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ABSTRACT 

Discovering the targets of selection in a genome is fundamental for understanding how 

adaptation has affected the biological processes that lead to population and species 

diversity. However, very few variants in proteins are known to be adaptive. For example, 

in humans, fewer than 30 such adaptive missense variants are known. It is surprising that 

in the 5-6 million years since human divergence from chimpanzee so few adaptive 

missense variants would have accumulated, and so it is unclear whether such adaptive 

variants have never occurred or whether current methods cannot detect such changes. Are 

there such adaptive variants in the coding region of the genome? Alternatively, is 

everything found in non-coding regions, which is often largely thought of as “junk DNA”? 

These questions represent a grand challenge in the field of evolutionary biology. This work 

helps to resolve this paradox and shows that there, in fact, may be much more coding 

adaptation that was previously not detectable. We do this by developing and testing the 

idea that long term evolutionary patterns of genomic differences between species can be 

used to identify alleles that affect the fitness of individuals in a population. 

Many methods that aim to detect selection are often limited as to the timescale 

during which they are applicable, e.g., long-term or short-term only. In bridging this gap, 

we build on the Evolutionary Probability (EP) method, a method that uniquely integrates 

long term evolutionary history to provide a probability of observation under neutrality. We 

develop an approach that benefits from the strengths of both types of methods by 
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leveraging long term evolutionary information from EP and short-term evolutionary 

information from population polymorphisms to identify alleles affected by selection. High-

throughput analysis of variation for functional change is not possible given the immense 

sequencing data output that is increasing each day. Thus, we employ an in silico approach. 

We perform simulations of neutral evolution to identify thresholds of neutrality for EP. We 

also analyze various bona fide datasets of both neutral, adaptive, and deleterious variation 

found in humans comprising of hundreds of thousands of individual variants in humans 

alone. 

We find that our approach is reliably able to identify evolutionarily unexpected, 

non-neutral (affected by selection) alleles and requires only sequence alignments. Known 

adaptive variants are successfully identified, and a vast majority of disease variants are 

found to be evolutionarily forbidden underscoring the role of coding variation in human 

divergence as much more than previously thought. In fact, applying our approach across 

the human exome, we find that the amount of adaptation in humans is likely multiple orders 

of magnitude greater than previously believed. A catalog of the discovered candidate 

adaptive polymorphisms is available through an online personal genomics web resource. 

The new approach has also been shown to be generalizable to any sequence alignment, 

given that sufficient evolutionary time has elapsed among the species. Overall, our findings 

offer insight into the adaptive landscape of coding variants in humans, as well as provide 

a look into the role of long-term evolutionary history into generating disease in 

contemporary human populations, prompting a rethinking of the role of adaptation in 

human evolution.
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CHAPTER 1 

INTRODUCTION 

Discovering the targets of selection in a genome is fundamental for understanding how 

adaptation has affected the biological processes that lead to population and species 

diversity. Scans for selection are applied at the species and population level to detect the 

micro- and macro-evolutionary forces that are driving the variation we observe today. 

Methods that aim to detect adaptive variation search for increased rates of functional 

evolution in proteins, unexpected properties of linkage blocks, or patterns of segregation 

in regions of the genome that do not conform to neutral expectations. The number of whole 

genomes and genotype-phenotype associations available to researchers is rapidly 

increasing and provides an unprecedented opportunity for detecting adaptation in humans 

and other species. However, the discovery of adaptive variants has not blossomed with the 

data. Despite a large number of signals of selection any method can generate, statistical 

significance for these signals, as well as for phenotypic associations, has proven 

challenging to achieve, and is further confounded by multiple-testing limitations. 

Biochemical validation of these discoveries is also infeasible or impractical for many of 

these candidate lists. It is important that new methods that aim to detect positional selection 

are targeting viable, functional, variants on which selection can act.  

Evolutionary Probability (EP) is a method to estimate the probability of observing 

any allele at a site for a species under neutral evolution. The method, introduced by Liu et 
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al., uses a Bayesian approach to produce a posterior probability of observation ranging 

from 0 to 1 for each possible allele at a site (e.g., each nucleotide for a DNA sequence, or 

each amino acid for a protein sequence). This method assumes no knowledge of the current 

state (i.e., allele) of the site in the species of interest, and relies solely on the observed 

configuration of alleles at the same site in other species in the sequence alignment. Low 

EP values indicate that an allele is unlikely to be common in a population of the focal 

species, whereas higher EP values indicate that an allele has been acceptable over the long-

term history of species at the given position and may be more likely to be found. Under the 

neutral theory framework, EP can serve as a neutral expectation, against which hypotheses 

of selective pressures can be examined. We perform simulations of neutral evolution to 

create a null distribution which we use to identify non-neutral alleles. We use this to 

successfully identify known adaptive and disease-associated variation in humans from 

multiple independent datasets. 

The human genome is one of the most widely studied, and as such provides many 

independent sources of functional, structural, and evolutionary genomic information. This 

information can be integrated with tests of selection to validate candidate alleles under 

selection. We develop such an approach that combines phylo- and population-genetic 

principles .Contrasting the long-term predictions of selection pressures estimated from EP 

with short term predictions gleaned from population genetic patterns of variation provides 

valuable insight into how long-term evolutionary preferences dictate contemporary 

selection, and how that will contribute to future between-species differences. We use these 

two orthogonal inferences of selection to quantify the amount of positively selected 

variation in populations and differences among species. This integrative approach 

advances beyond the current phylogenomic methods that compare patterns across species, 

but are blind to variation segregating within a given species. It is also distinct from the 

current population genomic methods that utilize patterns of population variation to identify 
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candidate adaptive genes or genetic regions, but do not distinguish specific amino acid 

variants. This approach that we develop in Chapter 2, harnesses both long- and short-term 

evolutionary information to successfully recovers well-established signals of adaptation in 

humans. 

The EP method used in our approach requires the evolutionary relationships and 

divergence times for species present in a sequence alignment, and this information is not 

known with certainty for most datasets. This requirement impedes a general use of the 

original EP formulation. So, in Chapter 3, We analyze a dataset of >18,000 protein-coding 

genes, and evaluate the impact of inferring the relationship among species (topology) and 

divergence times from the sequences only to determine the factors contributing to reliable 

evolutionary probability estimation. We find that an approach that infers species 

relationships and divergence times from the sequence data is able to produce reliable EP 

estimates such that known human missense disease variants were detected as evolutionarily 

forbidden with >95% accuracy relative to inference with known species relationships. 

Further, we identify that any errors that are induced in evolutionary permissibility inference 

are driven by lack of sufficient evolutionary time spanned by sequences in the alignment. 

Robust EP estimates can be produced even when species relationships are inferred solely 

from the data, provided that a dataset with many sequences sampling from a diversity of 

species groups is compiled. 

EP is similar to methods that attempt to detect site-specific evolutionary pressures 

like selection but advances past such methods by uniquely integrating long term 

evolutionary history to provide evolutionary preferences for all possible alleles at sites in 

a sequence alignment. Branch-site methods are one example of such methods that can 

identify sites that have been affected by positive selection. These methods are not designed 

to provide allele-specific preferences of a site and are thus not useful for interpreting 

variation at a site. The methods do, however, have a strong model-based foundation for the 
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inference of selection, and as such can serve as validation for an EP-based method to detect 

non-neutral alleles at a site. Using a list of known adaptive variants in humans, we show 

that, unlike other methods, the EP approach can detect non-neutral variation without 

knowledge of the current state of the site, including and variation segregating in 

populations. 

In Chapters 4 and 5, we analyze >500,000 polymorphic missense alleles reported 

in human proteins, revealing over 18,000 variants that exhibit non-neutral evolutionary 

patterns, thousands of which are found to be strongly associated with a known phenotype. 

These candidate adaptive polymorphism (CAPs) comprise a large catalog of 

polymorphisms that will be interesting to consider in future evolutionary and functional 

analysis of human genomes. 

This work at the intersection of phylogenetics and population genomics is poised 

to scan the undoubtedly vast amounts of whole-genome sequencing data will continue to 

be generated to provide insight into the role of selection in producing diversity, spurring 

disease, and promoting health. .
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CHAPTER 2 

EVOLUTIONARY PROBABILITY APPROACH: AN INTEGRATED 

SELECTION DETECTION FRAMEWORK 

2.1. Introduction 

Over half a million missense variants have been identified in human populations, of which 

a substantial number occurs at significant frequency (> 1%; 33,369 missense variants) 

(Auton et al. 2015). While previous studies have shown the potential for ample adaptive 

coding variation in the human genome (Boyko et al. 2008; Enard et al. 2014), they have 

pinpointed only a few missense polymorphisms to be adaptive (Grossman et al. 2013; 

Hernandez et al. 2011) (Table A.1). It is possible that virtually all of the common human 

missense polymorphisms are either selectively neutral or deleterious (i.e., subject to 

purifying selection), but an alternative explanation is that existing methods lack sufficient 

power to locate adaptive coding variation. Furthermore, population genomic approaches to 

date are typically designed to identify recent selective pressures acting on candidate genes 

or genetic regions that vary within modern human populations, a segment of time that is 

only a minor fraction of the depth of the human lineage. We, therefore, have the opportunity 

to discover thousands of novel adaptive changes by using complementary approaches. 

In this work, we integrate phylo- and population-genomics to discover candidate 

adaptive polymorphisms in the human exome. This integrative approach advances beyond 

the current phylogenomic methods that compare patterns across species, but are blind to 

variation segregating within a given species (Anisimova and Yang 2007; Goldman and 
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Yang 1994; Hurst 2002; Lindblad-Toh et al. 2011; Muse and Gaut 1994; Nielsen et al. 

2005; Peter et al. 2012; Pollard et al. 2006; Shapiro and Alm 2008; Yang and Bielawski 

2000). It is also distinct from the current population genomic methods that utilize patterns 

of population variation to identify candidate adaptive genes or genetic regions, but do not 

distinguish specific amino acid variants (Akey 2009; Akey et al. 2002; Grossman et al. 

2013; Li and Stephan 2006; Moon and Akey 2016; Sabeti et al. 2007; Teshima et al. 2006; 

Voight et al. 2006). Together, evolutionary information from both short and long-term time 

scales is harnessed in our approach 

2.2. Determining Long-Term Evolutionary Expectations 

Our approach exploits the neutral theory framework, where variation arising from long-

term molecular evolution among species informs a null model of observed within-species 

patterns of selectively neutral variation (i.e., no fitness effect) (Kimura 1983) This 

relationship is useful to identify adaptive proteins that deviate from neutral expectations 

and have undergone adaptive evolution (Hudson et al. 1987; McDonald and Kreitman 

1991). In our novel allelic approach, we first capture long-term evolutionary history with 

estimates of the neutral evolutionary probability of observing each of the possible 20 

segregating amino acid residue alleles at a given amino acid position. EP is computed using 

a Bayesian framework and a multispecies alignment; it is an average of posterior 

probabilities weighted by the divergence time of each of the species relative to humans in 

the species timetree used (Liu et al. 2016). The sum of all allelic EPs is 1.0 for each amino 

acid position. Importantly, EP for an amino acid allele at a given protein position is not 

affected by the presence of a consensus base at that position in the human reference genome 

or by the corresponding alleles that segregate in humans, because this information is 

excluded from the multispecies alignment when EP is calculated (Liu et al. 2016). EP of 
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an allele at a given position is, therefore, completely independent of intra-specific variation. 

Under neutral theory, residue alleles with low EP (< 0.05) are not expected to persist within 

populations and are, therefore, predicted to impact function and fitness (Liu et al. 2016). 

Indeed, less than 1% of simulated neutral EPs fall below 0.05 in computer simulations 

(Figure 2.1), where we used the 46 species time tree in Figure 2.2, branch lengths from 

UCSC (Kent et al. 2002; Liu et al. 2016; Murphy et al. 2001; Siepel and Haussler 2005), 

and pyvolve (Spielman and Wilke 2015) to simulate neutrally evolved amino acid 

sequences (See Appendix C.1. “Simulating Neutral EP Values”). 

Figure 2.1: Frequency of human EP-values for residues found at 506,660 neutrally 

evolving simulated sites 
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2.3. Incorporating Short-Term Population Information 

Our simulations showed that EP can serve as a null expectation that predicts the neutral 

probability of observed within-species variation. Contrasting the former against the latter 

produces a direct neutrality comparison, e.g., non-neutral residue alleles with low EP 

(< 0.05) are expected to correspond to missense mutations that are found at low allele 

frequencies (AFs) due to purifying selection (Liu et al. 2016). Consistent with this 

expectation, 91% of disease-associated missense variants in HumVar (Adzhubei et al. 

2010) and > 97% of disease-associated variants found in HGMD (Stenson et al. 2009) have 

low EP (< 0.05) (Figure B.1) and low AF (< 1%). More generally, EP shows agreement 

Figure 2.2: A timetree of 46 vertebrates (Hedges et al. 2015), which was used along with 

alignments of orthologous amino acid sequences for all human proteins (Kent et al. 2002). 
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with observed global AFs calculated from the 1000 Genomes data (Figure 2.3; R2 = 0.83, 

P < 10-15). 

2.4. Defining the Evolutionary Probability Approach 

We used these considerations to build an Evolutionary Probability Approach (EPA) to 

identify adaptive alleles in a population based on deviations from evolutionary 

expectations. When applied to protein sequence variation, such evolutionarily unexpected 

alleles will likely impact protein function, and as such, their occurrence in a population at 

high allele frequencies may be due to adaptive pressures. Therefore, we refer to alleles that 

are evolutionarily unexpected and found at high allele frequencies in a population as 

candidate adaptive polymorphisms (CAPs). Allele frequency thresholds are chosen such 

Figure 2.3: Relationship between EP and AF. Average EP (y-axis) was calculated for 0.05 

sized AF bins (x-axis) for all polymorphic missense alleles in the 1000 Genomes Project 

Phase 3 whole genome sequencing data, which confirms the general relationship between 

EP and AF to be consistent with neutral expectations. The standard deviation is visualized 

with grey lines (averages are in blue), which is expected to be large because contemporary 

AFs are a product of time of origin, natural selection, and genetic drift experienced by a 

mutation.  
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that the empirical probability of observing a CAP for neutral alleles, Pneu, falls below 0.05 

for variants in a dataset (Figure 2.4), representing a significant departure from neutrality. 

EPA is analogous to empirical outlier approaches frequently used in population genomics, 

including those that identify candidate adaptive polymorphisms with metrics like FST or 

Tajima’s D. A critical difference is that we use information from both phylogenomic (EP) 

and population genetics (AF) to identify CAPs, which makes EPA a multi-dimensional 

approach and complementary to available methods.  

We began with the premise that for a given amino acid position, the probability the 

position has been neutral (EP) over long-term evolutionary history (inferred from inter-

species comparisons as described in (Liu et al. 2016)) combined with the orthogonal 

shorter-term intra-specific purifying and directional selective pressures (captured by 

population allele frequency, AF) produces a categorical framework for genome-wide 

variation. This framework distinguishes neutral, potentially deleterious, and potentially 

adaptive variation. The sum of all allelic EPs is 1 at each amino acid position, and residues 

Figure 2.4: Distribution of empirical P-values (−log10) generated from the empirical 

framework (AF | EP < 0.05). The cut-off used to identify CAPs is shown with a dashed red 

line and is more extreme than a false positive rate of 0.05. 
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with low EP (< 0.05) are unexpected under neutral theory (Liu et al. 2016). Thus, the 

developed framework to identify candidate adaptive polymorphisms (CAPs) is: 

Prob(AF | EP < 0.05), and for each allele, calculates a one-sided cumulative empirical 

P-value, Pneu.. 
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CHAPTER 3 

GENERALIZING 

THE EVOLUTIONARY PROBABILITY APPROACH 

FOR WIDESPREAD USE 

3.1. Requirements for Generalization 

The evolutionary probability (EP) method, introduced by Liu et al. (Liu et al. 2016), uses 

a Bayesian approach to produce a posterior probability of observation ranging from 0 to 1 

for each possible allele at a site (e.g., each nucleotide for a DNA sequence, or each amino 

acid for a protein sequence). It requires a multiple species sequence alignment, phylogeny, 

and species divergence times. This method assumes no knowledge of the current state (i.e., 

allele or amino acid) of the site in the species of interest, and relies solely on the observed 

configuration of alleles at the same site in other species in the sequence alignment (see 

Appendix D “Assumptions of the Evolutionary Probability Approach”). Low EP values 

indicate that an allele is not expected to be common at a given site in a population of the 

focal species (evolutionarily forbidden alleles, eForb; EP < 0.05), whereas higher EP 

values indicate that an allele has been acceptable over the long-term history of species at 

the given position and may be more likely to be found (evolutionarily permissible alleles, 

ePerm; EP ≥ 0.05) (Kumar and Patel 2018). Under the neutral theory framework, EP may 

serve as a null expectation for an allele’s frequency in a population, where alleles with high 
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frequencies are expected to be ePerms and those with low frequencies are expected to be 

eForbs. 

The EP approach (EPA) has been applied to analyzing population polymorphisms 

in humans (Patel et al. 2018), and the EP of alleles have been shown to correlate well with 

their population frequencies in the 1000 Genomes Project dataset for humans (Liu et al. 

2016). The EPA is different from traditional methods (e.g., PAML (Yang 2007) and HyPhy 

(Pond et al. 2005) software), because EP does not require measuring the frequency of 

synonymous and nonsynonymous changes. Also, the traditional methods do not use 

population frequency in designating adaptive changes. Thus, the EPA complements other 

methods and provides site-by-site measurement of evolutionary estimates of neutrality of 

alternative alleles, based on multi-sequence alignments without requiring knowledge of 

synonymous changes. Downstream analyses can use EP and incorporate orthogonal 

population level information to further estimate selection pressures.  

An analysis of Mendelian disease associated missense variants in the Human 

Genome Mutation Database (HGMD) showed that > 90% of these variants are eForbs 

(Figure B.1) (Kumar and Patel 2018). Indeed, these disease-associated variants segregate 

with very low allele frequencies in humans. However, Patel et al. (2018) previously 

reported more than 18,000 eForbs to be common in humans (allele frequency > 5%). The 

authors refer to them as candidate adaptive polymorphisms (CAPs), a collection which is 

likely enriched with truly adaptive alleles since it is comprised of eForbs with exceptionally 

high frequency. This CAPs catalog also contains a vast majority of known missense 

adaptive variants (Patel et al. 2018), which means that the EP approach is useful for 

forming hypotheses regarding natural selection at the molecular level. 

The EP approach, however, has only been used for the above-mentioned human 

datasets to date, even though it can be utilized for any species. This is partly because the 

application of the EP method to a multiple sequence alignment requires knowledge of the 
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evolutionary relationship among sequences (phylogeny) and the divergence times for all 

the internal nodes in the phylogeny (timetree) (Liu et al. 2016). For the analysis of human 

(and some other species’) proteins, such information is readily available from independent 

sources: for example, an evolutionary tree from the UCSC database and divergence times 

from the TimeTree resource (Kumar et al. 2017; Miller et al. 2007). Such information is 

not as readily available for many other biological datasets, which discourages a more 

general use of the current EP method. So, we developed a modified EP approach in which 

the phylogeny and timetree are inferred from the sequence alignment and then the EP 

formulation of Liu et al. (2016) is applied.  

We evaluated the accuracy of the modified EP approach in discovering eForbs, 

ePerms, and CAPs by using the human protein variation data. Variation in the human 

exome has been the focus of genomics research for decades, and has a large, high-quality, 

record of annotations as well as polymorphism data. In the following, we first present the 

modified approach and then compare its performance with the original method. We show 

that useful estimates of EPs can be derived without a priori knowledge of phylogeny and 

known divergence times, as the phylogeny and times inferred from the sequence alignment 

serves as a good substitute and produces reliable inference of evolutionary permissibility. 

In order to examine the effect of sequence diversity in the multiple sequence alignment on 

this inference of evolutionary permissibility, we assessed the impact of taxon sampling on 

EP calculation and found that, as long as sufficient phylogenetic signal is present in the 

dataset, EP values produced by the modified EP approach are very similar to those from 

the original EP method. Therefore, the modified EP approach will be generally applicable 

for analyzing population variation in the context of multispecies and multigene family 

evolution. 
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3.2. Modified Approach 

Evolutionary Probability captures neutral expectations for observing an allele by using a 

Bayesian analysis of long-term evolutionary history of the sequence. Using a multi-species 

alignment and phylogenetic relationships among the sequences, Liu et al.’s method (Liu et 

al. 2015) first estimates the posterior probability of observing any allele in sequence of 

interest by using the prior knowledge of the relationship among sequences and the 

sequences themselves. For example, EP can answer the question: “what is the probability 

of observing an alanine residue at position 42 in the human beta globin protein (HBB), 

given the multiple sequence alignment for HBB in 46 vertebrate species?” To answer such 

a question, Liu et al.’s (2016) method assumes that the actual residue at position 42 in the 

human sequence is unknown, and produces probabilities for all alleles possible at the site 

(20 residues for amino acid sequence alignments). 

Formally, EP of an allele at a sequence position in a given species in a tree is the 

weighted mean of a set of posterior probabilities {𝑃𝑃0, 𝑃𝑃1, 𝑃𝑃2, ⋯ , 𝑃𝑃𝑛} calculated from 

the sequence alignment and species phylogeny. 𝑃𝑃0 is the posterior probability of 

observing a specific allele at a specific position in the focal species where the full dataset 

is used. Here the subscript 0 indicates no sequences are excluded. 𝑃𝑃1 is the posterior 

probability of the same allele at the same position after excluding the sister species or group 

closest to the focal species. The subscript 1 indicates that the first closest group to the focal 

species was excluded. In the phylogenetic tree in Figure 3.1, this means that the 

chimpanzee lineage is excluded when computing 𝑃𝑃1. This process is repeated for the 

residual phylogeny, which results in fewer species in progressive pruning steps. The 

pruning stops when the tree has only one outgroup and the focal species. The number of 

pruning steps (𝑛) depends on the tree topology and the number of sequences in the tree. 
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Figure 3.1, shows a total of 15 pruning steps for the 46 vertebrate species phylogeny, with 

humans as the focal species. 

The weights of PPs used to calculate EP are the set of divergence times 

{𝑇0, 𝑇1, 𝑇2, ⋯ , 𝑇𝑛}, where 𝑇𝑖 for all 𝑖 ≥ 0 is the divergence time between the focal species 

and the closest related taxon in the phylogeny used for calculating 𝑃𝑃𝑖. Then, using a 

standard weighted mean formulation: 

 𝐸𝑃 =
∑ 𝑃𝑃𝑖 × 𝑇𝑖
𝑛
𝑖=0

∑ 𝑇𝑖
𝑛
𝑖=0

=∑(𝑃𝑃𝑖 ×
𝑇𝑖

∑ 𝑇𝑗
𝑛
𝑗=0

)

𝑛

𝑖=0

 (Eq.3.1) 

Therefore, the weights for posterior probabilities are normalized times, and are thus 

unit-less. 

The modified EP approach differs from the EP method of Liu et al. (Liu et al. 2016) 

in that the evolutionary relationships (phylogeny) of sequences in the given alignment and 

the divergence times among clades are both inferred from the sequence alignment itself. 

We suggest inferring such evolutionary relationships by using model-based methods, e.g., 

Maximum Likelihood under a suitable substitution model (Guindon et al. 2005), which are 

known to be more accurate than the alternatives (Felsenstein 2003; Nei and Kumar 2000). 

In order to transform this phylogeny into a timetree, one may use a Bayesian method or a 

RelTime approach (Kumar and Hedges 2016). We selected RelTime, because its 

computational time requirements are orders of magnitude smaller (Tamura et al. 2012). 

Also, RelTime produces excellent relative times without requiring any calibration or other 

prior assumptions, as shown through extensive computer simulations (Filipski et al. 2014; 

Tamura et al. 2012). Additionally, the RelTime method has a strong theoretical foundation 

and produces results that are similar to those from Bayesian methods for empirical datasets 

(Battistuzzi et al. 2018; Mello et al. 2017; Tamura et al. 2018). These relative times can be 
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directly used, because the weight function in the EP calculation effectively normalizes 

divergence times in the input, making relative and absolute times equivalent (see Eq.3.1). 

Thus, using either absolute times (as used in the Liu et al. application of EP) or relative 

divergence times (as used in this modification) in the calculations will produce identical 

results.  

In the modified EP approach, however, we also used a modified weight for the EP 

calculations. Instead of the divergence time between the focal species and the closest 

related taxa, 𝑇𝑖 is instead the evolutionary time span (ETS; see Appendix C.2 “Calculating 

Evolutionary Time Span”) of the protein in tree at stage 𝑖. This approach is different from 

the Liu et al. implementation of EP, where later pruning steps were given higher weights 

because divergence time between the focal species and the closest-related taxon increases 

in subsequent pruning steps. Here we decrease the relative contribution of later pruning 

steps because an amino acid present in a distant taxon is less likely to be neutral than one 

observed in a closely-related taxon (Mahlich et al. 2017). The neutrality of an allele can be 

better estimated as information for more diverse and distant taxa are available at a site. As 

more taxa are included in a sample, a clearer picture of the results of natural selection can 

be gleaned. 

We refer to the EP method where species relationships and divergence times used 

are known beforehand as the “original” EP method, and the EP method where species 

relationships and divergence times are both inferred as the “modified” EP approach. 
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Figure 3.1: Phylogenetic relationships of 46 vertebrate species used for calculating 

evolutionary probabilities (EP). Nodes ancestral to the focal species, human, are labeled 

with numbers that correspond to pruning steps in EP calculation algorithm. Numbers in 

parentheses next to the species label represent the step at which the taxon is pruned from 

the tree. Each of the seven main species groups used in the taxon density sampling are 

colorized (including the outgroup, lamprey) and labelled. 
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3.3. Testing with a Ground Truth Dataset 

We applied the modified EP approach, to analyze the 1000 Genomes (1KG) dataset (Auton 

et al. 2015), which contains sequence variation from 2,504 individuals (see Appendix C.3 

“Collecting Human Coding Variation”). Among millions of variants present in this dataset, 

there are 543,220 missense variants that occur at non-zero population frequencies (Figure 

3.2a). We use this subset as our model and testing set. We consider the EP values obtained 

using the original EP method for these variants to be the ground truth, because the species 

phylogeny and divergence times used were not derived from any one protein alignment (as 

mentioned earlier). We computed EP values for 1,086,440 missense variants (major and 

minor alleles at missense sites; 2 ⨉ 543,200 missense sites) in the 1KG dataset using the 

original and modified EP methods (see Appendix C.4 “Computing Evolutionary 

Figure 3.2: Population frequencies of missense sites found in 1000 Genomes Project Phase 

III dataset. (a) Distribution of minor allele frequency at positions containing missense 

variation. (b) The relationship between allele frequency (1% bins) and mean EP (modified 

method) of missense variants found in 1000 Genomes Phase III dataset. Gray area 

corresponds to standard error of the mean. 
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Probability”). First, we examined the relationship between the EP-value and population 

frequency of an allele. They are strongly correlated, similar to the pattern reported for the 

original EP method (Liu et al. 2016) (Figure 3.2b). This is because of a strong agreement 

between the original EP values and modified EP values for human missense variants 

(R2 = 0.932). 

The original EP method predicted evolutionarily forbidden (eForbs) alleles, which 

were important to diagnose disease-associated and detect putatively adaptive variants. So, 

we examined if eForbs identified using the modified EP approach produce results similar 

to the original EP method. Of the 1,086,440 missense variants in the 1KG dataset, 518,233 

were classified as eForb by at least one of the EP methods (original or modified). The 

original EP method identified 494,821 eForbs, whereas the modified EP approach 

identified 508,065 eForbs (Figure 3.3a). We calculated agreement between the two 

methods as percent agreement, the fraction of alleles designated eForbs by at least one EP 

method that were identified as eForbs by both EP methods. There was 93.5% agreement in 

that the original and modified EP methods both produced EP < 0.05 for a given method. 

Next, we evaluated if the modified EP approach performs as well as the original EP 

method in diagnosing 50,422 disease-associated missense variants found in HGMD (see 

Appendix C.5 “Scanning Genotype-Phenotype Association Catalogs”). We found a 98.7% 

agreement, as the modified method designated 48,772 of HGMD variants to be eForbs, 

whereas the original method designated 48,657 of the HGMD variants to be eForbs (Figure 

3.3b). Overall, the low proportions of mismatched eForb designations suggest that the 

modified EP is a robust substitute for the original EP method, even when we use the 

topology and divergence times estimated from the sequence alignment. 
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We also examined the eForb agreement between the two methods for variants found 

to occur at high allele frequencies (AF). eForbs segregating in the human populations at 

high AF (global AF ≥ 5%) are candidate adaptive polymorphisms (CAPs; (Patel et al. 

2018)), because these variants are evolutionarily forbidden, yet segregating at 

unexpectedly high population frequencies, suggesting that some of them may have been 

positively selected. We again found high agreement (88.4%) between the two EP methods 

for identifying CAPs (high AF eForbs; Figure 3.3c).  

Furthermore, we similarly examined the handful of missense variants that are 

known to be adaptive in humans. As expected, given the strong concordance between the 

original and modified EP methods, the modified EP approach classified > 95% (23/24) of 

these previously known adaptive missense alleles as eForbs (Table A.1). One of these 

Figure 3.3: Designation of eForbs (EP < 0.05) using the original and modified EP methods. 

Agreement for classification of evolutionary forbidden alleles (eForbs) using the original 

and modified EP calculated methods for (a) all missense variants found in 1000 Genomes 

Project Phase III dataset, (b) human disease associated missense variants found in the 

HGMD disease variation dataset, and (c) high allele frequency (global AF > 5%) missense 

variants with EP < 0.05 (CAPs). Single darkened circles under a bar represent eForbs 

identified by the indicated method, and not the other. Connected darkened circles represent 

eForbs identified by both methods. 
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variants was not previously detected as eForb using the original EP method. Therefore, the 

new method can be effective in identifying potentially adaptive variants. 

3.4. Identifying Sources of Error 

While the two EP methods produce similar eForb designations, we investigated factors that 

may lead to some of the differences observed. Using the original EP method calculations, 

for which we had a known phylogeny and divergence time from independent sources, as 

the ground truth for designating eForbs, we scored alleles that did not receive an eForb 

designation by the modified approach (we do not discuss the reverse scenario because the 

original method’s EP estimates are derived using more information, a priori phylogeny and 

times, than the modified approach). For each protein, we computed the proportion of 

missense variants that were not classified to be eForbs (incorrectly so) by the modified EP 

approach (ΔeForb; see Appendix C.6 “Calculating ΔeForb”), but were not identified as 

such by the original EP method. ΔeForb for proteins range from 0 to ~15% (Figure 3.4a). 

That is, at most 15% of all alleles at polymorphic missense sites in a protein were 

incorrectly classified as eForbs, although most proteins (82.2%) show ΔeForb < 5% 

(Figure 3.4a). About half (52%) of proteins had no incorrectly classified eForb variants. A 

statistical test of gene ontology functional categories (Mi et al. 2017) did not find any 

biological process categories to be significantly over-represented, indicating that incorrect 

eForbs were not segregating in specific functional classes. Instead, ΔeForb was higher for 

proteins that evolved with faster evolutionary rates (Figure 3.4b). We found that the 

sequence alignments of faster evolving proteins also tend to produce species trees that are 

increasingly different from the established vertebrate tree used in the original EP 

calculation (Figure 3.4c, Figure 3.4d). Underlying this trend is the fact that even one 

substitution in a sequence can change the phylogeny topology relative to the established  
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Figure 3.4: Relationship of protein evolutionary rate with eForbs classification error 

(ΔeForb). (a) Distribution of ΔeForb for 18,391 human proteins. (b) Proteins with higher 

evolutionary rates, on average, have higher ΔeForb. (c) The distribution of branch-length 

distances (tree difference) between the standard timetree and inferred RelTime trees. (d) 

Relationship between protein evolutionary rate and tree distance (see Appendix C.8 

“Measuring Tree Distance”). For (b) and (d), the gray area corresponds to the standard 

error of the mean interval. Protein evolutionary rate is the ratio of sum of Maximum 

Likelihood estimates of branch lengths and the total evolutionary time in the tree of 46 

species. Proteins with evolution rate >2×10-3 substitutions per site per million years were 

combined into one bin, shown as the rightmost points in panels (b) and (d). 



24 

vertebrate tree for highly conserved sequences, while sequence alignments for fast 

evolving proteins contain many more alignment gaps and missing data, and the proteins 

with the highest ΔeForb contained a large number of sites with alignment gaps (Figure 

3.5a). The impact of these alignment gaps is captured in the proportion of the maximum 

Evolutionary Time Span (ETS; see Appendix C.2 “Calculating Evolutionary Time Span”) 

covered by a site, %ETS, which is a function of the prevalence of alignment gaps and 

missing data in an alignment that accounts for their evolutionary structure. The worst 

performing proteins had %ETS less than 50% (Figure 3.5a). In other words, valid amino 

acid residues occupied positions for less than half of the total evolutionary time span 

possible in the vertebrate tree (2.84 billion years of 5.82 billion years) on average. We also 

observed a similar pattern for positional and residue ETS (%PTS and %RTS, respectively), 

namely that positions and residues that encompass larger timespans in the evolutionary tree 

produce the smallest ΔeForb (Figure 3.5b, Figure 3.5c). 

While lower ΔeForb is correlated with higher %ETS, %PTS and %RTS, we find 

that ΔeForb can be low for positions with very low %ETS, %PTS and %RTS (Figure 3.5). 

Figure 3.5: Error (ΔeForb) in designating eForbs by the modified EP method. Relationship 

of ΔeForb with (a) evolutionary time span (%ETS) of the whole protein, (b) positional time 

span (%PTS), and (c) residue time span (%RTS). For panels a and b, mean ΔeForb was 

estimated using values from all the positions in the specified time span bin. The maximum 

time span for %ETS and %PTS calculation is 5,819 million years (Fig. 9). Gray area 

represents the standard error of the mean. 
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This is because amino acid residues with very low %RTS (e.g., < 15%) in the sequence 

alignment always produce low EP values since they are rarely observed among species. 

These EP estimates and thus eForb designations are not reliable whether we use the original 

or the modified method. Based on the trends seen in Figure 3.5, it is best to trust eForb 

designations when the positions have relatively high %PTS. High %ETS alignments reduce 

error in EP estimated by the modified approach by producing better phylogenies than 

alignments with low %ETS. In fact, we found the phylogenetic error induced by low 

sequence coverage (time spans) to be the most important factor in ensuring concordance 

between the modified and the original EP approach. We investigated the effect of inferring 

only divergence times on EP values by using the correct species relationships (topology). 

Indeed, we found that EP values correlate strongly with the original EP values (R2 = 0.998; 

Figure 3.6b), much better than the case where the phylogeny was inferred from the 

sequence alignment itself (Figure 3.6a). Therefore, difficulty with phylogeny inference 

causes discordance between the original and modified methods, but the magnitude of the 

error is quite small in most cases. 

3.5. Defining an Ideal Data Set 

Although the minimum requirement to apply the modified EP is a sequence alignment, 

accurate inference of evolutionarily forbidden alleles arises from a robust estimate of EP, 

which can be facilitated by sampling of sufficient sequences. The ultimate consideration 

for determining whether a dataset is sufficient is the total amount of evolutionary time 

spanned in the phylogenetic tree connecting the sequences (see Appendix C.2 “Calculating 

Evolutionary Time Span”) because this will determine the number of mutations that have 

occurred or been “put to the test of natural selection” at a site. The more evolutionary time 

spanned in a tree, the more mutations will have occurred and been purged (or occurred and 
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persisted) at a given position in a sequence over evolutionary time. Alleles observed at a 

site will be the subset of mutations that were found to be acceptable. Thus allowing more 

time for mutations to have occurred at a site will increase confidence in alleles we consider 

evolutionarily forbidden; insufficient evolutionary time span will naturally lead to false 

eForb designations. 

For many sets of species we can acquire evolutionary time spans from resources 

like TimeTree (Kumar et al. 2017). In such cases, researchers can determine whether 

sufficient evolutionary time has elapsed for a set of sequences by considering the per site 

mutation rate for the sequences of interest. For example, if we assume the DNA mutation 

for vertebrates to be the same as in mammals ~2.2×10-9 per site per year (Kumar and 

Subramanian 2002), we can estimate the missense mutation rate per codon to be 

Figure 3.6: Evolutionary probability (EP) values for human missense variants using the 

standard and modified methods. The EP-values on the x-axis are binned by 0.05 EP 

increments, with black points representing the mean EP of the (a) modified EP approach 

in which both species relationships and divergence times were estimated separately for 

each sequence alignment (ML-RelTime), and (b) modified EP approach in which only the 

divergence time was estimated and species relationships (Fig. 9) were assumed (RelTime 

Only). The gray areas represent the one standard deviation around the mean EP for the 

modified methods. 
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approximately ~5×10-9 per year averaged over all possible trinucleotides. Given that a 

timetree of 46 vertebrate species spans ~6 billion years, we expect each site to have 

experienced 30 missense mutations (= 6×109 years × 5×10-9 missense mutations per year), 

which makes it highly likely that many different amino acids have been tested. Under these 

(idealized) conditions, if one or two residues dominate the position across vertebrates after 

~6 billion years, it is likely that most other alleles are unfavorable and, thus, can be inferred 

to be evolutionarily forbidden at that position. A tool to perform this estimation for various 

codon translation tables and custom mutation parameters is available online at 

https://rpatel.github.io/ep-tools. 

The evolutionary time span covered in a phylogeny can be increased either by 

sampling more taxa within clades already present in the sampled sequences (e.g., adding 

another primate to a set of mammalian sequences) or by sampling additional taxa from 

clades that are not present in the current sample of sequences (e.g., adding fish and bird 

sequences to a set of mammalian sequences). We expect the change in EP values per each 

additional sequence sampled to decrease, and thus, diminish improvement in identification 

of evolutionarily forbidden alleles. With this expectation, we investigated how the two 

approaches for expanding evolutionary time coverage impact inference of eForbs. Using 

the full species tree in the original EP method as the ground truth, we calculated EP using 

the modified method for a few select sites under various sub-samples of the full phylogeny. 

The temporal sampling scheme emulates the sampling of taxa from clades not already 

present in the phylogeny, while the density sampling scheme follows the approach of 

increasing sampling within clades already found in the phylogeny (see Appendix C.7 

“Taxon Sampling”). Adding sequences under the former sampling scheme is expected to 

increase evolutionary time span faster than under the latter. 

We focused on fast evolving sites because allelic EPs will be most impacted at these 

sites. EP estimation and eForb classification at completely and highly conserved sites is 

https://rpatel.github.io/ep-tools
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trivial, because only two EP values will be observed at such a site: ~1 for the conserved 

residue, and ~0 for all other unobserved (or rarely observed) residues. Fast evolving sites, 

however, will be especially sensitive to the sampled sequences and the specific 

configuration of alleles (i.e., which taxa possess each allele) among those sequences. 

Unlike fast evolving proteins, fast evolving sites do not necessarily indicate incorrect 

inference, unless they are present in a similarly fast evolving protein. Here, because, we 

know the expected permissibility of an allele from the original EP method, we can 

determine the effect of sampling on eForb prediction. For example, consider a 

fast-evolving site, position 218 in human Poly (ADP-Ribose) Polymerase 9 protein, 

PARP9. It evolves 2.6 times faster than the average rate for the protein, and 5.6 times faster 

than the exome average. Under both sampling schemes, we found that certain alleles 

always maintain eForb status, regardless of the number of taxa sampled. These alleles are 

those that are never observed among the full vertebrate alignment, and are thus considered 

evolutionarily forbidden. There are others, however, that change from ePerm to eForb 

classification with increased evolutionary time span of the tree. For example, Glutamic 

acid (E) and Leucine (L) under a density sampling scheme (Figure 3.7), and Glycine (G), 

Leucine (L) and Threonine (T) under temporal sampling scheme (Figure 3.8). When the 

evolutionary time span is smaller, these residues are expected to be evolutionarily 

permissible, but their EP decreases as the evolutionary time span increases, which changes 
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the classification ultimately to eForb, which is the correct ground truth classification. 

Slower evolving proteins will show similar patterns, but to a lesser degree. 

When too few distant taxa are sampled, we find that incorrect classification of 

eForbs is likely to occur, even when more evolutionary time is sampled than in a set of 

more distantly related taxa. For example, the Arginine (R) residue in our analysis is 

incorrectly classified as an eForb in the temporal sampling scheme even when 2.77 billion 

years of evolutionary history spanning all the mammals in the full tree is included in the 

EP calculations (Figure 3.7). In contrast, sampling as few as seven total species that span 

2.39 billion years of evolutionary history, one from each major clade in the analysis, 

correctly classified the Arginine residue to be evolutionary permissible (Figure 3.8). 

Figure 3.7: Effect of density sampling on EP-value. Evolutionary probability (EP) values 

for each amino acid at position 218 in human Poly (ADP-Ribose) Polymerase 9 protein 

(PARP9) are shown for different taxa samples such that fewer or many species were 

included in the same set of clades. Dashed line marks EP = 0.05. The legend shows the 

mean (± standard error) evolutionary time spanned for all replicates. 
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Adding additional taxa to these clades does not change this classification. A similar result 

is observed for the Threonine (T) residue at this site.  

While both sampling approaches show that incorrect eForb and ePerm 

classification can occur when too little evolutionary time is spanned by the sampled 

sequences, we do not find false eForbs when the evolutionary time is spread out over a 

variety of clades, instead of all compressed within a single clade; e.g., sampling 2 billion 

years of evolutionary time from a variety of vertebrates, instead of just from mammals, 

will lead to fewer incorrectly classified eForb residues. 

3.6. Adjusting the Threshold for Evolutionarily Forbidden Alleles 

Here, we have focused primarily on defining eForbs by assuming an EP threshold 

of 0.05. This threshold was found to be reasonable for humans given simulations of neutral 

Figure 3.8: Effect of temporal sampling on EP estimates. Evolutionary probability (EP) 

values for each amino acid at position 218 in human Poly (ADP-Ribose) Polymerase 9 

protein (PARP9) protein are shown for different taxon samples. Each bar represents an 

entire phylogenetic group that is sequentially sampled, such that all more closely related 

groups are included. Dashed line marks EP = 0.05. Colors and legend labels correspond to 

groups defined in Figure 3.1. 
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sequence evolution in vertebrates (Patel et al. 2018); i.e., a neutral allele was found to have 

EP < 0.05 at less than 1% of simulated sites. Given the strong relationship between EP 

values from the original and modified EP methods, the high success rates observed using 

the EP < 0.05 threshold is expected to hold regardless of the cutoff value. However, one 

might wish to use a more conservative or liberal approach and vary the EP threshold to 

designate eForbs. For the currently tested data, we compared eForb designations at 

different cut-off values by generating receiver operating characteristic (ROC) curves and 

calculating the area under the ROC curve (AUROC; see Appendix C.9 “eForb Threshold 

ROC Curves”) using the standard EP method as the ground truth (Figure 3.9). AUROC is 

very high (0.94) for EP < 0.05, and it remains high when we used a liberal cutoff of 0.10 

(AUROC = 0.94) and when using a conservative cut-off 0.01 (AUC = 0.91). Thus, the EP 

approach reliably detects evolutionary forbidden alleles for a variety of evolutionary 

scenarios. 

3.7. Conclusion 

In the presentation of the neutral theory, Kimura (1968) posited that the vast majority of 

substitutions observed among species were (nearly) neutral. From that, it follows that we 

can infer probabilities of observing various alleles under neutral evolution at a position by 

looking across species since the probability that an allele is neutral at a site increases as it 

is seen across more related species relative to those that are never observed. EP was 

proposed as a mathematical quantification of such relative probabilities (Liu et al. 2016), 

and happens to display characteristics that align with neutral theory expectations. First, 

detrimental alleles should not generally reach high AF in a population; in fact, we note a 

strong relationship between the EP of an allele and its AF in a population (Patel et al. 2018). 

Specifically, low EP alleles have a low population AF, while high EP alleles have a high 
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population AF. Second, a vast majority of known adaptive missense variants are found to 

have low EP. Similarly, human Mendelian-like diseases caused by missense variants are 

overwhelmingly due to low EP alleles (>98% of disease-associated alleles across all 

disease ontologies, (Figure B.1). Together, these remarkable patterns suggest a straight-

forward relationship between allelic neutrality and EP. 

The ability to discriminate non-neutral (e.g., function-altering) alleles from those 

that have no impact on phenotype (neutral) is of high interest to researchers in diverse 

biological disciplines. EPs can be coupled with available polymorphism data to provide 

insight into detrimental and adaptive variants, as mentioned earlier. This approach is 

uniquely integrative, as other methods either focus on patterns among species only, or 

Figure 3.9: Receiver operating characteristic (ROC) curves showing the degree of 

misclassification caused by using EP threshold of 0.05 to designate eForbs, when the true 

EP thresholds for eForbs could be smaller (0.01) or higher (0.1). ROC curves are shown 

for classification of missense variants found in 1000 Genomes Project Phase 3 dataset 

using the modified EP approach with both species relationship and divergence times 

inferred from each sequence alignment. Area under ROC (AUROC) is shown in 

parentheses, which is similar for different thresholds. 
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employ patterns of population variation to identify genes or genetic regions evolving 

adaptively (Patel et al. 2018). While other methods have utilized the Empirical Bayes 

framework to infer probably sequences at various nodes in a phylogeny, e.g., ancestral 

sequence reconstruction (Kumar and Subramanian 2002; Yang et al. 1995), the EP method 

is an advancement because it is explicitly designed to forecast contemporary sequences, as 

opposed to inferred ancestral states, by uniquely incorporating the entire evolutionary 

history of a site. The weighting of the pruning steps in the modified EP provides a logical 

estimate of the permissibility of different alleles at a position, while remaining naïve to any 

phylogenetic signal in the contemporary sequence that would unduly influence inferences. 

Additionally, these methods are not robust to errors in phylogeny; that is, ancestral 

sequences are not useful if the relationship among species is not correct. 

We have found the modified EP approach to perform well, i.e., estimation errors of 

phylogeny and divergence times have limited negative impact on EP estimates. This means 

that it can be widely applied, because unlike well-studied model organisms, where species 

relationships for related taxa are generally well resolved, phylogeny and times are known 

independently for only a small fraction of species. The modified EP approach was found 

to work well partly because the inferred species relationships from the sequence alignment 

themselves are not too different from the correct phylogeny. However, detecting eForbs 

reliably can be challenging when the sequence alignment contains a large number of 

insertion-deletions and missing data, which depletes the phylogenetic signal and 

evolutionary information. When a position contains a large number of alignment gaps and 

missing data, many residues would appear to be eForbs spuriously because of lack of 

sufficient information. This problem is more acute in the modified EP method, especially 

when the sequence alignment yields a phylogeny with a large number of errors. In such a 

situation, using a pre-determined phylogeny from another source, if possible, can help 

reduce error, as only divergence times will need to be inferred. Additionally, sites that are 
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most phylogenetically informative (Townsend 2007) can be filtered prior to analysis to 

remove sites with low signal-to-noise ratio and help minimize errors in inference. 

Therefore, one needs to be circumspect when using EP estimates for positions with lots of 

missing data and alignment gaps, irrespective of the use of the standard or modified 

method. 

In general, EP estimates can be improved by adding more sequences to the 

alignment. We explored two taxon sampling approaches to increase the total time spanned 

by a set of sequences. We found that sampling of additional species in clades not already 

present in phylogeny for sequences is more effective at increasing the evolutionary time 

span and decreasing error in eForb identification. While adding a taxon that is found in a 

species group already present in the tree will increase the total time span, it will result in a 

smaller total increase. So, adding new species groups is preferred over increasing the 

density of samples per group. In practice, we suggest adding as many sequences as 

possible, so denser and more diverse alignments are compiled for EP analysis. With these 

alignments, one would be able to create catalogs of evolutionary permissible and forbidden 

variants for any gene or species, even when no polymorphism data exist. 
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CHAPTER 4 

DETECTING ANCIENT HUMAN ADAPTATIONS 

WITH THE EVOLUTIONARY PROBABILITY APPROACH 

4.1. Finding a Plethora of Candidate Adaptive Polymorphisms in 

Humans 

We applied EPA to 515,700 polymorphic missense alleles (Auton et al. 2015) reported in 

human proteins (see Appendix C.3 “Collecting Human Coding Variation”). We retrieved 

EPs for each allele from http://www.mypeg.info/ep. The EPs were calculated by Liu et al. 

(2016) using a 46 species alignment of orthologous amino acid sequences (Kent et al. 2002; 

Liu et al. 2016). The timetree of these species covers a very large evolutionary timespan 

(~5.8 billion years; Figure 2.2), such that each amino acid position has had ample time to 

experience mutation and purifying selection. 

EPA revealed 18,724 candidate adaptive polymorphisms (EP < 0.05) whose allele 

frequencies showed significant departure from neutrality (Pneu < 0.05). These CAPs were 

found in 7,815 proteins (see www.mypeg.info/caps for a list of residues) distributed across 

all autosomal chromosomes (Figure 4.1a). Many proteins harbor multiple CAPs (Figure 

4.2a) and have a large number of CAPs per amino acid (Figure 4.2b), but protein length 

was not strongly correlated with the number of CAPs (correlation coefficient = 0.10). More 

than 20 CAPs were found in MUC4 and multiple HLA genes (Figure 4.1b), which were 

among the top 0.2% of the CAP rich proteins (Figure 4.2b). Both of these gene families 

play a role in immune response (Parham 2005; Pelaseyed et al. 2014) and are implicated 

http://www.mypeg.info/ep
file://///sbrinz.host.lan/home/mnt/Dropbox_Work/Dissertation/DRAFTS/www.mypeg.info/caps
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in human adaptations (Andres et al. 2009; Vahdati and Wagner 2016). Moreover, as 

expected, the functional categories of “antigen processing and presentation” and “sensory 

perception” (see Appendix C.10 “Gene Ontology Analysis”) were among the most 

enriched in terms of the number of CAPs per amino acid coding position (Figure 4.3). 

Furthermore, a vast majority (> 70%) of known adaptive amino acid 

polymorphisms were found to be CAPs (Table A.2), which is a significant enrichment 

(permutation P < 10-7). EPA also discovers a majority of the protein polymorphisms 

predicted to be adaptive in previous population genomic analyses (Table A.3), which 

suggests that the CAP catalog contains many truly adaptive alleles. Still, the size of the 

Figure 4.1: Chromosomal distribution of CAPs. (a) The distribution of candidate adaptive 

alleles (CAPs) across autosomal chromosomes (red points). Chromosomal banding 

patterns are also visualized for reference. (b) A plot of –log10(Pneu) generated from the 

Evolutionary Probability Approach (y-axis) against chromosome position (x-axis) for the 

MHC region of chromosome 6. CAPs are shaded red and non-CAPs are shaded grey. The 

CAP Pneu cutoff is shown with a dashed red line. Notable HLA genes with more than 20 

CAPs are indicated. 
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CAP catalog is over 200 times larger than the number of previously identified adaptive 

polymorphisms.  

4.2. Alternative Non-adaptive Explanations 

One potential explanation for the high frequency of low EP alleles is that they are mildly-

deleterious, selectively-neutral alleles whose frequencies are primarily driven by genetic 

drift (Kryukov et al. 2007; Zhu et al. 2011). Another possibility is that their high allele 

frequencies reflect some combination of drift, compensatory variation, and epistasis. In 

addition, several non-adaptive phenomena could artificially inflate neutral or deleterious 

missense allele frequencies. We, therefore, examined the extent to which genomic features 

and demographic processes could have given rise to CAPs. Relevant methods can be found 

in Appendix C.11 “Exploring Non-adaptive Explanations for CAPs”. 

Figure 4.2: Properties of candidate adaptive alleles. Distribution of all (red bars) and 

phenotype-associated (pink bars) (a) CAP counts across proteins, and (b) number of CAPs 

found per amino acid position in each protein coding gene. 
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Figure 4.3: Functional distribution of CAPs. The top 75 GO-slim biological process 

categories with the most CAPs per amino acid position (red bars). The number of proteins 

found in each biological process annotation is in parentheses. The number of CAPs found 

in each biological process is listed next to the corresponding bar. 
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4.2.1. Mutation rate differences and biased-gene conversion 

Given that mutation rates are known to affect allele frequencies (Harpak et al. 2016), we 

investigated the potential for mutation rate variation to result in false positive CAPs. We 

first examined if mutation rates were elevated in codons containing CAPs by comparing 

the rate of occurrence of synonymous variants in codons that contained CAPs with codons 

that did not contain CAPs. These two rates were very similar, as 5.7% of the CAP-

containing codons also harbored a synonymous polymorphism and 5.4% of non-CAP 

codons harbored a synonymous polymorphism. This result suggests that mutation rate 

differences do not explain the observed distribution of CAP allele frequencies. 

In addition, the hypermutability of CpG sites did not explain the persistence of low 

EP alleles at high frequency due to recurrent mutations. We found a smaller proportion of 

CpG overlapping CAPs relative to non-CAPs (26% and 33%, respectively). Furthermore, 

we considered whether biased gene conversion could result in false positive CAPs 

(Ratnakumar et al. 2010). However, fewer than 1% of CAPs were within regions of known 

biased gene conversion (Capra et al. 2013; Rosenbloom et al. 2015), and the frequencies 

of weak to strong (W→S) and strong to weak (S→W) changes (Lachance and Tishkoff 

2014) for non-CAP alleles (with EP < 0.05 and AF < 5%) were not significantly different 

from CAP alleles (P = 0.90). Also, the relative frequencies of different base changes were 

similar between CAP and non-CAP codons (R2 > 0.99, regression slope > 0.95), which 

showed that CAP-containing codons show nucleotide substitution patterns similar to non-

CAP codons at each position in the codon. 

4.2.2. Relaxation of purifying selection 

We also examined the possibility that CAP-containing human proteins have experienced 

relaxation of function in the human lineage. While we think this is unlikely, because it 
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would require a vast fraction of human proteins (> 7,000 out of 22,000) to be under reduced 

selection, we investigated missense mutations that cause Mendelian diseases and compared 

the frequency of these mutations in CAP-containing proteins and non-CAP proteins (see 

Appendix C.11 “Exploring Non-adaptive Explanations for CAPs” for methods). We did 

not find a significant difference in the preponderance of disease mutations in CAP and non-

CAP proteins. Therefore, it is unlikely that CAP-containing proteins have become less 

functionally important relative to other human proteins. 

4.2.3. Adaptive hitchhiking 

Deleterious alleles located in genomic regions, which have undergone selective sweeps, 

can hitchhike to higher than expected frequencies merely due to proximity to and linkage 

disequilibrium with nearby adaptive alleles (Chun and Fay 2011). Only a small number of 

CAPs (6.7%) are located in selective sweep regions (Schrider and Kern 2017). This 

observation is supported by previous studies (Chun and Fay 2011) that investigated the 

impact of hitchhiking on deleterious allele frequencies and found only a few hundred 

deleterious hitchhiking nonsynonymous SNPs with common allele frequencies (≥ 5.9%) in 

the 1000 Genomes Project data. Therefore, hitchhiking of deleterious alleles with selective 

sweeps does not appear to explain an overwhelming majority of CAPs. 

4.2.4. Human demography 

Human demographic history may explain the prevalence of CAPs, because the migration 

of modern humans out of Africa and subsequent population expansions could have resulted 

in higher than expected frequencies of deleterious and mildly deleterious alleles. However, 

it is not likely that these alleles overwhelm the set of CAPs identified, since even a purely 

neutral model of human evolution does not explain the fraction of alleles found at high 
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allele frequencies: the SFS of empirical CAPs shows a dramatic skew towards high 

frequency alleles relative to neutral expectation (Figure 4.4a). We then tested if the CAPs 

SFS can be generated by human demographic history in combination with various models 

of selection. We employed a model based on differential equations to approximate the 

evolution of allele frequencies (Jouganous et al. 2017) and simulated a wide range of 

negative and positive selection coefficients for a demographic model of recent human 

history (Gravel et al. 2011) with a range of gamma parameter values (see Appendix C.11 

“Exploring Non-adaptive Explanations for CAPs” for methods). A model containing 

negative and positive selections provided the best fit for the CAPs SFS (lnL = -3,080; P 

<< 10-10; Figure 4.4b). In this model, 47% of the observed alleles were predicted to be 

weakly deleterious (s = 8×10-4) and the remaining 53% were beneficial (s = +1×10-3). 

However, even the best-fit simulated selection model failed to explain the 

preponderance of polymorphisms with very high frequency (>95%). The number of 

empirical CAPs in this category was over three times greater than expected (Figure 4.4). 

In order to determine whether the highest frequency class (AF > 95%) was driving the 

signal of positive selection during our model fitting, we conducted SFS analysis by 

removing all CAPs in the 95% - 99.99% frequency class (observed as well as simulated). 

For this comparison, the signal of positive selection persisted, as the best fit model was the 

one with s = +2×10-2, which was significantly better than a purely neutral model (P << 10-

10). This result further indicated that positive selection would need to be invoked to explain 

the observed distribution of CAPs. 

The above results led us to consider whether CAPs represent ancestral standing 

variation, e.g., found in the ancestors of modern humans. We examined the proportion of 

CAPs that were shared with archaic hominins (Neanderthals and Denisovans) (Green et al. 

2010; Meyer et al. 2012; Pruefer et al. 2014) and found that a large percentage of CAPs 
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(43%) are shared with modern humans. This proportion is significantly higher than what 

is expected by chance (permutation P < 10-7). While some of the shared CAPs could have 

resulted from archaic gene flow, the majority of these CAPs were likely present in the last 

common ancestor of modern humans and archaic hominids, because most (93.6%) shared 

CAPs occur at very high frequencies (AF > 95%) in modern humans. One such possibility 

is a CAP (rs4987682) in TRPV6, which is present in the Altai Neanderthal genome (Pruefer 

et al. 2014). TRPV6 is involved in calcium absorption (Hughes et al. 2008) and located in 

a region of the genome that has been identified in several previous genome-wide scans for 

selection (Akey et al. 2006; Hughes et al. 2008). This region is hypothesized to have been 

subjected to multiple selective events (Hughes et al. 2008). The EPA approach is able to 

detect these more ancient adaptive variants by integrating inter- and intra-species 

Figure 4.4: Selection model fits to observed CAPs. Site frequency spectra (SFS) for SNPs 

with AF > 5%. Site frequency spectra (SFS) were scaled to have the same number of sites 

for AF > 5%. Black bars represent all EP < 0.05 alleles observed in 1000G Phase 3 

individuals. (a) Observed and fitted SFS for all candidate adaptive polymorphisms (CAPs). 

A neutral model (blue) does not explain the preponderance of alleles found at very high 

AF, and does not fit the observed data well (lnL= -4,124) (b) Observed and fitted SFS for 

all CAPs. A model with weakly deleterious (purple) and beneficial (green) showed the best 

fit (lnL = -3,080). It was significantly better than any other combination of models (LRT 

P << 10-10). All CAP alleles shared with great apes (5%) were excluded from observed 

SFS. 
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information. This is in contrast to common methods that are primarily powered to detect 

recent adaptive events, as evident in the list of known human adaptive variants, which 

consists of relatively recent polymorphisms. 

4.3. Validating Candidate Adaptive Polymorphisms 

Generally, traditional functional evaluation of CAPs that arose in the human lineage is 

challenging, because in vitro and in vivo approaches are low-throughput, require a priori 

functional information for experimental design, and do not provide the impact of individual 

alleles on higher-level human phenotypes. Furthermore, it is not possible to test human 

fitness in a controlled/laboratory setting, and it is often not relevant to test the functional 

impact of CAPs in non-human model systems. It is, however, possible to take an 

organismal approach to investigate allelic impact on natural, population-level human 

variation using phenotype-association studies. For example, many well-known adaptive 

missense variants (Table A.2) are also significantly associated with phenotypes in genome-

wide studies: rs334 with malaria and severe malaria (Band et al. 2013; Timmann et al. 

2012), rs4987667 with intermediate gene expression phenotypes involving HLA 

(Fehrmann et al. 2011), and rs1426654 with skin pigmentation (Stokowski et al. 2007).  

Therefore, we searched (see Appendix C.5 “Scanning Genotype-Phenotype 

Association Catalogs”) the Human Gene Mutation Database (HGMD) (Stenson et al. 2009) 

for high EP alleles associated with reduced fitness, i.e., the low EP CAP alleles associated 

with fitness benefits. That is, the evolutionarily preferred allele prior to the divergence of 

humans and chimpanzees (high EP, EP > 0.5) has experienced a reversal of fortune and 

become detrimental. We found 253 high EP alleles to be associated with disease 

phenotypes in contemporary humans, where the low EP CAP allele occurs with AF > 5%. 
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We also scanned the NHGRI-EBI catalog (MacArthur et al. 2017) of curated 

GWAS studies to identify additional CAP and found 158 CAPs. Of these, 101 showed odds 

ratio (OR) less than one for at least one discrete trait related to reduction in the incidence 

of the associated abnormal phenotype. That is, 60% of the CAPs are protective against 

increased disease risk (Table A.4). One such example is a CAP found in the LOXL1 protein 

that confers a 20-fold decrease in risk for developing exfoliation glaucoma, a leading cause 

of irreversible blindness (Thorleifsson et al. 2007). Another example is a CAP found in 

APOE genotypes ε2 and ε3. The APOE genotype ε4, which does not contain the CAP 

allele, is known to confer five-fold higher risk of cerebral amyloid deposition as compared 

to the CAP-containing genotypes ε2 and ε3 (Li et al. 2015). In these cases, the CAP allele 

is protective, and the non-CAP allele is associated with a detrimental phenotype. These 

findings not only suggest functional implications of CAPs, but also that some CAPs may 

be associated with health benefits. 

Beyond the limited number of variants in the NHGRI-EBI GWAS catalog, we 

investigated phenotypic associations in GWAS database that contains a large catalog of 

genotype-phenotype association studies. We mined data available from GRASP2 (Eicher 

et al. 2015; Leslie et al. 2014) to determine whether CAPs have had significant impact on 

human phenotypes more broadly. We found that 11% of CAPs were significantly 

associated with tested phenotypes (2,073 alleles at a significance threshold of P < 10-8), 

which we refer to as pheno-CAPs. This prevalence of pheno-CAPs is significantly higher 

than what is expected by chance (permutation P < 10 7). Moreover, less than 1% of 

frequency matched non-CAP alleles are significantly phenotype-associated in GRASP2 

(P < 10-8). We tested the possibility that low-EP deleterious recessive alleles have persisted 

at significant population frequencies. If this had been the case, we would expect an excess 

of heterozygote CAPs relative to neutral expectations. However, very few CAPs (2.5%) 

displayed a significant excess of heterozygosity (χ2 P-value < 0.05). Moreover, after 
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excluding pheno-CAPs that are not shared across all 1000 Genomes continental samples 

(Auton et al. 2015), that are located in previously identified selective sweeps (Schrider and 

Kern 2017) and that are located in previously identified regions containing CpG sites and 

biased gene conversion regions (Rosenbloom et al. 2015), over 1000 proteins contain one 

or more pheno-CAPs.  

We expect pheno-CAPs to be enriched for causal alleles. There are many reasons 

for this expectation. First, amino acid polymorphisms alter the sequence of functional 

genome entities (proteins). Second, if pheno-CAPs are causal alleles then we would expect 

them to show the strongest association P-values among all tested missense variants. This 

is indeed the case for 92% of CAP proteins, where a pheno-CAP has the strongest 

association of all missense variants in that protein for a given phenotype in the GRASP2 

database (Eicher et al. 2015; Leslie et al. 2014). Third, a vast majority of putative adaptive 

variants in humans are CAPs (Table A.1) and are derived variants in modern-humans; they 

are not shared with archaic hominins.  

4.4. Conclusion 

In conclusion, we have found over 18,000 missense human polymorphisms that are 

candidates of beneficial selection. This new adaptive allele catalog is made possible by the 

EP approach, which is sensitive to a timeframe that predates the out of Africa migration of 

modern humans, but is not limited to fixed differences between species (Anisimova and 

Yang 2007; Goldman and Yang 1994; Holt et al. 2008; Hurst 2002; Lindblad-Toh et al. 

2011; Muse and Gaut 1994; Nielsen et al. 2005; Peter et al. 2012; Pollard et al. 2006; 

Shapiro and Alm 2008; Yang and Bielawski 2000). The former timeframe has been 

addressed by methods that are sensitive to recent classic sweeps and regionally restricted 

adaptation, which have been the focus of the majority of human adaptation studies to date 
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(Akey 2009; Akey et al. 2002; Grossman et al. 2013; Li and Stephan 2006; Moon and Akey 

2016; Sabeti et al. 2007; Teshima et al. 2006; Voight et al. 2006). These studies have 

yielded only a few adaptive coding variants, leading some to argue that regulatory variation 

is the predominant raw material for adaptive change (Akey 2009; Fraser 2013; Grossman 

et al. 2013). Our results suggest that the temporal sensitivity of the EP approach is able to 

generate a catalog of candidate adaptive polymorphisms that is enriched in functional as 

well as beneficial variation. We expect many CAPs to be involved in compensatory 

evolution and synergistic epistasis to counter genetic load exerted by deleterious variants 

that have risen to high frequencies due to human demography and genetic drift. Therefore, 

CAPs provide ready hypotheses to test in future computational and experimental 

investigations. 
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CHAPTER 5 

CATALOGING MODERN ADAPTATIONS 

IN CONTEMPORARY HUMAN POPULATIONS 

5.1. Introduction 

Identifying adaptations in a species is of great interest for researchers. Not only does it 

inform the evolutionary history of a species, it can provide functional insight into the 

genome. Methods that aim to detect adaptive variation search for increased rates of 

functional evolution in proteins, unexpected properties of linkage blocks, or patterns of 

segregation in regions of the genome that do not conform to neutral expectations. The 

number of whole genomes and genotype-phenotype associations available to researchers 

is rapidly increasing and provides an unprecedented opportunity for detecting adaptation 

in humans and other species. 

Hundreds of thousands of missense variants are segregating in human populations, 

the majority of which are found only in one or a few human populations globally. The 

human exome is expected to possess the potential for ample adaptive variation, yet the list 

of putative coding variants is still short. Recently, we developed and applied the 

Evolutionary Probability Approach (EPA) to the human exome to identify phylogenetically 

unexpected variants found segregating at unexpectedly high allele frequencies (Patel et al. 

2018). We found more than 18,000 such candidate adaptive polymorphisms (CAPs).  
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However, that catalog considered allele frequencies globally in humans, across all 

26 populations in the 1000 Genome Project Phase III (1KG) dataset, and so likely identified 

potential adaptations that arose in the human lineage since divergence chimpanzee, but 

prior to the divergence of human populations. In fact, our previous analysis did not find 

any CAPs that were present in only one human population. Identifying recent adaptations, 

e.g., those that have arisen in one or more modern human populations has proven 

challenging, suggesting to many that the rate of adaptation in humans has decreased 

relative to other related species. While it is possible, and likely, that the vast majority of 

missense variation in the human exome is not adaptive, certainly not all missense variation 

should be expected to be neutral or deleterious. 

Commonly used methods to detect selection rely on detecting accelerated rates of 

functional evolution (e.g. dN/dS ratio test, branch-site test), identifying genomic regions 

with unusual haplotype properties (e.g. LDD, EHH, iHS), or extensive population 

differentiation at a locus (e.g. outlier scans based on summary statistics like FST). These 

methods have successfully identified many proteins and or genomic regions that have been 

subjected to positive selection, however it is often difficult to identify specific adaptive 

positions because of low statistical power at such small scales (Johnson and Voight 2018; 

Voight et al. 2006). For outlier approaches that scan the genome, a high false negative rate 

becomes problematic when adaptation is prevalent genome wide. Methods that attempt to 

combine multiple tests to decrease false positive and false negative rates in inference have 

discovered novel adaptive variants, yet are not robust to demographic processes (Grossman 

et al. 2013). Ultimately, these methods test for deviation of a population property from 

neutral expectations. Our approach mitigates many of these difficulties using long-term 

evolutionary predictions of the neutral theory of molecular evolution to a priori inform 

likely non-neutral variants, based exclusively on the long-term substitution patterns 
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captured in a multiple sequence alignment, using estimates of evolutionary probability 

(EP). 

In this work, we incorporate phylogenetic and population-genetic principles to 

detect adaptive variation in human populations that would otherwise be harder to detect 

with only common population genetics methods. We analyze each human population on 

its own to avoid any confounding effects from differing demographic histories among 

populations. We identify population-specific missense variants with unexpectedly high 

frequencies in each of the 26 human populations as exhibiting non-neutral evolutionary 

patterns. We investigate genotype-phenotype catalogs (GWAS) to determine the impact of 

these missense variants on various human phenotypes. For each human population, we 

generate a catalog of population-specific missense variation that has been potentially 

adaptive (pop-CAPs) over a population’s recent history, and has putatively contributed to 

local adaptations for the population. We report as many as 8,570 pop-CAPs detected by 

contrasting observed allele frequencies with neutral expectations. 

5.2. Population-Specific Evolutionary Probability Approach (EPA) 

Method 

Previously, we developed the Evolutionary Probability Approach (EPA) in order to detect 

candidate adaptive polymorphisms (CAPs) in the global human population. CAPs are 

alleles that are evolutionarily forbidden (eForbs), i.e., EP < 0.05, and are found at 

unexpectedly high allele frequencies. eForb classification does not require knowledge of 

sequences present in a population, and thus provides an independent and orthogonal 

indicator of neutrality to integrate with population-level information. Specifically, an eForb 

allele was designated as a CAP if its allele frequency (AF) was greater than 95% of all 

other eForbs segregating in the global human population. This approach provided a catalog 
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of missense variants that were likely under the influence of positive selection at some time 

since human-chimpanzee divergence. 

The conventional EPA methodology cannot be directly applied to individual 

populations in order to detect more recent CAPs because of the confounding effects of 

human demography. The frequency of missense alleles within a given population are not 

directly comparable because each allele arose at various times in the history of modern 

human populations. For example, an allele that is observed at 5% AF in only a single 

population has had a significantly different evolutionary trajectory than an allele that is 

found at 5% over multiple populations. Specifically, in the latter case, the allele is likely 

much older than the former, and accordingly was more influenced by the vagaries of 

population history and selection having likely arisen prior to population divergences. So, 

whereas previously, we were able to take a given empirical percentile of all eForb missense 

variants as CAPs (eForb AF > 95%ile of all human eForbs), the same approach cannot be 

used here, as frequency distributions for modern alleles will vary among populations. 

Much like current methods, we first establish neutral expectations of allele 

frequencies in order to determine a threshold for classifying unexpected, non-neutral, 

alleles. Unlike most current methods, however, we focus our analyses on alleles found only 

in a single human population in order to avoid the uncertainty above. Using such alleles, 

we avoid issues of having to model demographic processes since only the recent 

population-specific history is relevant, which is expected to affect the entire genome in a 

consistent manner. Without the influence of these confounding factors, we can better define 

a class of putatively neutral sites to use as our expectation for neutral frequencies.  

We take population-specific single nucleotide polymorphisms (SNPs) at four-fold 

degenerate (4fd) sites to represent the set of putative neutral variants in a given population, 

as SNPs at these sites will not change protein sequence and function. These sites are 

commonly used as a neutral standard in molecular evolution (Phung et al. 2016). The 
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distribution of AF for these SNPs provides expectations for AFs of alleles arising and 

subsequently drifting neutrally through a population. Population specific SNPs with AF 

within the bounds of the 4fd-derived expectations, regardless of mutational consequence, 

cannot be discounted as neutral alleles. Conversely, alleles with AFs higher than 

expectations are likely driven by non-neutral evolutionary forces. Specifically, it is likely 

positive selection that drove their frequencies higher than expected under neutrality. We 

refer to this expanded population-specific extension to our evolutionary probability 

approach as pop-EPA. 

5.3. Detecting Population-Specific Candidate Adaptive Polymorphisms 

We applied pop-EPA to >906,000 coding SNPs collected from the 1KG dataset. Of those, 

56.9% (515,700) were found to be missense causing SNPs, and 23.8% (215,400) were 

found to be occurring at 4fd sites. We filtered these SNPs to population-specific datasets, 

i.e., SNPs observed in only a single 1KG population (Table 5.1): of the polymorphic 4fd 

sites in humans, 55.0% (118,422) of were population-specific, and 70.2% (361,902) of 

polymorphic missense sites in humans were population-specific. Of those, the vast majority 

(90.7%; 328,232) were found to be evolutionarily forbidden, eForbs. 
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Table 5.1 

 

Distribution of population-specific protein-coding single nucleotide polymorphisms 

(SNPs) in each human population 

Super 

Group 
Population 

Number of Coding SNPs 

4fd Missense eForb Missense 

AFR ACB 4,381 13,347 12,077 

AFR ASW 2,813 8,241 7,459 

AFR ESN 3,901 11,963 10,802 

AFR GWD 6,640 20,005 18,106 

AFR LWK 8,311 21,011 18,686 

AFR MSL 5,110 14,561 13,150 

AFR YRI 4,268 13,248 11,989 

AMR CLM 3,742 11,661 10,574 

AMR MXL 3,109 9,840 8,939 

AMR PEL 4,570 13,723 12,432 

AMR PUR 3,710 11,215 10,195 

EAS CDX 4,451 13,469 12,249 

EAS CHB 5,231 16,951 15,378 

EAS CHS 5,118 15,869 14,503 

EAS JPT 5,718 17,495 15,882 

EAS KHV 5,040 15,547 14,145 

EUR CEU 3,429 11,768 10,710 

EUR FIN 2,529 8,542 7,768 

EUR GBR 2,957 9,574 8,712 

EUR IBS 4,169 13,755 12,559 

EUR TSI 5,169 16,410 14,973 

SAS BEB 5,102 15,434 14,066 

SAS GIH 4,085 12,891 11,702 

SAS ITU 4,998 15,351 13,967 

SAS PJL 4,660 14,183 12,852 

SAS STU 5,211 15,848 14,357 

Note. The number of four-fold degenerate (4fd), missense, and evolutionarily forbidden 

(eForb) coding SNPs are shown for each of human populations analyzed. Population 

codes are explained in Table A.5 and Table A.6. 
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The recent demographic history of a population will determine the allele frequency 

distribution of population-specific neutral variants; since each population has had a unique 

demographic history, one cannot use a global or other allele frequency distribution to 

determine outlier variation that arose in the population’s recent history. For example, Table 

5.2 shows that 95% of 4fd sites specific to the CHB population (Han Chinese in Beijing, 

China) are found with less than 0.63% frequency. In contrast, 95% of 4fd sites specific to 

the FIN population (Finnish in Finland) are less than 2.02% frequency. Despite the 

difference in 4fd SNP frequencies between the two populations, both sets of SNPs are 

expected to have the same effective neutrality. 

For each population, we first collected the set of population-specific eForbs that 

were found at AF greater than any population-specific 4fd SNP (see Table 5.2, “maximum 

AF”). This strict threshold for classification as adaptive serves to first catalog the set of 

variants to be considered the strongest candidates for adaptation in a population. Using 

these criteria, 10 of the 26 populations analyzed did not have any population-specific 

eForbs with AF greater than all population-specific 4fd SNPs. We find only 32 such 

population-specific candidate adaptive polymorphisms, pop-CAPs, in the remaining 14 

human populations defined in 1KG (Table 5.3). 

As we previous saw with detection of global CAPs with EPA, not all adaptive 

alleles will have the highest AF. Following our previous approach, we considered the 

95%ile 4fd AF, per population, as the cutoff for neutral variation (see Table 5.2, “95%ile 

AF”). That is, missense variants found at frequency > 95% of 4fd specific to that population 

would be considered pop-CAPs. With this threshold, we found that 8,570 pop-CAPs across 

the 26 populations. Per-population counts of pop-CAPs (Table 5.3) spanned from as few 

as 44 (ASW) to as many as 763 (PUR), indicating that the distribution of selected variation 

in a population varies, as expected, given the heterogeneity of human population sizes and 

environments. 
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Table 5.2 

 

Distribution of four-fold degenerate (4fd) SNP frequencies in each human population 

Super 

Group 
Population 

4fd SNPs 

Maximum AF 95%ile AF 

AFR ACB 3.45% 1.04% 

AFR ASW 2.46% 1.64% 

AFR ESN 3.03% 1.01% 

AFR GWD 3.98% 0.89% 

AFR LWK 6.57% 1.52% 

AFR MSL 4.71% 1.18% 

AFR YRI 2.32% 0.93% 

AMR CLM 4.26% 1.38% 

AMR MXL 7.03% 1.56% 

AMR PEL 7.65% 1.18% 

AMR PUR 5.29% 1.44% 

EAS CDX 5.91% 1.08% 

EAS CHB 2.43% 0.63% 

sEAS CHS 2.86% 0.95% 

EAS JPT 12.50% 1.92% 

EAS KHV 3.54% 1.01% 

EUR CEU 2.53% 0.67% 

EUR FIN 13.13% 2.02% 

EUR GBR 1.65% 1.10% 

EUR IBS 1.88% 0.63% 

EUR TSI 2.80% 0.94% 

SAS BEB 2.33% 1.16% 

SAS GIH 6.80% 1.46% 

SAS ITU 3.43% 0.98% 

SAS PJL 4.17% 1.04% 

SAS STU 4.70% 0.98% 

Note. “95%ile” represents the 95th percentile frequency for 4fd SNPs unique to a given 

population. 
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Table 5.3 

 

Distribution of population-specific candidate adaptive polymorphisms (pop-CAPs) for 

each allele frequency (AF) based neutrality threshold 

Super 

Group 
Population 

Number of eForbs with AF greater than 

Maximum 4fd AF 95%ile 4fd AF 

AFR ACB 0 84 

AFR ASW 3 44 

AFR ESN 2 188 

AFR GWD 1 606 

AFR LWK 4 599 

AFR MSL 1 395 

AFR YRI 0 120 

AMR CLM 2 483 

AMR MXL 0 519 

AMR PEL 0 227 

AMR PUR 1 763 

EAS CDX 0 404 

EAS CHB 1 620 

EAS CHS 1 98 

EAS JPT 0 437 

EAS KHV 1 246 

EUR CEU 0 340 

EUR FIN 0 251 

EUR GBR 6 50 

EUR IBS 1 458 

EUR TSI 0 133 

SAS BEB 1 81 

SAS GIH 0 310 

SAS ITU 2 290 

SAS PJL 4 395 

SAS STU 1 429 
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5.4. Functional Classes Under Selection in Populations 

We examined the biological processes affected by selection in the human populations by 

analyzing the gene ontology classifications for the genes containing pop-CAPs in each 

population. For each biological process category found in the gene ontology, we counted 

the number of pop-CAPs found per site associated with the category. For all pop-CAP 

contain genes, the top five high level biological processes affected by positive selection 

(Table 5.4) were Growth, Pigmentation, Cell proliferation, Immune system process, and 

Reproduction – biological processes that are commonly implicated in human adaptation, 

and were also found to be enriched for global CAPs in humans (Patel et al. 2018).  

Given the nature of our analysis, specific adaptive variants would never be found 

in multiple populations. However, the actual phenotype under selection could be shared 

between populations because there are multiple mutations that can lead to a given 

Table 5.4 

 

Top 10 first-level biological process gene ontology (GO) terms for genes containing 

pop CAPs, ranked by the normalized number of pop CAPs in each category 

Biological Process GO ID # pop-CAPs 
# pop-CAPS 

per 1,000 AAs 

Growth GO:0040007 61 1.180 

Pigmentation GO:0043473 2 1.041 

Reproduction GO:0000003 143 0.942 

Cell proliferation GO:0008283 38 0.920 

Immune system process GO:0002376 176 0.900 

Multi-organism process GO:0051704 50 0.857 

Biological adhesion GO:0022610 172 0.848 

Multicellular organismal process GO:0032501 463 0.819 

Developmental process GO:0032502 577 0.817 

Response to stimulus GO:0050896 1183 0.815 

Note. Top level PANTHER GO-slim terms were used for counting the total number of 

pop-CAPs and amino acid positions encoded (# AAs) by genes in each category. 
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phenotypic change. Without sharing the same mutational change, these mutations can 

confer the same or similar phenotype with mutations in the same gene, or even affecting 

the same molecular pathway. For example, immunity is constantly evolving, and many 

changes would be considered adaptive (Daub et al. 2013). Similarly, LCT has multiple 

separate adaptive variants conferring the same lactose-tolerance advantage (Tishkoff et al. 

2007). 

So, we checked how many pop-CAP containing genes were shared among the 

populations, and what biological functions those were associated with. We found that the 

majority (~71%) of pop-CAP containing genes were found to only have pop-CAPs in one 

population (Figure 5.1a). However, >1,700 such pop-CAP containing genes (1,761) were 

in fact found to have pop-CAPs in multiple (> 2) populations. We also examined the 

distribution of pop-CAPs found in a given gene (Figure 5.1b). Again, we found that the 

majority (~69%) of pop-CAP containing genes only contained one pop-CAP across all 

human populations. Still, thousands of genes were found to contain multiple pop-CAPs 

(not necessarily all within one population). While most potentially adaptive variants are 

unique to a population, as would be expected given the variety of environments to which 

humans are exposed, and adaptations would evolve in, we do find that a large number of 

genes are found to contain multiple adaptive variants, as well as appear adaptive in multiple 

populations. This could suggest that there may be some underlying pathways (molecular 

mechanisms, etc.) that are prone to adaptation in humans, regardless of varying 

environmental pressures. 
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5.5. Functionally Associated Polymorphisms 

In lieu of traditional functional evaluation of pop-CAPs for a given population, i.e., in vitro 

or in vivo assaying of function, which would be neither practical nor feasible for the 

thousands of variants we have detected in populations, we searched the literature for 

existing functional evidence of pop-CAPs. We successfully used the methodology 

previously when we examined the human exome for CAPs across all human populations 

to identify thousands of phenotype associations with predicted adaptive variants (Patel et 

al. 2018). We did not find phenotype-associations, following Patel et al. (2018), in existing 

genotype association catalogs. This result was not unexpected, however, as pop-CAPs have 

low frequency globally by virtue of being population-specific.  

Figure 5.1: Distribution of (a) pop-CAP containing genes across multiple human 

populations and (b) pop-CAPs per gene. The majority of protein coding genes only contain 

pop-CAPs for a single population, and most genes only contain one pop-CAP. 

A B 
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So, as an alternative validation of our approach, we instead turned to commonly 

used variant annotation tools, SIFT and PolyPhen, to predict the functional nature of the 

pop-CAP mutations. Of the 32 most compelling pop-CAPs (those with AF higher than all 

4fd SNPs), only six (Table 5.5) were classified as functionally benign or tolerated, i.e., 

neutral. This substantiation of eForbs as non-neutral, coupled with the pop-CAPs’ 

unexpectedly high AFs, is in accord with the use of pop-EPA to detect strong candidates 

of adaptation in humans. 

5.6. Exploring Contributions of Genetic and Population Processes  

While changes at 4fd sites are expected to be selectively neutral since there is no amino 

acid change in the protein, these 4fd SNPs we are using as our neutral sentinels may not be 

drifting in frequency expected of a strictly, non-functional, neutral allele. For example, 4fd 

degenerate sites found at splicing boundaries are known to be more conserved than their 

non-splicing 4fd counterparts. Polymorphisms at such 4fd sites would have lower AF than 

expected due to negative selection against modifications to an established splice site. It is 

also possible that some 4fd polymorphisms in a population would be found at higher 

frequencies than expected due to hypermutation at CpG sites. Further, selection may be 

acting on the amino acid coded by the 4fd itself, distorting the AF in unexpected ways. 

Finally, it is possible that 4fd sites are found on the background of another selected allele 

and have higher AF than expected due to linked selection (hitchhiking). So, we explored 

the impact of each on the classification of pop-CAPs. 
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Table 5.5 

 

Pathogenicity predictions for psopulation-specific candidate adaptive polymorphisms 

(pop CAPs) with allele frequency (AF) higher than all population-specific 4fd SNPs 

Super 

Group 
Population 

Population-specific CAP SIFT PolyPhen 

Protein SNP ID AF Pred Score Pred Score 

AFR ASW GFRA3 rs145404632 3.3% T 0.06 PrD 0.99 

AFR ASW RCSD1 rs146544065 3.3% D 0 PrD 0.99 

AFR ASW KIF19 rs200024337 3.3% D 0.02 PrD 1 

AFR ESN ASB9 rs780881880 3.4% T 0.25 B 0.04 

AFR ESN BEND2 rs139599869 3.4% D 0 PrD 0.99 

AFR GWD YME1L1 rs145456417 4.9% T 0.5 B 0.01 

AFR LWK FAM13B rs112167634 9.1% D 0 PrD 0.99 

AFR LWK OR7A5 rs138862455 7.1% DLC 0.02 B 0.16 

AFR LWK CENPJ rs148716987 7.1% D 0 PoD 0.74 

AFR LWK IGSF22 rs141254222 7.1% T 0.11 PoD 0.60 

AFR MSL OPA1 rs143918255 5.3% T 0.29 B 0.00 

AMR CLM RCC1 rs35620401 4.8% D 0.04 B 0.38 

AMR CLM MZF1 rs191877920 6.4% D 0 PrD 0.99 

AMR PUR HINT2 rs140465805 5.8% D 0 PrD 0.99 

EAS CHB CCR7 rs187022118 2.9% T 0.06 PoD 0.80 

EAS KHV PROM2 rs546884538 4.0% T 0.05 B 0.12 

EUR GBR TMPRSS2 rs138651919 2.2% T 0.21 PoD 0.83 

EUR GBR ZNF692 rs199956332 2.2% D 0 PrD 0.99 

EUR GBR DEFA3 rs200135117 2.2% T 0.16 PrD 0.95 

EUR GBR DACH1 rs148288565 2.2% TLC 0.19 B 0.02 

EUR GBR ABCA13 rs148650358 2.2% D 0 PrD 1 

EUR GBR HS3ST5 rs148289240 2.7% D 0.03 PoD 0.63 

EUR IBS SLC29A4 rs145276221 2.3% DLC 0 PoD 0.85 

SAS BEB DOCK3 rs201507848 3.5% TLC 0.1 B 0.16 

SAS ITU LRRC27 rs535203269 4.9% D 0 PrD 0.99 

SAS ITU PLXNA3 rs781857058 3.4% D 0 PoD 0.47 

SAS PJL MAP3K15 rs201314812 4.9% D 0.01 PoD 0.89 

SAS PJL ANO7 rs142622065 4.7% D 0 PrD 1 

SAS PJL BCL2L10 rs564303916 4.7% T 0.07 PoD 0.64 

SAS PJL SDHAF4 rs34711085 4.7% D 0.02 PrD 0.98 
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Table 5.5 

 

Pathogenicity predictions for psopulation-specific candidate adaptive polymorphisms 

(pop CAPs) with allele frequency (AF) higher than all population-specific 4fd SNPs 

Super 

Group 
Population 

Population-specific CAP SIFT PolyPhen 

Protein SNP ID AF Pred Score Pred Score 

SAS STU SENP3 rs369488631 4.9% DLC 0.01 B 0.403 

Note. Pathogenicity predictions using SIFT and PolyPhen are classified by term (Pred.) 

and given a score; SIFT: tolerated (T), deleterious (D), deleterious-low confidence 

(DLC); PolyPhen: benign (B), Possibly Damaging (PoD), Probably Damaging (PrD). 

 

5.6.1. Evolutionarily forbidden residues at four-fold degenerate sites 

We previously showed that low EP alleles (EP < 0.05) are very unlikely to be observed in 

humans under neutral evolution and are considered evolutionarily forbidden (Patel et al. 

2018). Although a single amino acid would be observed at polymorphic 4fd sites, making 

any variants selective equivalent, we did not want to discount the unpredictable effects of 

selection on an evolutionary forbidden amino acid, and thus, our empirical distribution of 

neutral alleles. We collected EP for each amino acid coded at 4fd positions used in our 

analyses. Only 1.6% of 4fd sites were found to be in evolutionarily forbidden amino acids. 

In any given population, no more than 1.86% of population-specific 4fd polymorphic sites 

were found in evolutionarily forbidden alleles. We confirmed that these forbidden alleles 

would not affect our analyses by removing them from the 4fd used to calculate the expected 

neutral AF distribution. Unsurprisingly, the distribution did not change, with all but one 

population showing 0.02% change in the 95%ile cutoff (upper tail) used for classifying 

pop-CAPs (one population decreased the threshold by 0.2%); the same pop-CAPs were 

identified even with the evolutionarily forbidden alleles removed. 
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5.6.2. Mutation rate variation 

686 (~0.59%) of population-specific 4fd sites, and 3,435 (~0.95%) of population-specific 

missense sites were found at splice donor or acceptor sites. Excluding these sites in 

estimation of neutral AF thresholds resulted in minor changes in pop-CAP AF threshold 

(< 0.01% for any population), and the same pop-CAPs were detected when splice sites 

were excluded from analyses.  

 CpG sites are known to have a higher mutation rate than non-CpG sites. As such, 

4fd sites that are also CpG sites may have higher or lower frequencies than expected, 

depending on whether the observed population specific mutation is found at a CpG site 

(CpG → TpG mutation) which would shift the neutral AF distribution right (i.e., higher 

AF), or results in a new CpG site that is favored to change away from the observed mutation 

(CpG → X; which would shift the neutral AF distribution left, i.e., lower AF). There are 

many ways in which a site can be associated with CpG hypermutability based on the CpG 

state (CpG, TpG) of the ancestral and derived alleles, but only one way that a site is 

completely free of CpG effects (CpG-free): both ancestral and derived alleles are non-CpG 

related (not CpG or TpG). To confirm that our analysis did not distort the empirical neutral 

distribution, we re-calculated the empirical neutral distribution only including the CpG-

free sites. We found that only 39.8% of population specific 4fd polymorphic sites were 

CpG-free. Despite this, the 95%ile thresholds for classifying pop-CAPs did not change for 

any populations, and pop-CAP classifications were unaffected. 

5.6.3. Hitchhiking effects 

Within a given population, pop-CAPs are not likely to reach artificially high frequencies 

via hitchhiking with other pop-CAPs. For each population, we calculated the physical 

distance between pop-CAPs on the same chromosome to determine whether pop-CAPs 
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were in close enough proximity to affect frequencies of each other. For all 26 populations, 

we found that no more than 4% of distances were < 600 kbp, length of an unexpected large 

haplotype swept to fixation due to positive selection. In fact, most of the populations (24 

of 26) had no more than ~3% (2.75%) of distances < 600 kbp, indicating that pop-CAPs 

were not likely close enough to hitchhike with one another, which would lead to false 

positive pop-CAPs.  

5.7. Concluding Remarks 

The neutral theory of molecular evolution (NTME) posits that the vast majority of 

substitutions between species are neutral. Naturally, absence of specific substitutions at a 

position can be indicative of their non-neutral effects. It also follows that the alleles that 

become fixed differences between species did so by drift, the dominant force, or under the 

effects of selection experienced at the population level. Alleles that are deleterious are not 

expected to reach allele frequencies higher than those of neutral alleles. Consequently, 

alleles that have reached frequencies higher than expected by neutrality have likely done 

so under the influence of positive selection due to a selective advantage that they confer. 

The issue then is to determine the expected frequencies for neutral variation in a population. 

We use EP to decipher the neutrality of an allele. Leveraging the predictions of 

NTME in a mathematical framework, EP provides the neutral expectation of the acceptance 

of an allele at a position for a given species. In humans, it was previously shown that alleles 

with EP < 0.05 are expected to be found at less than 0.1% of strictly neutrally evolving 

human protein sequences (Patel et al. 2018). Also, we previously noted that EP and AF 

have strong correlation in humans (Patel et al. 2018; Patel and Kumar 2019), suggesting 

that low EP alleles have a hard time reaching high frequencies due to negative selection. 

The preponderance of human disease-associated variation with low EP (Kumar and Patel 
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2018) underscores the relationship of EP with functional information. So, we can filter 

putatively non-neutral alleles from the empirical distribution of allele frequencies to 

determine an expected range of neutral alleles of a certain type. This approach uniquely 

integrates long-term evolutionary history with population genetic principles to address the 

challenge of identifying positive selection in action at very recent time scales.  

The lack of existing genotype-phenotype associates is unsatisfying but is not 

unexpected. Routinely, such association studies (e.g., GWAS) have used SNP arrays to 

profile groups with and without a given phenotype. This results in an ascertainment bias 

against low frequency variants, as these often are not included in a SNP array, and provides 

power only to identify associations based on common variants (McCarthy et al. 2008). 

Additionally, these studies would only be applicable to populations for which the arrays 

were designed, which traditionally have focused on European populations, leaving a large 

dearth of literature and associations for the rest of the populations (Need and Goldstein 

2009). Thus, in this case, and as is often true, an absence of associations with our list of 

pop-CAPs does not indicate that pop-CAPs are not phenotype-associated in their respective 

populations. 

As more genotype-phenotype associations are found in yet under-studied 

populations, we expect that evolutionarily unexpected variation will be found to be 

functional (phenotype impacting), these pop-CAPs identified included. However, we 

expect that pop-CAPs will not often be the alleles associated with a detrimental phenotype, 

but instead the alternatives that prevent or protect against such a phenotype. 

Here, we have produced a catalog of potentially adaptive variation specific to 

various human populations. This variation is expected to be currently contributing to the 

local adaptation of human phenotypes to the variety of environments humans have 

experience as they have expanded and diverged across the globe. In understanding 

population specific phenotypes, researchers can prioritize variation in this catalog. 
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Very recent adaptation is of great interest to researchers because it provides a 

unique insight. Specifically, it illuminates adaptation in-action for species where it is 

difficult to do so (i.e., humans and other long-generation species); in these cases, our 

understanding of adaptation is no longer limited to those alleles that reach fixation. Alleles 

that are currently (or recently) adaptive can be understood in the context of the current 

environment. Such alleles could have become detrimental due to changes in environmental 

pressures and been lost, and certainly many such events must have happened. As such, 

identifying contemporaneous adaptive variation has extensive implications for 

understanding the mechanisms of natural selection in a population. 
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Table A.1 

 

Known adaptive missense polymorphisms with their eForb status using both the 

Original and Modified EP methods 

Protein 
SNP 

Identifier 
Phenotype 

Is eForb? 

Original EP Modified EP  

ALMS1 

rs10193972 insulin resistance yes yes 

rs2056486 insulin resistance yes yes 

rs3813227 insulin resistance yes yes 

rs6546837 insulin resistance yes yes 

rs6546838 insulin resistance yes yes 

rs6546839 insulin resistance yes yes 

rs6724782 insulin resistance yes yes 

APOL1 rs73885319 Trypanosoma resistance no yes 

DARC rs12075 malaria resistance yes yes 

EDAR rs3827760 eccrine glands yes yes 

G6PD 
rs1050828 malaria resistance yes yes 

rs1050829 malaria resistance yes yes 

HBB rs334 malaria resistance yes yes 

MC1R 

rs1805007 skin pigmentation yes yes 

rs1805008 skin pigmentation yes yes 

rs885479 skin pigmentation yes yes 

SLC24A5 rs1426654 skin pigmentation yes yes 

SLC45A2 rs16891982 skin pigmentation yes yes 

TLR4 
rs4986790 immune response yes yes 

rs4986791 pathogen recognition yes yes 

TLR5 rs5744174 immune response no no 

TRPV6 

rs4987657 dietary calcium absorption yes yes 

rs4987667 dietary calcium absorption yes yes 

rs4987682 dietary calcium absorption yes yes 
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Table A.2 

 

Known adaptive missense polymorphisms and their CAP status, along with functional information 

Gene 
SNP  

identifier 
CAP?  P-value 

Evolutionary Prob.  Allele Frequency 
Phenotype 

Source 

PMIDs Reference Alternate Reference Alternate 

ALMS1 rs10193972 yes  < 0.02 0.01 0.22  65% 35% 
insulin 

resistance 
19279085 

ALMS1 rs2056486 yes  < 0.02 0.01 0.88  65% 35% 
insulin 

resistance 
19279085 

ALMS1 rs3813227 yes  < 0.02 0.01 0.80  64% 36% 
insulin 

resistance 
19279085 

ALMS1 rs6546837 yes  < 0.02 0.01 0.84  64% 36% 
insulin 

resistance 
19279085 

ALMS1 rs6546838 yes  < 0.02 0.01 0.64  65% 35% 
insulin 

resistance 
19279085 

ALMS1 rs6546839 yes  < 0.02 0.00 0.93  64% 36% 
insulin 

resistance 
19279085 

ALMS1 rs6724782 yes  < 0.02 0.01 0.74  64% 36% 
insulin 

resistance 
19279085 

APOL1 rs73885319 no  n/a 0.33 0.48  93% 7% 
Trypanosoma 

resistance 
20635188 

DARC rs12075 yes  < 0.02 0.03 0.73  46% 54% 
malaria 

resistance 

20040767 

19737746 

EDAR rs3827760 yes  < 0.03 0.84 0.00  76% 24% 
eccrine 

glands 
23415220 

G6PD rs1050828 no  > 0.05 0.99 0.00  96% 4% 
malaria 

resistance 
20459687 

G6PD rs1050829 yes  < 0.03 0.84 0.03  91% 9% 
malaria 

resistance 
20459687 
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Table A.2 

 

Known adaptive missense polymorphisms and their CAP status, along with functional information 

Gene 
SNP  

identifier 
CAP?  P-value 

Evolutionary Prob.  Allele Frequency 
Phenotype 

Source 

PMIDs Reference Alternate Reference Alternate 

HBB rs334 no  n/a 0.69 0.01  97% 3% 
malaria 

resistance 
19465909 

MC1R rs1805007 no  n/a 0.96 0.00  98% 2% 
skin 

pigmentation 
17952075 

MC1R rs1805008 no  n/a 0.96 0.00  99% 1% 
skin 

pigmentation 
17952075 

MC1R rs885479 yes  < 0.03 0.59 0.01  81% 19% 
skin 

pigmentation 
19503611 

SLC24A5 rs1426654 yes  < 0.02 0.00 0.98  44% 56% 
skin 

pigmentation 
21050833 

SLC45A2 rs16891982 yes  < 0.02 0.86 0.00  72% 28% 
skin 

pigmentation 

23771755 

19503611 

TLR4 rs4986790 yes  < 0.04 0.70 0.02  94% 6% 
immune 

response 
10835634 

TLR4 rs4986791 no  n/a 0.24 0.58  71% 29% 
pathogen 

recognition 
16470719 

TLR5 rs5744174 no  > 0.05 0.75 0.01  96% 4% 
immune 

response 
10835634 

TRPV6 rs4987657 yes  < 0.01 0.03 0.10  81% 19% 

dietary 

calcium 

absorption 

16717058 

TRPV6 rs4987667 yes  < 0.01 0.01 0.88  81% 19% 

dietary 

calcium 

absorption 

16717058 
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Table A.2 

 

Known adaptive missense polymorphisms and their CAP status, along with functional information 

Gene 
SNP  

identifier 
CAP?  P-value 

Evolutionary Prob.  Allele Frequency 
Phenotype 

Source 

PMIDs Reference Alternate Reference Alternate 

TRPV6 rs4987682 yes  < 0.01 0.01 0.83  81% 19% 

dietary 

calcium 

absorption 

16717058 

Note: A CAP is an amino acid polymorphism with the evolutionary probability (EP) < 0.05 and population allele frequency 

(AF) > 5%. n/a marks alleles for which at least one of these two conditions was not met. The reference allele corresponds to 

hg19, the alternative allele corresponds to the non-references allele that segregates in the Phase 3 of the 1000 Genomes project. 
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Table A.3 

 

Predicted adaptive missense variants from genome scans 

Gene SNP identifier CAP? P-value 
Evolutionary Prob.  Allele Frequency 

Reference Alternate  Reference Alternate 

AP4B1 rs1217401 yes < 0.03 0.89 0.00  63% 37% 

ARHGEF3 rs3772219 yes < 0.02 0.97 0.02  59% 41% 

BFAR rs11546303 yes < 0.02 0.00 0.95  75% 25% 

BTLA rs9288952 no > 0.05 0.26 0.09  35% 65% 

C12orf29 rs9262 no > 0.05 0.11 0.77  49% 51% 

C9orf156 rs2282192 yes < 0.02 0.75 0.03  41% 59% 

CCDC14 rs17310144 yes < 0.03 0.73 0.01  70% 30% 

CTNS rs161350 n/a n/a n/a n/a  n/a n/a 

EDAR rs3827760 yes < 0.03 0.84 0.00  76% 24% 

GABRR1 rs12200969 yes < 0.02 0.00 0.81  70% 30% 

GPATCH1 rs16967805 no > 0.05 0.84 0.00  100% 0% 

ITGAE rs2272606 yes < 0.02 0.91 0.01  45% 55% 

ITGAE rs2976230 yes < 0.03 0.68 0.05  72% 28% 

ITPR3 rs2229642 yes < 0.02 0.00 0.79  42% 58% 

LIMCH1 rs73135482 n/a n/a n/a n/a  n/a n/a 

LIMCH1 rs11738372 n/a n/a n/a n/a  n/a n/a 

PCDH15 rs4935502 yes < 0.03 0.85 0.00  65% 35% 

PRCC rs11264554 n/a n/a n/a n/a  n/a n/a 

PRSS1 rs3752404 n/a n/a n/a n/a  n/a n/a 

PTX4 rs2745098 yes < 0.02 0.01 0.28  50% 50% 

SETX rs1056899 yes < 0.02 0.01 0.70  46% 54% 

SHMT1 rs1979277 yes < 0.03 0.61 0.01  77% 23% 

SLC24A5 rs1426654 yes < 0.02 0.00 0.98  44% 56% 

SLC30A9 rs1047626 yes < 0.02 0.89 0.01  37% 63% 
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Table A.3 

 

Predicted adaptive missense variants from genome scans 

SLC45A2 rs16891982 yes < 0.03 0.86 0.00  72% 28% 

SLCO1B3 rs4149117 yes < 0.03 0.01 0.86  30% 70% 

SULT1C4 rs1402467 yes < 0.02 0.01 0.25  59% 41% 

TDRD12 rs11881633 n/a n/a n/a n/a  n/a n/a 

TIPIN rs2063690 yes < 0.04 0.98 0.00  86% 14% 

TLR5 rs5744174 no > 0.05 0.24 0.58  71% 29% 

UHRF1BP1 rs11755393 no > 0.05 0.11 0.78  53% 47% 

WDR4 rs6586250 yes < 0.03 0.42 0.04  77% 23% 

WDR87 rs34785154 yes < 0.03 0.36 0.02  75% 25% 

WWOX rs12918952 yes < 0.03 0.96 0.00  73% 27% 

ZNF738 rs1142653 n/a n/a n/a n/a  n/a n/a 

Note: Data from (Grossman et al. 2013) A CAP is an amino acid polymorphism with the evolutionary probability (EP) < 0.05 

and population allele frequency (AF) > 5%. The reference allele corresponds to hg19, the alternative allele corresponds to the 

non-reference allele that segregates in Phase 3 data of the 1000 Genomes project. In addition, n/a refers to variants that did not 

map to coding proteins with NP IDs in NCBI and, therefore, do not have EP values. rs12918952 is the same as rs11545029. 
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Table A.4 

 

Candidate adaptive polymorphisms with discrete-trait phenotype associations 

Gene SNP ID 

CAP 

Allele 

Evolutionary 

Probability 

Allele 

Frequency P-value 

CAP 

Odds 

Ratio Disease/Trait PubMed ID 

LOXL1 rs3825942 D 0.02 25% < 0.03 0.05 Glaucoma 17690259 

MC1R rs1805007 S 0.00 98% < 0.02 0.08 Red vs non-red hair color 17952075 

TCHH rs11803731 V 0.01 7% < 0.04 0.16 Hair morphology 19896111 

TBC1D

21 rs16958445 Q 0.03 6% < 0.04 0.19 

Exfoliation glaucoma or 

exfoliation syndrome 24938310 

APOE rs429358 C 0.01 85% < 0.02 0.21 

Cerebral amyloid 

deposition positivity 26252872 

ERAP1 rs17482078 Q 0.00 10% < 0.04 0.22 Behcet's disease 23291587 

TYR, rs1042602 Y 0.00 12% < 0.04 0.23 Skin pigmentation 17999355 

ADO rs2236295 W 0.01 21% < 0.03 0.24 

Venlafaxine response in 

generalised anxiety 

disorder 28437668 

C6orf10 rs7775397 K 0.01 98% < 0.02 0.26 

Idiopathic membranous 

nephropathy 21323541 

PARD3

B rs79648531 K 0.00 100% < 0.01 0.28 

Venous thromboembolism 

adjusted for sickle cell 

variant rs77121243-T 28203683 

CERCA

M rs61732491 A 0.01 95% < 0.02 0.30 

Systemic lupus 

erythematosus 26606652 

IL17F rs763780 R 0.03 9% < 0.04 0.30 

Response to gemcitabine 

in pancreatic cancer 22142827 

EGFL8 rs3096697 K 0.00 16% < 0.03 0.39 

Idiopathic membranous 

nephropathy 21323541 
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Table A.4 

 

Candidate adaptive polymorphisms with discrete-trait phenotype associations 

Gene SNP ID 

CAP 

Allele 

Evolutionary 

Probability 

Allele 

Frequency P-value 

CAP 

Odds 

Ratio Disease/Trait PubMed ID 

TPCN2 rs35264875 L 0.04 90% < 0.02 0.40 Blond vs. brown hair color 18488028 

ARMS2 rs10490924 S 0.01 29% < 0.03 0.44 

Age-related macular 

degeneration 23577725 

ABCG8 rs11887534 H 0.00 94% < 0.02 0.45 Gallstone disease 17632509 

THEMI

S rs675531 I 0.01 54% < 0.02 0.46 

Recalcitrant atopic 

dermatitis 25935106 

PNPLA

3 rs738409 M 0.01 74% < 0.02 0.46 Cirrhosis 26482880 

SERPIN

A1 rs28929474 E 0.00 100% < 0.01 0.46 

Antineutrophil 

cytoplasmic antibody-

associated vasculitis 28029757 

PNP rs1049564 G 0.00 80% < 0.02 0.48 

Interferon alpha levels in 

systemic lupus 

erythematosus 25338677 

TNFAIP

3 rs2230926 C 0.00 14% < 0.04 0.58 

Systemic lupus 

erythematosus 19838193 

STAT2 rs2066807 M 0.01 97% < 0.02 0.65 Psoriasis 25903422 

PCDH1

5 rs10825269 G 0.01 76% < 0.02 0.65 Irritable bowel syndrome 24797007 

TYR rs1126809 Q 0.00 8% < 0.04 0.67 Vitiligo 27723757 

IRF6 rs2235371 I 0.00 13% < 0.04 0.67 

Nonsyndromic cleft lip 

with or without cleft palate 25775280 

CSMD1 rs28455997 S 0.01 8% < 0.04 0.68 Periodontitis 24024966 
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Table A.4 

 

Candidate adaptive polymorphisms with discrete-trait phenotype associations 

Gene SNP ID 

CAP 

Allele 

Evolutionary 

Probability 

Allele 

Frequency P-value 

CAP 

Odds 

Ratio Disease/Trait PubMed ID 

FCGR2

A rs1801274 R 0.02 44% < 0.02 0.68 Kawasaki disease 28886140 

ULK4 rs2272007 R 0.00 68% < 0.02 0.68 Multiple myeloma 23502783 

FARP2 rs757978 N 0.00 8% < 0.04 0.68 

Chronic lymphocytic 

leukemia 22700719 

NRP1 rs2228638 I 0.01 11% < 0.04 0.69 Tetralogy of Fallot 23297363 

PSMB8 rs2071543 K 0.00 15% < 0.03 0.71 IgA nephropathy 25305756 

NPC1 rs1805081 R 0.01 22% < 0.03 0.71 Obesity 19151714 

ADH1B rs2066702 C 0.00 5% < 0.04 0.72 Alcohol dependence 24166409 

RNF43 rs2257205 L 0.01 23% < 0.03 0.72 Pancreatic cancer 20686608 

C1QTN

F6 rs229527 A 0.03 45% < 0.02 0.72 Vitiligo 20410501 

ATM rs1800057 R 0.00 99% < 0.01 0.72 Renal cell carcinoma 28598434 

PLCE1 rs3765524 T 0.00 69% < 0.02 0.74 

Esophageal cancer and 

gastric cancer 20729852 

PLCE1 rs2274223 H 0.01 70% < 0.02 0.74 

Esophageal squamous cell 

carcinoma 25129146 

GPANK

1 rs3130618 L 0.00 13% < 0.04 0.75 Febrile seizures 25344690 

ULK4 rs1052501 A 0.01 31% < 0.03 0.76 Multiple myeloma 22120009 

POM12

1L2 rs16897515 C 0.00 14% < 0.03 0.77 Schizophrenia 23894747 
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Table A.4 

 

Candidate adaptive polymorphisms with discrete-trait phenotype associations 

Gene SNP ID 

CAP 

Allele 

Evolutionary 

Probability 

Allele 

Frequency P-value 

CAP 

Odds 

Ratio Disease/Trait PubMed ID 

PRRC2

A rs1046089 H 0.00 39% < 0.03 0.77 Schizophrenia 23894747 

WDFY4 rs7097397 Q 0.01 36% < 0.03 0.77 

Systemic lupus 

erythematosus 20169177 

LIPC rs6083 S 0.02 61% < 0.02 0.78 Schizophrenia 26198764 

IL16 rs11556218 K 0.01 15% < 0.03 0.78 Primary biliary cholangitis 28425483 

KLRC4 rs2617170 S 0.01 56% < 0.02 0.78 Behcet's disease 23291587 

TYK2 rs2304256 F 0.01 27% < 0.03 0.79 Primary biliary cholangitis 26394269 

CDHR3 rs6967330 C 0.00 82% < 0.02 0.79 Asthma 24241537 

FARP2 rs41342147 I 0.00 8% < 0.04 0.80 Vitiligo 27723757 

AGER rs2070600 S 0.00 7% < 0.04 0.81 

Chronic obstructive 

pulmonary disease 28166215 

LRRC3

4 rs6793295 R 0.01 42% < 0.02 0.81 Thyroid cancer 28195142 

PIP4K2

A rs2230469 S 0.02 21% < 0.03 0.81 

Acute lymphoblastic 

leukemia 23996088 

CERS2 rs267738 A 0.00 7% < 0.04 0.81 

Rhegmatogenous retinal 

detachment 23585552 

ANKLE

1 rs2363956 L 0.05 54% < 0.02 0.82 Breast cancer 24325915 

SLC44

A2 rs2288904 Q 0.00 18% < 0.03 0.83 Venous thromboembolism 25772935 
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Candidate adaptive polymorphisms with discrete-trait phenotype associations 

Gene SNP ID 

CAP 

Allele 

Evolutionary 

Probability 

Allele 

Frequency P-value 

CAP 

Odds 

Ratio Disease/Trait PubMed ID 

COL11

A1 rs3753841 L 0.00 50% < 0.02 0.83 Glaucoma 27064256 

MST1 rs3197999 C 0.01 19% < 0.03 0.83 Ulcerative colitis 20228799 

TNFSF1

3, rs3803800 S 0.01 56% < 0.02 0.83 IgA nephropathy 22197929 

NFKBI

E rs2233434 V 0.01 93% < 0.02 0.83 Rheumatoid arthritis 23028356 

RTKN2 rs3125734 R 0.01 59% < 0.02 0.83 Rheumatoid arthritis 23028356 

LRRC3

4 rs10936600 I 0.00 27% < 0.03 0.83 Multiple myeloma 27363682 

IFIH1 rs1990760 T 0.05 36% < 0.03 0.83 Type 1 diabetes 21829393 

SLC16

A11 rs75418188 S 0.01 6% < 0.04 0.83 Type 2 diabetes 26818947 

ST5 rs3812762 E 0.00 27% < 0.03 0.84 Hypospadias 25108383 

FUT2 rs1047781 F 0.00 91% < 0.02 0.84 Psoriasis 25574825 

TAOK3 rs428073 S 0.01 27% < 0.03 0.85 

Systemic lupus 

erythematosus 19838195 

IL7R rs6897932 I 0.03 17% < 0.03 0.85 Multiple sclerosis 17660530 

IL17RE

L rs5771069 L 0.01 39% < 0.03 0.85 Ulcerative colitis 20228798 

KIAA14

62 rs3739998 T 0.02 25% < 0.03 0.87 Coronary heart disease 21088011 

THADA rs7578597 A 0.00 14% < 0.04 0.87 Type 2 diabetes 18372903 
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Candidate adaptive polymorphisms with discrete-trait phenotype associations 

Gene SNP ID 

CAP 

Allele 

Evolutionary 

Probability 

Allele 

Frequency P-value 

CAP 

Odds 

Ratio Disease/Trait PubMed ID 

MMP17 rs6598163 T 0.02 45% < 0.02 0.87 Migraine 22683712 

APOE rs7412 C 0.01 8% < 0.04 0.87 Coronary artery disease 28714975 

ABCA7 rs3752246 G 0.01 83% < 0.02 0.87 Alzheimer's disease 21460841 

BTN2A

1 rs3734542 P 0.01 96% < 0.02 0.87 

Lung cancer in ever 

smokers 28604730 

MLPH rs2292884 H 0.03 63% < 0.02 0.88 Prostate cancer 21743057 

ANKLE

1 rs8100241 T 0.01 43% < 0.02 0.88 Breast cancer 22976474 

YDJC rs2298428 T 0.00 22% < 0.03 0.88 Celiac disease 20190752 

CD226 rs763361 C 0.01 47% < 0.02 0.89 Type 1 diabetes 21829393 

GCKR rs1260326 L 0.01 29% < 0.03 0.89 Gallstone disease 27094239 

CASP8 rs3769823 R 0.01 65% < 0.02 0.89 Basal cell carcinoma 28177523 

HLA-B rs1050529 T 0.01 21% < 0.03 0.90 Basal cell carcinoma 27539887 

DKKL1 rs2303759 R 0.01 32% < 0.03 0.90 Multiple sclerosis 21833088 

MPV17

L2 rs874628 V 0.01 17% < 0.03 0.90 Multiple sclerosis 21833088 

SH2B3 rs3184504 W 0.00 15% < 0.03 0.91 

Colorectal or endometrial 

cancer 26621817 

TUBD1 rs1292053 M 0.00 52% < 0.02 0.91 Crohn's disease 26192919 

ZC3HC

1 rs11556924 H 0.00 16% < 0.03 0.92 Coronary heart disease 21378990 

CD6 rs11230563 W 0.00 35% < 0.03 0.92 Crohn's disease 26192919 
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Candidate adaptive polymorphisms with discrete-trait phenotype associations 

Gene SNP ID 

CAP 

Allele 

Evolutionary 

Probability 

Allele 

Frequency P-value 

CAP 

Odds 

Ratio Disease/Trait PubMed ID 

ADAM

TSL3 rs950169 I 0.00 13% < 0.04 0.92 Schizophrenia 26198764 

PLAU rs2227564 L 0.04 22% < 0.03 0.92 

Inflammatory bowel 

disease 23128233 

IL6R rs2228145 A 0.01 29% < 0.03 0.93 Rheumatoid arthritis 24390342 

SFTPD rs721917 M 0.03 50% < 0.02 0.93 

Chronic obstructive 

pulmonary disease 28166215 

ADAM

30 rs2641348 P 0.01 20% < 0.03 0.93 

Inflammatory bowel 

disease 26192919 

FAM10

5A rs16903574 L 0.01 98% < 0.02 0.93 Allergic disease 29083406 

SH2B1 rs7498665 S 0.00 74% < 0.02 0.93 Obesity 23563607 

POC5 rs2307111 H 0.00 38% < 0.03 0.93 Obesity 23563607 

DCLRE

1B rs11552449 Y 0.01 76% < 0.02 0.93 Breast cancer 23535729 

BDNF, rs6265 M 0.00 20% < 0.03 0.94 Smoking behavior 20418890 

RNF213 rs17857135 M 0.01 79% < 0.02 0.94 Migraine 27322543 

AKAP9 rs6964587 M 0.01 63% < 0.02 0.95 Breast cancer 25751625 

INHBC rs2229357 Q 0.00 13% < 0.04 0.95 Coronary artery disease 28714975 

PLCL1 rs1064213 I 0.00 38% < 0.03 0.97 Allergic disease 29083406 

ATXN7 rs1053338 R 0.02 11% < 0.04 1.05 Breast cancer 29059683 

CCHCR

1 rs130067 D 0.01 25% < 0.03 1.05 Prostate cancer 21743467 
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Candidate adaptive polymorphisms with discrete-trait phenotype associations 

Gene SNP ID 

CAP 

Allele 

Evolutionary 

Probability 

Allele 

Frequency P-value 

CAP 

Odds 

Ratio Disease/Trait PubMed ID 

ADGR

V1 rs2247870 I 0.01 46% < 0.02 1.05 Schizophrenia 28991256 

PON2 rs7493 C 0.00 28% < 0.03 1.06 

Yu-Zhi constitution type 

in type 2 diabetes 26169365 

IL7R rs3194051 V 0.01 22% < 0.03 1.07 Ulcerative colitis 21297633 

TRIM66 rs11042023 R 0.00 53% < 0.02 1.07 Obesity 23563607 

ABCC8 rs757110 A 0.01 27% < 0.03 1.07 Type 2 diabetes 22885922 

ARHGE

F26 rs12493885 V 0.01 96% < 0.02 1.07 Coronary artery disease 28714975 

KCNK1

6, rs1535500 E 0.01 59% < 0.02 1.08 Type 2 diabetes 22158537 

GNL3 rs11177 Q 0.03 31% < 0.03 1.09 Osteoarthritis 22763110 

TLR1 rs5743618 S 0.01 20% < 0.03 1.10 Allergic disease 29083406 

GIPR rs1800437 Q 0.00 84% < 0.02 1.10 Obesity 23563607 

CPS1 rs1047891 N 0.01 29% < 0.03 1.11 Chronic kidney disease 26831199 

HELQ rs1494961 V 0.02 34% < 0.03 1.12 

Oral cavity and pharyngeal 

cancer 21437268 

RGL1 rs10911390 M 0.01 9% < 0.04 1.13 

Systemic lupus 

erythematosus 23273568 

PEX6 rs1129187 Q 0.02 33% < 0.03 1.13 

Alzheimer's disease in 

APOE e4+ carriers 25778476 

PPARG rs1801282 A 0.00 93% < 0.02 1.13 Type 2 diabetes 22885922 

KCNJ11 rs5219 K 0.01 26% < 0.03 1.14 Type 2 diabetes 17463246 
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Candidate adaptive polymorphisms with discrete-trait phenotype associations 

Gene SNP ID 

CAP 

Allele 

Evolutionary 

Probability 

Allele 

Frequency P-value 

CAP 

Odds 

Ratio Disease/Trait PubMed ID 

ALS2C

R12 rs13014235 V 0.04 29% < 0.03 1.15 Basal cell carcinoma 25855136 

ZNF816 rs12459008 I 0.02 54% < 0.02 1.16 Psoriasis 25574825 

GSDM

A rs3894194 Q 0.02 43% < 0.02 1.17 Asthma 20860503 

SALL4 rs6126344 R 0.02 36% < 0.03 1.18 

Nonsyndromic cleft lip 

with cleft palate 28232668 

MCCC1 rs2270968 P 0.01 46% < 0.02 1.18 Parkinson's disease 28011712 

ITIH1 rs1042779 Q 0.04 58% < 0.02 1.19 Bipolar disorder 19416921 

MMEL1 rs3748816 M 0.01 46% < 0.02 1.20 

Primary sclerosing 

cholangitis 27992413 

ATP8B

3 rs7250872 R 0.03 40% < 0.03 1.21 Bipolar disorder 19416921 

C1QTN

F6 rs229526 R 0.01 19% < 0.03 1.22 Hypothyroidism 22493691 

NINJ1 rs2275848 D 0.00 79% < 0.02 1.23 Obesity 23563609 

TMEM1

75 rs34311866 T 0.02 14% < 0.04 1.23 Parkinson's disease 28892059 

PLD2 rs2286672 C 0.01 19% < 0.03 1.25 

Systemic lupus 

erythematosus 26502338 

MTMR

11 rs11205303 V 0.01 23% < 0.03 1.25 Height 23563607 

MMP14 rs1042704 N 0.00 11% < 0.04 1.26 Dupuytren's disease 28886342 
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Candidate adaptive polymorphisms with discrete-trait phenotype associations 

Gene SNP ID 

CAP 

Allele 

Evolutionary 

Probability 

Allele 

Frequency P-value 

CAP 

Odds 

Ratio Disease/Trait PubMed ID 

HLA-

DRA rs7192 L 0.01 34% < 0.03 1.29 

Non-obstructive 

azoospermia 22541561 

KLHL4

0 rs123509 C 0.00 10% < 0.04 1.30 Alanine aminotransferase 28090653 

TNFRS

F13B rs34562254 L 0.01 19% < 0.03 1.30 Multiple myeloma 27363682 

IFIH1 rs3747517 H 0.00 41% < 0.02 1.30 Psoriasis 25903422 

PML rs5742915 L 0.03 19% < 0.03 1.34 Paget's disease 21623375 

RGS16 rs1144566 L 0.00 99% < 0.02 1.35 

Morning vs. evening 

chronotype 26955885 

ETFA rs1801591 I 0.00 5% < 0.05 1.36 Non-glioblastoma glioma 26424050 

EXOC3

L4 rs2297067 W 0.01 21% < 0.03 1.39 Primary biliary cholangitis 26394269 

CTLA4 rs231775 A 0.01 43% < 0.02 1.40 Alopecia areata 25608926 

TRIM33 rs6537825 I 0.00 14% < 0.03 1.40 Autism 24189344 

C3 rs2230199 S 0.01 9% < 0.04 1.42 

Age-related macular 

degeneration 23455636 

TRAF3I

P2 rs33980500 N 0.00 8% < 0.04 1.44 Psoriasis vulgaris 26626624 

PPT2, rs3096696 E 0.00 16% < 0.03 1.48 

Asparaginase 

hypersensitivity in acute 

lymphoblastic leukemia 25987655 

LPA rs3798220 M 0.01 5% < 0.04 1.51 Coronary heart disease 21378990 
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Candidate adaptive polymorphisms with discrete-trait phenotype associations 

Gene SNP ID 

CAP 

Allele 

Evolutionary 

Probability 

Allele 

Frequency P-value 

CAP 

Odds 

Ratio Disease/Trait PubMed ID 

SUSD2 rs8141797 S 0.00 12% < 0.04 1.52 

Amyotrophic lateral 

sclerosis 23624525 

SDHAF

4 rs1048886 R 0.00 20% < 0.03 1.54 Type 2 diabetes 21490949 

FAM20

8B rs2797501 N 0.02 85% < 0.02 1.61 Osteosarcoma 23727862 

ABCG2 rs2231142 K 0.01 12% < 0.04 1.67 Gout 21983786 

CFH rs800292 V 0.00 53% < 0.02 1.67 

Neovascular age-related 

macular degeneration 28703135 

FBXO3

8 rs10043775 S 0.00 73% < 0.02 2.06 Periodontal microbiota 22699663 

ITGAM rs1143679 H 0.03 9% < 0.04 2.30 

Systemic lupus 

erythematosus 26606652 

MACF1 rs2296172 V 0.01 12% < 0.04 3.08 Peripheral arterial disease 27082954 

SLCO1

B1 rs4149056 A 0.01 9% < 0.04 4.50 Response to statin therapy 18650507 

RARG rs2229774 L 0.00 9% < 0.04 4.70 

Anthracycline-induced 

cardiotoxicity in childhood 

cancer 26237429 

CMYA5 rs74935252 Y 0.01 95% < 0.02 34.03 

Diisocyanate-induced 

asthma 25918132 

Note: Data from NHGRI-EBI GsWAS Catalog (MacArthur et al. 2017) (January 16, 2018 update). Odds ratios are reported for 

the effect of the CAP allele (EP < 0.05, AF > 5%), i.e. OR < 1 corresponds to the CAP allele decreasing risk, OR > 1 corresponds 

to the CAP allele increasing risk for the phenotype. 
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Table A.5 

 

Human super-population groups 

Super population Code Description 

AFR African 

AMR Ad-mixed American 

EAS East Asian 

EUR European 

SAS South Asian 
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Table A.6 

 

Human population groups 

Population Code Description 

ACB African Caribbeans in Barbados 

ASW Americans of African Ancestry in SW USA 

BEB Bengali from Bangladesh 

CDX Chinese Dai in Xishuangbanna, China 

CEU 
Utah Residents (CEPH)  

with Northern and Western European Ancestry 

CHB Han Chinese in Beijing, China 

CHS Southern Han Chinese 

CLM Colombians from Medellin, Colombia 

ESN Esan in Nigeria 

FIN Finnish in Finland 

GBR British in England and Scotland 

GIH Gujarati Indian from Houston, Texas 

GWD Gambian in Western Divisions in the Gambia 

IBS Iberian Population in Spain 

ITU Indian Telugu from the UK 

JPT Japanese in Tokyo, Japan 

KHV Kinh in Ho Chi Minh City, Vietnam 

LWK Luhya in Webuye, Kenya 

MSL Mende in Sierra Leone 

MXL Mexican Ancestry from Los Angeles USA 

PEL Peruvians from Lima, Peru 

PJL Punjabi from Lahore, Pakistan 

PUR Puerto Ricans from Puerto Rico 

STU Sri Lankan Tamil from the UK 

TSI Toscani in Italia 

YRI Yoruba in Ibadan, Nigeria 
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SUPPLEMENTARY FIGURES 

 

Figure B.1: The absolute counts and relative fractions of missense disease variants that are 

evolutionarily permissible (ePerm, EP ≥ 0.05; blue) and evolutionarily forbidden (eForb, 

EP < 0.05; red) are shown. Evolutionary probability (EP) were calculated using 

orthologous amino acid sequence alignments for 100 vertebrate species for 18,835 proteins 

downloaded from the UCSC browser. A total of 44,685 disease associated missense 

variants were retrieved from HGMD (Stenson et al. 2009); a variant was designated eForb 

if it had an EP < 0.05 and ePerm otherwise. Disease categories are top-level Disease 

Ontology terms (Kibbe et al. 2015). Phenotypes found in HGMD were linked to disease 

ontology terms using NCBI MedGen Concept Unique Identifiers. Each disease variant may 

be found in multiple disease ontology classes. 
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MATERIALS AND METHODOLOGY 

C.1. Simulating Neutral EP Values 

1,200 random human proteins were first selected. For each of the selected human proteins, 

ML branch lengths along with position-by-position rates were estimated from 46 vertebrate 

species amino acid alignments (Poisson model; G+I, 5 classes). The resultant tree, gamma 

shape parameter, and proportion of invariant sites were used to simulate a neutral sequence 

alignment based on the 46 species vertebrate tree from UCSC. A custom rate matrix for 

amino acid substitutions was used with identical rates for each residue change (1/19 ~ 

0.053). 

EP was calculated for each of the resulting 1,200 simulated sequence alignments, 

and the EP scores for the hg19 sequence were concatenated to produce an expected 

distribution of neutral human EPs for 506,660 total simulated sites. 

C.2. Calculating Evolutionary Time Span 

A protein’s evolutionary time span (ETS) is the average of positional time spans (PTS) 

across all sites in a protein sequence alignment.  PTS at a site is the total time along all 

branches in a tree for which a valid base (or residue, depending on whether nucleotide or 

protein sequence alignment is used) has existed in the evolutionary history of the site 

(Dudley et al. 2012). Alignment gaps and missing data in a multiple sequence alignment 

are not considered valid bases. To compute PTS for a site in a sequence alignment, the 

independently established timetree, is pruned such that only taxa that have a valid base at 
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that site are retained. PTS is then simply the total time spanned by the resulting timetree 

(sum of times spanned by each branch) for that site. PTS will be a maximum for a site 

which has a valid base for all taxa in the master timetree.  

Residue evolutionary time span (RTS) is the total time that a specific residue has 

been found in the evolutionary history of a site (Kumar et al. 2009). RTS is calculated by 

pruning the master timetree such that only taxa that possess the specified residue are 

retained. RTS is the total time spanned by the resulting timetree (sum of times spanned by 

each branch) of a residue at a site. A residue that is not found in any sequence at a site has 

RTS of 0. RTS for all amino acids at a site will sum to the PTS for that site. A relative 

residue time span is often more informative than simple RTS, because it accounts for the 

PTS of a site and allows for comparison between sites with different PTS.  

ETS can serve as a proxy for the amount of sequence information available; ETS 

that is close to the maximum indicates that there are few gaps in the sequence alignment, 

while ETS that is much lower than the maximum indicates a larger number of alignment 

gaps. PTS can convey similar information at the per-site level. Similarly, a small RTS 

means that the residue was found in a limited number of species and occupied that position 

for a limited amount of evolutionary time. In contrast, a large RTS means that the residue 

is commonly observed among species. Thus, time spans can be more informative to the 

properties of a sequence alignment as a relative value. So, we refer to all time span values 

as fractions of the maximum possible value of that measure (%ETS, %PTS, %RTS); i.e., 

%ETS is the proportion of a sequence alignment with no invalid bases covered by the ETS 

of the protein (ETS / maximum possible ETS), %PTS is the proportion of the time span 

covered by PTS for a site with valid bases for all species in the alignment (PTS / maximum 

possible PTS), and %RTS is the proportion of the PTS spanned by a specific allele (RTS / 

PTS). 
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C.3. Collecting Human Coding Variation 

We downloaded sequence alignments of 18,621 protein-coding gene orthologs in 46 

vertebrate species from UCSC Genome Browser (Kent et al. 2002) (accessed 21 June 

2016). Where duplicate isoforms of the same protein were found, we selected the alignment 

with the longest sequence. We found that the sequences for 230 human protein-coding 

genes (“proteins”, henceforth) differed by >2% from RefSeq canonical sequences, so we 

excluded these from analyses. The remaining 18,391 sequence alignments were used for 

human coding variation analyses. 

Missense variants were acquired from the 1000 Genomes Project Phase III (1KG) 

dataset (Auton et al. 2015). Single nucleotide variants (SNVs) in the 1KG dataset were 

mapped to human protein coding gene sequences retrieved from UCSC Genome Browser 

(Kent et al. 2002). SNVs that resulted in missense changes were retained for analysis, while 

synonymous and nonsense changes were filtered out. In subsequent analyses, these 

missense SNVs were identified solely by resulting amino acid changes. We found 543,220 

sites at which a missense mutation occurs in at least one of the 2,504 individuals in the set 

of 18,391 proteins analyzed. 

C.4. Computing Evolutionary Probability 

For each protein, we computed amino acid Evolutionary Probability values using 

MEGAX (Kumar et al. 2018) under a Poisson model with a discrete Gamma distribution 

of rates (5 categories) that includes invariant sites (G+I). Other models could have been 

specified, but the estimates of EP were previously shown to be robust to the complexity of 

substitution model used (Liu et al. 2016). For analyses where the phylogeny was presumed 

to be unknown, we first calculated maximum-likelihood trees in MEGAX using the same 
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substitution models used in the EP calculation; branch lengths were discarded and only the 

topology was used. 

C.5. Scanning Genotype-Phenotype Association Catalogs 

We scanned 50,422 phenotype associated missense mutations in the Human Gene Mutation 

Database (HGMD) (Stenson et al. 2009). We also scanned the NHGRI-EBI GWAS catalog 

(MacArthur et al. 2017) (January 16, 2018 update) for similar reversals.  

Filtering the SNPs, we find 973 and 158 missense mutations at CAP sites in HGMD 

and NHGRI-EBI GWAS catalog, respectively. The NHGRI-EBI GWAS Catalog always 

reports the risk-allele (the allele that increases phenotypic measurement, e.g., increases 

disease risk). In order to determine the odds ratio (OR) for the CAP allele, which is often 

not the reported risk allele, we calculated the inverse (1 / reported OR) when the risk allele 

was in fact the reversal (high EP allele). An OR < 1 indicates that the allele confers a 

decrease in abnormal phenotype risk, while an OR > 1 indicates that the allele increases 

risk for the associated abnormal or case phenotype. Multiple associations were 

occasionally found for CAPs in the GWAS catalog. We simply reported the study that had 

the lowest risk-factor (OR) for abnormal phenotypes per CAP allele found. 

 A high EP risk allele at a CAP site was considered a “reversal”, since this 

previously favored allele (based on EP) leads to an unfavorable phenotype 

C.6. Calculating ΔeForb 

For a given protein, we quantified the proportion of incorrect inference under the modified 

EP method (ΔeForb). For each protein, we first determined the number of sites at which 

missense variants were found in the 1KG data set. At each site, we considered both 

segregating alleles (1KG reference allele and the alternate allele) and gave them eForb 
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designation by using the EP values produced by the original EP method (retrieved from 

http://mypeg.info/ep; accessed 21 June 2016). If such an eForb was not found to have 

EP < 0.05 when using the modified EP approach, then it contributed to ΔeForb fraction. A 

ΔeForb of 50% indicates that 50% of all alleles at missense sites, which were eForbs by 

the original EP method, received an EP > 0.05 by the modified EP approach. 

C.7. Taxon Sampling 

Sampling within clades 

In our taxon “density sampling” experiments, the number of taxa included in each major 

clade of the 46 species vertebrate tree were varied (Figure 3.1). We generated 100 replicate 

samples for one, two, three, and four taxa per clade (density) for seven clades (A-G, Figure 

3.1). Taxa were randomly sampled from these clades when generating replicate datasets, 

and humans were used as the focal species. For each analyzed clade density, the mean and 

standard error of EP were calculated for each residue, separately for original and modified 

approaches. Additionally, the mean ETS for all replicates was recorded for each clade 

density.  

Sampling between clades 

“Temporal sampling” iteratively increases the number of taxa distantly related to the focal 

species, human (Figure 3.1). In each iteration, the next closest related taxon to the previous 

dataset is included. The first iteration requires a minimum of 3 taxa to analyze: human, 

chimpanzee, gorilla; the second iteration added orangutan, the fourth added rhesus 

monkey, until the final iteration contained all taxa including the lamprey. 

http://mypeg.info/ep
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C.8. Measuring Tree Distance 

Branch-length distance (Kuhner and Felsenstein 1994) was used to quantify the error in 

inferred phylogenies, which were used in the modified EP analyses. The inferred tree was 

compared to the timetree used in the original EP method, but since the inferred tree 

produced relative time branch lengths, we first scaled the inferred tree such that its sum of 

branch lengths was equal to that of the original EP timetree. The branch-length distance, 

unlike simple symmetric differences or partition metrics, measures both differences in 

topology as well as branch length differences of the trees being compared. Such a measure 

is useful here because EP incorporates both species relationships (topology) and divergence 

times (branch lengths) into its calculations, so an ideal distance measure will capture 

differences in both of these properties. 

C.9. eForb Threshold ROC Curves 

We calculated true eForb and false eForb classification rates under various eForb 

thresholds (EP-value below which an allele is considered evolutionarily forbidden; 10 

evenly spaced thresholds between EP<0.01 and EP<0.1) to determine the performance of 

the modified EP approach relative to the original EP method. For a given eForb threshold, 

we identified each eForb variant in the 1KG dataset based on EP values from the original 

EP method as the set of “condition positive”. 1KG variants that were not eForbs comprised 

the set of “condition negative” variants. For the same set of 1KG variants, we collected the 

set of eForbs identified across a variety of discrimination thresholds based on modified EP 

values as the set of “predicted condition positive” variants. Variants not predicted to be 

eForbs using modified EP values were the set of “predicted condition negative” variants. 

True(/false) eForb classification rates were calculated as the fraction of condition 

positive(/negative) variants that were correctly classified as eForbs(/not eForbs) when 
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using the original EP values as the ground truth. ROC curves were generated for each of 

the eForb thresholds from 0.01 to 0.10, as described above. 

C.10. Gene Ontology Analysis 

We downloaded the PANTHER sequence classifications (Mi et al. 2017) containing GO 

biological processes for all genes in the database for humans 

(ftp://ftp.pantherdb.org/sequence_classifications/13.1/PANTHER_Sequence_Classificati

on_files/PTHR13.1_human). For each biological process category, we counted the number 

of total protein sequence length (amino acid positions) and the number of focal alleles (e.g., 

CAPs, popCAPs) in all the proteins in the category. 

C.11. Exploring Non-adaptive Explanations for CAPs 

Misinference of ancestral state 

In genomic scans for selection, misidentification of ancestral states may cause false 

signatures of selection (Baudry and Depaulis 2003). EPA fortunately does not suffer from 

this problem, because it requires EP < 0.05. An allele with such a low EP will likely arise 

in the human lineage after their divergence from chimpanzees. Additionally, EP calculation 

utilizes a probabilistic model that integrates over all the outgroup species in an alignment, 

which makes it better than methods that utilize one or a few outgroups to properly identify 

the derived allele (Hernandez et al. 2007; Keightley et al. 2016). Consistent with this 

property, we did not find any CAP alleles in all three of the Great Ape species (chimpanzee, 

gorilla, and orangutan) in our multispecies protein alignments. A comparison with 

chimpanzee proteins revealed 3.5% CAP allele sharing, and gorilla and orangutan showed 

0.7% and 1.1% CAP allele sharing, respectively, with humans. We excluded all of these 
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alleles from all the population genetic analyses, because these CAP residues may have 

arisen prior to the origin of human lineage. 

Identifying allele sharing with archaic genomes 

To determine allele sharing among modern humans and archaic hominins, we collected 

genome sequencing data for five archaic hominins (four Neanderthal individuals, and one 

Denisovan individual). One Neanderthal sequence and one Denisovan sequence were 

acquired from the Max Planck Institute for Evolutionary Anthropology site 

(http://cdna.eva.mpg.de/neandertal/altai/Denisovan). The three remaining Neanderthal 

alignments were retrieved from the UCSC Neanderthal Sequence Track 

(https://genome.ucsc.edu/cgi-bin/hgTrackUi?db=hg19&g=ntSeqReads). We only used 

sequences that provided > 45% genomic coverage. We defined an allele as shared if it was 

present in any of these five archaic individuals. A shared allele can be polymorphic or fixed 

in this aggregated archaic sample. 

Simulating selection and fitting distributions of fitness effects 

We simulated site frequency spectra (SFS) using Moments (Jouganous et al. 2017) to infer 

distributions of fitness effects (DFE) that explain CAPs for which the human alleles were 

not shared with any of the three great ape species (chimpanzee, gorilla, and orangutan). 

Using dadi (Gutenkunst et al. 2009), we calculated multinomial log-likelihoods (lnLs) of 

the observed data (CAPs) for simulated deleterious, neutral, and beneficial selection 

models (as above). We also calculated lnL of DFE fit for all possible combinations: 

deleterious and neutral; neutral and positive; deleterious and beneficial; and, deleterious 

and, neutral, and beneficial. In this case, we used a single point mass fixed for each type of 

selection and explored various 2Nes values. The model with the highest lnL provides the 

best fit for the observed data. We excluded all CAPs shared with great apes in these 
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analyses. The best fit model and lnL values for all the CAPs are shown in Fig. 5b. We used 

likelihood fits and Akaike information criterion (AIC) to select the best model. 

Examination of the Relaxation of purifying selection 

We examined the possibility that CAP-containing human proteins have experienced 

relaxation of function in the human lineage. We investigated missense mutations that cause 

Mendelian diseases and compared the frequency of these mutations in CAP-containing 

proteins and non-CAP proteins. This analysis used the HumVar (Adzhubei et al. 2010) 

dataset and obtained the number of disease mutations normalized by the total sequence 

length and evolutionary rate of CAP and non-CAP proteins. This normalization is required 

because longer proteins are known to contain more disease mutations as do slower evolving 

proteins (Miller and Kumar 2001). The ratio of two normalized counts was 0.98, which is 

close to the expected value of 1.0 corresponding to no difference in the preponderance of 

disease mutations in CAP and non-CAP proteins. 

Permutation Testing 

In order to determine whether the observed proportion of CAPs that have been previously 

identified as adaptive in humans is higher than would be expected by chance, we randomly 

sampled 18,724 variants from the set of all human missense variants (regardless of EP), 

and calculated Nsim, which captures how often the simulated proportion of phenotype-

associated variants was as high or higher than the empirical result. In total, we ran 106 

permutations, and calculated a permutation P-value with the following equation: (Nsim + 

1)/1000001. 

Similarly, we tested whether the observed proportion of CAPs that are shared with 

archaic genomes is higher than would be expected by chance. We randomly sampled 

18,724 variants from the set of all human missense variants, and calculated Nsim, which 
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captures how often the simulated proportion of archaic-shared variants was as high or 

higher than the empirical result (6,916 for P < 0.05 and 2,075 for P < 10-8). In total, we ran 

106 permutations, and calculated a permutation P-value with the following equation: (Nsim 

+ 1)/1000001. 

In order to determine whether the observed proportion of CAPs that are also 

associated with phenotypes in the GRASP2 database (Leslie et al. 2014) is higher than 

would be expected by chance, we randomly sampled 18,724 variants from the set of all 

human missense variants with an AF > 1% (regardless of EP), and calculated Nsim, which 

captures how often the simulated proportion of phenotype-associated variants was as high 

or higher than the empirical result (6,916 for P < 0.05 and 2,075 for P < 10-8). In total, we 

ran 106 permutations, and calculated a permutation P-value with the following equation: 

(Nsim + 1)/1000001. 
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ASSUMPTIONS OF THE EVOLUTIONARY PROBABILITY 

APPROACH 

Calculation of Evolutionary Probability (EP) takes, at minimum, a multiple sequence 

alignment (MSA) as input. This requirement introduces an assumption of orthology among 

the sequences present in the MSA, from which the assumption of shared function among 

sequences follows. These assumptions are not unique to the EP method, however, as most 

phylogenetic methods that rely on MSAs implicitly make these assumptions. 

Because the EP framework rests on the foundations of the neutral theory of 

molecular evolution (NTME), and as such, is subject to the assumptions inherent in it as 

well. Specifically, EP (and NTME) posit that sequence differences observed among species 

are selectively neutral, i.e., they do not affect functional change in a way that contributes 

to an organism’s fitness, and so became fixed in a population due to random genetic drift. 

The Evolutionary Probability Approach furthers this by then assuming that alleles that are 

found at allele frequencies higher than those drifting in a population instead may have 

reached such frequencies under the effects of positive selection. 

The assumptions of EP and NTME do not preclude the effects of natural selection 

on the evolution of sequences; in fact, the effect of negative selection is an important aspect 

of both NTME, and thus EP. EP assumes that evolutionarily forbidden (functionally 

deleterious) mutations are purged via negative selection such that they are not observed in 

sequence alignments. The complement of this assumption is that alleles observed in an 

MSA will be evolutionarily permissible, a vast majority of which will be selectively 

neutral. 
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EP relies on negative selection to purge unacceptable alleles. An important 

assumption implicit in this is that the fitness landscape is constant among all sequences in 

an MSA; i.e., a given mutation has the same fitness consequences for all sequences of the 

MSA. 
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