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ABSTRACT

Evolutionary adaptation in humans is shaped primarily by the selection of
beneficial alleles. Classical population genetic theory predicts that alleles under selection
will experience a rapid increase in frequency. However, the effects of weakly deleterious
and neutral alleles propelled to high frequency due to drift complicates the identification
of sites under positive selection. Evolutionary probability uses vertebrate alignments and
divergence times to estimate a site’s evolutionary history, assigning probability values to
each potential amino acid at that site. For each mutation, a probability value can be
calculated indicating whether the mutation is favored or disfavored evolutionarily. Because
sites under selection will increase in frequency more quickly than they would due to genetic
drift alone, it is expected that both beneficial and deleterious mutations will be younger on
average than neutral variants of the same frequency. In chapter two, this was found to be
true for the disfavored, deleterious mutations which were younger on average. Notably,
beneficial mutations were found to be older on average than neutral mutations of the same
frequency. One possible model suggests that the enrichment of old, beneficial alleles
segregating in modern humans can be explained due to linked, weakly deleterious variants
hindering the fixation of beneficial mutations until recombination allows for the escape of
the beneficial mutation. Assessing allele age estimation methods is crucial for
understanding the potential selection a mutation is undergoing. While whole genome
sequencing data is becoming increasingly accessible, a large amount of the currently
available data for large population datasets exists in the form of whole exome sequencing
data. In chapter three, the accuracy of three allele age estimators, Genealogical Estimation

of Variant Age (GEVA), Relate, and time of coalescence is tested for accuracy for both
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whole genome and whole exome sequencing datasets. Relate was found to outperform both
other estimators of allele age for both a simple (Pearson: 0.64) and complex (Pearson: 0.68)
demography model with the estimates based on whole exome data having an average drop
in performance of 16 percent in comparison with the whole genome estimates. Beyond
investigating segregating variants, phylogenetic methods such as evolutionary probability
allow for the analysis of fixed candidate variants and the investigation into potential
mechanisms by which these favored alleles arose. In chapter four, derived sites which have
become fixed in modern humans where non-human primates all share the ancestral amino
acid are identified. Utilizing the fixed, derived sites and the corresponding evolutionary
probability values, it can be tested if adaptation occurs due to novel, low evolutionary
probability mutations. A second hypothesis can also be tested where instead adaptation
occurs due to a mutation to a more evolutionarily stable amino acid. It was found that while
the majority of substitutions in modern humans are both arising by way of novel amino
acids, however this is no evidence that these substitutions are driving phenotypic adaptation

in modern humans.
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CHAPTER 1
INTRODUCTION

The trajectories of beneficial alleles underlie the process of adaptation in humans.
However, while alleles under positive selection will rise in frequency quickly towards
fixation (1,2), alleles that are weakly deleterious or neutral will also rise to high
frequencies and fix some of the time due to genetic drift (3,4). Thus, it is not sufficient to
solely identify sites that have been fixed in modern humans to find sites that are
candidates of adaptation. Complicating the issue further, there is very little evidence of
classic sweeps of beneficial mutations in humans (5,6) with the majority of evidence
supporting soft sweeps of standing variation to fixation instead (7).

There are millions of segregating variants in human populations with some
portion of these mutations arising in coding regions potentially affecting the functionality
of the protein. Of these segregating, coding sites, the majority are found at low frequency
and are deleterious, however some portion of these are beneficial based on estimated
proportions from fixed sites (8). As these sites are segregating, they present a unique
opportunity to investigate the trajectory of beneficial mutations during the process of
rising in frequency towards fixation. Mutations under selection, both negative and
positive, should be younger on average than neutral alleles of the same frequency (1).
Following the theoretical prediction that sites under selection will be younger, researchers
can empirically test for potential sites undergoing selection as these sites will appear to be
pulled from a different distribution of ages. This has previously been shown to be true
empirically for deleterious variants (9), but an empirical analysis to examine both favored

and disfavored had yet to be undertaken. Until recently these types of analyses have been



intractable due to data availability and method scaling. However, since the sequencing of
the first human genome (10,11), the number of genomes sequenced has exponentially
increased yielding more candidate sites arising and the potential to investigate both the
selection and fitness effects of segregating mutations (12,13). In chapter two, the theory
that sites under selection are younger on average than their neutral counterparts are tested
in an analysis comparing the distribution of mutation age for neutral mutations with both
positively and negatively selected nonsynonymous mutations.

To identify whether an allele is evolutionarily favored or disfavored, the
likelihood of an amino acid at a given position is estimated by the evolutionary
probability (EP) based on a posterior probability of each amino acid given a vertebrate
alignment (14). Those amino acids that appear very often in the vertebrate tree at that
site, or amino acids found in closely related species to the focal species of interest, will
receive a higher probability. On the other hand, if an amino acid is not found anywhere
on the tree, then it will receive a very low probability value. Previous work has found that
there are many sites in the human genome where humans have a low probability amino
acid that is segregating at moderate frequencies which may be candidates of adaptation
(15,16).

Leveraging the ability to identify whether a site is either evolutionary likely or
unlikely allows for further questions about adaptations in modern humans to be
addressed. Previous studies have found “evolutionary forbidden” sites, where the
evolutionary probability is less than 0.05, segregating at high frequencies (16) and some
proportion of high frequency evolutionarily forbidden sites likely have been fixed during

the evolutionary history of modern humans. In chapter four, the evolutionary probability



of substitutions in modern humans is used to test theories of the mechanism of
adaptation. Sites where modern humans have a fixed amino acid that has a high
evolutionary probability, but closely related non-human primates have a low EP amino
acid at the site represent loci where humans are returning to a more evolutionarily stable
amino acid for the protein. In the opposite case, sites where humans have the low EP
amino acid and the ancestral allele shared by closely related species is the high EP amino
acid are loci where humans may have experienced a sweep towards a novel amino acid.
The derived alleles that have become fixed in modern humans where closely related non-
human primates all share the ancestral allele represent candidates of adaptation. Utilizing
evolutionary probability, the larger question of the evolutionary mechanism by which
adaptation is occurring can be tested by investigating whether fixed sites are arising due
to a return to a more evolutionarily likely amino acid or towards an unlikely amino acid.
In the identification of segregating beneficial alleles in chapter two, estimated
allele ages were used to investigate selection by comparing the age of presumed neutral
variants to presumed selected nonsynonymous variants. These estimators assume an
infinite sites model meaning each locus would only have a single mutation and it’s
assumed that estimates are generated from whole genome sequencing data. These
estimators have been shown to be robust to errors in the data, however a study examining
the performance on missing data has yet to be performed. While segregating SNPs have
commonly been identified through whole genome sequencing (WGS) for population
studies, mutations are also often commonly identified using either genotype data or
whole exome sequencing (WES). Genotype data focuses on calling the alleles at sites of

common polymorphism which are selected beforehand using a targeted assay (17). Often



used in livestock and agriculture research, genotyping is a cheaper option, but does not
allow for identification of non-common mutations and identifies the fewest number of
sites of the three methods.

Both WGS and WES can identify increasing non-common variants as the number
of samples sequenced increases. In WGS, DNA can be sequenced via long-read or short-
read technology. Short-read sequencing first cleaves the DNA into fragments and then
these fragments are sequenced into their base pairs (18). These fragments are often just
50-300 base pairs in length, and then require assembly where the fragments are
assembled into contigs and then into scaffolds where in in the final step the gaps in the
sequence are filled to get the final genomic sequence (19-21). Long-read sequencing in
comparison sequence long strings of base pairs without the fragmenting present in short-
read technology (19). In this method, the base pair sequences can range in length from a
kilobase to several Mbps (22). While long-read data has a higher error rate than short-
read data, long-reads can sequence repeating elements and structural variation more
accurately (19).

Exomes are sequenced using short-read sequencing technology except for the
added step of targeting specific coding regions by hybridization (23). The hybridized
coding DNA fragments can undergo sequencing yielding fragments in the target coding
regions (23). As the cost of sequencing increasingly diminishes, the amount of genomic
data has increased globally both in terms of whole genome datasets and whole exome
datasets (24,25). Estimating the allele age of single nucleotide polymorphisms (SNPs) in
a population is informative about whether an allele is undergoing selection. This is

particularly of interest for rare variants as it has been found that mutations found at low



frequency contribute significantly to the phenotype of many diseases (23,26-28).
Understanding of the fitness of segregating variants contributes to the understanding of
distribution of fitness effects (DFE) of new mutations which has direct implications to
human disease (29).

The number of exomes sequenced has increased significantly over the last several
years leading to more uncommon variants being discovered. Prior work has speculated
that rare variants contribute to common disease phenotypes (30,31) and recent research
has shown evidence of rare variants being important contributors to many phenotypes
from development cognition (32) to the cardiovascular system (33). Tools to investigate
increasingly rare variants in large datasets allow researchers to identify potential
causative variants and also create an expanding dataset of information about a given
mutation which can be applied in clinical settings (34). As rare variants have been found
to have an impact on gene expression (27) and the contribution of many major diseases
(13,28), it becomes increasingly important to have accurate tools to better understand the
trajectory and fitness of uncommon variation. In chapter three, the accuracy of allele age
estimators on both whole genome and whole exome sequencing data is ascertained.
Testing the accuracy of common methods of allele age estimation using exome data
allows for these tools to become accessible for use in large clinical datasets and in other
instances where whole exome sequencing is preferred such as in non-model organism
studies.

The estimate of the time a mutation enters a population has been a topic of
research for several decades as the distribution of ages at a given frequency can be

indicative of the selective pressures on the alleles in a population (35,36) along with



information about demography (37). An allele under either purifying or adaptive
selection will rise to its given frequency much more quickly than a neutral allele of the
same frequency (1). Thus, at a given frequency those alleles undergoing selection will be
younger on average than their neutral counterparts of the same frequency. Early
theoretical predictions on allele age estimation focused on estimating either when a
mutation would become fixed in the population or when it would be lost (2,38). An
extension to these early methods evolved to include segregating variants by leveraging
allele frequency and population size as parameters to estimate the time on average it
would take for a mutation to reach a given frequency (39). These methods are predicated
on the allele being neutral in a population, but alleles under selection will be of an even
greater interest as the drivers of functional changes leading to human disease. For
deleterious alleles, a prior model was extended to include a dominance coefficient due to
the mutation’s age in the population being dependent on the heterozygote state to be
retained in the population (40). This model considers just a constant population size, but
in realistic populations this would not be accurate, and the model can be extended to a
coalescent framework to include varying population sizes (41—45). At the end of the
wave of early research on allele age, essentially two types of empirical methods emerged
based on their theoretical predecessors: one, methods that leverage allele frequency, and
two, methods that identify variation between samples in a population (43). In the last
several years, these methods have been refined even further to focus almost exclusively
on the latter methods of utilizing intra-allelic variation with genomic data.

Recently published methods either estimate the entire ancestral recombination

graph (ARG) or specifically estimate the time of the branches that contain the mutation of



interest. Along the genome, the relationship between samples can be reconstructed
identifying the time any two samples last shared a common ancestor, a coalescent event.
The ARG expands on this information by also reconstructing the recombination events
where two samples instead share a common ancestor due to recombination instead of a
coalescent event (46,47). To identify these events in a tree, methods identify shared
stretches of haplotype tracks between samples where a shared track is terminated by a
recombination event. Between two samples that share a common ancestor and thus a
shared tract of DNA, mutations will accumulate on that haplotype providing further
information for estimating the age of the branch. Three recent estimators of allele age are
Relate (48), Genealogical Estimator of Variant Age (GEVA) (49), and time of
coalescence (t¢) (50). Even though these methods are tested for accuracy using whole
genome data, based on the robustness of these models it is conceivable that these
methods can be extended to estimate allele age from whole exome data. However, this
requires careful examination of the assumptions and methodology of these estimators and
can be empirically tested with an analysis of the accuracy of the estimates from whole
exome data.

Relate employs a hidden Markov model (HMM) to calculate posterior
probabilities to create a distance matrix of the relatedness of any two samples from the
dataset (48). The HMM Relate uses is based on the method the Li and Stephens (51)
except modified to explicitly identify the ancestral and derived states. Using the distance
matrix, a tree is constructed using a clustering algorithm. Once a genealogical tree has
been estimated, then the identified mutations along the haplotypes can be mapped onto

the tree. To identify the times of the coalescent events and the subsequent branch lengths,



a Markov Chain Monte Carlo (MCMC) algorithm is utilized with a coalescent model as
the prior. Relate has the added benefit of also estimating varying coalescent rate and
changing mutation rates over time.

GEVA (49) first identifies the sets of haplotypes that share the focal allele
(“concordant pairs”) and those sets of samples that do not have the focal allele
(“discordant pairs™). For each set of pairs of haplotypes, a hidden Markov model (HMM)
is used to extend the shared haplotype to either side of the focal allele until it identifies a
breakpoint due to recombination. Since the mutation had to have arisen sometime prior to
the time of the concordant pairs have last coalesced but after the time of the discordant
pairs’ coalescence event, then the time of the mutation arose can be modeled by the
distribution of each set of haplotypes estimated ages. The age of each set of haplotypes
can be estimated as the posterior distribution using both the recombination distance and
the number of mutations on the shared haplotype. GEVA outputs results for a mutation
model, a recombination model, and a joint model of both recombination and mutation.
For each of the models, the mean, median, and mode of the distribution of posterior
probabilities for allele age.

For the estimator of time of coalescence (tc), for a given focal mutation the shared
samples that contain this focal mutation are identified and those samples that do not
contain the focal mutation but appear in the sister clade to the ones that contain the focal
mutation are identified (50). In the case of mutations that just occur a single time
(singletons), these can be estimated based on just identifying the sister chromosome or
clade to the focal mutation. Based on this focal site, looking at population of genome

samples, the maximum tract of shared DNA or the maximum shared haplotype is found



by extending to both the left and right of the focal site. This longest shared tract will
represent the focal sites sister clade or chromosome most closely related to those samples
that contain the focal mutation. In considering just a single chromosome as the sister to
the focal chromosome for simplicity, the shared length of haplotype tract shared between
the two is broken when a mutational or recombination event occurs in one of the two
genomes. This length of haplotype can be modeled as a function of the time of which
these two samples last shared ancestry. A maximum likelihood model is used to estimate
the age of the focal mutation using the length of the maximum shared haplotype along
with the recombination and mutation rates.

All three methods of allele age rely on the distribution of mutations on a
haplotype to estimate the time of the branch containing a focal variant of interest. While
genome data provides the most complete information and exome data does not have the
complete distribution of mutations as all non-coding mutations will be missing, these
methods may be able to still provide relatively accurate estimates enough to be
informative about selection to identify candidates for functional impact.

Classic predictions under population genetic theory can be tested such as that sites
under selection will be younger on average than neutral sites of the same frequency. This
is particularly important because sites under selection represent both deleterious sites that
impact human disease and adaptations that have become fixed due to positive selection.
For segregating sites, beneficial alleles can be directly investigated using evolutionary
probability and estimators of mutation age to compare the distribution of allele ages of
beneficial alleles to neutral ones. Leveraging this evolutionary method, larger questions

about adaptation in modern humans can be investigated. Through the identification of



fixed, derived amino acids in modern humans where non-human primates have an
ancestral amino acid, the likelihood of each amino acid at the locus can be calculated.
Using this method, identification of potential adaptive derived mutations can be identified

and further examined.
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CHAPTER 2

ANALYSES OF ALLELE AGE AND IMPACT REVEAL HUMAN BENEFICIAL
ALLELES ARE OLDER THAN NEUTRAL CONTROLS

Abstract

A classic population genetic prediction is that alleles experiencing directional
selection should swiftly traverse allele frequency space, leaving detectable reductions in
genetic variation in linked regions. However, despite this expectation, identifying clear
footprints of beneficial allele passage has proven to be surprisingly challenging. We
addressed the basic premise underlying this expectation by estimating the ages of large
numbers of beneficial and deleterious alleles in a human population genomic data set.
Deleterious alleles were found to be young, on average, given their allele frequency.
However, beneficial alleles were older on average than non-coding, non-regulatory
alleles of the same frequency. This finding is not consistent with directional selection and
instead indicates some type of balancing selection. Among derived beneficial alleles,
those fixed in the population show higher local recombination rates than those still
segregating, consistent with a model in which new beneficial alleles experience an initial
period of balancing selection due to linkage disequilibrium with deleterious recessive
alleles. Alleles that ultimately fix following a period of balancing selection will leave a
modest ‘soft” sweep impact on the local variation, consistent with the overall paucity of

species-wide ‘hard’ sweeps in human genomes.

Introduction
Evolutionary adaptation depends upon the spread and fixation of beneficial

alleles, however some neutral and slightly deleterious alleles also drift to high
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frequencies and become fixed, and so investigators have long sought ways to distinguish
the fixation processes of adaptive alleles from those that are non-adaptive. Most methods
are based on the classic population genetic prediction that beneficial alleles should move
quickly through the range of allele frequencies (1,2) and leave a significant footprint on
levels and patterns of linked variation (52). However, despite evidence that the fixation of
beneficial alleles is common (53-55), investigators have found few instances where
individual fixation events have left a clear footprint (5,6,56). In the human context, this
has been particularly puzzling given that other methods suggest that there have been
thousands of adaptive amino-acid substitutions in the human lineage since the common
ancestor with chimpanzees (8,53,57-59). Consequently, much research in recent years
has been devoted to understanding the fixation process of beneficial alleles and the kinds
of impacts that may be left in contexts of multiple mutations (60,61), changing selection
coefficients, selection at linked sites (62), and population structure (63—65).

To better understand the allele frequency trajectories of beneficial alleles, we
undertook a new kind of analysis that combines two unrelated advances of recent years,
one that can identify a large number of segregating beneficial and deleterious alleles, and
another that estimates allele age. Our initial goal was to test the fundamental population
genetic prediction that alleles under directional selection should be younger, on average,
than neutral alleles of the same frequency. This expectation was clearly affirmed for
candidate deleterious alleles; however, the analysis revealed a striking pattern in which
candidate beneficial alleles are older on average than neutral alleles.

For nonsynonymous single nucleotide polymorphisms (SNPs) in a whole-genome

sequencing study of over 3600 individuals from the United Kingdom (13), we identified
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candidate alleles under selection using the evolutionary probability (EP) of amino acids
residing at each position in 17,209 autosomal genes calculated from a multi-species
protein sequence alignment (16). EP estimates are based on alignments of a large number
of vertebrate genomes and do not depend on the alleles currently segregating in a
population or their frequency. The use of EP estimates for identifying alleles under
selection is well supported by simulation (15), and they are increasingly used to identify
nonsynonymous changes that are candidates for adaptive changes (66—70). As shown in
Figure 1, EP values correlate with allele frequency, with common alleles tending to have
higher EP values as expected if high EP alleles are favored by selection more than are
low EP alleles.

We rooted non-synonymous variants using the inferred ancestral sequence from
Ensembl (71) and a maximum likelihood estimator. We defined AEP as the derived allele
EP minus the ancestral allele EP. The large majority of derived alleles are at low
frequency, as expected from basic theory (72), and we observed that mean derived allele
frequency increases for sites with higher positive AEP (Figure 2), as expected if they are

favored by natural selection (73,74).
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Figure 1. EP for non-synonymous SNPs binned by allele frequency.

Both alleles of each SNP are included. Each bin includes a 95% confidence interval on

the mean. Sites with higher EP are found at a higher frequency on average while sites

with lower EP are found at lower frequencies.
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Figure 2. Mean derived-allele frequency binned by AEP values.

Mean derived-allele frequency binned by AEP values. Each bin includes a 95%
confidence interval on the mean. Dotted line represents the average frequency of a
neutral (non-coding, non-regulatory) site. Higher positive AEP bins have a higher

frequency on average as expected if these sites are beneficial.

To consider the ages of alleles predicted to be under directional selection, we used
a large control set of non-coding, non-regulatory SNPs. These will necessarily have
experienced similar mutational and recombinational processes, as well as the same
demographic history, that non-synonymous SNPs have experienced, and they offer the

ideal landscape upon which to inquire of the impact of selection on allele age.
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Methods
Evolutionary Probabilities, Allele Frequencies, and Data Filtering

Non-synonymous SNP sites in the UK10K dataset were identified with their
corresponding transcript ID using the hg19 RefGene annotations in the UCSC table
browser (75), that are based on NCBI RefSeq annotations (76), and the UK10K VCF
(Variant Calling Format) files (13). For each two-allele polymorphism, the transcript IDs
and site locations were used to retrieve the EP values for both the reference and
alternative alleles. EP values were estimated using the method described in previous
literature (14,16) using posterior probabilities from a multispecies alignment with
associated divergence times. Mutations excluded from this dataset include those with un-
curated transcript IDs that have not been verified. Frequency data for the reference and
alternative allele at each site was extracted directly from the VCF file. Analyses thought
to be sensitive to high mutability in CpG regions were limited to SNPs that did not occur
as part of a CpG site. These included analyses that utilized allele ages (Figures 4, SA, and
5B) as mutation rate was used as a parameter in estimating these values.
Allele Age Estimates

To get approximate allele age estimates, we used both the time of most recent
coalescence (t.) estimator (50) from the Hey Lab and the Genealogical Estimation of
Variant Age (GEVA) estimator (49). To estimate t., for each of the autosomal
chromosome VCF files, first the singletons were phased by placing each singleton on the
longer of the two haplotypes. Following this step, the time of coalescence was estimated
(runtc.py) using the following parameters: k-range, mutation rate of le-8, and

recombination map as HapMap Phase II genetic map for hgl9 (77). To obtain GEVA
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estimates, the VCF file for each autosomal chromosome was first parsed and converted
into a binary file with corresponding marker and site files containing information per
variant. GEVA values were obtained for all positive EP SNPs with more than two copies
of the derived allele. GEVA estimates were obtained using the default parameters of
effective population size of 10000, mutation rate of 1%, and the provided Hidden
Markov Model (HMM) probability files. The output estimated age files were then filtered
using the provided program in R (https://github.com/pkalbers/geva).

GEVA estimates were obtained for all positive AEP sites in the sampled genes
(2729 in total). Because of time constraints large random samples of sites were used for
non-coding, non-regulatory sites (71628 in total) and negative AEP sites (19053 in total).
To generate figures with binned AEP values, the number of sampled noncoding, non-
regulatory sites range from 800 to 2500 sites with estimated ages. For the negative AEP
bins have approximately 1000 to 4000 sites with estimated ages, while the positive AEP
bins have 60 to 600 with estimated ages.
Rooting

Two methods of rooting were used, a parsimony-based approach using Ensembl
(78) and a maximum likelihood approach using RAXML (79). For the parsimony-based
rooting method, estimates of the hg19 ancestral states were retrieved from Ensembl (71)
and included for each position in the dataset. For all analyses of allele age, SNPs were
limited to those where the ancestral allele state matched the reference allele. For
maximum likelihood rooting a primate alignment was extracted for each RefSeq
annotated gene from an Ensembl alignment whole genome alignment

(http://ftp.ensembl.org/pub/release-104/maf/ensembl-
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compara/multiple_alignments/12_primates.epo/12_primates.epo.10_1.maf.gz) (78). The

phylogeny for each gene was estimated using RAXML-NG using the model GTR+T". At
positions in each gene where there was a non-synonymous mutation in the UK10K
dataset, the human sequence base in the alignment was replaced with a missing value, N.
Using this newly constructed primate alignment with the modified human sequence to
reflect UK10K mutations, RAXML-NG was run again to estimate the base pair values at
the base of the edge of the human sequence. The output generated posterior probability
estimates for each of the four nucleotides at each non-synonymous SNP site. Using the
posterior probabilities, the most likely ancestral state was predicted as the base pair with
the highest probability. Downstream analyses were filtered by those sites where a single
base pair has a probability above 0.9 indicating a higher certainty for the ancestral state.
Calculating AEP

Values of AEP were calculated by finding the difference between the derived EP
value and the ancestral EP value for a position given an estimated ancestral state for that
position. The AEP metric indicates the difference from neutrality at a given site between
the ancestral and derived allele. Sites where the amino acid mutated from an unlikely
state evolutionarily to a more likely state yielded a positive AEP value, and in the reverse,
sites where the amino acid mutated from a more likely state to less likely state yielded a
negative AEP value.
Noncoding Variants as Neutral Controls

To account for allele frequency in our analyses of age across the spectrum of AEP
values, a method to report age in relation to similar frequency control variants was

needed. To assess whether an allele was young or old, each allele was compared to a
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large control set of alleles of the same frequency. For this purpose, we used the ages of
noncoding, non-regulatory alleles, treating them as a neutral control set. Candidate SNPs
for the control set were first identified from intergenic regions using annotations from
SNPeff Human Genome build GRCH37 Ensembl release 75 (80,81). This set was then
filtered to remove those in regulatory regions, identified as falling into at least one of
three data sets available from the UCSC Genome Browser: Candidate cis-Regulatory
Elements by ENCODE (82); RefSeq Functional Elements (83); and curated regulatory
annotations in the ORegAnno database (84).

Noncoding alleles in non-regulatory regions were assembled into bins of a similar
frequency. Of the variants that have identified ancestral states matching the reference
allele, noncoding, non-regulatory variants were split into bins of approximately 75,000
variants per frequency bin. At the lower end of frequency bins (k=1, 2, 3,4, 5,6, 7, 8),
same k value variants were kept together even if this resulted in bins larger than a size of
75,000 variants. In higher frequency bins, several k values were binned together to yield
bins of an approximate size of 75,000 noncoding, nonregulatory variants.

ANOVA

To test the hypotheses that neutral derived allele ages have the same average
allele age as either beneficial or deleterious alleles we used two-way ANOVA, with
selected vs control as one effect, and allele frequency bin as a second effect. We first
applied the Box-Cox transformation (85) to GEV A estimates of allele age for each

treatment and allele frequency group.
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Rank Analysis

To account for differences in allele ages between different frequency bins and to
compare variants across the genome, we implemented a ranking system to assign each
variant a rank within their own null frequency distribution. Initially, null distributions of
noncoding, nonregulatory variant ages were constructed as described above. For each
non-synonymous variant remaining in the filtered dataset, the corresponding frequency
bin was identified based on the k value of the derived allele at that site. Within the null
distribution of ages that correlated to the frequency bin for the focal non-synonymous
mutation, the position of the focal mutation’s age within the null distribution was found.
Based on that position, the rank within the null distribution was calculated as the position
divided by the length of the null distribution (approximately 75000 variants). This
yielded a corresponding rank for each non-synonymous variant based on its own specific
null distribution of ages from similar frequency variants.
Recombination Analysis

To identify the changes in recombination across the genome, we found associated
recombination rate values for every segregating and fixed non-synonymous site in the
UK10K dataset. With all segregating and fixed non-synonymous sites identified using the
rooting method described above, the recombination rate at that location was extracted
from the genetic map file for the specific demographic in the dataset. In this case, a UK
population specific recombination map (86) was used. With each site’s associated
recombination rate, comparisons were made between both fixed and segregating sites

across the spectrum of AEP values.
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Fsr Analysis

We examined the relationship between Fst and AEP. In 1000 Genomes data (12),
Fst was calculated (87) for SNPs also found in the UK10K sample for three comparisons:
pooled African samples versus pooled European and Asian samples, pooled European
versus pooled Asian samples, and Great Britain sample versus Italian sample. Only SNPs
with at least 10 copies of the derived allele in the pooled contrast populations were
considered. Table 9 in Appendix A shows mean Fsr as a function of AEP for each
contrast.

To test whether Fst was higher for older positive AEP SNPs than for control
SNPs of the same allele frequencies, the Fst for each positive AEP SNP with age rank
greater than 0.5 was placed in the ranking of Fst for all control SNPs of the same derived
allele frequency. A single classification Wilcoxon test was conducted on each contrast to
test whether there was an excess of positive AEP SNPs with Fsr ranking above 0.5.
Heterozygosity Analysis

A test was conducted for the hypothesis that positive AEP SNPs have higher
heterozygosity than control SNPs of the same allele frequency. For each positive AEP
SNP, the rank position of the observed count of the number of heterozygotes was
determined by placing the observed count into a sorted list of heterozygote counts for
controls SNPs with the same derived allele frequency. In case of ties, the rank position
was a random value of all possible ranks with the same heterozygote count. To test the
hypothesis that positive AEP SNPs have a mean rank above 0.5, a one-sided z-test was

conducted.
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A power analysis was conducted by simulating data sets of the same size and
distribution of allele frequencies as the actual data. For a given selection coefficient s,
where the fitness of a heterozygote is 1+s, genotype frequencies were simulated using the
observed allele count for each AEP SNPs in the data. Heterozygous counts were then
placed in corresponding rankings of null distributions of heterozygous counts that were
simulated for each of the observed allele frequencies of positive AEP SNPs. A z-test was
conducted for each of 1000 simulated data sets for each selection coefficient. The results
are shown in Table 10 in Appendix A.

Dispersion Analysis

To assess whether positive AEP SNPs are evenly distributed among the genes for
which we have EP values, we simulated tree-sequence (88) samples of 7242 UK
chromosomes using STDPOPSIM (89) under an Out-of-Africa model (90) for each of the
autosomes. Then for each autosome mutations were simulated for each gene on that
chromosome, using each gene’s actual length and map position, at the same mean density
as observed for positive AEP SNPS. The variance in simulated density of SNPs was
recorded for each of 200 simulations for each autosome.

Gene Ontology Analysis

To test whether positive AEP SNPs appeared more often in specific molecular,
biological, and cellular classes (GO database released 2022-07-01, DOI:
10.5281/zenodo.6799722), PANTHER pathways (91) and protein classes (version 17.0,
released 2022-02-22), and Reactome Pathways (Reactome database version 77, released
2021-10-01), a PANTHER Overrepresentation Test (Release 20221013) was used

(92,93). The analyzed set of genes were identified by counting the number of positive
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AEP SNPs per gene. The number of positive AEP SNPs was normalized by gene length,
and all genes with more than one positive AEP were retained. A final subset of 73 genes
were used in the PANTHER GO term analysis. For the reference list, the gene database
for Homo sapiens was used. Analyses were conducted with a Fisher’s Exact test with a
False Discovery Rate correction. Results are detailed in Table 8 in Appendix A.
Comparison to Archaic Genomes

In order to identify whether a large proportion of our sites of interest arose prior
to the speciation between modern humans and archaic humans, we examined for each site
whether it was also present in any one of four archaic genomes (94-97). For each
category: nonsynonymous — AEP, nonsynonymous + AEP, and neutral noncoding sites,
the number of shared loci with at least one archaic genome is reported along with percent
of shared sites over the number of all sites in that category.

Not only was there interest in knowing whether these sites arose prior to the
speciation event, but some subset of these sites potentially could be found in both modern
human genomes and archaic human genomes due to gene flow between the two species.
Sites were identified as appearing in introgression regions based on S* values generated
from the CEU dataset from 1000 Genomes (98) (available at
https://data.mendeley.com/datasets/y7hyt83vxr/1). Sites annotated as matching in either
Neanderthal or Denisovan would be included as introgression sites for our analysis.

B? Values

For B @ scores (99), the CEU standardized scores generated from 1000 Genomes

data was used (available at https://zenodo.org/record/7842447). For each site in our

analysis, we identified from this published dataset the Beta2 score if available. A Mann-
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Whitney U test was done to analyze the difference between the Beta2 values of the — AEP

and + AEP distributions.

Results and Discussion
Summary of Segregating and Fixed Derived Nonsynonymous Alleles

With many rooted segregating and fixed SNPs, we can examine some basic
expectations of positive and negative directional selection on non-synonymous mutations
(Table 1, Appendix A Table 6). First, if adaptation operates primarily at the margins of
optimality, then more non-synonymous variants will be harmful than beneficial, and the
magnitude of effect for deleterious mutations should be greater on average than for
beneficial mutations (100). We observe both patterns, with many more negative AEP
alleles overall, and the mean absolute magnitude of AEP is much greater for negative
AEP SNPs than for positive AEP SNPs (0.830 versus 0.274). Comparing fixed and
segregating sites, it is expected that derived positive AEP alleles with a frequency of 1.0
will have larger AEP values than those in which both ancestral and derived alleles occur
in the sample, which is confirmed (0.418 for fixed vs. 0.274 for segregating). The same
prediction for negative AEP SNPs, with fixed alleles having a higher mean value than

polymorphic alleles, was also confirmed (-0.685 vs. -0.830).
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Table 1. AEP measures for fixed and polymorphic alleles.

Negative AEP Positive AEP
Fixed Polymorphic (% | Fixed Polymorphic
Measure (% or CI) or CI) (% or CI) (% or CI)
23,456 202,105 3,308 4,890
# SNPs (10.4%) (89.6%) (40.4%) (59.6%)
Mean Derived 0.023 0.073
Frequency 1.000 (0.022, 0.025) 1.000 (0.068, 0.080)
Mean 0.725 0.847 0.154 0.243
Ancestral EP | (0.722, 0.728) (0.843, 0.848) (0.150, 0.159) | (0.240, 0.247)
Mean Derived | 0.040 0.017 0.571 0.517
EP (0.039, 0.04) (0.016, 0.018) (0.565, 0.579) | (0.512,0.522)
-0.685 -0.830 0.418 0.274
Mean AEP (-0.689, -0.682) | (-0.834, -0.828) | (0.408, 0.427) | (0.267, 0.280)

maximum likelihood rooting.

Non-synonymous changes were rooted using the Ensembl ancestral sequence estimate
(71). 95% confidence intervals on the mean, determined by bias-corrected bootstrap

(101), are given in parentheses. See Table 7 in Appendix A for values based on

Deleterious Mutations are Younger on Average While Beneficial Mutations are Older

on Average Than Neutral Mutations of the Same Frequency.

Both positively and negatively selected alleles are expected to be younger on

average than neutral alleles of the same frequency (1,9,39,43). We used the Genealogical
Estimation of Variant Age (GEVA) method (49) to estimate the descendent node time, or
coalescent time, for genes carrying the derived allele (Figure 3). We used RUNTC (50) to
estimate t., the time of the ancestral node of the edge carrying the mutation (Figure 3).
Rooted bi-allelic SNPs at non-coding, non-regulatory sites were used for a control set,

identified hereafter as “neutral.” The t. estimator is not a function of allele frequency,
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and GEV A makes only limited use of allele frequency in the setting of priors for the

recombinational landscape.

Chromosome 1: 901923
Ancestral Allele: C
Ancestral Codon: AGC (Serine)
Evolutionary Probability (EP): 0.761768

\ A A € | i C i )
Derived Allele: A
Derived Codon: AGA (Arginine)
Derived EP: 0.00786619
AEP = -0.75390181

Figure 3. Illustrative example of mutational event.

EP calculation values and age estimation targets for GEVA and t, for a hypothetical
site with three copies of the derived allele (A) in a sample of 10 genomes with an

ancestral allele of C.

Allele frequency is a strong predictor of allele age, and as expected, the mean
derived-allele age rises with frequency for all three classes of SNPs (Figure 4). For both
positive and negative AEP SNPs, an analysis of variance (ANOVA) was conducted to

test the hypothesis that selected derived alleles have the same mean age as control SNPs.
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In both cases the null hypothesis was strongly rejected (p = 4.17x107!? for negative AEP
SNPs and 3.04x10%7 for positive AEP SNPs). However, unlike derived negative AEP
alleles, which were younger on average than control alleles, as predicted, the positive
AEP SNPs are older on average. Surprisingly, across most frequency intervals, derived
positive AEP alleles exhibit mean ages thousands of generations older than the neutral

control set.
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Figure 4. Mean allele age estimates from GEVA binned by allele frequency.

Mutations are binned by frequency with each frequency bin holding 75,000 neutral
sites. For each frequency bin, those sites that fell above a AEP of 0 were annotated as
positive AEP whereas those below 0 annotated as negative AEP. Neutral indicates the

approximately 75k intergenic sites for each frequency bin.

To isolate the relationship between AEP and allele age independently of allele
frequency, we placed each allele’s age estimate into an ordered list of ages for neutral
alleles of the same frequency. Non-synonymous alleles in the top half of the distribution

(ranked higher than 0.5) are thus older than the median age of those neutral alleles. As
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shown in Figures 5A and 5B, the ranked AEP values show a clear trend, with negative
AEP values falling consistently below 0.5 (i.e., with ages less than neutral alleles of the

same frequency) and positive AEP alleles have mean age ranks consistently above 0.5.

Figure 5. Age rank as a function of AEP.

Age rank for each derived allele was the rank position of the GEVA (A) estimate in a
list of all GEVA ages for neutral alleles with frequency matched derived alleles. (B)

Same as A, but for ¢,.

Because the set of non-coding, non-regulatory controls necessarily experienced
the same demographic context as the selected alleles, explanations of older ages for
candidate beneficial alleles that depend upon interactions of selection and demography
are largely ruled out, at least for models in which the beneficial alleles are indeed under
directional selection. Nor can models in which these alleles are sometimes neutral and
sometimes favored help explain the observation, as such alleles would still be expected to
be younger on average than our control set. This pattern, in which alleles are maintained
longer than alleles that are not subject to selection, is simply not consistent with positive

directional selection, but rather suggests some form of balancing selection (101).
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Characterizing Old, Segregating, Positive AEP Alleles.

Overall, a large proportion of positive AEP alleles are older than neutral controls.
For t, there were 3511 positive AEP alleles, 1354 of which had age ranks greater than 0.5
(38.6%). For GEVA there were 1390 positive AEP alleles (fewer than for t. as GEVA
cannot be applied to alleles that occur only once), 741 of which had age ranks greater
than 0.5 (53.3%). We considered the possibility that the elevated ages of segregating
positive AEP alleles were a kind of sampling artifact, as would occur if they represented
the tail of a distribution of ages for all favored alleles, including those that became fixed
(which do not appear as SNPs and for which we do not have age estimates). This
explanation does not apply to alleles under strong directional selection, for which the
mean and variance in sojourn times are low. On the other hand, weakly selected favored
alleles will have a large mean and variance in sojourn times (102), and a large sample of
such alleles would have some that, by chance, had been segregating for a long time.
However, if the old segregating positive AEP alleles were only very weakly favored, and
if they constitute the minority of alleles that were held back by the chance effects of
genetic drift, then they would make up only a small fraction of all positive AEP alleles,
including both fixed and segregating. We do not observe this in the data, with segregating
alleles constituting a large fraction (0.596, Table 1) of all positive AEP alleles.

Balancing selection can take many forms (103), but whatever the mode of
selection for these alleles, it does not appear to be the kind of long-term balancing
selection that causes trans-species polymorphisms like those found in immune-related

genes (104,105). Of the positive AEP alleles, none of the GEVA values, and only 2.5% of
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the t. values, are over 200,000 generations, which would correspond approximately to
the human chimpanzee divergence time, assuming a 29-year generation time (106). Most
positive AEP sites, including those with age ranks greater than 0.5 (i.e., older than neutral
alleles of the same frequency) also do not fit a conventional model of balancing selection
in that the derived allele frequency is usually low (Figure 4, Appendix A Figure 18). For
t. the mean frequency of positive AEP sites with age ranks greater than 0.5 is 0.039,
while for GEVA it is 0.091.

When we seek these alleles in archaic humans, we find that relatively few positive
AEP alleles identified in the UK 10K sample (241; 4.0%) occur in a sample of 4 archaic
genomes. The same analysis for negative AEP alleles found a smaller proportion of
shared alleles (2030; 1.4%), whereas an intermediate value of noncoding sites (401741;
3.0%) was observed among the sample of archaic genomes. For genomic regions
identified as introgression from archaic humans, only 13 positive AEP alleles (0.2% of all
positive AEP sites) and 180 negative AEP alleles (0.1% of all negative AEP sites) were
found.

We applied an alternative method for identifying balancing selection to positive
AEP alleles that is based on the number of nearby polymorphisms that have risen to a
similar frequency as the candidate allele (99). We find that the test statistic, B, is
significantly higher for positive AEP sites compared to negative AEP sites (p-value =
1.588e-6), however the magnitude of these differences is small at just an average 3 value
of 1.09 for positive AEP sites and 0.55 for negative AEP sites. Because most of the
positive AEP sites in our study are found at low to moderate frequencies, and because the

elevated ages, relative to neutral sites, are on the order of hundreds or thousands of
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generations, it is likely that there has not been sufficient time for genetic drift to bring

flanking sites into the configuration that the B statistic is designed to be sensitive to.

Examination of Modes of Balancing Selection: Population Structure and
Overdominance.

We observed significant clumping of positive AEP SNPs among the genes
included in the study. For every autosome, the observed variance in SNP density was
significantly greater than that generated by population genetic simulation (Appendix A
Table 7). Gene ontology analyses for genes rich in positive AEP SNPs revealed
enrichment in several categories (Appendix A Table 8), most notably blood coagulation
and several disease pathways.

One mechanism that could give rise to new balanced polymorphisms is if the
selection regime arose because of the human population structure that favored ancestral
alleles in some populations and derived alleles in other populations (as suggested in a
recent analysis (107)). To examine the possibility that population structure is facilitating
a large amount of balancing selection, we examined Fsr in the 1000 genomes data (12).
Analysis of Fst values in 1000 Genomes data for alleles from the UK10K samples with
positive AEP and age ranks greater than 0.5 found no sign that these alleles show greater
population structure than control alleles (Appendix A Table 9). In three comparisons, the
hypothesis that Fst was higher for positive AEP alleles that are older than expected could
not be rejected by single classification Wilcoxon test in pooled African samples versus
pooled European and Asian samples (p = 0.1804), pooled European versus pooled Asian

samples (p = 0.5298), and Great Britain sample versus Italian sample (p = 0.7854).
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Another possibility is if heterozygous positive AEP sites have higher fitness than
homozygotes for both the ancestral and the derived alleles. To test this in a way that
combined the signal from all positive AEP alleles, we asked whether positive AEP alleles
had higher heterozygote counts than neutral alleles of the same allele frequencies.
Analyzing SNPs with at least 100 derived allele copies, we observed equal proportions of
positive AEP sites with more heterozygotes than the neutral class, compared to fewer;
and we found a mean rank for heterozygote count for positive AEP sites of 0.501. A one-
sided z-test of the null hypothesis that the mean rank was equal to or less than 0.5 did not
approach statistical significance (p = 0.48). This is consistent with previously published
results which failed to find evidence of overdominance at deletion sites thought to be
under balancing selection (108). To assess our ability to detect heterozygote advantage
using counts of heterozygotes, a power analysis was conducted using simulations that
mirrored the actual data set, assuming genotypes are sampled under heterozygote
advantage after selection has been acted. The analyses revealed that over a wide range of
weak to moderate selection coefficients where the selective advantage is less than 1%
(i.e., s <0.01), that an excess of heterozygotes is unlikely to be detected given the

UK10K sample size (Appendix A Table 10).

Models That can Account for a Period of Balancing Selection.

The absence of very old, derived alleles among positive AEP sites suggests that
the balancing selection that occurs undergoes a change of character, such that balancing
selection occurs for a period of time and is then followed by directional selection or no

selection (i.e. genetic drift alone) leading to a loss of one or other of the alleles. If that
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were not the case, then we would not expect the absence of very old alleles in this data
set. To address this, we consider two models that both provide mechanisms for balancing
selection and that both predict that balancing selection will be a temporary phase in the
process of the fixation of beneficial alleles.

One theory to explain many positive AEP alleles with elevated ages includes two
selection stages, including first a period of balancing selection under heterozygote
advantage, after which positive directional selection carries the allele to fixation. Under
this “staggered sweep” model, balancing selection occurs when a favorable allele arises
on a chromosome that carries one or more recessive deleterious alleles at nearby
locations, and it lasts until recombination moves the allele onto other haplotypes not
having linked deleterious alleles (109). A heterozygote for this chromosomal region is
initially favored because of the new allele’s dominance and the harmful allele’s
recessivity, such that the net positive selection coefficient on heterozygotes is strong
enough to counter the effects of genetic drift. The model is supported by the fact that
individual humans, and human populations, carry very large numbers of deleterious
alleles, the large majority of which are expected to be mostly recessive in their effects.
Considering, for example, just loss-of-function alleles for which diploid European
genomes are estimated to carry about 100 (mostly in the heterozygous state), then the
odds that a new beneficial mutation arises near to, and in-phase, with a deleterious allele,
may be quite high (110).

Testing the staggered sweep model is difficult because local linkage estimates, as
well as t. and GEV A estimates, all depend on a common estimate of the genetic map.

However, we can avoid this complication, and partially test the staggered sweep model,
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by comparing local recombination rates near positive AEP alleles that are fixed to those
that are segregating. If segregating alleles are under balancing selection because of
linkage to deleterious alleles, and the fixed alleles include those that had escaped by
recombination, we expect segregating alleles to show lower local recombination rates
than fixed positive AEP alleles. As predicted, the recombination rates of genomic regions
near fixed positive AEP alleles were significantly higher than for segregating alleles
(Mann Whitney U test p=6.0x10"", Figure 6).

Another explanation that also invokes heterozygote advantage is a diploid version
of Fisher’s geometric model (denoted hereafter as DFG) in which mutations that carry the
phenotype in the direction of the optimum may be favored when heterozygous under
codominance and yet disfavored in homozygotes if that phenotype is more extreme and
further away from the optimum (111). Under this model, balancing selection may be a
common phase during an adaptive walk toward increasing fitness, with balanced alleles
ultimately being lost when new alleles under simple positive directional selection arise

and become fixed. The staggered sweep model and the DFG model differ most clearly in
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Figure 6. Mean recombination rate per base per generation as a function of AEP for
fixed and segregating alleles.

Fixed derived alleles were identified based on the ancestral state (Ensembl and
RAxML) and the hg19 reference base at a site. The average recombination rate for
each AEP bin for both segregating and fixed derived sites was calculated using a

population specific genetic map.

that the former has the period of balancing selection as a phase before the fixation of the
allele, whereas the latter has the balanced allele being replaced by a new allele that is
simply favored by directional selection. The former model predicts that some, perhaps
many, selective sweeps are actually ‘soft’ sweeps caused by the fixation of a relatively
old allele. In contrast, the DFG model predicts that when a selective sweep occurs, it is a

conventional sweep by a new favored allele (i.e., a ‘hard’ sweep). Both models predict
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partial sweeps around new alleles that arise in a balancing selection fitness scheme

(Figure 7).

Implications for the Adaptation of Human Populations.

We find that the majority of candidate derived beneficial alleles in a human
population are segregating, rather than fixed, and yet the mean ages of these alleles are
older than those for derived control alleles. These relatively old SNPs do not appear to fit
a classical balancing selection model in that most of them are at low frequency, and have
age estimates almost always less than the age of the hominin branch. The overall pattern
suggests that when fixation of beneficial alleles does occur, it often follows an initial
period of balancing selection.

We did not find evidence that AEP alleles are maintained due to commonly
considered mechanisms of balancing selection such as population structure or
heterozygote advantage, although the power to detect these factors was low, unless
selection has been quite strong. Instead, we found support for the staggered sweep model
in which beneficial alleles arise on the same haplotype as a deleterious mutation which
delays them from fixing. Under a staggered sweep model, we predict that there should be
differences in recombination rates between segregating and fixed alleles allowing for
some alleles to escape selection from nearby deleterious which we find to be true for
moderate positive AEP sites.

If many beneficial alleles have a lengthy period of balancing selection, before
proceeding to fixation, then a significant fraction of adaptive fixations experienced by the

human species (not just individual populations) will have occurred as a ‘soft’ sweep
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rather than a ‘hard’ sweep. This would help explain why there are few unambiguous

cases of complete hard sweeps in large population genomic data sets (5,6).
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Figure 7. Figurative example of the frequency trajectory of an allele under the
staggered sweep (SS) or diploid fisher’s geometric (DFG) model.

Both begin with a phase of rising frequency (A) towards a period of equilibrium (B)
caused by heterozygote advantage when homozygous genotypes are disfavored,
either due to recessive deleterious linked variation (SS) or an overshooting of the
optimal phenotype (DFG). Under DFG, variants are ultimately replaced by new
mutations that are simply favored. Under SS, alleles eventually cross over onto

chromosomes without linked deleterious alleles, and then rise to fixation (C).

An additional implication of these findings is that the process of adaptation by

human populations may be slower than basic population genetic models predict. If a
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significant fraction of ultimately beneficial fixed alleles undergoes a period of balancing
selection, then at least at these sites, the process of adaptation is slowed and limited, not

for lack of mutation, but rather by the process causing the period of balancing selection.
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CHAPTER 3
ALLELE AGE ESTIMATORS DESIGNED FOR WHOLE GENOME DATASETS

SHOW ONLY A MODEST DECREASE IN ACCURACY WHEN APPLIED TO
WHOLE EXOME DATASETS.

Abstract

Personalized genomics in the healthcare system is becoming increasingly
accessible as the costs of sequencing decreases. With the increase in number of genomes,
larger numbers of rare variants are being discovered allowing for significant work to be
done to identify their functional impacts in relation to disease phenotypes. One potential
way to characterize these variants is to estimate the time the mutation entered the
population. However, allele age estimators such as Relate, Genealogical Estimator of
Variant Age, and time of coalescence, were developed based on the assumption that
datasets include the entire genome with relatively low amounts of missing data. We
examined the performance of each of these estimators on simulated exome data under a
neutral constant population size model and found that each provides usable estimates of
allele age from whole-exome datasets. To test the robustness of these methods, analyses
were undertaken to simulate data under a population expansion model and background
selection. Relate performs the best amongst all three estimators with Pearson coefficients
of 0.64 and 0.68 (neutral constant and expansion population model) with a 17 percent and
15 percent drop in accuracy between whole genome and whole exome estimations. Of the
three estimators, Relate is best able to parallelize to yield quick results with little
resources, however, even Relate is only able to scale to thousands of samples making it
unable to match the hundreds of thousands of samples being currently released. While
more work is needed to expand the capabilities of current methods of estimating allele

age, these methods estimate the age of mutations with a modest decrease in performance.
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Introduction

With the rapid advancement in sequencing technology and availability, genomic
data has become integral to investigating the genetic cause of many major diseases. A
major benefit of whole genome sequencing is the identification of mutations across the
entire genome including non-coding regions, however it remains the costlier option in
comparison with whole-exome sequencing (112—114). Whole-exome sequencing (WES)
targets the coding regions of the genome allowing for investigation into functional
genomic mutations, which can more easily be associated with phenotypic changes and
found more commonly in databases of disease-causing variants (115—118). This is more
easily accomplished for monogenic diseases where just one gene contributes to a disease
phenotype, however, improved methods have made understanding and identifying
potential underlying mutations to polygenic diseases possible (119). In particular, rare
variants have been found to be associated with complex human diseases and phenotypes
(34) making variants at low frequency of particular interest to researchers.

As increasing numbers of genomes are sequenced, researchers are finding more
rare variants, some of which have been shown to be causative of human disease (120). It
is becoming more common for healthcare providers to perform exome sequencing to
better understand the underlying cause of a patient’s condition (121-123). However,
while these studies can identify potentially causative mutations through association
studies, the history of these mutations are not as easily able to be examined except
through large population studies (124). Currently, there are initiatives to expand current
genomic resources with corresponding medical information (24,125,126). In the UK,

researchers have released nearly 500,000 exome datasets corresponding to other

40



participant information collected over the last fifteen years (24). Other similar biobanks
operated primarily by healthcare systems are also primarily utilizing genotype and exome
data in their electronic health record collection (125,126) with the United States
launching the “All of Us” initiative which just recently was expanded to include 250,000
whole genome sequences (127).

One way to better understand the history of a potential causative variant is to
estimate when a mutation was introduced to a population. Combining the approximate
age of an allele along with other information about allele frequency globally allows for a
better understanding of the selective pressure the mutation has undergone (128). Studies
that attempt to understand the selective pressure on rare causative variants of disease rely
on small whole-genome studies which focus on just a handful of individuals who carry a
particular mutation of interest (129). Many large population studies have worked to
expand the database of WES sequences combating the problem of sample size and
yielding very large datasets. This leads to the obvious avenue of measuring the accuracy
of previously used methods on the growing amount of data.

Previous research has attempted to estimate the age of alleles in a dataset
containing thousands of exomes using a coalescent method where researchers found that
most deleterious variants arose recently in human history (130). In more recent years,
improved methods to estimate allele age have been published that yield more accurate
estimates utilizing haplotype-based estimates of genealogies (49,50) and ancestral
recombination graphs (48). These more recent methods of allele age estimation have been
shown to estimate the age of a mutation from WGS with relative accuracy, however little

to no work has been done to establish accuracy of these methods when utilizing the
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methods on WES data. Each of the three estimators of allele age (Genealogical Estimator
of Variant Age, Relate, time of coalescence), rely on mutation accumulation on shared
haplotypes to accurately estimate the branch length of the branch containing the focal
mutation. With WES data there will be numerous missing mutations in the non-coding
regions likely causing the estimates to skew younger than the true age due to the fewer
mutations appearing to accumulate. However, if there is a sufficient number of mutations
in the coding regions, the error in estimates may be largely mitigated. Additionally,
comparison between the ages for different mutations will retain the same relative
difference in ages allowing for comparison type analyses to be performed.

In the methodology for Relate (48), the local genealogy underlying a focal site is
reconstructed based on clustering from a distance matrix of mutation variation between
haplotype pairs computed from a hidden Markov model (HMM). Then using a coalescent
prior, Relate employs a Monte Carlo Markov Chain (MCMC) algorithm to estimate the
time of the branch containing the focal mutation. Similarly, Genealogical Estimator of
Variant Age (GEVA) (49) also employs an HMM to identify shared and non-shared
haplotype pairs, but then subsequently samples from those pairs before calculating the
posterior estimate of the age of the mutation from a joint clock model leveraging
recombination and mutation. Time of coalescence (tc) (50) however calculates the
maximum shared haplotype (msh) which can be bounded by either a recombination or
mutation event. Allele age can then be estimated based on a likelihood function
leveraging the length of the shared haplotype.

In this study, three estimators of allele age (GEVA, relate, tc) are assessed to test

for accuracy in estimates of mutation age from whole exome sequence data. Initial
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simulations are undertaken with a constant population size of neutral mutations. To test
the robustness of these methods, an African origin demography model with a population
size expansion is simulated with neutral mutations. In addition to simulations of neutral
mutations, both a constant size population and an expansion population model are
simulated with background selection. For each simulation, the true age of each mutation
is compared to the estimates of the age generated from each program. Because rare
variants are so integral to understanding human disease (28), we will additionally assess
whether these estimators of allele age can be used successfully on rare variants found in

exome datasets.

Methods
Simulation Dataset

Using stdpopsim version 0.2.0 (89), mutations were generated under both a
simple, constant population model (Model id: PiecewiseConstant) and a complex
demography model (Model id: OutOfAfrica 3G09) (131) with no selection. Both
simulations were performed using msprime version 1.2.0 as the simulator (132)
generating neutral mutations. From the simple model, a population of 7242 genomes was
sampled, and from the complex model, 7242 CEU genomes were sampled. Full
parameters for each simulation model can be found in the supplement (Tables 11 and 12
in Appendix B). From each simulation, segregating sites were output in VCF format
using tskit version 0.5.0 (88). The output from the simulation will serve as the whole
genome dataset for chromosome 22 for downstream analyses. Entire simulation pipeline

described in Figure 19 in Appendix B.
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Convert to Exome Data

For each of the simulations (simple and complex), the simulated chromosome 22
files were filtered for the coding regions. A bed file containing the coding regions for
chromosome 22 was generated from a bed file containing all autosome coding regions
from the UK Biobank (available at:

https://biobank.ndph.ox.ac.uk/showcase/refer.cgi?id=3803) (24). Using the BCFtools

version 1.10.2-27-g9d66868 (133) filter function, the VCF outputs from stdpopsim were
filtered just for the segregating variants that fell within the regions in the supplied bed
file. These filtered VCF files serve as the WES data in the analyses. Each of these
original simulation runs are annotated as WGS or WES, and then either SIMPLE for
constant population size or COMPLEX for the population expansion model hereafter.
True Values

From the tree output file from stdpopsim (89), corresponding Nodes, Sites, Edges,
and Mutations files were extracted using tskit (88). Using the extracted tree and genomic
information from these output files, for each site, the position, the time of the mutation,
and the time corresponding to both the parent and child node of the branch containing the
mutation was extracted.
Allele Age Estimates

Genealogical Estimate of Variant Age (GEVA) Estimates (49). The
chromosome column of each of the four VCF files (WES Simple, WES Complex,
WGS Simple, WGS_Complex) first were converted to number format using BCFtools

version 1.10.2-27-g9d66868 (133) as required by GEVA. Each VCF file was then
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converted to a binary file using the GRCh38 HapMap genetic map (77) supplied from
stdpopsim (89) annotated with the additional map position column in centimorgans (cM).
To run the estimator program for all sites of a frequency of 2 copies or more, a list of all
sites (k>=2) was extracted and split into batches of 300 variants due to memory
constraints as recommended in the documentation. The estimator was run with default
parameters of 10000 for the effective population size and a mutation rate of 1e-8.
Estimates from the Joint Clock model that passed the supplied heuristic filter were used.
This includes the mode of the posterior distribution of the concordant and discordant
sampled haplotype pairs. Conversion and estimator programs available at
https://github.com/pkalbers/geva.

Time of Coalescence (tc) Estimates (50). Singletons (variants with just one copy
in a population) in each of the four VCF files (WES Simple, WES Complex,
WGS_ Simple, WGS_Complex) first were phased by placing the mutation on the longer
of the two possible haplotypes for each singleton in the population. A modified version of
the time of coalescence estimator program (modified version described in supplement).
The estimator was run with groups based on their k (copy frequency number) value using
the flag --k-range to speed up the estimation pipeline and was run with default values of
le-8 for mutation rate and 10000 for effective population size. The same genetic map as
used for the simulations and other estimates for GRCh38 was used with the --map flag.
This was done on all variants across the frequency spectrum. Phasing and estimator

programs available at https://github.com/jaredgk/runtc.

Relate Estimates(48). Using Relate version 1.1.9, each of the four VCF files

(WES_Simple, WES Complex, WGS_Simple, WGS Complex) were converted to
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haps/sample format. Using Relate’s supplied parallelization script, each simulation was
run using 12 threads with a mutation rate of 1e-8 and an effective population size of
10000. The same genetic map as used for the simulations and other estimates for
GRCh38 was used with the --map flag. Relate is available at

https://myersgroup.github.io/relate/index.html.

Statistics

For every combination of estimator and simulation, four statistics were calculated:
bias, Pearson’s R, Spearman’s R, and Root Mean Square Log Error (RMSLE) for each
set of mutational ages in comparison with the true age of the mutation as calculated from
the simulation.
Comparisons Across Sample Size

For both the simple and complex models described above, a spectrum of sampled
genomes was extracted to compare accuracy across sample sizes. Sample sizes of 100
genomes, 1000 genomes, and 10000 genomes were used in addition to the 7242 genomes
sampled in the first set of simulations. The same parameters as described above for each
simple and complex model were used. Following the same pipeline as above (Appendix
B Figure 19), the Tree file for each simulation was extracted and converted to a VCF
which was then filtered for exon sites. Using just Relate, allele ages for the WES versions
of the simulation samples were estimated.
Simulating Sites with Background Selection

Following the pipeline described in Figure 19 in Appendix B, stdpopsim version
0.2.0 (89) was utilized to simulate mutations under background selection using SLiM

version 4.1 (134) and the Gamma distribution of fitness effects based on Kim et al (135).
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Relate was then used to estimate the ages of mutations from both the original entire
chromosome output from the simulation (WGS) and the filtered exome version (WES)

with the same parameters as described above.

Results
Relate Outperforms With a Simple, Constant Population Size Model of Neutral
Variation.

To better understand the accuracy of current methods of estimating allele age on
whole-exome data, mutations were simulated under both a simple, constant population
size model and a more complex model based on Gutenkunst’s out-of-Africa demography
(131) with no selection. Simulations were generated using msprime (132) from stdpopsim
(89) using HapMap GRCh38 genetic map (77). Complete simulation parameters can be
found in the methods and Tables 11 and 12 in Appendix B. The SNP data directly
generated from these simulations serve as the whole-genome dataset (WGS). For the
simulated whole-exome data (WES), the generated simulated data was filtered based on
the exome regions sequenced from the UK Biobank (24). For each of the simulations
(simple and complex, WES and WGS), the ages of mutations were estimated with Relate
(48), Genealogical Estimation of Variant Age (GEVA) (49), and time of coalescence (t.)
(50).

Each method provided estimates for a different subset of variants depending on
the filtering mechanism implemented. Relate estimated the age of all mutations that
passed the filtering threshold with all sites identified as non-mapping or flipped being

excluded. tc estimated the age of all mutations including both singletons and derived
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mutations found in all but one genome. GEVA estimates the age of mutations of a
frequency of 2 copies or more, and additionally several other sites were excluded due to
proximity to the end of the chromosome.

Relate estimated allele age the quickest, completing the estimation of allele age
for the WES dataset in less than one hour for both demography models, and for the WGS
in less than 12 hours for the simple model and around 13.5 hours for the complex model
(Appendix B Table 13). Both GEVA and t. took much longer as neither can easily
parallelize. In the case of both estimators, sites can be separated into batches to allow for
each batch to be run separately, however if forced to run sequentially both estimators
would take on the magnitude of days to complete even for the much smaller WES
dataset. Both GEVA and Relate (when run in parallel with multiple threads) required
large amounts of memory and required dedicated computational resources.

For each method, the estimated age of each variant was compared to the variants’
corresponding true value for variants under both the simple and complex model. True
mutation time was extracted from the tree files from the simulation output. For the simple
model, comparing the true age of the mutation to the estimated age from WES data for
each of the three methods, a Pearson’s correlation coefficient of 0.64 was found for the
Relate method with both GEVA and t. following with correlations of 0.45 and 0.26
respectively (Figure 8). All three estimators underestimated mutations that were
exceptionally old, with tc having the largest discrepancy. Each estimator did perform
better estimating the ages of the mutations from WGS dataset with correlations of 0.77
for Relate (WES: 0.64), 0.65 for GEVA (WES: 0.45), and 0.36 for t. (WES: 0.26)

(Appendix B Figure 20). GEVA saw the biggest drop in performance between WGS
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estimates and WES with 31% drop (Table 2). tc had the next biggest drop in performance
at a 29% drop followed by Relate with the lowest drop in performance at a 17% deficit.
All Three Estimators Show Relative Robustness to Demography and Selection.

To investigate whether estimators of mutational age are robust to more
complicated demography models, a more complex out-of-Africa model was simulated
(131). Again, ages of all polymorphic mutations were estimated using the three
estimators and compared with true values. A similar pattern of estimates from the simple
model emerged with all three methods underestimating old mutations. Relate remained
the most accurate with a Spearman’s correlation coefficient of 0.68 with GEVA and t.
with correlations of 0.45 and 0.37 respectively (Figure 9). Again, Relate and GEVA were
better able to estimate the ages of the mutations from WGS data with correlations of 0.80
for Relate (WES: 0.68) and 0.63 for GEVA (WES: 0.45) (Appendix B Figure 21).
However, t. performed similarly with Pearson’s correlation coefficients of 0.37 for both
WES and WGS datasets with the smallest drop in performance at only 0.05% (Table 2).
GEVA had the largest drop in performance again at 28% with Relate having a 15% drop

in performance.
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Figure 8. Estimator comparison on WES data for simple model.

The estimated age of mutations for each of the three estimators Relate (A), GEVA (B),
and time of coalescence (C) were compared to true age values for a simple constant
population size simulation. Results are plotted on a log scale with the dotted black line
representing perfect recapitulation of true age values. Points are colored by density
calculated by a Gaussian density gradient. Pearson’s r, Spearman’s p, RMSLE, and
Bias are reported for each comparison. WGS comparison found in Figure 20 in

Appendix B.
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Table 2. Pearson’s correlation coefficients for simple and complex model for WES
and WGS datasets.

Simple Model Complex Model
WES WGS WES WGS
Relate
(12 threads) | 0.6394 0.7743 0.6799 0.7994
GEVA
0.4467 0.6476 0.4510 0.6290
t. 0.2564 0.3623 0.3691 0.3693

Each of the three allele age estimators (Relate, GEVA, t¢) were run on neutral
simulations of the simple constant population size model and the out-of-Africa
expansion population size model for both the whole exome sequences (WES) and
the whole genome sequences (WGS). For each comparison between estimator and

true value, the Pearson’s correlation coefficient was calculated.

Further testing the robustness of allele age estimation on exome data, the
estimator Relate was used to estimate the age of mutations in a sample size of 100
genomes, 1000 genomes, and 10000 genomes. Relate was used as it was the most
tractable for the larger sample size of 10000 genomes, however estimation of mutations
in a sample of 100000 genomes was also attempted but required over 15 TB of storage
and high memory requirements making it not easily tractable even with dedicated
computing resources. With increasing sample size, the Pearson coefficient between
estimated age of mutations and true age increased (Figure 10, Appendix B Figure 24).

This is expected as Relate depends on the surrounding mutations around a focal site to
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estimate the age of the mutation of interest, and as the sample size increases as does the
number of mutations present.

In nature, mutations are not just experiencing genetic drift, but often also natural
selection, particularly negative selection because of either itself is deleterious or a nearby,
linked mutation is deleterious. To simulate this, keeping with the simple and complex
model, each model is simulated using SLiM with background selection with a
distribution of selection coefficients pulled from a gamma distribution. Relate was then
used to estimate the ages of the mutations both using filtered exon dataset (WES) and the
entire simulated chromosome (WGS). Relate performed slightly worse on data generated
from a simulation with background selection, relative to its performance with no
selection, for both the simple and complex models (Table 2, Figure 11). Relate had an
18.6% decrease in accuracy for the simple model with the WES dataset in comparison
with the WGS and a 26.7% decrease in accuracy with the WES dataset for the complex
model. This is on average a 22% decrease in accuracy, higher than the 16% average

decrease in accuracy on mutations under a simulation with no selection.
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Figure 9. Estimator comparison on WES data for a complex model.

Estimated age of mutations for each of the three estimators Relate (A), GEVA (B), and
time of coalescence (C) were compared to true age values for a complex demography
simulation. Results are plotted on a log scale with the dotted black line representing
perfect recapitulation of true age values. Points are colored by density calculated by a
Gaussian density gradient. Pearson’s r, Spearman’s p, RMSLE, and Bias are reported

for each comparison. WGS comparison found in Figure 21 in Appendix B.
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Figure 10. Correlation between true and estimated allele age increases with sample size.

Samples of 100, 1000, and 10000 genomes are sampled from simulations. The true age
of mutations is compared with the estimated age of mutations estimated with Relate for
each of the three sampled set of mutations. A regression line is fit for both the simple

(orange) and complex (purple) simulation estimates.
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Figure 11. Relate allele age estimates compared to true values under background
selection.

The allele age of mutations from simulations of sampled genomes under a model
which incorporates background selection are estimated using Relate. Upper panels
have estimates from whole-exome datasets while lower panels contain estimates from

the entire chromosome of mutations.

Rare Variants Show No Decrease in Accuracy of Allele Age Estimates in Comparison
with Common Variation.

To address the accuracy of allele age estimators for rare alleles in WES datasets in
comparison to more common variants, an analysis of the root mean square log error
(RMSLE) averaged across frequency bins was undertaken. Variants were binned into 1%

frequency bins and for each estimator method the RMSLE was calculated for that bin
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normalized by the average true age of the bin (Figure 12). While it was found that the
RMSLE was much lower for rare variants without the normalization for true age
(Appendix B Figure 22), once normalized it was found that all methods did better at
estimating the age of more common variants in comparison with rare variants (less than a
1% frequency) (Figure 12A). Similar trends in error rates were found in the complex
model (Appendix B Figure 23). While GEVA is unable to estimate the age of singletons,
both Relate and t. were able to estimate the age of mutations appearing once in the

population as well as other low frequency mutations (Figure 12B).
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Figure 12. Error in estimates across spectrum of frequency values for the simple model.

For each estimator, sites generated under the simple model are binned by 1% and an
average root mean square log error (RMSLE) for that bin was normalized by the
average true mutation age of that bin (A). Focusing on just k number of copies for 1%

or less, the RMSLE is average for k values ranging from 0 to 72.

Discussion

As sequencing becomes more cost efficient and thus more accessible (113,114),

personalized genomics will also become increasingly accessible. In personalized
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genomics, a large portion of resources is spent identifying causative mutations for disease
(116,117), and in doing so, it becomes important to not only understand the functional
impacts of the mutation but also the demographic history. Currently, there are many
methods to characterize a mutation (115,116,136,137), with one subset being the
estimation of the time of the mutation entered the population (43,48—50). These methods
are modeled and tested with whole genome sequence data. However, since WES data
remains the more cost-efficient option making it more likely to be used in routine clinical
diagnostics (121,122), a comparison of several methods of allele age estimation to
ascertain whether the methods can accurately be applied to whole exome sequence data is
required.

Of the three estimators, all had the highest accuracy in identifying the ages of
mutations from WGS data for both the simple and complex demography models with
Relate performing the best across all estimators. For WES data, we find that of all three
methods Relate again performs best with the highest correlation and lowest bias with a
loss of between 15 to 17 percent in comparison of the estimates on the WGS data.
However, all three methods slightly underestimate the oldest of alleles with t.
underestimating them to the highest degree with the RMSLE tripling between 100
generations to 10000 generations. T greatly underestimates the ages of very old variants
revealing that even in the modified version that considers the circumstances where a
haplotype ends in non-coding regions. This modification does not totally mitigate the
issue of haplotype tracks ending in intergenic or intronic regions with instead tc
estimating much longer shared haplotype tracts than the true shared haplotypes. As a

trend, each method slightly overestimated the youngest of alleles as the bias values flip in

57



signs from the youngest (less than 100 generations) to the oldest (greater than 100
generations). This is expected, as coalescent events that happen further back in time
allow for more mutations to accumulate along that branch. Thus, in estimating allele age
from a dataset missing some substantial proportion of the mutations means that the
estimators are observing fewer mutations on a branch and estimating it shorter than its
true length. The overestimation of the youngest variants and underestimation of the oldest
variants has been previously identified in comparison of whole genome sequence data
estimates from both Relate and GEVA (138,139). In the comparison examining the
robustness of the methods on simulations expanding beyond just a neutral model to also
include deleterious mutations, Relate had a larger decrease in accuracy in the estimates
between exome and genome data in comparison with the neutral mutation model (simple:
19%, complex: 27%) (Figure 11).

All three estimators assume an infinite-site model where only a single mutation is
able to arise at each site, however in nature this is not always the case (140,141). For
simulation data, this is not a concern as sites where a site had more than one mutation
occur can be excluded or not allowed to occur. However, for empirical data, repeated
mutations may occur especially in regions of the genome where the mutation rate is
particularly high such as in CpG sites (142). If the infinite-site model is violated with
repeated mutation at a given loci with multiple common ancestral haplotypes, then
haplotypes with differing genealogical histories would then be pooled together artificially
inflating the estimated ages. Relate deals with this issue by excluding sites where
mutations cannot be mapped onto the local genealogy (48) while t. takes a composite of

the estimated age of each copy of allele allowing for repeated mutations at a single locus
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not to skew the estimated ages too high (50). However, it is likely that the majority of
human variant have arisen by way of single mutations, with violations of the infinite-site
model by multiple mutations constituting a very small proportion of sites, given the few
known examples (143—145).

While common variants have long been identified as potential pools of variants
affecting human phenotypes (146,147), rare variants are often less well understood and
harder to be studied and characterized. Investigation of rare alleles using methods such as
mutation age estimators allows for these mutations to better characterized in a population.
This is particularly important because these mutations much less likely to be found in
published large population data such as 1KGP (12) leading to very few opportunities to
learn more about their history except through individualized studies. When normalized
for the true age, rare variants are less able to be accurately aged, however since many rare
variants are extremely young the overall error in estimates is small for these sites
especially in comparison to common variants which may be extremely old and have a
wide range of variation in estimated values for alleles of the same frequency.

While this analysis identifies some limitations of utilizing allele age estimators on
whole exome data, it is clear that these methods can also be leveraged to better
understand the history of focal mutations. Expanding these methods of characterization
for mutations remains an important question as clinicians and researchers are still
attempting to understand mechanisms of many disease phenotypes (147). While these
estimators, in particular Relate, demonstrate reasonable accuracy in estimates based on
whole exome data, users of these methods must also acknowledge the biases that appear

in estimating the most extreme frequency variation. Utilization of these tools are still able
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to offer some valuable insights into the history of potentially causative alleles to human
disease especially if comparison type analysis utilizing the rank of allele age is
considered. As the number of sequenced exomes continue to increase as the field of
personalized genomics becomes more widespread, these methods will likely play an

important role in advancing our understanding of the genetic basis of disease.
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CHAPTER 4

SUBSTITUTIONS ON HOMININ BRANCH AROSE VIA NOVEL AMINO
ACIDS BUT SHOW NO EVIDENCE OF ADAPTATION

Abstract

Since chimpanzees and modern humans diverged around 7 million years ago,
thousands of substitutions have become fixed across both lineages. While several genes
and functional processes have been identified to be positively selected, i.e., adaptive, it
has been difficult to identify specific sites that contribute to adaptations in human
phenotypic traits. Additionally, there is a lack of evidence for new mutations sweeping to
fixation via classic hard sweeps. Using sites where humans have a fixed allele different
from non-human primates, we leverage evolutionary probability to identify the
mechanism by which adaptation occurs. Evolutionary probability varies with the
evolutionary history of amino acids at a given locus with a low probability for novel
amino acids and a high probability for more commonly found amino acids for that site. In
one scenario, evolutionary adaptation is occurring through positive selection on
uncommon amino acids while in an alternative scenario, adaptation creates a more
evolutionarily stable protein due to a mutation back to a more commonly found amino
acid in the vertebrate tree for that site. We found that most substituted sites in the human
lineage have a derived, fixed allele forming a low probability amino acid whereas all
other non-human primate lineages tend to possess ancestral, high probability amino acids.
While we show that the majority of substitutions in modern humans occur by way of
novel amino acids, there was no evidence that these sites are driving the adaptation for

phenotypic changes found on the hominin branch.
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Introduction

Previous work has estimated two substitutions per gene in modern humans with
10 to 20 percent of these substitutions found to be adaptive (3,8,57,58), however, most
studies have identified regions under adaptation rather than specific sites driving those
adaptations. There is evidence for more recent selection on segregating traits in modern
humans (148,149), and some evidence suggests regulatory regions are involved in human
evolution (150,151). This leaves an obvious question about whether specific sites in
protein coding regions can be associated with adaptation of specific traits.

Chimpanzees have been found to have a larger number of genes to be under
selection in comparison with modern humans due to natural selection being able to work
more efficiently due to differences in historical effective population sizes (152). This
contrasts with the higher substitution rate observed on the hominin branch (152).
Between chimpanzees and modern humans there are millions of fixations between the
two species that have occurred since speciation around 7 million years ago (57). This
corresponds to thousands of protein coding sites where a derived allele has become fixed
in either chimpanzees or modern humans (153). While there is evidence that both
regulatory and protein coding substitutions have an effect on phenotypic differences
between humans and non-human primates (154), there is a method to gain insight into the
evolutionary history of protein coding changes.

An evolutionary probability value indicates whether an amino acid at a given site
is likely or unlikely based on the occurrence of that amino acid across the vertebrate tree
at that site. Thousands of sites where a evolutionarily unlikely site had become fixed in

modern humans (14) indicates that adaptation may work best in environments where a
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novel amino acid is preferred by selection. However, the opposite could be true if there is
less evolutionary constraint on a region allowing for several amino acids to be common
on the vertebrate tree yielding multiple likely amino acids. Evolutionary probability (EP)
is calculated by a posterior probability based on a vertebrate alignment with divergence
times to assign probability values for every possible amino acid at a given locus (14). A
high EP amino acid corresponds to a residue found often in the alignment at the position
with a high probability of that residue being found in closely related species. Likewise, a
low EP amino acid would be rare in the alignment at the position. Utilizing EP to identify
sites where modern humans and non-primate humans display a transition from one
extreme EP value to another allows the opportunity to investigate the mechanism by
which adaptations arise.

With thousands of genetic protein coding substitutions identified between humans
and non-human primates, specific impacts on phenotype can be investigated through
functional and gene ontology analyses. There have been several genes associated with
adaptation in modern humans since the divergence from other primates (154) especially
genes associated with neural development (155,156). Other adaptations of interest that
have been investigated include manipulation and bipedalism (157), cell immunity (57),
and sexual reproduction (158). While studies have identified genes under selection for
several key phenotype differences between humans and non-human primates, the specific
mutations associated with the adaptation are less well understood. However, EP provides
the unique opportunity to identify which sites in the gene are creating transitions in amino

acids from low to high probability, or vice versa, allowing for researchers to investigate
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not only the sites under selection but also the mechanism by which adaptation is
occurring.

Two separate hypotheses for the mode of adaptation arising in modern humans
can be tested. First, if adaptation arises by way of novel amino acids, then genes
undergoing selection in modern humans will have a larger enrichment of negative delta
EP sites consistent with the mutation from a more stable amino acid to a new less
evolutionarily favored but newly adaptive amino acid. Second, if adaptation arises by
way of returning to a more evolutionarily stable amino acid, then the genes undergoing
selection will have a larger enrichment of positive delta EP sites consistent with the new
derived mutation being evolutionarily favored over the ancestral site shared with other
primates. Using primate phylogeny of modern humans, archaic humans, chimpanzees,
gorillas and orangutans, sites where the modern human amino acid differs from the amino
acid of non-human primates can be identified. For each of these sites the evolutionary
probability is calculated and compared for genes undergoing selection and genes more

likely to be conserved across the primate phylogeny.

Methods
Dataset Curation

Polymorphism data from across the primate tree was assembled from the 1000
Genome Project (12), the Great Ape Project (159), and four genomes from archaic human
individuals (94-97). The polymorphism data includes genomic data from Gorilla gorilla
gorilla, Gorilla beringei graueri, Pan paniscus, Pan troglodytes, Pongo abelii, Pongo

pyvgmaeus, Homo sapiens neanderthalensis, Homo sapiens ssp. Denisova, and Homo
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sapiens sapiens (1kGP). Sample sizes for each population can be found in Table 3. As the
analysis was limited to sites for which there are available evolutionary probability (EP)
values, first the VCF files for each species was filtered for those sites found in coding
regions with EP values (list of REFseq ids used can be found in the supplemental file).
Because the analysis requires identification of sites where each species is fixed for the
reference, this required identification of sites where polymorphisms were not able to be
called due to low coverage. Description of how these areas of the genome were dealt with
is described in the next section. With a VCF files for each species both filtered for coding
regions and with the inclusion of missing sites due to low coverage, for each
chromosome the polymorphism data for each species was merged using BCFtools (133)
with the flag that calls all sites not included in the VCEF file as the reference. The
frequency of each allele at a given site was extracted for each site without missing data
for each species. In addition to frequency, tables of nonsynonymous and synonymous
sites were assembled and EP values for the amino acids found at each nonsynonymous
site were calculated.
Dealing With Low Coverage Regions

To account for sites in each primate population where sufficient coverage was not
available to accurately call polymorphic sites, sites in these regions were annotated as
missing so ensure these sites were not mischaracterized as locations where the population
was fixed for the reference. For each primate population, the noncallable bed file for that
population was downloaded. Those sites that fell within both the coding regions (from the
REFseq BED file) and the noncallable BED file for the population, a line was inserted

into the VCF file for the site with every individual in the population having a missing
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genotype. This ensures when the primate VCF files are merged all sites not included in

the VCF file can be called as the reference genotype.

Table 3. Statistics for sample populations.

Species Total Sampled | Subpopulations

Individuals
Modern Human 2504 Africa: 661, East Asia: 504, South Asia: 489,

Europe: 503, Admixed America: 347

Archaic Human 4 Neanderthal: 3, Denisovan: 1
Pan 70 Pan paniscus: 10, Pan troglodytes: 60
(Chimpanzee)
Gorilla 31 Beringei graueri: 3, Gorilla gorilla: 28
Pongo 10 Pongo pygmaeus: 5, Pongo abelii:5
(Orangutan)

Counts of each species used in the analysis are listed along with the breakdown of the

number of individuals for each subpopulation included for a given species.

Assembling Gene List

Genes associated with three phenotypic adaptations in modern humans were

considered: bipedalism, neurodevelopment, and integumentary system development. As a

comparison set, a list of housekeeping genes, genes with a low Gini coefficient (160), are

used as the control set. For the phenotype of bipedalism, genes that are associated with

gene ontology (GO) (161,162) terms “skeletal system development” and “cartilage

development” were used. For the phenotype of changes in neurodevelopment, any genes

falling into the GO category for cognition were included. To test for adaptation in the

integumentary system, genes that fall in the GO categories “skin development” and

“epidermal development” along with genes in the epidermal differential complex (163).
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Statistical Methods

A Chi-Square analysis between each gene set of interest with the housekeeping
set of genes as a control is undertaken. Both the numbers of nonsynonymous and
synonymous sites are counted in order to account for differences in the number of genes
per set and the total length of a gene.
Potential Distribution of Evolutionary Probabilities

The set of sites where modern humans have a derived substituted amino acid, and
all other non-human primates have the ancestral amino acid was used as the set of
interest. As a comparison null distribution, a set of invariant sites where modern humans
and non-human primates all share the same amino acid is also assembled. For each site in
each set, all possible mutations for that site are simulated to calculate the evolutionary
probability for each possible mutation and the average for all potential mutations is
recorded. As an example, if in the ancestral state has a codon AAG coding for lysine, this
a mutation in this codon in each of the three base pairs could mutate to seven possible
amino acids (due to redundancy in the third position). At this position in the protein, the
EP can be calculated for each of those possible amino acids that can potentially occur due
to a single mutation in the ancestral codon. The EP values are then averaged for this
amino acid position.
Identification of Genes Under Selection Using ABSREL

Multiple sequence alignments (MSAs) of primate species were assembled from
Ensembl release 106 (71,164,165). Ensembl used the EPO pipeline to align primate
genomes. For this analysis, genes were retained if orthologous genes could be identified

in each of the primate genomes. Genes must also be able to be associated with a REFseq
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ID for which there are EP values leaving 4438 genes. To identify genes under positive
selection on the hominin branch, aBSREL (166) from the HYPHY suite of selection
analyses was utilized (167). For each gene tested, the gene tree was estimated using
RAXML (79) using a general time reversible model with a gamma distribution (GTR+T").
aBSREL was run with the default parameters using the hominin branch as the foreground
branch to be tested. Using an error filter BUSTED-E (168), sites that had extreme omega
values were removed from the estimation for genes under selection.
Gene Enrichment Analysis

Gene Set Enrichment Analysis (GSEA) (169,170) was performed to identify
overlaps between positively selected genes and the Hallmark Gene Set. The identified
gene set overlaps were compared to those identified using Panther (92) Gene Ontology

statistical overrepresentation test (93).

Results
Examination of Dataset Reveals That the Majority of Genes Only Have One
Substitution.

Sites that differ between non-human primates and modern humans are identified across
the genome using the 1k Genome Project dataset along with the Great Ape Project dataset. Since
coverage varied across each of the sequencing projects and it is crucial that loci that are truly
fixed for the reference are identified, sites that fall into low coverage and noncallable regions are
excluded from the analyses. Criteria used for filtering of the sites exclude sites where modern
humans are polymorphic above a threshold (MAF > 0.001) for a given allele, and chimpanzees,
orangutans, and gorillas are not all fixed for the ancestral allele. Both chimpanzees and

orangutans have two species included (Pan paniscus & Pan troglodytes, Pongo abelii & Pongo
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pygmaeus), so the site was retained as long as one of the two populations was fixed for the
ancestral allele within the species allowing for the other species to have low coverage at that site.
In modern humans, 17680 substituted sites were identified in the protein coding regions,
with 7287 of these sites creating a nonsynonymous change and 10393 yielding a synonymous
change. For the 18819 genes utilized in the analysis for which there are EP calculations, the
majority of genes had just a single substitution for the entire gene (Figure 13A). However, the
largest number of substitutions per gene was 22 substitutions for CCDC168, which is a protein

coding gene for a transmembrane protein (Figure 13B).
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Figure 13. Distribution of substitution counts per gene.

Of the derived nonsynonymous substitutions identified in modern humans, the
corresponding gene was identified. Plotted are the substitution counts per gene (A, B).
Figure 13B is a closeup of the y-axis in Figure 13 A, highlighting the genes with the
largest number of substitutions per gene (B). The highest number of substitutions per

gene was twenty-two for CCDC168.

The Majority of Substitutions Occur via Novel Amino Acids on the Hominin Branch.
For most nonsynonymous substitutions, humans have the low EP amino acid

while all other non-human primates have the high EP amino acid (Figure 14). This is
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indicative of the non-human primates having the ancestral allele at this site with humans
having a derived substitution yielding a novel amino acid for the given site. A smaller
percentage of substitutions occurred between two low EP amino acids yielding AEP
values close to zero. One explanation for these sites is that these sites are in regions of the
genome where mutations are more tolerable, and several different amino acids can exist
at the focal site. The smallest proportion of sites in humans are substitutions where
humans have the high EP amino acid with non-human primates have the low EP amino

acid.
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Figure 14. Distribution of AEP values for fixed coding changes in modern humans.

For every nonsynonymous site where humans and non-human primates differ, the
evolutionary probability was estimated. For modern humans the MAF had to be below
0.001, allowing for errors in the calls for low frequency sites. For each chimpanzee and
orangutan, sites were retained as long as at least one of the two species (Pan paniscus

or Pan troglodytes, and Pongo abelii or Pongo pygmaeus) had the ancestral allele.
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It is expected then that substitutions in chimpanzees should follow the same
pattern with most fixations on the chimp branch yielding very low EP amino acids in
comparison to high EP ancestral amino acid. This is found to be the case with the vast
majority of substitutions on the chimpanzee lineage being towards low EP amino acids
(Appendix C Figure 25). All substituted sites where chimpanzees have a derived allele
while modern humans and other primates all have the ancestral allele were identified
yielding 17255 total sites in the coding region with 6983 of these sites being
nonsynonymous and 10272 yielding synonymous changes. However, it should be noted
that on the chimpanzee branch there is a slightly larger proportion of high EP amino acid
substitutions, still as a minority of sites. This is likely due to bias in evolutionary
probability estimates as chimpanzees are included in the vertebrate tree when calculating

these probability values.

Comparison of Observed AEP to Expected, Simulated AEP Distributions Show
Differences Which may be Indicative of Sites Under Selection.

To identify whether the observed distributions of AEP values of substitutions in
modern humans reflects what is expected, an expected distribution is generated. This
distribution is based on the ancestral state at each amino acid position and all
corresponding possible mutations at that position. For each of these potential amino acids
the probability of that amino acid at that loci are calculated and averaged for the entire
site. With these values, the observed AEP of the derived substituted amino acid in modern

humans can be compared with the expected average AEP value from all possible
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mutations. Depending on the ancestral state probability, several different hypotheses can
be tested.

First, a comparison between sites where both the ancestral and substitute, derived
amino acid are both found with similar probability yielding a AEP near zero is
undertaken. Sites were restricted to just those where the ancestral amino acid has a
probability of at least 0.2 to ensure that these are not cases where both the ancestral and
derived are not found anywhere else in the phylogeny. The expectation is that if a
mutation is tolerated at these sites due to lower conservation rates, then random mutations
should yield amino acids with similar EP values. However, the results show that random
mutations simulated at these sites yield more forbidden amino acids occurring by chance
than appear observed substituted in humans (Appendix C Figure 26). One explanation for
the increased number of the substituted sites found with a high EP value in modern
humans is that these sites may have rose in frequency to fixation due to selection at these
sites, however, these sites fixing due to genetic drift alone cannot be ruled out.

Another comparison that can be tested with simulated expectation data is whether
the observed data matches what is expected when the ancestral amino acid is preferred at
a site. Simulating the potential mutations for sites where the substituted derived amino
acid has a low EP (negative AEP sites), yields a similar distribution to the observed AEP
values with no significant difference between the distributions (Appendix C Figure 27).

Additionally, an analysis was undertaken simulating potential mutations for loci
where the ancestral amino acid is less likely while the derived, fixed amino acid is
preferred (meaning it yields a positive AEP value). Of the total 168 loci where the derived

substituted yielded a positive AEP value, most of these sites (134 loci) had an ancestral
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amino acid and the derived amino acid with EP values higher than 0.2. Again, the
analysis was restricted to these sites that moderate probability to ensure that there would
be possible amino acids to switch between versus a single amino acid dominating the
phylogeny. The expectation is that if these sites are less conserved then multiple amino
acids would be permissible yielding similar probabilities. However, if the average EP
value for a random mutation yields a low EP amino acid, then these would be candidates
of positive selection.

As these are sites where there is an observed positive AEP value, primates would
have to have an ancestral amino acid that is not very likely, and there must be at least one
high EP amino acid at that site achievable by a single mutation. If most other amino acids
are at low EP, then the average AEP should be negative or near zero. However, if there
are several permissible amino acids then the average would skew above zero. The results
that most loci yielded simulated AEP values below zero, skewing the distribution left to
the observed one (Figure 15). This indicates that for most of these sites, there is just one
likely amino acid which has become fixed in modern humans whereas all other non-
human primates have the low EP amino acid. These sites are then possible candidates of
being under positive selection as the more evolutionary likely amino acid is becoming
fixed in the human lineage.

These are all comparisons of sites where modern humans and other non-human
primates differ. However, comparing sites where amino acids are conserved across
primate phylogeny allows for identification of the distribution of possible mutation
effects where there are not known mutations in primates. The expectation here would

be that most sites would have the highest probability amino acid with all other potential
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mutations yielding less likely amino acids. Comparing the distributions observed for
sites fixed in modern humans to the distribution of potential mutations at invariant sites
across all primates, the majority of sites are fixed for the highest EP amino acid with

very few even having multiple permissible amino acids (Figure 16).
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Figure 15. Simulated and Observed EP values for low EP ancestral amino acids.

All loci where the ancestral amino acid and substituted derived amino acid yield a
positive AEP value, a random mutation in the ancestral amino acid codon is simulated
and the EP values from every possible single mutation is calculated. Blue distribution
represented the simulated AEP values from a single mutation to the ancestral codon
whereas the orange distribution is the true AEP values observed based on the derived

fixed amino acid in modern humans.
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Figure 16. Simulated AEP values for invariant sites in primates.

For all invariant sites where all primates share the same allele (sites with missing data
in any of the populations is excluded), all potential mutations are simulated to calculate
the average AEP for a given loci based on potential amino acids that can occur with a

single mutation to the ancestral amino acid.

Commonly Identified Phenotypic Traits of Adaptation in Humans do not Show any
Significant Difference in AEP Values.

For each site, its corresponding gene was identified using REFseq annotation.
Using the identified gene region for each site allowed for the comparison of the
distribution of EP values for each of the three gene sets of interest: cognition,
integumentary system, and musculoskeletal development associated with bipedalism.
Each gene set was identified using Gene Ontology and literature searches for traits of

interest. To identify whether the sites in these genes are under selection, the distribution
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of probability values is compared to sites from a presumed neutral set of genes. In this
case, the control set were genes identified as housekeeping genes which are predicted to
be conserved across phylogeny. The housekeeping genes were identified based on Gini
coefficient values (160). For each gene set, the distribution of AEP values was plotted
with all three gene sets showing a similar pattern with a peak at -1 (Figure 17). This
corresponds to sites where modern humans have the low EP derived allele and non-
human primates have the ancestral, high EP allele. Additionally, the housekeeping genes
had a similar distribution of AEP values with a peak around the extreme negative AEP
values.

To test whether any of the three test gene sets had enrichment for either negative
or positive AEP values, the number of nonsynonymous and synonymous substitutions
were counted for each of the test sets and the control set of housekeeping genes. The
number of synonymous substitutions acts as the control for rates of substitutions across
each of the genes along with controlling for differences in gene lengths. If a test gene set
would have significantly more negative AEP substitutions than expected given the
distribution of the control set, then the adaptations are occurring via novel amino acids.
Conversely, if there is significant difference in positive AEP counts, then adaptation is
occurring by returning to a more stable amino acid. If neither, positive nor negative AEP
counts are significantly different for a test gene set, then signals of adaptation were not
found.

For negative AEP, for each of the comparisons the gene set was not significantly
different from the housekeeping set using a Chi Square analysis (Cognition p-value: 0.75,

Integumentary System p-value: 0.72, Bipedalism p-value: 0.51) (Table 4). For positive
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AEP, each of these comparisons using a Chi-Square analysis was also not significant
between the gene set of interest and the housekeeping genes (Cognition p-value: 0.99,
Integumentary System p-value: 0.12, Biped p-value: 0.43) (Table 5). While there are
many more negative AEP fixed sites than positive, there was no difference in the
distribution for any of the three test sets and the control set indicating there is no evidence

of selection on any of these three test gene sets.
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Figure 17. Distribution of AEP values for each of the three gene sets and the control
housekeeping gene set.

Each nonsynonymous substituted site was annotated with the gene in which it fell.
Using GO terms for cognition, skin development, and skeletal system development,
lists of genes for the three categories of interest were assembled. For housekeeping
genes as a control, genes with a low Gini coefficient that are conserved across species
were assembled. Distributions of AEP for sites that fell within each of the four gene set

categories are plotted in a violin plot.
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Table 4. Counts of fixed, negative AEP alleles between human and non-human primates.

Cognition | Integumentary | Bipedalism | Housekeeping
System
Nonsynonymous | 91 73 42 951
Synonymous 241 119 79 1886

Counts of nonsynonymous and synonymous fixed sites that yield negative AEP values for

each of the test gene sets in addition to the control housekeeping gene set.

Table 5. Counts of fixed, positive AEP alleles between human and non-human primates.

Cognition Integumentary | Bipedalism | Housekeeping
System
Nonsynonymous 4 2 2 40
Synonymous 241 119 79 1886

Counts of nonsynonymous and synonymous fixed sites that yield positive AEP values for

each of the test gene sets in addition to the control housekeeping gene set.

No Evidence of Enrichment of Substituted Sites for Genes ldentified to be Under

Positive Selection.

Genes where the hominin branch was identified to be under positive selection
were identified using aBSREL. Of the 4438 genes for which there were primate
alignments available after filtering, 31 genes were identified to be under positive
selection on the hominin branch (Appendix C Table 14). Of these 31 genes, there is an

enrichment for gene sets associated with ammonium including ammonium homeostasis
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and ammonium transmembrane transport along with the Rh blood group pathway
(Appendix C Table 15). Only 11 nonsynonymous derived substitutions on the hominin
branch are found in the 31 positively selected genes (Appendix C Table 16). The 11 fixed
differences on the hominin branch are found across 6 of the positively selected genes:
RADS54L, BBS12, MSH4, PIGR, FAM161A, and APLF. The distribution of AEP values
for the substitutions found in the positively selected genes in comparison the substitutions
of the genes not found to be under positive selection are not significantly different

(Appendix C Figure 28).

Discussion

Thousands of sites are found where there is a substitution on the hominin branch
in comparison with the non-human primates in the phylogeny which aligns with previous
results (57,154). These sites represent mutations that change the protein coding sequence,
and thus can create a functional impact potentially affecting the phenotype. Here, we
analyze the evolutionary probability of the sites to determine whether the mechanism of
adaptation can be elucidated: adaptation arising by novelty or stability. We find that a
small number of sites are instances where humans have a derived mutation that creates a
low EP amino acid which transitioned from an equally unlikely ancestral amino acid
found in the other non-human primates. This could be indicative regions of relaxed
selection with lower conservation on these amino acids. This would mean the sites are
better able to handle novel amino acids (171,172) with some previous literature
supporting relaxed selection as a mechanism for phenotypic adaptation in humans

(173,174). However, when random mutations are simulated at these sites, we found that a
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random mutation is more likely to yield a less permissible amino acid whereas we
observe a more likely permissible amino acid in modern humans. Both non-human
primates and humans have two different low EP amino acids meaning either these sites
are pushed to fixation due to genetic drift by some random chance or there is a potential
for these sites to have been fixed due to selection.

While these sites made up a small fraction of the discovered mutations, the largest
number of substitutions are instances where the derived amino acid in modern humans
has low EP whereas the ancestral state found in all other non-human primates has a high
EP amino acid. This is perhaps expected as the ancestral allele shared across non-human
primates would be much older and more likely to be shared widely across the vertebrate
phylogeny (14). This means for modern humans that at some point since the common
ancestor to chimpanzees there was a mutation to a novel amino acid which is now carried
by all modern humans. This indicates that most substitutions in the coding region is
occurring due by way of novel amino acids arising in the population which then become
fixed in the lineage. Of the sites that become fixed in modern humans, a subset of these
are neutral or weakly deleterious mutations being fixed due to genetic drift. As the
majority of de novo mutations are weakly deleterious, this is likely a large subset
especially if the mutation is only very weakly deleterious (8,175,176). Of the
substitutions identified in modern humans, most of the mutations are also found in all
four genomes of archaic humans indicating the mutation arose prior the speciation
between archaic and modern humans estimated around 0.9 — 1.4 million years ago
(94,177,178). For thirty of the derived amino acid substitutions in modern humans do all

four archaic genomes have the ancestral amino acid shared with all other non-human
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primates which indicates the derived mutation arose more recently (Appendix C Figure
29). Another forty sites are found polymorphic in the four archaic human populations.
This is indicative of more complex demographic history such as these sites being
polymorphic in the common ancestor of archaic and modern humans or arising due to
gene flow between the populations.

Having identified several thousand fixed, derived alleles on the hominin branch,
we looked at the probability of the corresponding amino acid for these mutations. As the
question was to identify the mechanism of adaptation, the sites that fell into three distinct
gene tests were compared to a control set of housekeeping genes. The test sets were genes
associated with phenotypes of increased cognition, integumentary development, and
changes in the musculoskeletal system for manipulation and bipedalism (155-158). We
found that there appears to be no significant difference between the distribution of each
of the test gene sets with the control set of housekeeping genes. The housekeeping genes
are predicted to be well conserved across the phylogeny and crucial to function (160) yet
across all four gene sets have approximately the same distribution of nonsynonymous to
synonymous substitutions. While most substitutions on the hominin lineage are arising
due to novel amino acids as compared to the vertebrate tree, these substitutions do not
appear to correspond directly with gene sets associated with common evolutionary
phenotypes in modern humans.

To disentangle any biases introduced through selection of the test gene sets, genes
under selection were also identified using aBSREL (166). Since the majority of
substitutions were found to yield novel amino acids on the hominin branch, we can test

whether a drop in evolutionary probability is a property of in the rapid evolution of genes.
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To do this, we used the measure of dN/dS to identify genes where positive selection was
detected specifically on the hominin branch. However, of the 31 genes identified to be
under positive selection, only 11 substitutions appeared in 6 of those 31 genes. Thus,
there was no evidence of an enrichment of substituted sites in genes identified to be under
selection on the hominin branch.

While there was no evidence of clear candidates of adaptation in the pool of
substitutions identified in modern humans, there were several thousand substitutions
identified that were found in both modern and archaic humans that arose. A further
direction would be to further analyze these sites using other methods of variant prediction
to better understand the effects of these mutations on the gene function (116,179). In
addition, regulatory variation has been identified as being another mechanism of
adaptation (154) and further work needs to be done to identify substitutions in the
regulatory regions which can then be better characterized (180,181). The issue of
identifying the causative mutations of adaptation in modern humans and attempting to
better understand the mechanism by which these mutations are arising clearly needs to be
approached from both a protein coding and regulatory perspective. While the phenotypic
changes in modern humans are clear, the mechanism by which these changes have
occurred are still not understood and further work characterizing the substitutions

between modern humans and non-human primates may elucidate the issue.
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APPENDIX A

SUPPLEMENTAL MATERIAL FOR CHAPTER 2

Table 7. AEP measures for fixed and polymorphic alleles.

Negative AEP Positive AEP
Measure Fixed (%) Polymorphic (%)|Fixed (%) Polymorphic (%)
Count 29348 (13.0%)|195747 (87.0%) 6941 (60.2%)[4585 (39.8%)
Mean frequency |1 0.025 1 0.096
Mean Ancestral EP|0.714 0.848 0.122 0.249
Mean Derived EP |0.052 0.017 0.602 0.515
Mean AEP -0.663 -0.832 0.480 0.266

Based on maximum-likelihood rooting estimates of ancestral alleles (see Figure 1 for

values based on Ensembl rooting). Simulated mean AEP was calculated for each SNP by

considering all possible non-synonymous mutations and the corresponding EP value for

the resulting amino acid in proportion to their mutation probabilities based on empirical

estimates. 95% confidence intervals on the mean, determined by bias-corrected bootstrap,

are given in parentheses.
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Table 8. Results of simulation-based tests of dispersion of positive AEP SNPs.

Observed Estimated
Mean Mean probability of
SNP Mean Observed | simulated | simulating
# Density / | simulated | Variance | variance variance higher

Chr | Genes | bp density in Density | in density | than observed

1 1849 | 0.00035 0.00034 1.21E-06 | 3.50E-07 0

2 1134 | 0.0003 0.0003 1.45E-06 | 2.72E-07 0

3 1000 | 0.00027 0.00027 8.35E-07 | 2.39E-07 0

4 695 0.00039 0.00039 1.70E-06 | 3.75E-07 0

5 815 0.00043 0.00043 2.49E-06 | 4.10E-07 0

6 950 0.00026 0.00025 6.85E-07 | 2.69E-07 0

7 807 0.00038 0.00038 1.75E-06 | 3.65E-07 0

8 603 0.00038 0.00039 1.93E-06 | 3.70E-07 0

9 701 0.0004 0.0004 1.67E-06 | 3.81E-07 0

10 667 0.00035 0.00036 1.67E-06 | 3.25E-07 0

11 1207 | 0.00055 0.00055 2.87E-06 | 5.76E-07 0

12 965 0.00025 0.00026 6.31E-07 | 2.47E-07 0

13 299 0.00023 0.00023 5.37E-07 | 1.95E-07 0

14 551 0.00023 0.00024 4.00E-07 | 2.27E-07 0

15 517 0.00021 0.00022 3.47E-07 | 1.83E-07 0

16 744 0.00057 0.00057 4.37E-06 | 5.82E-07 0

17 1052 | 0.00043 0.00043 1.80E-06 | 4.31E-07 0

18 251 0.00023 0.00023 3.11E-07 | 1.99E-07 0.055

19 1296 | 0.00076 0.00076 4.32E-06 | 7.38E-07 0

20 506 0.00035 0.00035 9.00E-07 | 3.99E-07 0

21 205 0.00064 0.00065 5.66E-06 | 9.64E-07 0

22 395 0.00049 0.00049 1.74E-06 | 4.78E-07 0
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Table 9. Gene ontology results

Fold Raw P
Panther Pathways Observed |Expected |[Enrichment |Value FDR
Plasminogen activating
cascade 4 0.06 64.59 9.14E-07 |7.31E-05
Blood coagulation 6 0.17 35.81 3.33E-08 |5.32E-06
Fold Raw P
GO Biological Process Observed |Expected |[Enrichment |Value FDR
plasminogen activation 3 0.04 74.87 1.62E-05 |1.82E-02
blood coagulation, fibrin clot
formation 5 0.09 57.19 6.10E-08 (3.19E-04
protein activation cascade 5 0.09 52.79 8.68E-08 |3.40E-04
blood coagulation 7 0.63 11.11 4.08E-06 |7.11E-03
coagulation 8 0.64 12.55 3.30E-07 [1.04E-03
hemostasis 7 0.65 10.80 4.89E-06 |6.97E-03
positive regulation of
heterotypic cell-cell adhesion |3 0.05 54.90 3.60E-05 |3.32E-02
acute-phase response 6 0.15 39.22 2.03E-08 [3.18E-04
acute inflammatory response |7 0.3 23.43 3.39E-08 |2.65E-04
platelet aggregation 4 0.16 25.54 2.54E-05 |2.65E-02
cell-cell adhesion 10 1.98 5.06 3.02E-05 [2.96E-02
negative regulation of
endopeptidase activity 8 0.9 8.86 4.10E-06 |6.43E-03
regulation of endopeptidase
activity 10 1.54 6.51 3.54E-06 [6.95E-03
regulation of peptidase
activity 11 1.65 6.68 8.55E-07 [1.91E-03
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Table 9. (continued)

Fold Raw P
GO Biological Process Observed |Expected |[Enrichment |Value FDR
regulation of proteolysis 14 2.71 5.17 4.91E-07 |1.28E-03
negative regulation of
peptidase activity 8 0.94 8.55 5.29E-06 |6.91E-03
negative regulation of
proteolysis 9 1.26 7.16 5.33E-06 [6.43E-03
Fold Raw P
GO Molecular Function Observed |Expected |[Enrichment |Value FDR
serine-type endopeptidase
inhibitor activity 6 0.37 16.31 2.52E-06 |2.51E-03
endopeptidase inhibitor
activity 8 0.67 12.00 4.57E-07 |1.14E-03
endopeptidase regulator
activity 8 0.72 11.15 7.81E-07 |9.72E-04
peptidase regulator activity |9 0.86 10.51 2.46E-07 |1.22E-03
peptidase inhibitor activity |8 0.69 11.56 6.01E-07 |9.96E-04
protease binding 6 0.51 11.68 1.57E-05 |1.30E-02
Fold Raw P
GO Cellular Component |Observed |Expected |Enrichment |Value FDR
fibrinogen complex 4 0.03 > 100 7.75E-08 |1.98E-05
extracellular space 26 12.49 2.08 1.41E-04 |1.92E-02
extracellular region 30 16.01 1.87 3.16E-04 |3.23E-02
endocytic vesicle lumen 3 0.08 37.43 9.97E-05 |1.57E-02
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Table 9. (continued)

Fold Raw P
GO Cellular Component |Observed [Expected |[Enrichment |Value FDR
platelet alpha granule lumen |7 0.24 28.68 9.23E-09 |3.77E-06
platelet alpha granule 7 0.33 21.12 6.62E-08 |1.93E-05
secretory granule 13 3.2 4.06 1.75E-05 |2.98E-03
secretory vesicle 13 3.83 3.40 1.07E-04 |1.57E-02
secretory granule lumen 12 1.17 10.29 2.56E-09 |1.74E-06
cytoplasmic vesicle lumen |12 1.18 10.20 2.83E-09 |1.45E-06
vesicle lumen 13 1.18 10.98 2.43E-10 |2.48E-07
blood microparticle 13 0.52 24.78 1.43E-14 (2.93E-11
endoplasmic reticulum
lumen 11 1.14 9.62 2.46E-08 |8.38E-06
collagen-containing
extracellular matrix 11 1.58 6.96 5.79E-07 |1.31E-04
extracellular matrix 11 2.09 5.25 8.22E-06 |1.68E-03
external encapsulating
structure 11 2.1 5.24 8.35E-06 |1.55E-03
extracellular exosome 19 7.65 2.48 1.52E-04 |1.94E-02
extracellular vesicle 19 7.73 2.46 1.75E-04 |2.10E-02
extracellular membrane-
bounded organelle 19 7.74 2.46 1.76E-04 |1.89E-02
extracellular organelle 19 7.74 2.46 1.76E-04 |2.00E-02
Fold Raw P
Panther Protein Class Observed |Expected |[Enrichment | Value FDR
protease inhibitor 6 0.48 12.57 1.05E-05 |2.06E-03

102




Table 9. (continued)

Fold Raw P
Reactome Pathways Observed |Expected |[Enrichment |Value FDR
LDL remodeling 2 0.02 91.51 3.59E-04 |2.98E-02
Plasma lipoprotein
remodeling 3 0.12 25.74 2.76E-04 |2.38E-02
Plasma lipoprotein assembly,
remodeling, and clearance |4 0.24 16.39 1.29E-04 |1.29E-02
GRB2: SOS provides linkage
to MAPK signaling for
Integrins 4 0.05 78.43 4.71E-07 |2.35E-04
Integrin signaling 4 0.09 42.23 4.08E-06 |1.02E-03
Platelet Aggregation (Plug
Formation) 4 0.14 28.90 1.61E-05 |3.35E-03
Platelet activation, signaling
and aggregation 9 0.95 9.50 5.57E-07 |1.98E-04
p130Cas linkage to MAPK
signaling for integrins 4 0.05 73.21 5.95E-07 |1.85E-04
Regulation of TLR by
endogenous ligand 4 0.08 52.29 1.91E-06 |5.29E-04
MyD88 deficiency (TLR2/4) |3 0.06 48.44 5.01E-05 [5.94E-03
Diseases associated with the
TLR signaling cascade 3 0.11 26.57 2.53E-04 (2.34E-02
Diseases of Immune System |3 0.11 26.57 2.53E-04 (2.43E-02
IRAK4 deficiency (TLR2/4) |3 0.07 45.75 5.83E-05 [6.60E-03
Common Pathway of Fibrin
Clot Formation 3 0.08 37.43 9.97E-05 |1.08E-02
Formation of Fibrin Clot
(Clotting Cascade) 5 0.14 35.19 5.35E-07 |2.22E-04
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Table 9. (continued)

Fold Raw P
Reactome Pathways Observed |Expected |[Enrichment |Value FDR
Signaling by high-kinase
activity BRAF mutants 4 0.13 31.37 1.20E-05 |2.71E-03
Oncogenic MAPK signaling |4 0.3 13.39 2.71E-04 (2.42E-02
MAP2K and MAPK
activation 4 0.14 28.16 1.77E-05 |3.40E-03
Signaling by RAF1 mutants |4 0.15 27.45 1.95E-05 |3.23E-03
Post-translational protein
phosphorylation 10 0.39 25.66 1.39E-11 |3.47E-08
Signaling downstream of
RAS mutants 4 0.16 24.4 3.00E-05 |4.67E-03
Signaling by RAS mutants |4 0.16 24.4 3.00E-05 |4.15E-03
Paradoxical activation of
RAF signaling by kinase
inactive BRAF 4 0.16 24.4 3.00E-05 [4.39E-03
Signaling by moderate
kinase activity BRAF
mutants 4 0.16 24.4 3.00E-05 [3.93E-03
Regulation of Insulin-like
Growth Factor (IGF)
transport and uptake by
Insulin-like Growth Factor
Binding Proteins (IGFBPs) |10 0.45 22.14 5.43E-11 |6.76E-08
Platelet degranulation 9 0.46 19.45 1.54E-09 |1.28E-06
Response to elevated platelet
cytosolic Ca2+ 9 0.48 18.72 2.12E-09 |1.32E-06
Signaling by BRAF and
RAFI1 fusions 4 0.23 17.16 1.09E-04 |1.14E-02
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Table 9. (continued)

Fold Raw P
Reactome Pathways Observed |Expected |[Enrichment |Value FDR
Integrin cell surface
interactions 5 0.31 16.34 1.80E-05 (3.21E-03
Binding and Uptake of
Ligands by Scavenger
Receptors 4 0.37 10.77 6.01E-04 |4.83E-02
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Table 9. Fst Values across AEP spectrum of values.

AEP | Africa vs Eurasia | Europe vs Asia Great Britain vs Italy
-0.95 |0.5615 0.5254 0.4913
-0.85 | 0.5416 0.5249 0.5097
-0.75 | 0.5388 0.5219 0.5112
-0.65 | 0.521 0.5344 0.5106
-0.55 | 0.5209 0.5211 0.5003
-0.45 | 0514 0.511 0.4985
-0.35 | 0.4986 0.5182 0.5173
-0.25 | 0.5178 0.4934 0.4936
-0.15 | 0.5085 0.5328 0.4928
-0.05 | 0.511 0.5223 0.4485
0.05 0.5076 0.5423 0.5211
0.15 0.5052 0.5544 0.4942
0.25 0.479 0.5825 0.5861
0.35 0.4844 0.532 0.5286
0.45 0.4902 0.547 0.4228
0.55 0.5889 0.5955 0.4614
0.65 0.5295 0.4961 0.4488
0.75 0.5159 0.6301 0.5388
0.85 0.4205 0.4204 0.4972
0.95 0.5693 0.4416 0.5675

Mean Fst rank value for UK10K SNPs in AEP bins for three population contrasts. Values
are for SNPs that are in the UK10K sample and occur with at least 10 derived alleles in
the pooled populations of the contrast. For each AEP SNP the observed Fst was ranked

against that for control alleles of the same derived allele frequency.
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Table 10. Statistical power for detecting excess heterozygosity.

Selection Coefficient

Probability of rejecting null
hypothesis at false positive
rate of 0.05

0.0 0.0485
0.0001 0.0545
0.0002 0.0560
0.0005 0.0615
0.001 0.0830
0.002 0.136
0.005 0.417
0.01 0.870
0.02 1.0
0.05 1.0

0.1 1.0
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Figure 18. Distributions of derived polymorphism frequency in UK10K.

Distribution of derived allele frequency for each AEP bin from —1 to +1 in 0.1
increments. Derived allele frequency ranges from singletons (1 copy of the derived
allele) to 7241 copies (only one copy of the ancestral allele). The majority of sites are

found at low frequencies across all bins.
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APPENDIX B
SUPPLEMENTAL MATERIAL FOR CHAPTER 3

Supplemental Methodology. Time of Coalescence Estimator Modification

Time of coalescence, t., is calculated as a maximum likelihood based on the rates
of recombination and mutation in combination with the maximum shared haplotype, msh,
as determined by the shared haplotypes tract surrounding a focal allele in a population of
genomes. This is described in Platt et al. 2019. However, in the case of missing data due
to only sequencing the coding regions, the msh may start or end due to mutation or
recombinational events in the intronic or intergenic regions. In the case of exome
sequence data, the dataset is missing mutations between the exons. Since this data is
missing, the end of the shared haplotype would not be identified until the next closest
exon. To attempt to mitigate this issue, we have implemented a modified version of the
time of coalescence estimator. In this modified version, since the haplotype will always
end due in an exon due to the sequencing data type, instead we estimate that this shared
haplotype ended somewhere in the non-sequenced region. To do this, the maximum
shared haplotype is measured as a random distance between the exon where the
haplotype was found to end and the next closest exon to the focal mutation. With
modified msh value assigned as this random distance, the maximum likelihood estimator

of tc is calculated as normal (50).
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Table 11. Constant population simulation parameters

Parameter Neutral Model Selection Model
Engine msprime Version: 1.2.0 SLiM Version
(132) 4.1
(134)
Model PiecewiseConstant

Piecewise constant size population model over
multiple epochs.

Seed 14
Sample Size (genomes) Varies depending on 5000
analysis:
50, 500, 3621, 5000

Contig Ploidy 2

Sample Time (generation) 0

Contig Length (bp) 50818468.0 (10)

Mean Recombination Rate (per bp 2.1057233894035443e-08

per gen) (77)

Mean Mutation Rate (per bp per gen) 1.29¢-08 (182)

Genetic Map HapMaplIl GRCh38
(77)

Generation Time (years) 30 (183)

Ancestral Population Size 10000 (184)

(individuals)

Distribution of fitness effects (DFE) Gamma_ K17

(135)

The parameters for a simulation of a constant population model with either neutral
mutations or negatively selected mutations. Citations listed for parameters.

Documentation can be found at: https://popsim-consortium. github.io/stdpopsim-

docs/stable/api.html#stdpopsim.PiecewiseConstantSize
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Table 12. Complex population simulation parameters

Parameter Neutral Model Selection Model
Engine msprime Version: 1.2.0 | SLiM Version 4.1
(132) (134)
Model OutOfAfrica 3G09
Three population out-of-Africa. (131)
Seed 14

Sample Size (genomes)

Varies depending on 5000
analysis: YRI:0; CEU:

{50, 500, 3621, 5000}

CHB:0
Contig Ploidy 2
Sample Time (generation) 0
Contig Length (bp) 50818468.0 (10)

Mean Recombination Rate (per bp
per gen)

2.1057233894035443¢-08
(77)

Mean Mutation Rate (per bp per gen)

2.35e-08

(individuals)

Genetic Map HapMapll GRCh38
(77)

Generation Time (years) 25

Ancestral Population Size 7300

Distribution of fitness effects (DFE)

Gamma K17 (135)

The parameters for simulation of an out-of-Africa population model based on Gutenkunst

et al. 2009. Parameters indicated for either neutral mutations or negatively selected

mutations. Documentation for this simulation can be found at:

https://popsim-consortium.github.io/stdpopsim-

docs/stable/catalog.html#sec_catalog_homsap _models_outofafrica 3g09
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Figure 19. Depiction of simulation pipeline.

Pipeline for process of simulating dataset of mutations, extracting true age of

mutations, converting simulations to VCF format and filtering for sites in the exon

regions, and estimating age of sites using three estimators: GEVA, relate, tc.
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Table 13. Summary statistics from three estimators for simple and complex model.

Simple Model Complex Model
WES WGS WES WGS

Estimators | Time Num | Time Num Time Num | Time Num

(hrs) SNPs | (hrs) SNPs (hrs) SNPs | (hrs) SNPs
Relate
(12 8.448 140.616 10.62 162.204
threads) (0.704) | 3981 | (11.718) | 171107 | (0.885) | 9400 | (13.517) | 407286
GEVA 18.62 2672 | 2110.3 120499 | 22.3 3254 | 1530.8 169149
te 65.45 3965 | 3023.5 171876 | 82.52 9314 | 4474.8 406388

Each of the three allele age estimators (Relate, GEVA, t¢) were run on neutral

simulations of the simple constant population size model and the out-of-Africa

expansion population size model for both the whole exome sequences (WES) and the

whole genome sequences (WGS). The time each estimator took to return estimates was

recorded in hours and the number of single nucleotide polymorphisms (SNPs) estimated

for each dataset and method were also recorded. For Relate the actual time taken to run

on 12 threads is recorded in the parentheses for each simulation model. Each estimator

filtered some subset of the sites due to filtering mechanisms of the method as described

in the methods.

113




A

,g 1000000 459 035
.S o000 270
Z RMSLE=099 030
= Bias = 2462.94
5 a0,
2 1000.0 . 025
0] 100.0
2 020
= 10.0
: -0.15
) 10
Z 0.10
) 0 O
) 1 7 -0.05
& 001 i
A opt 10 4p0..n0 0 o0l
oY o} 10 qp! W0l 1@‘)\0&0‘{0@"“
B
PN 1000000 oo 035
g 100000 A=092
£ RMSLE =1.04 030
Bias = 1272.20
5 10000 025
5 5
()
100.0
& 0.20
Q )
é 10.0 015
. 10
2 e -0.10
[0} -~
) 1 -
§ 01 e -0.05
m po1
O ol 4 0 0 il ) 0o o
ot 03 10 100 100015000000 fgue®
C
r=036 1
p=087 025
— i RMSLE = 1.56 i
g 100000.0  gize= — 1522074 0.20
8
5 10000.0
g 1000.0 -0.15
g 100.0
~ *
° 10.0 = o
, B
g 10 2
' : - -0.05
= 01 A
o 001 *
o

L gl A0 o] vl (VPP L
0dr ot 10 4! 00 xﬁaﬁ\oaﬁ‘{aaﬁﬂm

True Mutation Age (generations)

Figure 20. Estimator comparison on WGS data for simple model.

The estimated age of mutations for each of the three estimators Relate (A), GEVA (B),
and time of coalescence (C) were compared to true age values for a simple constant
population simulation. Results are plotted on a log scale with the dotted black line
representing perfect recapitulation of true age values. Pearsons’s r, Spearman’s p,

Root Mean Square Log Error (RMSLE), and Bias are reported for each comparison.
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Figure 21. Estimator comparison on WGS data for complex model.

Estimated age of mutations for each of the three estimators Relate (A), GEVA (B), and
time of coalescence (C) were compared to true age values for a complex demography
simulation. Results are plotted on a log scale with the dotted black line representing
perfect recapitulation of true age values. Pearsons’s r, Spearman’s p, Root Mean

Square Log Error (RMSLE), and Bias are reported for each comparison.
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Figure 22. RMSLE across entire frequency spectrum of mutations.

Sites are binned in one percent frequency bins based on the number of genomes
containing a given derived allele. For each estimator, the root mean square log error
(RMSLE) was calculated for all the estimates that fell within that the given frequency

bin.
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Figure 23. Normalized RMSLE across frequency spectrum for the complex model

Sites are binned in one percent frequency bins based on the number of genomes

containing a given derived allele. For each estimator, the root mean square log error

(RMSLE) was calculated for all the estimates that fell within that the given frequency

bin and the RMSLE for that frequency bin was normalized by the average true age of

the bin.
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Figure 24. Comparison of Relate on samples of 100, 1000, and 10000 genomes

Neutral simulations under both a simple constant population size model and a complex out-
of-Africa expansion population size model were undertaken with the sample sizes of 100
genomes (50 diploid individuals), 1000 genomes (500 diploid individuals), 10000 (5000
diploid individuals, and 100000 (50000 diploid individuals). Relate was run on the
simulations of samples 100, 1000, and 10000 as the simulation with a sample of 100000
genomes was intractable due to large storage and time needs. Points are colored by the
spatial density as calculated from a Gaussian kernel density. Pearson’s r, Spearman’s p,

RMSLE, and Bias are reported for each comparison.
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APPENDIX C

SUPPLEMENTAL MATERIAL FOR CHAPTER 4

3.0

2.5

2.0

Density
—
Ln

1.0
0.5

0.0
-1.0 —0.5 0.0 0.5 1.0

AEP

Figure 25. Distribution of AEP values for fixed coding changes in chimpanzees.

For every nonsynonymous site where chimpanzees differ from all other primates who

share the ancestral allele, the evolutionary probability was estimated.
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Figure 26. Distribution of difference in observed and simulated AEP values for loci

where the ancestral and derived amino acids have a similar EP.

All loci where the ancestral amino acid and substituted derived amino acid have a
similar magnitude EP value above 0.2, a random mutation in the ancestral amino acid
codon is simulated and the EP values from every possible single mutation is calculated.
The difference between the observed AEP value for a site and the average simulated

value for that locus based on the ancestral amino acid is calculated.
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Figure 27. Distribution of difference in observed and simulated AEP values for loci

where the ancestral amino acid is preferred.

All loci where the ancestral amino acid has a high EP but is not above 0.8 to allow for

other potential permissible mutations, a random mutation in the ancestral amino acid

codon is simulated and the EP values from every possible single mutation is calculated.

The difference between the observed AEP value for a site and the average simulated

value for those loci based on the ancestral amino acid is found.
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Table 14. Selected genes identified by aBSREL.

BUSTE
D-E Fraction

# of | filtered of sites Error p- Gene
REFseq ID Sites | Seq | sites filtered | value Chr | Name
NM 001321103 | 1259 | 23 | 46 0.001589 | 0.5 3 SLC4A7
NM_ 002440 937 |22 |94 0.00456 | 0.5 1 MSH4
NM 001352754 | 818 |23 |83 0.004412 | 0.320688 | 2 ARMC9
NM_002644 765 |23 |0 0 0.5 1 PIGR
NM 001142548 | 747 |23 |47 0.002736 | 0.325504 | 1 RADS54L
NM 001038705 | 731 |23 | 101 0.006007 | 0.076402 | 3 GPR149
NM 001178007 | 710 |23 |78 0.004776 | 0.5 4 BBS12
NM 144698 1001 | 14 |39 0.002783 | 0.072364 | 1 ANKRD35
NM 032180 660 |19 |44 0.003509 | 0.5 2 FAM161A
NM 173545 512 |23 |40 0.003397 | 0.478966 | 2 APLF
NM 001319051 | 618 |19 |20 0.001703 | 0.055296 |3 GALNTI15
NM 001297608 | 506 |23 |60 0.005156 | 0.178646 | 4 SPATAI18
NM_ 032009 823 |13 |0 0 0.493819 |5 PCDHGA2
NM_020407 458 |23 |47 0.004462 | 0.209786 | 1 RHBG
NM 001199797 | 434 |22 |25 0.002618 | 0.169249 | 1 PTPN7
NM_ 001496 411 |22 |18 0.001991 | 0.102322 |5 GFRA3
NM 198406 344 |24 |62 0.00751 ]0.111432 |1 PAQR6
NM 052931 331 |23 |30 0.003941 | 0.256328 | 1 SLAMF6
NM 001040260 | 766 | 10 | 31 0.004047 | 0.491673 | 4 DCLK2
NM 001166664 | 273 |22 |0 0 0.390138 | 1 CD244
NM_ 020485 417 |14 |25 0.004282 | 0.5 1 RHCE
NM 001207039 | 262 |19 |21 0.004219 | 0.175376 | 6 ETV7
NM 001329564 | 248 |20 |10 0.002016 | 0.5 5 ZBED3

122




Table 14. (continued)

BUSTE
D-E Fraction
# of | filtered of sites Error p- Gene

REFseq ID Sites | Seq | sites filtered | value Chr | Name
NM 001039211 [ 413 |12 |17 0.00343 | 0.5 1 ATAD3C
NM 001105519 | 201 |23 |0 0 0.5 2 FAM166C
NM 001282870 | 463 |10 |0 0 0.5 1 RHD
NM 018659 136 |22 |5 0.001671 | 0.221835 | 4 CYTLI
NM 001330180 | 253 |11 |O 0 0.5 2 MTERF4
NM_002620 105 |23 |0 0 0.5 4 PF4V1
NM 001243328 {213 |10 |O 0 0.5 6 RAETIE
NM 001320010 | 113 |14 |15 0.009482 | 0.482804 | 1 PYDCS5

Listed genes were identified as being positively selected on the hominin branch utilizing

aBSREL and BUSTED-E filtering pipeline. Sites are identified as being positively

selected based on w calculated as dN/dS.
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Table 15. GSEA results for positively selected genes from aBSREL.

# Genes # Genes in

in Gene Overlap FDR
Gene Set Name Set (K) (k) k/K | p-value | q-value
Ammonium Homeostasis
(GOBP) 6 3 0.5 6.91E-09 | 2.39E-04
Ammonium
Transmembrane Transport
(GOBP) 12 3 0.25 | 7.58E-08 | 8.73E-04
Ammonium
Transmembrane Transporter
Activity (GOMF) 12 3 0.25 | 7.58E-08 | 8.73E-04

Genes identified as positively selected from aBSREL were analyzed for gene set

enrichment for the hallmark set of genes. Three gene sets were identified with significant

overlap between the sets and the 31 positively selected genes. False discovery rate and p-

value for the enrichment analysis are included.
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Table 16. Human substituted sites identified in positively selected genes.

MH MH | MH P P Gene

Position Codon | AA | EP Codon | AA | PEP | Chr | Name AEP
46739041 | TAT |Y 0.5537 | CAT |H |[0.3384 |1 RADS54L | 0.2153
123663637 | TAT |Y 0.0052 | TCT |S |0.4868 |4 BBS12 -0.4816
123663677 | AAC | N 0.0087 | AAG |K |0.7706 | 4 BBS12 -0.7619
123664588 | ATC |1 0.0073 | ACC | T |0.6954 |4 BBS12 -0.6881
123664700 | CAT | H 0.0087 | CAA | Q |0.8773 | 4 BBS12 -0.8687
76349404 | GTT |V 0.0073 | ATT |1 0.9691 | 1 MSH4 -0.9618
207106446 | AAA | F 0.0052 | AAC |V |0.8346 |1 PIGR -0.8294
62067198 | GCT |S 0.1732 | GTT |N [0.6839 |2 FAMI61A | -0.5107
62067465 | TCT |R 0.0116 | TGT |T |[0.5507 |2 FAMI161A | -0.5391
68740752 | ACT | T 0.0021 | GCT | A [0.9595 |2 APLF -0.9574
68753330 | GAG | E 0.0021 | AAG | K [0.9494 | 2 APLF -0.9473

Substitutions on the hominin branch found in any of the 31 positively selected genes are

identified and reported here with the position of the derived mutation, the evolutionary

probability values, the gene name, and the human and primate alleles, codons, and amino

acids. MH refers to modern human for allele (BP), codon, and amino acid (AA). P refers

to the primate allele (BP), codon, and amino acid (AA).
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Figure 28. Distribution of AEP values for substitutions in positively selected genes.

Distribution of AEP values for sites in positively selected genes (blue) and sites in

genes not identified to be under selection (orange).
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Figure 29. Distribution of AEP values for fixed coding changes in archaic humans.

Sites where archaic humans have the ancestral amino acid (shared with non-human

primates) at the loci whereas modern humans have the fixed, derived amino acid.
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