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ABSTRACT OF THE DISSERTATION

The Genetic Basis of Hypoxia Tolerance

by

Nitin Udpa

Doctor of Philosophy in Bioinformatics & Systems Biology

University of California, San Diego, 2013

Professor Vineet Bafna, Chair
Professor Kelly A. Frazer, Co-Chair

Research into hypoxia (or low oxygen levels) has been a hot topic for a num-

ber of decades, because many harmful diseases, such as heart attacks and cancer,

create much of their damage by inducing hypoxia. It has been suspected for years

that the ability of a cell (or an organism) to cope with a hypoxic environment is,

at least in part, influenced by genetic factors. However, for financial reasons, vir-

tually all studies that have attempted to find these factors have been constrained

to a subset of variant sites (targeted genes, exons, or genotyping arrays). As the

costs of sequencing drop, though, whole-genome sequencing will become increas-

ingly used. The primary goal of this dissertation is to build computational tools

that use the power of whole-genome sequencing to identify genetic variants that

xv



can confer tolerance to hypoxia.

Even though the basic computational problem is one of correlation, the

experimental design plays a huge role in determining the best way to measure

this correlation. First, we discuss ways to identify correlated sites in a typical

association study. While the single-locus case is trivial to solve, extending this to

multiple loci is intractable using a naive approach. We discuss existing random-

ized algorithms that solve this problem quickly, and extend these algorithms to

handle quantitative phenotypes. We then apply one of these approaches to iden-

tify interacting sites correlating with survival rate under acute hypoxia. We then

focus on a different problem — detecting natural selection. As the signatures of

natural selection are dependent on several parameters, such as selection pressure

and time under selection, which are largely unknown, we compare the performance

of a number of tests over a wide range of parameters and identify optimal regimes

for each of them. We then select a statistic appropriate for strong, laboratory

selection and use it to identify elements of the Notch repression mechanism in flies

that have adapted to extreme hypoxia (4% O2). Finally, we apply a number of

these statistics to two different populations of humans adapting to mild hypoxia,

identifying novel and distinct mechanisms in both cases.

xvi



Chapter 1

Introduction

1.1 What is hypoxia?

The genomic era has advanced at a staggeringly fast pace. Just one decade

ago, the scientific community had “finished” sequencing the first human genome,

at the cost of approximately 3 billion dollars [1]. Since that time, technological

improvements have increased the throughput of sequencers while decreasing the

cost tremendously, far surpassing the rate predicted by Moore’s law [2]. This has

resulted in a number of hypotheses (directly or indirectly related to human health)

which can be feasibly tested in a “high-throughput” manner.

For instance, hypoxia (or low oxygen supply to part or all of an organism)

is an important trait of several diseases. There are two major causes of hypoxia —

malfunctions of part of the body and changes to the environment. For the former,

cardiovascular diseases such as heart attack or stroke act by reducing blood (and

thus, oxygen) flow to the heart or brain, respectively. Cancer cells proliferate so

rapidly that the oxygen level per cell is much lower, necessitating mechanisms such

as angiogenesis to cope with the demand. Respiratory diseases like emphysema lead

to less oxygen entering the bloodstream and thus, hypoxic stress throughout the

organism. Another form of hypoxia occurs not due to any inherent malfunction in

the organism, but rather due to environmental conditions. For instance, in high

altitudes, the overall atmospheric pressure is reduced, lowering the concentration

of oxygen in the air.

1



2

The body responds to hypoxia based on the severity and duration of the

stress. The body’s natural response is essentially one of panic. It initially tries

to increase blood flow to the hypoxic region. For more acute cases, this is often

unable to restore oxygen levels (for instance, due to a blockage). As a result, the

body initiates apoptotic pathways in affected cells. The resulting tissue necrosis

is the major damage associated with the cardiovascular diseases mentioned above.

In chronic cases (such as high altitude dwellers), increasing the blood flow helps in

the short term, but the perpetual nature of the stress leads to a condition known

as chronic mountain sickness (CMS), or Monge’s disease [3]. The root cause of

the symptoms is increased blood viscosity, in an attempt to increase the capacity

of oxygen per unit volume of blood. This results in symptoms such as headache,

dizziness, and fatigue. The only known treatments for this are descending to lower

environments and phlebotomies (blood-letting).

Interestingly, many individuals who live at high altitudes have adapted

well to the environment and are relatively symptom-free. It is suspected that this

adaptation is at least partly heritable, although it was only in recent years that

researchers attempted to identify the genetic basis of this adaptation.

1.2 How do we identify the genetic basis of a

phenotype?

In order to identify the genetic basis of phenotypes such as these, we first

need a good representation of the data inherent in a population. For the following

few paragraphs, the specific numbers represent data for human beings (Homo

sapiens), but the same principles apply for all species. The heritable genetic

material (DNA) in an individual is organized as two sets of 23 chromosomes per

individual, where each chromosome is composed of between 40 and 250 million

base pairs. The reason that it is labeled as a base pair is that DNA is naturally

double-stranded. For a first order approximation (i.e. ignoring events such as DNA

methylations), we can treat each base (per strand) as having one of four possible

values: adenine (A), cytosine (C), guanine (G), and thymine (T). From the point
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of view of information content, the two strands are redundant — an A on one

strand almost always parallels a T on the other, while a C on one strand almost

always parallels a G on the other. We can thus treat each copy of the data as

though it were single-stranded, and represent an individual’s DNA as 23 pairs of

“words”, each composed of the same set of 4 distinct letters. One copy of the 23

chromosomes is known as a haplotype of the individual, while both sets are referred

to as a genotype.

We can line up the haplotypes of all individuals in a population and compare

them to an established, “reference” sequence, which represents an exemplar DNA

sequence of a human being. Much (> 95%) of the sequence is identical to the

reference across the entire population. Any differences in a haplotype compared

to the reference occur as a result of a mutation, which adds, deletes, rearranges, or

changes one or more consecutive bases in an individual. As the population shares

common ancestry, ancestral mutations are often shared among current haplotypes.

Practically, the sequencing data we get is from a jumble of both copies of an

individual. While high sequencing depths are sufficient to detect most mutations,

it is nontrivial to determine the phase of a number of mutations — in other words,

which mutations belongs to which copy. As a result, we work with genotypes

instead of haplotypes.

For a genetic study such as this, the question we are interested in can

be distilled down to identifying why a subset of individuals (say, the well-adapted

mountain dwellers) is different from the others. Since the underlying question is one

of differences, we can safely ignore the sites that are invariant in our populations

and identical to the reference. The result is what is usually referred to as a SNP

matrix. This matrix (represented as S below) has dimensions corresponding to

m individuals and n variant sites (in other words, mutation events across the

population), and has elements defined as follows:

Si,j = the number of occurrences of mutation j in individual i

As humans are diploid, this means that the possible values of Si,j can be

0, 1, or 2. A column j in this matrix represents the values of the jth SNP across

the population. A row i in this matrix represents the set of variations belonging
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to the ith individual and thus, the genotype of that individual.

The basic approach of virtually any analysis in the realm of population ge-

netics is one of association — that is, to look for an overrepresentation of one allele

in mal-adapted individuals (cases) relative to well-adapted individuals (controls).

In other words, it can be formulated as follows:

Input:

-A SNP matrix S (as defined above)

-A length m phenotype vector y, where:

yi =

1 if row i corresponds to a case individual in S

0 if row i corresponds to a control individual in S

Output:

A single SNP j with the most skew in cases relative to controls

Objective Function:

argmaxj (χ2
j,y), calculated from the 3× 2 contingency table formed by j and y

For the objective function, we note that there are several tests that can be

utilized to capture these skews (for instance, Fisher’s exact test), and the choice

of the χ2 statistic is arbitrary. This objective can be trivially determined in time

linear to the size of S, and is commonly implemented in association studies (known

as GWAS ). However, there are a few assumptions that this formulation makes.

For instance, this assumes that the “causal” loci correlate individually with the

phenotype. In addition, there is an implicit assumption that the same “causal”

variant is shared among the cases. Finally, the approach requires thousands of

cases and controls in order to achieve the requisite P-value significance levels for a

whole genome scan.

In many studies, these assumptions either do not hold or are not optimal

for the dataset, and new methods must be devised. The work of this dissertation

helps address this. Interestingly, this shows the importance of the underlying

assumptions — each chapter attempts to solve the same biological question (the

genetic basis of hypoxia tolerance).
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1.3 Specific goals of the dissertation

Chapter 2 attempts to identify associations missed by a single-locus sweep.

For instance, it is possible that two distal loci interact to create a phenotype. Con-

sider an situation in which two loci j1 and j2 jointly determine a binary phenotype,

in a “lock-and-key” mechanism. In other words, if both j1 and j2 both show the

reference allele or both show the derived allele, the individual is considered as

control. However, if either j1 or j2 (but not both) show the derived allele, the

individual is considered as case. In this situation, single-locus tests may fail, as

the determinant of the phenotype is the interaction between j1 and j2.

As a result, we must correlate pairs of SNPs to the phenotype. A brute

force solution along the same lines as the one above is quadratic in the number

of SNPs and, for a genome-wide scan with O(106) SNPs, is thus infeasible. As

a result, randomized algorithms such as RAPID [4] and SixPAC [5] have been

developed to approximately solve this problem in subquadratic time. However,

both of these tools require a binary phenotype to work on. For a quantitative

phenotype, such as survival rate under various hypoxic stress, this may not easily

present itself. Chapter 2 attempts to convert quantitative phenotypes into binary

classes for these tools to use, and then explores their ability to capture a variety

of interactions.

The rest of this dissertation looks at changes in the formulation due to

experimental design. Specifically, putting a population of animals under genera-

tions of stress (such as hypoxia) leads to a genetic adaptation (natural selection)

to cope with this stress. Genetically, this leads to systematic changes in a region

which provide more information than simple, single-locus correlations. Chapter 3

describes an empirical framework to evaluate various tests that capture regions

under natural selection. This is then used to characterize the regimes in which

each test does best. Chapter 4 uses the test deemed most appropriate from the

previous chapter to identify regions under known, strong selection (caused by 4%

hypoxia) in flies. Chapters 5 and 6 then use a battery of tests, plus some custom

prioritization pipelines, to identify regions under unknown selection in humans.



Chapter 2

RAPID detection of gene-gene

interactions underlying

quantitative traits

2.1 Abstract

In complex phenotypes, the trait under question may not be explained

adequately by single locus effects — multiple loci might interact to confer the

phenotype. For instance, two proteins may interact in a lock-and-key mechanism,

and a mutation in one protein can be offset by a complementary mutation in the

other. In this situation, a specific genotype value for either individual SNP does

not matter as much as the relationship between the two genotypes. The problem

with detecting these interactions is primarily computational – a naive way takes

O(nm2), where n is the number of individuals and m is the number of variants. This

is infeasible for a typical human GWAS, where n ≈ 103 and m ≈ 106. Randomized

algorithms (RAPID [4] and SixPAC [5]) have been built which improve upon this

significantly. They take advantage of the fact that we can represent genotypes as

a series of binary high-dimensional vectors (where each dimension represents the

allelic value of an individual). Given this framework, correlated loci are proximal in

this vector space, and the problem reduces to finding such adjacent pairs efficiently.

6
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They both use a variant of a geometric approach (locality-sensitive hashing, or LSH

[6]) to solve this without explicitly checking every pair of loci.

Here we extend this approach to handle quantitative phenotypes, as op-

posed to the standard “case” and “control” delineations. The correlation be-

tween quantitative phenotypes and multilocus genotypes is usually performed using

ANOVA statistics that do not lend themselves to geometric/discrete approaches.

To get around this, we follow a two-stage strategy: first, we describe an algo-

rithm to partition the continuous phenotypes into two sub-populations under the

assumption that the phenotypes are a mixture of Gaussians. Second, we use the

LSH frameworks implemented in RAPID and SixPAC to identify epistatic loci

within each sub-population. We use simulated datasets to determine the best way

to partition these points given different levels of mixture between the two pheno-

types. An application of this algorithm to a number of isogenic Drosophila lines

tested for hypoxia tolerance show the speed and power of our approach.

2.2 Introduction

The simple approach described in Chapter 1 for correlating genotype and

phenotype may not work for many reasons. For instance, let us consider a phe-

notype caused by an interaction of two proteins. If a mutation occurs in a locus

in one protein that destroys the interaction, a compensatory mutation can occur

in the other to reestablish this. If only one of the two is mutated, the phenotype

is not present. The underlying computational problem is also one of correlation

— one way to frame this is that within the case (and/or control) population, two

SNPs show a much higher level of correlation with each other than expected. In

other words, it can be formulated as follows:

Input:

-A SNP matrix S (simplified as binary haplotypes)
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-A length m phenotype vector y, where, where:

yi =

1 if row i corresponds to a case individual in S

0 if row i corresponds to a control individual in S

Output:

A pair of SNPs j1, j2 with the most skew in cases relative to controls

Objective Function:

argmaxj1,j2 (χ2
j1,j2,y

), calculated from the 3× 3× 2 contingency table formed by j1,

j2, and y

Similarly to before, several objectives can similarly be used. A brute force

approach (calculating the χ2 tables for all pairs of SNPs) can also be implemented

for this problem. For a typical genome-wide study, however, there can be on the

order of 103 individuals in both cases and controls and 106 loci. To exhaustively

search through all pairs of loci for interacting pairs can take O(nm2) = O(1015)

computations, which may not be feasible. Randomized algorithms exist which can

identify such a pair in much shorter time. Almost all of these follow a two-step

procedure: quickly filtering the full set of SNPs into a smaller candidate subset

of SNPs which can be interacting, followed by performing brute force calculations

on this subset. The ones described below all identify candidate interacting pairs

as being correlated in one population only (say, the cases), then calculate the

appropriate two-population statistic on the resulting set. For exposition’s sake, the

algorithms below are described using haplotype data, although genotype analogs

are available.

For instance, members of our lab developed a tool called RAPID [4]. RAPID

works by transforming all SNPs into points on an n-dimensional hypersphere (es-

sentially, by converting each dimension into its z-score). Through this conversion,

the problem becomes one of finding nearby points in this geometric space quickly.

For the purposes of exposition, let us say that SNPs j1 and j2 are “interacting”,

and thus, adjacent. RAPID attempts to find this pair by using the concept of

locality sensitive hashing (LSH) [6]. LSH works on the principle that, when pro-

jected onto random vectors, nearby points should have similar values (or in this
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situation, that the cosine between a random vector and j1 should be similar to

the cosine between the random vector and j2). We can capture this proximity

through binning these projections into a small number of discrete bins, as with a

high probability, the projection of both j1 and j2 with a random vector will fall

into the same bin. Of course, with just one random vector, many unrelated SNPs

will also fall into this bin. As a result, RAPID projects onto multiple random

vectors. The bin size and the number of random vectors needed to distinguish

an interacting pair from a random pair can be optimized based on the expected

“distance” between interacting SNPs on the hypersphere. On average, the number

of calculations needed is O(nm1.07 · ln(1/ε)), a significant savings over the naive

approach.

A similar approach was implemented by Prabhu et al. [5] in a tool called

SixPAC, but with some simplifying assumptions that sped up searches. It works

under the assumption that the phenotype is rare and caused by the interaction

between the minor allele of two SNPs (in other words, having both minor alleles

leads to the phenotype, while having any other combination does not lead to the

phenotype). This problem thus becomes finding instances where the minor alleles

of two sites occur quite often together in the case population, which is an instance

of the “light bulb” problem [7]. The approach starts by transforming each column

(SNP) in a SNP matrix such that the label “1” refers not to the derived allele, but

to the minor allele. The solution implemented is to simply take random subsets

of the case individuals (rows), and to look for all SNPs where the subset contains

only minor alleles. A logical AND operation can be used to quickly find these

SNPs. If more than one SNP fits this criterion, then they are identical at these

sites, and thus, candidates for being interacting. This approach can be considered

as a special case of RAPID, with the analog of the “random” vector being a vector

parallel to one of the axes (representing one dimension, or one case individual).

Both of these approaches are significantly faster than a brute force ap-

proach. However, the underlying problem behind both of these is to identify cor-

related sites that lead to qualitative classes of individuals. With many phenotypes

(such as tolerance to hypoxia), we may have a wide spectrum of responses (for
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instance, survival rates of different populations may vary from 0% to 100%). The

focus of this chapter is to utilize the above methods on quantitative data. In other

words, the problem can be defined as follows:

Input:

-A SNP matrix S

-A length m phenotype vector y, where yi ∈ R
Output:

A pair of SNPs j1, j2 with the most skew in cases relative to controls

Objective Function:

argmaxj1,j2 (Pj1,j2,y), calculated from an ANOVA statistic by j1, j2, and y

Once again, other approaches (e.g. regression) can be used for the objective

function. Our goal is to convert the quantitative phenotypes to qualitative statuses.

We do this by treating the phenotypes as coming from a mixture of Gaussians.

If we can run a preprocessing step to identify the parameters associated with the

Gaussians (the means (µi) and standard deviations (σi) for all classes i), we can

determine class memberships for each individual and run the LSH algorithms as

before.

2.3 Materials and Methods

2.3.1 Simulated dataset

In order to test the performance of our approach, we built a simulated

dataset, composed of n = 10000 sites and m = 2000 individuals. Out of these

individuals, 1000 come from a “case” population, while the remainder come from

a “control” population. Once again, we work with haplotype data for simplicity’s

sake, and each value in the SNP matrix is chosen completely at random (50%

probability of either 0 or 1). However, one pair of SNPs is chosen to be completely

identical in the case population only. The phenotype vector is chosen such that

the case population has mean µ = 0, while the control population has mean µ = 1.
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The standard deviations of both populations are identical, and vary from σ = 0.1

to σ = 4, in increments of 0.1. Thus, on the lower end of the standard deviation

spectrum, the two classes are perfectly separable using a threshold of approximately

1.5, while at the higher end, the two classes are largely intermixed. We note

that many aspects of this setup do not generalize to any dataset — for instance,

many phenotypes will be present at much less than 50% frequency in a sampled

population. This study is meant to be a preliminary step towards solving this,

discussing, for instance, minimum requirements in order to detect an association.

We simulated 20,000 trials per standard deviation in order to understand the best

approach for our preprocessing step. In the interest of time, when applying the

interacting site algorithms (RAPID and SixPAC), we increment the σ values by

0.3 and run only 100 trials per standard deviation.

2.3.2 Uncoupling the mixture of Gaussians

We use a classic approach known as expectation maximization (EM) to

uncouple the mixture of Gaussians. Firstly, we assume that the phenotype data

comes from two (one-dimensional) Gaussians. We provide an initial guess for the

means of these Gaussians at the lower and upper terciles, with equivalent standard

deviations and mixing proportions. From there, this is a two-stage process. First,

for each point, we determine the likelihood that it comes from each of the two

distributions given their parameters, and normalize these probabilities such that

they sum to 1. Second, given these probabilities for each point, we re-estimate the

underlying parameters of the Gaussians (means, standard deviations, and mixing

proportions). We then iteratively repeat these steps with the new parameters, until

convergence. We utilized the R package mclust [8] to calculate these parameters.
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2.4 Results

2.4.1 Determination of optimal EM parameters

We first attempted to evaluate and optimize how well the EM approach

performed on classifying the mixture, using the χ2 statistic as an objective function.

The output of the EM algorithm in this setup can be boiled down to a probability

matrix, P , where Pi,j represents the probability that individual i belongs to class

j. We need to partition each individual into the discrete classes in order to run

any of the above algorithms, and a logical approach would be to take the majority

class for each individual. However, it is possible that the more marginal points

(where the maximum probability is close to 50%) contain too many misclassified

points, and thus, hurt the χ2 statistic. We can thus fix a confidence threshold

between 0.5 and 1, and toss out all individuals that have confidence levels below

this threshold. If the threshold is too high, the gain in correctly classified points

is more than offset by a drop in sample size, and a higher P-value results.

Trials identifying a “sweet spot” for thresholding are described in Figure

2.1. As mentioned above, for a given standard deviation (column), we run 20,000

trials, each of which tests all confidence thresholds from 0.5 to 1 (in intervals of

0.01). In each trial, we focused only on the interacting pair of loci. For these

two sites, we constructed a 2 × 2 contingency table from all individuals deemed

to be at a high enough confidence level. We then calculated a P-value (defined by

a χ2 statistic). As the figure shows, we generally have very good power (fraction

of sites with P-value < 0.05), even with a high standard deviation. Including all

individuals in their most likely class (i.e. setting the threshold at 0.5) is suboptimal

relative to setting the threshold higher (approximately 0.6-0.65, for instance). As

expected, though, the more intermixed the two classes are, the more misclassified

points there are. As a result, we need to increase the filtration threshold as a

function of standard deviation. Since we do not know the standard deviation a

priori, we pick a threshold at the higher end of the spectrum (0.65) for future tests.

Given this threshold, the expectation of correctly and incorrectly classified points

is shown in Figure 2.2.
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Figure 2.1: The impact of the EM confidence threshold on the ability to
capture an interacting pair of SNPs. For a given standard deviation (columns
in both plots), we attempted to see how important the point classification thresh-
old (rows in both plots) matters in identifying an interacting pair of SNPs. In both
plots, the black line represents the threshold that returns the minimum average
P-value. Left: Each column of the underlying heatmap represents a histogram
of the threshold which returns the lowest P-value. Right: The power (as defined
by the fraction of points with P-value < 0.05) is shown for each standard devia-
tion/threshold pair. As can be seen, the power remains very high in this scenario,
even as the standard deviation increases. At low standard deviations (< 1), the
classes are separable enough that virtually all thresholds will work. At higher
standard deviations, though, we need to filter out more and more borderline cases.
Also of note, regarding the P-value, the mode low threshold is generally higher
than the mean low threshold. This is because, when the EM algorithm does not
do a good job at reconstructing the original distributions, setting the thresholds
too high eliminates many true candidates as well, leading to a high P-value (data
not shown).
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Figure 2.2: The expectation of correctly classified points given a 0.65
threshold. As expected, the higher the standard deviation, the lower the amount
of correctly classified individuals. However, we still have reasonable signal which
can be detected (50% of the cases vs. 40% of the controls even in trials with
standard deviation 4).
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Given this threshold, we now have an input SNP matrix (with qualitative

phenotypes) for each of the approaches mentioned above.

2.4.2 The impact of quantitative phenotypes on the ran-

domized algorithms

The major negative consequence of any approach converting quantitative

values into qualitative classes is that we can misclassify points, weakening any sig-

nal that may be present. To explain this, let us take a pair of sites in which we have

perfect correlation between two sites in our case dataset and perfect anti-correlation

in our control dataset. In this setup, the amount of misclassified individuals di-

rectly relates to the correlation between the two sites.

RAPID quantifies this using what the authors refer to as θ, the distance be-

tween two correlated points once projected onto a unit hypersphere. Two perfectly

correlated points have a θ value of 0, while two random points have a θ value of
√

2.

As the fraction of misclassified points increases, θ increases as well, approaching

the value of a random pair of points. In order to accommodate the rise in θ, we

need to perform more random projections to separate truly interacting pairs from

false positives. If this distance is too high (θ > 0.6), then the amount of calcula-

tions required exceeds the amount needed in a brute force operation. Figure 2.3

shows that this θ distance corresponds to a standard deviation of approximately

0.5. Although SixPAC does not model θ explicitly as an input parameter, it has

generally similar behavior.

As a standard deviation of 0.5 is relatively small, we choose a different

approach: to set the parameters (θ for RAPID, significance value for SixPAC) as

constant across all our simulations. We selected roughly comparable values for

both statistics — the default Bonferroni-corrected P-value of 0.05 for SixPAC, and

a θ of 0.2 for RAPID. This results in a speedup relative to a brute force approach

under all instances of the input dataset. However, this increases the false negatives

for all datasets generated with a higher than expected standard deviation. As can

be seen in Figure 2.4, both perform similarly well. RAPID takes approximately

three to four times as long (mean time of 466 seconds vs. 136 for SixPAC). Part
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Figure 2.3: The impact of standard deviation on RAPID’s performance.
Firstly, we note that using the EM approach to define classes (solid line) returns
results that are relatively similar to having prior knowledge of the classes them-
selves. Searching for θ values above 0.6 using RAPID yields more calculations than
a brute force approach. With our approach, θ increases to greater than 0.6 when
the standard deviation of both classes is greater than 0.5.
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Figure 2.4: The performance of RAPID and SixPAC on simulated
datasets. As expected, both tools perform similarly well in the regimes where
the classes are easily separatble (θ < 0.5). Above this, the power starts to decay,
as the estimated distances between the two sites exceeds the θ (or significance)
parameter. Both are significantly faster than a brute force method, although the
assumptions that SixPAC makes allows it to be approximately 3× faster than
RAPID.

of this is because RAPID tests both cases and controls (as opposed to just cases),

while another part is because RAPID tests skews in both directions (abundance of

“1-1/0-0” and “1-0/0-1” pairs). However, we note that SixPAC has the potential

to be much faster than represented here due to their implementation of multi-

threading.

2.4.3 Application to Drosophila dataset

We now apply our algorithm to a Drosophila dataset. This dataset is com-

posed of 136 isogenic lines from the Drosophila Genetic Reference Panel (DGRP)

[9], each of which is put independently in 5% oxygen conditions. Each line has

been sequenced, and approximately 2.6 million variant sites have been discovered

across all lines. The ability of the fly to adapt is measured using eclosion rate,

the percentage of pupae that emerge as adult flies, and is thus a real number be-

tween 0% and 100%. We note that this sample size is much smaller than a typical
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GWAS study (which numbers in the thousands), and thus, we do not expect to find

variants at a Bonferroni-corrected P-value (approximately 10−8). For single locus

tests, we thus use the protocol described in the DGRP paper [9], which identifies

all sites present at a much lower significance (≤ 10−5) as being worthy of further

investigation.

Before we look for multilocus interactions, we first attempt to identify pos-

sible (single) loci that directly correlate to the phenotype. This could yield a

simpler mechanism for linking genotype and phenotype. In addition, as described

in Brinza et al. [4], it is possible for one or more of these singly-associated loci

to be involved in multilocus interactions. We determine our test statistic using

linear regression of the genotype to the quantitative phenotype, as implemented

by Plink [10]. In order to correct for outliers caused by low variant frequencies, we

permute the phenotype labels either until we get a P-value that we can confidently

determine is non-zero, or until we have permuted the data 10,000 times. The result

is shown in Figure 2.5. As expected, no site even comes close to the Bonferroni

P-value. The list of sites less than the threshold are described in Table 2.1. The

top hit is located in a gene called Rala, part of the Ras family. This pathway has

been linked to many stress responses, including hypoxia [11], and is involved with

regulation of many important cellular pathways, such as the Notch pathway (see

Chapter 4 for the link of Notch to hypoxia).

For multilocus interactions, we choose to run SixPAC over RAPID due to

its speed, particularly after multi-threading. Our GMM approach separates the

set of individuals into 39 “cases” which survive well under hypoxia, 92 “controls”

which do not survive well under hypoxia, and 5 individuals which are inconclu-

sive, and thus, tossed out. A Bonferroni-corrected P-value is even more infeasible

when dealing with pairs of loci — the significance threshold drops to 10−14. We

thus arbitrarily set a cut-off of 10−7 to identify potentially interacting pairs. The

resulting pairs of SNPs are shown in Table 2.2. As the threshold is low enough for

many of the P-values to occur by chance, we expect many false positives. How-

ever, there are some interesting candidate pairs. For instance, there is a correlated

pair of SNPs in the coding regions of whd and CG17219. whd is a gene that has
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Figure 2.5: Manhattan plot showing significance of single-locus interac-
tions with the hypoxia phenotype. The 21 points in red have significance value
less than 10−5, and are shown in Table 2.1. Although some points are co-located,
they are generally spread out across all five chromosome arms.

been implicated in oxidative stress tolerance [12]. In contrast, not much is known

about CG17219, but one of the few manuscripts linked to the gene at the time

of analysis shows that CG17219 is significantly upregulated (∼6×) during blood

cell proliferation in flies [13]. Thus, it is conceivable that these two genes can be

involved in a fly’s response to a hypoxic environment.

2.5 Discussion

The major emphasis of this paper is exploring how RAPID and SixPAC

deal with noise in phenotype values. This noise manifests itself as misclassified

individuals, which results in weaker correlations. As expected, datasets where the

case and control populations are easily separable are trivial for both of these tools.

However, even if there is a mild level of mixing (particularly for RAPID), we can

no longer theoretically guarantee that we will find the correlation quickly (as much

as any randomized algorithm can guarantee events). That said, these approaches

do hash more distal, but correlated points together quite often, as evidenced in

Figure 2.4.

This is a preliminary step towards applying fast approaches that identify
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Table 2.1: List of single loci associated with the hypoxia phenotype,
sorted by P-value

Chr. Position P-value Nearest Gene
X 3605554 8.90E-007 Rala (intron)

2R 9420056 1.34E-006 Vmat (intron)
X 14101925 1.96E-006 l(1)G0007 (intron), l(1)G0469 (intron)
X 4302488 2.36E-006 CG32773 (intron)

3L 4384686 2.56E-006 slow (5’ UTR)
2L 14789315 2.71E-006 CG18636 (5k upstream)
3L 3861646 3.20E-006 Awh (3’ UTR)
X 4305555 3.22E-006 CG32773 (intron)

2R 9476269 3.30E-006 CG6191 (intron)
3R 4945662 3.67E-006 pum (intron)
3R 25021192 4.75E-006 CG14509 (500bp upstream)
2R 5194479 4.85E-006 Myd88 (intron)
3R 26817207 5.01E-006 5-HT7 (intron)
3R 21471993 5.65E-006 jigr1 (intron)
2R 1289386 5.96E-006 laccase2 (12k upstream)
3R 3294726 6.77E-006 tRNA:V3b:84Dc (3k downstream)
3R 3278714 7.08E-006 tRNA:V3b:84Da (1k downstream)
2R 9476357 7.41E-006 CG6191 (intron)
3R 5079269 8.55E-006 CR16735 (pseudogene)
3L 16685688 9.04E-006 Lasp (intron), CG43954 (intron)
3R 21488562 9.55E-006 RASSF8 (syn. coding)

multilocus interactions on quantitative phenotypes. While it does show some

promise on simulated datasets, it is important to note that real-world datasets

do not generally conform to the simulation parameters tested here. For instance,

in many disease scenarios, the dataset is composed of far fewer cases than controls.

There is also no guarantee that a quantitative dataset is composed of exactly two

classes, that both of them are Gaussians, that both Gaussians have equal variance,

and that the interaction model is as straightforward as presented (see Marchini et

al. [14] for a more comprehensive list of two-locus interactions. In some cases, we

can account for this. For instance, if we know a priori that the classes come from

a mixture of exponentially distributed variables, we can adjust the EM approach

accordingly. In addition, we can use the output of the EM algorithm to guide our

parameter settings. As an example, let us consider a situation where our sample

size is large enough and we have many more controls than cases. In this setting,
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Table 2.2: List of pairs of loci jointly associated with survival rates
under hypoxic conditions, sorted by P-value. “Syn” refers to synonymous
SNPs, while “up” and “down” are upstream and downstream of the target gene,
respectively.

SNP 1 Gene 1 SNP 2 Gene 2 P
2L:10329047 CG5375 (syn) 2L:15284676 CG15263 (500bp up) 3e-9
2L:10329050 CG5375 (syn) 2L:15284676 CG15263 (500bp up) 3e-9
2L:10329045 CG5375 (L426R) 2L:15284676 CG15263 (500bp up) 3e-9
3R:9650579 Mst87F (2kb down) 3R:14061566 repo (300bp up) 1e-8
3L:10090664 dpr6 (intron) 3R:26958719 CR43458 (ncRNA) 3e-8
3L:10090684 dpr6 (intron) 3R:26958719 CR43458 (ncRNA) 3e-8
2L:17267450 beat-IIIc (7k up) X:15795050 shi (intron) 5e-8
2L:3029533 CG17219 (syn) 2R:6358197 whd (syn) 8e-8
2L:11690459 CG4988 (5k up) 2L:17159035 beat-IIIa (intron) 9e-8

we can afford to be more selective with our control population (i.e. set a higher

confidence threshold) than with our case population.
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Chapter 3

Exploring tests of selection in

case-control data

3.1 Abstract

Because our sample size from the previous section was too small to identify

linked sites with any level of significance, we now focus on a different, but related

problem, that does not require as many individuals to be sequenced. This problem

is one of detecting natural selection. In this approach, a population is put under

a stress (such as hypoxia) for a number of generations. This poses a different set

of challenges from a GWAS-style approach. In the previous framework, we do

not know if each fly line adapts using a common or distinct mechanism (i.e. a

set of rare variations or a few common mutations). Under natural selection, the

underlying selective pressure leads to the proliferation of beneficial mutations over

time (see below for more information). In other words, the beneficial mutations

should rise in frequency, and we are necessarily looking for common mutations

within a population.

In addition to natural selection, for smaller organisms with faster breeding

cycles (such as flies), artificial (or laboratory) selection can be used to create sub-

populations with different phenotypic traits. Genetic tests can be employed to

identify the causal markers for the phenotypes, as a precursor to engineering strains

22
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with a combination of traits. Traditional approaches involve analyzing crosses of

inbred strains to test for co-segregation with genetic markers. In this chapter, we

take advantage of cheaper next generation sequencing techniques to identify genetic

signatures of adaptation to the selection constraints. While we develop tests that

can be applicable to individual sequences, it is important to note that such data

is often suboptimal (power-wise) for a population of flies. There are two reasons

for this. First, in order to generate sufficient sample to sequence a fly, the most

common approach is to interbreed siblings for a number of generations, eventually

creating a completely homozygous (isogenic) line. This process is time-consuming.

Even if the process is trivial, though, pooled population-level sequencing gives

much more insight per unit coverage on processes like selection than individual

data (see below for reasons why). The main focus of this chapter is thus on pooled

genomic data.

There are two major issues with testing for either natural or laboratory se-

lection. Firstly, not every phenotype is linked to a selection pressure. For instance,

a variant influencing eye color does not confer any obvious selective advantages,

leading to a situation similar to the previous chapter. Even if a trait is linked

to a selection pressure (particularly with the weaker ones often found in nature),

several sites may segregate similarly, due to genetic drift. As a result, the standard

GWAS-style correlations may not be sufficient to distinguish beneficial loci, and

more directed tests must be implemented. Chapters 3-6 attempt to address this.

Specifically, in this chapter, we explore a series of statistical tests for se-

lection using pooled case (under selection) and control populations. The tests

generally capture skews in the scaled frequency spectrum of alleles in a region,

which are indicative of a selective sweep. Extensive simulations are used to show

that these approaches work well for a wide range of population divergence times

and strong selective pressures. Control vs. control simulations are used to deter-

mine an empirical False Positive Rate, and regions under selection are determined

using a 1% FPR level. We show that pooling does not have a significant impact

on statistical power. The tests are also robust to reasonable variations in several

different parameters, including window size, base-calling error rate, and sequencing
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coverage. In Chapter 4, we show the vast potential of one of these methods for

selection for hypoxia.

Overall, we outline a strategy for finding regions under selection using

pooled sequences, then devise optimal tests for that strategy. The approaches

show promise for detecting selection, even several generations after fixation of the

beneficial allele has occurred.

3.2 Introduction

Laboratory selection methods have been used for centuries to selectively

breed organisms for desired phenotypes. The organisms are bred under directional

selective pressure to create a stable, adapted population with the desired pheno-

type. For smaller organisms with faster breeding cycles, this approach can be used

to create many populations with different phenotypic traits. Genetic tests can

be employed to identify the causal markers for the phenotypes, as a precursor to

engineering strains with a combination of traits.

For sexually reproducing organisms, the typical approach entails generat-

ing and crossing pure-bred strains from sub-populations with different phenotype

levels. Second (and higher) generation crosses can be used to identify markers

that co-segregate with the phenotype. The approach is effective especially with a

sparse array of genetic markers. However, the generation of crosses is often labor

intensive, and the linked regions are large, requiring additional genetic mapping

effort to identify the causal variation.

In recent years, deep sequencing technologies have been increasingly avail-

able, making whole genome sequencing feasible for small organisms. Even so, given

the low quantities of DNA in smaller organisms, it may not be feasible to indi-

vidually sequence each organism. Even if feasible, cost constraints often lead to

a sacrifice in sample size or sequencing coverage, leading to a loss in statistical

power. We consider the following experimental approach to identifying the genetic

basis of an adapted phenotype: (a) Separate a neutrally-evolving population into

two sub-populations, and breed the two sub-populations with (case) and without
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(control) directional selective pressure; (b) sequence large pools of individuals from

the two sub-populations; and, (c) identify regions that show a genetic signature

of selection relative to the control sub-population. While step (a) is common to

any forward genetics approach, steps (b) and (c) do not require labor-intensive

crosses. Pooling allows for sequencing to be done in a cost-effective manner. We

show below that, under certain regimes, the signal has higher resolution, reducing

the additional effort needed to identify candidate genes.

The genetic signature for laboratory selection is similar to that of natural

selection. Consider a trait such as hypoxia. The population is bred in an increas-

ingly hypoxic environment, forcing it to gradually adapt. A genetic variant that

helps the individual survive will eventually go to fixation. Neighboring SNPs (in

LD) also approach fixation, leading to loss of genetic diversity, or a selective sweep,

in a region. When multiple loci contribute independently to the adaptation, recom-

bination events bring advantageous alleles together, and the adapted population

shows multiple unlinked regions under selection. Various tests of neutrality capture

the loss of heterozygosity (as in Tajima [15] or Fay and Wu [16]), exact haplotype

frequencies (as in Fu [17]), and other departures from neutral evolution as a test

for selection. For recent selection events, the region is characterized by extended

haplotypes in high LD with a core set of alleles (see Sabeti et al. [18]). However,

all of these approaches are designed to be used with individual haplotypes in the

population.

One common approach for testing for causal variations involve analyzing an

aggregate of individuals [19, 20, 21, 22]. The feature that many of these algorithms

look for is a rise in frequency of a collection of rare alleles in the case population.

However, one of the implicit assumptions of these approaches is that the entire

population is fully mixing. Under the setup described above, however, the exact

opposite situation arises — the populations are completely isolated. While it may

be possible to adapt the above statistics after accounting for this substructure, we

focus on a class of statistics that do not have any such assumptions.

A formulation for identifying selection is not as clean as it is for associa-

tion, since the demographics and the strength of selection play a large role in the
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underlying signature. We can attempt to formulate the problem as follows:

Input:

-A SNP matrix S, combined from a case and control population (where each variant

is linked to its location on the chromosome)

-A length m phenotype vector y, where:

yi =

1 if row i corresponds to an individual in the case population in S

0 if row i corresponds to an individual in the control population in S

Output:

A contiguous subset of columns (SNPs) j1, ..., j2 with the most signs of selection

in the case population relative to controls

Objective Function:

Discussed in this chapter

In this chapter, we investigate various tests of selection based not on the

departure from neutrality in the case population, but rather, on direct comparisons

of allele frequency spectra in the two populations. Many of the tests can be applied

to both individual and pooled genomic data, where we only have allele frequencies

at each location. By analyzing the scaled allele frequency spectra of case and

control populations, we explain how the power of the proposed statistics depends

critically on the selection pressure and the time since the selection pressure was

implemented. We then identify the relative strengths and weaknesses of each of

these tests over a large range of times and pressures. We also investigate the power

of the proposed statistics on a number of parameters, including selection pressure,

mutation rate, and recombination rate, but also technology-dependent ones like

depth of sequencing and base-calling error rate.

We select one approach (the Sf statistic) as being robust to many of the

tested parameters (and particularly applicable to strong selection), and apply it

to an existing experimental population of Drosophila melanogaster that have been

adapted to severe hypoxia (Chapter 4). We identify a clear signature of selec-

tion that is significant on a genome-wide scale. Our results suggest that in many
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experimental populations of interest, direct tests of selection provide an effective

alternative to cross-based analyses in identifying the genetic determinant of a phe-

notype.

3.3 Materials and Methods

Consider a mutation that confers a selective advantage for a specific phe-

notype (like hypoxia tolerance), and assume it lies in a region with scaled mu-

tation rate θ = 4Nµ. It is important to note that the θ variable defined here

(and in subsequent chapters) is completely unrelated to the θ variable used in

the RAPID approach from Chapter 2. Here, µ is the mutation rate per base per

generation, and N is the effective population size (see, for example, Durrett [23]).

Under directional selective pressure for the phenotype, the mutation is driven to

fixation. Neighboring (linked) mutations are co-inherited and also go towards fix-

ation, leading to an overall loss of diversity, captured by a lower value of θ. Tests

of neutrality often compare two different estimates of θ on the same population

that behave differently under departure from neutrality. A significant difference

in the two measures is indicative of non-neutral evolution, and possibly, selection.

However, the mutation rate µ can vary throughout the genome and might con-

found estimates of the scaled mutation rate, even with normalization. In addition,

population-specific effects (such as a founder population composed of siblings) may

lead to false positives.

Instead, consider a case-control scenario in which identical populations are

split, and one population is subject to directional selection. It is generally reason-

able to assume that the mutation rate µ is identical in the two populations in any

specific region. For any measure of θ, the log ratio statistic

S(1, 2) = log
θ2
θ1

= log
4µN2

4µN1

= log
N2

N1

(3.1)

computes the ratio of effective population sizes. A high value of the statistic implies

that N1 � N2, or that the region is under a selective sweep in sub-population 1.

While we could work with difference estimates, the ratio has a direct interpretation

as the relative decrease in population size.
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3.3.1 Statistics for detecting selection

The LR-statistic depends upon estimates of θ. Many estimates have been

derived and will behave very differently under different regimes of selection. Con-

sider a population sample of size n and assume that an outgroup is known making

it possible to distinguish the derived allele. Let ξi denote the fraction of sites with

exactly i derived alleles. A classical result due to Fu states that, under a neutral

model, E(ξi) = θ/i [24]. Let us define the scaled frequency spectrum as:

θ̂i = iξi

Under neutral evolution, for any i, θ̂i is an unbiased estimator of θ. Likewise, for

any linear combination:

Exp

(
1∑
i ωi

∑
i

ωiθ̂i

)
= θ (3.2)

Achaz [25] shows that many of the classical measures of θ are variants of Equa-

tion 3.2 with appropriate weight functions ωi. For instance, we have

θW = 1
an

∑
i
1
i
θ̂i (ωi = 1

i
) [26]

θπ = 2
n·(n−1)

∑
i (n− i)θ̂i (ωi = n− i) [15]

θf = 1
n

∑
i θ̂i (ωi = 1) [27]

θH = 2
n·(n−1)

∑
i iθ̂i (ωi = i) [16]

All estimates toss out fixed, derived mutations which are likely to have occurred be-

tween the outgroup and the most recent common ancestor of the individuals in the

pool. Note that each of these estimators can be derived from the allele frequency

spectrum, and therefore, pooled data. A change in θ̂i between the case and control

population is indicative of selection. We label applications of the θ estimates to

the log ratio statistic (Equation 3.1) as SW, Sπ, Sf, and SH, respectively.

Another set of approaches would be based on measuring differences in rela-

tive SNP frequencies in the two populations. For instance, Hudson’s Fst is defined

as 1 − πwithin/πbetween [28]. As our hypothesis is directional (we have defined

“case” and “control” populations), we can replace the πwithin term from this equa-

tion with just the heterozygosity from the case population, creating a “directional”
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Fst. A final approach is based on the principle that selection would lead to a much

longer ancestral branch length in the cases, and thus, a significant increase in fixed

SNPs in the population. We can construct a 2 × 2 contingency table composed

of counts of fixed and polymorphic sites, in the case and control populations. A

one-sided Fisher exact test can be used to test against the null hypothesis of no

correlation between the variables. Finally, we can also use one sample tests on the

case population, such as Tajima’s D [15]. Table 3.1 summarizes all of the statistics

used.

Table 3.1: Notation and definition of the eight statistics tested in this
chapter

List of statistics

Test Formula

Tajima’s D (one-sample) θπ−θW√
e1·S+e2·S·(S−1)

Directional Fst 1− πwithin,case

πbetween

Hudson’s Fst 1− πwithin

πbetween

Excess of fixed case SNPs Fisher test

Sf(1, 2) log
θL,2

θL,1

SW(1, 2) log
θW,2

θW,1

Sπ(1, 2) log θπ,2
θπ,1

SH(1, 2) log
θH,2

θH,1

3.3.2 Forward simulation

We built a simulator that captured aspects of the pooled, diploid Drosophila

populations described below. There are several different parameters for this sim-

ulator.
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In a typical laboratory setting, a small group of individuals is used as a

founder population. The simulator first has to generate this founder population

before the application of selective pressure. In other words, this is a forward sim-

ulator that can be thought of as having three stages: 1) generation of a diverse

founder population, 2) institution of a population bottleneck (to create the founder

individuals) and introduction of the beneficial mutation, and 3) population expan-

sion, followed by application of selection pressure (see Figure 3.1 for an overview).

Within each stage, a Wright-Fisher model with defined population size and time

(in generations) is used. Parameters that are characteristic of the species, such as

the per-base mutation and recombination rates, are set to be identical across all

stages. With the Drosophila studies and most of the simulations, the per-base mu-

tation rate (8.5 ·10−4/bp) was taken from Watterson’s estimator applied to the C1

population, while the per-base recombination rate was taken from Fiston-Lavier

et al. [29] to be 1.892 · 10−8/bp.

Since we do not know the genotypes or the relative differences between the

individuals that spawned the biological populations, we simulate differences by

generating a known “reference” haplotype and setting 2000 individuals to have

two copies of this haplotype. As per coalescent theory, a neutrally evolving popu-

lation of size 2000 will have a shared common ancestor after approximately 4000

generations [30]. There is some variance in this number, so to ensure that this

criterion is met, we ran the simulator for 14000 generations. The specific choice

of 14000 was somewhat arbitrary — it is long enough away from 4000 to ensure

that the two populations would share a common ancestor, but short enough to

make thousands of trials feasible. As a result, this process generates a population

based on a known reference, but each individual is sufficiently different from the

reference as well as other individuals in the population.

After this, a 54-haplotype founder population is taken from the pool of

genotypes. The beneficial mutation is introduced into exactly one of the founders,

and the population is then immediately separated into two sets of 2000 individ-

uals derived from these founders. At this stage, the selective pressure is applied

to one of the sets, and the populations are allowed to evolve independently at
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Figure 3.1: Schematic of simulator. There are three stages to this simulator:
1) Generation of founder population, 2) Shrinking of population to “founders”,
introduction of the beneficial mutation (represented by the red lineage), and sep-
aration into subpopulations, and 3) Application of selection pressure in one sub-
population and expansion.
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constant size, usually for 200 generations. As far as measuring signal, we need

to capture regions large enough to accurately estimate the true tree topology, yet

small enough such that the signal is not masked by recombinations. Fixed window

sizes (generally 50kbp) are used for θ calculations, and the beneficial mutation is

located exactly in the middle of these windows. The beneficial mutation is defined

by two parameters: selection coefficient, s; and degree of dominance, h. The rel-

ative fitness of homozygous wild-type individuals is 1, heterozygous individuals is

1 + hs, and homozygous mutant individuals is 1 + s. s is generally variable, but h

is fixed to be 0.5 in all trials. Parameters involved in the sequencing stage include

sequencing sample size (generally 200 individuals), sequencing coverage (generally

70×), and base-calling error rates (generally 1%). The default values are intended

to be representative of typical experimental conditions, and as such, are derived

from the hypoxia dataset (see Methods). Each trial is repeated 500 times to get a

more complete picture of the behavior of the statistics.

3.3.3 Preprocessing

Assuming even a 1% sequencing error rate, it is unlikely that we would be

able to distinguish low frequency variants from sequencing errors at reasonable

levels of coverage. Since under the null model, the SNP frequencies would follow

a similar distribution, we tossed out all SNPs with a minor allele frequency of less

than 10% from consideration. In addition, this would lead to a potential gain of

power, as many of the de novo mutations would initially have frequencies less than

10% (see Figure 3.2B). At least 10× read depth at a site was required to have

enough reasonable confidence in its frequency. In addition, when the selective

pressures are high, it is common to see no SNPs with minor allelic frequencies

≥ 10%, leading to θ estimates of 0. In order to take the log ratio, pseudocounts

of 0.1 were added to both numerator and denominator. We note that this is not a

problem with individual genotype data.

With the application to Drosophila genotypes, it is possible that the pheno-

type impacts the mutation rate. For instance, it has been shown that temperature

impacts mutation rate in Drosophila [31]. Particularly in the regime well after fixa-
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Figure 3.2: Power of different statistics as a function of time since bot-
tleneck. A) Power versus time plots for multiple statistics given a fixed selection
pressure (s = 0.08). Statistics that weigh low frequency SNPs more, such as SW,
have a higher peak power, but decay faster. On the other hand, statistics that
weigh high frequency SNPs more, such as SH, have a lower peak power, but retain
power for a longer timespan. Sf (black, equal weights) and directional Fst (or-
ange) both provide a reasonable compromise between peak power and duration.
B) The influence of removing low minor allelic frequency SNPs on the power of
the Sf statistic. The black line represents the power of the Sf statistic at s = 0.08.
Through tossing out low frequency SNPs (MAF < 10%, red curve and < 20%,
blue curve), we have a buffer from moderate error rates. As we weigh interme-
diate frequency SNP counts more, we have a slight gain of peak power, and this
power is gained prior to fixation (as the extremely high frequency SNPs are tossed
out). However, the counts are lower and thus, more susceptible to noise, so we lose
power over longer time spans. The red curve (10%) seems to provide a reasonable
compromise between time and duration of high power.
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tion of the beneficial allele, we may see frequency spectrum differentials (and thus,

false positives) only because of differences in de novo mutation counts. Under the

assumption that the regions under selection are relatively small compared to the

whole genome, if we take the genome as a whole, the effective population sizes of

both populations should be similar. Adding an additive corrective factor, equiva-

lent to log θ1
θ2

= log µ1
µ2

, where the θ values are computed for the entire genome, thus

cancels the effect of mutation rate differences. In practice, this term was negligible

for H1/C1, H2/C1, A1/N1, and A2/N1 calculations (see the following section for

definitions).

3.3.4 Power and significance computations

The Type I error can be obtained by getting bounds on the tail probabilities

of the distribution of the statistic in a scenario of no-selection. However, the

distribution is not well understood, and is not normal. A quantile-quantile plot

(Figure 3.3) suggests a strong deviation from the normal distribution for both

statistics. If the underlying distribution is normal, the quantiles of the observed

data would be linearly related to the quantiles of the standard normal distribution.

As can be seen, this is not the case — the plots indicate fatter tails than expected.

The Lilliefors test for normality [32] quantifies the probabilities that any of these

distributions are normal as P < 2.2 · 10−16. Therefore, we use empirical cut-offs

for the statistics. To accurately determine Type I error, we use control vs control

tests. In the simulations, we can replace the case population with a population

evolving separately, but under identical conditions to the controls (for instance,

under no selective pressure). In this situation, any deviation that appears to be

significant is a false positive caused by genetic drift. To determine significance, we

use a threshold corresponding to a 1% false positive rate from 500 control versus

control simulations (in other words, the significance threshold was set at the fifth

highest control vs control statistic value). For the Drosophila applications, we do

not know the false positive rate, since there may be an unknown selective pressure

acting on what we consider to be “controls”. In addition, some of the parameters

we have assumed for the simulations (for instance, uniform coverage) may not
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Figure 3.3: Tests of the distributions of the Sf and SW statistics in
simulated and Drosophila (C1 & C2) control versus control data. A)
Density plots of simulated (red) and Drosophila (blue) control Sf data (blue). B)
Density plots of simulated (red) and Drosophila (blue) control SW data. As can be
seen in both cases, with C1 and C2, the variance of the statistic is much higher than
in the simulated control data. C) Quantile-quantile plots of simulated (red) and
Drosophila (blue) control Sf data, compared to a standard normal distribution.
D) Quantile-quantile plots of simulated (red) and Drosophila (blue) control SW

data, compared to a standard normal distribution. In these plots, a straight line
indicates that the data comes from a normal distribution. In all cases, the plots
indicate a non-normal distribution (quantified by the Lilliefors test for normality
as having P-values less than 2.2 · 10−16).

hold throughout the genome. As a result, we utilize a biological replicate of the

controls (such as C2 above) to determine a 1% false discovery rate (FDR) instead.

To calculate this FDR, we calculate the fractions provided by the complementary

CDFs of our statistics, applied across the genome for both control versus control

and case versus control studies. We set the threshold of significance where the ratio

of these fractions is roughly 1%. For instance, for the summed frequency statistic,

a 1% FDR occurs when the threshold is set at 4 in both hypoxia populations

mentioned above.
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3.4 Results

3.4.1 Power versus time under different measures of θ

To test the power of different statistics, we simulated case and control pop-

ulations under fixed, high selection pressure (s = 0.08), and sampled n = 400

individuals from each (See Methods, and Figure 3.1). For each test, power was

determined as the fraction of cases with a test statistic more significant than a

1% FDR level cut-off determined in control versus control simulations. As Figure

3.2A shows, the power for all methods is high shortly after fixation of the bene-

ficial mutation (at roughly t = 150 generations). However, if the populations are

sampled at times prior to fixation (t < 150), or subsequent to it (t > 400), the

different tests behave very differently. For example, Fst has relatively high power

prior to fixation, but it decays subsequently, while SH shows the opposite behav-

ior. Sf shows at least 50% power over a wide range of generations (250 − 3000).

Interestingly, by removing sites with low minor allele frequencies, there is a shift

in the power plot to earlier generations (Figure 3.2B).

To understand the reason for these trends, we plotted the mean scaled

allele frequencies (θ̂i) for the case and control populations at t = 100, 200, 2000

generations after bottleneck (Figure 3.4). As mentioned earlier, Achaz [25] showed

that θ measures can be interpreted as linear combinations of these frequencies. A

test of selection would have the most power when the chosen weights maximize the

difference between the case and control populations. Under selective pressure, the

lineage carrying the beneficial mutation expands rapidly, and we see an increase

in intermediate to high frequency alleles in regions under selection (Figure 3.4A).

However, the frequency spectra are generally too close to distinguish at this stage,

though, and most tests do not have high power. At fixation (Figure 3.4B), we

see an almost complete loss of intermediate frequency SNPs. At this stage, the

populations are well separable, and nearly any weighting can distinguish the two

populations. Thus, most tests do well. However, as θπ and θW weigh high frequency

alleles lower than lower frequencies, Sπ and SW show higher power than Sf (equal

weights) and SH (higher weight for high frequency SNPs). Subsequent to fixation,
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with t ∈ [500, 2000] (Figure 3.4C), the high frequency alleles drift to fixation.

However, we start seeing a fair number of de novo mutations at low frequencies.

As a result, the best signal is obtained by methods that weigh low frequency alleles

lower than high frequency (Sf, SH).

Tajima’s D starts to lose power rapidly in the post-fixation regime. In

addition, with this (or any other one sample test), we lose the benefit of a case-

control setup, and we could lose power if there are any founder-specific or region-

specific anomalies, which the simulator does not capture. The directional Fst

generally performed well over a large time interval. Recall that the diversity in the

case population is θπ which weighs low frequency alleles higher than high frequency

alleles. It is not surprising that its power rises quickly, as the signal comes from

differences between individual SNP frequencies between two populations. We only

need to see a loss of diversity within a population (which occurs prior to fixation).

As the intermediate frequency SNPs start to rise (around 1500 generations), power

is maintained longer than Sπ due to the large number of fixed SNPs in cases that

increase the diversity between the case and control populations. However, in order

to accurately determine πbetween, we need a reasonably high subset of SNPs to be

sampled in both populations. In circumstances where this may not be feasible (see

below), this approach will be underpowered.

Pooling reduces the cost of sequencing, but loses exact information on hap-

lotype frequencies. To test the corresponding loss of power due to lack of haplotype

information, we computed the power of the Sf statistic on the underlying haplo-

types and compared it to the corresponding power of sampling at 70× coverage,

removing low frequency SNPs, and adding in 1% base-calling errors. The results

(Figure 3.2B) suggest that even though we lose the ability to tell the exact frequen-

cies, pooling does not have much impact on power. Assuming no sampling biases,

the coverage is high enough such that we can accurately estimate the summed

frequencies in a window. By removing SNPs with a minor allelic frequency of

less than 10%, we gain peak power (since most de novo mutations in the cases

get filtered out, leading to higher signal), but lose power as time goes on (as the

SNP counts in both cases and controls become much lower, and thus, are more
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Figure 3.4: SNP frequency spectrum analysis. Scaled allele frequencies
θ̂i = iξi of simulated cases and control populations at different times after selection
(s = 0.08). Here, ξi is the number of SNPs present in exactly i haplotypes.
The ideal statistic is one that weighs alleles to maximize the separation between
the blue and red line. A) At t = 100, individuals with the beneficial mutation
start to dominate the population (leading to a rise of high-frequency hitchhiking
SNPs), but there is still a substantial fraction of individuals without the beneficial
mutation. B) At t = 200, many alleles that hitchhike with the beneficial mutation
are near fixation, and the bulk of the mutations are very high frequency. Thus,
measures that gives less weight to high frequency alleles show high power. C) At
t = 2000, drift and recombination events decrease high frequency alleles, while
de novo mutations increase lower frequency. Thus, measures that weigh lower
frequency alleles more rapidly lose power even with a clear signal between case
and control.
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susceptible to noise). An additional benefit of filtering out low frequency SNPs is

to dilute the impact of base-calling errors — due to the preprocessing, reasonable

base-calling error rates barely influence the power.

Our results suggest that a variety of tests that use a case-control setup

do well over different regimes of selection. We work with relatively high selection

coefficients (s = 0.08) in these simulations, as it is often possible in model organism

settings. By contrast, in naturally evolving populations, the selective pressure is

usually lower and other tests might be better. We examine the impact of other

parameters on power using the Sf and Fst statistics as exemplars.

Selection coefficient

According to coalescent theory, the time to the most recent common an-

cestor (MRCA) for a neutrally growing population with N haplotypes is 2N gen-

erations [30]. Under the assumption of a single beneficial mutation with viability

1 + s, the number of copies of the mutant allele will increase exponentially until

fixation. Thus time to MRCA of a sample containing mutant alleles is similar to a

coalescent under an exponentially growing populations, and scales as O( ln 2Ns
s

) [33].

The power of the test for selection will increase up to this point, as the separation

between the two populations increases. Once the majority of the case populations

have reached fixation (i.e. their MRCA is after the introduction of the beneficial

mutation), however, de novo mutations subsequently reduce the power of the test.

Some intuition can be provided in Figure 3.4. At the time that the beneficial

mutation is close to the MRCA, the tree has a long main branch as lineages not

carrying the mutation are less likely to survive. All of the mutations on the same

linkage block as the beneficial mutation fall on the main branch of this tree and are

consequently near fixation. Further, the branch lengths of the lineages descending

from the main branch are reduced. Thus, the allele frequencies are dominated by

sites having very low and very high frequencies, and we see relatively small num-

bers of sites with intermediate frequencies (Figure 3.4B). Thus, any statistic that

scores the difference between the observed and expected (under neutral selection)

will be at peak power near this time. However, different statistics measure this
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Figure 3.5: Power versus time after bottleneck. Power is calculated using
a 1% false positive rate, as described in Section 2.5. Once a haplotype gets fixed
in the population, the power increases rapidly for both statistics, although with
slightly more power using Fst than using Sf. As time continues, though, the signal
decays faster in Fst than in Sf, largely because the controls vary more sharply as
time progresses.

skew in different ways, and reach peak power at slightly different times. With

further passage of time, more lineages come out, and the main branch becomes

shorter, and the scaled frequency spectrum starts to match the neutral spectrum.

Consequently, the power of all statistics reduces (Figure 3.4C).

We tested how power of each selection pressure was impacted by the number

of generations that the populations were allowed to diverge after the bottleneck

(Figures 3.5 and 3.6). The time to maximum power with the Sf statistic indeed

scales according to ln 2Ns
s

(Figure 3.7), but reasonable power is achieved at a large

number of generations. In all cases, the power drops rapidly at around N (2000)

generations, disappearing at 2N generations. Additional trials of the impacts of

coverage, base-calling error rate, founder population size, and sequencing sample

size on Sf are in Figure 3.8. Given our population setup, around 20× pooled cov-

erage is sufficient to achieve peak power. As mentioned earlier, the preprocessing

provided tolerance to reasonable base-calling error rate. The population sample

size seems to have minimal impact on power. The bottleneck has a fairly large
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Figure 3.6: ROC Curve evaluating the impact of threshold on true posi-
tive and false positive rates. Using Fst leads to better performance than using
Sf in this regime. For instance, at s = 0.05, with a 5% false positive rate, we can
detect 33.8% of the true positives with Sf and 61.4% with Fst.

impact, in large part because the beneficial mutation is introduced in exactly one

haplotype. Thus, a large bottleneck size corresponds to a small initial frequency

as well. Over 200 generations and relatively small selection pressure, the beneficial

allele has not had sufficient time to fix in the population.

3.4.2 Window size

For model organism studies, we intend on determining regions under selec-

tion using a statistic on a sliding window of fixed size w. The choice of w may

be important in determining the signature of selection. The overall per-window

recombination rate (ρ′ = ρ · w) and mutation rate (µ′ = µ · w) increase linearly

with increasing window size, directly influencing the power of the statistic.

Figure 3.9 plots, as contours, the power of Sf and Fst as a function of ρ′

and µ′. In general, the power increases with an increase in the mutation rate, as

the selective sweep becomes easier to distinguish from genetic drift with a larger

number of linked mutations. However, a very high mutation rate could create too

many de novo mutations that mask the selection signature, leading to a reduction

in power. In a similar fashion, the power increases with decreasing recombination
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Figure 3.7: Time to optimal power as a function of selection pressure.
Campbell [33] has shown that, under strong selection, the expected time to fixation
can be approximated by (ln(2Ns))/s. This plot shows that, for a selection pressure
s, the time that yields optimal power is linearly related to this quantity.
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Figure 3.8: The impact of simulator parameters on the power of the Sf
statistic. All trials were performed at 200 generations after the application of
selection pressure and with all other simulator parameters as default, as per the
Methods. A 1% false positive rate is also used to identify significance, as described
in the Methods. A) The impact of average read depth on power. As can be seen,
approximately 20 − 30× coverage per population is sufficient to achieve maximal
power. B) The impact of base-calling error rates on power. Due to the removal of
SNPs with less than 10% MAF, the statistic is robust to reasonable levels of error.
C) The impact of founder population size on power. The beneficial allele is present
in exactly one haplotype in each setting, so this also represents the impact of the
beneficial allele’s initial frequency on power. As expected, a low initial frequency
(and high initial haplotype diversity) leads to a loss of power. D) The impact of
sequencing sample size on power. This parameter does not have a major impact
on power — even 10 individuals are sufficient to determine signatures of selection
in the population.
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Figure 3.9: Contour plot describing determination of window size. The
power of the (left) Sf and (right) Fst statistics for various combinations of recombi-
nation rate (ρ′ = ρ ·w) and mutation rate (µ′ = µ ·w). In both cases, the selection
pressure was 0.08 (strong), and thresholds were defined by a 1% false positive rate,
as described in Section 2.5. The black line represents the range of possible values
caused by varying the window size in Drosophila. The black circle represents the
50kbp window size ultimately chosen, which shows high (≥ 95%) power for both
Sf and Fst.
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rates, as recombination events increase the genetic diversity in the region.

The mutation and recombination rates both depend on factors such as se-

quence complexity, but we can estimate the average per base rates. For Drosophila,

the per-base mutation rate (8.5·10−4/bp) was taken from Watterson’s estimator ap-

plied to the C1 population (defined in Materials and Methods), while the per-base

recombination rate was taken from Fiston-Lavier et al. [29] to be 1.892 · 10−8/bp.

If we treat the ratio of mutation to recombination rate as constant (µ′/ρ′ = µ/ρ ≈
44926), varying the window size yields the black lines in these diagrams. Both

statistics are robust to a wide range of window sizes. For w = 50 kbp (shown by

the black circle in Figure 3.9), we have more than 95% power. As a result, we use

50 kbp windows in all trials.

3.5 Discussion

Our test shows great promise in identifying signatures of selection. The

results suggest an economical, yet effective, approach for utilizing the capabilities

of whole-genome sequencing to identify genetic determinants of phenotypes. The

method requires that the phenotypes be used as a basis for laboratory selection

and that the genomic data of the selected population be tested for signatures of

selection. However, the test does not require high levels of sequencing to have full

power. 20−30× pooled read depth per population was sufficient in our simulations;

for typical model organisms with small genomes, this is relatively inexpensive.

In addition, the test provides higher resolution than genetic crosses and does

not require a second level of sequencing to identify causal variants. For instance,

let us take the cross-based protocol described in Leips et al. [34]. In this protocol,

F1 offspring between two Drosophila strains are backcrossed to the parental line

without the beneficial mutation. The resulting offspring are interbred for four

generations, and then 98 recombinant inbred lines are created (which takes 25

more generations). In the paper, the QTL region sizes range from roughly 100kbp

to 3Mbp. Our approach does not require the labor associated with constructing

the cross and maintaining the RI lines, and we can easily reduce the LD block
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size further by two main mechanisms: increasing the number of generations that

the populations are allowed to mix and increasing the initial genetic diversity (for

instance, by increasing the number of parental strains).

At the same time, the test may not be universally applicable. Not all phe-

notypes present a strong selection pressure, and weak selection results in a weak

signature. However, our empirical data in the scaled allele frequency spectrum

provides a strong theoretical foundation for when a specific test might be effective,

and the difference between the scaled allele frequencies of regions under selection

versus controls suggest alternative tests that will be explored in the future. Fur-

thermore, with dropping sequencing costs, it may be feasible to test the population

at many time points during evolution, and develop tests of selection that also look

at trends in the scaled allele frequency spectrum over time. Recently, tests have

been developed for testing recent selection events, using long range haplotypes and

other signals [18]. We plan to develop analogs for pooled data to improve the power

of the statistic for recent selection events. For older selection events, we plan on

improving the statistics by using tests that depend upon an excess of coding and

functional variants.

The test would work best given the sequences of a second control population

(such as C2 above), so that a more accurate null distribution can be determined. In

the absence of this, we can estimate the null distribution either via simulations or

by assuming that the bulk of the genome is not under selection and using genomic

control. Also, we determined that 50kbp windows were appropriate by determin-

ing that an average window (as determined by per-base estimates of mutation and

recombination rate) of this size has high power (see Figure 3.9). Not all regions of

the genome are equivalent, though. For instance, if we assume that a recombina-

tion hotspot has the same properties as a typical region of the genome, we might

overestimate the homogeneity of the region encompassed by the selective sweep.

If we have an accurate recombination map, it would be beneficial to improve this

by adjusting the window size (and significance threshold) based on location. In

the absence of this, an alternate approach would entail running these tests over

multiple window sizes. In this scenario, we would determine significance based on
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the presumed window size.

The statistic can potentially be applied to naturally occurring (or indus-

trial) strains of organisms that have been evolving independently under different

selective constraints, and even human populations. However, the lack of proper

controls in naturally evolving sub-populations, will possibly require additional tests

to associate the genetic signatures with the appropriate phenotypes. In this case,

factors such as the time of divergence and isolation of sub-populations will also

need to be considered. Development of these ideas will provide us with new tools

for associating genotypes and phenotypes.
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Chapter 4

The role of the Notch pathway in

hypoxia-tolerant Drosophila

melanogaster

4.1 Abstract

After determining the relative strengths and weaknesses of a number of

tests, we are now ready to apply the appropriate tests to a number of datasets.

Firstly, through long-term laboratory selection (over 200 generations), we have gen-

erated Drosophila melanogaster populations that tolerate severe, normally lethal,

levels of hypoxia. Because of initial experiments suspecting genetic mechanisms

underlying this adaptation, we compared the genomes of the hypoxia-selected flies

with those of controls using deep resequencing. Since we know the levels of hy-

poxia are typically lethal, this implies that, at least for the top hits, the selection

pressure is very strong. By applying the appropriate computing and analytical

methods we identified a number of DNA regions under selection, mostly on the

X chromosome. Several of the hypoxia-selected regions contained genes encod-

ing or regulating the Notch pathway. In addition, previous expression profiling

revealed an activation of the Notch pathway in the hypoxia-selected flies. We

confirmed the contribution of Notch activation to hypoxia tolerance using a spe-

48
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cific γ-secretase inhibitor, N-[N-(3,5-Difluorophenacetyl)-L-alanyl]-S-phenylglycine

t-butyl ester (DAPT), which significantly reduced adult survival and life span in

the hypoxia-selected flies. We also demonstrated that flies with loss-of-function

Notch mutations or RNAi-mediated Notch knockdown had a significant reduction

in hypoxia tolerance, but those with a gain-of-function had a dramatic opposite

effect. Using the UAS-Gal4 system, we also showed that specific overexpression

of the Notch intracellular domain in glial cells was critical for conferring hypoxia

tolerance. Unique analytical tools and genetic and bioinformatic strategies allowed

us to discover that Notch activation plays a major role in this hypoxia tolerance

in Drosophila melanogaster.

4.2 Introduction

As mentioned previously, oxygen homoeostasis is essential for development,

growth, and integrity of cells, tissues, and organisms. Limited oxygen supply to

cells and tissues (hypoxia) has a wide range of physiologic and potentially patho-

logic consequences, ranging from ischemic/hypoxic heart disease, stroke, and pul-

monary hypertension to a number of obstetrical/perinatal complications, to high-

altitude illnesses, to organ transplantation, and finally to intratumor hypoxia and

cancer progression. Despite the clinical importance and societal disease impact of

such a wide range of disorders, the molecular underpinnings of susceptibility or

tolerance of cells or tissues to lack of O2 are not well understood. Many studies

have investigated the mechanisms that lead to injury when cells are deprived of

O2, but to potentially treat or prevent the consequences of hypoxia necessitates

also the understanding of the inherent tissue mechanisms that are critical for tol-

erance and survival. To do so, we use a long-term laboratory selection strategy

that unmasks mechanisms that play an important role in hypoxia tolerance in a

genetic model, Drosophila melanogaster [35, 36]. In this attempt, starting with 27

isofemale D. melanogaster strains, and applying decreasing levels of O2 over more

than 200 generations, we generated Drosophila populations that tolerate severe

levels of hypoxia, which are lethal to the original parental lines. These hypoxia-
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adapted flies (AF) pass the tolerance trait from generation to generation and the

trait persists even in the absence of hypoxic stress (i.e., after several generations

in a normoxic environment), suggesting that a genetic rather than a physiological

mechanism underlies adaptation. We have discovered that a) genetic mechanisms

allowed D. melanogaster to adapt and tolerate extremely low O2 environments,

b) there were genomic intervals that were selected for, mostly on the X chromo-

some, that occurred during long-term hypoxia, and c) the Notch pathway played

an important role in hypoxia tolerance.

4.3 Results

4.3.1 Hypoxia-selected regions and genetic profiles in the

adapted genome

To determine whether there are DNA signatures of hypoxia selection, we

sequenced two control (C1 and C2) and two AF (H1 and H2) populations that

had been under hypoxia selection for 180 generations in separate environmental

chambers at > 60× coverage, using the Illumina GA II sequencer. We aligned

between 120 million and 200 million 54-bp paired-end reads per population to

the D. melanogaster reference sequence. Because individual genotypes and the

number of individuals sampled at any given base and standard linkage disequilib-

rium (LD) information could not be determined from the pooled sequence data,

standard tests of selection could not be used [15, 17]. Consequently, we used an

approach defined in the previous chapter to determine the hypoxia-selected regions

and genetic profiles in the AF genome.

This was a coarse-grained approach to compare SNP distributions in both

control and AF pools. In this approach, we used the Sf(C1, H1) statistic to de-

termine potential regions under selection using the sequence data generated from

the pooled populations. This represents the log ratio of control and AF scaled

mutation rates and provides a comparison of the effective population sizes. We

identified Sf(C1, H1) /gg0 as indicative of deviation from neutrality and consis-
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tent with a purifying selection in hypoxia (reduction in effective population size).

We used Sf(C1, C2) as an empirical control for false discovery rate (FDR) com-

putation. We also investigated the concordance between the AF populations from

different chambers by comparing the independent estimates Sf(C1, H1) and Sf(C1,

H2). Using a Sf(C1, H1) cutoff of 4, corresponding to an FDR of 1%, and overlap-

ping 50-kbp windows, we observed remarkable concordance between regions under

selection in H1 and H2. A total of 1,509,436 bp comprising 24 distinct hypoxia-

selected regions and containing a total of 188 genes were under selection in both H1

and H2. Twenty of these regions (>80%) were located within a 10-Mb interval on

chromosome X and the remaining 4 were located within a 1.2-Mb interval on chro-

mosome 3R (Figure 4.1 A-D). These results demonstrate that two populations of

flies, independently selected for hypoxia tolerance (i.e., in different environmental

chambers) had the same intervals in the genome undergo a high degree of fixation

(hypoxia-selected regions) and suggest that the genes required for adaptation to

severe hypoxic conditions are localized rather than distributed across the genome.

The latter observation is reinforced by the distribution of C1 vs. H1 or H2 fixed

SNPs across the genome: Whereas all three populations have a median value of

28 fixed SNPs (range 0–363) per 50-kb interval across genome, there is a large

difference between C1 and H1 and H2 in the hypoxia-selected regions where the

AF populations have threefold higher fixed SNPs compared with the control flies

(≈74; Poisson P = 2.57 · 10−13). Furthermore, conservation between H1 and H2 of

fixed SNPs was also higher in the hypoxia-selected regions compared with those in

the non-hypoxia-selected regions (93% vs. 78%; hypergeometric P = 3.12 · 10−43).

Consistent with a hypoxic stress-mediated population bottleneck leading to an

overall loss of diversity in the AF populations, we observed a much higher genetic

similarity between H1 and H2 (66% of the fixed SNPs are common), compared

with a concordance of 35-37% between AF and control lines, despite the identical

ancestry (Figure 4.1 E and F).
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Figure 4.1: Genomic regions under selection for hypoxia tolerance. The
Sf statistic was computed on overlapping 50-kbp windows, comparing two hypoxia
samples (H1 and H2) to a normoxia one (C1). Regions with Sf values >4 are
shown, corresponding to 1% FDR (based on comparing two normoxia samples).
The results for chromosomes (A) X and (B) 3R show near perfect concordance
between H1 vs. C1 (red) and H2 vs. C2 (green, inverted). Regions deemed
significant for both hypoxic samples are shown as blue intervals. (C) Regions 6
and 7, including genes Fur2, mei-41, hang, and para, and (D) region 24, containing
Hairless, are shown in greater detail. Note that the value of the statistic is plotted
at the median of the region and decays as it goes toward the edge of the selected
region. (E and F) Venn diagrams, describing the frequency of fixed SNPs (per
50 kbp) in (E) just the regions under selection and (F) the entire genome, were
tabulated. Orange represents H1, green represents H2, and blue represents C1.
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4.3.2 Candidate genes underlying hypoxia tolerance in AF

There are 188 genes located in the hypoxia-selected regions. To identify

the set of potentially causal genes in hypoxia tolerance, we started initially with

28 genes because these were previously implicated in either hypoxia or similar

phenotypes (such as oxidative stress and aging). We filtered the remaining 160

genes for evidence of a selective sweep using three complementary tests: i) the

McDonald-Kreitman test between H1 and C1 for evidence of adaptive evolution

based on correlation between fixed (i.e., >90% frequency) and nonsynonymous

mutations in a population (P ≤ 0.05) [37], ii) ≥1.5-fold transcriptomic change

under hypoxia [35], and iii) sorting intolerant from tolerant (SIFT) evaluation

of the impact of fixed, nonsynonymous mutations on the functions of proteins

encoded by the genes in these regions (P ≤ 0.05) [38]. A total of 68 genes from

the 160 genes were identified and many of these were also observed using the fine-

granularity assessment. These include 12 genes that interact with, activate, or are

targets of the Notch pathway. For example, there are two members of the Notch

repressor complex, i.e., Hairless and HDAC4, that are located in the hypoxia-

selected regions in AF. HDAC4 contains a SNP fixed in both AF populations with

significant impact on function (SIFT P value = 0.05) but virtually absent in both

control populations (A1004S in isoform B).

Because a) there were a number of genes in the Notch pathway or related

to Notch signaling that were selected for in AF in contrast to the control flies and

b) our previous expression profiling studies demonstrated that the Notch pathway

is activated in the AF flies in comparison with control flies [35], we focused our

investigation next on the role of the Notch pathway in hypoxia tolerance.

4.3.3 Notch activation is critical for hypoxia tolerance in

Drosophila melanogaster

To dissect the contribution of Notch activation to hypoxia tolerance, we used

both genetic tools and pharmacologic agents. We first examined the role of Notch

in hypoxia tolerance using three homozygous-viable Notch mutants: N[Ax-tsl],
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Figure 4.2: Enrichment of fixed SNPs and indels in an extended Notch
pathway. The Notch pathway was adapted from KEGG [39] by adding Notch
interactors from the literature to create an expanded Notch signaling pathway.
Genes differentially expressed in larva (expression levels from Zhou et al.) [35]
are cyan (up-regulated) or yellow (down-regulated), genes showing no change in
expression are gray, and untested genes are white. Genes located in a hypoxia-
selected region are indicated with red stars.
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N[fa-1], and N[spl-1] [40, 41, 42]. The N[fa-1] mutation is caused by an insertion

of a transposable element (opus) in the second intron of the Notch gene, and

N[Ax-tsl] is generated by ethyl methanesulfonate-induced mutagenesis with both

N[fa-1] and N[Ax-tsl] having loss-of-function mutations. Unlike N[fa-1] and N[Ax-

tsl], N[spl-1] is a Notch gain-of-function allele carrying a point mutation in EGF

repeat 14 of the Notch protein that replaces the Isoleucine578 with a Threonine

[43]. We found that N[fa-1] and N[Ax-tsl] were hypersensitive to hypoxia and had a

lowered survival rate, even in much milder hypoxic conditions (i.e., 6% O2) (Figure

4.3A). In contrast, N[spl-1] exhibited remarkable hypoxia tolerance and survived

4% O2, much like the AF flies. We next used an RNAi strategy and determined

that flies with a knockdown of Notch had a hypoxia-sensitive phenotype (Figure

4.3B). These results clearly indicate that Notch function is critical for survival

under hypoxia.

Because the up-regulation of genes encoding aph-1 and nct subunits of γ-

secretase suggested that activation of Notch signaling in the AF flies might involve

γ-secretase, we used a specific γ-secretase inhibitor, N-[N-(3,5-Difluorophenacetyl)-

L-alanyl]-S-phenylglycine t-butyl ester (DAPT) [44] and examined their life span

in severe hypoxia in the AF population. We found that DAPT treatment indeed

reduced significantly both median and maximum life span in the AF flies (Figure

4.3C) but had no significant effect on control flies.

4.3.4 Spatial-temporal activation of Notch and its down-

stream genes in hypoxia tolerance

The UAS/GAL4 system was used to determine the critical spatial-temporal

activation of the Notch pathway in hypoxia tolerance [45, 46]. Several available

GAL4 lines were crossed with a UAS-Notch intracellular domain (UAS-NICD)

transgenic stock to generate progeny that had specific Notch activation in spe-

cific cells/tissues or during specific developmental stages. The results showed that

specific expression of NICD in the neurons and/or glial cells conferred hypoxia

survival in the progeny. For example, the progeny derived from crosses in which

NICD was up-regulated in a specific subset of glial cells showed a remarkable
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Figure 4.3: Hypoxia tolerance in Notch mutants and γ-secretase
inhibitor-treated flies. (A) N[spl-1] (a gain-of-function allele) has an increased
survival rate in hypoxic conditions, while N[fa-1] and N[Ax-tsl] (loss-of-function
mutants) show reduced survival rates even in mild hypoxic condition (*P < 0.01,
compared with Canton-S control). (B) RNAi-mediated Notch knockdown induces
increased sensitivity to hypoxia in flies. Flies carrying a UAS-N.dsRNA transgene
on the X chromosome were used to determine the function of Notch in hypoxia
tolerance. Two crosses were used to generate flies that had N.dsRNA expression
either in all progeny (cross A) or only in the female progeny (cross B). Cross A
progeny showed an increased sensitivity to hypoxia relative to cross B (*P < 0.01).
Both male and female progeny were included in scoring. (C) γ-secretase activation
plays an important role in hypoxia tolerance in hypoxia-selected flies. Five-day-old
adult hypoxia-selected flies were collected and treated with 0.25 or 0.50 mM DAPT
and their life span was determined under 1.5% O2. Median life span was the time
when 50% of death occurred in the sample, and maximum life span was the time
when 90% of sample were dead. Compared with the vehicle-treated controls, flies
treated with DAPT showed a significant reduction of both median and maximum
life span (*P and **P < 0.01, Student’s t test).
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increase in hypoxia tolerance and survival. As shown in Figure 4.3.4 and Figure

4.3.4, the Eaat-GAL4 and P{GawB}17A-Gal4-driven NICD overexpression in glial

cells significantly enhanced both eclosion rate and adult life span (after eclosion)

in hypoxia.

To further explore the mechanisms underlying Notch-mediated hypoxia tol-

erance, we tested the role of a Notch downstream gene, E(spl)mα, that is located

at the E(spl) genomic region and that is significantly up-regulated in the hypoxia-

selected flies [35]. We generated first a homozygous fly to use in a subsequent

cross to provide a Notch overexpression background [i.e., (Eaat1-GAL4/Eaat1-

GAL4; UAS-NICD/UAS-NICD) stock, EN line]. This EN line was then crossed to

homozygous flies that carry UAS-E(spl)mαRNAi. The progeny of this cross car-

ried Eaat1-GAL4, UAS-NICD, and UAS-E(spl)mαRNAi that allowed us to knock

down the target E(spl)mα gene on the Notch overexpression background and de-

termine if Notch activation requires E(spl)mα to regulate hypoxia tolerance. As

shown in Figure 4.3.4, Notch activation, which conferred hypoxia tolerance without

the RNAi for E(spl)mα, was totally abolished with E(spl)mα knockdown, demon-

strating a critical role of E(spl)mα in regulating Notch-induced hypoxia tolerance.

4.4 Discussion

D. melanogaster has been used as a powerful genetic model for about a cen-

tury. Because many genes and pathways are evolutionarily conserved between D.

melanogaster and humans, Drosophila has become one of the most effective tools

for dissecting the genetic mechanisms of human diseases, including developmental

and neurological disorders, cancer, cardiovascular disease, and metabolic and stor-

age diseases (for selected reviews see [47, 48, 49, 50]. The current study has taken

advantage of this Drosophila model and used population genetics, deep-sequencing,

and molecular strategies to identify potential causative gene(s) underlying hypoxia

tolerance. The use of experimental selection methods followed by deep sequenc-

ing of pooled individuals is a unique experimental technique in its own right. In

a recent publication [51], a similar evolutionary experiment was performed, but
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Figure 4.4: Increased hypoxia tolerance in flies with Eaat-GAL4-driven
NICD overexpression in glial cells. (A) NICD overexpression (green) in the
third instar larval brain was determined in the progeny of the (Eaat1-GAL4) x
(UAS-NICD) cross. Staining with Repo (red) and Elav (blue) reveals that NICD
overexpression is mostly in glia (Repo+). (B) NICD overexpression-induced ac-
tivation of Notch in glia was determined by crossing (Eaat1-GAL4/Eaat1-GAL4;
UAS-NICD/UAS-NICD) to Su(H)-LacZ reporter. LacZ (green) was detected in
the cells in the same locations as in A, demonstrating that the Eaat1-GAL4-driven
NICD overexpression is functionally active. (C) Glial-specific overexpression of
NICD enhances the eclosion rate in hypoxia. #P value = 0.205; *P value <0.001
(unpaired Student’s t test, n = 6). (D) Glial-specific overexpression of NICD en-
hances adult survival in hypoxia. Each day, the survival statistics changed by
adding the number of newly eclosed experimental and control flies (which were
separated from the pupae) and subtracting the number of new adult dead flies.
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Figure 4.5: Increased hypoxia tolerance in flies with P{GawB}17A-
Gal4-driven NICD overexpression in specific glial cells. (A) NICD is over-
expressed in the third instar larvae brains (A1). The majority of these NICD
over-expressing cells express Repo (A2), while a few express Elav (A3), and a cou-
ple express neither (A4). (B) The eclosion rate of GawB17A>NICD compared
to parental lines is significantly higher. (C) An analysis of the adult flies who
survive hypoxic eclosure and are maintained in hypoxia clearly displays the ad-
vantage of this line when compared to parental lines. Images taken on Olympus
confocal FV1000 at 400X, with Z-projections of planes respectively. Scale bar=50
um. For eclosion rate, means ± SEM are displayed; *p<0.0001, #p=0.456 as de-
termined by unpaired t-test with 6 vials total, with 3 vials each in two independent
experiments.
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Figure 4.6: Notch activation-conferred hypoxia tolerance requires
E(spl)mα. The EN-line flies, which are homozygous for both the Eaat1-GAL4
driver and UAS-NICD, were crossed to homozygous UAS-E(spl)mα. RNAi stock
to knock down E(spl)mα on the background of Notch overactivation. Hypoxia
tolerance of the progeny was determined by the eclosion rate at a 5% O2 hypoxic
condition. Compared with the Notch overactivation control (EN/w1118), knock-
ing down E(spl)mα on the Notch overactivation background abolished hypoxia
tolerance (P < 0.01; t test). Bars represent the mean ± SEM (n = 3) for each
group/treatment.
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with a different phenotype. Their analysis (different from ours) does not point to

any specific regions with a genome-wide signature of selection. Rather, they sug-

gest that the adaptation is due to “incomplete sweep models.” By contrast, our

experiments and analysis provide a more definitive evidence of a selective sweep.

Specifically, we have identified 24 distinct hypoxia-selected regions containing a to-

tal of 188 genes in the hypoxia-selected population compared with the naive ones.

Interestingly, 20 of these regions (>80%) were located on chromosome X. Because

Drosophila males are hemizygous on the X chromosome with no possibility for re-

combination, recessive X-linked alleles are readily available for selection in males.

A consequence may be a more rapid accumulation of favorable mutations as well

as stronger purifying selection of deleterious recessive alleles on the X chromosome

relative to autosomes [52, 53, 54].

The hypoxia-selected regions in the hypoxia-selected flies contain several

genes that belong to the Notch signaling pathway and/or regulate the activity of

Notch. For example, both Hairless and HDAC4 are important in Notch signaling

because downstream genes in the Notch pathway are activated through binding of

the NICD to the DNA-binding complex CSL [55]. NICD competes for CSL bind-

ing with a corepressor complex, which consists of Hairless, CtBP, and Groucho,

and additionally recruits histone deacetylases (HDAC) [56]. Such enrichment of

polymorphic differences in Notch pathway-related genes and the evidence of Notch

activation revealed by expression profiling suggested a potentially important role

of Notch in hypoxia tolerance. This role of Notch was further investigated us-

ing Notch mutants, RNAi-mediated knockdown, and pharmacological inhibitory

reagents. These experiments demonstrated that Notch activation confers hypoxia

survival. In addition, a remarkable hypoxia survival was observed in flies with

NICD overexpression in specific neuronal and/or glial cells, demonstrating the im-

portance of maintaining the integrity of neuronal function in hypoxia tolerance for

the whole organism. Although the precise underlying mechanisms regarding the

mode of action of Notch remain elusive, we show in this work that the specific

NICD activation in particular cells in the central nervous system confers survival

and protects from hypoxia-induced death. Indeed, previous studies have demon-
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strated an anti-apoptotic function of Notch [57, 58, 59, 60, 61, 62, 63, 64] and

the current study provides evidence demonstrating that the activation of Notch

in highly differentiated cells can maintain its survival-promoting property. Fur-

thermore, a recent whole-exome sequencing study of 50 Tibetan subjects revealed

that the frequency of a noncoding intronic SNP located at the EPAS1/HIF2α lo-

cus is significantly higher in the high altitude-adapted Tibetan subjects than in

the lowlander controls, indicating possible involvement of HIF2α in hypoxia tol-

erance during evolution over many generations [65]. It is interesting to note that

several studies have demonstrated the interaction between Notch and HIF under

hypoxic condition [66, 67, 68, 69]. In the current study, in addition to proving that

Notch is critical for hypoxia tolerance, we have also demonstrated with our newly

generated lines overexpressing NICD that the role of Notch in hypoxia tolerance re-

quires its downstream gene E(spl)mα. A previous study has shown that E(spl)mα

is activated by Notch and functions in a negative feedback loop to accurately ad-

just Notch signaling [70], which may be important in distinguishing a cell survival

property of Notch from its function of inhibiting cell differentiation. Accumulat-

ing evidence demonstrates that hypoxia induces Notch activation in mammals,

including humans. For example, chronic constant hypoxia up-regulates Notch1

expression in mouse heart [71] and Notch1 regulates melanoma development by

protecting cells from hypoxia-induced cell death [72]. Furthermore, Notch3 plays

a major role in the development of hypoxic pulmonary hypertension [73] in both

humans and rodents. The role of Notch during hypoxia discovered in this study

is bound to be important not only in Drosophila but also in humans, raising the

distinct possibility of Notch signaling as a potential target for translational and

therapeutic strategies.

4.5 Materials and Methods

4.5.1 Drosophila stocks and culture

To generate the hypoxia-tolerant Drosophila strain, we pooled 27 wild-type

isogenic lines (kindly provided by Andrew Davis) to form the parental population
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and subjected them to long-term laboratory selection [35]. Certain interparental

genetic variations of hypoxia tolerance were determined in the parental lines that

include a signicant variation in eclosion rates under hypoxia and recovery time

from anoxic stupor [35]. F1 embryos of this pooled population were collected

and cultured at different levels of hypoxia (8%, 6%, or 4% O2). We found that

6% O2 dramatically decreased their survival rate, and 4% O2 was lethal. Under

8% O2, the majority of the embryos (>80%) completed their development and

reached the adult stage. Therefore, we initiated the hypoxia-selection experiment

at 8% O2, and this O2 concentration was gradually decreased by ∼1% every 35

generations to maintain selection pressure. After >30 generations of selection, we

obtained flies that break through the lethal hypoxia limit and tolerate 4% of O2

perpetually. To test whether this hypoxia-tolerant trait is heritable, a subset of

embryos obtained from the hypoxia-selected flies was collected and cultured under

normoxia for several consecutive generations and then reintroduced back into the

same hypoxic environment (i.e., 4% O2); again, the majority (>80%) of these flies

completed their development and could be maintained in this extreme condition

perpetually. One hundred male and 100 female flies from the 180th generation

of hypoxia-selected or control populations were collected and genomic DNA was

isolated for sequencing analyses.

The UAS-NICD and 4XSu(H)-lacZ stocks were provided by J. Posakony.

All GAL4 driver lines and N[Ax-tsl], N[fa-1], and N[spl-1] mutants were obtained

from Bloomington Drosophila Stock Center at Indiana University. Drosophila

stocks were cultured on standard cornmeal/yeast media. To assay for cell type

specificity of NICD overexpression homozygous UAS-NICD flies were crossed to

Eaat1-GAL4 flies. To test for NICD transcriptional up-regulation, double-homo-

zygous (E/E; N/N) males were crossed to 4×Su(H)-lacZ virgin females. The UAS-

RNAi-mα stock was obtained from the Vienna Stock Collection.

4.5.2 Whole-genome resequencing

Genomic DNA was isolated from a pool of 100 male and 100 female adult

flies collected from hypoxia-selected populations or generation-matched control
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populations by standard phenol:chloroform extraction followed by treatment with

DNase-free RNase. DNA quality was assessed by spectrophotometry (260/280

and 260/230) and gel electrophoresis. A total of 3 µg was sheared DNA (Co-

varis) and was used to construct a library for paired-end sequencing. The DNA

fragments were subjected to end repair using the End-IT DNA End-Repair Kit

(Epicentre) and then ligated to Illumina PE adapters. The adapter-ligated prod-

ucts were purified on Qiaquick spin columns (Qiagen) and PCR amplified with

high-fidelity DNA Polymerase in 12 cycles using Illuminas PE primer set. Cluster

generation was performed using the Illumina cluster station and cluster generation

kit v2. The 54 + 54 paired-end sequencing was performed using genome ana-

lyzer II (Illumina) and sequencing kit v3. The fluorescent images were processed

to sequences using the Illumina base-calling pipeline (GA Pipeline-1.4.0). The

D. melanogaster reference genome, together with the annotation of genes and re-

peats, was downloaded from the University of California (Santa Cruz, CA) (UCSC)

database (http://genome.ucsc.edu/).

4.5.3 Data analysis

The next-generation sequencing data for each of the pools were derived

from 200 flies descended from 27 parental strains. Neither individual genotypes

nor the number of individuals sampled at a region could be determined, pre-

cluding use of standard analysis tools to identify differences between control and

hypoxia-tolerant populations. We therefore identified interesting genomic regions

using allelic frequencies that differed between control and hypoxia-tolerant flies,

representing regions of potential selection. This analysis used Maq v.0.7.1 [74]

under its default parameters to map reads from the four populations (H1, H2,

C1, and C2) to the D. melanogaster reference genome downloaded from FlyBase

(http://www.flybase.org).
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4.5.4 Test for selection in pooled data

Common tests of selection primarily work through measuring loss of diver-

sity in selected haplotypes [15, 17]. In pooled samples, we do not have such data

available — for a SNP, the only measure of diversity we can calculate is the SNP’s

frequency. From the raw mappings to D. melanogaster reference release 5.23, we

performed a few more processing steps to generate accurate frequencies. We used

Maq’s rmdup to remove duplicate reads and Maq’s cns2snp to identify variant

positions. To calculate frequencies, we used a method developed by Holt et al.

[75] that measures the frequency of an allele as the fraction of reads covering the

locus showing that allele, weighted by their quality scores. We viewed the reference

sequence as an outgroup, and thus, any deviation from the reference as a derived

allele. To ensure robust frequency estimates, we considered only sites with at least

10× coverage of reads that had a mapping quality of at least 40. This meant

that only 93,306,140 loci in H1, 79,726,429 loci in H2, 76,569,897 loci in C1, and

40,708,770 loci in C2 were considered as having enough information to accurately

gauge allelic frequencies. We considered only derived alleles with frequencies be-

tween 10% and 90% as being polymorphic. This determination resulted in 292,410

SNPs in H1, 288,952 SNPs in H2, 274,200 SNPs in C1, and 97,895 SNPs in C2.

4.5.5 DAPT treatment

Adult flies were collected from each control and hypoxia-selection chamber

(10 vials per chamber, 10 flies per vial, 5 vials of male, and 5 vials of female) (n

= 100 for each chamber). DAPT was dissolved with ethanol and diluted with 5%

sucrose solution to reach a final experimental concentration of 0.25 or 0.50 mM

(final ethanol concentration <1%). Five percent sucrose with 1% ethanol was used

as a control. The DAPT or control solution was applied in 150 µL on a filter paper

in each vial every other day. The dead flies were counted every 24 h to determine

life span. The median and maximum life spans were calculated using GraphPad

Prism 4 (GraphPad Software), and the statistical significance was calculated by

Student’s t test.
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4.5.6 Hypoxia tolerance and vulnerability tests

The survival rate of Notch mutants in hypoxia was determined by culturing

them in a computer-controlled environmental chamber. After 3 wk in culture,

the numbers of eclosed and total pupae were counted. The ratio between elcosed

pupae and the total number of pupae was calculated and presented as eclosion

rate. The UAS-NICD stock was crossed with specific GAL4 transgenic flies to

determine the effect of specific spatiotemporal NICD overexpression on hypoxia

tolerance. Each cross contained 10 virgin female homozygous UAS-NICD flies and

5 male homozygous GAL4 transgenic flies and allowed them to lay eggs for 48 h

in normoxia. The flies were then moved to a control vial (for another 48 h before

being discarded) and the vial with the eggs was moved to a 5% oxygen chamber

with a 12-h dark and 12-h light cycle with a temperature of 22 ± 1 ◦C. In parallel,

the parental line without the cross wasere tested in normoxia as a control. After 4

wk, both sets of flies were assayed for the number of pupal cases that were empty

or full. Six vials of each condition were completed in two different experiments

for a minimum of 500 pupal cases scored to calculate the eclosion rate for each

condition. Adult survival during hypoxia was evaluated by counting the number

of newly eclosed experimental and control flies and transferring them to a new

individual vial. The following day, the number of adult dead flies in the adult-

only vial was subtracted from the previous day’s total and the newly eclosed flies

from the original vial were counted and added to the adult-only vial to avoid a

cumbersome number of vials for all tests done. Hence, the number of flies in the

adult-only vial could go down (due to adult death), but later increase (due to the

addition of newly eclosed adults from the original vial to the adult-only vial).

The statistical significance of eclosion rate between mutants, NICD- over-

expressed flies, and controls was calculated by unpaired t test.
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Chapter 5

Evolutionarily conserved hypoxia

tolerance genes in Ethiopian

highlanders

5.1 Abstract

Although it has long been proposed that there are genetic factors that con-

tribute to adaptation or mal-adaptation to high altitude, these have remained

largely unproven. Recent advances in high-throughput sequencing technologies

have made it feasible to analyze patterns of genetic variation across the genome

in human populations. Since these studies only surveyed a small portion of the

genome (i.e., exons and flanking regions) or a focused group of candidate genes,

the interpretation of these results is believed to be limited. We have focused our

studies on Ethiopian populations since these have been previously found to be well

adapted to high altitudes. We report here our results of the first whole genome

re-sequencing-based analysis identifying genes that can modulate high altitude

adaptation of native Ethiopian human residents (living at ∼3500m on Bale Moun-

tain or Chennek plateau in Ethiopia). We used cross-population tests to identify

regions with significant loss of diversity, indicative of a selective sweep. Only one

region was significant for both the sampled Ethiopian populations. This 208kbp

68
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gene-rich region (located on chromosome 19) contains 8 protein coding genes and

spans 135 SNPs. We then tested whether particular genes discovered in these

individuals played a role in hypoxia tolerance in Drosophila. Three genes were

found to improve the tolerance of flies to low oxygen by 2 to 4 fold: cic (ortholog

of human CIC), CG11055 (ortholog of human LIPE) and Paf-AHalpha (ortholog

of human PAFAH1B3). This study reveals evolutionary conserved genes that can

modulate hypoxia tolerance. In addition, many of the results could not be found

using exome sequencing or microarray-based studies, highlighting the importance

of whole genome sequencing.

5.2 Introduction

Humans have occupied high altitude regions for thousands of years [76].

It is estimated that now more than 140 million people live and work at altitudes

above 2500 m [77]. The hypoxic conditions prevalent at high altitudes present a

challenge for survival. Previous studies have shown that the three large high alti-

tude populations (i.e., the Andeans, the Himalayans and the Ethiopians) have each

adapted uniquely to cope with their inhospitable hypoxic environments [78, 79].

It has also been suggested that the Ethiopians are the best adapted for life under

such conditions since they show the least evidence of chronic mountain sickness

(CMS), a mal-adaptation syndrome to high-altitude life that exists in other pop-

ulations, especially the Andeans [80, 81, 79]. Although it has long been proposed

that there are genetic factors that contribute to adaptation or mal-adaptation to

high altitude, these have remained largely unknown or unproven [82]. Recent ad-

vances in high-throughput sequencing technologies have made it feasible to analyze

patterns of genetic variation across the genome in human populations. To date,

two sequencing-based partial genomic analyses have been performed in high alti-

tude populations [83, 65]. Since these studies only surveyed a small portion of the

genome (i.e., exons and flanking regions) or a focused group of candidate genes,

the interpretation of these results is limited.

We have previously performed the first whole genome-based, unbiased anal-
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ysis of genes that contributed to hypoxia adaptation in a hypoxia-tolerant Drosophila

strain, which was generated through laboratory evolution (see Chapter 4). This

study allowed us to examine the complete genome at single nucleotide resolution,

and to detect fine changes in the allele frequency spectrum consistent with natural

selection. We extend the analytical strategy developed in our previous study, and

present here the results of a whole genome resequencing-based analysis identifying

genes that modulate high altitude adaptation in humans. We focused our study

on 17 high altitude (∼3500m) native Ethiopian residents, as Ethiopian highlander

populations have been found to be well adapted to high altitudes [78, 79]. Specif-

ically, we sequenced 10 individuals of Oromo heritage living on Bale Mountain

(labeled Oromos), and 7 individuals residing on the Chennek Plateau in the Simen

Mountains (labeled Amhara). Furthermore, we tested whether particular genes

highlighted by our study play a role in adaptation to low O2 conditions, by using

RNAi to target their respective orthologs in Drosophila.

5.3 Results

We sequenced the whole genome of each individual using Illumina’s HiSeq

2000 platform to a mean genome-wide depth of ∼18× per individual. We mapped

the reads to the hg19 human reference using BWA [84], and performed variant

calling using the GATK pipeline [85, 86] (Figure 5.1). We used ADMIXTURE

analysis [87] to identify the closest populations from the 1000 Genomes Project,

release 20100804 [88]. This analysis (Figure 5.2) shows that our Ethiopian popula-

tions share common genetic ancestry, and are largely an admixture of two ancestral

groups. Over half of the ancestry shows highest similarity to African populations,

particularly the Luhya (LWK), located in neighboring Kenya. The remainder is

largely shared with individuals of non-Finnish, European ancestry. As a result, for

lowlander controls, we used variant calls from low coverage whole-genome sequenc-

ing of 67 Luhya (LWK). For an out-group we used 90 northern European ancestry

(CEU) individuals. Due to differences in coverage between the control populations

and our Ethiopian sequence data, we filtered low coverage or poor quality loci prior
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to testing for selection (see Methods).

Figure 5.1: Computational analysis work flow. The raw reads were mapped
using BWA, followed by indel realignment, duplicate marking, and quality score
recalibration using GATK’s pipeline. Variants were then called and filtered using
UnifiedGenotyper (also from GATK). After applying additional variant filters to
account for the differences in coverage between the case and control populations, we
ran several complementary tests to identify 425 regions as candidates for positive
selection. 415 of these were filtered using four filters customized to the challenges
of our sequencing framework, leading to ten prioritized regions.

Hypoxic stress manifests as a decrease in survival rates of average, un-

adapted individuals. Therefore, alleles that confer an adaptive advantage will

increase in frequency (along with their linked neighbors), a process known as a

“selective sweep”. We searched for regions with evidence of such a sweep: a loss of

genetic diversity in the region and a corresponding decrease in the scaled mutation

rate, θ(= 4Nµ). We computed four cross-population test statistics (denoted Sf,

Sπ, Fst, and PBS) that measure this loss in diversity. The first three tests have

been defined in Chapter 3, while the PBS statistic is a three-population variant

of Fst that can thus distinguish selection on cases from selection on controls (see

Methods). Cross-population tests provide a control for locus-specific variability

in local mutation rates, enabling a direct comparison of the effective population

size as a measure of selection (Sf and Sπ). They also allow for an estimation of

branch lengths and bottlenecks relative to the point of divergence between popula-

tions (Fst and PBS). Through extensive simulations, we showed that the power of

these tests varies depending upon the selection coefficient and time since selection
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Figure 5.2: ADMIXTURE analysis with 6 clusters on the Ethiopian
highlanders, along with the 1000 Genomes populations. The highlanders
ancestry is a mixture of traditionally African and traditionally European geno-
types, represented by the green and dark blue segments, respectively. Within
the African 1000 Genomes populations, the nearest population geographically as
well as ancestrally appears to be the Luhya (LWK) population. We thus selected
this population as our control. Similarly, the section sharing ancestry with Euro-
pean populations appears closer to the southern and western Europeans than the
Finnish population. As a result, as outgroup for the PBS test, we selected the
CEU population.

(Figure 5.3). As these parameters are unknown, we considered regions that were

significant in any of these tests.

We initially identified 425 regions spanning 36.9Mbp that were significant

in at least one test under a 0.1% genome-wide false discovery rate. Due to our rela-

tively small samples, our SNP frequency estimates have increased variance (Figure

5.4). Consequently, we filtered out regions that did not show evidence of testable,

strong selection. Specifically, we removed 183 regions lacking known genes, and

subsequently, 184 regions that did not show a pronounced (≥ 20%) increase in the

dominant haplotype frequency (see Methods). Additionally, since we used low cov-

erage 1000 Genomes populations as our controls, we filtered out 31 regions with

artifacts in variant calling that escaped our variant filtration steps. Finally, to

ensure our regions represent selection on a Amhara/Oromos only phenotype, we
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Figure 5.3: Power as function of time for neutrality tests used in this
study (Sπ, Fst, Sf, and PBS). A) The x-axis scales linearly in terms of genera-
tions since selection start. B) Power as function of logarithmically scaled time for
the neutrality tests used in this study (Sπ, Fst, Sf, and PBS). We also show the
x-axis in units of ln(2Ns)/s (top axis), which can define the regimes as a function
of selection pressure. We observe three major regimes, corresponding to the state
of the beneficial haplotype in the case population: before the haplotype has sig-
nificantly risen in frequency (“pre-fixation”), as the haplotype dominates the case
population (“near fixation”), and after the haplotype has gone to fixation, while
the frequency spectrum gradually reverts to neutrality (“post-fixation”.

filtered out 17 regions showing similar variant frequencies in other 1000 Genomes

and dbSNP control populations. Ten regions remained after these filtration steps

(Table 5.1).

Of the ten regions, only one showed up as significant in both the Amhara



74

Figure 5.4: The impact of sampling n = 14 haplotypes (the sample size
of our Amhara population) from a population on estimated allele fre-
quencies. For a given intermediate frequency, a difference of ≈ 20% is within
the 95% confidence interval. As a results, we use this frequency difference as a
cutoff, prioritizing regions containing haplotype blocks with a greater frequency
differential between the case and the control populations.

and the Oromos populations. This 208kbp gene-rich region on chromosome 19

contains a block of 135 “differential” SNPs with a significant change in frequency

relative to the control populations (Figure 5.5). Specifically, the mean frequencies

are 48% (Oromos), 42% (Amhara), 16% (LWK), and 1% (CEU). The 8 genes in

the region (Table 5.1) point to many intriguing candidates. For example, the dif-

ferential SNPs include two missense mutations in the LIPE gene (rs7246232 and

rs16975750). While these mutations have not previously been linked to a known

phenotype, LIPE is associated with gestational hypertension (and consequent pla-

cental ischemia) [89]. It belongs to the lipase family, which is known to play a role in

hypoxia via lipolysis, triglyceride metabolism, and energy storage [90]. Other genes
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in this region include CIC, which is a transcriptional suppressor involved in early

organ development, CNFN (associated with hematopoiesis [91]), CXCL17 (asso-

ciated with angiogenesis [92]), and PAFAH1B3 (associated with coronary artery

disease [93] and organ development [94]). Thus, our results point to a cluster of

putative hypoxia response genes. As these genes are associated with phenotypes

such as lipid metabolism, transcription regulation, or angiogenesis, they illustrate

the potential for a variety of adaptive mechanisms to high altitude in humans.

The remaining nine regions contained several other gene candidates (Ta-

ble 5.1), including genes linked to blood clotting, heart failure and hypoxia re-

sponse. For instance, the 110kbp region on chromosome 13 that is significant for

the Amhara population in the Sπ test contains Endothelin receptor B (EDNRB

or ETB) gene (Figure 5.6). This gene encodes a receptor for Endothelin, a potent

vasoactive peptide, which activates signaling cascades that promote blood vessel

constriction [95]. It is a known target for drugs (e.g., Bosentan) prescribed for alti-

tude sickness [96]. In the Amhara population, this gene has 52 fixed, or near-fixed,

SNPs (spanning ∼170kbp) upstream of the promoter region, of which 20 are in

a 10kbp region containing several transcription-factor binding sites (Dataset S1).

This haplotype block is also present in the controls, at 36% frequency in LWK and

66% frequency in CEU.

To provide further evidence of the role of these genes in hypoxia, we used

Drosophila as a model organism to test the hypothesis that the differential reg-

ulation of expression of the orthologs in flies has an effect on tolerance or sus-

ceptibility to survival in low O2 conditions. The fixation (or near fixation) of

SNP variations in the candidate genes may cause either gain- or loss-of-function

changes. For conceptual reasons (up-regulation of genes could be problematic if

the gene is not expressed in a particular tissue) and practical reasons, we first

used the UAS-RNAi/GAL4 system in Drosophila to analyze whether the down-

regulation/knockdown of the Drosophila orthologs representing the human candi-

date genes located in the selected region on chromosome 19 affects hypoxia tol-

erance. When the fly orthologs were tested, three genes were found to improve

markedly the tolerance of flies to low oxygen. These genes were cic (ortholog
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Figure 5.5: PBS statistic across chromosome 19 in the Oromos popula-
tion compared to both Luhya (LWK) and European (CEU) populations
The red line represents a genome-wide, 0.1% FDR. Three distinct regions exceed
this cutoff, two of which are near the centromere and were thus filtered out. Below
is the SNP frequency profile of the remaining chromosome 19 region in the Oro-
mos (blue) and LWK (brown, inverted) populations. Some relevant genes in the
region are shown in black below the frequency profiles. As can be seen, variant
frequencies in this region are much higher in the highlander populations than in
the lowlander populations.
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Figure 5.6: Evidence supporting EDNRB as a gene candidate. A) Sπ
statistic values across chromosome 13 in the Amhara population, compared to the
Luhya (LWK) population. The red line represents a genome-wide, 0.1% FDR.
Two distinct regions exceed this cutoff, one of which contains no genes and was
thus filtered out. B) SNP frequency profile of the significant region in the Amhara
(blue) compared to Luhya (brown, inverted) populations. As can be seen, variant
frequencies in this region are much higher in the Amhara population than in the
lowlander controls.

of human CIC), CG11055 (ortholog of human LIPE) and CG8962/Paf-AHalpha

(ortholog of human PAFAH1B3). We found that there was an increase in sur-

vival and this varied from about 40% to 80%, hence constituting 2 to 4 fold in-
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Table 5.1: List of significant genomic regions found in Amhara and
Oromos populations

Region S O Tests Genes Located in the Region
1 chr1:27.9M X PBS AHDC1, FGR
2 chr2:26.4M X Fst, PBS FAM59B, HADHA, HADHB
3 chr4:17.6M X Fst, PBS GPM6A
4 chr11:61.1M X PBS VWCE, DDB1, DAK, CYBASC3,

TMEM138
5 chr11:87.0M X Fst TMEM135
6 chr13:78.5M X Sπ EDNRB
7 chr18:51.9M X Fst STARD6, C18orf54
8 chr19:42.8M X X PBS CIC*, PAFAH1B3*, PRR19, CNFN,

TMEM145, MEGF8, LIPE*, CXCL17
9 chrX:45.0M X Sπ CXorf36

10 chrX:118.4M X PBS PGRMC1

*Genes regulating hypoxia tolerance with experimental validation in Drosophila

crease in survival rate over control flies in the same hypoxic environment (Figure

5.7). CIC has been shown to function as a repressor of receptor tyrosine kinase

(RTK)-responsive genes. Following activation of RTK signaling, CIC repression

is removed, allowing the expression of targeted genes downstream. CIC is well

conserved from Drosophila to humans and is mostly known in determining cell

fate and cell proliferation [97, 98]. Of interest is that there is a cross-talk between

RTK and Notch pathways, including core components of the RTK pathway and

other major pathways such as TGFb, Jak/Stat and Wnt [99]. This is remarkable

as we had previously shown that the Notch pathway is crucial for hypoxia toler-

ance in Drosophila (Chapter 4). LIPE, a hormone-sensitive lipase, is important

in lipolysis and in mobilization of fatty acids and glycerol from fat cells. PAF,

a platelet-activating factor is a potent lipid mediator and is involved in a variety

of physiologic events. Its deacetylation induces a loss of activity that is catalyzed

by PAF-AH, a platelet-activating factor acetylhydrolase. Type I PAF-AH has 2

subunits (alpha and beta) and plays a role in cellular functions such as induction

of nuclear movement and control of microtubule organization.
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Figure 5.7: RNAi-mediated knockdown of orthologs of candidate genes
enhanced hypoxia tolerance in Drosophila. The available UAS-RNAi lines
for cic (Drosophila ortholog of human gene CIC), CG11055 (Drosophila ortholog of
human gene LIPE) and CG8962 (Drosophila ortholog of human gene PAFAH1B3)
were crossed with the daughterless (da)-GAL4, a driver strain that expresses GAL4
ubiquitously. The level of hypoxia tolerance was determined by measuring eclosion
rate in atmosphere chamber containing 5% O2. The UAS-RNAi stocks without
cross were used as negative control (open bars). Two different UAS-RNAi lines
targeting each candidate gene were used in each experiment to minimize off-target
effects. Each bar represents the mean ± SEM value of 3 separate tests, *: p<0.05.

5.4 Discussion

The notion that high altitude adaptation is heritable has dominated high

altitude medicine for some time. However, it was only in recent years that at-

tempts to identify the genetic basis of this adaptation have been made. These

studies used genotyping or exome sequencing, but not whole genome sequenc-

ing (WGS). The relatively sparse sampling of the genome makes it harder to

identify large-scale shifts in the allele frequency spectrum associated with nat-

ural selection. Consequently, these studies focused on variants in candidate genes.

Moore et al. reported one of the first genome-wide scans for selection using a set

over 11,000 SNPs genome-wide [100]. They identified a subset of variants that

contained SNPs located in genes involved in the hypoxia inducible factor (HIF)

pathway, which included nitric oxide synthase 2, alpha-1B-adrenergic receptor,
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Endothelin 1, and HIF-prolyl hydroxylase 3. An extended analysis was also re-

ported and, again, a subset of candidate genes involved in the HIF pathway was

identified that included vascular endothelial growth factor, tenascin C, cadherin 1,

endothelin receptor A, and EGLN1, which is involved in red blood cell production

through the down-regulation of HIF targets, including EPO. Other studies have

also included Tibetans using tests of neutrality based on extended haplotype ho-

mozygosity (iHS) and cross-population extended haplotype homozygosity testing

(XP-EHH) [101]. These authors focused loci for EGLN1, heme oxygenase 2, and

peroxisome proliferator-activated receptor alpha and PTEN. Similarly, Beall et al.

identified a signal of positive selection in a sample of high-altitude Tibetans at

the EPAS1 locus [102]. Similar work was also carried out in Ethiopia [103] and

a set of candidate genes was identified in the high altitude population, including

CBARA1, VAV3, ARNT2 and THRB. Although most of these genes have not been

identified in previous studies in the high altitude Tibetan or Andean populations,

two of them (THRB and ARNT2) play a role in the HIF-1 pathway, a pathway

implicated in the previous Tibetan and Andean studies.

There is an important trade-off when comparing WGS to exome sequencing

or genotyping studies. Specifically, WGS is usually performed on a much smaller

number of individuals, but provides for a near-complete sampling of variant sites.

For selection signatures, this is critical. For instance, consider the high frequency

block found near EDNRB gene (Figure 5.8). With WGS, this region corresponds

to the highest peak in the chromosome, with a block of 52 variants that are fixed in

Amhara, but only 36% in LWK. However, the Nimblegen (Madison, WI) 2.1M exon

capture array targets only two high-frequency variants in this region, none within

the block. As for genotyping, the ∼1M Affymetrix (Santa Clara, CA) Genome-

Wide Human SNP Array 6.0 only samples 2 of the 52 sites in the block, resulting

in a much weaker signal (see Methods). A similar argument holds for every region

identified in our study, where we find clear and strong peaks for our tests at a low

genomic FDR.

The drawback of sampling fewer individuals is that observed frequency dif-

ferences may arise from sampling. To account for this, we determined the sampling
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variance of a SNP at a given frequency that can be expected when sampling 14-20

haplotypes from a population (Figure 5.4). When sampling 7 individuals (i.e. 14

haplotypes), haplotype frequency changes greater than 20% can be detected with

high confidence. Thus, we prioritized regions showing frequency differential ≥ 20%

between case and control. Despite this limitation, simulations show that our test

statistics achieve between 67-95% power on 14-20 haplotypes, compared to a much

larger sample of 400 haplotypes (Figure 5.9). This indicates that sampling 14-20

haplotypes is sufficient for capturing features of selection.

Our study identifies a number of candidate genes for hypoxia tolerance,

which were not previously reported. To further validate our approach, we tested

the impact that down regulating our candidate genes (using RNAi knock-down)

has on hypoxia tolerance in a Drosophila model system. Several orthologs, when

knocked-down, lead to a much higher eclosion rate (2 to 4 fold) in low O2 conditions

relative to controls. Thus, our study demonstrates that genes identified from WGS

in humans indeed affect hypoxia tolerance in a model system. This study provides

evidence for the importance of these genes to survival in low O2 conditions and

lends further credence to our analysis.

5.5 Materials and Methods

5.5.1 Ethics statement

The study was approved by the institutional review board and the ethics

committee of each institution. Written informed consent was obtained from each

participant in accordance with institutional requirements and the Declaration of

Helsinki Principles. All subjects in the study are over 18 years of age, and gave

informed consent at each examination. Study protocols were approved by the

Institutional Review Board of the University of California at San Diego.
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5.5.2 Sample description

Ten Oromos subjects from the South and seven Amhara subjects from the

north of Ethiopia were chosen to reflect differences in ancestral adaptation to life

at high altitude. The Oromos generally have a darker skin color and a less slender

build. They appear more muscular and are generally shorter than the Amhara

people. They have lived at high altitude for 600 to 700 years, a much shorter

time as compared to the millennia of the Amhara people [104]. The subjects

were examined and a history was taken. Only males who are free of disease were

selected. After informed written consent (on file) given in their local language

and obtained by local physicians, venous blood was obtained in the field, stored,

and transported in suitable containers to allow extraction of sufficient quantities

of DNA from both study populations.

5.5.3 DNA extraction, library construction and sequenc-

ing

Genomic DNA was isolated using Blood DNA extraction kit (Qiagen, Va-

lencia, CA) and randomly fragmented. Fragments of the desired length were gel-

purified. Adapter ligation and DNA cluster preparation were performed using

the library preparation kit according to manufacturer’s instruction (Illumina, San

Diego, CA). Whole genome sequencing was performed using Illumina’s HiSeq 2000

platform on all 17 individuals to a mean, per-sample depth of ≈ 18×.

5.5.4 Read alignment, score recalibration and variant call-

ing

We aligned the reads to the human reference genome (hg19) using BWA

[84] with default parameter settings. We adjusted the alignments using the GATK

indel-realignment, the Picard read duplicate marking, and the GATK quality score

recalibration modules [85, 86] under default parameter settings, as defined by the

GATK manual (version 2). We finally called and filtered the SNPs using the

GATK UnifiedGenotyper tool under default settings. The sequencing was free
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of any mapping bias in coverage, mapping percentage, or variant counts for all

individuals. As an independent test, we also identified variants using the SoapSNP

pipeline [105]. The SoapSNP variants were generally a super-set of the GATK

variants, with 25% more calls (9,508,898 vs. 7,594,936 for Amhara, and 10,284,853

vs. 8,144,023 for Oromos). This is attributed mainly to less restrictive filtering.

5.5.5 Variant filters

The coverage difference between the cases (≈ 20×) and controls (≈ 4×)

led to differences in processing the called variants. To adjust for these differences,

we filtered our call set using three steps. First, we observed several variants in

clustered genomic loci that were discarded by the variant caller in the case pop-

ulations. This happens due to various sequencing and mapping artifacts, such as

strand bias, low sequence complexity, or structural variations. Due to the low

coverage, variants in these loci are not always discarded in the controls. We thus

removed from consideration any region comprising 10 consecutive SNPs that were

filtered out using GATK in our case population. Second, following the protocol

used by the 1000 Genomes project, we filtered out any site with a mean coverage

higher than twice the median genome-wide coverage as being likely to be caused

by a duplication [88]. This removes variants found in repetitive regions, such as

centromeric sequence. We also filtered out any site with less than 2× coverage

per person in the case population as being too poorly covered to accurately call

SNPs. Finally, we removed sites that had an excess of heterozygotes, compared to

expectations from Hardy-Weinberg equilibrium. We tested this using a test from

Emigh [106] describing the heterozygote probability as:

PAa =
n!

nAA!nAa!naa!
× nA!na!

(2n)!
× 2nAa

Variants with P-value under 0.05 were discarded. After filtering variants

based on the three filters described above, we remained with 7,555,907 SNPs in

the Amhara population and 8,069,425 SNPs in the Oromos population. See Figure

5.1 for an overview of the computational workflow.
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5.5.6 Control populations

To identify appropriate controls, we used low-coverage whole-genome se-

quencing calls taken from the 1000 Genomes Project [88] populations. We ran

the ADMIXTURE program [87] on 13,928 sampled sites to identify the popula-

tion most closely related to the highlanders. As seen in Figure 5.2, the Ethiopian

individuals consist largely of African ancestry, but possess a more substantial Eu-

ropean component compared to any other African population considered. The

closest population consists of 67 Luhya (LWK) individuals from Webuye, Kenya,

and was thus chosen as the control for all cross-population tests of selection (see

below). As an outgroup for the PBS test (see below), we used 90 European (CEU)

individuals in order to capture variation in the highlanders shared with individuals

of European ancestry.

5.5.7 Identifying regions under positive selection

Under positive selection, haplotypes containing the beneficial mutation (as

well as linked, neutral mutations hitchhiking along) rapidly increase in frequency,

leading to a loss of genetic diversity in the region surrounding the mutation [107]

(see illustration in Figure 5.10). This loss of diversity, or selective sweep, decreases

with distance from the beneficial mutation due to recombination. The loss of al-

lelic diversity and the corresponding skew in the allele frequency spectrum can be

used to detect loci important for adaptation to the selective stress [107]. We use

cross population tests to adjust for interesting frequency profiles that are shared

between our case and control populations. These are likely due to events (such

as bottlenecks, genetic drift, or even selection for a different phenotype) occurring

before our case and control populations separated, and thus, are unlikely to be

causal for hypoxia tolerance. Thus, population-specific selection can be measured

by comparing the estimated scaled mutation rate θ = 4N0µ in a given region to

that of a control region. For a region, a large decrease in θ in our case popula-

tion compared to our controls indicates a non-neutrally evolving case population,

consistent with positive selection.
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5.5.8 Tests of selection

First, we ran two cross-population tests comparing the Amhara or Oromos

populations (case) against the 1000 Genomes Luhya population (control). These

tests are based on two common estimators of θ: the summed non-fixed frequencies

estimator, denoted θf, and the average pairwise heterozygosity estimator, denoted

θπ [24]. For a given region, a high log ratio of θπ (θf) in the control relative to

the case population is indicative of selection (Chapter 3). We label these log ratio

statistics as Sπ for the average heterozygosity estimator and Sf for the summed

frequency estimator, such that:

Sf = log

[
θf, control
θf, case

]
Sπ = log

[
θπ, control
θπ, case

]
Another class of tests for selection is based on the fixation index, or Fst,

between two populations [108]. This class aggregates differential SNP frequencies

across two populations. For instance, Hudson [28] defines this measure as:

Fst = 1− πwithin
πbetween

where πwithin represents the within-population average heterozygosity and πbetween

represents the between-population average heterozygosity. As two populations

diverge, the variability between the populations increases much more than the

variability within each the population, and the statistic approaches one. The

fixation index roughly correlates to the evolutionary branch length T between two

populations [109] as:

T = − log(1− Fst)

This approach is not directional, however. As a results, a significant statistic

value may indicate a selective sweep in either the case or the control population.

To address this, Shriver et al. [110] and Yi et al. [65] developed the concept of the

population branch statistic (PBS). This combines the pairwise branch lengths of

three populations as follows:
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PBS =
TCN + TCO − TNO

2

Where C represents a case population, N represents an evolutionarily close

control population, and O represents a distant out-group. We calculated the PBS

test statistic with our case population defined as either the Amhara or Oromos

population, our control as the Luhya population, and our out-group as the CEU

population. Additionally, we compared the results of the above tests with XP-CLR

[111], a method that attempts to detect large linkage blocks with high frequency

differential as indicative of positive selection.

For Sf, Sπ, Fst, and PBS, we use genomic windows of size 50 kbp, over-

lapping at 2 kbp intervals. For each test, we define the top 0.1% genome-wide

value as the genomic-control cutoff to determine the windows of interest. For the

XP-CLR test statistic, we found that using a 0.1% genome-wide threshold seemed

too stringent. When testing Amhara vs. Luhya, using a 0.1% threshold led to

exactly 5 non-overlapping regions exceeding the threshold, all of which containing

highly repetitive sequence except for the HLA region, which has a high mutation

rate. Relaxing the threshold to 0.3% genome-wide yielded a comparable number

of regions to that found by our other tests, but since XP-CLR uses variable size

genomic windows (normally much larger than the 50 kbp used in the other tests),

the list of implicated genes was dominated by XP-CLR results. Hence, we used

XP-CLR only for secondary validation. For instance, the EDNRB gene region on

chromosome 13 was found to be significant using XP-CLR under a 0.3% threshold.

5.5.9 Population simulations and power estimation

We generated simulated populations using the mpop forward simulator [112]

and Hudson’s ms coalescent simulator[113]. For a given set of parameters µ, r, s, τ

(mutation rate, recombination rate, selection coefficient and time since selection,

respectively) we generated 200 simulated populations. First, we initiated each

instance with a source population of N0 = 1000 diploids from a neutral coalescent

process, using Hudson’s ms simulator. We then sampled with replacement from

the source population into three separate populations of size N0 each, labelled
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case, cont1, and cont2. We evolved these populations separately using the mpop

forward simulator, where only the case population had a locus under positive

selection. Individuals carrying the advantageous allele had higher likelihood (1+s,

for a homozygous carrier) to reproduce at each generation. The other populations

(cont1 and cont2) continued to evolve neutrally. After τ generations, a random

sample (n = 100 diploids) was taken from each of the three populations, and

cross-population neutrality tests were applied. Genomic regions of size 50 kbp

were simulated, with mutation and recombination rates set to µ = 2.4 ∗ 10−7 and

r = 3.784 ∗ 10−8 per base, per generation. The selection coefficient used for these

simulations was s = 0.02, and the number of generations since selection τ ranged

between [50, 4000].

The power of a given test at 5% False Positive Rate (FPR) was determined

as the fraction of test statistic values exceeding a certain cutoff when applied

to the case vs. cont1 samples. The cutoff value was set to the top 5% of the

null distribution, obtained by applying the same test to the corresponding cont1

vs. cont2 samples.

5.5.10 Power of different tests under varying model pa-

rameters

The different tests for selection described above all aim to find regions with

marked differences in allele frequencies across case and control populations. How-

ever, the specific signal observed is highly influenced by different factors, such as

the selection coefficient and the time since selection. In general, the allelic di-

vergence in a region is a function of the local mutation and recombination rates.

Under a Wright Fisher model of neutral evolution, the expected distribution of al-

lele frequencies (the site frequency spectrum) is known. Specifically, the expected

number of alleles with frequency i, where i = (1, . . . , n − 1), is given by θ/i [24].

Under selective pressure, the site frequency spectrum begins to shift [16]. Initially,

the haplotypes carrying the beneficial alleles rapidly increase in frequency, reduc-

ing the overall divergence (a so-called selective sweep). As the beneficial allele

becomes fixed in the population, the divergence is as its lowest point, and the
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signal of selection is the strongest. As time passes, de novo mutations and recom-

bination events gradually restore variability to the region. Initially, there is an

increase in low frequency alleles, which then reach intermediate and high frequen-

cies, finally drowning out the selection signal. Thus, there are three major regimes

for a population under positive selection: “pre-fixation”, where the beneficial hap-

lotype starts to rise in frequency; “near fixation”, where the haplotype approaches

fixation; and “post-fixation”, where the haplotype is fixed in the population, and

de novo mutations slowly restore diversity to the population. In these regimes,

the four tests show different relative strengths in detecting positive selection (see

Figure 5.3). Importantly, although the selection coefficient in the example shown

was set to s = 0.02, performance of the different tests also varies under different

selection pressures, where some tests dominate in weaker selection and others in

stronger selection.

Sf test

The Sf test sums over non-fixed frequencies in a region, effectively down-

weighting low frequency alleles [25]. The result of this is that the Sf test is opti-

mized for the post-fixation regime, since in this regime, the bulk of the signal comes

from the reduced number of intermediate and high frequency de novo mutations

in the case population. As the de novo mutations only approach these frequencies

many generations after fixation, Sf is able to detect selection for longer periods of

time after fixation has occurred than other tests. In addition, Sf excels at capturing

stronger selection pressures, where the beneficial allele goes to fixation relatively

quickly and thus, reaches the post-fixation regime at an earlier time. As Figure

5.3 shows, once in the post-fixation regime, the peak power for Sf is sustained for

more generations as compared to other tests.

Sπ test

The Sπ test is similar to Sf in that it is sensitive to strong selection pres-

sures, as well as long times since selection start. However, Sπ is based on average

heterozygosity, which weights allelic differences identically (in other words, Sπ re-
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turns the same value if the derived allele is defined as either the major or the

minor allele). This essentially folds the frequency spectrum [25], leading to two

major benefits. First, an approach such as Sf depends heavily on the idea that

the ancestral allele is the reference nucleotide. If this is not true, for instance, a

variant at 10% frequency can be mistaken for a variant at 90% frequency instead,

heavily impacting the statistic value. For a folded spectrum, however, this is not

the case. In addition, unlike Sf, Sπ can detect the loss of diversity due to a loss

of intermediate frequency alleles, causing it to pick up selection prior to fixation

(where there is an abundance of high frequency alleles). However, since it folds the

spectrum, Sπ cannot distinguish high frequency from low frequency variants, and

thus only has high power until de novo mutations reach intermediate frequencies.

Fst and PBS tests

As mentioned previously, under positive selection, as the beneficial hap-

lotype dominates the case population, the variability within this population de-

creases. This can be tested directly using the relative allele frequency spectra as

in Sf and Sπ, but there is additional information in the site-specific frequency dif-

ferences across the case and control populations. For instance, let us consider a

variant at 20% frequency in the control population. In the case population, this

variant lies on a beneficial haplotype, and is sampled at frequency 80%. Under Sπ,

this variant contributes equally to both the case and the control statistics, while

in Sf, this variant contributes negatively to the overall statistic. However, there is

clearly a sharp rise in frequency, representing an increased branch length between

the case and control populations in the phylogenetic tree, which may be indica-

tive of selection. Since the Fst test measures the site-specific variability between

populations (πbetween), it would be able to detect such situations. Importantly,

the scenario described above is consistent with selection occurring on standing

variation, where the beneficial haplotype is present in non-negligible frequencies

in the control population. However, the undirected nature of the branch lengths

presents disadvantages. For instance, a significant Fst value could also indicate

positive selection in the ‘control’ population. This is addressed in the PBS test by
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calculating population specific branch lengths using multiple controls.

5.5.11 Region filtration

We assume that the genetic basis for the adaptation influences relatively

few loci genome-wide. As a result, for a cross population test, the null distribution

of two neutrally evolving populations can be approximated by the observed case

vs. control distribution. As described above, we set significance thresholds corre-

sponding to the top 0.1% genome-wide value for each statistic. For the Amhara

population, these values were 0.16 (PBS), 0.18 (Fst), 1.73 (Sπ), and 2.0 (Sf). For

the Oromos, these were 0.24 (PBS), 0.22 (Fst), 1.58 (Sπ), and 1.83 (Sf). Overall,

there were 425 distinct regions that passed at least one of these tests. We thus

implemented a number of filters (see Figure 5.1) in order to shortlist candidates

that showed strong signals of selection. These are described below.

No genes in the region

We filtered out candidate regions that did not have a gene (as defined by

RefSeq release 45, downloaded January 14, 2011) within their boundaries. Such

regions may contain important regulatory variations, however, for an initial pass,

we focused our efforts on regions for which there are more readily accessible meth-

ods to identify and validate causal linked genes. 183 regions were filtered out in

this step.

Low frequency differential

A region under strong selection is characterized by changes in variant fre-

quencies that cannot be explained by a neutral model. These regions manifest as

blocks of SNPs where at least one allele confers a beneficial advantage and increases

in frequency. The frequencies of other, nearby alleles in linkage disequilibrium (LD)

with these correspondingly increase as well. We take advantage of this fact by look-

ing for regions with multiple SNPs present in a block structure (at comparatively

high frequencies) in the case population. For a case population sample of size n, we



91

iterate over all possible frequency values f , where f = (1/n, 2/n, . . . , (n − 1)/n).

For a given value of f , we then isolate all variants in the region with frequency

within 1/n from f . From these, we define an f -frequency block as a subset of

≥10 consecutive SNPs. For each f -frequency block, we calculate the frequency

differential, defined by the absolute difference in mean frequency between the case

population and the closer of the LWK and CEU controls. We filter out regions

where the maximum block differential in the region is less than 20%. We use a

20% frequency differential as the cutoff since, due to our relatively low sample

size, differences in frequency smaller than 20% cannot be reliably distinguished

from deviations due to sampling (see Figure 5.4 and Discussion). 184 regions were

filtered out in this step.

Artifactual regions

We further eliminated candidates where the signal was caused by incon-

sistent SNP calls. These are regions where the frequency differential from the

previous filter was directly caused by filtered variants in the case population that

were not filtered in the control population. Although we attempted to prevent

this using our variant filters (see above), some candidates (e.g., some of the HLA

regions) avoided them. To identify these, we take as input, the set of f -frequency

blocks with differentials ≥20%. We then extract all variants from in the case pop-

ulation, and replace the frequencies directly with those from our unfiltered SNP

list. We then recalculate block frequency differential, and filter out regions where

the maximum block differential in the region is less than 20%. 31 regions were

filtered out in this step.

Similarity to other controls

Finally, to ensure that the regions represent selection for a Amhara/Oromos-

only phenotype, we expanded our controls to include additional populations. These

controls include other lowlander dbSNP [114] and 1000 Genomes populations [88].

If another population showed frequencies within 20% (our sampling error, as men-

tioned above) of the optimal haplotype block in our case population, we filter out
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the region. 17 regions were filtered out of this step, leaving 10 regions, which we

label as prioritized.

5.5.12 Power of whole genome sequencing

In our study, we performed high coverage (15 − 20×), whole genome se-

quencing on 7 (Amhara) or 10 (Oromos) individuals. Alternative approaches to

whole genome sequencing would include exome sequencing or genotyping. As these

approaches are currently less expensive, this may allow for sampling more individ-

uals. In Figure 5.9, we show the impact of sample size on power, using simulated

populations. The simulation procedure was similar to the one described above,

with 500 neutral initial populations, and selection coefficient fixed at s = 0.02. As

previously described (Figure 5.3), there appear to be three general regimes of se-

lection (“pre-fixation”, “near fixation”, and “post-fixation”), where different tests

vary in their relative performance across regimes. We focus on a single test, Sπ,

and sample from each of the three regimes (t = 450, 700, 1000, 1500 generations

after selection starts). In order to identify the effect of decreasing the sample size

on power, we vary the sample sizes from n = (2, . . . , 40). As a gold standard for

maximal attainable power, we used a large sample size of n = 400. Although

sequencing more individuals would improve the sensitivity, as seen in Figure 5.9,

sampling 14 or 20 haplotypes yields between 67-95% power compared to our gold

standard. Notably, we see that sampling fewer individuals has the greatest impact

in the “pre-fixation” regime. This is due to two factors. First, sampling fewer

individuals leads to higher variance in the observed frequencies (see Figure 5.4).

Second, the pre-fixation regime is when the frequency differential of the beneficial

haplotype block compared to controls is at its lowest. Despite this, we still can

detect the majority of cases of positive selection in our simulations.

We also tested the power of whole genome sequencing in comparison to

other technologies, due to its unique ability to capture all allelic variation in a

region. Figure 5.8 shows one of our statistics (Sπ) applied to chromosome 13,

which contains one of our top hits (the EDNRB gene region). We compared the

variants captured in our study to those captured by two alternative approaches:
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whole exome sequencing and genotyping. To mimic the effects of whole exome

sequencing, we masked variants not targeted by the Nimblegen (Madison, WI)

2.1M exon capture array. For comparison with genotyping studies, we masked

variants not included in the ∼1M Affymetrix (Santa Clara, CA) Genome-Wide

Human SNP Array 6.0. As shown in Figure 5.8, with whole genome sequencing

the strongest signal chromosome wide is located in the EDNRB gene region. In

contrast, genotyping shows a significantly weaker signal in the region, while whole

exome sequencing shows no signal at all. For situations where a large portion of

the signal is in intergenic or intronic sequence, whole genome sequencing provides

a major advantage over other technologies.

5.5.13 Drosophila stocks and test of hypoxia tolerance

The Drosophila stocks carrying UAS-RNAi transgene were obtained from

the Vienna Drosophila RNAi center (Vienna, Austria) (stock number: 25995 and

103805 carrying UAS-RNAi(cic); 22358 and 109336 carrying UAS-RNAi(CG11055);

29003 and 107333 carrying UAS-RNAi(CG8962/Paf-Aha), 42462 and 8018 carry-

ing UAS-RNAi(CG7466)). The da-Gal4 driver (stock number: 8641) was obtained

from Bloomington stock center (Bloomington, Indiana, USA).

Hypoxia tolerance of Drosophila crosses with specific RNAi-mediated knock-

down was carried out as described in Chapter 4. Fifteen virgin female flies homozy-

gous for UAS-RNAi were crossed with 10 male flies homozygous for da-GAL4 and

allowed to lay eggs for 24 hours in normoxia. The vials with the eggs were trans-

ferred into a computer-controlled atmosphere chamber supplied with 5% oxygen

balanced with nitrogen, with 12 hour-dark and 12 hour-light cycle at 22 ± 1◦C.

The Gal4 driver and UAS-RNAi stocks alone without crossing were included in

parallel as controls. After three weeks of culturing, the vials were assayed for the

number of pupal cases that were empty or full to calculate the eclosion rate. Six

vials of each condition were completed in 2 different experiments for a minimum of

200 pupal cases scored for each condition/cross. The eclosion rate was presented

as percentage of empty pupae in all scored pupal cases.
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Figure 5.8: Impact of whole genome sequencing on selection signals. A-
C) Sπ statistic values across chromosome 13 in the Amhara population, compared
to the Luhya (LWK) population, using variants present in our whole genome se-
quencing study (part A), the subset of variants in the targets from whole exome
sequencing (part B), and the ∼1M subset of variants from genotyping (part C).
The red line represents a genome-wide, 0.1% FDR. The region highlighted in green
contains the genomic location of the EDNRB gene. D-F) SNP frequency profiles
of the region in green (representing EDNRB) in the Amhara (blue) compared to
Luhya (brown, inverted) populations for whole genome sequencing (part D), whole
exome sequencing (part E), and genotyping (part F). As can be seen, the strong
signal present using whole genome sequencing is reduced drastically in genotyping
and is entirely absent using exome sequencing.
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Figure 5.9: The impact of sequenced sample size on power, using Sπ as an
exemplar test. 500 populations were simulated, and selection coefficient was fixed
at s = 0.02. Sample size is shown in haplotypes, and ranges form n = (2, . . . , 40).
Optimal power at a given time was determined using a large sample size (n = 400).
The populations were sampled at four time points (t = 450, 700, 1000, 1500), rep-
resenting each of the observed regimes (“pre-fixation”, “near-fixation” [including
both t = 700 and t = 1000], and “post-fixation”). Although we see an increase in
power as more haploptypes are sampled, sampling 14 or 20 haplotypes (our Amhara
and Oromos populations, respectively) yields 67-95% of the optimal power.



97

Figure 5.10: Illustration of a selective bottleneck in one of two diverged
populations, leading to a loss of genetic diversity. The haplotype carrying
the beneficial allele (shown in blue), along with other neighbouring (linked) alleles,
becomes dominant in the case population at the expense of other haplotypes that
die out (the “pre-fixation”, and “near fixation” regimes). This leads to decreased
genetic diversity in this population, which is characterized by a skew in the site
frequency spectrum (top) relative to neutrality (bottom). As time progresses,
genetic diversity is gradually restored to the region via de novo mutation (the
“post-fixation” regime).



Chapter 6

The genetic basis of chronic

mountain sickness (Monge’s

disease) in Andean highlanders

6.1 Abstract

We will now work on a similar problem as far as setup, although with some

subtle, but important variations. As mentioned previously, the hypoxic conditions

at high altitudes present a challenge for survival, causing pressure for adaptation.

Interestingly, many high-altitude denizens (particularly in the Andes) are mal-

adapted, with a condition known as chronic mountain sickness (CMS), or Monge’s

disease. To decode the genetic basis of this disease, we sequenced and compared

the whole genomes of 20 Andean subjects (10 CMS and 10 non-CMS). We discov-

ered 11 regions genome-wide with significant differences in haplotype frequencies

consistent with selective sweeps. In these regions, two genes (an erythropoiesis reg-

ulator, SENP1, and an oncogene, ANP32D) had a higher transcriptional response

to hypoxia in CMS individuals relative to non-CMS. We further found that down-

regulating the orthologs of these genes in flies dramatically enhanced survival rates

under hypoxia, demonstrating that suppression of SENP1 and ANP32D plays an

essential role in hypoxia tolerance. Our study provides an unbiased framework to

98
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identify and validate the genetic basis of adaptation to high altitudes, and identifies

potentially targetable mechanisms for CMS treatment.

6.2 Introduction

More than 140 million humans have permanently settled on high altitude

regions in various locations around the world, such as the Ethiopian plateau in East

Africa, the Tibetan plateau in Asia and the Andes Mountains in South America.

These geographically distinct populations have adapted uniquely to cope with high

altitude hypoxia. For example, a higher hemoglobin concentration and oxygen sat-

uration were detected among Andean highlanders as compared with Tibetans at

the same altitude, but there was no difference between Ethiopian highlanders and

sea-level residents in these two traits [115]. Furthermore, Tibetans have higher

plasma concentrations of nitric oxide metabolites than North Americans [116],

and their infants have higher birth weight and higher arterial oxygen saturation

than Han Chinese infants at the same altitude [117, 118]. A statistical analysis

of 4 quantitative traits (i.e., resting ventilation, hypoxic ventilatory response, oxy-

gen saturation, and hemoglobin concentration) provided further evidence that the

phenotypic adaptive responses to high-altitude hypoxia are different between the

Tibetan and Andean populations [119]. Such differences in the patterns of hypoxia

tolerant phenotypes suggest that distinct genetic mechanisms underlie hypoxia

adaptation in different high altitude human populations. Despite the fact that the

genetic contribution to human adaptation to high altitude has been proposed for a

long time, the research is still at an early stage and additional evidence is critical for

our understanding adaptation at high altitude [120, 121, 101, 65, 122, 123, 124]. In

fact, some of the individuals living at high altitudes are mal-adapted, and present

symptoms of Chronic Mountain Sickness.

Chronic mountain sickness (CMS) or Monges disease is characterized by

severe polycythemia and an array of neurologic symptoms including headache, fa-

tigue, somnolence, and depression [125]. Often, patients with CMS suffer from

strokes and myocardial infarctions in early adulthood because of increased blood
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viscosity. Previous studies have shown that CMS is common in Andeans, occa-

sionally found in Tibetans and absent from the Ethiopian population living on

East African high altitude plateau [126, 79]. Therefore, the Andean high altitude

population provides us with the opportunity to dissect the genetic mechanisms

underlying high altitude adaptation by comparing the genetic variations between

patients with CMS and those adapted subjects without CMS.

To address this, we sequenced the whole genomes of 20 individuals (10 with

CMS, and 10 without) residing in Cerro de Pasco, Peru. Unlike genotyping arrays

or exome sequencing, whole genome sequencing captures the entire spectrum of

variation in a region, thus providing complete characterization of the site frequency

spectrum (SFS) and allowing maximal information for discovering selective sweeps.

6.3 Materials and Methods

6.3.1 Subjects and clinical characterization

All subjects are adult males residing in the Andean mountain range, in

Cerro de Pasco, Peru, at elevation of over 4300m. Chronic mountain sickness

(CMS), or Monges disease, is diagnosed using CMS scores. Individuals with CMS

score > 15 were selected as CMS subjects, and those with CMS score < 5 were

chosen as non-CMS subjects. Both blood samples (for DNA samples used in whole

genome sequencing) and skin biopsies (for fibroblast cell cultures used in cell-based

assays) were collected. Subjects were volunteers, and each subject gave informed,

written consent. The UCSD institutional review board approved the protocol.

6.3.2 DNA extraction, library construction and sequenc-

ing

The process from this point up to SNP calling is identical to the previous

chapter, and is summarized below primarily for convenience’s sake. Genomic DNA

was isolated using Blood DNA extraction kit (Qiagen, Valencia, CA) and randomly

fragmented. Fragments of the desired length were gel-purified. Adapter ligation
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and DNA cluster preparation were performed using the library preparation kit ac-

cording to manufacturer’s instruction (Illumina, San Diego, CA). Whole genome

sequencing was performed on all 20 individuals using the Illumina HiSeq2000 plat-

form to a mean, per-sample depth of 20− 40×.

6.3.3 Read alignment, score recalibration and variant call-

ing

We aligned the reads to the human reference genome (hg19) using BWA16

with default parameter settings. We adjusted the alignments using GATK indel-

realignment, Picard read duplicate marking, and GATK quality score recalibration

modules [85, 86] under default parameter settings, as defined by the GATK manual

(version 2). We finally called and filtered SNVs using the GATK UnifiedGenotyper

under default parameter settings. The sequencing was free of any mapping bias in

coverage, mapping percentage, or variant counts for all subjects. See Figure 6.1

for an overview of the computational workflow.

Figure 6.1: Computational analysis workflow. The raw sequence reads were
mapped using BWA, followed by indel realignment, duplicate marking, and quality
score recalibration using the GATK pipeline. Variants were then called and fil-
tered using the GATK UnifiedGenotyper. After applying additional variant filters
to account for the differences in coverage between our subjects and the control
populations, we applied four complementary tests of selection to identify 314 re-
gions as candidates for undergoing hypoxia-specific selective stress. Of these, we
prioritized 11 regions for further experimental validation.
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6.3.4 Tests of selection

We applied the same four cross-population tests of neutrality as in Chapter

5. Sf and Sπ look at the differences in the site frequency spectrum associated

with selection (see Chapter 3). Fst and PBS are designed to look for frequency

differentials consistent with the longer phylogenetic branch lengths tied to non-

neutrality. Please see Chapter 5 for more information on the definition and relative

behaviors of these tests.

6.3.5 Human fibroblast cell culture, hypoxia treatment and

real-time qPCR assay

Primary fibroblast cells were derived from CMS or non-CMS skin biopsies

and expended in DMEM medium supplement with 10% fetal calf serum, 2.5% peni-

cillin/streptomycin and 1% fungizone antibiotic (Life Technologies, CA). When

reaching 75-80% confluence, the cells were treated with 1.5% O2 for 24hrs. Un-

treated cultures were used as controls. After treatment, the cells were first washed

with (the chemical) PBS (Cellgro, VA) and then treated with TrypLE
TM

Express

(Life Technologies, CA) for 5-10 minutes at 37◦C to detach the cells. The de-

tached/trypsinized cells were washed with fresh culture media, and centrifuged at

200×g for 3 minutes. The pelleted cells were frozen at -80◦C until RNA extraction.

Total RNA was extracted using the NucleoSpin R© RNA II Kit (Clontech,

CA) and eluted with 40µl of RNase-free water. RNA concentrations were measured

with a NanoDrop 1000 (Thermo Scientific, DE). cDNA was synthesized with 1µg

of total RNA using the SuperScript R© III First-Strand Synthesis System according

to the manufactures instructions (Life Technologies, CA). Real-time qPCR was

performed in duplicates in 20 µl reaction volume on a MicroAmp R© Fast Optical

96-Well Reaction Plate (Life Technologies, CA). Each reaction contained 1µl of

cDNA, 2µl of 3µM forward and reverse primer mix, 10µl of Power SYBR R© Green

PCR Master Mix (Life Technologies, CA), and 7µl of water. The real-time PCRs

were run on a 7900HT Fast Real-Time PCR System (Life Technologies, CA) using

the following conditions: 95◦C for 10 min followed by 40 cycles of 95◦C for 15 sec
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and 60◦C for 1 min. GAPDH was used as internal control for normalization.

6.3.6 Fly lines and culture

The candidate genes were obtained from the human study and their fly or-

thologs were identified using FlyBase (www.flybase.org). Publicly available RNAi

stock lines for each candidate gene (if possible, duplicate or triplicate lines per

gene) were obtained from Vienna Drosophila Research Stock Center. The w1118

was used as background control. To ubiquitously knock down the candidate gene

in the F1 progeny, the da-GAL4 driver was obtained from Bloomington Drosophila

Stock Center at Indiana University. All stock lines were raised at room tempera-

ture and maintained on standard cornmeal.

6.3.7 In-vivo hypoxia tolerance test

The virgin females (n=9) da-GAL4 were crossed to different UAS-RNAi

lines (n=6) or vice versa. Sufficient time (∼3 days) was given for the flies to

mate/cross. These are referred to as “cross”. The vials were kept under ambient

conditions for the flies to lay a sufficient number of fertilized eggs. After 48 hours,

adults were transferred to a new vial. The original vials were then transferred

to a computer-controlled hypoxia chamber, maintained at 5% oxygen on a 12/12

hours light/dark cycle at room temperature. The adults were discarded after 48

hours from the second batch of vials and these vials were then kept at ambient

oxygen conditions (∼21% oxygen) to be used as “control”. After 21 days, the ratio

of empty pupae (eclosed) to total pupae formed (eclosed + uneclosed) in each

vial was calculated to determine the percentage eclosion rate. Simultaneously, the

w1118, da-GAL4 and RNAi were self-crossed to be used as controls. Each set

was performed in triplicate and the entire experiment was repeated to check for

consistency. The differences in eclosion rate for the crosses under 21% and 5% O2

were calculated using a chi-squared test, and between the (UAS-RNAi x da-Gal4)

cross and the UAS-RNAi alone (stock control) using an unpaired t-test. A P-value

of <0.05 was considered significant.
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6.4 Results

We sequenced the genomes using the Illumina HiSeq 2000 platform to a

mean depth of 34× per individual, mapped the reads to the hg19 reference using

BWA [84], and called SNVs using the GATK pipeline [85, 86] (Figure 6.1).

6.4.1 Lowlander control populations

Using cross-population tests of selection, we looked for sweeps in the non-

CMS individuals relative to the CMS individuals. However, since both groups

belong to the same population, it may be difficult to determine if elements of a

polygenic response are partially inherited in the CMS subjects. To address this

issue, we additionally compared our non-CMS highlander population against the

nearest 1000 Genomes (lowlander) controls [88]. We applied ADMIXTURE anal-

ysis [87] to 10,363 variant sites to identify the population most closely related

to our Andean highlander subjects. As can be seen in Figure 6.2, our Andean

subjects show varying amounts of shared ancestry with the three American popu-

lations (CLM, MXL, PUR). The closest population consists of 66 Mexican (MXL)

individuals from Los Angeles, California, and was thus chosen as the lowlander

control for all cross-population tests of selection. As outgroup (for the PBS test),

we used a distant population consisting of 67 Luhya (LWK) individuals from We-

buye, Kenya. Importantly, our highlander subjects and control populations had

considerable differences in coverage, leading to discrepancies in variant calling.

6.4.2 Variant filters

To adjust for these differences, we filtered our call set using three steps.

First, we observed several variants in clustered genomic loci that were discarded

by the variant caller in the (CMS and non-CMS) study populations. This hap-

pens due to sequencing and mapping artifacts such as strand bias, low sequence

complexity, or structural variations. We considered a region as suspicious if 10

consecutive SNPs were filtered out by GATK in our study populations, and fil-

tered out any SNPs present in these regions in the controls. Second, following the
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Figure 6.2: ADMIXTURE analysis (4 clusters) applied to the 1000
Genomes populations jointly with our Andean highlander subjects. The
Andean highlanders (leftmost) show no signs of significant shared ancestry with
Europeans or Africans, but do show varying degrees of shared ancestry with the
American populations (CLM, MXL, PUR). As lowlander controls for our cross-
population tests of selection, we used the closest population (MXL). As an out-
group for the PBS test, we used a distant African population (LWK).

protocol used by the 1000 Genomes project, we removed any site with a mean cov-

erage higher than twice the median genome-wide coverage as likely to be caused

by duplication [88]. This removes variants found in repetitive regions, such as

centromeric sequence. We also removed any site with less than 2× coverage per

person in the study population as being too poorly covered to accurately call. Fi-

nally, we removed sites with an excess of heterozygotes, using a test from Emigh

[106] describing the heterozygote probability as:

PAa =
n!

nAA!nAa!naa!
× nA!na!

(2n)!
× 2nAa

We discarded variants with P-value under 0.05. After applying the above

filters, a total of 5,937,347 variants in the CMS subjects and 5,777,092 variants in

the non-CMS subjects remained.
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6.4.3 Identifying regions under positive selection

As mentioned throughout this thesis, under positive directional selection,

any haplotype harboring a beneficial mutation, as well as linked hitchhiking muta-

tions, rapidly increases in frequency. This leads to a characteristic loss of genetic

diversity centered on the beneficial mutation known as a selective sweep [24]. Im-

portantly, the loss of genetic diversity and the consequent skew in the site frequency

spectrum (SFS) can be used to detect loci important for adaptation to selective

stress [24, 25]. We use cross-population tests to adjust for events shared between

case and control populations (such as population bottlenecks, genetic drift, or

even directional selection acting on unrelated phenotypes). These are likely due to

events that took place before the divergence of our case and control populations,

and thus unlikely related to hypoxia tolerance. Population-specific selection can

be measured as a large decrease in diversity in the case population compared to

controls [24]. This is usually captured as skews in the site frequency spectrum

(SFS) of a region under selection. However, the SFS (and thus, the performance of

different tests of selection) is significantly affected by many parameters, including

the selective pressure (s) affecting the beneficial allele, as well as the length of

time (t) for which the allele has been under selection (Chapter 3). For a complex

phenotype such as hypoxia tolerance, we expect that multiple loci throughout the

genome may simultaneously undergo selective sweeps, each under a distinct selec-

tion pressure and for a distinct time period. For this reason, we apply several tests

of selection: Sf , Sπ, Fst, and PBS. As the tests are powerful under different regimes

(weak/strong and early/late) of selection, and as we have no prior knowledge of

the regime we are after, we consider regions found as significant in any of the above

tests as potentially interesting.

We also assume that the genetic basis for adaptation to hypoxia influences

relatively few loci genome-wide. As a result, for a cross-population test, the null

distribution of two neutrally evolving populations can be approximated by the

observed case vs. control distribution. We set significance thresholds corresponding

to the top 0.1% genome-wide value for each statistic. For the non-CMS versus

MXL tests, these values were 0.11 (PBS), 0.19 (Fst), 2.93 (Sπ), and 3.87 (Sf). For
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the non-CMS versus CMS tests, these were 0.17 (PBS), 0.31 (Fst), 2.18 (Sπ), and

3.23 (Sf). This set of analyses identified 314 regions spanning 29.67Mbp that were

significant in at least one test under a 0.1% genome-wide false discovery rate.

6.4.4 Region filtration

Similarly to Chapter 5, we wanted to validate interesting gene candidates

experimentally. As a result, we developed a series of automated prioritization cri-

teria in order to shortlist candidates that showed the strongest signals of selection.

Due to the presence of other samples of the same population, though, we changed

our prioritization steps from the previous setup.

Low frequency differential

A region under strong selection should have multiple variants present with a

high frequency differential between case and control populations. To identify this,

we iterate over all possible case frequency values f , where f = (1/n, 2/n, ..., (n −
1)/n) (for a case population sample of size n haplotypes). For a given value of f ,

we isolate all variants in the region with frequency within 1/n from f . From these,

we define an f -frequency block as a subset of ≥10 consecutive SNPs. For each

f -frequency block, we calculate the frequency differential, defined by the absolute

difference in mean frequency between the non-CMS population and the associated

control population (either CMS or the closer of the MXL/CEU populations). We

prioritize regions where the maximum block differential in the region is greater

than 20%. We set the threshold at 20%, as this is the expected sampling variance

of a variant at a given frequency when sampling 20 haplotypes (corresponding to

10 CMS or 10 non-CMS subjects) from a population (see Figure 5.4). 170 regions

were considered prioritized under this criterion.

Similarity to other controls

In order to ensure that the prioritized regions represent selection for high

altitude adaptation (rather than other phenotypes, potentially shared with dif-

ferent populations), we expanded our controls to include additional populations.
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These controls included the CMS individuals we sequenced, the MXL/CEU 1000

Genomes populations, and other lowlander HapMap populations [127]. We pri-

oritize regions where the observed haplotype block has frequency differential of

greater than 20% (our sampling error, as mentioned above) compared to all other

sampled controls. 35 regions were considered prioritized under this (as well as the

previous) criterion.

Leveraging existing genotype data

We also used variant calls from a previous genotyping study by Bigham et

al. [122] to further prioritize candidate regions. This data from this study provided

us with two advantages. First, the authors performed genotyping on 49 Andean

highlanders with no symptoms of CMS (including 24 from the same population we

sequenced, in Cerro de Pasco, Peru). This helped us refine our sample frequencies

and identify any false signals caused by sampling. Second, they genotyped 39

lowlanders of Native American ancestry from Southern Mexico, providing us with

an additional lowlander control population. This population is both geographically

closer to our Andean highlander subjects and does not show any signs of admixture

with Europeans [122].

For a given region, we extracted all variants sampled from the previously

identified f -frequency block that were also sampled by Bigham et al. For these, we

refined our non-CMS frequencies by taking an average (weighted by sample size)

over the highlander frequencies from both studies. Due to the increased population

size (total of 59 subjects), the expected error due to sampling was reduced to less

than 10%. As a result, for a given region, if the revised block frequency of the

adapted population was greater than 10% compared to all controls, we considered

the region prioritized. We note that previously prioritized regions that had no

variants sampled by Bigham et al. were unaffected by this criterion. 20 regions

remained under consideration after this step.
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No genes in the region

Finally, we prioritized candidate regions that had at least one gene (as de-

fined by RefSeq release 45, downloaded January 14, 2011) within their boundaries.

Although regions that do not overlap known genes may contain important regu-

latory variations, for an initial pass, we focused our efforts on regions for which

there are more readily accessible methods to identify and validate causal linked

genes. However, we did attempt to identify important regulatory variation in the

significant non-genic regions by determining variants within transcription factor

binding sites, as defined by TRANSFAC or ENCODE.

The 11 final regions all had haplotypes that were much higher in frequency

in the non-CMS population than in many controls (including our CMS popula-

tion as well as several sequenced and genotyped lowlander populations), and are

presented in Table 6.1. These include many plausible candidates, including genes

involved in oxidative stress response (DGKK, DUOX1, DUOX2, DUOXA1, and

DUOXA2 ), response to reactive oxygen species (GABRA3 ), cell metabolism, and

signaling (PFKM, SENP1, and ANP32D).

Two genomic regions (both on chromosome 12) appeared in the top 0.1%

in both non-CMS vs. MXL and non-CMS vs. CMS tests. One of them is a 144kbp

region at chr12:48411360-48555360 that contains a block of 66 “differential” SNPs

with mean frequencies of 99% in non-CMS, 66% in CMS, 58% in MXL and 14% in

CEU. The other region spans 156kbp at chr12:48751360-48907360 and contains a

block of 114 “differential” SNPs with mean frequencies of 99% in non-CMS, 53%

in CMS, 47% in MXL and 5% in CEU (Figure 6.3). Three genes (SENP1, PFKM,

and ASB8 ) are located in the first region, and two genes (ANP32D and C12orf54 )

are located in the second region. Strikingly, some of these genes have been shown

to regulate CMS-related phenotypes in mammals. Specifically, mice carrying a

deficient PFKM allele exhibit severe cardiac and hematological disorders, muscle

hypoxia and hyper-vascularization, impaired oxidative metabolism, fiber necrosis,

and exercise intolerance [128]. Previous studies have also found that SENP1-/-

led to erythropoiesis defect in mice [129, 130]. Furthermore, SENP1 regulates the

activities of several cell signaling pathways through desumoylation of key medi-
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Table 6.1: List of the top 11 regions prioritized in non-CMS relative to
all lowlander controls

Genomic Region Gene Symbol Tests
chr3:33254596-33314596 SUSD5 Sπ,CMS

chr6:58244452-58392452 GUSBP4 Sπ,MXL

chr6:157504452-157554452 ARID1B Fst,MXL

chr10:101014523-101092523 CNNM1 PBSMXL

chr11:118147948-118199948 CD3E Sπ,CMS

chr12:48411360-48555360 SENP1*,PFKM,ASB8 Sπ,MXL, Sf,MXL,
Sπ,CMS, Sf,CMS

chr12:48751360-48907360 ANP32D*,C12orf54 Sπ,MXL, Sπ,CMS

chr15:45338058-45436058 SORD,DUOX2,DUOXA2, Fst,MXL

DUOXA1,DUOX1
chr19:19665844-19747844 PBX4,LPAR2,GMIP PBSMXL

chrX:50147676-50197676 DGKK Sπ,CMS

chrX:151275676-151421676 MAGEA5,MAGEA10, PBSCMS, Fst,CMS

GABRA3

*Genes regulating hypoxia tolerance with transcriptional changes in fibroblasts

and experimental validation in Drosophila

ators. For example, SENP1 enhances ASK1-JNK activation and cell apoptosis

through desumoylation of HIPK1 in a ROS-dependent manner [131]. In addition,

SENP1-dependent desumoylation also regulates the stability and activity of HIF1α

and GATA1 transcription factors [129, 130] that play important roles in regulat-

ing physiological responses to hypoxia including erythrogenesis, angiogenesis and

metabolic adaptation [132, 133].

6.4.5 In vitro and in vivo validation of candidate genes

We extended our investigation to study the functional impact of the SNP

variants and candidate genes identified by our current analysis. We did this using

human fibroblast cells [134] derived from four of the CMS and non-CMS subjects as

well as in vivo using a Drosophila model. Of the top 5 candidate genes identified

from our Andean samples, 2 genes have orthologs identified in the Drosophila

genome (Flybase gene symbol CG32110 for human gene SENP1, and Mapmodulin
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Figure 6.3: Profile of the only two candidate regions that are significant
in non-CMS vs. CMS and non-CMS vs. MXL tests. (Top) One of the
statistics in which both of these regions are significant (Sπ,MXL) is plotted across
chromosome 12. Five distinct regions exceed the 0.1% FDR threshold the two
highlighted in light blue do not have a major frequency differential between the
non-CMS and MXL populations, while the one highlighted in pink is similar in
other controls. The remaining two are considered prioritized and highlighted in
green. The SNP frequencies in the area encompassing these two, part of q13.11,
are plotted in the middle. In this plot, the two prioritized regions are highlighted
in white, while other regions are shaded in gray. As can be seen, in both regions,
there is an almost complete fixation of a haplotype in the non-CMS population
that is at a much lower frequency in all lowlander and mal-adapted controls.
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for human gene ANP32D) [135, 136].

We measured the transcriptional response of the candidate genes to hypoxia

challenge using real-time qPCR. Interestingly, the expression levels of SENP1 and

ANP32D were significantly higher in the CMS cells as compared to the non-CMS

cells following hypoxia treatment. In contrast, the expression of PFKM was down-

regulated in both non-CMS and CMS cells (Figure 6.4). These results suggested

that as compared to room-air cultured cells, the suppression of SENP1, ANP32D,

and/or PFKM in non-CMS cells is beneficial for high altitude adaptation. As a

corollary, when comparing the transcriptional response of CMS cells to that of non-

CMS cells, the up-regulation of SENP1 and ANP32D in CMS cells might reflect

mechanisms that underlie mal-adaptation in the CMS individuals at high altitude.

We then proceeded to test this hypothesis in vivo in Drosophila melanogaster.

Since many human disease genes are evolutionarily conserved in Drosophila

melanogaster [48, 137, 138], flies have been extensively used as a powerful in vivo

model to dissect genetic mechanisms that contribute to human disease, including

aging [139, 140], neurologic and cardiac disease [141, 142, 143], cancer [144, 145]

as well as mechanisms underlying hypoxia tolerance or susceptibility [146]. In the

current study, we took advantage of a Drosophila GAL4/UAS-RNAi system [46, 45,

147] to knockdown the transcript levels of these orthologs individually, mimicking

the transcriptional suppression of these candidate genes in the non-CMS samples in

an attempt to determine their potential role in adaptation to high altitude hypoxia.

In addition, this strategy is also relevant to test the opposite hypothesis that the

up-regulation of SENP1 and ANP32D following hypoxia in the CMS samples

is deleterious for survival in a hypoxic environment. The UAS-RNAi x GAL4

crosses were first cultured in normoxia to determine the effect of RNAi-mediated

knockdown of each candidate gene on development. All the crosses developed

normally with eclosion rates of over 95%, demonstrating that down-regulation of

the candidate genes had no significant effect on development in normoxia. The flies

resulting from these crosses were then tested under a hypoxic condition (5% O2)

by scoring the eclosion rate, an index of completion of development and survival.

This hypoxic condition has been previously proven to be critical for distinguishing
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Figure 6.4: Hypoxia response of top candidate genes in non-CMS and
CMS cells. Fibroblast cells were derived from skin biopsies obtained from the
non-CMS and CMS subjects. Two non-CMS and 2 CMS cell lines were treated
with 1.5% O2 for 24 hours. The expression levels of SENP1, ANP32D and PFKM
were measured by using quantitative real-time PCR. Same cell lines cultured under
room air condition were used as normoxia controls. Hypoxia treatment induced a
significant down regulation of SENP1, ANP32D and PFKM in non-CMS cells. In
contrast, hypoxia treatment up-regulated the expression of SENP1 and ANP32D
in the CMS cells, an opposite effect to the changes observed in the non-CMS cells
(*P<0.05, Wilcoxon rank test). Each bar represents mean ± SEM of 2 measure-
ments in duplicate.

hypoxia-tolerant flies from others [36, 148]. In order to minimize false positive

results induced by off-target effects of RNAi or insertion effects of a particular UAS-

RNAi transgene, we only included Drosophila orthologs with multiple available

UAS-RNAi transgenic lines in this analysis. As shown in Figure 6.5, a dramatic

enhancement of hypoxia tolerance was observed in both CG32110 /SENP1 and

Mapmodulin/ANP32D when these genes were knocked down, demonstrating that

down-regulation of the orthologs of SENP1 and ANP32D is indeed beneficial for

survival in severe hypoxic conditions in vivo.
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Figure 6.5: Down-regulation of human SENP1 and ANP32D ortholog in
Drosophila enhances survival under hypoxic condition. da-Gal4 driver was
used for ubiquitously knocking down the candidate gene by crossing with respective
UAS-RNAi lines. Their eclosion rates were observed at 21% and 5% O2 environ-
ment. (A) CG32110-RNAi when crossed with da-Gal4 significantly increases the
eclosion rate at 5% O2 environment. The results were consistent in three RNAi
lines targeting the same human SENP1 ortholog gene CG32110 (*:P<0.005, un-
paired t-test). (B) The difference were also significant for the eclosion rate (%)
of the F1 progeny for the two Mapmodulin-RNAi fly lines (*:P<0.005, unpaired
t-test). Each bar represents mean ± SEM of eclosion rate. The w1118 and da-Gal4
stocks were tested and used as background controls.

6.5 Discussion

We present here the first genome-wide study of genetic adaptation in hu-

mans that confirms the effect of relevant genotypes on expression and further val-

idates their role in model organisms. Using the enhanced power of whole genome

sequencing, we identified a number of putative regions showing strong signals of

selective sweep. We find that two genes in these regions, ANP32D and SENP1,

have significantly increased expression in the CMS patients compared to the non-

CMS individuals. Consequently, we hypothesized that down-regulating these genes

could be beneficial in coping with hypoxia. We found that flies with these genes

down-regulated had a remarkably enhanced survival rate under hypoxia.

There are several implications of our study. First, similarly to Chapter 5, we
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performed high-coverage, whole genome sequencing (WGS) of 20 individuals. Tra-

ditionally, genome-wide scans for selection generally involve sampling the genome

through genotyping or whole exome sequencing. However, there is an important

trade-off when using these experimental designs. Specifically, WGS provides for a

complete sampling of variant sites, albeit (usually) on a much smaller number of

individuals. This completeness is critical for detecting selection. For instance, 10

of the 11 prioritized regions identified in our study, where we find strong peaks for

our tests at a low genomic FDR using WGS, are not discovered when restricting

to sites sampled by the alternative approaches.

Second, our study reveals many mechanistic insights on human adaptation

(and mal-adaptation) to hypoxia. Since CMS patients are polycythemic (with

hematocrit > 65%), their blood becomes much more viscous. In turn, this in-

creased viscosity jeopardizes blood flow to major organs, sometimes to the degree of

ischemia, leading in some patients to myocardial infarction and stroke [3, 149, 150].

SENP1 is known to regulate erythropoiesis [130], and indeed SENP1-/- mice die

of anemia in early life [129]. This gives credence to the idea that the increased ex-

pression of SENP1 plays a role in the basic pathogenesis of polycythemia in CMS

patients. In contrast, in spite of the fact that there is little known about ANP32D

and the PP32 phosphatase gene family, ANP32D functions as an oncogene. We

raise here the possibility that this particular gene alters cellular metabolism in

a fashion that is similar to that of cancer cells, especially given that such cells

can flourish in low oxygen conditions. In conclusion, a better understanding of

the mechanisms underlying hypoxia tolerance in high altitude human populations

will, in all likelihood, elucidate the pathogenesis of other conditions at sea level,

including congenital heart disease, obstructive sleep apnea and cancer.
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