance (P
< 0.05). However not all of the changes in allele frequency were in the expected direction.
The closest genes to these three SNPs are the best climate adaptation genes, because they
were significant in a pan-European Genome-Environment Analysis (GEA), they had long
haplotypes consistent with positive selection in the UK population, and they showed an

unusually strong temporal trend in the UK over the last century.
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4.2, Introduction

Sequencing the genomes of natural history museum collections of plant and animal
specimens and comparing the allele frequencies to those in contemporary samples can
help researchers investigate evolutionary questions related to temporally-changing
climates (Holmes et al. 2016; Clark et al. 2023). Natural history museum collections are a
source of 'historical' (collected in the last ~200 years) and sometimes of far older 'ancient’

DNA (Raxworthy and Smith 2021).

The genetic information from preserved and stored bird specimens is often extracted from
skin (Irestedt et al. 2022) or toe pads (Mundy et al. 1997). DNA degradation, caused by
exposure to moisture or storage chemicals, may occur continuously over storage time, and
DNA damage may occur in the extraction process (Fong et al 2023). Challenges of
sequencing the extracted DNA include having an available reference genome, obtaining
adequate sequencing coverage, removing contaminated DNA, correcting for DNA
degradation, and minimising the amount and impact of missing data (Raxworthy and Smith

2021).

Despite being challenging to work with in genomics studies, museum collections may be
utilised as a time-series genetic resource for a focal species (Holmes et al. 2016). For
example, the Mauritius kestrel (Falco punctatus) underwent a dramatic population
bottleneck, associated with human activities including deforestation and habitat loss,
pesticide use and the introduction of non-native species. As a result, there was only a single
endangered breeding pair in 1974. An intensive conservation project 1983-1994 released
331 captive-reared kestrels into the wild population, raised from wild caught or captive-
bred eggs with controlled provision and reduced predation risk (Jones et al. 1995). The high
levels of genetic variation in historical Mauritius kestrels (as determined from 12
microsatellite markers of museum skins), informed researchers how much genetic
variation was present in the pre-bottleneck population, and showed them it was not

necessary to add genetic diversity from individuals from donor populations (i.e. assisted
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gene flow). Following conservation efforts, a growing population of 200 pairs was reported

around the Millennium (Groombridge et al. 2000).

The comparison of genetic changes over century-long timescales in museum collections
(Lalueza-Fox 2022), allows for investigation of evolutionary adaptation in response to
climate changes (Raxworthy and Smith 2021). For example, Bi et al. (2019) demonstrated
that adaptive responses (in this case, selection on the gene ALOX15) were detectable in an
alpine chipmunk species (Tamias alpinus), with DNA extracted from museum specimens
collected in 1911 that were compared to 2012 samples. However, the occurrence and
distribution of a species across time may introduce bias into which individual specimens
get identified and collected for museum storage (Fong et al 2023). The availability of
comparable museum specimens from different timepoints will subsequently influence the
monitoring of genetic variation in a population over time (Holmes et al. 2016; Raxworthy

and Smith 2021; Fong et al 2023).

In a recent example of historical DNA being used to investigate genome-wide shifts in
genetic structure and climate adaptation, Turbek et al. (2023) first performed a
comparative genomic study of 17 museum specimens of willow flycatchers (Empidonax
traillii) (collected 1888-1909 from San Diego, USA) and 18 contemporary individuals
(collected 2010-2011). Gene flow over the last century was demonstrated, occurring from
neighbouring populations into the San Diego population. The increased genetic diversity in
the contemporary San Diego population is suggested to have enhanced its adaptive
potential to future challenges. Second, a total of 200 contemporary willow flycatchers from
across the species range (Southwest USA) were sequenced, and regions of the genome with
allele frequencies correlated with dew point temperature (associated with air moisture)
and precipitation variables were identified as genetic loci likely involved in climate
adaptation. Third, the authors found a decrease in genetic diversity at the genes linked to
climate adaptation (particularly rain and air moisture variables) between the historical and
contemporary San Diego samples. The authors demonstrated that the contemporary San
Diego population showed evidence of adaptation (and potential for further adaptation) to

wetter and more humid climate conditions (Turbek et al. 2023).
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We set out to take this temporal approach to study adaptive evolution in response to
changing climate conditions using great tit (Parus major) specimens from UK natural
history collections dating back to the ~1870s. The great tit is an ecological model species
with an assembled and annotated genome available (Laine et al. 2016). For a case study of
the long-term monitoring of individuals in the wild at Wytham Woods in Oxford, UK, see
Sheldon et al. (2022). UK specimens of great tits are well-suited for investigation of adaptive
evolutionary studies because the species is predominantly resident in the UK and should
be locally adapted to environmental conditions, with only a few long-distance migrant
individuals arriving from differently adapted populations in Europe each year (Kvist et al.
1999). The ability to extract DNA from bird specimens stored in UK museums (Mundy et al.
1997), has allowed us to whole-genome sequence 95 great titindividuals (at ~12x coverage),

collected at different time-points over the last century in the UK.

In Chapter 2 | described the methods used for genome-environment analysis, to identify
SNPs that are associated with adaptation to climate across 20 European great tit
populations. | reported the closest gene for 179, 275 and 204 SNPs associated with climate
variable principal components PC1, PC2 and PC3 respectively, at a threshold of Bayes
Factor (BF) >10 (‘good evidence’ of an association). PC1 largely described year-round
temperature, PCs 2 and 3 largely described precipitation levels in the warmer months and
wettest months respectively. Briefly, the data suggest that there has been adaptation to the
wide range of climates across Europe, and that this adaptation involves a large set of genes
with different gene ontologies, although some ontologies are over-represented among
adaptation loci. Adaptation to climate appears to be complex and polygenic. In Chapter 3
the populations in which selection was happening at these candidate climate adaptation
genes were identified (determined by either or both of the haplotype homozygosity
statistics XP-EHH and Rsb exceeding a threshold of 4).

The aim of this chapter is to test the prediction that the SNPs of interest for climate
adaptation in the UK have undergone greater changes in allele frequency over the last 150

years, compared to the rest of the genome; i.e. that they exceed expectations from genetic
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drift. | calculated temporal trends in allele frequencies at all of the sequenced SNPs, and
made comparisons between candidate regions and the rest of the genome; the rest of the
genome can be considered a null distribution of what might be expected by chance under

a scenario of drift with no adaptive evolution.

4.3. Methods

Among the 28 SNPs of interest (from 12 genomic regions) for the UK identified from
extended haplotype statistics (see Appendix 3 S.Tables S3.2, S3.5 and $3.7), SNPs which
were transversions (i.e. G/C or A/T) were removed, because it was impossible to know
whether the museum sequencing data is reading the same strand as the SNP chip, and
therefore itis not possible to know whether the allele identified as being under selection in
the UKisincreasing or decreasing in frequency in the museum samples. This list was further
reduced, to include only one SNP within each distinct genomic region. The top SNP for each
candidate region was chosen as the one that met the most thresholds across the three tests
described in the earlier chapters (BF, XP-EHH and Rsb). If more than one SNP was significant
for the same number of tests, then then priority was given to SNPs that tended to
comfortably exceed thresholds across multiple tests rather than to SNPs with very extreme

values at just one test.

The final variant list contained 12 SNPs of interest: with 4 variants associated with climate-
PC1 and identified as under selection in Scotland (AX-100430005, AX-100212698, AX-
100566910, AX-100626511), 3 variants associated with climate-PC2 and identified as under
selection in Scotland PC2 (AX-100333849, AX-100053712, AX-100690978), and 5 variants
associated with climate-PC3 and identified as under selection in Cambridge and Oxford (AX-
100681217, AX-100379572, AX-100271597, AX-100386254, AX-100844877) (see Table 3.1).
The focus on particular UK populations and not all three combined is because the Loch
Lomond, Scotland population was identified as an outlier population for contributions to
climate-PC1 and climate-PC2, whereas the more southerly Cambridge and Oxford

populations were both identified as outliers for contributions to climate-PC3 (see
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Appendix 3 Figs S1 and S2 for visualisation of how the outlier and core populations for

each climate PC were identified on the climate PCA population bi-plots).

4.3.1.DNA sample collection

DNA was extracted using the Qiagen Dneasy kit from the toe pads of 119 great tit specimens
that were caught 1868-1982. The samples were obtained from five natural history museums
around the UK (Liverpool, Newcastle, Oxford, York, and Cardiff). Most samples (around 2/3
of the total) had over 100ng of extracted DNA. Metadata on each individual specimen was
recorded, including sex, age, subspecies, year caught and location (Appendix 4.2 file

samplelnfo.txt). 95 samples passed quality control to be sent for sequencing.

4.3.2.Paired-end sequencing, trimming and alighment

The 95 great tit museum samples and a negative control were paired-end sequenced at the
NERC Environmental Omics Facility in the Centre for Genomic Research, University of
Liverpool (the sequencing was externally funded by NEOF - project 1403 (Appendix 4.3
project proposal NEOF_application.docx)). Libraries were first prepared, and then each
batch of 50 samples (genome size ~1 Gb) were sequenced on a lane of the NovaSeq 6000 S4
(2x150 bp) to achieve approximately 12x coverage per sample. Forward (R1) and reverse
(R2) paired-end reads were produced, along with unpaired (RO) reads produced as the
result of removal of one of the pair due to poor sequence quality or the presence of an
adaptor. The raw Fastq files were trimmed in two steps: First, the Illumina adapter
sequences were removed using Cutadapt version 1.2.1 (Martin 2011), with the -O 3 filter
specified, so the 3' end of any reads which matched the adapter sequence for 3 bp or more
were trimmed. Second, the reads were trimmed using Sickle version 1.200 (Joshi and Fass
2011) and filtered for a minimum window quality score of 20. Reads shorter than 15 bp after
trimming were removed (and if only one of a read pair passed this filter, it was included in

the RO file).
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The summary statistics were generated using fastg-stats from EAUtils (Aronesty 2011,
2013), which reported that 94 of the trimmed samples had an overall read length >50M, with
the only exception being sample 88_GT104. The total number of reads for each trimmed
sample (except 88_GT104) ranged from 95M to 197M (sample coverage approx. 10-20x),
with most of the samples achieving coverage >12x. The trimmed data were made available
to download in fastq.gz format, such that they could be read directly for read alignment
and filtering. All of the downstream data processing steps were performed on the high-

performance computer (HPC) cluster ShARC, at the University of Sheffield.

Trimmed reads for each individual museum sample were aligned to the great tit reference
genome (https://www.ncbi.nlm.nih.gov/datasets/genome/GCF_001522545.3/) (Laine et al.
2016) in fasta format, using bwa mem version 0.7.17 (Li & Durbin 2009). Forward paired-end
sequences (R1) for lane 1 and lane 2 were combined and mapped, reverse paired-end
sequences (R2) for lane 1 and lane 2 were combined and mapped. The unpaired reads (RO)
of both lanes were concatenated and mapped. SAMtools (Danecek et al. 2021) view was
used to convert these three output files (RO,R1,R2 for each sample) from .sam to .bam
format; they were individually sorted, and the three files per sample were merged and
indexed, to produce a single binary alignment map (.bam) file for each of the museum

samples.

4.3.3.Genotype Calling

Genotype calling was performed on the 95 great tit museum samples using ANGSD software
v0.940 (Korneliussen et al. 2014). ANGSD has been recommended for low coverage (12x can
be regarded as low coverage) sequencing, such as is typically obtained from museum
samples (Korneliussen et al. 2014). See Olkkonen & Loytynoja (2023) for a published
protocol using ANGSD on low-coverage sequencing data in an endangered seal with low
genetic diversity. Genotype calling was run separately for each chromosome, with the
following ANGSD filtering options: output into PLINK tfam/tped files (-doPlink 2); calculate
the genotype likelihood using the samtools method (-GL 1); allele frequency threshold
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>0.05 (-minMaf 0.05); infer major & minor alleles from the genotype likelihoods (-
doMajorMinor 1); P value (used for calling SNPs, where the null hypothesis is the site is
invariant) less than 1e-6 (-SNP_pval 1le-6); frequency -fixed major, unknown minor (-doMaf
2); remove reads with mapping quality scores below 30 (-minMapQ 30); remove bases with
a quality score <19 (-minQ 20); remove if < 20 individuals have genotype information (-
minind 20); write the major and minor alleles, and write the called genotype directly: e.g.
AA,AC etc (-doGeno 5); use the allele frequency as prior (-doPost 1); and use a minimum

genotype posterior probability cutoff (-postCutoff 0.95).

The ANGSD output data files for all of the individual chromosomes were converted into
standard PLINK format files (bim, .bed, .fam) and merged together into a file containing
11,033,725 genome-wide SNP variants, using PLINK version 1.9 (Chang et al. 2015). These
approx. 11M SNPs had a genotyping rate of 0.87 for the 95 UK museum great tit samples.
Among the called SNPs, 450,794 variants were on the SNP chip used in the previous
chapters. This subset of SNPs had a 0.84 genotyping rate among the 95 museum birds. The
sample location was classified regionally as having been collected in Channel Islands, Isle
of Man, Midlands, North England, Scotland, South England, Wales or unknown location. The
samples were further divided into four time periods: 1868-1909, 1910-1929, 1930-1949, and

1950-1990, with a minimum of 18 samples in each time-bin.

The paired-end sequencing report for the 95 UK museum samples of great tit specimens
provides the total number of trimmed reads per sample (Appendix 4.4 file
sequencing_report.pdf). Quality control (QC) of the sample data against year of collection
was investigated, with sequencing depth, SNP call rate, and rate of heterozygosity (which
might be a proxy for whether there is allelic dropout) used as measures of quality (Figure
4.1). Sequencing depth was calculated as the total number of paired-end reads (i.e. RO + R1
+R2) * 150bp / total genome size (1,020,293,992 bp). In addition, the relationship between
heterozygosity and sequence depth was plotted (Figure 4.2). Seven great tit museum
samples with elevated heterozygosity rates (over 0.5) were identified (Samples: 3, 6, 35, 39,

63, 64, 88) and removed from the data set.
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Figure 4.1: Quality control of the 95 great tit museum specimens across the time-series
(with the four time-periods indicated by vertical dashed lines), and with the location of field
collection in the UK and Isle of Man displayed. Sample ID codes are available in Appendix
4.2 file samplelnfo.txt. (A) Sequence Depth (‘coverage’). (B) SNP call rate. (C) Observed
SNP heterozygosity. High heterozygosity may be a proxy for whether there is insufficient
read depth of one allelei.e. allelic dropout.
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Figure 4.2: Sequence depth against heterozygosity for the 95 great tit museum samples.
For quality control, the seven samples shown with heterozygosity around 0.5 or above were
removed from the subsequent data analysis.
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4.3.4.Investigate Z-linked markers erroneously mapped to an
autosome

The sex of each sample was identified to look at heterozygosity separately in males and
females and tests of Hardy-Weinberg equilibrium were run on each SNP. This test was
performed because an initial principal component analysis of the autosomal data
suggested discrete clustering by sex. We suspected that some sex-linked regions may have
been erroneously placed on autosomes in the great tit assembly, or perhaps some sex-
linked reads are being aligned to autosomes because of high sequence similarity. The great
tit genome assembly does not include the W chromosome because the reference bird was
a male. If W-chromosome reads are being aligned to a highly-similar autosomal region then
any minor sequence differences between the autosomal and W-linked regions will tend to
get falsely called as SNPs, with genotypes always being heterozygous in females and
homozygous in males. Nearly every SNP where the observed heterozygosity in females is
much lower than the expected heterozygosity is on the Z chromosome (NC_031799.1) as
expected for a Z-linked SNP. We found ~286,00 SNPs with greater heterozygosity in females
and ~127,000 SNPs with greater heterozygosity in males (calculated with between sex

observed heterozygosity differences of 0.30 or more).

Further filtering of problematic Z-linked SNPs and less strict SNP calling thresholds were
applied in PLINK to retain the majority of target identified SNPs. Z chromosome
(NC_031799.1) markers with much higher heterozygosity in females than males (a sign they
could not be Z-linked), SNPs with MAF less than 0.05, SNPs that were strongly out of HWE
(P < 1x10%), and SNPs with missing genotype call rates greater than 0.3 i.e. 30% were all
removed. This filtered data set contained 8,709,994 variants for 88 samples. An additional
stringent filtered data set was also produced, with the missing genotype call rates no
greater than 6%, while all other parameters remained the same. However, many of the

candidate SNPs were not retained for comparison.

PCA was run on the original filtered data set which contained 3,994,526 SNPs and 88

samples, with the time period and collection location visualised on the PCA plots (Figure
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4.3). We observed the great majority of loci weighting PC2 are on chromosome 7
(NC_031776.1) with no obvious reason why (Figure 4.3 c-d). Binned regions over
chromosome 7 were investigated in further detail, as there is suggestive evidence of a

chromosomal inversion on this chromosome in great tits (da Silva et al. 2019 see SFig.1).
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Figure 4.3: PCA of the 88 great tit museum samples was performed after filtering and
removal of problematic SNPs with high differences in heterozygosity between the sexes. (A)
PCA of all ~4 million SNPs, with sex of the samples and region of collection displayed. (B)
PCA of all SNPs, with sex of sample and time period of sample collection displayed. (C) PCA
of 175,284 SNPs on Chromosome 7 markers, with sample sex and collection region
indicated. (D) PCA of only Chromosome 7 markers, with sample sex and time period of
collection indicated.
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An allele frequency report (.frq file) and genotype count (.frgx) report were produced for
each of the filtered ~8M SNP and additional stringent filtered ~4M SNP data sets with 88
samples. The sample collection time-bins (1868-1909, 1910-1929, 1930-1949 and 1950-
1990) contained 15, 22, 35, 16 individuals respectively, and a stratified allele frequency
(.frg.strat) report file was produced, whereby the allele frequencies at each SNP in each

different time period were recorded.

Temporal trends in allele frequencies were calculated in R (version 4.2.1), by performing a
linear regression of allele counts (weighted by the number of scored genotypes per bin)
over time for each SNP in the filtered SNP data set and later processed for the stringent
filtered data set. The overall distribution of SNP regression coefficients is considered the
null distribution of what might be expected by chance under a scenario of no adaptation to
climate. To determine the significance of each candidate SNP, relative to the overall set of
SNPs, we first converted each regression coefficient to an absolute value, to take into
account that ~half of the SNPs will have negative coefficients and ~half will have positive
coefficients. Absolute regression coefficients were ranked largest to smallest, and an
empirical P-value was generated for each candidate SNP by dividing the ranked position by
the total number of SNPs. A Bonferroni correction for multiple tests threshold was applied
to the P-value, to take into account that when testing large SNP datasets, it is certain that

some SNPs will be significant (P < 0.05), just by chance.

If one of the 12 SNPs of interest was filtered out or non-significant, but an equivalent high
scoring (e.g. for BF, XP-EHH or Rsb) SNP was identified in exactly the same gene region and
was tested to be significant, this SNP would provide a replacement: this occurred in two
cases, for SNPs of interest associated with climate-PC1 AX-100879265 and climate-PC2 AX-
100459612, replaced with SNPs AX-100212698 and AX-100333849, respectively (see Table
4.1 for full details of the updated 12 SNPs of interest). Furthermore, a binomial test was run

to investigate if more candidate SNPs were significant at P < 0.05 than expected by chance.
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The significant SNPs were interpreted on the basis that the SNP chip allele on the extended
haplotype identified under selection in a UK population (Chapter 3) was the one that was
expected to have increased in frequency in the museum samples. However, for those SNPs
that are transversions and where the two alleles are complementary (i.e. G/C or A/T SNPs)
it is impossible to know whether alleles on the same strand or opposite strands are being
compared between the two datasets. For example, at a G/C SNP, if allele G was the SNP
chip allele on the haplotype under selection, then G would be expected to be increasing in
frequency in the museum samples. However, because we didn't know which strand was
typed on the SNP chip, then we cannot be sure which allele in the museum sequencing data
(GorC)isequivalentto allele G on the chip. This problem is not encountered with transition
SNPs (G/Aor C/T) or non-complementary transversion SNPs (A/C and G/T), because the SNP
chip and Illumina sequence alleles can always be matched unambiguously. Fortunately,

transitions are much more common than transversions.

4.4, Results

For the 95 great tit museum samples, we demonstrated that as the depth of sequence
coverage increased, the observed heterozygosity decreased (Figure 4.2). Some samples
had impossibly high heterozygosity values (e.g. one sample had a heterozygosity of almost
0.8). The observed relationship suggests that the genotype calling algorithm in ANGSD is
reluctant to call a site as homozygous if coverage is low, and is therefore biased towards
calling heterozygous genotypes. This problem may be removed if genotype probabilities

had been called rather than the most likely genotypes.

The plots for regions 10-20Mbp and 20-30Mbp show birds from the Channel Islands as
distinct from the rest, which is broadly the trend seen genomewide (Figure 4.3c). PCA over
binned regions of chromosome 7 shows clustering of the markers weighting PC2 in the first
10mbp, suggestive of an inversion (Figure 4.4). In addition, PC1 explains ~22% of the
variation in the first region on chromosome 7, but for the subsequent regions PC1 only

explains 2-3% of the variation. This is consistent with the SNPs in the first region being in
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much higher LD with each other than is the case for the second and third regions, again

consistent with an inversion.
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Figure 4.4: PCA of 175,284 SNPs on only chromosome 7, for regions 0-10Mbp, 10-20Mbp
and 20-30Mbp. The sex and collection region for the 88 great tit museum samples are
indicated.

The distribution of the regression co-efficient for all ~8 M genotyped called filtered SNPs i.e.

a plot of the null distribution, is displayed in Figure 4.5. Three of the 12 SNPs of interest

(each for a unique gene region) produced significant empirical P-values (P < 0.05), with two

of the SNP’s closest genes identified within 28kbp of the SNP (Table 4.1). None of the three

significant SNPs (AX-100879265, AX-100459612, AX-100681217) were individually significant
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at the Bonferroni-corrected significance threshold of P <0.05/12 (P < 0.0042). However, a
Binomial test on a total of three significant candidate SNPs out of 12 unique tested regions,
found that more SNPs were significant at P<0.05 than expected by chance (P=0.0196). The
later analysis of the stringent filtered SNP data set only included three out of the 12 SNP
regions of interest, so the results will not be discussed in detail. However, two SNPs had
significant ranked regression co-efficients in the stringent filtered data set (although they
did not show the expected directionality in their allele frequency trends). SNP AX-
100681217 was co-identified as showing a significant trend in both the strict and more

relaxed datasets, with the allele frequency changes in the expected direction (Table 4.1).
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Figure 4.5: Histogram of the ‘null’ distribution of regression co-efficient values for all ~8
million genotype called and filtered SNPs, calculated across the 88 great tit museum
samples.
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Table 4.1: The set of 12 SNPs of interest for climate adaptation evolution, previously identified as associated with climate-PCs and as under
selection in UK populations. Each SNP is represented by a row in the table, with information on SNP identification (ID), chromosome number
and base position. Mean Bayes Factor refers to Chapter 2, with values > 10 indicating ‘good’ evidence, > 15 ‘very good’ evidence and >20
‘decisive’ evidence for association with an indicated climate-PC. From Chapter 3, the UK ‘outlier’ population allele inferred to be under
selection from XP-EHH and Rsb statistics, and the core population non-selected allele are indicated. For the temporal trends in allele
frequencies among the museum samples, each SNP’s calculated regression coefficient and empirical P value are reported. For significant
SNPs, the allele frequencies in each time bin are reported. The final column indicates the closest gene(s) to each SNP.
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SNPID Genome ID (Chr_BP) Chr Mean Outlier XP- Rsbi Outlier Museum allelefreqs Reg.coef. Pvalue/ ClosestGene
(SNPchip) BFf popn(s) EHHi | Core (Periods 1-4) (x103) stringent (kbp)
alleles PVal
AX-100430005 NC_031769.1_99275394 2 194 (PCl) Scotland 4.3 2.1 T/C T -2.5 0.05/0.03 GNAL (11.5)
(0.60, 0.55, 0.52, 0.79)
AX-100879265  NC_031770.1_26910322 3 16.1(PCl) Scotland 9.1 6.3 c/T G -3.0 0.02 SOCS5 (213.5)
(0.53,0.50, 0.29, 0.35) LRFN2 (240.7)
AX-100566910  NC_031771.1_45986689 4  16.8(PC1l) Scotland 5.8 5.5 G/T -1.2 0.29 NSUNT7 (0)
APBB2 (12.8)
RBMA47 (47.5)
AX-100626511  NC_031773.1_32286754 30 17.9(PCl) Scotland 4.1 5.6 G/T -1.1 0.35 LLPH (12.6)
HMGA2 (47.2)
AX-100459612  NC_031770.1_25920756 3 124 (PC2) Scotland 5.7 5.1 G/A C -3.1 0.02 SRBD1 (0)
(0.65, 0.62, 0.36, 0.46)
AX-100053712  NC_031770.1_26617245 3 16.4(PC2) Scotland 6.1 4.3 A/G 0.5 0.66 CRIPT (16.0)
PIGF (23.8)
RHOQ (42.8)
AX-100690978  NC_031774.1_21629221 5 20.1(PC2) Scotland 5.1 4.7 G/T 2.2 0.08 CD82 (73.4)
ALX4 (82.8)
AX-100681217  NC_031769.1_46317558 2  13.1(PC3) Cambridge 7.5 104 C/A G -2.6 0.04/0.02 HERPUD2
& Oxford (0.33,0.52,0.56, 0.59) (28.0)
AX-100379572  NC_031769.1_129919204 2  11.3(PC3) Cambridge 3.4 5.6 C/T -0.2 0.83 VPS13B (0)
& Oxford
AX-100271597  NC_031769.1_136082831 2  49.0(PC3) Cambridge 7.5 121 C/T -1.6 0.18/* TRPS1 (0)
*AX-100293521 *NC_031769.1_136162421 *2 *21.96 & Oxford *4.4 *9.5 *A/G  *T(0.50,0.43,0.44,0.29) *-2.4 *0.03 * TRPS1 (0)
AX-100386254 NC_031770.1_38558688 3 21.1(PC3) Cambridge 4.8 5.0 C/T 0.9 0.40 PDE10A (85.9)
& Oxford
AX-100844877 NC_031772.1_12152707 4A  13.9(PC3) Cambridge 4.3 6.0 T/C 1.8 0.13 ACSL4 (15.0)
& Oxford COL4A5 (158.4)

tFrom GEA in Chapter 2, {From REHH analysis in Chapter 3, * An equivalent nearby SNP of interest in the gene region with a significant ranked P value.
p y
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4.5, Discussion

The discussion will focus on the filtered SNP data set, to include all of the twelve candidate
SNP regions of interest. We found the first 10Mbp region on chromosome 7 is suggestive of
an inversion, consistent with Da Silva et al. 2019 investigation of inversion polymorphisms
in great tits. We identified three SNPs with significant temporal trends in allele frequencies
for UK great tit museum samples. The finding of this set of three SNPs out of twelve
potential climate adaptation regions was more than expected by chance (P = 0.02).
However, two SNPs had allele frequency changes that were not in the expected direction,

and no individual SNP was found to be significant after correcting for multiple testing.

The SNP AX-100681217 (on chromosome 2) had allele frequency changes that were in the
expected direction, and this SNP was also co-identified as significant in the stringent
filtered dataset. An increase in allele G across the museum time-series, was consistent with
signatures of selection in the Cambridge and Oxford populations and was associated with
climate-PC3. The closest gene to this SNP, HERPUD2 (Homocysteine inducible ER protein
with ubiquitin-like domain 2) has therefore, potentially been involved in climate adaptation.
HERPUD?2 is expressed in skeletal muscle cells, with the primary function of skeletal muscles

in birds being flight and thermogenesis e.g. shivering (Swanson et al. 2022).

Very strong genetic differentiation has been observed at the HERPUD2 gene (with signatures
of selection detected in a further 11 loci) between super-pools of autumn and spring
spawning herring from the warmer Baltic Sea and colder Atlantic Ocean (Han et al. 2020).
Ecological adaptation at candidate loci is not driven by differences in salinity. However, it
is not discernible whether genetic adaptation is driven by water temperature variation or a

temperature-correlated environmental variable (Andersson et al. 2023).

In contrast, significant SNPs AX-100879265 and AX-100459612 associated with climate PC1
and PC2 respectively, did not show the expected selected allele frequency trends in the
museum genomes, with an overall decrease in the identified allele under selection in the

UK population up to the 1950s, although there was a slight increase from 1950 to 1982.
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Notably, these two significant SNPs are located within 1 Mbp of each other on Chromosome
3. Firstly, the SNP AX-100879265, consistent with selection in the Scotland population and
associated with climate-PC1, is located between, but not very close to, the two nearest
genes SOCS5 (~213 kbp) and LRFN2 (~241 kbp). The gene SOCS5 (suppressor of cytokine
signaling 5), when deficient in mice, increases susceptibility to infection by the influenza
virus and heightens illness severity (Kedzierski et al. 2017). The gene LRFN2 (leucine rich
repeat and fibronectin type Ill domain containing 2), when mutated in mice, shows
suppressed synaptic activity in the brain, affecting working memory and startle responses

(Li et al. 2018). Neither seems like a strong candidate for climate adaptation.

The second SNP AX-100459612 also did not shown the expected allele frequency trend. This
SNP, which is consistent with selection in the Scotland population, and is associated with
climate-PC2, is located within the gene SRBDI1 (S1 RNA Binding Domain 1). Mutations in
SRBD1, a susceptibility gene for glaucoma eye disease, may cause vision loss (Writing
Committee for the Normal Tension Glaucoma Genetic Study Group of Japan Glaucoma
Society 2010), which would result in changes in behaviour and fitness of wild birds.
However, there is no obvious reason why positive selection at this gene might occur in

response to climate change.

Itisimportant to consider that the closest genes to these three significant SNPs are the best
candidate climate adaptation genes identified, because they emerged from three stringent
data analyses: 1) they were significant in a pan-European genome-climate association
analysis (see GEA Chapter 2); 2) they had long haplotypes in tests for selection consistent
with positive selection in at least one UK population (see Appendix 4 Fig. S4.1, S4.3 and
S4.5 for plots of extended haplotype homozygosity around each of the three focal SNPs); 3)
they showed an unusually strong temporal trend in the UK over the last century (from allele
frequency temporal trends detected in the museum record (described in this chapter).
However, further inspection of plots of extended haplotype lengths and haplotype
bifurcation of the ancestral and derived alleles around each of the three candidate SNPs
revealed long-distance haplotypes in the core populations, rather than the outlier UK
populations (see Fig. S4.2, S4.4 and S4.6).
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4.5.1.Further Investigation of temporal trends at candidate
adaptation genes

To further investigate these trends in allele frequencies at these SNPs, it would be
important to further sample time-points 1980-2010, to compare with the HapMap samples
(approx. 2010-2015) and contemporary population sequencing (post-2020), to aid drawing
conclusions over longer time periods and for more individuals and more populations. One
important consideration is the only significant SNP detected with allele frequency changes
in the expected direction over the time-series was identified in the England population.
Most of the museum sequenced birds were field collected in England, and could therefore
be better suited to detecting temporal changes at SNP alleles where EHH tests revealed
selection in the Oxford and Cambridge populations, rather than in the Scotland population.
To validate SNPs that were thought to be under selection in Scotland, it may be necessary
to increase the sampling effort of museum great tit specimens from across Scotland,
including any collected from small Scottish islands. The inclusion of island populations in
the museum record e.g. the Channel Islands and Isle of Man has helped to broaden the UK
record to include more peripheral populations. Future studies could consider using great
tit museum and/or contemporary samples from across Ireland, to look for genetic

differentiation at climate adaptation genes between populations in the British Isles.

4.5.2.Sequencing from museum samples

We went into this work fully aware that DNA sequencing from low yield samples may
influence sequencing quality for the data analysis. We applied strict bioinformatic filters
(comparable to those used in other published studies) and inspected the sequenced
samples for evidence of temporal and spatial bias in sequence quality. We observed high
levels of heterozygosity (considerably greater than 0.5) among the samples with the lowest
sequencing depth. This trend could possibly be explained by a phenomenon where, at low
coverage, heterozygous genotypes are more readily called than homozygous genotypes,

because of uncertainty whether a second allele is actually present but has yet to be seen.
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One solution may be to use genotype probabilities rather than called genotypes (i.e. to

propagate uncertainty in genotype calling through downstream analyses).

Here we demonstrate that DNA suitable for sequencing was recoverable from many UK
museum bird specimens and could be used to infer allele frequency changes over the last
century. Natural history collections can be used to investigate evolutionary responses to
past climatic events (e.g. ELNifio) and climate change including global warming (Raxworthy
and Smith 2021; Lalueza-Fox 2022). Looking at the museum record over the last ~200 years
is a way of validating signatures of selection that were originally identified from genome-
environment association (GEA) analyses in contemporary populations. The approach of
validating a GEA by looking at patterns of allele frequencies for potential climate
adaptation genes in the museum record was also conducted for the historical and
contemporary San Diego Willow flycatchers (Turbek et al. 2023), albeit with a focus on
whether contemporary populations have experienced an increase in genetic diversity due

to immigration.

4.5.3.Future directions

One future direction for working with this great tit temporal data set, relates to the fact that
when the museum samples were collected, the bill lengths were also measured. The
original motivation for sampling from the museum collections was to build on previous
research showing the microevolution of longer bills in the UK population of great tits
relative to European populations (Bosse et al. 2017). The temporal changes in allele
frequencies of SNPs associated with bill length could address the suggestion that UK great
tit populations have evolved longer bills as an adaptation to the relatively recent (i.e. last

~100-150 years) introduction of using bird feeders in the UK.

In summary, here we demonstrate that DNA suitable for sequencing was recoverable from
museum bird samples. DNA degradation in older museum specimens may gradually

accumulate over time due to damage by moisture or storage chemicals, which would
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reduce the quality of the extracted DNA. Genotype calling using ANGSD and applying strict
SNP calling filters is recommended for use on low coverage sequencing data from museum
samples. Overall, across the bioinformatic data analyses of Chapters 2-4 | have identified

three best candidate genomic regions for climate adaptation in UK great tit populations.
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5. Discussion - Genomics of climate adaptation

- In Chapter 2, | performed a multiple-population GEA analysis and identified 36 candidate
genes associated with adaptation to climate. The data showed that climate adaptation
appears to be polygenic and genetically complex, involving many different genes and
biological process pathways. The GEA analysis also suggested that substantial amounts of
climate-associated genetic variation remains in the European populations. This is likely to

be important for adaptation to future climate changes.

- In Chapter 3, | explored whether it was possible to identify the populations where climate
adaptation at specific loci had taken place. Starting with the 36 candidate genes from the
previous chapter, | identified 17 loci that had long haplotypes consistent with positive
selection in single or geographically close populations. | found little evidence of signatures
of parallel evolution in different populations. Instead, it seems likely that adaptation has
involved different loci in different populations, perhaps reflecting the fact that each

population has a unique set of climatic conditions.

- In Chapter 4, | followed up the findings from Chapters 2 and 3. Of the 17 loci identified in
Chapter 3, 11 had haplotypes where the sweep might have occurred in the UK. Thus, |
explored temporal trends in allele frequencies, using whole-genome sequenced great tit
museum specimens from UK populations. Three candidate climate adaptation SNPs
showed significant allele frequency changes over the last century. The closest genes to
these three potential climate adaptation regions were SOCS5, SRBD1 and HERPUD2, which
were therefore the best climate adaptation candidate genes identified in this thesis. These
loci passed significance thresholds from the stringent tests to detect selection (described

in Chapters 2 and 3) and from an unusually strong temporal trend in the UK (Chapter 4).

Overall, the identification of candidate climate adaptation genes in Eurasian great tit
populations (described across the thesis chapters) adds to the published putative climate
adaptation genes described for vertebrates, which have typically been detected in

domesticated animals such as chickens (Tian et al. 2020; Rachman et al. 2024) and cattle
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(Ben-Jemaa et al. 2020; Flori et al. 2018; Saravanan et al. 2021), often with biological
processes related to heat stress. Only one of the three identified candidate genes for
adaptation to the UK climate displayed the allele frequency changes in the expected
direction for the UK museum specimens - this was for candidate gene HERPUD2, which
plays a biological role in skeletal muscle cells involved in flight and shivering (Swanson et
al. 2022). Climate adaptation of vertebrates to the UK climate is unlikely to be for
adaptation to heat-stress causing environmental conditions, so it is perhaps not surprising
that the same candidate climate adaptation genes are not found in great tit and

domesticated species.

5.1. Methods to validate candidate adaptive loci for
climate adaptation

At this stage, it is uncertain whether the candidate genes have really been involved in
climate adaptation, or how they have enabled it. Ideally, the adaptive loci would need to be
validated for fitness effects under realistic conditions. Candidate genes can be validated in
natural or artificially selected populations by recording the fitness of different genotypes in
different conditions. Great tits could be reared in replicated field trial conditions across
different field sites or in common garden experiments (described in Chapter 1) where
individuals from differently adapted populations are reared in a common environment e.g.
in field, aviary or laboratory controlled conditions. However, common garden experiments
do not test the extent to which selected alleles are locally adapted to the home
environment in which they have been under selection. Alternatively, reciprocal transplant
experiments (described in Chapter 1) may be a good way to test how well individuals from
a population are adapted to their home environment. However, reciprocal transplant of
individuals from differently adapted populations may only be feasible on artificially

selected aviary populations rather than in wild populations.

An alternative approach to observing adaptation in the wild, is to observe a population after

a climatic event and investigate genomic responses and fitness differences between
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genotypes at adaptive loci. Monitoring long-term wild populations, like the many decades
of consecutive field work carried out by Grant and Grant on the finches of the Galapagos
Islands (Grant and Grant 2003), coupled with quantitative genetics can be informative
about genetic responses to the climatic conditions experienced within study populations,
e.g. for the Wytham population (Charmantier et al. 2008). The ideal set up to investigate
evolutionary responses to climate changes would be to monitor allele frequency changes
at SNPs under selection before and after an extreme weather event (e.g. a summer
heatwave), ideally in replicated natural populations. A prediction that could be tested, is
that the frequency of alleles associated with adaptation to intense heat events increase
after a heatwave year. Investigating if climate adaptation genes have evolved (in the
predicted way) after a measured climate event(s), will aid the understanding of the genomic

basis of local adaptation in response to climate changes.

5.2.  Gene editing for functional validation of candidate
adaptation genes

Another approach that could be used to directly test the functional role of candidate SNPs
associated with adaptation is by rearing individuals that were the subject of gene editing
techniques e.g. gene knockouts or gene expression differences, so that their fitness can be
compared to that of wildtype individuals. Although few studies have performed functional
validation of candidate adaptation genes using gene editing techniques, even on model
species including Drosophila. See Ansai and Kitano (2022) for a review of gene editing
technologies based on CRISPR and site-specific recombinases that can be used to validate

candidate adaptation genes.

5.3. Investigating future genomic responses for climate
adaptation

Experimental evolution (described in Chapter 1) is a method to study evolution in action

across hundreds of generations. However, genomic adaptation identified in controlled

176



environments may not be that relevant to the situation in the wild, as species housed in
experimental settings are in a completely different environment (usually with much better
resources, food, warmth etc.). Inan annually breeding species, like great tits, an experiment

of this kind would take much longer than the duration of an individual researcher’s career.

5.3.1.Genomic selection experiments to investigate adaptation to
future climate changes

Genomic selection experiments are widely used for breeding of crop plants and livestock,
with the aim of artificial selection for improved polygenic traits (see R2D2 Consortium et al.
2021 for a review of use in animal and plant species). Marker-based prediction of breeding
values i.e. genomic selection / prediction (Meuwissen et al. 2001), considers the effects of
all SNPs rather than just the ones that are deemed significant (R2D2 Consortium et al. 2021).
Genomic selection methods require: 1) a reference population of genotyped and
phenotyped individuals, with a statistical model built to estimate SNP effects on
phenotypes and develop prediction equations. 2) that new candidates for selection are
always genotyped and predicted using phenotypes where available (Meuwissen et al. 2001).
Genomic estimated breeding values (GEBV) have been predicted for natural populations of
mammals e.g. Soay sheep (Ashraf et al. 2022) and birds including a study of genomic
selection for breeding time in a wild great tit population (Gienapp et al. 2019). This method
of genomic selection has applications for testing evolutionary predictions for future
scenarios including climate change, by speeding up the process of observing genomic
responses across generations (Gienapp et al. 2019; R2D2 Consortium et al. 2021) or by
enabling researchers to study genetic changes in the absence of pedigrees, which are

required for conventional quantitative genetics.

Using the approach of a genomic selection experiment on aviary lines of great tits, Lindner
et al. (2023) sped up evolution over three-years to select for early and late egg laying
respectively (Figure 5.1). In total, 475 early laid eggs and 461 late laid eggs were
translocated to the forest (De Hoge Veluwe, NL) to see how the offspring’s lay dates
compared to >2000 forest individuals. They found the early selected birds didn’t lay their
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eggs significantly earlier than the forest birds, while the later selected birds did have a
significantly later lay date. The reproductive success of individuals selected for early or late
lay date was no greater than for forest individuals. In the study years the egg lay date and
winter moth caterpillar peak generally matched for the wild individuals. The authors of this
study discuss that, at present, the real impact of climate change is being camouflaged, as
the population effects are buffered by density-dependent processes i.e. if three chicks (out
of ten) die before fledging because of climate change, the survival prospects of the
remaining chicks increases as there is more food and less competition. However, there is
expected to be a limit to this buffering of population effects, for example, when many chicks
die from climate change, there is no further advantage to the remaining chicks (Lindner et
al. 2023). Overall, the study demonstrated that genetic adaptation towards early lay dates
in great tits (to meet earlier peak caterpillar abundance) is an extremely slow process over
many generations. This experiment exemplifies how genomic selection responses can be
tested for functional effects on fitness in the wild. However, it is worth recognizing that the
intensive efforts required to rear and artificially select the aviary great tit populations and
to perform field work to test the fitness of the selected lines in the wild, would potentially

limit replication in other wild populations.
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Figure 5.1: Representation of artificial genomic selection experiment in great tits by
Lindner et al. 2023 to select for early lay date individuals, to match an earlier caterpillar
moth peak, as predicted under global warming in the coming decade. If climate change
occurs too fast, individuals won’t be able to adapt sufficiently. Figure from Lindner et al.

2023.

5.3.2.Genomics of climate adaptation

The identification of climate adaptation genes in great tit populations could be aided by
longer-term monitoring of the sampled wild populations, especially if fitness and climate
were recorded over many years, rather than a snapshot of genomes in a given year (without
fitness data). Furthermore, most of the data presented in this thesis relied on SNP chips
rather than whole-genome sequencing, which has now become considerably cheaper. The
combination of bigger and richer data, with ongoing developments in algorithms and
methods to detect genomic responses and climate adaptation would undoubtedly improve

power. Of course, most populations are not the focus of long-term studies, and maintaining
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such studies can be complicated by issues such as a lack of collaboration, difficulties
obtaining funding, a huge field effort, or war. Further understanding of the species and sub-

species division of Parus major and of population connectivity, will likely be informative for
population differentiation comparisons. More candidate climate adaptation genes
functionally validated in vertebrates will give better insight into the comparative genomics

of climate adaptation.

In this thesis the genomics of climate adaptation has been investigated in great tit
populations, which have been used to consider more generally how vertebrates will
genetically respond to projected climate changes. In a recent paper, Urban et al. 2024
describe how and when adaptive responses to climate changes can be predicted,
considering sources of genetic variation, population sizes and generation times. It remains
to be seen if adaptation in vertebrate populations can act fast enough to keep up with

climate changes? Or if population tipping points will be reached?

5.4. Future research directions

Further understanding of the genomics of adaptation to climate in the great tit and other
wild vertebrate systems will be aided by advances in monitoring of local climate variables

and in predictive ecology approaches.

5.4.1.Monitoring Technology

More detailed monitoring of local climate conditions and physiological responses could be
recorded in the nest box e.g. using biosensors of body temperature and metabolic rate in
great tits (Andreasson et al. 2023). Alternatively, experienced conditions inside and outside
the nest box could be real-time monitored e.g. temperature and humidity were recorded
for flycatchers (Riggio et al. 2023), and even oxygen levels, or wind, rain or other climate

variables could be directly recorded.
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Studies of foraging behaviour and social networks at Wytham Woods have used radio
frequency tracking to monitor feeding stations (McMahon et al. 2024). This approach could
be used to monitor foraging or parental care behaviour in populations that experience
intense summer heatwave events, where parental care activity is expected to be reduced in
heat-stressed conditions. For example, reduced visits to the nest box were correlated with
high daytime temperature in wild zebra finches, Taeniopygia castanotis, suggesting

nestlings receive less food under thermally challenging conditions (Wheeler et al. 2023).

Some of the great tit population field sites are located in the Mediterranean region, which
is predicted to have more frequent heatwaves in the future (IPCC 2023; see Figure 1.8). For
these Mediterranean populations, it might be important to consider measures that reduce
heat stress in nest boxes. For example, the experimental placement of nest boxes in shade
compared to control (non-shade) conditions has been shown to reduce hatching failure and
nestling mortality in the Mediterranean lesser kestrel, Falco naumanni, across the breeding

season 2021-22 (Corregidor-Castro et al. 2023).

The use of drones or satellite images could be useful to observe the impacts of climate
change on field sites (as is due to be investigated at Wytham Woods on the great tit-winter
moth-oak tree system), by measuring the temporal changes in ecological communities,
habitats and land-use (Pettorelli et al. 2014). Temperature and not photoperiod has been
experimentally demonstrated to be driving the seasonal timing of winter moth egg
hatching (van Dis et al. 2024). Further, local monitoring of insect communities and their
abundance may serve to indicate ecosystem health. Understanding biotic and abiotic
stress tolerance in species in an ecosystem could be further investigated. Overall,
incorporating monitoring of more local climate variables and understanding different parts
of the ecosystem may aid future investigations of genomic adaptation to experienced

climate conditions.

The increased use of citizen science recording, such as bird song apps on smartphones for
species identification and wildlife photo identification (such as for trees, plants, birds and
insects) could aid species monitoring efforts. The efforts of bird ringing and sighting
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reporting across Europe, will help to map bird breeding and migration. Additionally,
uploading field study data into standardised data formats on a database e.g. SPI-Birds
network (https://spibirds.org/en), aids the usability of the collected data for comparisons

of the different studied bird species, or to ask other research questions.

5.4.2.Predictive ecology

The modelling of climate data to predict future climate conditions is a process that contains
uncertainties, from potential errors in the direct measurement or estimation of climate
variables over regions, to the estimation of the likelihood of emissions targets being metin
the future (Schoeman et al. 2023). Climate change is multidimensional and single metrics
may neglect all but the central trajectory of change, especially for extreme weather events
(Gonzalez-Trujillo et al. 2023). More accurate future climate models will help in predicting
genomic responses of wild populations to climate changes in the future. Developments in

technology like deep learning may be used in population genetics to detect signatures of
selection e.g. Korfmann et al. (2023) demonstrated, using simulations, the ability to detect
balancing selection from temporal changes in haplotype data. Machine learning has also
been applied to variant effect prediction in human genomes, to understand the effect of
dysregulated genes on biological pathways for disease (Wong et al. 2021). Genomic data
and artificial intelligence (Al) machine learning models may become more widely employed
inference frameworks in evolutionary genomics and will start to play an increasing role in
conservation genomics (van Oosterhout 2024). Machine learning, combined with genotypic
or haplotypic data from higher throughput sequencing technologies, may be able to train
population genetic approaches to predict how species will adapt to new climate conditions.
For example, Gradients Forests (GF) is a machine learning approach used for incorporating
environmental drivers of genomic variation into climate change impact assessments.
Fitzpatrick et al. (2021) found experimental support using balsam poplar trees for the

genomic prediction of climate maladaption (from genomic offset in the GF method).

Online simulations of ecosystems, like the planned digital simulation of Hoge Veluwe

National Park (Long-term Ecosystem Research-LIFE: https://Iter-life.nl/en/large-scale-
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research-infrastructure), aim to be a resource to compare and predict how different
ecosystems will respond to climate changes. The digitisation of a studied ecosystem
requires long-term ecology monitoring data, interaction models and climate scenarios, and
that the information can be retrieved and queried on a website interface via cloud
computing. In addition, the digitisation of natural history collections could also provide
more open access of genome sequence and phenotypic measurement data of museum
specimens. This would give further insight into the impact of global change on phenotypes,
phenology, genetic diversity, population size or range, and interactions among species
(Sanders et al. 2023). Digitisation of natural history collections may help provide a historical
record of specimens, which could allow investigation of genomic adaptation responses to

past climate changes (Holmes et al. 2016; Lopez et al. 2020).

The collection of large genomic data sets to investigate adaptation to climate, often
including genome-wide and/or whole-genome sequences from many sampled individuals,
requires the ability to process large data files and to digitally store them. Best practice for
genomic research now includes open access of data and code, to allow reproducibility of
bioinformatic pipelines. The publication of Chapter 2 followed these open data practices
for publication in Evolution Letters (doi: 10.1093/evlett/qrad043) with a Dryad data
repository (https://doi.org/10.5061/dryad.vt4b8gtxd). Open data practices are important
for future research in the field. Possible uses include: 1) Combining the data with data from
other studies in a meta-analysis. 2) Genotypes could be imputed across the whole-genome
from the SNP chip data for further analysis and comparison. 3) A follow up study could

compare allele frequencies observed in the future with the data generated here.

In summary, it is expected that in the future more advanced monitoring technology will be
incorporated into field studies, and that will be able to measure many climate and
physiological variables, which will help in understanding local environmental/climate
changes and resulting gene adaptation responses towards them. Better predictive
approaches for identifying candidate adaptive loci would reduce the false positive results,
and more accurately identify the best candidate adaptation genes. At present there are only
very few studies that functionally validate the fitness differences of identified candidate
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climate adaptation genes, and these studies have not typically been conducted in
vertebrates. The next step for future studies would be to experimentally validate the
candidate climate adaptation genes identified in vertebrate species, by observing fitness
differences for carrying candidate adaptation genes in the home environment or via gene
editing methods, to truly implicate these genes and their biological function in the process
of climate adaptation. Understanding when and how vertebrate populations will adapt to

future climate change is an important topic to consider.
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