An Owner’s Guide to the Human Genome

An introduction to human population genetics, variation, and disease

Jonathan K Pritchard
Stanford University
Release 1.0: September 23, 2023

Image Credit: Natalie Telis



Contents

Preface

An introduction to human genetics
1.1 Some Very Useful Numbers for human population genetics.
1.2 A genome owner’s starter pack. . ... ... ... ... ...
1.3 Human genome variation and why it matters. . . . . .. ..
1.4 DNA sequencing: a fundamental tool for studying biology.
1.5 Mutation: The ultimate source of genetic variation. . . . . .

Population genetics: the forces that shape genetic variation
2.1 Genetic Drift: What happens to alleles over time? . . . . ..
2.2 More on genetic drift: The coalescent. . . . . ... ... ...
2.3 Linkage, recombination,and LD. . . . . ... ... ... ...
2.4 Genetic drift in structured populations. . . . ... ... ...
2.5 Natural selection: I. Background and models . . . . . . . ..
2.6 Natural selection: II. Positive selection and adaptation . . .
2.7 Natural Selection III. Genome-wide extent of selection . . .

Human population history and structure [outline]
3.1 Population structure and ancestry estimation. . .. ... ..
3.2 Inferring human prehistory from genetic data. . . . . . . ..
3.3 Digging deeper into human history: Ancient DNA. . . . . .

Genetics of phenotypic variation and disease [outline]
4.1 A starter pack for human trait genetics . . . ... ... ...
4.2 Major effect mutations: monogenic traits . . . ... ... ..
4.3 Major effect mutations: somatic mutations and cancer . . .
4.4 Complex traits: I. Quantitative genetics . . . . . ... .. ..
4.5 Complex traits: II. The GWAS paradigm . . ... ... ...
4.6 Complex traits: III. More about GWAS . . . . . ... ... ..
4.7 Complex traits: IV. Functional genomics of complex traits .
4.8 Complex traits: V. stabilizing selection, drift, and adaptation

Notes and References

30
47
57

73
74

104
123
136
150
164

177
178
178
178

179
180
180
180
180
180
180
180
180

181



Preface

This book is about the genetic differences between human genomes.

If we sequenced your genome, and my genome, we’d find about five million dif-
ferences. Most of these differences are SNPs, changing just a single position in
the DNA — perhaps you have an A where I have a G. There are also millions of
basepairs that are involved in additions, subtractions, or complex rearrangements
of chunks of DNA, ranging in size from just a few basepairs to tens of thousands
of basepairs.

Human genetics deals with understanding the causes and consequences of all
this genetic variation. The story of these genetic variants starts from random
mutations — some of which occurred in your parents and grandparents, while
others arose more than a million years ago in our ancestral homelands in Africa.
These variants have been carried by ancient migrations, and buffeted by the
forces of genetic drift, linkage, and natural selection. This pool of genetic vari-
ation reflects the history of the human species, and underpins genetic influences
on the full range of human traits, behaviors and disease risks.

Key Topics. In this book we seek to understand all the processes above—
the forces that govern genetic variation, what they tell us about human
history, and the role of genetic variation in human phenotypes and dis-
eases. Specifically, I aim to provide a unified introduction to a set of inter-
connected topics including;:

e The types and distribution of genetic variation;

e Germline and somatic mutation;

e The forces of population genetics: drift, recombination, selection;

e Genetics as a tool for studying human population structure and history;
e The inheritance of human phenotypic variation;

e Large-effect mutations in genetic diseases and cancer;

e The genetic basis of complex traits in health and disease.

Notably, this book combines population genetics, population history, and
trait genetics under a single umbrella. While some of these topics are al-
ready covered by other introductory texts, there is a tendency elsewhere
to separate trait genetics from population genetics. These topics are fun-
damentally interconnected and cannot be fully understood in isolation.
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Human genetics combines modeling, biology, and inference. Aside
from the main topics, there are three themes that run through the book:
theoretical models — usually made precise with math or probability, these
provide structure for interpreting complex phenomena; biology — every-
thing that we hope to learn about, from the history of human popula-
tions, to natural selection, to the molecular mechanisms that link genomic
variants to phenotypes; and inference methods — often using statistics,
these tell us how to extract meaning from complex data.

The role of models. Students of genetics are often surprised by the cen-
tral role of theoretical models. One remarkable aspect of human genetics,
and of population genetics ?, is how often important, deep, principles ex-
tend logically from the basic processes of genetics.

In this regard, I like to think of the founders of population genetics, work-
ing in the first half of the 20th Century. They really knew nothing of
modern molecular genetics — bear in mind that even the structure of DNA
was not known until 1953. And yet they did know some of the most basic
rules of inheritance, including:

e the basic rules of Mendelian segregration of alleles and inheritance;

o the existence of chromosomes, linkage, and recombination;

e that mutations can create new alleles;

e that some traits are controlled by a single locus (gene), while others are
affected by multiple loci and environmental factors.

Starting from these observations, the founders of population genetics
made basic models for the transmission of alleles within families, and
within populations. In some models they considered that species have
geographic structure, such that individuals are most likely to reproduce
with other individuals living nearby. They also considered models of fit-
ness: models where individuals with particular genotypes survive or re-
produce better than others, as well as models where the alleles have no
effect on survival (so-called neutral alleles).

The remarkable thing is that, starting with these very limited observa-
tions, they and their successors were able to outline many of the most
important processes in population genetics: drift, selection, the role of
linkage, and others. Similarly, the genetic principles of plant and animal
breeding (known as quantitative genetics ®) were also largely figured out in
the 2oth Century, again starting from very basic assumptions. Quantita-
tive genetics is also an essential tool for understanding the inheritance of
human traits; this will be the focus of Chapter 4.4.

In other words, these insights from simple models are still fundamentally
important today. Much of how we understand aspects of human popu-
lation genetics is built on top of these basic models. The importance of
models here is arguably greater than in any other area of biology.

So does this mean that there’s nothing left to learn? Far from it. The early
models provided a framework for understanding modern data, but until
recently it was impossible to know which aspects of these models would
turn out to be most relevant in real life. Moreover, recent discoveries have

& Population genetics refers to the study
of genetic variation in populations, and it
will be central to our story here.

> Quantitative genetics and statistical

genetics study the role of genetic variation
in shaping phenotypic variation and will be
central themes in Part 4 of the book.



motivated important new avenues of theory in many areas.

The role of biology. Again and again, we’ll see how modern genomic
and functional data illuminate new and unexpected aspects of human
history, human evolution, or the genetic basis of human traits and dis-
eases. We'll talk about how genome data has reshaped our understand-
ing of the importance of genetic drift, the modes of adaptation in human
population, and the types of genes that have been targets of natural se-
lection in specific environments. We'll discuss the ways in which ancient
DNA has transformed our understanding of human prehistory.

We already know far too much to cover everything in one book, but I
have aimed to emphasize key concepts that will be useful for understand-
ing the primary literature, as well as interesting examples that illustrate
general principles. There’s also a huge amount of exciting new work that
is adjacent to our main topics, for example in functional genomics and
cancer genomics. Unfortunately no single book can cover everything, so
my approach will be to give background where needed, while maintain-
ing our focus on genetic variation.

Computer science and statistics. Last but not least, in recent years there
has been an enormous growth of new statistical and computational meth-
ods for analyzing genome data. Modern experiments often generate ter-
abytes of data, and it takes enormous skill and creativity to extract mean-
ingful biological insight. Data analysis is an essential part of modern ge-
netics. If you're currently a student of genetics, there is perhaps no better
single piece of advice than to make sure you become adept at program-
ming and data analysis. (Oh, and I tell students to spend as much time
reading science papers as they can!)

My third main goal as we go through each topic is to outline the core
concepts that underlie the most important analytical approaches relat-
ing to our core topics. This is not a book about statistical methods, per se,
but these sections should provide a useful jumping-off point for further
reading.

Quantitative reasoning in human genetics. In addition to models, an-
other thread that runs through the book is the power of thinking about
numbers, scales, and rates, for understanding biology.

I'm reminded of a game in which the quizmaster asks seemingly impos-
sible questions, like: “How many french fries are consumed per day in
the US?”. The goal is to use logical reasoning to get to a sensible order-
of-magnitude answer. For example, you might guess how often an aver-
age person eats french fries, and how many they would eat in a typical
serving, and then note that there are about 330 million people in the US,
to work your way to a reasoned answer.

These types of logic are also very helpful for thinking about genetics and
genomics, but rarely taught. I often find in class that students are good
at explaining complex molecular mechanisms, yet most have a hard time



thinking about quantitative scales. For example, I might ask “How many
heterozygous missense SNPs does a typical person carry?” or “What is
the average number of genes spanned by a 1 megabase deletion?”. Could
you give ballpark estimates?

Throughout the book, I have tried to provide a sense of key numbers and
rates to give you intuition for these kinds of questions. I don’t want you
to memorize every number, but if you can remember rough magnitudes,
it will give you a very useful street-sense for thinking about genomics.
These can also be very useful for spotting errors when you do data anal-
ysis. You'll find a short list of Very Useful Numbers in Chapter 1.1. They
may even help you to answer the questions above.

Who is this book for? Ihope that this book can be useful for a wide
range of readers, from late-stage undergraduates and graduate students,
to seasoned experts.

In terms of specific background, I don’t assume a great deal of specific
technical knowledge of genetics, but certainly the book will be much eas-
ier if you are already comfortable with the main concepts of genetics. I
expect that a typical reader would already have at least one college-level
genetics class, or at least be self-taught to that level. My goal is that stu-
dents at this stage can use the book as a bridge into the scientific liter-
ature. Meanwhile I have tried to write this so that hopefully even most
scientists who work in this field will find topics that are new to them.

Similarly, probability, and statistics are also important in human genetics
and a basic background in these topics will be invaluable at some points.
But to make the book more accessible, I have tried to limit topics that re-
quire specific technical knowledge (or sometimes to fence them off into
boxes). If you find the mathematical sections difficult, try to use the ac-
companying text to get the gist of the key points. For readers who want
more technical detail, you'll find a great deal of useful material and refer-
ences in the endnotes.

Organization of the material. In the book I have used a mixture of
main text and figures, marginal notes and figures, and endnotes to dis-
play different types of information. The margin notes contain a mixture
of key takeaways, and interesting miscellania (it should be clear from
context which is which). Figures that are embedded in the text are usu-
ally central to the topic of a paragraph; the marginal figures are usually
either for clarification, to show typical data, or for general interest. New
terms that you should remember are usually boldfaced and followed by a
short definition.

For some topics I have placed either introductory material, or more-complex
material — often with math — into Optional Boxes. If you're fairly new to
human genetics, you may choose to skip over advanced boxes without
losing the general thread; more sophisticated readers should use these for



deeper understanding.

The endnotes contain references to further readings, and sometimes ad-
ditional comments, caveats and exceptions, or expanded math. Again,
readers who are new to the field probably won’t need to bother much
with the endnotes, but advanced readers can use these as a gateway into
relevant literature. The endnotes also serve another purpose. As I write,
there is a pair of imaginary readers, one whispering into each ear. On
one shoulder, an imaginary student prefers general principles and overall
clarity. But on the other shoulder, a specialist grumbles about the many
simplifications and exceptions. Some of the endnotes are written to try to
cut down on those grumbles.

The material is somewhat cumulative from the first chapter onward, so
for example when we’re talking about complex traits there are a couple
of points where it will be helpful to recall the models of purifying and
stabilizing selection. But this overlap is small enough that you'll be ok
dipping into particular sections or chapters if you prefer ©.

Thanks. The structure of this book descends, with modification, from
a class for first-year graduate students that I co-taught with Anna Di
Rienzo at the University of Chicago from 2002-2013. Since 2013 I have
taught elements of this in a variety of classes at Stanford University, at
both the undergraduate and graduate levels.

I have learned so much from my many wonderful mentors, colleagues,
and trainees over the years, much of which is reflected here. Although
there are too many of you to list, I am grateful to you all. I got excellent
feedback on rough drafts from many people, including Molly Przeworski
and Doc Edge who both read the manuscript twice, additional early ad-
vice from John Novembre, Aylwyn Scally, Jenny Tung; also the Edge Lab
(Feriel Ouerghi, Shirin Nataneli, Obadiah Mulder, Dandan Peng, Josh
Schraiber), the Pritchard Lab (including Alyssa Lyn Fortier, Roshni Patel,
Clemens Weiss, Margaret Antonio, and Tami Gjorgjieva), the students of
Bio/Gene 247, and Matteo Floris, Guy Sella, Emanuel Goncalves, Vince
Buffalo, Ajay Nadig, George Davey-Smith, and Faith Okamoto. I thank
the readers for many excellent suggestions, including many that I was
not able to implement in this release. And needless to say, any mistakes
are my own. Thanks to Lily Leung for getting permissions for use of the
copyrighted images. And, of course, I thank my family for their support
in all things.

Closing comments. This is truly an age of discovery in biology, and in hu-
man genetics in particular. Every week, fantastic new research papers come on-
line in preprint servers and scientific journals. There is an awesome logic and
beauty in genetics, and my greatest hope is that this book will communicate some
of this to you.

¢ Although the material is somewhat
cumulative, you will probably be ok if you
prefer to focus on specific chapters or
sections to learn particular topics.



Part 1.

An introduction to human
genetics

In this first part of the book we cover a collection of topics that will be useful
background throughout. This includes

Chapter 1.1: A short list of helpful numbers to guide quantitative thinking
about many questions in human genetics.

Chapter 1.2: An overview of essential principles in genetics, and how these
relate to the human genome. Some of this will already be familiar to
many readers, but the genomic perspective is not usually covered in this
way in introductory classes.

Chapter 1.3: An introduction to human genetic variation: the types of vari-
ation, how we quantify variation, and an introduction to how variation af-
fects phenotype. Understanding genetic variation will be the central theme
of this book.

Chapter 1.4: DNA sequencing is the fundamental tool for studying genomes,
and it’s important to understand basic principles about the types of se-
quencing and the types of data we can collect.

Chapter 1.5: All genetic variation arose in the past through mutation. We
provide an overview of mutational processes and rates, emphasizing topics
that are relevant for human genetics.



1.1 Some Very Useful Numbers for human population genetics.

When you're thinking about genomes and genomic data it’s often useful to have a sense of rates and scales.

Genome properties.

Genome size: 3.1 Gb (haploid size).

Number of chromosomes: 23 pairs

Number of coding genes: ~20, 000

Exons per gene: 8 (median)

Number of genes per megabase: 6.5 (mean)
Total in protein-coding exons: 1% of genome
Total in genes (introns+exons): 40% of genome
Active chromatin (per cell type): 1% of genome
Active chromatin (all cell types): 13% of genome

Length scales. (Orders of magnitude.)
Transcription factor binding site: 10 bp
Enhancer: 100 bp — 1 Kb

Exon (coding): 150 bp

Coding length per gene: 1200 bp (median)
Intron: 1 - 50 Kb

Gene (pre-mRNA): 10 - 100 Kb

Extent of LD: 10 Kb — 1 Mb (varies by locus & population)
Enhancer—promoter interactions: 1 Kb — 1 Mb
Chromatin topological domains (TADs): ~1 Mb
Chromosome lengths: 47 Mb — 250 Mb

Genetic variation.

Heterozygosity: 0.5-1.0 x 1073 (varies by population)
Human-Chimpanzee divergence: 1.4 x 1072

Number of common SNPs: ~8 million (at > 5% MAF in global sample)
Number of SNPs for genome-wide SNP tagging: ~1 million

Fst between populations: ~0.10-0.15 between continents

Population genetic parameters.

Mutation rate per generation: 1.3 x 1078 per basepair (at parental age 30)
Mutation rate per year: 4.0 x 1071% per basepair

Number of mutations per child: ~70

Recombination rate: 1.2 centiMorgans per Mb (mean, sex-averaged)
Cross-overs per egg: ~42

Cross-overs per sperm: ~26

Effective population size: 10,000-20,000 (H/4pu)

Timescales of population divergence. (Take with grain of salt)
Human to chimpanzee: 6.5 MY

Human to Neanderthal/Denisovan: 600 KY

Deepest human population splits: ~200 KY

Out-of-Africa migration: 65-100 KY

Deepest non-African splits: 65 KY
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Notes and References.

'Here’s an excellent book-length treatment of this topic, with a focus on cell biology, free online [Link]:
Milo R, Phillips R. Cell biology by the numbers. Garland Science; 2015


http://book.bionumbers.org

1.2 A genome owner’s starter pack.

A whirlwind introduction to some essentials of the human genome. We empha-
size the core function of the human genome as a physical device for storing and
replicating biological information.

A short history. Genetic concepts, and genetic data, are so ubiquitous in
modern society that it’s easy to forget how recent our understanding of
genetics really is.

The origins of modern genetics trace back to the 1850s, when a Moravian
monk, Gregor Mendel, used pea plants to learn the most basic rules of
genetic inheritance. Mendel’s work was published in an obscure jour-

nal from Brno (now in the Czech Republic) and was ignored until main-
stream scientists rediscovered his manuscript in 1900, thereby kicking off
the scientific study of genetics. Thus, genetics had a late start compared
to many other scientific fields: for example, cells were first described by
Robert Hooke in 1665, and Isaac Newton’s theory of universal gravitation
was published in 1687.

During the 20th Century, geneticists worked out the basic nuts and bolts
of inheritance: phenotypes, mutations, chromosomes and linkage; next,
the biochemistry of DNA, RNA and proteins; and ultimately most of the
major principles of molecular genetics. Meanwhile, in human genetics,
early researchers had learned that certain genetic diseases, like cystic fi-
brosis or Huntington’s disease, are caused by Mendelian mutations in
single genes, and by the 1980s they had started to map the genes that are
responsible.

At the same time, there was growing realization that most of the ways
that humans vary from one another — think of traits like height or weight,
diabetes or schizophrenia — are influenced by small contributions from
many genes, as well as environmental factors. Last but not least, they had
already developed much of the theoretical framework that we use to un-
derstand human population genetics today. All of these pieces are central
to our story here.

Thus, by the start of the 21st Century, most of the fundamental building
blocks of molecular biology and genetics were in place. And yet, at the
same time our viewpoint was limited by bottlenecks in measurement:
most notably DNA sequencing. The last two decades have seen a revolu-
tion in all kinds of biological measurement, but especially of DNA geno-
typing and sequencing.

Until very recently, it was extravagantly expensive to sequence human
genomes: the Human Genome Project completed the DNA sequence for
a single genome in 2003, at a cost of $3 billion *. With newer, highly ef-
ticient technologies, the cost to sequence someone’s genome is now well
under $1000. These technical advances have ushered in a revolution of
human genetics. As of 2022, hundreds of thousands of people have had
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Figure 1.1: Congratulations on your brand-
new human genome! Your custom-made
genome has been synthesized for your exclu-
sive use following 4 billion years of evolu-
tion. Lucy Pritchard



their genomes sequenced for research or medical applications. Mean-
while, genome-scale data (SNP genotypes) have been collected for tens
of millions of people.

In research settings, high-throughput sequencing is now a universal rou-
tine tool. Sequencing has enabled major new insights into the genetic ba-
sis of inherited traits, and cancers. Ancient DNA sequencing has revealed
important new storylines about the origins and evolution of modern hu-
mans. Genome sequencing has also revolutionized our ability to study
the functions of genomes including our ability to measure which parts of
a genome are active in any given cell type. We'll touch on all these topics
in later chapters.

The new technologies have also allowed the general public to interface
with genetic tools for the first time: millions of people have sent their
DNA samples to personal genetics companies that promise insights into
customers’ family trees, their ancestries, and perhaps even their genetic
predispositions. DNA forensics has become an essential part of the crim-
inal justice system, connecting suspects to crime scenes (or exonerating
them), and recently using genetic genealogy tools to solve a large num-
ber of “cold” cases that had been unsolvable by traditional methods. The
use of genetic data in medicine is steadily increasing: millions of moth-
ers have received prenatal genetics screening to provide early detection
of chromosomal abnormalities; genome-sequencing is now an important
tool in cancer treatment; we are on the cusp of genetic prediction in clin-
ical medicine; techniques like genome-editing with CRISPR and cellular
reprogramming promise to transform the role of genetics in medicine.
And of course, many aspects of genetic research came together to enable
the rapid development and approval of mRNA-vaccines against COVID-
19 in 2020.

Genomes, inheritance, and variation. Most of the topics above relate to
human genome variation, which is the focus of this book. To understand
genetic variation, it’s first helpful to think about the genome as a device
for storing data, and encoding biological functions. The data stored in
your genome (or mine) are inherited from our species’ shared ancestors
in Africa, via many thousands of generations of mutation, genetic drift,
and natural selection. Looking further back into history, your genome is
also inherited, albeit with massive modifications, through billions of cell
divisions from single-celled ancestors that lived near the beginning of life
on earth, some 4 billion years ago.

In the next sections, we look at how DNA stores and encodes biological
information 2.

The DNA molecule. Your genetic data are stored using a molecule
called DNA, short for deoxyribonucleic acid.

The DNA molecule is shaped like a twisted ladder. Each side of the lad-
der is called a strand, and is made up of four different kinds of chem-

& Parts of this introductory chapter
may be familiar to you already, so feel
free to skip over those!
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ical building blocks called bases: namely A, C, G, and T (for adenine,
cytosine, thymine and guanine). Along each strand, the bases are linked
together by a chemical backbone. A base plus its chunk of backbone is
called a nucleotide. The distinction between base and nucleotide is not
especially important for us here, and we’ll use the terms somewhat inter-

changeably.

The two strands of the DNA molecule fit together with what’s called
complementary base-pairing: specifically, A on one strand is always matched
with T; and C with G. This means that we can have four kinds of rungs:

A:T and T:A; C:G and G:C, depending on which base is on which side of

the ladder. One rung of the ladder-i.e., 2 bases from opposite strands—is
called a base-pair.
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Another key feature of the strands is that they have a natural direction— o3
analogous to how we always read English from left to right. Each nu-

cleotide is asymmetric, with a so-called 5’ side and a 3" side (pronounced  gigyre 1.2: The nucleotides fit together to form
“5-prime” and “3-prime”). In a DNA strand, all the 5’s are oriented in the complementary strands of DNA, like a twisted
same direction, so we can label one end of a strand as 5’, and the other ladder. Some of the nucleotides shown in the

end as 3. Meanwhile, the other strand of the helix is oriented in the op- Zee’;gfgifsr;gf;sz;fu’z:i’j fgg'z;gz:hg:nz emn

posite direction. be encoded on either strand, but always in a 5’
— 3" direction on the relevant strand.
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Again, similar to English which is always written left to right, everything
important in genetics happens 5" to 3°. DNA replication occurs 5" to 3.
And the copying and decoding of genes — transcription and translation
—1is from 5" to 3”. Genes can be encoded on either strand, but since the
two strands of a double helix are oriented in opposite directions, genes
encoded on one strand are oriented opposite to genes encoded on the
other strand.

23 pairs of chromosomes. The DNA in your genome is organized into

chromosomes. You have 23 pairs of chromosomes—you got one copy of

each chromosome from your mum ®, and one from your dad for a total b In this book, we'll generally use terms

of 46. That includes 22 regular pairs, creatively named Chromosome 1 relating to sex and parental relationships as
to Chromosome 22, roughly in order of size, as well as the sex chromo- a shorthand for referring to biological sex
somes X and Y: biological females have two Xs; males have an X and a Y. and genetic rglatzqnsh ps, wﬁzle noting ‘th a;
The smallest chromosome is actually 21, and not 22, because early studies these terms simplify a complicated reality >.

put them in the wrong order, and the original numbering has been kept.

Chromosomes 1-22 are referred to as autosomes when we want to dis-
tinguish them from the sex chromosomes. The two copies of each chro-
mosome pair are referred to as homologous chromosomes, or simply
homologs for short.

Altogether, you have about 3.3 billion base pairs of DNA from each par-

ent: 6.6 billion total in every cell. If we laid out the DNA from a single ¢ Your body contains ~4o trillion cells,

cell in a straight line, it would be over 2 meters long © 4. Obviously the nearly all of which carry a copy of your

DNA is not stored in a straight line: instead it’s wrapped around small ~ §enome. If we stretched out all the DNA

balls of protein called nucleosomes, much like spools of thread. The from all your cells end to end, it would span
. . . across the solar system!

spools themselves are also packaged in an orderly fashion, to fit the whole

lot into the cell’s nucleus. Together, this highly compact DNA-protein

packaging is referred to as chromatin, and is the default state for our

10



genomes. If you do need to read part of your genome, you'll briefly un-
spool the bit that you need.

DNA is the world’s greatest data storage device. The central role of
DNA is to store biological information. Chromosomes are long strings

of A, C, G, and T that encode information, sort of the same way a book
does, but using 4 letters instead of 26. In a minute, we’ll talk about how
this information is encoded, but for right now, just pause for a moment
to think about the fact that this book of 6 billion base pairs provides com-
plete instructions for all the proteins needed to make each of your cells—
and in fact all the proteins you need to assemble a complete person.

As a loose analogy you can think of an organism’s genome as being like
the computer code (operating system and software) that controls a com-
puter. If you want to make a human or a dog, a worm or a melon, you
need to input different strings of DNA. And like computer code, which
relies on computer hardware (your phone or laptop) to produce a phys-
ical output, a genome relies on elaborate cellular machinery that reads
it and interprets it to produce biological functions. Later we’ll also talk
about the important role of environment in shaping phenotypes.

DNA is an incredibly impressive storage system. If we put this in terms
of data storage on a computer, a single human cell carries the equivalent
of about 1.5 Gigabytes of computer data 4! (In computing, a bit is a single
binary digit that is either zero or one; the basic unit of data storage is a
byte, which is 8 bits. Since DNA has four possible letters, each base pair
is the equivalent of 2 bits, and 4 DNA base pairs carry one byte of data.)
So just a few hundred cells carry as much data as your phone — though to
be fair, it’s the same information repeated in every cell. At the same time,
cells are so small that you could actually fit about 100 million cells inside
a standard phone.

Indeed, DNA is such an efficient and stable storage system that there is

a line of research on how to use DNA to store digital data. DNA is far
more compact than computer storage systems, but currently much slower
and more expensive for humans to read or write DNA compared to con-
ventional systems 3.

The genomic encoding of biological information. For biological sys-
tems, the importance of DNA is that it encodes biological information.
One major challenge in genome science is to be able to read the encoded
information. What does each of the 3.1 billion base pairs do — if it does
anything at all? What would be the impact of a mutation that changes
any specific part of the genome sequence?

Soon after the Human Genome Project was completed in 2003, at a cost
of 3 billion dollars, one project leader, Eric Lander, famously gave this
terse summary of the challenges ahead °:

“Genome. Bought the Book. Hard to read.”
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4 Not only is DNA storage physically com-
pact, but it might also seem surprising that
the information content of a diploid human
genome is also modest compared to modern
computing systems, at just 1.5 gigabytes.
For comparison, the iPhone operating sys-
tem is somewhat larger at 2-3 gigabytes,
depending on version.



You can think of the genome as encoding two main types of information:
The first kind of information is contained in genes. A gene is a stretch
of DNA that encodes a protein. (A small fraction of genes encode func-
tional RNAs instead of proteins, but the principles are similar.)

The second kind of information tells each cell how much of each pro-
tein to make. This is referred to as gene regulation, and is also critically
important. For example, the differences between a liver cell, a neuron, or
a muscle cell are mainly due to precisely-controlled differences in gene
regulation across these cell types.

As we’ll see shortly, these two types of information are encoded very dif-
ferently. Genes encode proteins using a very simple format where each
successive block of 3 nucleotides specifies an amino acid.

In contrast, gene regulation is controlled by molecular interactions be-
tween DNA sequences and cell-type specific proteins. The language of
gene regulation is both highly complex, and highly context-specific: a
particular sequence may be interpreted as an important regulatory re-
gion in a liver cell, and completely ignored by a neuron. Consequently,
while the general principles of gene regulation are fairly well understood,
it is still a difficult research problem to predict how a particular DNA se-
quence will be interpreted in any given cell type. Luckily, it's possible to
create accurate maps of regulatory regions using a variety of experimen-
tal assays.

Genes and the encoding of proteins. Each gene stores the instructions
to make a particular protein. If DNA is the information storage device in
cells, proteins are the molecules that actually get things done. Much of
biology is controlled by different proteins doing different kinds of jobs in
cells. (I don’t mean to trash-talk the other essential biomolecules, such as
lipids — but they are not directly encoded by the genome, and will be a
much smaller part of this book’s story.)

Even though proteins perform a huge variety of different jobs, they are
all made up of the same basic building blocks. These building blocks are
small molecules called amino acids. Your genome encodes 20 different
amino acids, which can be joined together in any order to make a pro-
tein. What a protein does is determined by the specific order, and num-
ber, of its amino acids. Proteins vary greatly in size, but the average pro-
tein in humans is about 400 amino acids long.

Unlike DNA, proteins fold into an enormous diversity of shapes, depend-
ing upon their amino acid sequences, and this is part of what determines
their biological functions. There is a major field of biology devoted to
measuring, and even predicting, 3-dimensional protein folding, and how
each protein interacts with other molecules in cells 7.

The genetic code. DNA specifies proteins using a simple code, in which
a nucleotide sequence along one strand of the helix encodes a sequence
of amino acids.
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Figure 1.3: Example of a protein structure.
Most of your genome (DNA shown here in black)
is wrapped around protein complexes called nu-
cleosomes (colors), like thread on spools. Credit:
Zephyris CC BY-SA 3.0 [Link]


https://commons.wikimedia.org/w/index.php?curid=5975935

Remember that DNA is made up of 4 letters: A,C,G,T. So how does DNA
encode the 20 amino acids? Just like words in a book, we need more than
one letter to encode each amino acid. If we used pairs of adjacent letters
(here we mean adjacent on the same strand of the helix), there would be
42 = 16 possibilities: AA, AC, AG, AT, CA, CC, CG, CT, GA, GC, GG,
GT, TA, TC, TG, TT. Hmmm. That still isn’t enough to code for 20 amino
acids. So we're going to need three adjacent letters for each amino acid,
as that gets us to 4> = 64 possibility combinations. So for example, AAA
in DNA codes for the amino acid Lysine in the corresponding protein.

Now that gives us 64 combinations when we only really need 20. So what
does the cell do with the 44 extra triples? Well, three triples, TAA, TAG,
TGA, are STOP signs, marking the end of the protein. And beyond that,
there is redundancy, so that most amino acids are encoded by multiple
triples: eg TGT and TGC both code for the amino acid Cysteine. The
other special signal is ATG, which signals as a START sign when it occurs
at the beginning of a protein. ATG also encodes the amino acid Methion-
ine. Each block of three nucleotides is called a codon.

Figure 1.4: The genetic code: this shows the
THE GereTic encoding of DNA triplets for amino acids. The
CodE 2ND LETTER 64 possible DNA codons are shown in black, and
T C A G the corresponding amino acids are shown in blue
using their abbreviations. ATG signals both the

TTT TCT TAT TET T protein START and the amino acid Methionine.
TTC Phe | 1. c TAC Tor | 4 € Cys C TAA, TAG, and TGA are protein STOP codes.
T lrra Tca |5 | Tan TeA| sTor | A . o
TG Leu TCe Tae STof Te6| T c Abbreviations for the amino acids:
P . .o .
Ala: Alanine; Arg: Arginine; Asn: Asparagine;
(sT CTT ceT CAT Hig CeT T 3rp Asp: Aspartic Acid; Cys: Cysteine; Glu: Glu-
LETTER C cTC Lea | €€ Po |€ AC cec |, C LETIER  tamic Acid; Gln: Glutamine; Gly: Glycine; His:
CTA CCA CAR el CGhA 3 1A Histidine; Ile: Isoleucine; Leu: Leucine; Lys: Ly-
CTG ClG& CAG “cee G sine; Met: Methionine; Phe: Phenylalanine; Pro:
ATT ACT AAT - AGT o T fro}lline.; ]S"er.: ?erin?; Th‘; l?"l‘z;’elqnine; Trp: Tryp-
A atc| Tie | acc|p,, | Anc AeC c ophan; Tyr: Tyrosine; Val: Valine.
ATA ACA ARA L AGA A A
ATG PCG anG| 7 laee| "3 |6
GTT GCT GAT 66T T
6TC ¢cc| . |GAC e | cec e €
G leral Vel [gea| M| can son| 3 |A
cTé Gee eAc | ™ |ees &

This code for translating from DNA to protein is called the genetic code.
It’s interesting that this code is nearly identical in all living things. For
example, most bacteria have exactly the same code as humans. There is

no fundamental reason why AAA should encode the amino acid Lysine-
it just started that way in the first cells to evolve a genetic code, and has
been inherited throughout the tree of life ever since, during the last 4
billion years of evolution. Notable exceptions to the “universal” genetic
code can be found in the tiny genomes carried by our mitochondria, which
encode four of the codons differently 8.
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Once we know the genetic code, the encoding from DNA to protein is re-
markably simple: it starts with ATG, and then every successive 3-nucleotides
encodes a single amino acid until we reach the first STOP. (There’s a mi-

nor complication, which we’ll get to shortly, that blocks of DNA called
introns are removed before the protein is decoded.)

DNA SEauence Figure 1.5: The encoding from DNA to
protein. The amino acid sequence is interpreted
« S ACCENTEACACAC .- AT TFacac—z as starting from the first ATG and continuing
‘ ? by threes until the first STOP codon. The DNA
7 \l T V sequence shows the coding strand only.

~The~—Hig~ - ~Tle SToP

ENcCoded /—9

ProTEIN

You can imagine that this encoding is fragile, in the sense that just chang-
ing a single nucleotide can potentially alter the protein almost completely:
for example a mutation that introduces an early stop signal will cause

the protein to be immediately terminated; similarly, insertion (or dele-
tion) of a single nucleotide would cause the reading frame of the protein
to shift and, from that point on, to encode a completely different amino
acid sequence. As we will see in future chapters, both of these types of
mutations do occur: they generally cause complete loss-of-function of

the affected protein, and depending on the protein, they are often highly
deleterious.

DNA — mRNA — Protein. DNA is not interpreted directly into protein,

but instead it is first copied into an intermediate called messenger RNA

(mRNA). RNA is a molecule that is very similar to DNA, but it is usually

only one strand of the helix, and is less chemically stable for long-term

storage ©. Note that RNA uses a base called Uracil (U) everywhere that ¢ Even though RNA is less stable than
DNA uses Thymine (T). This flow of information from DNA — mRNA DNA some viruses, including HIV and

— protein is known as the Central Dogma. the virus that causes COVID-19, use RNA
as their main storage molecule instead of
Transcription. DNA is stored within the cell’s nucleus. In order to make pnA.

a protein, your cell unwraps the bit of the genome that encodes that gene,
and makes mRNA copies of the DNA. This process is known as transcription—
meaning copying.

Translation. mRNA copies are then transported out of the nucleus into
the cell’s cytoplasm, where molecular machines called ribosomes assem-
ble proteins, using the mRNA sequence as a template. This process con-
verts the biological information from the four-letter alphabets of DNA
and RNA into the twenty-amino acid alphabet of proteins. This process is
known as translation, reflecting the conversion from one type of informa-
tion (DNA/RNA) into another (protein):

14



RNA PROTEIN

DNA

TRANSCRIPTION | TRANSLATION

> >

ACGT AC,G WU 20 AMINo ACips

At this point I should confess that despite the grandiose title of the Cen-
tral Dogma, a small fraction of genes don’t seem to know about this rule,
as they produce functional RNAs instead of proteins: for example, some
RNA genes encode essential components of the ribosome, and another
RNA gene is responsible for inactivating one of the X chromosomes in fe-
males 9 '°. You may be getting the (correct) sense that virtually every rule

in biology has exceptions!

Gene structure: UTRs, Exons, Introns, and Splicing. So far, we've been
talking about the part of an mRNA that encodes a protein. But this is ac-
tually embedded in a much larger transcribed region.

Transcription begins from a location called the Transcription Start Site,
and terminates at the Transcription End Site. The initial immature tran-
script is referred to as a pre-mRNA.

Almost immediately (usually starting during transcription), another key
process takes place, in which regions called introns are spliced (cut) out
of the pre-mRNA to produce a shorter, processed mRNA. After being cut

out, the introns are trashed, and the nucleotides are recycled. As we'll see

shortly, introns are usually much longer than exons, and the final mRNA
is usually just a few percent of the initial pre-mRNA **.

DNA TRANSCR\PT 10N TRANSCRIPTION
— START EnND
' ({ TRANSLATON TRANSLAT 0N f
s START END N 2’

[NTERgENIC
REE&ION

ExXdoN TIwNTeoN

S'uTR 3 utrR
v
mRNA L @
r— fi cobiveg '
SUTR  “cgougnee 3'UTR
ProTeEIN %]g

The final, processed, mRNA is transported from the nucleus into the cy-
toplasm, where translation takes place. The translation machinery finds
the first available start codon (ATG): this is the Translation Start. It then
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Figure 1.6: The flow of genetic information.
DNA provides permanent information storage
for cells; mRNA serves mainly as a temporary
molecule, used as a template for translation; pro-
teins are highly versatile molecules that perform
a wide range of functions. As shown below, the
three molecules use different alphabets.

Figure 1.7: A typical gene structure. Tran-
scription initially includes 5" and 3" UTRs, cod-
ing exons, and introns. The introns are rapidly
removed to create the processed mRNA, prior to
translation. This is not drawn to scale: typi-
cal introns are 10x to 100x larger than exons.



proceeds until it finds the first in-frame STOP signal: the Translation
End. The regions upstream and downstream of the coding region are
known as the 5" and 3’ Untranslated Regions (UTRs). The UTRs often
contain information that is used to target the mRNA to particular loca-
tions in the cell, or for other forms of regulation.

One advantage of splicing is that it is possible to make different protein
products from the same gene, by including or excluding different combi-
nations of exons, or by using different splice sites. This is known as
alternative splicing, and the different protein products are called iso-
forms. For some genes, distinct isoforms are critical for creating func-
tional diversity of proteins from the same transcripts **.

Splice site specification. Given that the exons are joined together from a
much longer pre-mRNA, this immediately raises another question: how
does the splicing machinery know where to cut? What marks the posi-
tions of the exon-intron boundaries?

This information is encoded in the DNA (and hence the pre-mRNA, which
is what the splicing machinery is actually interacting with) using a vari-
ety of signals. First, the splicing code requires a GT at the start, and AG

at the end of nearly all human introns (GU and AG in the pre-mRNA).

As we'll see in Chapter 1.3, any change in the GT or AG forces splicing

to occur at another position — this can dramatically change the encoded
protein and can have devastating consequences.

DNA TInNTROAN Figure 1.8: Correct splicing relies on posi-
e /Tum-f 1o NS, tioning signals encoded in DNA. The figure
' indi j 1 1 j .
s'—ecTAC A C& g g GAC—3' indicates mt.romc‘ nucleo/tzdes wth lower case
—_ — text. Mutations in the 5" gt or 3" ag of the intron
SPLICED / disrupt splicing and often result in a nonfunc-
mRNA -GUA CAC GAC- tional protein. T in DNA is U in RNA.
ProTem — VAL—HIs —AS?P —

But of course, there are many GT and AG sites in a typical intron (each
of these occurs roughly once every 16 base pairs). So in addition to these
required features which help to position the precise splice site, the exon
positions are also indicated by a combination of weaker sequence-based
signals, where no single nucleotide is fully required for correct splicing:
for example the region upstream from the AG usually contains Cs and
Ts, as well as an upstream A that is involved in cutting out the intron but
can occur at variable distances. These, and other, signals help to position
the splice site.

These weaker signals that help position splicing events are very differ-
ent from the simple and precise algorithmic rules that encode proteins;
instead they are more similar to the sequence elements that control gene
regulation — which we’ll discuss next. The goal of understanding the de-
terminants of splicing is an active research area, using both experiments
and machine learning 3.
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The encoding of gene regulation. Aside from coding proteins, there’s
a second kind of information stored in DNA. This information tells a cell
which RNAs and proteins to produce, and in what quantities. The pro-
duction of specific RNAs and proteins is called gene expression and the
controls of expression are called gene regulation. Gene regulation is en-
coded in the genome, and it turns out that the encoded regulatory infor-
mation is just as important as the protein-coding sequences themselves.

To understand why gene regulation is so important, it’s helpful to re-
flect on the fact that we are immensely complex multicellular organisms.
Think about all the different types of cells in a human body: skin cells,
heart cells, liver cells, neurons, sperm and eggs, and hundreds of others.
These cell types do very different jobs, and look different under a micro-
scope. It turns out that every cell type also expresses a characteristic port-
folio of mRNAs and proteins — and this portfolio is a large part of what
gives a cell type its identity.

Moreover, cells must produce mRNAs and proteins in very precise pro-
portions (a bit like mixing ingredients for baking). Consistent with this,
many genetic diseases are caused by disruptions in the relative propor-
tions of expressed genes 4.

So how is this precise regulatory information encoded in the genome?
And, even more strikingly, how does a cell know whether to express
the portfolio of genes required for a liver or a neuron or a muscle, even
though every cell carries essentially the same genome?

To understand these questions, we first need to detour into some brief
details about how gene regulation is encoded in the genome.

The major focus of gene regulation is on controlling transcription.
Genes are copied into mRNA - i.e., transcribed — by a protein machine
called RNA Polymerase II (Pol II to its friends, pronounced “pol-2”).
Prior to transcription, Pol II assembles in a region of DNA at the start of
the mRNA, known as the promoter. The assembly is guided by a set of
additional proteins that, along with Pol II form a so-called Pre-Initiation
Complex within the promoter region. Once Pol II has been assembled at
the promoter, it attempts to initiate transcription; if that is successful, Pol
IT then chugs along the gene, at a speed of ~2 kb/minute *> to produce
an mRNA copy of the DNA .

TRANSCRIPT 10N

TEMPLATE —
vliw\\niv'c|||;v,_,‘ N
ENA CorY

We'll skip over many interesting details about the molecular biology of
transcription — but for our story here, the key question is to think about
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Figure 1.9: Gene regulation controls the
differentiation of cells into many distinct
types. In this image, two types of neurons in
mouse cerebral cortex are stained red and green,
depending on whether each cell produces GABA,
a key neurotransmitter. Credit: Fig. 6F of Wei-Chung Allen

Lee et al (2005); [Link] Creative Commons License.

Figure 1.10: Transcription: RNA Pol II makes
an mRNA copy of the DNA. Gene requlatory
information is responsible for controlling tran-
scription rates of each gene in specific cell types
and conditions.


https://journals.plos.org/plosbiology/article?id=10.1371/journal.pbio.0040029

the DNA sequences that direct transcription. Crucially, how do DNA se-

quences position the pre-initiation complex? This determines where tran-
scription will start. And how do DNA sequences control the rate of Pol II

assembly and transcription '7?

These decisions are guided in large part by proteins called transcription
factors (TFs). Most TFs have a DNA binding domain that attaches to
the genome at specific sequences (transcription factor binding sites) 5.

Meanwhile, other parts of the same TF can interact with other proteins to

help increase, or sometimes to repress, transcription. As an example, the
image below shows the molecular structure of a TF called AP-1, where
the purple region of the protein is bound to DNA:

TF binding usually takes place both within the promoter region itself, as

well as at more distant locations called enhancers. Enhancers are regions

of TF binding that are situated outside the promoter. When TF binding
occurs at the enhancers, the DNA can form a loop to bring the enhancer
into close physical contact with the promoter. These enhancer-promoter
interactions can be essential for assembling the Pre-Initiation Complex
which includes Pol II, prior to transcription:

ENHANCER

/ Po. T

?{{oMoTt&

Enhancers are often located quite far in DNA distance from the promot-
ers they regulate — usually at distances of tens of thousands up to a mil-
lion base pairs away, but loop around to create physical proximity.
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Figure 1.11: Transcription factor binding to
DNA. Most TFs have a DNA-binding domain
(shown here in purple); other parts of the protein
structure can interact with other proteins to
control transcription. Credit: Houq [Link] CC-BY-SA-3.0

Figure 1.12: Enhancer-Promoter interactions
help drive gene expression. Pol I assembles
in the core promoter prior to initiating transcrip-
tion. It is stabilized by protein-protein interac-
tions with TFs bound both within the promoter
and at distant enhancers. Promoter-enhancer
proteins may attach through protein bridges such
as the Mediator Complex.


https://commons.wikimedia.org/wiki/File:UM_chem505_1FOS_c-jun_,_c-fos_heterodimer.png

So what specifies the locations of transcription binding sites, and by ex-
tension, of promoters and enhancers? At positions where the protein
contacts the DNA directly, each TF has preferred binding sequences that
reflect physical interactions in the contact zone between amino acids in
the TF, and the nucleotides in the DNA. These preferred sequences are
called binding motifs — for example, the image below shows the pre-
ferred binding sequence, TTTGCAT, for the TF Octx:

cﬂu&'_-*_AIIJ_;é« - - e

However, these binding motifs are neither necessary nor sufficient to pre-
dict binding. First, even within TF binding motifs, most nucleotides are
not strictly required for binding. In the image above, the sizes of the let-
ters indicate the importance of each position for binding: the largest let-
ters, CAT, are found within most Oct1 binding sites, but the other po-
sitions are more variable. Second, since these binding motifs are quite
short, they are found found many times in the genome. Most TFs bind
only a tiny fraction of all the possible motif matches.

Instead, the specificity of TFs to bind in the correct locations is usually
controlled by combinations of factors binding adjacent DNA sequence el-
ements: for example, very often binding is stabilized when ensembles of
multiple TFs can bind in a small region '. The specific rules that control
TF binding are highly complex and vary across cell types; development
of computational tools for predicting TF binding sites is an important
research area where machine learning techniques have started to make
huge progress from around 2015 onward *°.

A related puzzle is that enhancers act by DNA looping to create physical
interactions with promoters. How do enhancers “decide” where to loop
to? While there is a tendency for enhancers to interact with the nearest
promoter(s), there are exceptions in which enhancers ignore nearby genes
in favor of regulating genes as far as a million base pairs away *'. The
controls of looping are poorly understood at present .

Cell type differences in regulation. Lastly, I want to touch briefly on a
remarkable feature of genomes. All of your many cell types carry essen-
tially the same genome, and yet they can interpret it differently to pro-
duce different portfolios of genes, and these give different cell types their
unique identities: for example T cells, or liver cells, or neurons.

The regulatory logic that I've described above starts to hint at how this
is possible. Cell type identities are controlled in large part by which en-
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Figure 1.13: Gene expression is largely con-
trolled by transcription factor (TF) binding
of DNA. The image shows binding of the Oct1
and Sox2 proteins to DNA (these two factors
often bind jointly). The letters below the plot
provide a graphical representation of which nu-
cleotides at each position are preferred for bind-
ing: larger letters are more important. Credit: Fig 30
from Ziga Avsec et al (2020) [Link] CC-BY-NC g.0.


https://doi.org/10.1101/737981

hancers are active (and hence which genes are expressed). Enhancer ac-
tivity, in turn, is controlled by combinations of transcription factors bind-
ing. The key point here is that different cell types express different sets of
TFs; thereby turning on (or off) different enhancers across the genome.

But how do cells “know” which TFs they should express? In embryonic
development, the earliest cells can produce any possible cell type, but

as the organisms develops, cells become increasingly specialized. This
specialization is controlled in large part by turning off embryonic TFs,
and turning on other TFs that are specific to particular cell lineages. The
lineage-specific TFs drive programs of gene expression that are appropri-
ate to the corresponding cell types.

In summary, the encoding of gene regulation works on very different
principles than the encoding of proteins. First, gene regulation is ana-
log (i.e., expression level is a continuous variable), unlike protein cod-
ing, which is digital (each codon sequence encodes exactly one protein).
Secondly, the encoding of expression is controlled by the aggregate ef-
fects of many nucleotides and is robust in the sense that single nucleotide
changes in the sequence generally have small effects on expression; in
contrast, single nucleotide changes such as premature stop codons can
completely break protein function.

In the last few pages we have discussed that two major categories of in-
formation stored in genomes include the encoding of genes (i.e., mainly
proteins); and the encoding of regulatory information (when and how

Figure 1.14: Waddington’s landscape
metaphor for cellular differentiation (1957).
Conrad Waddington imagined the increasing
specialization of cell types during development
as like a ball rolling down a slope. As it rolls

it makes random choices that restrict it to in-
creasingly narrow gullies; in cellular terms, we
can think of this as turning on lineage-specific
transcription factors that drive cell-type relevant
programs of gene expression.

much to make each protein). How is this information organized in our genomes?

Bloated genomes: the good, the bad, and the ugly. Remarkably, only
about 1% of the genome encodes proteins. A somewhat larger amount
codes for regulatory sequences — perhaps around 10% — although the
precise amount is uncertain due to the cryptic nature of gene regulatory
elements 3. But most of the remaining ~90% of the genome sequence
shows no clear evidence for biological function. What's there?

To start addressing this question, it’ll be useful to have a rough sense of
the landscape of genomes and functional elements.

Measurement units of DNA sequence. We'll often need to measure lengths

of DNA. The natural units of sequence length are in terms of base pairs
but it’s convenient to abbreviate different scales with different units (sim-
ilar to how we use milligrams, grams, and kilograms). So you'll want to
remember that:

e 1 bp = 1 basepair

e 1 Kb = 1 kilobase = 103 bp

e 1 Mb = 1 megabase = 10° bp

e 1 Gb = 1 gigabase = 10’ bp

Chromosome sizes. The human genome is about 3,100 Mb = 3.1 Gb.
Most cells have two copies of the genome (one from mum and one from
dad), so that’s a total of 6.2 Gb. The chromosomes range in size from 250
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Mb (Chromosome 1) down to 47 Mb (Chromosome 21). The mitochon-
drion has its own genome, contained in a small circular molecule of 16
Kb. For comparison, the genome of SARS-Cov2, the virus that causes
COVID-19, is about 29.9 Kb.

Gene numbers and sizes. Meanwhile, the genome contains about 20, 000
protein-coding genes ! (estimates range from about 18,000-22,000 de-
pending on how strict the criteria are that each gene is translated and/or
functional). This works out, on average, to about 6.5 genes per Mb, al-
though the distribution of genes is highly uneven.

To give you a sense of scale, the median length of a protein-coding gene,
including introns, is 27 Kb *4. Meanwhile, the coding length is much
shorter, with a median length of 1.2 Kb (400 amino acids). A typical gene
has 8 exons, and the median size of a coding exon is 122 bp. Introns are
more than ten-fold longer, with a median size of 1,600 bp, and a mean of
6,300 bp. Coding exons and UTRs occupy only about 2.5%, each, of the
average pre-mRNA before splicing.

You can see an example of a genome region, in a screenshot from the En-
semble Genome Browser. Known protein-coding genes are marked in
orange. The vertical bars and boxes are exons or UTRs; horizontal lines
are introns. Other possible genes are marked in grey and purple (in prac-
tice most of these are likely nonfunctional) 5. This region is fairly typical,
except that the gene density is about twice the genome average.

A. Overview of chromosome 10
-il pis WJEM | >«

B. Expanded view of 580 kb region. Protein coding genes in orange.

£ Before the human genome was completed,
most genome scientists expected that there
would be many more genes. In the year
2000, the British scientist Ewan Birney
organized a betting pool to guess how many
genes there would be. The mean guess was
over 60,000; the winner was Lee Rowen
who had the lowest guess (24,800) out of
more than 460 bets [Link].
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Figure 1.15: Genome browser view of the genome. Screenshots from the Ensembl Genome Browser show a gene-dense re-
gion around IL2RA (an important immune gene). A. The IL2RA region is marked by the red box at the left end of the chromosome.
B. Coding genes are marked in orange. ">" or ‘<’ mark the direction of transcription of each gene (i.e., whether it is coded on the
forward or reverse DNA strand). C. Expanded view of two possible transcripts at IL2RA. Coding exons and UTRs are marked by

filled/open boxes respectively.

Source: Ensembl browser [Region][Transcripts]

So if only about 1% of the genome is protein coding, and a small fraction
of the rest (~10%) encodes regulatory information, then what is all the
rest of the genome doing?
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Remarkably, most of the genome doesn’t have any clear function.

Indeed about two thirds of the genome is made up by repetitive DNA:
short sequences of hundreds to thousands of base pairs that are repeated
many times in the genome. A few of these repetitive elements are in-
volved in gene regulation, but most don’t do anything useful for you.

In fact they are sometimes referred to derisively as “junk DNA”. (These
elements really need to hire a better PR team.)

The single most common repetitive element is a 300 base pair sequence
called an Alu element, which occurs about 1 million times in the genome!
In other words, about 10% of the storage space of the human genome is
given up to recording Alu elements — this about 10 times as much space
as we devote to storing all genes.

Alu is a type of transposable element (TE). TEs are DNA elements that
can copy themselves and reinsert elsewhere in the genome. They are usu-
ally considered selfish DNA, meaning that they proliferate due to their
ability to replicate, while having little or no value to the host genome —
in short, they are genome parasites. In the case of Alu, it first infected

the genome of our ancestors about 65 million years ago, and has been
wildly successful in spreading itself around the genome since then. In
some cases Alus and other repetitive elements have evolved new func-
tions, but most are essentially inert elements. These must be copied every
time a cell divides, but most do not contribute to genome function.

It is outside our scope but there is fascinating work on mechanisms that
have evolved to prevent transposable elements from spreading in the
genome, and the ways that TEs evolve to evade those mechanisms 2°. At
the same time, there is great work on TEs that have been “domesticated”
by host genomes to serve as protein domains or regulatory elements 7.

Genome sizes and TEs. The genome sizes of different organisms vary
enormously, as you can see in the table below. Notice the switch from
measuring genomes in megabases (Mb) to gigabases (Gb) partway through
the table. There’s about a 10, 000-fold difference in genome size between

E coli and Axolotol, even though the numbers of genes varies by less

than a factor of 10.

Organism ‘ Genome Size | Number of genes Table 1.1: Haploid genome sizes
. . for representative organisms. No-
E. coli ('bjacterlum) 5 Mb 4,000 tice the enormous range of genome size
S. cerevisiae (yeast) 12 Mb 6,000 (by a factor of ~10%), while gene num-
C. elegans (nematode) 101 Mb 20,000 bers vary by less than a factor of 10. The
A. thaliana (flowering plant) 135 Mb 27,000 largest genomes are cluttered with repeti-
D. melanogaster (fly) 175 Mb 15,000 tive DNA. Gene numbers are approximate
human 31 Gb 20,000 and are for protein-coding genes.
Picea abies (spruce tree) 20 Gb 28,000
Axolotl (salamander) 32 Gb 23,000

Naively, one might perhaps have expected that the genome-sizes of or-

22



ganisms would reflect their complexity. While it’s true that single-celled
organisms generally have smaller genomes and fewer genes than multi-
celled organisms, there is no very clear pattern of genome-sizes beyond
that. (It may not be entirely clear how to measure organismal complexity
but, for many of us, it might hurt our feelings to be told that axolotls are
ten-fold more complex than we are.) But actually a major determinant of
genome-size is how active TEs have been in each evolutionary lineage.

The inheritance of genomes. So far we’ve been talking about genomes
as a device for storing biological information. The next crucial feature is
that genomes can be copied to make new cells and new individuals.

In animals, there are two main forms of copying: mitosis, in which the
genome of one cell is essentially copied to produce two identical genomes;
and meiosis in which a diploid genome (two of each chromosome) is re-
duced to haploid (one of each chromosome) to create gametes prior to
fertilization.

Genome copying: mitosis. Your body started from a single fertilized egg
cell. Now that you're reading this, your body contains some 4o trillion
cells, each with nearly-identical copies of those original 46 chromosomes.
For organisms to increase their number of cells — and to grow in size —
the cells need to go through cell division.

In cell division, a “parent” cell divides into two “daughter” cells. The
parent cell copies each of its 46 chromosomes; then as the cell splits into ‘

. ! Figure 1.16: Human chromosomes, con-
two, each daughter cell inherits 46 chromosomes to match the genome of 54 during mitosis. credit: steion Dietzel. cC BY-5 5.0
the parent. This process of first copying, and then correctly distributing [Link]
the chromosomes into the daughter cells, is called mitosis (pronounced
“my-toe-sis”) 2.
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Figure 1.17: Mitosis. For simplicity, we just show one chromosome; red and blue indicate the two versions of that chro-
mosome carried by each cell (e.g., the chromosome that came from mum in red, and from dad in blue). The x-shaped struc-
tures in the middle of the plot show that both the red and the blue versions have been made into pairs of identical copies;
one red and blue copy is distributed to each daughter cell.

Genome reduction and shuffling: Meiosis. In contrast, we need a very
different type of cell division to make gametes (i.e., sperm and eggs).
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https://commons.wikimedia.org/w/index.php?curid=1369763

While ordinary cells carry 2x23 chromosomes, the gametes only carry
1x23. This is so that when sperm and egg fuse, the fertilized egg have
pairs of each chromosome like a regular cell: i.e., 2x23. The process of
halving the chromosome numbers to make gametes is called meiosis
(pronounced “my-oh-sis”).
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Figure 1.18: Meiosis. Meiosis starts with DNA copying to make four copies of each chromosome. Next, these come to-
gether to exchange pieces: recombination. Then, two stages of cell division result in four gametes, each with one copy of
each chromosome. As above, we show one chromosome: red is the version of that chromosome inherited from mum, and
blue the version from dad. In females, only one of the four resulting cells develops into an egg.

Like mitosis, meiosis begins by doubling the amount of DNA in the cells,
so that there are 4 copies of every chromosome. It then goes through two
rounds of cell division to result in four gametes, each with 1 copy of each
chromosome.

Meiosis includes a crucial process called recombination, or crossing-
over *9, which shuffles segments of chromosomes between the mater-
nal and paternal copies. In the figure you can see that the red and blue
chromosomes-originally red came from mum and blue from dad-have
been shuffled to result in new combinations in each of the 4 gametes.

Meiosis assigns a random 50% of the genome into each gamete. Meiosis
is a fundamentally random process that produces a different outcome

every time. This is in sharp contrast to mitosis, which is fully predictable:
i.e., mitosis produces highly accurate copies of the parent cell every time.

There are two stages of randomness in meiosis: first, recombination pro-
duces a random shuffling of chromosomes. Later in the book we’ll come
back to the importance of recombination. Second, the recombined chro-
mosomes are assigned randomly to gametes. This combination of two
levels of randomness means that every sperm or egg that you produce
across your lifetime carries a random, and different, 50% of your genome.

Figure 1.19: Sperm and egg fusing.

Unknown author, Public Domain [Link].

Fertilization. Meiosis is used to create sperm in males, and eggs in fe-
males. Each of the sperm and eggs now has a total of 23 chromosomes.
Fertilization occurs when a single sperm cell inserts its 23 chromosomes
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into the egg to create a fertilized egg that is back to the normal chromo-
some number of 2x23.

Mutation. The ultimate source of all genetic variation. We’ll discuss the
types of mutations, mechanisms, and abundance of mutations. Genome
replication is extraordinarily accurate, and a typical child carries only
about 70 new single nucleotide mutations genomewide. This works out
to an average human mutation rate of about 1.2 x 1078 per base pair per
generation. Mutation rates are higher in males than in females, such that
a typical child inherits about 3/4 of their new mutations from their dad.

Major data resources for human genetics. In the last part of this chap-
ter we turn our attention to a short description of some of the key re-
sources that are widely used in human genetics. Some combination of
these resources were used in virtually all of the modern studies described
in this book.

A standard paradigm for research is that if I am interested in a specific
research question X, I might collect data relating to X, but I will analyze
my new data in the context of other existing data sets. For example, a
project that collects any kind of human sequencing data will usually map
the sequence reads onto the human Reference Genome, will probably
rely on standard gene annotations, and will likely also make use of other
more-specialized data sets.

In addition to these large-scale public data sets, researchers also bene-

tit from an enormous number of smaller data sets that analyze specific
samples or questions. It’s been a huge boon to science that during the
last two decades, there has been a strong shift toward making data freely
available without preconditions 3°. This is part of a larger movement to-
ward open science, which emphasizes the value of making all the results
and tools of research publicly available as far as possible 3. It's now
widely recognized that anyone who publishes research in a scientific
journal has a responsibility to make the underlying data publicly avail-
able 3.

The Human Reference Genome. The central data set that underlies ev-
erything practically everything else is the human Reference Genome. For
example, in virtually any project that involves sequencing, the first step
of data analysis is usually to map reads to the Reference Genome. This
genome sequence was the main product of the Human Genome Project
(HGP), a huge, $3 Billion international effort that ran from 1990 to 2003,

including teams from the US, Britain, Japan, France, Germany, and China.

By the mid-1980s techniques for mapping and sequencing DNA had
reached a point where a number of leading scientists started to argue

for a “moonshot” type of project to sequence the human genome. Early
on, this audacious goal was highly controversial: critics said that it would
be purely technical and scientifically uninteresting; that it would divert
money from more-focused research; that it is wasteful to sequence the
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Figure 1.20: A production line for auto-
mated sample preparation, built at the
Whitehead Institute for use by the HGP.
Equivalent work could now be performed on
a single benchtop. credit: international Human Genome

Sequencing Consortium (2001) [Link]. Used with permission.


https://www.nature.com/articles/35057062

99% of the genome that is noncoding; that we wouldn’t know how to in-
terpret the finished sequence anyway; and that the project would con-
tribute to misconceptions of genetic determinism 33.

Despite the controversy, the genome project was greenlighted by the US
Congress in 1990 8. During the early years it developed physical and
genetic maps of the chromosomes and sequenced several much smaller
genomes including the worm C. elegans and the fly D. melanogaster. Dur-
ing this time frame the costs of sequencing also dropped steadily due to
technical advances. But in 1998 a privately funded company named Cel-
era announced a plan to beat the public project to completion using a
different strategy, thus spurring the Human Genome Project into a much
faster timeline 35.

In the end, the public project and Celera battled to a negotiated draw,
announcing simultaneous completion of draft genomes in the year 2000.
The completion was a major international news event, and the announce-
ment was made by US President Bill Clinton and British Prime Minis-

ter Tony Blair in a White House ceremony [Link]. The genome was an-
nounced complete three years later 3°. Although the project was contro-
versial at the time, modern biology could not exist in anything like its
current form without genomes.

Given that everyone’s genome is unique, you might wonder what exactly
is in the Reference Genome. In a quirk of history, the sequence is based
on a mixture of anonymous donors who were recruited by a newspaper
ad in Buffalo, New York, in 1997. At any given position, the reference
genome reflects the sequence of a single donor; thus, at many positions,
the Reference Genome carries rare, and sometimes even deleterious, al-
leles 37. About 70% of the Reference Genome comes from just one of the
Buffalo donors, denoted RP-11. Analysis of sequences from RP-11 shows
that he had mixed African and European ancestry in roughly equal pro-
portions. Most of the rest of the Reference Genome is derived from ten
other donors of East Asian or European ancestry 3.

Since the end of the Human Genome Project, a group called the Genome
Reference Consortium has continued to update the Reference, by fix-
ing assembly errors and providing alternate builds in certain regions
with high levels of structural variation. You can download the genome,
or browse specific regions using genome browsers at UCSC [Link] or
Ensembl [Link]. Genomes for hundreds of other species can also be ac-
cessed through the same websites.

While the genome was announced complete in 2003, “complete” was
used as a term of art that didn’t actually mean complete. At that time, ex-
isting techniques were unable to span the most repetitive regions of the
genome, including the centromeric and telomeric repeat regions, huge
arrays of ribosomal DNA genes, and recent segmental duplications. The
2003 genome only covered 2.8 Gb (out of about 3.1 Gb) and included an
estimated 341 gaps. The essential problem was that these regions of the
genome contain large blocks of highly repetitive DNA that could not be
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& This came the year after one of the all-
time great presidential malapropisms, when
George HW Bush lauded the “Human
Gnome Initiative” at a White House cere-
mony on recombinant DNA 34.
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Figure 1.21: Ad in the Buffalo News,
1997. The donors for the Human Genome
Project were recruited using this ad,
placed in the Buffalo (NY) newspaper on
3/23/1997, by Pieter de Jong of the Roswell
Park Cancer Institute.
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assembled: imagine trying to assemble a jigsaw puzzle with huge repet-
itive blocks and a mixture of many pieces randomly sampled from each
block. During the next 15 years, even while genome sequencing became
massively cheaper (by a factor of 10°-fold), the sequence reads didn’t get
longer and most of these regions remained untouchable.

However, by the late 2010s, advances in ultra-long read sequencing using
technologies developed by companies called PacBio and Oxford NanoPore
enabled extraordinarily long reads that can bridge right across these repet-
itive elements. Using a mixture of these technologies, the Telomere-to-
Telomere Consortium announced the first fully assembled human genome
in 2021 39. We can expect that their work will usher in a new generation

of genome sequencing in humans and many other species.

Functional annotation. Of course knowing the genome sequence is only
a first step toward understanding the information encoded in it. Since
the 1990s there has been a huge amount of work to identify the genes
and regulatory elements and to understand their functions. Annotations
showing the locations of genes and exons, and their splicing patterns,
have been developed by two major projects: RefSeq and GENCODE. As
we discussed above, a more challenging problem is to interpret the regu-
latory information encoded in genomes. The main approach to this uses
a variety of experimental assays; much of this work has been performed
and analyzed by the ENCODE Consortium. Gene expression profiles for
different tissues and cell types are available from GTEx and Human Cell
Atlas, respectively. Information about gene functions can be obtained
from many sources, including comprehensive databases from UniProt,
and GeneCards.

Human genetic variation. The Reference Genome only provides a single
DNA sequence, and thus doesn’t tell us anything about genetic variation
across individuals. Thus, as the Human Genome Project was ending, it
was recognized that the Genome would be much more powerful if we
also had a good catalog of which sites in the genome are variable.

To address this need, from 2002 to 2010, the International HapMap Con-
sortium created cell lines from around 100 individuals each from 11 global
populations intended to represent some of the world’s largest groups.
Each individual was genotyped at up to about 3 million known single
nucleotide variants across the genome. This landmark work created the
first genomewide maps of genetic variation, and paved the way for a

huge range of studies.

Subsequently, from 2008 to 2015, the 1000 Genomes Project performed
genome sequencing of a total of 3,200 individuals from 26 human popu-
lations. All of the data are freely available for browsing or bulk download
[Link]:
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O Phase 1 population from the 1000 Genomes Project
O Final release population from the 1000 Genomes Project

A population that was collected in diaspora

Four of these populations are often used as example populations for data
analysis and figures, so it’s worth remembering their sample codes: YRI
is a group of Yoruba individuals (a west-African ethnic group) sampled
in Ibadan, Nigeria; CEU is a group of west-European descent individuals
sampled in Utah; CHB and JPT are Chinese Han and Japanese individu-
als sampled from Beijing and Tokyo, respectively.

While the 1000 Genomes is an essential resource for many purposes, it
has poor coverage of some human populations, especially smaller indige-
nous groups. For example, some groups including southern Africans,
Papuans, Pacific Islanders, and Native Americans, are poorly covered

by the 1000 Genomes Project. In contrast, the Human Genome Diver-
sity Panel (HGDP) and a later extension, the Simons Genome Diversity
Panel (SGDP), provide much broader sampling of indigenous popula-
tions, albeit with fewer individuals 4°. These panels have helped to reveal
wonderful insights into human history that would not have been possible
with 1000 Genomes alone; we’ll return to these especially in Part 3 of the
book.

Lastly, another important study design involves cataloging genetic varia-
tion by sequencing extremely large samples, such as gnomAD and
TOPMed 4'.

The genotype-phenotype relationship. Our final category of data sets
aim to measure the effects of genotype on phenotype. The most influ-
ential of these is an extraordinary dataset collected by the UK Biobank,
which has collected genome-wide genotypes, and a huge array of phe-
notypic measures on about 500, 000 British residents. Enrollment began
in 2006, targeting an age range of 40-69, and continuing to track those
individuals through middle and old age. Any qualified researcher can
go through an application process to get access to the de-identified data.
Due to the relative ease of data access, and the richness of information
available, the UK Biobank has had a huge impactful on our understand-
ing of human genetics. It’s not a large exaggeration to say that the UK
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Figure 1.22: The 1000 Genomes Project
provides an essential reference set of human
genomes from 26 human populations. The blue
samples are mainly from HapMap. Some popu-
lations (dotted lines) were collected at a different
location than their recent ancestral origins, such
as CEU (west-Europeans in Utah), and GIH
(Gujarati Indians in Houston, Texas). Credit: Modi-
fied from Fig. 1 of Taras Oleksyk et al (2015) in GigaScience. CC BY 4.

Figure 1.23: The Simons Genome Diversity
Project (shown here) consists of 300 genomes
from 142 human populations. The HGDP con-
sists of 1050 genomes from 52 populations. Credit:

Image courtesy of Simons Foundation [Link].


https://www.simonsfoundation.org/simons-genome-diversity-project/

Biobank has managed to get all of the world’s human geneticists study-
ing the British population.

Other very large cohorts have replicated aspects of the UK Biobank, in-
cluding Biobank Japan, the China Kadoorie Biobank, FinnGen, the Esto-
nian Biobank, the Million Veteran Program and All of Us (the latter are
both in the US). These other cohorts either have less data at present, or
are less accessible to outside researchers than UK Biobank. There are also
disease-specific projects, such as the Psychiatric Genetic Consortium, that
aggregate case-control data for focused study of particular diseases. One
important concern about current cohorts is that, in aggregate, individu-
als of recent European descent are over-represented across these studies.
This challenges human geneticists to ensure that the future benefits of ge-

netic research can be shared equitably among people from all ancestries
42

In this first chapter we have given an overview of some important background
that will be helpful before we dive more deeply into the main areas of human ge-
netics. We next turn to a more focused description of human genetic variation.

29



Notes and References.

2Although the Human Genome Project was declared complete in 2003, about 10% of the genome was unsequence-
able at that time. The first truly complete human genome sequence was reported in 2021 and published the following
year:
Nurk S, Koren S, Rhie A, Rautiainen M, Bzikadze AV, Mikheenko A, et al. The complete sequence of a human genome.
Science. 2022;376(6588):44-53

3As with some other complicated topics, for the sake of brevity we will generally simplify important points relating
to sex, gender and familial relationships, except when the complexities are specifically relevant. For example it’s con-
venient to refer to XX and XY individuals as female and male respectively. We do so despite the fact that (i) biological
sex is not entirely binary — some individuals have physical characteristics of both sexes due to mutations in sex-determination
genes, unusual karyotypes such as XXY, or other causes not all of which are currently understood; (ii) biological sex does
not necessarily correspond to gender; gender is actually more relevant than biological sex for many aspects of our lived
experiences — even though it is generally less connected to the core topics of this book; (iii) familial relationships do not
always imply genetic relationships — for example in the case of parents of adopted children.

4During our lives, our bodies produce about a light-year of DNA: [Link].

5For more on DNA storage systems see eg:
Erlich Y, Zielinski D. DNA Fountain enables a robust and efficient storage architecture. Science. 2017;355(6328):950-
4
Kim J, Bae JH, Baym M, Zhang DY. Metastable hybridization-based DNA information storage to allow rapid and
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®Tmprobable Research’s video of Eric Lander’s 24 second and 7 word descriptions of the human genome: [Link]

7In 2021 the AlphaFold team reported huge progress on computational prediction of protein folding, thereby help-
ing to transform this field:
Jumper J, Evans R, Pritzel A, Green T, Figurnov M, Ronneberger O, et al. Highly accurate protein structure predic-
tion with AlphaFold. Nature. 2021;596(7873):583-9

8 An important set of exceptions to the standard genetic code is found in the mitochondrial genome. The mitochon-
drion is thought to have evolved from an endosymbiotic prokaryote, and it still retains a very small genome of its own.
This genome is so small that rare minor changes in the genetic code have been tolerated by natural selection. Specifically,
the genetic code in vertebrate mitochondria differs from the conventional code at four triplets: AGA and AGG are stop
codons instead of arginine; TGA codes tryptophan instead of stop; and ATA codes methionine instead of isoleucine.

9There are various categories of genes in which the RNA itself is functional. For example, in females one copy of the
X chromosome is inactive in each cell; this is achieved in part by transcribing an RNA called Xist off one of the two X
chromosomes. The Xist transcript coats that X chromosome and prevents transcription from most other genes. Xist is
an example of what is known as a long noncoding RNA (IncRNA). In addition to IncRNAs, other functional RNA genes
categories include microRNAs, transfer RNAs, ribosomal RNAs, and piRNAs.

° Another important exception to the Central Dogma is that some viruses use RNA as their genetic material, and then
use an enzyme called reverse transcriptase to make a DNA copy for replication. Reverse transcriptase is also used in the
lab to make DNA copies of RNA when we want to sequence RNA.

"The fact that the introns are so very long is probably not functionally important in most cases, and instead reflects
a tendency for genomes to accumulate noncoding junk, as we will discuss below.

>There is some uncertainty about exactly how much alternative splicing is functionally important. One approach that

is often used to evaluate functional importance of biological features is whether a feature is maintained (conserved) over
evolutionary time, or whether it evolves rapidly, suggesting malleability and (usually) lower functional importance. Cu-
riously, alternative splicing patterns (specifically, exon skipping events) are not very conserved across species — and are
less conserved than overall expression levels. However interpretation of this is not entirely clear:

Barbosa-Morais NL, Irimia M, Pan Q, Xiong HY, Gueroussov S, Lee L], et al. The evolutionary landscape of alter-
native splicing in vertebrate species. Science. 2012;338(6114):1587-93
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Li YI, Knowles DA, Humphrey J, Barbeira AN, Dickinson SP, Im HK, et al. Annotation-free quantification of RNA
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3There’s been quite a bit of interesting work on the sequence controls of splicing; these include both high-throughput
experimental approaches as well as machine learning methods to learn highly complex rules from genome sequence data
or experiments. See for example:
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*4For example Down Syndrome occurs in individuals who have an extra copy of Chromosome 21. Chromosome-level
changes in copy number change the expression levels of the genes on that chromosome relative to the genes on other chro-
mosomes. It’s interesting to note that cells can often tolerate duplication of the entire genome better than duplication
of a single chromosome, as whole-genome duplication maintains the relative proportions of genes. Somewhat similarly,
many monogenic diseases are due to defects in the core transcriptional machinery, leading to broad transcriptional dys-
regulation rather than disruption of specific biological pathways; see Table 6.2 of

Calof AL, Santos R, Groves L, Oliver C, Lander AD. Cornelia de Lange syndrome: Insights into neural development
from clinical studies and animal models. In: Neurodevelopmental Disorders. Elsevier; 2020. p. 129-57

For example, Cornelia de Lange Syndrome is due to mutations that disrupt the cohesin complex; these cause minor
disruptions of many genes leading to diverse developmental disorders.

5Muniz L, Nicolas E, Trouche D. RNA polymerase II speed: a key player in controlling and adapting transcriptome
composition. The EMBO journal. 2021;40(15):e105740.

Technically, the direct copy of DNA is called a pre-mRNA. This must be spliced to produce the mature mRNA. Most
splicing occurs at the same time as transcription.

7Expression (i.e., mRNA levels) of any given gene depend on the rate of transcription in the relevant cell type (de-
fined as the number of new mRNAs synthesized per unit time), and the mRNA decay rate. For most genes, control of
gene expression acts mainly on synthesis.

8 An exception is that several proteins called General Transcription Factors are components of the Pre-Initiation Com-
plex and lack DNA binding domains.

Most of the genome is bound by nucleosomes, and TF binding requires nucleosome removal. This can be much more
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1.3 Human genome variation and why it matters.

In the last chapter, we discussed the standard human Reference Genome. But

in practice everyone’s genome is unique, and differs from the Reference at
millions of sites. Here we introduce the concept of genome variation and how it
can change the information encoded in genomes.

SNPs. The most abundant type of genetic variation # are SNPs (Sin-

gle Nucleotide Polymorphisms, pronounced snips). These are simple se-
quence differences that affect a single nucleotide: for example in a short
stretch of genome your maternal chromosome might read ATCGAAGCC,
and your paternal chromosome ATCGGAGCC. Although four nucleotides
would be possible at any given position, the vast majority of SNPs only
have two alleles 43:
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Allele frequency. In the figure above, we show the genotypes for ten in-
dividuals at an A/G SNP (i.e., a SNP where the two possible alleles are
A and G). Since each person carries two copies of this sequence, they can
either be AA, AG, or GG. In this examples there are 8 copies of A out of
20: this gives a frequency of p=0.4 for A, and 4=0.6 for G.

We will often use p and g to indicate the frequencies of two alternative
alleles, where p 4-q = 1.

If you're analyzing data it’s important to be keep track of which strand
of the DNA the SNP refers to; in the example above we would consider
this an A/G SNP if we're looking at one strand, but a T/C SNP on the
other strand. This is especially tricky for transition mutations (A/T ver-
sus T/A or C/G vs G/C as both alleles are found on both strands). SNPs

@ In this chapter we’ll see many differ-
ent types of ways that sites or regions of
the genome can differ among individuals.
We can refer to these genetic differences as
variants.

Figure 1.24: Illustration of an A/G SNP.
A has a sample frequency of 40%.

are usually labeled with respect to the strand used in the Reference Genome,

or occasionally with respect to the direction of translation if the focus is
on protein-coding variation.

Once we’ve solved the strand issue, it’s also useful to have generic ways
of referring to alleles so that we don’t have to remember that this partic-
ular SNP is A/G and that G is more common. When you read papers,
you'll see this done using one of three different naming conventions 4:

o Reference/Alternate allele: The reference allele is the allele listed at that
position in the Human Reference Genome.

e Minor/Major allele: The minor allele is the less common allele in a pop-
ulation (frequency < 50%). MAF stands for Minor Allele Frequency.
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o Ancestral/Derived allele: The ancestral allele is the allele that was present

in the common ancestor of humans (this can be inferred if one allele matches

the nucleotide found at this position in other great apes), while the de-
rived allele is inferred to have arisen by mutation within the human pop-
ulation. DAF stands for Derived Allele Frequency.

Some authors reserve the term SNP for variants where both alleles are
fairly “common” — often defined as MAF>1% — and use the term SNV
(single nucleotide variant) to include sites with rarer variation. But since
the cutoff is arbitrary, here we use the term SNP throughout.

Genotype frequencies and the Hardy-Weinberg model. Aside from
allele frequencies, we also need to know about genotype frequencies: the
fraction of people who have each possible pair of alleles, in this case AA,
AG, and GG. People with AA or GG are homozygotes, while people with
AG are heterozygotes.

Part of the power of population genetics is that we can often predict fun-
damental properties of populations using mathematical models. In most
cases, the starting assumptions are quite simple (although sometimes the
math is complicated). This brings us to the first important model of this
book .

To keep things simple, we’ll first assume that we have distinct genera-
tions, so that there is a population of parents in one generation who mate
to produce kids in the next generation. Among the parents, let p repre-
sent the frequency of the A allele, and g the frequency of the G allele.
We'll also assume that the parents don’t choose their reproductive part-
ners based on genotype at this locus.

So for a kid in the next generation, what is the probability that this kid
will have an AA genotype?

Answer: There’s a probability p that she gets an A from the mum; and
similarly from the dad. So the probability that she gets AA from both
parents is p x p or p?. (The probability of two independent events occur-
ring is the product of the probabilities.)

Using the same logic, the probability that she gets GG from both parents
is g2. Lastly, she could get A from mum and G from dad (probability pq)
or G from mum and A from dad (probability qp)-those both result in her
being an AG heterozygote, with total probability 2pqg.
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b The Hardy-Weinberg model gives us the
fundamental relationship between allele
frequencies and genotype frequencies.

Figure 1.25: Hardy-Weinberg. The genotype
of a kid can be modeled as a random draw of two
alleles from the population of possible parents.
This means that if the allele frequencies in the
parents are p and q, then the genotype frequen-
cies in the kids are p? : 2pq : q>.



The key prediction here is that the expected genotype frequencies in the
kids” generation is given by the proportions p? : 2pq : q2. This result is
known as Hardy-Weinberg Equilibrium (HWE). This result gives us the
fundamental relationship between allele frequencies and genotype fre-
quencies.

If you learned about the Hardy-Weinberg rule at school, you might have
been taught a whole host of assumptions that this relies upon: for exam-
ple, random mating, no selection, non-overlapping generations, etc. But
in practice Hardy-Weinberg is usually extremely accurate, except some-
times with strong population structure. In large part, this is because just
one generation of random mating will restore a population to HW pro-
portions 4. Indeed, in data analysis, if a SNP is out of Hardy-Weinberg
proportions within a population, this is often taken as an indication that
the genotyping may not have worked properly for that SNP 4.

Lastly, the Hardy-Weinberg result has an amusing backstory. It was first
published independently in 1908 by GH Hardy, a famous English math-
ematician, and a German gynecologist Wilhelm Weinberg. Hardy was
told about the problem of genotype frequencies by the geneticist Regi-
nald Punnett, with whom he played cricket at Cambridge University.
(You may be familiar with “Punnett Squares”, used to predict the out-
comes of genetic crosses.) Hardy’s 1-page paper is written in a bashful
tone because he thought the main result was rather beneath him (...”A
little mathematics of the multiplication-table type is enough to show...”)
though it is now seen as the first fundamental result in population genet-
ics. To add further insult, the article was initially rejected by the leading
British journal Nature for being “tainted” with Mendelism (which was
unpopular in Britain at the time, see Chapter 4.4), and it was eventually
published in Science instead 47.

How many SNPs are there? Popular culture often refers to “the human
genome” — but of course in practice everyone’s genome is unique (unless
you have an identical twin 4%).

Since you inherited one copy of each chromosome from your mum, and
one from your dad, one way to measure genetic diversity is to count up
how many differences you have between these two genome copies. Any
difference between the two genomes — for example, you got an A from
mum and a G from dad at a particular position — is a heterozygous SNP.
So we can ask, how frequently would you find heterozygous SNPs be-
tween the homologous copies of your genome?

The answer is that you can expect to find a heterozygous SNP about once
every 1,000-2, 000 basepairs, depending on your ancestry. The fraction of
heterozygous sites is referred to as heterozygosity, and is a useful mea-
sure of genetic diversity 4. Here’s a table of heterozygosity estimates
from a variety of human populations:
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MENDELIAN PROPORTIONS IN A MIXED POPULATION

To THE EprTor oF ScIENCE: I am reluctant
to intrude in a discussion concerning matters
of which I have no expert knowledge, and I
should have expected the very simple point
which I wish to make to have been familiar -
to biologists. However, some remarks of Mr.
Udny Yule, to which Mr. R. C. Punnett has
called my attention, suggest that it may still
be worth making.

Figure 1.26: The start of Hardy’s 1908 paper
on genotype frequencies.
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Figure 1.27: Heterozgygosity measures the
fraction of sites that differ between the homolo-
gous copies of someone’s genome.



Region | Population | Heterozygosity x 1000

Africa San 0.95
Yoruba 0.96

Maasai 0.93

Mbuti 0.91

Near East | Palestinian 0.73
Iranian 0.71

Europe Spanish 0.69
Polish 0.67

South Asia | Punjabi 0.71
Bengali 0.72

East Asia Thai 0.69
Japanese 0.67

Oceania Australian 0.63
Papuan 0.58

Americas Inuit 0.63
Surui 0.50

The most striking pattern in these data above is that heterozygosity is
highest in Africa, and decreases with migration distance from Africa.
This reflects the fact that modern humans evolved in Africa; as we will
discuss later in the book, modern humans spread out of northeast Africa
during the last 100,000 years and eventually colonized most of the world.
These population movements caused a steady loss of diversity with dis-
tance.

Another way to think about variation is in terms of the total numbers of
SNPs. Since your genome is about 3.2 billion basepairs, this table implies
that you have about 1.5-3.0 million heterozygous sites, depending on
your ancestry.

What if we look at SNPs in a larger number of individuals? For example,
the 1000 Genomes Project sequenced the genomes of 2500 individuals
from a diverse set of global populations. They reported 85 million SNPs,
most of which were very rare: 65 million were below frequency 0.5%; 12
million were between 0.5%—5%, and 8 million SNPs were above 5% >°. In
other words, there is a common SNP with frequency>5% about once
per 400 bp.

It's important to note that, while a study of modest size like 1000 Genomes
Project can identify essentially all common SNPs, large sequencing stud-
ies continue to find many more novel, rare SNPs >'. Indeed, we should
expect to find that nearly every possible SNP allele exists somewhere in
the world. The world population is nearly 10!° people and, as we'll see

in Chapter 1.5, the mutation rate is around 10~ per nucleotide per gen-
eration. This implies that nearly every possible single nucleotide variant
must occur many times each generation, somewhere in the world. (There
are a few exceptions: a tiny fraction of possible mutations would not be
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Table 1.2: Heterozygosity estimates
by population, reported as the mean num-
ber of heterozygous sites per 1000 bp. Pop-
ulations such as "Australian’ refer to in-
digenous groups.

Data from Supp. Table 1:AH of Swapan Mallick et al (2016) [Link].


https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5161557

observed because they disrupt biological processes so severely that they
prevent embryonic or fetal development.)

Single nucleotide differences between human and chimpanzee. We
don’t need to limit ourselves to looking at genetic diversity within hu-
mans — we can also examine the number of sequence differences between
humans and other species . For example, our closest relative is the chim-
panzee; our two species evolved from a common ancestor about 6.5 mil-
lion years ago 5>. The average sequence divergence between the human
and chimpanzee genome is about 1.37%. This is only about 15-fold higher
than the divergence between the two copies of your own genome. I'll ex-
plain a bit later how to think about this 15-fold ratio. We still know very
little about specifically which variants are responsible for the major phe-
notypic differences between humans and chimpanzees, such as our re-
markable fondness for cell phones.

Genotypes and haplotypes. So far we have just been counting SNPs,

but it will also be important to consider how they are arranged along
chromosomes. The identities of alleles along one copy of a chromosome
are referred to as a haplotype. For example, the first haplotype in the
plot below is A-T-A-C-G-A, and the second is A-A-C-C-G-C. As we go
through this book, we’ll learn a lot from studying the structure of haplo-

types:
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Now, one challenge is that standard technologies for genome sequencing
are very good at telling us the genotype at any given location, but for a
heterozygous site we can’t tell which allele is on which haplotype. (We'll
cover sequencing in Chapter 1.4, but the issue is that standard DNA se-
quence reads are much shorter than the usual spacing between heterozy-
gous sites. This is starting to change with the arrival of new long-read
sequencing techniques.). So traditional sequencing does not give us the
actual haplotypes, but instead genotypes like this:

I NDIVIDUAL
AR AT-AC cc GE—AC [
AG ——AT-AR cc GT—cCC 2
GENOTYPESS p——TT-AA AR 6T—cee 3
AG——TT-RA AC Ge—AR 4

34

¢ For thinking about human genetic vari-
ation, there are a few numbers that are
useful to remember: Heterozygosity in
humans is 0.5-1 x 1073, depending on pop-
ulation. There are ~10M common SNPs.
The human and chimpanzee genomes dif-
fer by 1.4% — about 40M single nucleotide
differences.

Figure 1.28: Haplotypes for 4 individuals
in a small region of the genome. The term hap-
lotype refers to the arrangement of alleles along
a homologous chromosome, or sometimes to a
pattern seen in a genomic region in multiple in-
dividuals.

Figure 1.29: Genotypes for 4 individuals
in the same region as above. For heterozygous
sites we usually do not get a direct measurement
of which allele comes from which haplotype so
the data for individual must be represented as

genotypes.



The assignment of alleles to haplotypes is referred to as haplotype phase;
haplotypes can be estimated using statistical techniques that we will
cover later.

Lastly, it’s often convenient to replace the genotype matrix with a simpler
version that recodes the genotypes with the allele counts: 0, 1, 2, depend-
ing on the number of minor alleles at each SNP:

SNFg Figure 1.30: Genotype Matrix representa-
O\ ( 0O o | tion of the data above. The entries in the matrix
L Voo \ o show the numbers of minor alleles at each po-
TNDIVIDUALS sition: i.e., the columns show the numbers of
| 00 2 1 © G,A,C,A,TA alleles, respectively).
|l ool 0 72

Example from real data. One of the first groups to study human sequence
variation at large scale was Debbie Nickerson’s lab at the University of
Washington, in the early 2000s 3. This plot shows the genotype matrix
they obtained for the IGF1 locus on Chromosome 12, using colors to rep-
resent the genotype counts 0, 1, and 2:

SNPs in an 88 Kb region

W. African

N. European

. Genotype =0 Missing data
- Genotype =1
DGenotype =2

Figure 1.31: Genotype Variation at IGF1. Each row shows the genotype for a single individual; columns are SNPs
within an 88 Kb region containing the IGF1 gene, ordered by position within the region. sequencing was PCR-based and included gaps within the

region. Credit: Debbie Nickerson’s lab/ Seattle SNPs project [Link].

This example illustrates several typical features of genomic data:

e Most common variants are shared between human populations, though
allele frequencies may differ.

e As expected, many of the SNPs are at low frequency. Indeed this pat-
tern becomes increasingly stronger in larger samples, as nearly all the
common SNPs are identified in a small sample like this one, while the
new variants discovered with additional individuals would be rare;

e Variants at different sites often co-occur together — for example notice

35


https://pga.gs.washington.edu/finished_genes.html

the block of yellow genotypes on the left-hand side of the region where
individuals who are yellow (or red) at one site are usually yellow (or
red) at multiple other sites as well. This pattern of genotype correlations
across sites is called linkage disequilibrium (LD) and will be an impor-
tant topic for us later.

Beyond SNPs: Other types of inherited variation. While SNPs are the
most common type of variation, there are many other ways that genomes
can differ. These include small-scale events such as indels and STRs (short
tandem repeats), as well as a diverse variety of larger structural elements.
Collectively, we refer to all these different forms of variation as variants.

In Medieval books, a bestiary was a compendium of beasts (animals),
both real and imagined, with pictures and descriptions; by analogy, here
I show a collection of some of the main types of genetic variation. Many
of the large repeats that we’ll talk about soon remain slightly mysterious:
they are very difficult to measure using current DNA sequencing technol-
ogy, and variation in complex regions is still largely uncharacterized.

A BesTiAeY OF VARIATION
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Short-scale variation. The first type of short-length variation are the in-
dels as shown in the picture above. This term is a mashup of the phrase
insertions/deletions, reflecting the fact that without comparing to an-
other genome such as chimpanzee, it is difficult to know whether an
indel represents a gain, or loss, of nucleotides relative to the ancestor.
These are about one tenth as many indels as SNPs, and most are very
short, between 1 and 5 nucleotides in length 4. As we mentioned above,
indels are of special importance in exons, as they result in frameshifts
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Figure 1.32: A gryphon and a greyhound:
two beasts from an illustrated bestiary (England
~1520). The wide array of possible types of
variation — some of them difficult to glimpse with
current methods — reminds me of a tableau of
mysterious beasts. From the Tudor Pattern Book in the Bodleian
Digitized Collection.

Figure 1.33: Major types of variation. A.
These variants affect short stretches of DNA
sequence. B. and C. Structural variants: Here
the letters represent large blocks of DNA
sequences. These categories are often blurred,
and complex structural variants often contain
multiple types of events. There are many more
SNPs than other kinds of variants, but because
they are so large, the structural variants cover
more total genome.



(unless the indel length is a multiple of 3).

The next important type of short-length variation is the STR (short tan-

dem repeat). STRs are places in the genome where a short DNA sequence 9 Because STRs are highly variable they are
(up to around 6bp) is repeated many times (eg., CACACACA) - often used in paternity testing and DNA
dozens of times. During cell division, the copying of STRs is highly error- fingerprinting for forensics.

prone due to a process known as replication slippage. For this reason,

STRs are highly variable within populations d

Intermediate-scales: VNTRs. Similar to STRs, there are larger blocks of ACAN chri5
. 88,810 88,820 88,830 88,840 88,850 88,860 88,870 kb
sequences, known as VNTRs: Variable Numbers of Tandem Repeats, — H .
. . . . i | I 1
that can be duplicated many times in the genome 5. One example is T
. . . [H-ACAN VNTR repeat unit: 57 bp
shown at right, where a block of 57bp is repeated between 22-29 times (encodes 19 aa in chondrailin sulfate domain)
. . Shortest common allele: 22 repeats (418 aa)
within an exon of the ACAN gene. ST ~m-
Median allele: 27 repeats (513 aa)
L. . o . A T T T T e ~m-
Large-scale variation. The last major class of variation are various types . iiagest common allele. 29 epeats (5512)

of large-scale structural variation. Some of these are simple rearrange-
ments of the DNA sequence, including deletions and duplications. As S ) )

. bp (19 amino acid) repeat is present 22-29 times
shown above, deletions are events that cut a segment out of a chromo- on different haplotypes. The ACAN protein is
some, while duplications copy a segment. An individual with a deletion  part of the extracellular matrix of cartilage, and
would then carry one copy of any genes that lie inside that deletion (i.e.,  larger repeat numbers are associated with higher
the copy on the unaffected chromosome); or three copies of those genes ~ #0erage height. Figure zafrom Ronen Mukanel et o (z021)
in the case of a duplication (two copies on the duplicated chromosome,
plus one on the unaffected chromosome). Together, deletions and dupli-
cations can be referred to as copy number variation (CNVs).

Figure 1.34: VNTR in the ACAN gene. A 57

[Link]. Used with permission from the authors.

For reasons we’ll discuss shortly, large CNVs — at megabase scale or larger

— are usually highly deleterious, and can cause severe genetic syndromes

in children. In contrast, smaller CNVs are often benign, especially if they

do not overlap genes or key regulatory regions. A typical person car-

ries more than 200 deletions with a median size of 7 Kb, and with 20%

deleting more than 25 Kb. Numbers for duplications are similar 5°. While

CNVs do not overlap genes, a small fraction — about 10% — of the dele- € Common deletions are less likely to

tions remove either entire genes or parts of genes (i.e., exons) ©. overlap genes than you would expect if they

o . o occurred randomly in the genome. This, and
Meanwhile, inversions take a segment of chromosome and flip it around. other evidence, implies that natural selection

Inversions are much less abundant than deletions and duplications, but preferentially removes genic deletions.
can be very large. The two best-characterized human inversions include

one on Chromosome 8, which is a huge 4.5 Mb at around 50% global fre-

quency, and a very interesting 9oo Kb inversion on Chromosome 17 that

is at 20% frequency in Europeans and may be associated with fertility

and other phenotypes 7.

Lastly, some regions of the genome become crucibles of complex struc-
tural variation, in which the processes of replication slippage, deletion,
duplication, inversion, become layered upon one another, to the extent
that there may be huge numbers of different alleles. These regions are
very difficult to sequence, difficult to visualize, and generally not well-
characterized. However, new technologies for getting very long sequenc-
ing reads are starting to open up these regions to study. We'll see more of
these topics in Chapters 1.4 and 1.5.
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How do SNPs affect the information encoded in genomes? f Genomes
are a molecular system for storing information; SNPs can alter that en-
coded information. Roughly speaking, SNPs and other kinds of genetic
variation can have two main types of effects: they can change protein
coding sequences, or they can change gene regulation.

While SNPs that affect function are of special interest for understanding
disease and evolution, it’s important to bear in mind that less than ~10%
of all possible SNPs have any meaningful impact on the encoded infor-
mation.

1. Protein-coding variants. The figure below illustrates four important
types of variants within part of a coding exon:

READIN ¢

A. REFERENLE GENOME FRAME
ACATATICG Aﬁ-
ARG | TYR | ALA |- - -~

DNA :
PROTEIN ¢

GTT
VAL

B. VARIANT TYPES

I. SYNoNYMpUS GTTAGCGHTATIGGEA No PROTEIN
VAL | ARG| TYR| ALA CHANGE
2. NoN SYNONYMOUS/ |G T T 6 6 A|T AT |6 & A CHANGE ONE
MISSENSE VAL | 6Ly | TYR| ALA AM/IND Ac|D
3 SToP/ GTT|TGATAT|GGEA| SToP TRuNCATES
NONSENSE VAL | STOP FRoTEIN
Y4 FRAMESHIFT GTTIAAGATA|TGEG|A TNDEL SHIFTS
(INPEL) TLe | TR READING FrRAME

VAL k\/s
TNSERTION OF A

e Synonymous. Remember that DNA encodes proteins using a genetic
code in which three consecutive DNA letters correspond to amino acids:
3 DNA triplets (or codons) encode STOP signals and, together, the other
61 possible triplets code for 20 amino acids. This means that about 1/4 of
possible one-step mutations simply convert between equivalent triplets.
For example, in the illustration, AGA and AGG both encode Arginine.
Hence, such a variant is referred to as synonymous in the sense that it en-
codes an identical protein. Synonymous variants generally do not have
phenotypic effects 55.

e Nonsynonymous/Missense. However, many exonic mutations do change

the encoded amino acid: for example AGA — GGA swaps Arginine —
Glycine. Such mutations are referred to as nonsynonymous or missense as
they change the meaning of the information encoded in the DNA. The
functional impact of missense mutations can range from lethal to no ef-
fect, depending on what the gene is, whether the amino acid lies in a key
functional domain of the protein, and the chemical properties of the orig-
inal amino acid and its replacement.

e Stop/Nonsense. Three codons (TAA, TAG, TGA) encode the protein
Stop signal. Thus for example changing AGA — TGA causes protein
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EWe'll cover phenotypic effects of variation
in Section 4 of the book, but it will be help-
ful for you to have this preview in mind for
the upcoming chapters.

Figure 1.35: Four types of genic variants

in a small part of a coding region. A. Reference
sequence: DNA in blue, with corresponding
protein sequence in black. B. Four important
categories of exonic mutations. Changes to the
DNA and protein sequences are indicated in red.
Frameshifts are caused by indels, which we have
not covered yet: indels are short insertions or
deletions of DNA sequence and they can shift the
protein reading frame.



translation to terminate. Unless a stop mutation is near the 3" end of the
coding region, it will usually obliterate protein function. Most mRNAs
with premature stop codons are degraded through a process called Non-
sense Mediated Decay (NMD) to prevent translation. &

e Frameshift. So far we have been talking about SNP changes, but as
we’ll discuss below, it’s also possible to have insertions and deletions of
DNA sequences. Unless these are in multiples of three nucleotides, they
cause the reading frame of the protein to shift. Like stop mutations, un-
less these are near the end of the protein sequence, these would also gen-
erally destroy protein function.

o Splice Site Disruption. The next type of variant is a little different. Re-
call from Chapter 1.2 that genes contain introns within the coding region;
these must be spliced from the transcript to produce a functional pro-
tein. The positions of exon-intron boundaries are encoded in the DNA:
this code includes a required GT at the start, and AG at the end of most
human introns, as well as other sequences that help position the splicing
machinery. Mutation of either the GT or AG usually prevents splicing or
moves the location of splicing. We’ll see an example of this shortly.

As a broad generalization, single nucleotide mutations with large ef-
fects, such as in monogenic diseases and cancer are primarily driven by
effects on coding sequences.

2. Effects on gene regulation. As we discussed in Chapter 1.2, the sec-
ond important function of DNA is to encode gene regulation: how much
mRNA (and protein) from any given gene should be produced in a par-
ticular cell type, or phase of development.

While the DNA encodes precise patterns of gene regulation, there is no
analog to the “genetic code” for proteins. As we discussed in the pre-
vious chapter, gene regulation is achieved through a complex dance of
DNA-protein and protein-protein interactions that stabilize RNA Pol-II at
the promoter and enable transcription. Much of the regulatory informa-
tion is encoded through sequences that control the ability of transcription
factors to bind at particular sites.

Thus, SNP alleles can affect expression by changing the encoded regula-
tory information — for example by increasing or decreasing the strength
of transcription factor binding at a particular site. But, because TF bind-
ing is generally controlled by multiple sites, and because expression of
any single gene is usually controlled by the interplay of many proteins,
the effects of individual SNPs tend to be quantitative — slightly in-
creasing or decreasing expression — rather than turning expression on
or off.

As a result, it is unusual for individual SNPs in gene regulatory elements
to result in single-gene diseases. However, genome-wide there are hun-
dreds of thousands of SNPs with regulatory effects, and in aggregate
regulatory SNPs are the main drivers of most common phenotypic vari-
ation, and probably evolutionary change. "
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& Variants that destroy the functional
protein are called Loss of Function (LOF):
these would include most stop mutations,
splice site disruptions and frameshifts. LOF
mutations are usually at very low
frequencies due to selection against them.

Figure 1.36: Transcription factor binding

to DNA. Recall that gene requlation is largely
controlled by sequence-specific TF binding to
DNA sequences. Thus, sequence changes can
increase or decrease TF binding strength, thereby
potentially changing expression. Credit: Houq [Link]
CC-BY-5A3.0

N We'll come back to regulatory variation in
much more detail in Section 4 of the book.
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We close out this section by reviewing the story of one of the most fa-
mous mutations in history, and its interesting mechanism.

Example: hemophilia in the royal families of Europe. One famous ex-
ample of a SNP mutation comes from the inheritance of hemophilia in
the European royal families of the 19th and 20th Centuries.

Hemophilia is a genetic disease, caused by mutations in either of two X
chromosome genes that are essential for normal blood clotting. Since
males only have one X chromosome, any male with the mutation will
have the disease. In contrast, females with one copy of the mutation do
not have the disease, but can transmit to their children. Prior to modern
treatments, affected individuals often died at young ages, but hemophilia
can now be treated using clotting factors.

The 19th century British queen, Queen Victoria (1819-1901), is the first
person in her family known to have carried the mutation. One of her
three sons had the disease; he and two of Victoria’s daughters passed it
into the royal families of Spain, Germany and Russia. Ultimately, eleven
male-line descendants of Victoria had hemophilia, spread across 4 gener-
ations. Victoria’s last known descendent with hemophilia died in 1945.

Even though Victoria’s mutation no longer exists in any living person,
recent genetic analysis was able to determine the causal variant.

We pick up the story with one of Victoria’s great-grandsons, the Tsare-
vich Alexei Nikolaevich, born in 1904 as heir apparent to the Russia
throne. Alexei inherited the hemophilia mutation from his mother, the
Tsarina Alexandra. He almost died from blood loss at birth, and suffered
throughout his life from dangerous hemorrhages resulting from the mi-
nor bumps and bruises of childhood. After the Russian Revolution of
1917, Alexei and his family were exiled to Siberia. The following year
the Bolsheviks executed the entire family. Much later, amid persistent
rumors that Alexei and one of his sisters had escaped, the remains were
exhumed and eventually subjected to genetic analysis in the mid-1990s
that confirmed their identities 5.

But what about the hemophilia mutation? In 2009, a Russian team se-
quenced the main hemophilia genes in DNA recovered from Alexei and
his sister Anastasia. They identified a causal mutation in the Factor IX
gene that was present on Alexei’s one X chromosome, and heterozygous
in Anastasia .

This mutation has a very interesting mechanism. Recall that the 3" ends
of introns are indicated, in part, by an AG dinucleotide. In this case, the
mutation creates a new AG near the 3" end of the intron, two base pairs
upstream from the original wildtype AG splice site. The new AG is pre-
ferred by the splicing machinery, and this results in the exon being ex-
tended by two base pairs. This in turn creates a frameshift in the reading
frame, leading to a nonfunctional protein:
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Figure 1.37: Tsarevich Alexei of Russia
in 1916 (front right), with his family and cos-
sacks. Anastasia front left. Credit: Beinecke Rare Book and

Manuscript Library, Yale University; [Link].


https://commons.wikimedia.org/wiki/File:Nicholas_II_and_children_with_Cossacks_of_the_Guard,_cropped.jpg

wildtype
Wildtype Factor IX (DNA sequence):

..AAG CAG TAT GTT G gtaagca .. ctatctcaaag AT GGA GAT CAG ..

Royal mutation:

.AAG CAG TAT GTT G gtaagca .. ctatctcagAG ATG GAG [8] TAA

Mutation creates new ag splice site,
shifts exon boundary, creates frameshift

Wildtype spliced mRNA:
..AAG CAG TAT GTT GAT GGA GAT CAG ..

Royal spliced mRNA: .AAG CAG TAT GTT GAG ATG GAG [8] TAA

I Frameshift

Extra sites added to exon

The royal mutation is just one of many different mutations that can cause
hemophilia: the global prevalence of hemophilia is about 1 per 5,000
male births, caused by more than 1,000 different mutations in the two
main hemophilia genes. A database of mutations in the Factor IX gene
provides a sense of the relative importance of different disease mecha-
nisms at this gene:

Mutation type ‘ Number % severe

missense 558 39%
frameshift 130 78%
nonsense 77 75%
splice site 83 41%
promoter 18 17%

As you can see above, most of the Hemophilia mutations affect either
the protein coding sequence (missense) or entirely rewrite the protein
sequence (frameshifts, nonsense, and splice site mutations).

Just a tiny fraction of the mutations are located in the promoter; these
presumably change gene expression. This distribution of mutation mech-
anisms is typical of monogenic diseases. In contrast, we’ll see later that
regulatory variants are the major drivers for complex traits.

How does structural variation affect the information in genomes? As
we discussed for SNPs, structural variants can affect both protein cod-
ing sequences and expression, but with a wide diversity of possible out-
comes.

Changes in protein-coding sequences. Some smaller-scale variants such
as STRs and VNTRs sit inside protein coding sequences; hence changes
in copy number alter the protein coding sequence, as we described above
for the ACAN gene which affects bone growth (and therefore height).
Another famous example, Huntington’s disease, is caused by an STR re-
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Figure 1.38: Mechanism of the royal
hemophilia mutation. Exonic nucleotides are
in upper case letters and intronic in lowercase.
The a—g mutation is marked in red; it creates
a new 3’ ag splice site, which shifts the position
of the second exon to the left by two base pairs.
Thus the underlined G becomes part of the exon
in the mutated gene. The lower panel shows the
spliced mRNA with coding triplets indicated.
Addition of G to the exon creates a frameshift
(highlighted), which extends another 10 amino
acids before terminating in TAA (STOP). credit:

Redrawn from Rogaev et al 2009 [Link]

Table 1.3: Mutation types in the
Hemophilia B disease database (Fac-
tor IX). Notice that most frameshift and
nonsense mutations cause severe disease
(unless they are near the end of the tran-
script), while other mutation types are less
often severe. Simplified data from Table 2 of Tengguo Li et al
(2013) [Link]. For brevity, minor categories including structural variants

are not shown.


https://science-sciencemag-org.stanford.idm.oclc.org/content/326/5954/817.full
https://doi.org/10.1002/mgg3.30

peat (CAG, coding the amino acid glutamine). Alleles with large num-
bers of CAG produce long glutamine tracks; these form aberrant pro-
tein clumps in neurons, leading to a severe neurological symptoms. We'll
come back to Huntington’s Disease in Chapter 1.5.

But while this type of mechanism is important in a handful of genes, it
impacts relatively few genes across the genome °*.

Copy number changes. In contrast, changes in copy number usually act
through a completely different mechanism: they alter the expression
levels of any genes contained within the affected segments: typically to
50% of wildtype for a heterozygous deletion, or 150% for a duplication.
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Does this matter?

It turns out that cellular systems are often sensitive to the precise expres-
sion levels of genes. For example, cellular differentiation is controlled

by transcriptional regulatory networks, and small changes in expression
of key genes can lead to widespread changes in expression. Secondly,
many proteins act as components of multi-protein complexes that must
be formed in precise ratios. Under- or over-expression of any component
of a complex can have deleterious consequences.

Reflecting the importance of expression levels, some genes are described
as haploinsufficient, meaning that a single functioning copy of that gene
would not be sufficient for normal development or health. There are sev-
eral hundred genes with known haploinsufficiency, resulting in major
phenotypic effects.

Meanwhile, a much larger number of genes are copy-number sensitive:
i.e., copy-number changes have measurable effects on survival or repro-
duction: it’s estimated that, for about 20% of genes, loss of one copy re-
sults in a 10% loss of fitness 2. (Here, “fitness” is a combined measure
of survival and reproduction.) Thus, most large deletions or duplications
(1 Mb or more, say) are extremely likely to overlap one or more copy-
sensitive genes. Such large events often cause severe genetic syndromes
in heterozygotes and are usually very rare in the population.

Figure 1.39: Expression reflects copy num-
ber. The cartoon shows what's known as an
allelic series in which the copy number of a par-
ticular gene (marked by the arrow) ranges from 0
to 4 copies in different individuals. mRNA (and
protein) expression is usually roughly propor-
tional to the gene’s copy number.

Adaptation through copy-number changes. However, copy number changes

are not universally negative. Very occasionally copy number expansions
evolve as a mechanism for increasing expression. For example, the amy-
lase gene, AMY1, which is responsible for breaking down dietary starch,
is present in our genome with a variable number of copies, ranging from
around 2-16 copies per person %. These copies appear as tandem repeats
within a single genomic region (“tandem” here meaning adjacent, rather
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than scattered around the genome), as you can see in the FISH image be-
low %4. (FISH is a technique in which DNA probes with fluorescent tags
are hybridized to specific DNA sequences so that they can be imaged
with microscopy.)

A. Fiber FISH for an individual with 10+4 copies of AMY1 B. AMY1 genome copy number vs. protein levels
7
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As you can see above, variation in amylase copy number also has func-
tional consequences: higher copy number is correlated with higher pro-
tein levels in the saliva, which may enhance starch digestion.

There’s one more fascinating aspect to the amylase story: The copy num-
ber of amylase in humans is greatly expanded relative to other great apes
(e.g., the copy number in chimpanzees is around 3 per haploid genome).
This has led to the hypothesis that the copy number expansion is an evo-
lutionary adaptation to the higher levels of starch in human diets com-
pared with our evolutionary ancestors. Remarkably, some other species
that are associated with humans (and may also have high-starch diets)
also have expansions of the amylase locus, including dogs compared to
wolves, and mice and rats compared to other rodents 65,

Chromosome inheritance errors: aneuploidy. Lastly, we'll talk briefly
about a completely different kind of genetic variation that is usually
not inherited: the cases where the fertilized egg inherits too many, or too
few chromosomes, a situation known as aneuploidy. In most cases, aneu-
ploidy has major phenotypic consequences, and is generally not transmit-
ted to subsequent generations .

Recall from our last chapter that we discussed the process of meiosis.
Most human cells contain two sets of 23 chromosomes, but eggs and
sperm each carry half the usual number: 1 set of 23 chromosomes each.
Meiosis is the reduction process in which the number of chromosomes is
cut from 46 to 23. A fertilized egg then receives 23 chromosomes from
each parent to bring it back to the correct number of 46 total chromo-
somes.

Sometimes there are errors in meiosis where two homologs stick together
during cell division and both wind up in the same cell. When this hap-
pens, the fertilized egg ends up with either an extra chromosome (3 copies
of one of the chromosomes for a total of 47) or missing a chromosome (1
copy of that chromosome for a total of 45). These errors occur most of-
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Figure 1.40: Genome and protein varia-
tion of salivary amylase. A. Fiber FISH
has been used to label individual copies of
the AMY1 locus in this microscopic image.
The two images show the two homologous
copies of this region; each AMY1 copy is
marked by one green and one red block,
showing 10 copies on one homolog and 4
on the other. B. Genomic copy number of
AMY1 is highly correlated with Amylase
protein levels in the saliva, in a sample of 50
individuals. credit: Modified from Figure 3a and 1c of George

Perry et al (2007) [Link] Used with permission.

! Like the discussion of copy number vari-
ation above, aneuploidy illustrates a fun-
damental principle: organisms are very
sensitive to changes in the precise ra-
tios of expression across genes. Small
variations in expression, spread across many
genes, are major drivers of human pheno-
typic variation, evolution, and disease °°.


https://www.nature.com/articles/ng2123

ten in older mothers, for reasons we’ll explain in the next chapter. (It’s
outside our scope in this chapter, but aneuploidy can also arise during
mitosis and is a common feature of cancer genomes.)
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as monosomy, while aneuploidy with three copies of a chromosome is ‘ ’ ’ ) ’
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suffer from health issues including heart problems. Children with tri-
somies of two other chromosomes (18 and 13) can also survive to birth,
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hibit developmental problems, the X/Y aneuploidies are generally much o

less severe than autosomal aneuploidies for reasons we’ll describe below.

Individuals with at least one Y are usually assigned male sex at birth, re-

gardless of the total number of Xs and Ys. This is because the SRY gene,

which encodes a transcription factor that turns on male developmental

programs, is located on the Y chromosome. The side image shows the

karyotype — the number and identities of the chromosomes — in a boy

with Klinefelter Syndrome (two X and one Y).

The most frequent types of aneuploidy in humans that survive to birth
are listed below. As we’ll discuss shortly, these include the three chromo-
somes with the fewest genes, and unusual combinations of the X and Y

chromosomes.
Syndrome Frequency Notes
Trisomy 13 (Patau Syndrome) 1/5,000 Severe developmental issues; 5-10% survival at first year
Trisomy 18 (Edwards” Syndrome) 1/5,000 Severe developmental issues; 5-10% survival at first year
Trisomy 21 (Down Syndrome) 1/1,000 Mild to moderate intellectual disability, low fertility
X (Turner Syndrome) 1/2,000 Female, extensive developmental issues, infertile
XXX (Triple X Syndrome) 1/1,000 Female, frequent physical/learning issues, often fertile
XXY (Klinefelter Syndrome) 1/500 Male, may have some feminized features, low fertility
XYY 1/1,000 Male, symptoms usually absent, normal fertility

Table 1.4: The main types of aneuploidy that can survive to birth. Frequency estimates
reflect rates among live births; birth rates for some of these conditions are declining due
to prenatal screening.

Why does aneuploidy affect development? An individual with a mono-
somy or trisomy can still make the full complement of proteins. But as
we discussed above, cells depend on having a precise balance of all their
proteins. Individuals with an extra (or a missing) chromosome produce
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either too much, or too little of all the proteins on that chromosome, and
these imbalances lead to major developmental problems. By and large,
these are not due to the impact of a few genes that are particularly sensi-
tive to copy number, but instead the accumulated effects of hundreds to
thousands of genes with one extra copy each.

One indication of this is that the severity of trisomies reflects the number
of genes on each chromosome: it’s no coincidence that Trisomy 21 (Down
Syndrome) is the least severe trisomy, and that 18, and 13 are next in line,
as these are the three chromosomes with the fewest genes (among the
autosomes). A similar result can be seen in mice, where there is a tight
inverse correlation between chromosome length and how long the corre-
sponding trisomies can survive

A. Humans: the three viable trisomies have the lowest gene counts B. Mice: embryonic survival is inversely related to chromosome size
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Figure 1.42: Trisomies of chromosomes with fewer genes are more viable. A. The plot shows gene number for

each autosome (y-axis), ordered by chromosome number 1-22. The three autosomes with viable trisomies are those with

the fewest genes. B. In a study of trisomies of different mouse chromosomes, there was a strong relationship between chro-
mosome SiZe ﬂnd how lO?’lg the mice Could Sui’vive. Credit: Modified from Figure 2 of Eduardo Torres et al (2008) [Link] Used with permission.

The situation for the sex chromosomes is a little different, but reflects the
same principles.

Remember that usually females have 2 X chromosomes, and males have
an X and a Y. Ordinarily in females one X chromosome in each cell is si-
lenced by a process known as X-inactivation: in other words, only one
chromosome is used for gene expression. This is important so that there
is no major mismatch between the gene expression levels of X chromo-
some genes in males and females. This same mechanism rescues people
who have three or more X chromosomes, because X-inactivation ensures
that there is only one active X, regardless of the actual number of Xs.

Meanwhile, there are only about 50 protein-coding genes on the Y chro-
mosome, and many of these are involved in development of the male re-
productive system and of sperm, so individuals with an extra Y chromo-
some (XYY) are generally healthy.
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The fact that individuals with unusual X/Y karyotypes often do have
some degree of symptoms is because around 100 genes escape X inacti-
vation %. Consequently, individuals with unusual XY karyotypes do not
maintain the correct dosages for these genes: this can lead to develop-
mental and health issues, especially for Turner’s Syndrome (X-) patients,
as outlined in Table 1.4 %.

Karyotypes evolve rapidly over evolutionary time! Given the strong
constraints within the human population in maintaining correct chromo-
some numbers, it may come as some surprise to learn that closely-related

species often evolve quite different karyotypes 7 J.

For example, humans have 23 pairs of chromosomes, while other great
apes have 24 pairs: this is because human chromosome 2 is a fusion of
two ancestral ape chromosomes 7*.
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While the overall structure of the great ape genomes are largely similar
aside from this fusion event, our next-nearest relatives, the gibbons, have
undergone extraordinarily rapid chromosome evolution. For example,
the genome of the northern white-cheeked gibbon has been dramatically
reorganized: it has 26 pairs of chromosomes, but even more strikingly it
differs from humans by 96 different rearrangements of large chromoso-
mal blocks 72!

Ordinarily, one might expect major chromosomal rearrangements to have
deleterious effects, and these are almost vanishingly rare within human
populations 73. Thus it’s surprising that closely-related species can evolve
dramatically different karyotypes. One potential explanation is that this
may be driven in part by the evolution of new centromeres that can hijack
meiosis to gain a selective advantage and spread through populations —
but this is an exciting area that is not yet well understood 74.

In summary, the genomes of any two people differ at millions of positions, in-
cluding SNPs, as well as a variety of more complicated types of sequence differ-
ences. In the next chapter we will discuss how these differences can be detected
by DNA sequencing.

J For an interesting table of chromosome
numbers in different species see: Link.

Figure 1.43: Partial karyotypes of the great
apes. The image shows human chromosomes 1—
5, pictured alongside the corresponding great ape
chromosomes. Left to Right: human, chimpanzee,
gorilla, orangutan. Human Chromosome 2 is

a fusion of two chromosomes that are separate

in the other apes.Credit: From Figure 1 of Jorge Yunis and Om
Prakash (1982) [Link]Used with permission.
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Figure 1.44: We like to tease our pet cats
that they are one chromosome short of a
mango! (Cats have 19 pairs of chromosomes
— and mangoes have 20.) Credit: Lucy Pritchard
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Notes and References.

43To be more precise, the vast majority of SNPs only have two alleles at any appreciable frequency. However, as we
discuss below, virtually every possible allele that is one step away from the reference genome exists somewhere in the
world (excluding alleles that would be incompatible with life).

44You can imagine that there are pros and cons to each naming system. The reference allele is rather arbitrary, because
it depends on whether the allele happens to match the individual who was sequenced at that position for the Human
Genome (and sometimes that individual had a super rare allele). The minor allele label is particularly useful for rare al-
leles, but it can lead to inconsistent labeling across different samples if the allele frequency is near 0.5. The derived allele
label is attractive in having a clearer evolutionary interpretation, but it involves an inference about which allele is an-
cestral that may be uncertain or even incorrect for some SNPs.

45For autosomal loci, one generation of random mating (i.e., random with respect to the SNP in question) immediately
restores HW proportions regardless of the starting allele frequencies. This means that a process like selection must be
implausibly strong to drive meaningful departures from HWE. Note that X-linked loci do not reach HWE immediately
(but do converge within a few generations).

46Genotyping issues that lead to departures from HWE can occur for various reasons, and the details depend a bit on
the specific technology. One common reason for errors is that the sequence surrounding a putative SNP is duplicated
elsewhere in the genome and so the sequencing reads or genotyping assay contain a mixture of DNA fragments from
two different locations. Suppose that these two duplicated versions of this region differ at exactly one position, and this
position has been inferred incorrectly as a SNP. Then all individuals would appear to be heterozygous.

47Edwards A. Anecdotal, Historical and Critical Commentaries on Genetics: GH Hardy (1908) and Hardy-Weinberg
Equilibrium. Genetics. 2008;179(3):1143.
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1.4 DNA sequencing: a fundamental tool for study-
ing biology.
In which we take a detour to discuss DNA sequencing and genotyping.

Microscopes were invented in the early 1600s, and opened up a new
unimagined world. Robert Hooke is credited with the discovery of plant
cells in 1665; shortly after Antonie van Leeuwenhoek observed microbes
including bacteria and protozoa, as well as human cells including sper-
matozoa, blood, and muscle cells. Despite important recent advances in
microscopy, DNA and many of the processes that we focus on in genetics,
are too small to see clearly by microscopy. In particular, DNA molecules
are much too small to read the nucleotides directly.

However, starting from the 1970s, there has been a rise of new technolo-
gies that allow us to read the nucleotide sequences of DNA molecules:
this is DNA sequencing. In modern biology, DNA sequencing has be-
come a truly transformative tool, opening up new avenues of explo-
ration that were unimagined prior to the sequencing era.

First, and probably most obvious, it’s now relatively cheap and easy to
sequence genomes. We now have genome sequences for thousands of
different species. Hundreds of thousands of different humans have now
been genome sequenced.

But beyond this, there’s a dizzying array of different things that we can
now measure using DNA sequencing technology ?. For example if a pa-
tient has cancer, we can sequence the genome of the cancer cells, to un-
derstand what genetic changes enable uncontrolled growth (which may
indicate the use of particular treatments). When a woman is pregnant,
we can sequence her baby’s DNA, using free-floating DNA fragments in
the mother’s bloodstream to predict genetic diseases before birth. We can
use DNA sequencing to measure the microbial population that lives in
everyone’s guts (the microbiome), or in agricultural or wild soil samples.
We can use sequencing to detect the presence of viruses in patients, or in
the environment: on surfaces, in the air, or in wastewater. Sequencing has
been an essential tool for tracking the evolution of the SARS-CoV-2 virus,
and to identify outbreaks of novel strains.

In the lab, DNA sequencing has also transformed genomics research.

We use DNA sequencing to measure many different aspects of how a
genome functions in different cell types: for example which parts of the
genome are bound by a particular protein; which parts of the genome are
actively involved in regulating genes; which genes are being expressed,
and how much; what cell types are present in a tissue sample; sequenc-
ing is being used to transform developmental biology. Almost any lab
experiment involving genomes or cellular functions can now be set up to
end with data collection by DNA sequencing.

In short, DNA sequencing is like a new microscope for the 21st century?>.

An Owner’s Guide to the Human Genome, by JK Pritchard. September 23, 2023. Original material distributed under a CC BY 4.0 license.
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Figure 1.45: van Leeuwenhoek’s drawings
of spermatozoa (1719). The early microscopists
revealed for the first time a world of cells, fine
structures of tissues, and microbial life. DNA
sequencing is, similarly, now revealing new
worlds. Credit: Opera Ommnia (1719). [Link] CC BY 4.

& DNA sequencing is a fundamental tech-
nology that allows highly efficient detec-
tion, counting and sequencing of biological
molecules. As such it is transforming a vast
array of different applications in biological
research and medicine, not just limited to
the determination of genome sequences.


https://wellcomecollection.org/works/vkfz9b63

A short history of sequencing. The first practical DNA sequencing was
achieved in the 1970s. Two scientists (Fred Sanger and Walter Gilbert)
won the Nobel prize in 1980 for developing techniques that could se-
quence up to around a hundred basepairs of DNA at a time. During the
half-century since this work, sequencing has become millions of times
faster and cheaper, now enabling rapid, affordable whole genome se-
quencing.

First generation sequencing. The technique introduced in 1977 by Fred
Sanger — now known as Sanger sequencing — provided the first practi-
cal sequencing, and was the basis for nearly all sequencing projects until
about 2005 7°. Sanger sequencing is still used in lab-work for small-scale
applications 77.

In Sanger sequencing, DNA polymerase is used to copy a single-stranded
DNA template. The reactions are run in a soup of ordinary DNA nu-
cleotides and a small fraction of so-called dideoxy nucleotides, which
block further extension of the sequence. In the original Sanger sequenc-
ing, template copying was performed in four distinct reactions, one for
each termination nucleotide: with dideoxy-A, dideoxy-C, and so on. Ul-
timately, the dideoxy-A reaction would contain a collection of DNA frag-
ments of different sizes, corresponding to all the fragment sizes that end
in A. The fragments were run out on an electrophoretic gel that separates
molecules by size. DNA fragments were labeled with radioactive atoms
so that they could be detected on x-ray films. You can see an example in
the image at the right.

In later iterations of Sanger sequencing, each dideoxy nucleotide was in-
stead labeled with a different fluorescent dye. This means that sequenc-
ing could be performed in a single reaction, and the bands can be recog-
nized by color using a scanning laser. This in turn enabled further minia-
turization, as each reaction could be run through a thin capillary tube,
instead of in a large slab gel.

First generation sequencing (Sanger)
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These improvements to Sanger sequencing enabled the first sequencing of
eukaryotic genomes in the 1990s, leading to the draft human genome in
2000 — completed at a cost of $2.7 Billion, calculated in 1991 dollars 7.

Second generation sequencing. But at these prices, genome-scale work
was extremely expensive, and limited to “genome centers”, which were
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Figure 1.46: Sequencing autoradiograph
from the 1977 paper that introduced Sanger se-
quencing. The image displays a short sequence
from the virus ¢X174. Each band corresponds to
fragments of a specific nucleotide length (short-
est at the bottom); each lane contains fragments
that terminate in the nucleotide shown at top.
Though blurry at points, this allowed the se-
quence to be read from the image, as shown at
rzght Credit: Figure 2 from Fred Sanger et al, 1977 [Link].

Figure 1.47: Sanger Sequencing. In modern
Sanger sequencing, DNA fragments of different
sizes are labeled with fluorescent dyes according
to the 3" nucleotide on each fragment. The frag-
ments are size-separated using gel electrophore-
sis, and the colors are recorded by a scanning
laser as they migrate through the gel, thereby
p?’O'Uidil’lg the DNA sequence. Credit: From Figure 1, Jay
Shendure et al. 2017. [Link]Used with permission.


https://www.ncbi.nlm.nih.gov/pmc/articles/PMC431765/pdf/pnas00043-0271.pdf
https://www.nature.com/articles/nature24286

essentially dedicated sequencing factories.

The early 2000s saw a major paradigm shift, with a group of new se-
quencing technologies that achieved enormous advances over Sanger se-
quencing. These new methods — also called next-generation or massively
parallel sequencing — were dramatically faster, and required smaller
amounts of expensive reagents. These became commercially available

by around 2006 and greatly reduced sequencing costs, enabling individ-
ual labs to perform genome-scale sequencing projects for the first time.
Over the next few years one technology, owned by the company Illumina,
gained a dominant position in the DNA sequencing market and currently
enjoys a near-monopoly in high throughput sequencing 7°.

lumina’s approach 8 starts by attaching billions of DNA fragments to
a solid surface called a flow cell, which is similar to a microscope slide.
These are used to create colonies of identical single-stranded DNA frag-
ments. Sequencing proceeds using a sequencing by synthesis approach,
in which fluorescent nucleotides are added to the complementary strand
one-at-a-time. At each cycle of the experiment, one of the four possi-

ble nucleotides is added to each colony, depending on the sequence on
the template strand, and the corresponding colors are recorded. The se-
quence of colors for each colony indicates the correct sequence.
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[llumina sequencing is vastly more efficient than Sanger sequencing.
In Sanger sequencing each reaction must run through a separate elec-
trophoretic channel (a capillary, or lane on a gel); in contrast, Illumina
sequencing is only limited by the number of DNA colonies that can be
placed and imaged on a flow cell without overlapping.

However, an important limitation of Illumina sequencing is that the se-
quence reads are relatively short. The current main platform sequences
150 bp from both ends of a larger molecule (typically one might input
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Figure 1.48: Illumina flowcell. The image
shows a tiny part of a flowcell. Each dot repre-
sents a DNA cluster, and the colors indicate the
nucleotide added in the current cycle. Original image

source unknown.

Figure 1.49: Massively parallel short-read
sequencing, e.g., Illumina. Colonies of identical
single-stranded DNA fragments are attached to
a solid surface. Sequencing occurs through DNA
synthesis, as colored nucleotides are added one at
a time and imaged. Credit: From Figure 1, Jay Shendure et al.

2017. [Link]Used with permission.


https://www.nature.com/articles/nature24286

DNA molecules of perhaps 600 bp, and then sequence 150 bp from each
end). Modern Sanger sequencing reads are slightly longer, reaching up to
~800 bp. In sharp contrast, Third Generation methods, which we discuss
next, are routinely tens of kilobases and can reach megabase lengths.

Third generation sequencing. The 2010s have seen the emergence of a
third paradigm for sequencing, which for the first time involves direct
sensing of individual DNA molecules. At the time of writing, these are
lower throughput and with higher error rates than second-generation se-
quencing, but they can provide extremely long sequence reads of individ-
ual molecules, potentially even to megabase-length reads.

At present, the two leading commercial technologies are from Oxford
Nanopore Technologies and Pacific Biosciences. Oxford Nanopore’s ap-
proach measures electrical conductance of a DNA molecule as it passes
through a biologically-derived membrane channel (a nanopore). The dif-
ferent nucleotides can be recognized as producing different electrical sig-
natures. PacBio positions individual DNA polymerases inside a measure-
ment well that can accommodate a single DNA molecule. The well de-
tects light emitted by fluorescent nucleotides that are incorporated, one-
at-a-time, into a single growing DNA strand.

Third generation sequencing - va
(Real-time, single molecule) i( oA AQQ @CA
I ——

At present, the long-read technologies are lower throughput and more
error-prone than Illumina’s short-read platforms; a 2020 paper estimated
that the error rate per base pair for a single sequencing read can be as
high as 10% versus around 0.1% for Illumina 8. However, by sequencing
to high depth it is possible to achieve comparable overall accuracy, albeit
at higher cost per sample (about $5000 on the Nanopore platform for a
clinical-grade genome in 2022 82). We can expect error rates and costs for
3rd-Gen sequencing to continue to drop.

Moreover, 3rd-Gen long reads enable some applications that are difficult,
if not impossible, with short reads: these include sequencing of complex
regions of the genome, and haplotype phasing. 3rd-Gen long reads were
essential for the first truly complete human genome sequence, pub-
lished in 2022 8. Furthermore, we can anticipate new advances in this
space: for example, because these methods sequence individual molecules
without amplification, it’s possible to study DNA or RNA modifications
such as methylation. Lastly, Oxford Nanopore sequencing is performed
on portable USB devices that plug directly into a laptop — this makes it
practical for field applications such as infectious disease surveillance in
developing countries.

We can summarize the three main sequencing approaches as follows:
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Figure 1.50: Paired-end reads are a stan-
dard sequencing format on the popular Illumina
platform. This involves adhering both ends of

a larger DNA fragment to the flow cell, and
sequencing from both ends. The precise read
lengths and fragment sizes vary across applica-
tions.

Figure 1.51: Third generation single-
molecule sequencing. Technologies includ-
ing Oxford Nanopore and PacBio pass single
molecules through molecular sensing devices.
These can provide read lengths up to about 1 Mb.
Credit: From Figure 1, Jay Shendure et al. 2017. [Link]Used with permis-

sion.


https://www.nature.com/articles/nature24286

Sequencing Type ‘ Read Length ‘ Throughput ‘ Error Rates | Single molecule
1st Gen (Sanger) ~800 bp low low no
2nd Gen (e.g., [llumina) ~2x150 bp very high low no
3rd Gen (e.g., Nanopore, PacBio) | up to ~1 Mb medium high yes

Moore’s Law and the dropping costs of DNA sequencing. During the
last three decades, the increases in speed, and decreases in cost, of DNA
sequencing have been absolutely gobsmacking . It’s interesting to com-
pare the enormous improvements in the DNA sequencing industry to
gains in another industry, computing, which has famously benefited from
extreme miniaturization. Moore’s Law is an observation from the com-
puter industry that the number of transistors on a circuit chip doubled
roughly once every two years; this remarkable rate of progress fueled the
rise of computing.

DNA sequencing improved even more rapidly than Moore’s Law from
around 2007-2012, driven in large part by the transition to massively
parallel sequencing. Subsequent stagnation in costs partly reflects that
a single company currently controls the vast majority of the short-read
sequencing market 5.

Cost to sequence one human genome
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In the remainder of the chapter we will discuss the applications of se-
quencing in more detail, with an emphasis on “resequencing”.

Sequencing applications in human genomics. We can classify most
sequencing applications into three broad categories:

* Genome resequencing and polymorphism discovery. If we se-
quence your genome, and mine, what are all the places where we
differ from each other? The analysis is usually performed by iden-
tifying differences from the Reference Genome. These applications
are referred to as resequencing when analysis is based on compari-
son to a reference.

¢ De novo genome sequencing and assembly. How can we use se-
quencing to determine the genome of an unstudied species, or to
determine the human genome in regions of high structural com-
plexity and variability? Affordable 2nd- and 3rd-generation se-
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b “Back in 1990, sequencing 1 million
nucleotides cost the equivalent of 15 tons of
gold (adjusted to 1990 price). At that time,
this amount of material was equivalent to
the output of all United States gold mines
combined over two weeks. Fast-forwarding
to the present, sequencing 1 million
nucleotides is equivalent to the value of ~30
g of aluminum. This is approximately the
amount of material needed to wrap five
breakfast sandwiches at a New York City
food cart.” —Yaniv Ehrlich (2015).

Figure 1.52: The rapidly declining cost of
DNA sequencing. The blue line shows the
estimated cost to sequence one genome, from
$95M in 2001 to $700 in 2020. The black line
shows the Moore’s Law prediction, projected
forward fVOTI’l 2001. Credit: Redrawn from a figure and data by
the US National Human Genome Research Institute (NHGRI) [Link].


https://www.genome.gov/about-genomics/fact-sheets/DNA-Sequencing-Costs-Data

quencing have now enabled genome assemblies for many thou-
sands of different species, spread widely across the tree of life %.

¢ Sequencing as a molecular counting tool. Most of this is outside
our scope here, but since around 2005, there has been a huge shift
toward using DNA sequencing as the readout for a huge array of
molecular experiments: What are the expressed or regulatory re-
gions of the human genome in any given cell type? What regions
of the genome are amplified in a cancer cell? Which CRISPR guides
lead to better cell survival in a functional screen?

In the remainder of this chapter we focus on the first of these goals, which
is most essential for the topics of this book.

Genome resequencing and polymorphism discovery. Suppose we
want to characterize the genetic variation in a sample of individuals; or
perhaps we want to search for potential causal mutations in a child with
severe developmental delays; perhaps we wish to find driver mutations
in a cancer genome. How should we tackle these problems using current
technologies?

Ideally you might imagine DNA sequencing providing a fully accurate
end-to-end read-out of each chromosome. But no current technology can
provide this directly. Instead, in practice we must balance a desire for
high accuracy and completeness against considerations of cost and speed.
At present (writing this in 2022), most resequencing projects are using Il-
lumina short-read sequencing because Illumina reads are relatively cheap
and accurate ©. We discuss limitations below.

Resequencing with short reads. Remember that human chromosomes
are 50-250 Mb long, but what we get are billions of short reads of ~150bp.
To make matters worse, there is no easy way to indicate where in the
genome each read comes from. Indeed, most genome sequencing uses
what is called shotgun sequencing, in which we break the genome into
many small fragments, sequence them, and rely on our ability to make
sense of the sequence reads when we have them. One further challenge is
that all DNA sequencing comes with occasional errors (e.g., about 1 per
thousand nucleotides per sequencing read on Illumina %) and the data
analysis must be robust to this 9.

A common pipeline for sequencing human genomes is as follows:

e Extract DNA from a tissue sample, e.g., from blood cells. The initial
sample contains millions of cells (each with its own copy of the genome),
and so the DNA fragments that we sequence are a mixture of many dif-
ferent copies of the same genome;

e Smash up the genome into ~600 bp fragments of DNA for shotgun
sequencing;

e Map reads to a standard reference human genome (see below);

o Infer genotype differences from the reference (e.g., SNPs and struc-
tural variants)
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¢ In this section we focus on whole
genome sequencing (WGS). At the end
of this chapter we describe two alternatives:
exome sequencing, and genotyping.

d As we describe below, we usually have
many sequence reads spanning every posi-
tion in the genome. This allows us to correct
errors so that the final error rate in a fin-
ished sequence is much lower than the raw
rate per read.



e Interpretation of variation — for example, identifying disease-associated
variants.

The output from the sequencing machine consists of billions of short
DNA sequence reads. Since we don’t know in advance where each read
comes from, the first step of analysis is to map the reads to a reference
human genome. Conceptually you can think of read-mapping as being
like taking a string of nucleotides and sliding it along the genome se-
quence until you find a location where it matches — very much like fit-
ting a piece into a jigsaw puzzle. There are efficient computational algo-
rithms to do this. The matching process must allow for modest levels of
difference from the reference, as there may be SNPs, indels or sequencing
errors.
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As described above, read mapping assumes that a read only matches a
single location in the genome. But many sequences in the genome are re-
peated two or more times, so that it is ambiguous where a read comes
from. This is especially problematic in the most complex regions of the
genome, including centromeres, subtelomeric regions, ribosomal DNA
clusters, and other locations where large blocks of DNA are repeated
many times. Reads from transposable elements can also be difficult to
map (although this depends on size — smaller elements such as the 300
bp Alu repeat, are generally mappable as long as any part of a paired-
end read hangs off into unique sequence outside the element) 7. Collec-
tively, the most ambiguous regions are referred to as unmappable, and
cover about 10% of the genome 8. Third generation long-read sequenc-
ing is starting to resolve these regions that are inaccessible to short reads.

Genome coverage. A key experimental parameter for genome sequenc-
ing is referred to as read depth or genome coverage. These terms refer to
the average sequencing depth in mappable regions of the genome.

For example, if we sequence a DNA library to a depth of “30X coverage”,
this means that an average (mappable) position in the genome is covered
by 30 reads. 30X coverage is a commonly-used standard for high quality
genomes: this relatively high read depth ensures that with high proba-
bility we have good coverage of both chromosomes at every position in
the genome — as discussed next, this allows high-quality genotype calls
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Figure 1.53: Read mapping. Each paired-
end read is compared to the reference genome to
figure out where in the genome it came from —
much like fitting a piece into a jigsaw puzzle. For
a paired-end read we do not know the sequence
in the internal part of the DNA fragment, but
we do know the approximate size: for a correct
match both sequence ends should fit into the ref-
erence genome with a gap of a few hundred base
pairs between them. Low levels of mismatches
(in red) are allowed as these may reflect SNPs or
other types of variation.
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throughout the mappable genome. Since the human genome is about 3.1
GB this implies that we need ~100 GB of sequence data per genome.

SNP calling. Our next goal is to identify SNPs and other types of varia-
tion. When we see a mismatch between the sequence read and the refer-
ence genome this might indicate one of several possibilities: a homozy-
gous difference from the reference; a heterozygous difference; a sequenc-
ing error ¢. By getting deep sequence coverage of the genome we can dis-

tinguish these three scenarios:
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Figure 1.54: Reads tiled across a genome.
The number of reads (solid lines) that span any
given position is the coverage. In practice, the
reads are much longer relative to the reference
genome than shown here.

€ Recall that an allele that matches the
reference genome is known as the reference
allele. The allele that differs from the
reference is the alternate allele.

HeTerozysoTE
(AT

Figure 1.55: SNP calling from sequence data. Sequencing errors occur at a rate of about 0.1% of nucleotides in cur-
rent short-read data, but most of these mismatch the reference on only a single read. In contrast, homozyotes for the al-
ternate allele differ from the reference on all reads (or nearly all reads, again remembering that there is a low error rate).
Lastly, heterozygotes match the reference on about 50% of reads.

An error rate of one per thousand nucleotides might sound pretty good,

but it actually means that we get a lot more sequencing errors than actual

SNPs. So for example with 30X coverage, we'll get a sequencing error
roughly once every 30 bp, while true differences from the reference occur
less frequently — around once per 500-1000 bp. This issue is particularly
acute when we want to detect new mutations — as we’ll see in Chapter
1.5, these are extremely rare in the genome, occurring about once per 100
million base pairs. This means that we need multiple supporting reads to

confidently detect novel variants.

Lastly, one important point here is that while the read mapping tells us



where each read comes from in the genome, it cannot distinguish be-
tween the two homologous copies you have of each chromosome (the one
from mum and the one from dad). This means that at a heterozygous
site, we don’t know which allele comes from which chromosome. This is
another situation where long-read technologies can help out, by linking
together heterozygous alleles that lie on the same chromosome.

Larger structural variants. So that gives you a sense of how SNP detec-
tion works. How can we detect larger structural variants like large dele-
tions, using short reads?

Simplifying somewhat, we can think of two different kinds of informa-
tion to detect events that are much larger than the scale of a single read-
pair. First, most structural variants change the average depth of sequence
reads: for example a heterozygous deletion cuts the average read depth
to 50% of the genome average.

Second, structural variants may be recognized by the presence of read-
pairs that span unexpectedly large distances along a chromosome, incon-
sistent with the DNA fragment sizes.
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However, in practice, many structural variants can be difficult, if not im-
possible to detect using short-read data. One important reason is that
they are often associated with repetitive regions of the genome where
read mapping is extremely difficult; we’ll cover this further in Chapter
1.5. This is one area where the extremely long reads from 3rd-Gen se-
quencing are a real game changer compared to short reads. Long reads
can span right across high complexity regions and make it far easier to
detect the number and orientation of repeated elements and structural
variants.
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Figure 1.56: Detection of a deletion from
short-read data. Two homologous chromosomes
(maternal and paternal copies) are shown at the
bottom of the figure. The sequence read-pairs
that come from each are indicated by red and
blue lines above. Within the deletion the average
coverage is about 50% of the average, because
there are no red reads; we also see some read
pairs that span across the deletion. When we
map those back to the reference genome they
seem extraordinarily long. Note: In real-life
analyses we usually do not know which
homolog (the red and blue colors) each read
comes from.



Low-budget approaches to studying genome variation. So far we have
focused on whole genome sequencing (WGS) applications. But recall
that only a small fraction of the genome is involved in coding for genes
or controlling gene regulation. Given this, one might greatly reduce se-
quencing costs by sequencing only the functional regions. One approach
to doing this is called exome sequencing. Exome (from the words ex-
ons + genome) sequencing uses a lab technique to preselect all the DNA
fragments that span gene exons. Since exons only span about 1% of the
genome, this greatly reduces the necessary amount of sequencing.

The single biggest advantage of exome sequencing is reduced cost com-
pared to whole genome sequencing. The disadvantage is that obviously
it misses all the functional variation outside exons. Later in the book
we’ll discuss how severe disease mutations tend to be concentrated in ex-
ons, but lots of other important types of variation are outside exons, and
would be missed by exome sequencing. We may expect exome sequenc-
ing to become less relevant as sequencing costs continue to drop.

Genotyping. Last, I'll mention a completely different approach to mea-
suring a limited subset of the genome. The term genotyping refers to a
variety of different experimental methods that can determine a person’s
genotype at a specific set of pre-selected SNP positions (and nowhere
else in the genome).

Current commercial genotyping platforms measure between 500,000 and
2 million SNPs. Genotyping provides less information than a full genome
sequence—for example it cannot tell you if carry a rare mutation in a dis-
ease gene, as that mutation is unlikely to be included on the genotyping
array.

While exome sequencing and genotyping are both used to get a cheaper
look at a fraction of the genome, they have very different pros and cons.
Exome sequencing provides complete DNA sequence for arguably the
most important 1% of the genome. It is useful for identifying rare protein-
coding mutations. In contrast, genotyping gives a truly genome-wide
look at genetic variation but does not detect rare mutations.

However, genotyping is widely used because it can be applied to very
large numbers of samples, and is accurate and relatively cheap (less than
$100 per sample). If you have sent a DNA sample to a personal genetics
company such as Ancestry or 23andMe, they probably did not sequence
your genome, but instead used genotyping. Genotyping is also used in
many large-scale research studies. At the time of writing (2022), tens of
millions of people have been genotyped, either commercially or for aca-
demic research—far more than have been genome sequenced.

In summary, DNA sequencing technology has improved by more than 1 million-
fold in the last 30 years. This has enabled cheap resequencing of human genomes
for research and clinical applications; genome sequencing of thousands of diverse
species; and widespread use of sequencing as a molecular counting tool for many
applications. This continues to be a fast-moving area of innovation.
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1.5 Mutation: The ultimate source of genetic varia-
tion.

DNA is an exquisitely robust data storage system: a typical baby is born with
just mutation one per ~100 million base pairs (that’s about 70 genome-wide).
Nonetheless, mutations are central to our story, as they are the source of all ge-
netic variation, for good and bad, enabling evolution and causing disease.

The existential challenge of DNA storage and replication. Each cell

in your body carries a single precious copy of your genome. Errors in

the genomes of your germline cells (the cells that produce gametes) can
cause genetic diseases in your children; errors in somatic cells (cells of the
body) can lead to cancer or other diseases of aging. Thus, safeguarding
the integrity of the genome is a fundamental requirement for all cells.

And yet, every genome copy suffers a constant barrage of DNA damage:
i.e., events that create molecular alterations, or lesions, in the DNA. But
as we shall see, the vast majority of these lesions are repaired by DNA
repair pathways. Only a tiny fraction of these result in mutations —i.e.,
events in which DNA repair or proofreading fails, resulting in permanent
(uncorrectable) changes to the genome sequence of a cell.

It’s estimated that a typical cell suffers 70,000 lesions per day®®! The
metabolic processes playing out continuously within each cell produce a
variety of small nasty molecules such as reactive oxygen species that can
cause DNA damage ?. Meanwhile, hydrolysis reactions can cleave chem-
ical bonds in DNA 9°. External mutagens including x-rays and gamma-
rays, UV radiation (in exposed skin), and mutagenic chemicals such as
nicotine, alcohol, and asbestos cause further damage.

The resulting lesions include many possible nucleotide modifications in-
cluding addition and removal of methyl groups, deamination and
depurination (in which a base is released), chemical modifications such
as pyrimidine dimers in which adjacent thymines or cytosines form inap-
propriate covalent bonds parallel to the DNA helix.

Other damage events can cause breaks in the DNA molecule, includ-

ing single strand breaks (one strand of the double helix breaks, while
the other strand stays intact) or — much worse — double strand breaks,

in which the helix breaks apart completely. Double strand breaks must
be repaired rapidly to maintain cell viability. It's been estimated that a
mammalian cell suffers 55,000 single strand breaks and 25 double strand
breaks per day °'.

Moreover, the genome of 6 billion base pairs must be copied at every cell
division. DNA replication provides further opportunity for errors, either
when copying damaged sites that have not yet been corrected, or by er-
rors introduced in the copying process itself. A typical cell in your body
is descended through tens to hundreds of cell divisions — each involving

An Owner’s Guide to the Human Genome, by JK Pritchard. September 23, 2023. Original material distributed under a CC BY 4.0 license.

57

ATCCEATCCA
Th (;@cmcg&‘rm
|
ATCTGATCCA
/<1’ A@AQTA&GTM

Figure 1.57: A mutation is a change to the
genome sequence: in this example a C—T mu-
tation (also G—A on the other strand). A mu-
tation at a single position, like this, is referred
to as a single nucleotide mutation or point
mutation.

& There is a large literature on mechanisms
of DNA damage and repair, but most of this
will be outside our scope in this book, except
where it intersects with our main themes.
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Figure 1.58: Example of a DNA repair path-
way: Base Excision Repair. Here, a damaged
base (blue) is removed, and patched (red bases),
using the other strand as template. Cells suf-
fer thousands of DNA lesions per day, but
nearly all are repaired using pathways in-
cluding this. Credit: Amazinglarry [Link] Public Domain.


https://commons.wikimedia.org/wiki/File:BER_basic_pathway.svg

genome copying — since you were a single fertilized egg.

Clearly, protecting the genome against decades of spontaneous chemical
damage and mutagens, and accurate DNA replication through trillions of
cell divisions during one’s lifetime, is an existential challenge. Multicelled
organisms couldn’t survive if all this DNA damage resulted in perma-
nent changes in genomes.

Consequently, cells have evolved an exquisitely complex molecular ma-
chinery of proteins responsible for detection and repair of spontaneous
DNA damage, and for highly accurate DNA replication and proofread-
ing. And when DNA damage is so severe that it cannot be repaired — as
can happen with double strand breaks — there are alternate pathways for
programmed cell death.

As we shall see, the repair and proofreading pathways are absolutely
gob-smackingly effective, with germline mutation rates on the order of
one per billion base pairs per year.

Mutations and evolution. That’s very impressive... — you say — But aren’t
some mutations good? Don’t we also need mutations to enable adaptation? Yes
indeed, this is true. A tiny fraction of mutations are advantageous and,
over thousands of years, these are the drivers of evolutionary change.
Mutation enables what Darwin called “descent with modification”: if
there were no mutation, there would be no modification — and no evo-
lution.

This suggests a paradox: On average, mutation is bad for individuals,
but in the long-term mutations are necessary for species to adapt and
survive. As we shall discuss later, natural selection acts mainly on short-
term effects — in this case, the direct fithess cost of mutation — and lacks
the foresight to consider possible future benefits to the species (Chapter
2.6). Thus, selection generally favors mutation rates to evolve as low as
reasonably possible; fortuitously these rates are still high enough to en-
able adaptation 9> 93.

In the remainder of the chapter we discuss the rates and mechanisms of
mutations.

Germline mutation rates. In animals, there is a strict separation be-
tween cells of the germline (which produce gametes—eggs or sperm), and
the soma or somatic cells (which produce the body of the organism).

Mutations arise in both types of tissues, but they have very different im-
plications: germline mutations can be passed on to future generations
and, as such, they touch nearly every topic in this book; somatic muta-
tions are not passed on, but can lead to cancer and potentially other dis-
eases of aging.

Detecting germline mutations. We can detect de novo (new) germline
mutations by sequencing genomes of families. The example below shows
the sequencing of a family trio: both parents and a child. If the child has
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Figure 1.59: Molecular structure showing
repair of a damaged base. The DNA strands
are red and blue. The repair enzyme uracil gly-
cosylase is in green; it has flipped a nonstandard
base (uracil, in yellow) out of the red strand prior
to removal and correction by Base Excision Re-
pair. Credit: TimVickers [Link] Public Domain.


https://commons.wikimedia.org/wiki/File:Uracil_base_glycosidase.jpg

an allele that is not present in either parent, this must have arisen by mu-
tation, most likely in the germline of a parent %4:

-TACGAATT- -TACGAATT-
-TACGAATT=— -TACGAATT -
-TACGTATT—
-TACGAATT-

Starting around 2010, with access to 2nd-generation sequencing, there
has been a series of studies characterizing mutation rates in a variety of
populations 9. Several of the most extensive studies have come from the
genetics company DeCODE, based in Iceland 9. The plot below, from
DeCODE, shows a histogram of the number of single nucleotide muta-
tions per child, across a large sample of families:
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As you can see, a typical child inherits about 70 single nucleotide mu-
tations. Hmmm... does that seem like an awful lot of mutations to you?
Well, bear in mind that only about 1% of the genome is protein coding,
so a typical child will have about o—1 mutations in protein coding re-
gions, and perhaps a couple more in regulatory regions. Most of these
will not have detectable effects. It's been estimated that about 1.5% of
children are born with a loss-of-function mutation, such as premature
stop, in a highly constrained gene. Such mutations are a major cause of
childhood developmental disorders 97.

We are now ready to estimate the genome-wide mutation rate. The hu-
man genome is about 3.1 GB, but in the study above they could only get
high-quality sequence data for about 2.68 GB (i.e., excluding repetitive re-
gions). Remembering that each child gets two genome copies (one from
each parent) we can estimate the average mutation rate as the average
number of mutations divided by the sequenceable genome size P:

70 muts
2. (2.68 X 109) bp

=1.3 x 107® muts/bp (1.1)
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Figure 1.60: Single nucleotide mutation in
a child. De novo mutations can be detected by
genome sequencing of family trios: here, both
parents are homozygous for A, while the child is
a T/A heterozgygote.

Figure 1.61: Number of new mutations per
child. The plot shows the distribution across
children in many families.

Credit: Figure 1d of Hdkon Jonsson et al (2017). [Link] Used with

permission.

b The human mutation rate is about

1.3 x 1078 mutations per base pair per
generation, or just slightly more than one
mutation per 100 Mb. This is a
fundamental parameter, and useful to
remember.


https://www.nature.com/articles/nature24018

We’ll see shortly that mutation rate increases linearly with the age of the
parents; this estimate is for an average parental age of 30. Equivalently
this corresponds to a mutation rate of about 4.0 x 1071° per base pair per
year of the parent’s ages.

DNA replication is remarkably accurate. At this point I like to empha-
size that DNA storage and replication is just remarkably, astonishingly,
accurate. The DNA in your parent’s germ cells was stored for 2—4 decades
or more, and replicated hundreds of times, with an aggregate error rate
of just one point mutation per 100 million base pairs %!

To put this in perspective, compare this to the process of copying books.
Before the invention of the printing press, medieval scribes used to make
hand copies of the Bible and other texts. The Bible contains about 700,000
words, or about 3.5 million letters. So to be as accurate as DNA replica-
tion, a scribe would have to copy almost 30 Bibles with just a single letter
mistake. (In truth, hand-copying of texts was notoriously error-prone and
medieval scholars were known to grumble about the “foolish” mistakes
of their scribes 99.)

More mutations in older parents; more mutations in dads. In 1912, the
German doctor Wilhelm Weinberg (of Hardy-Weinberg fame) reported
that children with a skeletal defect called achondroplasia had older-than-
average fathers. During the following 60 years, similar patterns were seen
for several severe dominant diseases: namely, that the risk of disease in-
creases with parental age, and especially with the ages of fathers.

Although it was not yet possible to sequence the mutations directly, these
disease cases were interpreted as arising from de novo mutations in the
parents. Here’s an example from a 1987 paper, before the genes for
achondroplasia and most other diseases were known:

Achondroplasia

- n=152
60}
o/E |
40}
20}
05" % a2 =2

PATERNAL AGE

These, and other, observations were taken as indirect evidence that the de
novo mutation rate increases with age, and is higher in fathers °° ™.

A century after Weinberg’s work, this hypothesis was confirmed, with
sequencing studies showing that
e The number of mutations per child increases roughly linearly with
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Figure 1.62: Medieval book copying (1148).
A scribe would have needed to copy 30 Bibles
with just a single mistake to be as accurate as the
transmission of human DNA from one genera-
tion to the next. Credit: British Library article [Linkl; Digitized
Worms Bible [Link]; Public Domain.

Figure 1.63: Pre-genome era evidence that
mutation rates increase with age (1987). The
plot shows that rates of achondroplasia increase
with paternal age; the y-axis is prevalence in
each age-bin, divided by mean prevalence. Credit:
Modified from Fig. 1 of Neil Risch et al (1987). [Link]


https://blogs.bl.uk/digitisedmanuscripts/2020/04/illuminating-the-worms-bible.html
http://www.bl.uk/manuscripts/Viewer.aspx?ref=harley_ms_2803_fs001r
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1684215/

parental age, with a much higher slope in dads;
e Dads have higher mutation rates at all ages (by a ratio of 3:1 if dad and
mum are the same age '°?), as you can see below:

Dads: +1.5/year « -

o071 Figure 1.64: Numbers of new mutations

from each parent, as a function of parental
age. Each data point shows counts for a single
child. The increase in mutation counts as a func-
. tion of parental age is statistically significant

30 L i » . Mums: +0.37/year in both sexes. Credit: Modified Figure 1e of Hikon Jénsson et al

’ (2017). [Link]
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This plot emphasizes that the kids of older parents (especially older dads)
inherit a lot more mutations. In fact, if you look back at the histogram of
the number of mutations inherited per child — ranging from around 40—
120 — most of this variation can be explained by differences in the ages of
the parents (plus random sampling variation) 3.

Mutation rates for other types of variation, including STRs and structural
variants, are also higher in males than in females **4. But there’s one im-

portant exception to this rule: chromosomal segregation errors — such as
Down Syndrome, caused by transmission of three copies of Chromosome
21 — are mainly from meiosis errors in mums. We’ll cover this at the end
of the chapter.

For decades, the higher mutation rates in males were believed to reflect
the fact that there are more cell divisions in the male germline than in

the female germline. But as we’ll discuss shortly, recent work suggests
that most mutations are due to spontaneous damage rather than cell divi-
sions.

Mutation rates in somatic tissues. So far we have been talking about
the rates of inherited (i.e., germline) mutations. Mutations also occur
within the tissues of our bodies; these are important as drivers of cancer,
and also likely contribute to some diseases of aging '°>. How do somatic
mutation rates compare to germline mutation rates? How do they vary
with age, and across tissues?

It turns out that it is much more difficult to study somatic mutations,

than germline mutations. Since mutations occur very rarely in the genome
(as low as 1 mutation per 108 base pairs), the sequencing error rates have
to be extremely low, otherwise errors will outnumber true mutations de-
tected. For studying inherited mutations, we can generally assume that

all cells in a tissue sample from a child will carry the same mutations. In
contrast, for somatic mutations, mutations that occur early in develop-
ment may be carried by most or all of the cells in a tissue, but mutations
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that occurred recently may be carried by only one or a few cells. Thus, to
get accurate somatic mutation rate estimates we need to be able to detect
mutations that are present in a single DNA molecule.

Recent techniques based on so-called duplex sequencing make this possi-
ble . In short, both strands of the same DNA helix are used as inde-
pendent templates for PCR amplification and sequencing. Variant nu-
cleotides are only confirmed as mutations if they are observed from both
strands.

Using these methods, recent work has provided the first direct measure-
ments of somatic mutation rates *°7. As you see below, these tend to accu-
mulate roughly linearly with age, similar to germline mutations. Overall
rates are roughly 20-50 times higher than for germline, though still ex-
ceedingly low in absolute terms °5.
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One other key observation is that the mutation rates in different tissues
are not strongly related to rates of cell division, suggesting that a large
fraction of mutations arise from spontaneous damage instead of errors
in DNA replication. For example, in the plot above, cortical neurons and
urothelial cells undergo little or no cell division, but nonetheless have
fairly typical mutation rates **. If you recall that a typical cell is esti-
mated to suffer ~70,000 genome lesions per day, this implies that only
around one lesion per million actually results in mutation.

Mutation rates in cancer. There’s one important exception to the rule
that human mutation rates are very low: cancer.

Cancer refers to a collection of diseases in which somatic cells start to
replicate in uncontrolled manner. In healthy tissues, cell replication and
cell death are tightly constrained. As we shall see in Chapter 4.3, cancers
are evolving systems that gain the ability to expand without the usual
constraints. Typically, the transition into a full-blown cancer state in-
volves multiple mutations across a collection of genes that suppress or
enhance cell division. Mutations that enable faster cell division or metas-
tasis are selectively favored within a developing cancer, even though they
are severely detrimental to survival of the patient.

Consequently, some cancers arise cells with particularly high rates of ex-
ogenous damage; for example, skin cells that are exposed to UV light suf-
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Figure 1.65: Mutation accumulation in so-
matic tissues. A. Average numbers of muta-
tions per cell in individuals of different ages for
bladder and colon. B. Rates of mutation accumu-
lation per year in different tissue types.

Credit: From Figure 3 of Federico Abascal et al (2021). [Link] Used with

permission.


https://www.nature.com/articles/s41586-021-03477-4

fer high rates of DNA damage (this is why you should wear sunscreen!).
Secondly, many cancers actually evolve high mutation rates, by gain-

ing mutations in DNA repair or proofreading genes. Cancer cells with
higher mutation rates are more likely to accumulate additional key mu-
tations that increase rates of cell division or metastasis. This leads to in-
direct positive selection on so-called mutator genotypes. The plot below
shows numbers of mutations (per megabase) across a broad range of can-
cer types. At the high end, these numbers are 100-1000-fold higher than
in healthy somatic tissue.
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Figure 1.66: High mutation prevalence in cancer. Mutation rates per megabase for different cancer types. Each data
point shows the rate in a different patient; horizontal red lines show the median for each cancer. Notice that for many can-
cers the numbers are in the range of 1-100 mutations per megabase; higher than mutation numbers in healthy somatic
tissue (~0.1-1 per MD). creiit: Figure 1 of Ludmil Alexandroo et al (2013). [Link] Used with permission.

Types and mechanisms of mutations. Up to now, we’ve been focusing
on single nucleotide mutations, and ignoring distinctions between differ-
ent types of mutations. But you'll remember that the genome contains
many different types of variation — including indels, STRs, and struc-
tural variants. These different types of mutations occur at widely varying
rates, and this fact greatly influences the distribution of genetic variation
and disease.

The table below shows estimates of germline rates for important subtypes
of single nucleotide mutations, as well as a range of other events '*°. As
we will explain shortly, the molecular mechanisms vary widely across
different types of mutations, leading to widely varying rates.

As you can see below, single nucleotide mutations make up the majority
of all mutations, but some other types of errors — notably STRs — occur
at very high rates in particular sequence contexts. Meanwhile, although
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structural variants occur at low rates, they are important because they
can affect large genomic regions within a single mutational event:

Mutation Type Number | Rate per site

Single Nucleotide 70 1.2 x 1078
Transition (non-CpG) 35 6.2 x 107
Transversion (non-CpG) 21 3.8x107°
CpG Transition 12 1.1 x 1077
CpG Transversion 1 9.6 x 1077

Mitochondrial DNA | 001 6 x 1077

Small Indel ~5 8.2x 1071
(70% deletion; 30% insertion)

Short Tandem Repeat* >85 5x107°
(30% contraction; 70% expansion) (average)

Structural Changes* >0.16
(60% deletion; 30% duplication®)

Aneuploidy (live birth*) ‘ ~1/160 ‘

We’ll now give a brief overview of types of mutations and mechanisms;
this is a large and complex area, so my goal here is to give you an intro-
duction to some of the key points, and not to be comprehensive.

Single nucleotide mutations: Transitions, transversions, and CpGs.
Starting with single nucleotide (“point”) mutations, the first key clas-
sification are transitions and transversions. To understand these, recall
the chemical structure of DNA. Each rung in the DNA ladder contains
a purine (A or G) paired with a pyrimidine (C or T). Purines have two
rings, and pyrimidines have one ring. A transition switches one purine

for another (on the other strand that’s switching between pyrimidines); a

transversion switches from purine to pyrimidine, or vice versa.

Avewine (R) Guanine (&)
NH, 0
M. TRANSITIoNS N W
PurinES (jf\)” — 7l jﬁk)\
N N7 N \N NH,
H H
TRANSVERS NS
NH, o
PYRIMioneS | /1 — T{\/‘C
Noo noo
Cytosme(o) THYMINE (T)

The reason this matters is that because the purines (and similarly the
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Table 1.5: Genome-wide mutation mu-
tation counts and rates. Estimated average
numbers of mutations per child, genomewide;
all numbers are approximate and assume

an average parental age of 30. Note that al-
though structural mutations are relatively
rare, they often affect tens of kilobases or
more of DNA sequence. *Estimates are from short-read
data and detect a restricted subset of mutations, especially for structural
variants. STR rates vary widely across motif lengths and types. t Other
structural variants not listed include TE insertions and more-complex
events. * Aneuploidy rates at fertilization are much higher. Credit: modified

from an unpublished table by Ziyue Gao.

Figure 1.67: Transitions and Transversions.
Transition mutations switch between purines (2
rings) or between pyrimidines (1 ring); transver-
sions switch between types. Transitions switch
between similar molecules and occur at higher
rates than transversions.



pyrimidines) resemble each other, the most frequent errors are transi-
tions: i.e., they swap between purines, or between pyrimidines. If all pos-
sible point mutations occurred at equal rates, we would expect only 1/3
of mutations to be transitions (count the blue arrows versus red arrows,
above). But transitions occur at nearly twice the rate of transversions, so
that around 2/3 of point mutations are transitions.

There’s one special type of point mutation that is particularly important:
CpG mutation. In many organisms, including mammals, cytosine can
optionally carry a methylation side group. In mammals this occurs al-
most exclusively when C and G occur at successive nucleotides: i.e., 5'-
C-G-3/, known as a “CpG”. (The 'p” in CpG represents the phosphate
that connects successive nucleotides on the same strand, and distinguishes
this from the base pairing of G and C on opposite strands.) CpG methy-
lation plays a critical role in preventing undesirable gene expression; con-
sequently most CpGs in the genome are methylated except near the tran-
scription start sites of expressed genes.

This is relevant here because methylated cytosines can spontaneously
convert to thymine. If these are not properly repaired, they cause C—T
mutations. These mutations occur at a very high rate, ~20-fold higher
than other transition mutations.

A. CYToSINE B. §- METHYL C. THYMINE
CYTOSINE
NH, NH, 'O
CHa

SN
N NH
\ j’ METHYLANON [ )\ DE AM/NATON k
N\ N N o AN NS 6 N/\ o)

H H H
Another important special category is for mitochondrial DNA, in which
mutation rates are even higher than at CpGs. Mitochondria evolved from
bacterial symbionts early in the evolution of eukaryotes; they still main-
tain a small circular genome of 16 kb with 37 genes. DNA repair path-
ways in mitochondria are more limited than in the nuclear genome, and
one important pathway (mismatch repair) may be absent ***. Conse-
quently the point mutation rate for mitochondrial DNA is about 50-fold
higher than in the main genome, at about 6 x 107 per base pair per gen-
eration "2, As we shall see later, the high mutation rate of mitochondrial
DNA made it an important target of study for early work on human ori-
gins, when DNA sequencing was technically challenging and expensive
(Chapters 3.2 and 3.3).

N

Short Tandem Repeats. Some of the highest error rates in the genome
occur at short tandem repeats (STRs). Recall that STRs consist of long
strings of a repeated motif such as CACACACA.... It turns out that it’s
difficult for cells to copy these long strings accurately. The main type of
error consists of adding or subtracting one repeat. STR mutation rates

65

CPG METHYNLATION
ACTCGEAC
TGAGC T(;.F><

(me)

Figure 1.68: CpG Methylation. Most cy-
tosines in a CpG context carry an extra methyl
group; cytosine methylation plays an essential
role in gene silencing in mammals. Methylated
Cs are highly mutable.

Figure 1.69: Chemical structure of cytosine
methylation and mutation. Most cytosines
(A) become methylated (B) when they are in a
CpG context. Methylated-C is prone to spon-
taneous deamination, which results in thymine
(C). The thymine would be opposite a G on the
other strand which tells the cell it must be re-
paired. Rare failures to repair the T result in
C—T mutations.



have been estimated at a rate of 3 x 10~* per STR per generation for two-
nucleotide repeats, and 1 x 1072 for four-nucleotide repeats-making these
mutation rates as much as a hundred thousand-fold higher than for sin-
gle nucleotides™*3. Due to their extremely high mutation rate, STRs are
highly variable from person-to-person. For this reason STRs are the most
commonly-used genetic marker for “DNA fingerprinting” in forensics.

The high rates of STR mutation are due to a process known as replica-
tion slippage, in which one strand loops out during DNA replication,
leaving one or more repeats unpaired:
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§S—GTGT, 46T6T—»
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Some STRs play important roles in functional variation and disease: for
example in Chapter 1.3 we discussed an STR of CAG repeats within the
coding sequence of the Huntingtin gene. The number of repeats is highly
mutable; that’s ok as long as the number of repeats stays within the nor-
mal range — up to 35 in this gene — but longer STRs cause Huntington’s
disease. Similarly, noncoding STRs sometimes affect gene regulation and
contribute to complex traits *'4.

Structural variants. Lastly, structural variants-including deletions, dupli-
cations, inversions, and more-complex changes in copy number — are an-
other major feature of genetic variation and disease risk, and of genome
evolution over longer timescales.

Broadly speaking, most structural mutations are likely due to a few main
processes including recombination errors > and DNA replication er-
rors 11°. For both of these processes, repetitive sequences play impor-
tant roles in confusing the cellular machinery, leading to structural mu-
tations. Alternatively, other events may arise from erroneous double
strand break repair of damaged DNA, which does not require large-scale
sequence homology and hence is not strongly clustered in repetitive re-
gions 7.

The first of these mechanisms, i.e., recombination errors, occurs through

a process called NAHR (non-allelic homologous recombination). In
NAHR, a DNA sequence that is repeated within a genomic region causes
misalignment of homologous sequences during meiosis (i.e., the sequences
are homologous, meaning that they are (nearly) identical copies of a sin-

gle original sequence, but non-allelic, meaning that they are from distinct
chromosomal locations. If a recombination event occurs within the mis-

66

Figure 1.70: Replication slippage model
of STR mutation. During DNA replication
one strand bubbles out to form a short single-
stranded loop, with standard DNA base-pairing
on either side of the loop. This causes either loss
(B) or gain (C) of repeats, depending on whether
the loop is on the template or replicating strand.



aligned sequences, this leads to structural changes.

As can be seen here, deletions and duplications can be viewed as alterna-
tive products of NAHR, when the repeats are oriented in the same direc-
tion. Alternatively, NAHR between inverted repeats leads to inversions.

A. ALieyed RepPeaTs B. INVERTED REPEATS
P - e
XCeossovEQ lDMA
: > ; LOOPING
J, CKassoVE&i v
— —
DELETION l
DuPeicaTION INVERSION

As a rule, deletions and duplications are more likely to have functional

consequences, because they change gene dosage (i.e., the number of copies

of genes contained within the region). Since expression of a gene is, usu-
ally, roughly proportional to its dosage, this can have functional conse-
quences including possibly genetic diseases, if the affected region con-
tains so-called dosage-sensitive genes. In contrast, inversions do not
change copy number, and are less likely to cause major effects.

One genomic region that is susceptible to NAHR is at a locus known as
17p11.2 that is responsible for a pair of neurological disorders ©. The car-
toon below shows that the DNA sequence marked in white (CMT1a-REP)
appears twice in the region, separated by 1.4 Mb. As discussed above,
the two Chromosome 17 homologs can misalign at the repeated region
during meiosis; if recombination takes place this, produces both a dupli-
cation and a deletion product. This event occurs at a rate'*® of about 10~*
to 102, which is low in absolute terms, but far more frequent than spe-
cific point mutations.

A. Mispairing of parental homologs during meiosis

1.4 Mb

A
[ )

CMT1A-REP CMT1A-REP
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PMP22

17p12

PMP22

otz (N

CMT1A-REP

\ 4

B. Alternate products of nonallelic recombination

| .

CMT1A-REP
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Tandem duplication (CMT1A)

The affected region contains a dosage-sensitive gene named PMP22 which
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Figure 1.71: NAHR model. A genomic re-
gion contains a pair of repeated elements, in
green and red. If these misalign during meiosis,
cross-over events lead to rearrangements: either
deletion/duplication products if the elements are
oriented in the same direction, or inversions if
they are oriented in reverse orientations. In B,

a loop has formed allowing incorrect cross-over
between sequences within the same chromosome.
Redrawn from Figure 1 of Lee and Lupski (2006) [Link]

¢ The 17p11.2 notation uses a classical
naming system for chromosome regions
that were visible by microscopy prior to the
genome sequencing era. This indicates a
locus on the p-arm of Chromosome 17 at
cytological band 11.2.

Figure 1.72: NAHR mechanism at the
Charcot-Marie-Tooth (17p11.2) locus. The
CMT locus is shown as a series of colored blocks
for each of the two parental homologs. A dupli-
cated sequence (in white, labeled CMT1a-REP) is
present twice, 1.4 Mb apart. A. During meiosis
the duplicated region can mispair, potentially
leading to NAHR. B. NAHR can produce two
products: either the entire region is duplicated, or
deleted. credit: Modified Figure 1 from Harrison Pantera et al. 2020

[Link] Used with permission.


https://doi.org/10.1016/j.neuron.2006.09.027
https://www.sciencedirect.com/science/article/pii/S0006899319305451

encodes a peripheral nerve myelin protein. Individuals with the duplica-
tion (leading to over-expression of PMP22) suffer from a peripheral neu-
ropathy called Charcot-Marie-Tooth, while individuals with the deletion
(and under-expression of PMP22) have a different neuropathy with dis-
tinct symptoms 19 12°,

The example above illustrates a common mechanism in which large low-
copy repeats surround a dosage-sensitive gene, driving recurrent genetic
disorders. That is a relatively simple example, but because repeats can
drive structural mutations, repeat-dense regions can become crucibles

of repeated structural mutations. In some genomic regions, the different
haplotypes vary greatly in terms of overall structure, repeat content and
orientation "**. One such example is shown below:

chr15q13.3
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This region is also noteworthy because it is home to a pair of deletion
syndromes called Prader-Willi and Angelman Syndromes 9. These are
caused by deletions that occur between the two maroon arrows, labeled
CNPB. Based on the NAHR model that we discussed above, the authors
propose that this deletion may be restricted to haplotypes where the
CNPp arrows point in the same direction, as in Haplotype II.

In the last part of the chapter, we return to some broader topics about the
overall patterns and distributions of mutations.

The puzzle of male-driven mutation.
the point that most mutations (around 75-80% in humans) come from fa-
thers '#*? Why?

For decades there was a standard explanation for this. The key idea was
that DNA replication during cell division is the main driver of mutation,
and there are many more cell divisions in the male germline than in the
female germline, as follows.

Both males and females go through about 30 rounds of cell division early
on, as the embryo is developing. If the developing embryo is a girl, they
develop into nearly-mature egg cells, and then stop development. Later,
when she is an adult, each egg cell completes development right before it
is released in ovulation. In contrast, in males, the germ cells that produce
sperm stop dividing until shortly before puberty, but after puberty they
continue to divide throughout life.
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Early in this chapter we discussed

Figure 1.73: Complex repeat structure at the
Prader-Willi/Angelman Syndrome (15q13.3)
locus. Repeated sequences are shown as directed
colored arrows. Based on sequencing of healthy
individuals, authors identified five common hap-
lotypes that differ in content or orientation of re-
peat units. Notice here the diversity of repeat
structures and orientations across common
haplotypes, typical of repeat-rich regions of
the genome. Credit: From Figure sc of David Porubsky et al.
2022 [Link] CC-BY-NC)

4 It's outside our main focus here but the
15913.3 deletion syndromes have a remark-
able inheritance pattern. When the dele-
tion is inherited from the mother, it causes
Angelman syndrome (developmental dis-
abilities and motor defects); when it comes
from the father, it causes Prader-Willi Syn-
drome (chronic overeating and related health
issues). The difference arises because the re-
gion is imprinted: the gene UBE3 is only
expressed from the maternal copy and loss
of UBE3 causes Angelman; in contrast,
SNRPN is only expressed from the paternal
copy and its loss causes Prader-Willi [Link].


https://www.sciencedirect.com/science/article/pii/S0092867422004640
https://www.nature.com/scitable/topicpage/imprinting-and-genetic-disease-angelman-prader-willi-923/

This argument helps to explain why older dads transmit more mutations
than younger dads. It’s also tempting to explain the excess of mutations
from dads compared to mums simply as a result of the far greater num-
ber of cell divisions in males.

But this calculation also suggests another prediction, namely that the frac-
tion of paternal mutations should increase as the parents get older, be-
cause the male germline accumulates more and more cell divisions with
age, while the female germline does not. Using modern data we can test
this. Do we see this pattern in the data? Unfortunately for the number-of-
cell-divisions model, we do not:
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As you see above, the fraction of mutations from dads is around 80% at
all ages. Moreover, we now have data from many different mammals,
with a wide range of generation times. In all these species males have
more germline cell divisions than females, but the precise ratio varies
widely depending on the specific details of development, age at puberty
and reproduction. But, oddly enough, the fraction of paternal mutations
is remarkably similar across all these species. These show only a very
weak increase with generation time, across species whose generation
times range from weeks to decades.
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These results, as well as other analyses >3, suggest that the standard
story based on number of cell divisions is not correct. Instead they point
to a model where most mutations are not due to DNA replication, but
are caused by DNA damage, accumulating steadily with age. (Remember
that cells suffer thousands of lesions a day, and if only a tiny fraction of
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Figure 1.74: Fraction of paternal mutations
as a function of dad’s age. Each point shows
data for one child; the blue line is the regression
fit. Under the model where this is controlled

by number of cell divisions we would expect a
strong positive slope; the fact that the slope is flat
argues against this model. Note that the parental ages are
matched in this analysis. Credit: Figure 1 from Ziyue Gao et al, 2019

[Link].

Figure 1.75: Proportion of paternal muta-
tions in different mammals as a function
of generation time. This proportion is surpris-
ingly consistent around 75% even though these
species vary greatly in terms of generation time,
and the ratio of male:female germline cell divi-
SIONS. Credit: Kindly modified by Marc de Manuel Montero and Felix
Wi, based on Figure 3B from Felix Wu et al, 2020 [Link] CC BY 4.0


https://www.pnas.org/doi/abs/10.1073/pnas.1901259116
https://doi.org/10.1371/journal.pbio.3000838 

that is not properly repaired it results in mutations.) We know that there
is at least some contribution from non-replicative mutations (i.e., caused
by damage), because the mutation rate increases with age even in moth-
ers (albeit slower than in dads), even though mother’s germ cells are not
dividing.

In summary, the current data suggest that non-replicative mutations are
the main driver of germline mutation, but we have to assume that these
rates are about 3x higher in testes than in ovaries. It's not known yet
why the rate is so much higher in testes, although this does seem to be

a broadly conserved feature across at least mammals, birds and reptiles
124

The puzzle of chromosome segregation errors. There’s one huge ex-
ception to the rule that genome errors are rare, and male-biased, and
that’s for aneuploidy — i.e., cases where a cell does not carry the correct
set of chromosomes: i.e., 23 pairs for a diploid human cell © .

In sharp contrast to mutations, aneuploidy is inherited mainly from moth-
ers, especially older mothers. For example, around 93% of Down Syn-
drome cases (3 copies of Chromosome 21) come from chromosomal er-
rors in the egg '*5. Furthermore, the rate of Down Syndrome increases
dramatically with the age of the mum: from less than 0.1% in 20-year old
mothers to around 1% at age 40 and 3% at age 45.

2 e
= m @ Ok
0 o o o &

(%]
=

Prevalence {per 10,000 live births)

o

=20 20-24 25-29 30-34 35-39 A0+
Mother's Age (years)

And Down Syndrome is really just the tip of the iceberg: it’s possible for
oocytes to carry gains or losses of any of the chromosomes. However, for
most other possible aneuploidies, the resulting embryos fail to develop
properly, let alone to survive to full term pregnancy.

It turns out that in older women a strikingly large fraction of oocytes
carry at least one aneuploidy: by about age 45, more than 50% of oocytes
in a typical woman carry chromosomal defects 2 127, In contrast, aneu-
ploidy rates in sperm are around 1—4% 2. As well as causing chromoso-
mal disorders including Down Syndrome, these high rates of aneuploidy
are a lead cause of infertility among older women:
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¢ Aneuploidy is not a mutational process,
but we cover it in this chapter under the
broad umbrella of the types of genome alter-
ations that can be transmitted to a zygote.

£ See also Chapter 1.3 for more about
aneuploidy.

Figure 1.76: The prevalence of Down Syn-
drome (Trisomy 21) increases rapidly with
mother’s age. Credit: CDC educational materials. [Link]. Public

Domain.


https://www.cdc.gov/ncbddd/birthdefects/downsyndrome/data.html
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Earlier in this chapter I emphasized how extraordinarily accurate DNA
storage and replication are. Thus, by contrast, female meiosis is remark-
ably error-prone.

The molecular mechanisms for this are currently an active research area
29, but in broad strokes they are related to a very curious aspect of how
egg cells develop in mammals. During fetal development, female germ
cells migrate to the ovaries, where they undergo several rounds of mitotic
cell division. A subset of the cells then enter meiosis to produce mature
oocytes. Recall that meiosis is a process involving two rounds of cell divi-
sion that produce haploid gametes.

Oddly enough, in normal female development, egg maturation halts in
the middle of the first round of cell division, known as Meiosis 1. The
oocytes must then wait, for decades (!), until they are re-activated prior to
ovulation. At that point, the homologous chromosomes are pulled apart
to complete Meiosis 1. Meiosis 2 is completed later, upon fertilization.

While they are waiting to complete Meiosis 1, the homologous chromatids
are tethered together by a protein complex called a kinetochore, as well

as at crossover sites (which result in recombination). The chromatids sit
in this tethered configuration for up to 40+ years until they are pulled
apart by the meiotic spindle to complete cell division. It seems that mul-
tiple components of the meiotic machinery may deteriorate with age, in-
cluding the kinetochore, and the assembly of the meiotic spindle '3° 131,

So, from an evolutionary point of view, why are aneuploidy rates in fe-
male meiosis so high? Curiously, it does not seem that female meiosis
has evolved to minimize the rates of aneuploidy. A first line of evidence
comes from analysis of crossover points. Crossovers in females are set up
during fetal development and play an essential role in stabilizing the ho-
mologous chromatids for the completion of Meiosis 1. In human females
(but not in males), about 25% of crossover sites are not fully assembled,
and these incomplete cross-overs are a major driver of trisomy 21 '32.

Secondly, the meiotic spindles (which pull the chromatids apart) are actu-
ally less stable in human oocytes than in other mammals '33. Somewhat
perplexingly, this is because human oocytes do not express a key spindle-
stabilizing protein, KIFC1, used by other mammals (and also used in
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Figure 1.77: High rates of trisomic oocytes
in older women. The fitted curves show total
trisomy rates across all chromosomes, at two
developmental timepoints. Plotted points are
for individual patients. As you can see, trisomy
increases rapidly after age 35. Credit: From Figure 1¢ of

Jennifer Gruhn et al (2019) [Link] Used with permission.

@ Kinetochores &0 Chromosomes

Figure 1.78: Kinetochores (purple) can drift
apart in human oocytes. In Meiosis 1 each
chromosome pair consists of two pairs of sister
chromatids; each of the four chromatids has its
own kinetochore (purple). (A) When pairs of
chromatids are tightly bound, there are two pur-
ple dots, one for each pair of sister chromatids;
(B) when the sister chromatids drift apart, all
four kinetochores can be seen. Separation of kine-
tochores increases with age and is thought to
contribute to aneuploidy. Credit: Figure 2 from Agata
Zielinska et al, 2015. [Link]


https://www.science.org/doi/abs/10.1126/science.aav7321
https://elifesciences.org/articles/11389

human mitotic cells). This hints that human spindles have specifically
evolved to be unstable.

It’s not yet clear why meiosis may have evolved to be more error-prone
than strictly necessary. One intriguing type of explanation is that oocytes
are known to be susceptible to the evolution of “selfish” centromeres that
hijack the process of meiosis to increase their chances of transmission
(known as centromeric drive). Error-prone meiosis may evolve as either
a consequence of centromeric drive, or as an antidote to it. For more on
this, see 34. A second type of explanation notes that maximizing fertility
may not always lead to higher female fitness, especially in humans and
other primates, which makes high investments in each offspring. In this
hypothesis, since most aneuploidy leads to failure of implantation, aneu-
ploidy serves to lower female fertility in an age-dependent fashion *35.

In summary, the genome is astonishingly well-protected against mutations; most
inherited mutations come from fathers, and mutation rates increase with parental
age in both sexes. In contrast, most aneuploidy comes from meiosis errors in
older mothers, for reasons that are still not entirely clear.

In the next section of the book we will talk about the inheritance of mutations
within families and within populations. Some mutations are inherited within
populations for thousands of generations, or even eventually spread throughout
an entire species.
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Part 2.

Population genetics: the forces
that shape genetic variation

In Part 2 we turn our attention to Population Genetics: the study of the pro-
cesses that shape genetic variation. The key forces are mutation (Chapter 1.5),
drift, recombination, and natural selection.

Population genetics is unusual in biology in having a powerful theoretical frame-
work that allows us to understand many different phenomena in terms of spe-
cific, formal models. Here we go through the key models, and show how they shed
light on aspects of human variation. We start with an overview of neutral mod-
els, and then show how these are extended to study natural selection.

Specifically, we will cover the following:

Chapter 2.1: Genetic drift and the most fundamental model in population ge-
netics: the Wright-Fisher model.

Chapter 2.2: The Coalescent, which models the inheritance of genetic material
backwards in time and is a hugely powerful tool for many problems.

Chapter 2.3: Shared inheritance at linked sites in the genome causes genotype
correlations called linkage disequilibrium; linkage is broken down by
recombination.

Chapter 2.4: Population structure, and models to understand why allele
frequencies differ across populations.

Chapter 2.5-2.7: Natural selection, including models and data for diverse
forms of selection.
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2.1 Genetic Drift: What happens to alleles over time?

The two copies of your genome (one inherited from your mum and one from your
dad) differ at about 3 million SNPs. Each of these arose as a point mutation some
time in the past: about 70 are new mutations from your parents, while most of
them are inherited from very distant ancestors. In fact, most SNPs that you
carry arose as mutations in distant ancestors, hundreds of thousands of years
ago, living in sub-Saharan Africa. In this chapter, and the next one, I'll explain
why.

Every generation, new mutations are introduced into the population
(around 7o per child). You can imagine tracking what happens to these
mutations over time. Most mutations are lost from the population within
a few generations, but sometimes a mutation can increase in frequency
by chance alone. The random changes in allele frequencies over time are
known as genetic drift .

You can think about the spread of a new mutation as being like what
would happen if you walked into a casino with a dollar. You decide that
you are going to keep playing until you either go bust or you beat the
house. Most likely, you go bust pretty quickly, but if you have some early
luck, you might be able to build up your cash reserves and play for a
while. Very very rarely (theoretically at least) you might be able to play
long enough to bankrupt the casino 3°.

This is how it is for a new mutation. Most mutations are lost from the
population within just a few generations (that’s like you going bust in
the casino). But a tiny fraction spread by chance to be common. And a
very few, eventually, spread throughout the entire population, so that the
newer allele reaches frequency 1 (that’s like you bankrupting the casino).
We refer to this situation as fixation; or we say that the new variant has
fixed.

Before we go on, I need to remind you of some jargon: At the position of
a mutation, we’ll refer to the original allele as the ancestral allele, and the
new allele will be the derived allele.

A new derived allele (i.e., a new mutation) starts out with 1 copy in the
population. If use N to denote the number of individuals in the popula-
tion, then the starting allele frequency p of a derived allele is

_ 1
P=oN

The factor of 2 in the denominator is to account for the fact that chromo-
somes come in pairs so everyone has two copies of each locus (for the
autosomes '37).

Over time, due to genetic drift, the allele frequency p either drifts down
to zero (the derived allele is lost) or eventually drifts up to 1 (the derived
allele is fixed). As I will explain, a new allele is usually lost within a few
generations, but fixation takes tens of thousands of generations.

An Owner’s Guide to the Human Genome, by JK Pritchard. September 23, 2023. Original material distributed under a CC BY 4.0 license.
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& Until Chapter 2.5 we’ll assume that all
variation is neutral: i.e., that there is no
advantage to having one allele or the other.
This is a good assumption for the vast
majority of point mutations.

Ly

Figure 2.1: The casino analogy is not entirely
accurate because real casinos have a built-in
advantage which means that you have slightly
less than fair odds of winning each bet; that’s not
to mention the big burly guys who come over
when you start to beat the house and discuss
loudly how much they enjoy busting kneecaps.
Credit: Lucy Pritchard



Thought experiment: random changes in allele frequencies over time.
The tiny and remote island of Pitcairn is situated in the south Pacific,
roughly halfway between New Zealand and Peru. It is currently home

to about 50 inhabitants. They are descended from a party of 29 founders
who landed there in 1790: nine mutineers from the British ship Bounty,
along with 20 Polynesians they had kidnapped. The population has never
exceeded 250 inhabitants '38.

Imagine an A/G SNP that was present in the founding population of the
island. Suppose that the derived allele G was at a frequency of 55% in the Figure 2.2: Pitcairn Island. N4, Pubiic Domain
founding group in 1790. Assuming there’s no advantage to having either

A or G in terms of either survival or reproduction....should we expect

that G would stay at a constant 55% frequency over time?

Answer: Probably not. In each generation, the kids get a random sample
of the alleles from the previous generation. Since there are so few peo-
ple in each generation, the number of G alleles will vary by chance from
one generation to the next, as illustrated below. This random change is
genetic drift.

FReQuency Figure 2.3: Random sampling of alleles.
Allele frequencies change from one generation

oF 6=
s5s/L —+ m @ @ < Taravts to the next due to random processes: how many

| children each person has and which alleles they
654 —> \é @ é@)

pass on.
Although most human populations may seem very different from the

population of Pitcairn Island, genetic drift occurs in all populations,

though usually much more slowly.

ha] @) (A< Cridren

The Wright-Fisher (WF) model of genetic drift. The Wright Fisher

model provides a framework for modeling how allele frequencies change P The WF model '3 is named after two
over time P. early-2oth century founders of population

. . o . genetics, Sewall Wright and Ronald Fisher.
If you wanted to model genetic drift on Pitcairn Island, you might try to

get a pedigree for the population over time, and then try to understand
how allele frequencies might change through this pedigree. But in prac-
tice we don’t have pedigrees like this in most populations and, in any
event, the complexities of real-world pedigrees tend to obscure the gen-
eral principles of how frequencies change over time "4°.

Instead, the Wright-Fisher model proposes some simplifying assump-
tions that allow us to understand the fundamentals of population ge-
netics within a very basic model for how allele frequencies change over
time. As we will show in the next few chapters, this model is naturally
extendable to cover all the other main processes in population genetics,
including recombination, natural selection, and population size changes
and population structure. While the structure of the model is relatively
simple, it provides a powerful framework for understanding genetic vari-
ation in real populations.
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We start by assuming a population with N individuals (2N copies of each
locus). We assume that there are discrete generations, and that the N in-
dividuals mate at random to generate N individuals who form the next
generation, ignoring constraints on the sexes of parents °.

To make the model as simple as possible, you can think of all 2N alleles
being thrown into a giant bag. Then, we generate the genotypes in the
next generation as follows: reach into the bag, draw out an allele at ran-
dom, write it down, and throw the allele back into the bag. (In a proba-
bility class, this process is referred to as sampling with replacement.) This is
illustrated here:

TrAW EACH
AWELE CoPY

INDEPENDENTLY

Peog (&) =p
PRaB(Ad=1-p

NEW
GENERATION

Previovs
GENERATION

This process gives rise to a probability distribution called the binomial
distribution, which we’ll describe shortly.

Before we get to that, here is what this looks in practice. Here I'm assum-
ing a starting allele frequency of p = 0.55 as before. Let’s suppose that

we do a single generation of Wright-Fisher sampling: what is the range of

possible outcomes?

The histograms below show the distributions of possible outcomes from
repeating this experiment many times in populations of two different
sizes.

2N = 1000

0.0 0.2 0.4 0.6 0.8

Allele frequency in the next generation

1.0

As you see, both populations are centered on the previous allele fre-
quency (0.55) 9, but the range of outcomes is much wider in the smaller
population. This is intuitive, because there is a greater amount of ran-
domness from sampling in the smaller population.
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¢ Here we focus on the numbers of each
allele, and ignore the pairing of alleles in
diploid genotypes. When we need to think
about genotypes in Chapter 2.5, we can pre-
dict the proportions using Hardy Weinberg.

Figure 2.4: WF sampling. Imagine that all 2N
copies of a site are thrown into a big bag (left).
We draw alleles out of this bag to make the new
generation (right). After we draw out an allele
and record it on the right, we drop the original
back into the bag on the left. We do this 2N
times to make the new generation.

Figure 2.5: Genetic drift in a single genera-
tion. Histograms of binomial sampling outcomes
for py given 2N=1000 (red) vs. 2N=100 (over-
laid in blue).

4 To be more precise, the expected value
of the new distribution equals the frequency
in the previous generation. In statistics, an
expected value indicates the average
(mean) of a distribution.



Binomial sampling.

Binomial sampling comes up in many contexts where we make a series of random, independent draws,
and each time there is a probability p of one outcome, and g = 1 — p of the other outcome ™4*.

In WF sampling, we make 2N independent draws to create the next generation. Suppose that k is the
number of times we draw the derived allele. In this case, the allele frequency after one generation of
sampling is k/2N, which we will refer to as p;. The expected value of p; (denoted E(p1)) is simply

k
E(p) =E(G55) =7 (2.2)

meaning that on average the frequency in the next generation is centered on the current frequency. This
doesn’t tell the whole story, however, because as shown in the histograms above, the actual, observed

p1 can vary around p. We can measure how much p; varies using the variance of p;. By definition, vari-
ance measures the average squared difference from the mean:

Var(p1) = E[(p1 — p)?] (2:3)

Using standard properties of the binomial distribution we can show that:

p(1—p)

Var(p1) = =5y

(2.4)

Notice that the variance in p; is inversely proportional to the population size N. This makes sense: a
larger population size means that you're getting a bigger sample of the allele frequency from the pre-
vious generation. Another important quantity is the standard deviation (SD), which is the square root
of the variance, namely:

SD(p1) = 4/ Var|[p1] (2-5)
_ [p(A—p)
=\ N (2.6)

A very useful rule of thumb is that 95% of the time p; will be within two standard deviations of p.

Election polling also follows a binomial distribution. We can get some intuition for binomial sam-
pling by thinking about a completely different context where it comes up: election polling. Suppose
that Dumbledore and Voldemort are running against each other for President.

In a particular state, 55% of voters plan to vote for Dumbledore, and 45% for Voldemort. To get a pre-
election poll, we phone 100 people, chosen at random, to ask whom they plan to vote for. Assuming
that we can get a representative sample of the voting population, the binomial distribution tells us that
there is a 95% chance our estimate will be within two standard deviations of the true value: i.e., between
45.1% and 64.9% for Dumbledore 4> 43,

However, suppose that we phone 1,000 people instead of 100. Now we expect a much more accurate
estimate: in the range 51.8-58.1%.

These examples illustrate two properties: first, each time we do the survey we get a random estimate
centered around the true value. Second, the random error is reduced with a larger sample compared
to a smaller sample. Both properties are relevant for allele frequency sampling.
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Binomial sampling over successive generations produces genetic drift.
So far, we have talked about genetic drift for a single generation. Now
let’s think about what happens over the course of many generations.

The crucial thing now is that the result of binomial sampling in one gen-
eration gives you the starting point for binomial sampling in the next
generation. This will produce a series of allele frequency changes over
time called a Markov chain, or more colorfully, a random walk ©.

Let’s go back to Pitcairn Island. In our hypothetical example, the derived
allele started at a frequency pp=0.55 in the founders (the subscript 0 on
po is to indicate that this is generation o, before any kids have been born
on the island). Let’s suppose that in the next generation, due to random
sampling, the frequency of A goes up to 60% (p1=0.60). Now, we repeat
the random sampling to create generation 2-but this time, the input fre-
quency of A is 0.60, so the expected distribution is centered around o.60.
This process repeats, with the frequency of A drifting up or down by
chance depending on the previous frequency. So for example, we might
get a sequence of allele frequencies like this:

Po=.55, p1=-60, p2=.57, P3=.60, P4=.52, ...
but another SNP with the same starting frequencies might go

Po=-55, pP1=-45, P2=-42, P3=.30, P4=.35, ...
This is illustrated here:

FrReQuency
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Drift works the same way in larger populations, but the rate of drift is
slower, simply because the binomial variation is smaller in each gener-
ation. The next plots show simulations of this process in populations of
different sizes. Each line plots an independent random outcome:

2N =100 2N = 1000

allele frequency

00 02 04 06 08 10
allele frequency

00 02 04 06 08 10

0 20 40 60 80 100 120 0 20 40 60 80 100 120
generation generation

Eventually, the G allele will either reach 100% frequency, in which case
we say that it has fixed, or 0% in which case we say it has been lost. In
random walk theory, o and 1 are referred to as absorbing states: meaning
that the random walk ends if it reaches those values.
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¢ Genetic drift is an example of a
mathematical model known as a random
walk. You can imagine a drunkard
stumbling backwards and forwards along a
number line with walls at o and 1 until he
bumps into either wall and stops.

It's outside the scope of this book, but infinite random walks in 2 and 3
dimensions have very interesting properties. I have always enjoyed the
aphorism from mathematician Shizuo Kakutani that “A drunk man will

find his way home, but a drunk bird may get lost forever.” [Link].

Figure 2.6: WF sampling over multiple gen-
erations. The allele frequency in each generation
is a binomial sample centered on the allele fre-
quency in the previous generation. Over many
generations, this randomness allows the frequen-
cies to drift away from the initial starting point.

Figure 2.7: Simulations of genetic drift from
a starting allele frequency of 0.55. Each plot
shows ten independent simulations. Notice that
the range of possible outcomes diverges much
faster in the smaller population size, with some
simulations reaching fixation (frequency=1) or
loss (frequency=o) within the timescale of the
simulation.


http://pi.math.cornell.edu/~mec/Winter2009/Thompson/randomwalks.html

Mutation and drift. So far we have been talking about drift of alleles
that are already common. But in practice, each SNP starts life as a new
mutation. Some mutations drift up to become common. How can we
model this?

We’ll assume that each mutation creates a new allele that did not exist
previously in the population. This is known as an infinite sites assump-
tion (this simplifies the math and is usually a good approximation '44).
Under this assumption, each new mutation has a starting allele frequency
of one copy in the population: i.e., po=1/2N. The new allele now drifts
until it either reaches loss or fixation:

0 (Loss) Figure 2.8: The life-cycle of a SNP. A mu-
tation generates a new variant. This is initially
Ew L 2
M/L\//TAT/ON - > 'P° =24 — P—P — T>g <> - o) at frequency 1/2N. Its frequency drifts until it
% | (Frxamon eventually reaches loss or fixation.
TART ING
<7 Apggaul—frdc\l DRIFT

The next figure illustrates this process for 200 mutations introduced at
different times in a population of 100 individuals. As you can see, most
of the mutations stay rare and are quickly lost; however a few drift up
to become more common and, in this example, one eventually reaches

fixation.
2N = 100 Figure 2.9: Genetic drift of new mutations.
Each line shows the simulated trajectory of a dif-
e 4 — ferent mutation, starting at a random generation
- allele reaches fixation e
© number, and drifting independently of the other
20 ] mutations. This simulation included 200 muta-
§ Q tions, most of which stayed rare and are hard to
g see on this plot.
@3
°
o
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generation

Most alleles in a population are very rare. Every new mutation starts
out rare in the population (at a frequency of 1/2N), and most are quickly
lost, while a very small fraction drift up to become common. You can see
this in the simulation plot above, where only a few of the 200 mutations

drifted above 10% frequency f.  You can think about new mutations within
our casino analogy. Think about what hap-
pens when a crowd of punters all walk into

One very useful fact that we’ll derive in the next chapter is that the prob- 4 casino with one dollar each and start gam-
ability that a derived allele currently at frequency p will eventually bling — most never get much money and
fix is also p. For example, the probability that a new mutation will 80 broke very quickly, but a very few lucky
eventually fix is 1/2N. Since human populations number in the tens- Z l?uyhi;i szléfeugi ;;u}ﬁl;i;p urse and play for
of-thousands to millions, the fraction of new mutations that eventually fix

is very very small.

What is the probability that a new mutation reaches fixation?
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Mutation, drift and the amount of genetic variation. If we put these
concepts together, we’re now ready to think about genetic variation in
populations.

In Chapter 1.3 we discussed how to quantify the amount of genetic varia-
tion in different populations. One important measure of genetic diversity
is expected heterozygosity. We define this as follows. Suppose that you
sequence a genomic region on one homolog of one random individual,
and on one homolog of a different individual. Expected heterozygosity is
the average fraction of sites at which these two haploid sequences differ.

In modern human populations, expected heterozygosity is ~0.5-1
heterozygous sites per kilobase, depending on the population. (See
Table 1.2, Chapter 1.3.)

What determines expected heterozygosity? First, mutation plays a critical
role of creating new variation in the population. Secondly, the average
effect of drift is to remove variation. (Of course, drift sometimes allows
rare alleles to become common, but this is always transitory, and in the
absence of new mutations, all variants eventually drift to fixation or loss.)

Thus, we can understand expected heterozygosity as a balance between
two forces: mutation, which inputs new variation, and drift, which
tends to remove it. The next box shows a derivation of expected het-
erozygosity under the WF model. You can skip this if you prefer.

(T~

ExpecTEp HETERSYGOSITY
= AVERAGE FRACTION ofF
PAIRLISE DIFFERENCES
Figure 2.10: Expected heterozygosity is the

average fraction of sequence differences between a
random pair of allele copies.

Optional derivation: Computing expected heterozygosity.

gosity by a factor 1/2N.

in generation 1:

1
Hy= Hyx(1—=——) +  (1—H))x2u
2N ~—_——

Het goes down by 1/2N

Imagine picking two random copies of a locus from the population. We want to write down how the
probability that a single nucleotide is heterozygous in the next generation depends on population size
and mutation. We set H; to be the initial heterozygosity, and H; the heterozygosity in the next gener-
ation. We also define y (pronounced mu) as the mutation rate per base pair per generation.

Imagine we pick two random alleles in generation 2. Under our model, there is a probability 1/2N that
they are descended from the same parent allele in generation 1. This has an effect of reducing heterozy-

On the other hand, alleles that were identical in the parents (with probability 1 — H;) might have mu-
tated in either parent: i.e., with probability ~ 2p. (For simplicity I'm ignoring some extra terms that
relate to rare double events, such as two mutations or both mutation AND inbreeding; I'm also mak-
ing a standard simplifying assumption that mutations always create new alleles.)

We can now write a simple recursion for the expected heterozygosity in generation 2, given what it is

Het goes up due to mutation

This last equation tells us how heterozygosity changes from one generation to the next. Let’s suppose

(2.7)

we're at a steady state between loss of heterozygosity (from drift) and gain of heterozygosity (from mu-
tation). In that case, we can consider an equilibrium value H that is the same on the left and right hand

8o




sides of the equation, and solve for this:
H—Hx(l—i) + (1-H)x2
- 2N #

After some algebraic rearrangement we get

__4Np
~ 1+4Np

H =~ 4Nu

coalescent.

Since 4Ny is usually very small (~0.1% in humans) it’s customary to simplify this last expression to

which matches the value we will derive in the next chapter using a very different technique called the

(2.8)

(2.9)

(2.10)

To summarize the math, we just showed that the expected heterozygosity
is 4Nu. In other words, heterozygosity is proportional to both population
size N (because larger population size lowers the rate at which alleles are
lost to drift) and mutation rate y (because higher mutation rate increases
the influx of new variation).

Moreover, it turns out that 4Ny is a fundamental parameter in popula-
tion genetics, that controls the amount of neutral genetic variation. We
won’t use this notation here, but it’s so fundamental that it’s sometimes
given a special name, 8. We’ll come back to interpreting 4Ny on the next
page, but we have to introduce effective population size first.

Effective population size. It’s time for me to confess that the binomial
sampling model requires several assumptions that you might think are
silly: for example the population size is constant over time; mating oc-
curs completely at random; we don’t differentiate between males and fe-
males; generations don’t overlap; and that there is no inherent tendency
for some individuals to have more kids than others (in technical terms,
we say that the number of kids is Poisson-distributed).

But it turns out that the simple model actually works well in place of
more complicated scenarios, provided that we use a fudge factor called
effective population size (N,). Basically the idea is that we will use this
number N, in place of N, where N, reflects the actual rate of drift under a
more realistic scenario.

For example, if a few males have very many offspring, as happens in
some species (and in historical examples like Genghis Khan and his sons
who fathered huge numbers of offspring across central Asia ™5), this can
greatly reduce N,. Similarly, when the population size fluctuates over
time, N, is strongly shifted toward the times when the population size is
smallest, because drift happens much faster in those generations 46 8.

In future, when we're talking about theoretical models, it’s most conve-
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Figure 2.11: Male elephant seals fighting
for dominance. The winners can control
harems of up to 50 females. High variation in
reproductive success reduces N, relative to the
actual population size N. Credit: Hullwarren CC BY-SA 3.0
[Link]

& Most of the ways in which real popula-
tions differ from the idealized WF model
tend to reduce N,.


https://commons.wikimedia.org/wiki/File:MacquarieIslandElephantSeal.JPG

nient to describe the models in terms of N, for idealized populations. But
when we talk about data from real populations, we almost always need
to think about the data in terms of N, instead of N. As we’ll see below,
N, is usually much smaller than a census estimate of the population size.

Estimating N, from data. Remember from above that in the idealized
model, the expected heterozygosity per site is given by 4Nu. When we
look at real populations, we replace this with 4N,y to reflect that the ac-
tual rate of drift is controlled by effective population size.

As we noted above, the effective heterozygosity in humans ranges from
5x 107* to 1 x 1073 per base pair, depending on the population. The
mutation rate is about 1.3 x 108 per base pair, per generation. If we use
N, in place of N then for the higher end of this range we have

4Nep =1x 1073 (2.11)
N, =~ 20,000 (2.12)

and N, ~ 10,000 for populations at the lower end of the range 47. In
summary, the long-term effective population sizes of humans are around
10,000-20, 000 individuals.

These estimates may seem absurdly low, given that the current world
population is almost 8 billion. In part N, is so small because it’s a type
of average 4% over roughly the last million years and the human popu-
lation was far smaller for most of that time than it is now; the effective
size is also made smaller by the various other ways that real human pop-
ulations differ from the ideal model. But it’s difficult to fully interpret
exactly why effective population sizes are what they are '4°. Nonetheless,
N, provides a powerful tool for modeling patterns of genetic variation,
especially if we allow it to vary over time—as we will in the next chapter.

The WF model with haplotypes. So far we have been discussing muta-
tion and drift for individual SNPs. But of course, each SNP is contained
within a DNA sequence, which may contain multiple variant sites (also
known as a haplotype '). How should we think about mutation and drift
in the context of haplotypes?

Here we're going to introduce a basic haplotype model. Importantly,
this type of model can be extended in many ways — for example with re-
combination, selection, or population structure — and we’ll use this basic
model as a scaffold again in later chapters.

First, let's assume we want to model mutation and drift for a genomic
region of L basepairs in length. Now, each generation will comprise two
steps: (1) Mutations can arise anywhere in the sequence, at a rate y per
base pair, per haploid sequence. (2) In the sampling process, each hap-
loid sequence in the next generation is drawn at random from the previ-
ous generation, sampling with replacement. (Similar to before, this is like
putting all 2N haplotypes in a bag, and drawing out the next generation
one at a time, always writing down the new haplotype, and throwing the
old one back in the bag.) This is shown here:
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I Genetic variation is inherited
within haplotypes and we’ll talk a
lot about these in later chapters.



MuTATIoN SAMPLING

——e— S % Figure 2.12: A WF model for haplotypes.
e o ? j4: I Each line is a haploid sequence (there are 2N of
- these to represent the entire population). Blue
i ’ ‘ : crosses indicate derived alleles at SNPs. New
. . mutations (red crosses) are placed at random
S ; : % locations within the sequence. WF sampling acts
7 on the haplotypes instead of on alleles.

WF simulation of haplotype variation. One powerful feature of the WF
model is that we can use it to simulate data under a wide variety of evo-

lutionary models 1. ! This approach to simulation is called

. .. d simulation to distinguish it from
To close the chapter, we'll take the intuition suggested above, and turn forwar stmutation 8 fr
the backward-in-time approaches we will

this into pseudocode (a kind of recipe) that we could use to simulate hap- .. .ounter in the next chapter.
lotypes. If you have experience with programming you could try this out.

Even if you don’t have experience with programming, think about the

steps here, and how they relate to the underlying model.

One key idea here is that we will start with an arbitrary genotype matrix,
and then iterate through many generations of mutation and WF sampling
until the simulation reaches equilibrium levels of genetic variation (and

the starting point doesn’t matter any more). For reasons we’ll cover in the

next chapter this takes at least about 4N generations '>°. The genotype CSITES)
matrix at the end of the simulation is a random draw from this mutation- e b ;I:
drift equilibrium. GENOTYPE §
Here’s some basic pseudocode for a Wright Fisher model with mutation: MATRIX 3
G wl ®
* Genotype matrix: Create a genotype matrix G, that contains 2N rows 50 .. ... Ol
(each row is a haplotype) and L columns' (each column is a‘ site in TNITIALIZE :
the sequence). We'll designate four possible nucleotides using the o é;
integers 0, 1, 2, 3 "', - -
e Initialization: Set every entry in the genotype matrix G to 0. ITERATE: _ ;
00----...0
* for generation in 1 to Max-Generations do: ADD :: SR
{ MUTATIONS | :
- - -~ - - o_
— Mutation: For each site in each row of G, mutate the existing
. . WF SamMpPLINe
allele with probability p. .
o . G — G
— WF sampling: Create a new temporary genotype matrix, named _ 0100 -]
00 ------0

G'. For each row of G/, pick a random integer u between 1 and
2N, inclusive. Copy row u from G into G’ (this simulates WF
sampling with replacement). When all 2N entries of G’ are
filled, copy G’ back into G before starting the next generation.

o

ool - —---
.

coPY 6'To &

Figure 2.13: Illustration of WF pseudocode.
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Possible improvements [Optional]. The pseudocode above is ok, but

it’s slower than necessary and it wastes memory because (i) many hap-
lotypes are identical, and (ii) most sites are not variable. We could make
this much more efficient if we just keep track of the distinct haplotypes,
and how many there are of each haplotype. We also don’t need to store
all the nonvariable sites — instead we can just store the positions of de-
rived variants. Lastly, when we add mutations, we can generate the total
number of new mutations each generation using a single Poisson random
variable with mean 2Ny L, and then modify the existing haplotypes at
random positions 5.

Simulation software. Forward simulations provide a flexible approach
for modeling population genetic data, and can be applied to a wide range
of possible models. They are usually computationally slower than back-
ward simulations (next chapter) but aside from very simple models they
are easier to implement and far more flexible. A popular software pack-
age called SLiM provides a powerful toolkit for simulating a wide range
of interesting models [Link] '53.

In this chapter we introduced the Wright Fisher model and the fundamental con-
cept of genetic drift (and the interplay of mutation and drift). Nearly everything
else in population genetics depends on the basic processes of mutation and drift.
In the next chapter, we’ll introduce the coalescent, which gives us a very different
way to understand drift.

84


https://messerlab.org/slim/

Notes and References.

136In practice the size of your cash holdings over time when gambling in a casino is more analogous to the drift of a
deleterious variant, since casino betting is set up to favor the house. We’ll describe drift of deleterious alleles in Chap-
ter 2.5.

137The counts would be different for sex chromosomes: there are N/2 Y chromosomes, and 3N /2 X chromosomes, as-
suming equal numbers of males and females.

138You can read more about Pitcairn Islands here: [Link] and specifically about the mutiny here [Link]. The peak pop-

ulation size was 250 inhabitants in 1936.

Another example of an extremely isolated population is Tristan da Cunha. This is a tiny island in the south Atlantic-
at 1700 miles west of Cape Town in South Africa it is the most remote inhabited island in the world. Tristan da Cunha
is currently home to about 270 people who descend mainly from 8 men and 7 women from Europe and the US who set-
tled the island in 1816:

Soodyall H, Nebel A, Morar B, Jenkins T. Genealogy and genes: tracing the founding fathers of Tristan da Cunha.
European Journal of Human Genetics. 2003;11(9):705-9

139Sewall Wright, RA Fisher, and a third scientist JBS Haldane, are often credited as developing many of the key ideas
of modern population genetics, mainly in the first half of the 20th Century. This formed a key component of the so-called
Modern Synthesis, which united Darwin’s theory of evolution with the growing understanding of heredity started by
Mendel.

14°Tt’s outside our scope here, but techniques for studying frequency changes in known pedigrees are referred to as gene
dropping. For an excellent example see
Chen N, Juric I, Cosgrove EJ, Bowman R, Fitzpatrick JW, Schoech S, et al. Allele frequency dynamics in a pedigreed
natural population. Proceedings of the National Academy of Sciences. 2019;116(6):2158-64

'41Binomial sampling. The probability of getting k successes is

n! k on—k
WP qa -, (2.13)

where the function n! is pronounced “n factorial” and calculated as n x (n —1) x (1 —2) x - - -3 x 2. For more on the
binomial see [Link].

'2Here we approximate the sampling distribution as binomial, assuming that the size of the poll is much smaller than
the number of voters. The standard deviation of the binomial proportion is y/p(1 — p)/n where p is the true proportion
and # is the number of voters that we phoned (instead of 2N for number of allele). The true estimate will lie within +/—
two standard deviations about 95% of the time.

'3These example are meant as illustrations, but in practice, the biggest challenge in election polling is not binomial sam-
pling error but getting a representative sample of the voting population. In particular, it may be more difficult to reach
some types of likely voters than others. For this reason, analysis of polling data usually involves techniques to reweight
the samples to better reflect the expected demographic and political composition of likely voters.

'44Remember that only about 0.1% of sites are common SNPs so this is a very useful approximation for most applica-
tions within species. However the assumption breaks down in analyses of very large sample sizes, especially at hyper-
mutable CpG sites. It also doesn’t work well for phylogenetic models of distantly related species as over longer timescales
a larger fraction of the sites have accumulated substitutions.

Harpak A, Bhaskar A, Pritchard JK. Mutation rate variation is a primary determinant of the distribution of allele
frequencies in humans. PLoS Genetics. 2016;12(12):e1006489.

145 About 8% of the men in central Asia carry a single Y chromosome haplotype that is estimated to descend from a com-
mon ancestral haplotype 1000 years ago. The age and geographic distribution of the haplotype suggest that it was likely
spread by Genghis Khan and his male relatives:

Zerjal T, Xue Y, Bertorelle G, Wells RS, Bao W, Zhu S, et al. The genetic legacy of the Mongols. The American Jour-
nal of Human Genetics. 2003;72(3):717-21

Balaresque P, Poulet N, Cussat-Blanc S, Gerard P, Quintana-Murci L, Heyer E, et al. Y-chromosome descent clus-
ters and male differential reproductive success: young lineage expansions dominate Asian pastoral nomadic populations.
European Journal of Human Genetics. 2015;23(10):1413-22

46When population size fluctuates rapidly over generations, the effective population size is given by the harmonic mean.
Long-term changes in N are less-well modeled by a simple change in N.

147]'m rounding here since all the other numbers are somewhat rounded (and in any event heterozygosity varies across
the genome and across populations). Given these particular numbers, the precise value of N, would be 19,230.


https://en.wikipedia.org/wiki/Pitcairn_Islands
https://en.wikipedia.org/wiki/Mutiny_on_the_Bounty#Pitcairn
https://en.wikipedia.org/wiki/Binomial_distribution

148The harmonic mean.

M9]t’s difficult to fully interpret effective population size estimates. Humans have extremely low heterozygosity (and
hence N,) compared to a wide range of other species. Although chimpanzees and gorillas now have very small popu-
lations, they actually have higher long-term N, than humans. Meanwhile, Neanderthals were even less diverse than mod-
ern humans, as are a few contemporary species with very small populations, such as lynx and wolverines. Although N,
can be difficult to interpret, it still provides a powerful tool for modeling patterns of genetic variation, especially if we
allow N, to vary over time as is typical in more advanced models.

Leffler EM, Bullaughey K, Matute DR, Meyer WK, Segurel L, Venkat A, et al. Revisiting an old riddle: what deter-
mines genetic diversity levels within species? PLOS Biology. 2012;10(9):e1001388

15°We want to run the simulation long enough to ensure that the simulation can reach a stationary distribution with
respect to the amount of genetic variation (and so the starting point is no longer relevant). One way to think about this
is that the population MRCA in the final generation (see the next chapter) should exist within the simulation. On aver-
age, the time to the MRCA is 4N generations, so we would want to run this for at least 4N, and probably more like 10N
generations to be safe.

151The way I'm writing this it’s actually finite sites mutation, instead of the infinite sites model alluded to earlier. The
finite sites model is a bit more intuitive here.

152We can also convert this into an infinite sites model by representing the mutated position using a real number on
the interval [o,1]. Derived alleles will be represented by 1.

153Messer PW. SLiM: simulating evolution with selection and linkage. Genetics. 2013;194(4):1037-9
Haller BC, Messer PW. SLiM 3: forward genetic simulations beyond the Wright-Fisher model. Molecular Biology
and Evolution. 2019;36(3):632-7



2.2 More on genetic drift: The coalescent.

Here we introduce a different way of understanding the Wright-Fisher model,
called the coalescent, but now looking backward in time. The coalescent may
seem confusing at first but is incredibly powerful for understanding genetic vari-
ation and for data analysis 2.

A short history. In the early 20th Century, when people first started
studying population genetics, it was natural to think about evolutionary
models forward in time, and these ideas were developed into the Wright-
Fisher model during the 1920s. For 50 years forward-in-time models were
the main tools for understanding evolutionary processes.

But it turns out that forward models are not easily adapted for use in
data analysis. When the first molecular data started to arrive at the end
of the 1960s, this drove the development of new questions and models in
population genetics *>5. One huge innovation was the coalescent, devel-
oped independently by three scientists in 1982 and 1983: John Kingman,
Richard Hudson, and Fumio Tajima 156,

Like many breakthroughs in science, the coalescent stands the conven-
tional thinking on its head. Instead of thinking about evolution forward
in time to reach the present day, we look backward at the ancestors of
modern samples. Many problems in population genetics, especially for
neutral models, suddenly become far easier *7.

Inheritance of genetic material from a shared ancestor. The central
concept of the coalescent is that the DNA sequences carried by present-
day individuals — you or me, for example — are copies of DNA sequences
carried by individuals in the distant past. Your genome and my genome
are descended from many shared ancestors that lived hundreds of thou-
sands of years ago.

To train your intuition, we start by thinking about inheritance of DNA
within families. Imagine comparing your own genome with that of a sec-
ond cousin (second cousins share great-grandparents). In some parts of
the genome you, and that second cousin, inherited the exact same chunk
of chromosome from one of your great-grandparents (marked in red, be-
low). On average you share 1/32nd (about 3%) of your genome with that
second cousin:

An Owner’s Guide to the Human Genome, by JK Pritchard. September 23, 2023. Original material distributed under a CC BY 4.0 license.
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& The 19th Century Danish philosopher
Soren Kierkegaard quipped that “Life can
only be understood backwards, but it must
be lived forwards.” This quote encapsulates
the difference between coalescent models
(backward-in-time) and the Wright-Fisher
model (forward-in-time) *54.
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We say that this part of your genome coalesced with the corresponding
part of your cousin’s genome 3 generations ago; the great-grandparent
is your common ancestor at this locus. Coalescence means that this part
of both your, and your cousin’s genomes, are descended as copies of this
ancestral genome P.
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Here we’re focusing on coalescence within a family pedigree, between
two people who are “related” in the usual sense of the word. But as I
shall explain next, in fact everyone in a population is related in the same
way, although coalescence is usually far more ancient .

The coalescent refers to ancient shared ancestry within populations.
Let’s pick an arbitrary location in the human genome. You have two ho-
mologous copies of this locus. Pick one of those two copies at random.
You inherited this copy from one of your parents — your mum, say - who
got it from one of her parents, and so on backwards in time.

Now do the same thing for one of your friends. Pick one copy of this lo-
cus in your friend. Do these two copies have a common ancestor? Per-
haps surprisingly, the answer is yes, although that common ancestor
probably lived hundreds of thousands of years ago.

To see this, we're going to use the Wright-Fisher model again. Remem-
ber that going forward in time, the WF model generates each generation
by random sampling with replacement from the generation before. We
can think of this in terms of drawing colored balls out of bags. Each time
we pull out a ball we write down its color and toss it back into the bag.
Here, two red balls in the present generation are both copies of the same
“ancestor” red ball two generations ago:
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Figure 2.14: Shared ancestry between sec-
ond cousins. Inheritance of one chromosome
(i.e., one homolog) from a great grandparent
shown in red. For the two cousins the overlap-
ping segment is said to have coalesced in their
great-grandfather. (With such recent ancestry,
the overlapping part of the red segments in the
two cousins is also said to be identical by de-
scent (IBD).)

b With such recent shared ancestry we
expect the two copies of this region to be
identical, aside from any new mutations.
Regions shared within ~10 generations are
referred to as identical by descent (IBD).
¢ There is an important distinction between
pedigree ancestors (e.g., you have 8
great-grandparents) and genetic ancestors,
which are the focus here. As in the
picture above, you have two copies of any
small region of your genome, each of
which comes from just a single parent,
grandparent, great-grandparent and so
on.
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Measuring time forward or backward. The illustration above also shows
that we can measure time either forward or backward. For the WF model

BACKWARD TIME

N

t=2 t=)

it’s natural to count generations forward from some arbitrary starting
point, as we did in the previous chapter. But in the coalescent we will

define the present day as t = 0 and count generations backward in time.

The genealogy of a sample. So far we have been talking about the an-

cestry for a pair of copies of this locus. Can we extend this to think about

the ancestry of m copies of this locus? For example, we could sequence
this locus in m /2 diploid individuals — how should we think about the
ancestry of these m sequences?

You can think of the ancestry of the samples as coming from a coalescent

genealogy (or just genealogy, or tree) that represents the relationships
of all m sequences. This genealogy is embedded within the forward WF

process:
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Figure 2.15: Coalescence in the WF model.
Two copies of this locus in the present generation
are marked by red balls. These descend from a
common ancestor (i.e., they coalesce) two gener-
ations ago. In coalescent models it is most
natural to measure time backward from the
present.

C. COALESCENT (sENEALOGY

-

?RU‘LJGRDf

<— MRCA

TIME

(o]
\_’-\I——J

SAMPLE

Figure 2.16: The WF history contains an embedded coalescent genealogy. A. WF genealogy for a small popula-
tion. This includes six chromosomes sampled at the present day, in red. B. Red circles and arrows indicate the ancestors

of the sampled chromosomes, embedded within the WF process. C. The coalescent genealogy abstracts away all irrelevant
details of the WF process, showing only the ancestral relationships of the 6 samples and the coalescent times.

Notice that although the WF process runs forward in time, we can only
reconstruct the genealogy backward in time, after we are told which six
present-day samples are relevant. At that point we can find the geneal-
ogy by tracing backward through the ancestors of the sample. Looking
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forward in time, there is nothing particularly remarkable about the chro-
mosomes that wind up being ancestors, versus those that do not, and
their relevance to the present-day sample only becomes clear in retro-
spect.

Eventually, we reach a single common ancestor of the entire sample, known
as the most recent common ancestor (MRCA), which we will return to
shortly.

Time to coalescence. For the sake of simplicity, the pictures above show
coalescence within a few generations. But how long would coalescence
take in real populations. In fact, how sure can we be that any two copies
of this locus ever find a common ancestor — i.e., that they ever coalesce?

Looking backwards in time, each copy of this locus has a random parent
from among the 2N possible chromosomes in the previous generation. So
the probability that they both descend from the same parent is 1/2N.

Conversely, the probability that they do not have a common ancestor in
the last generation is 1 — 1/2N. What is the probability that we go back
at least t generations without a common ancestor? Assuming this pro-
cess is independent from one generation to the next, we can multiply the
probabilities, giving us

(1- 5" 21
Now the important thing here is that (1 —1/2N) is < 1, so if we multiply
it by itself many times, this number steadily approaches zero. This means
that if we go far enough back in time we can guarantee that any pair of
copies of this locus have a common ancestor.

Ok, so any two copies are guaranteed to eventually coalesce, but how
long will this take? To answer this we need to take a short detour:

Understanding waiting-time distributions: the geometric distribution. To understand coalescent
models you should know a bit about mathematical models of waiting times. To make this more con-
crete, suppose that I have a 20-sided die. I keep rolling the die until it lands with the ‘20" face up (and
then stop). How many times do I need to roll the die?

Obviously, the waiting time is random: there is a 1 in 20 chance that the ‘20" comes up on the first roll
— or I might need to roll many times. But we can calculate the average number of rolls, and we can also
write down what is called the probability distribution which in this case is a general formula for the
probability that the ‘20" first comes up on any specific roll.

First of all, we consider the probability of getting a ‘20" on any particular roll. We’ll call this probabil-
ity p, and it is simply 1/20 since we have a 20-side die. Then the probability of NOT getting a 20, is
1-p, or 1-(1/20). One important property of probabilities is that the probability of multiple indepen-
dent events is the product of the probability of observing each separately, so the probability of NOT
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getting a ‘20’ in the first ¢ rolls is
(1—-p)". (2.15)

The probability of getting a ‘20" on the next roll is p, so the total probability that the first ‘20" occurs
on roll number t 41 is

px(1—p) (2.16)

This function describes the waiting times for events and it is called the geometric distribution [Link].
We can get a sense of how long you have to wait to roll a ‘20" by computing Equation 2.16 for differ-
ent values of ¢. For example, there is a 0.4 probability (i.e., 40%) of rolling a 20 within the first ten rolls:

L 110
1—(1- ﬁ) . (2.17)
Can you be confident that you will eventually roll at "20” if you are patient enough? Yes. Using this formula,
we find that there is a 64% chance of getting a ‘20" within 20 rolls, 99.4% probability of getting a ‘20’
within 100 rolls, and 99.996% within 200 rolls. The probability of eventually getting a "20” converges
to 1 as you roll infinitely long.

Lastly, an important property of the geometric distribution is that the average waiting time to the first
success is simply 1/p: so in this example, 20 rolls.

Understanding waiting-time distributions: the exponential distribution. The geometric distribu-
tion measures time in terms of a discrete number of events or trials. But for our purposes we can ap-
proximate the geometric with a continuous distribution called the exponential distribution [Link]. For
our setting, the two distributions are virtually equivalent 158 but the exponential distribution is much
easier to work with.

Like the geometric, the exponential distribution is also used to model waiting times, but in settings where
time is measured in continuous units. For example, I might ask: “How long will it be until the next earth-
quake on the Stanford campus?”. Let A be the rate of earthquakes per day '. Then, according to the
definition of the exponential distribution, the probability that the next earthquake will occur exactly
t days from now is

Ae M (2.18)

and the total probability of having an earthquake any time within the next t days is
1—e M. (2.19)
An example of this function is plotted below. Finally, the average waiting time *° to the next earthquake

is 1/A. Notice this has the same form as the average waiting time in the geometric distribution, 1/p.

In our models, we are interested in waiting times until coalescent events. We measure time in gen-
erations, and set A to be the rate of coalescence per generation, namely (1/2N); hence the average
coalescence time will be 2N generations.

The time distribution for two samples. We’re now ready to model the

distribution of coalescent times for two copies of a locus.

Remember that each generation there is a probability 1/2N that the two
copies will coalesce. As described above, we’ll model the waiting time
to coalescence using the exponential distribution, which an excellent ap-
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proximation to the geometric (and easier to work with, mathematically).

The next plot shows what is called a “cumulative distribution” of coa-
lescence times under this model (Equation 2.19 with A = 2N). As we
showed in the last chapter, for human populations, the longterm (effec-
tive) population size N is around 20,000 9.

The way to interpret this plot is that the y-axis shows the probability that
two samples coalesce within the most recent ¢ generations (plotted on the
X-axis):

Mean = 2N generations

Prob. of coal. by time t
00 02 04 06 08 10

0 50000 100000 150000 200000
Number of generations before the present

As this plots shows, there is a 50% chance that coalescence occurs within
the last 1.4N = 28,000 generations (slightly less than the mean of 2N
generations). And it’s almost certain that coalescence occurs with 10N =
200, 000 generations. Note that if we assumed a different population size,
this would change the numerical scale on the x-axis, but not the shape of
the plot, which is simply proportional to N,.

The last important point here is that these timescales are really long in terms
of human evolution. Let’s assume that the average generation time is
about 25 years ... then the average coalescence time of 2N generations
is 1 million years ago, before the appearance of anatomically modern hu-
mans.

The coalescent for larger samples. So far we have been talking about
the coalescent for a pair of samples. Suppose instead that we sequence a
particular locus in m /2 individuals, giving us a sample of m copies of the
locus. Remember that the genealogy is embedded within the WF process.

How can we model the genealogy without having to bother with the WF process?

Imagine that we trace the ancestry of these m copies back in time. Go-
ing backward in time, we will pick two of these lineages random to coalesce
into a common ancestor. Now (always looking backward in time) there
are m — 1 copies. This process repeats until we get down to 2, and then
finally to one common ancestor.

The process looks like this:
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d Remember that when we need to allow for
the complexities of real world populations,
the rate of coalescence depends on the
effective population size N,, rather than
true population size N. For simplicity we’ll
discuss the models in terms of N, but you
can think of subbing in N, for real-life
situations.

Figure 2.17: Cumulative distribution for
coalescence times. This shows the probability
that two samples coalesce within the past t gen-
erations, assuming N = 20,000.
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Next we need to model the waiting times between coalescent events.
We'll use T to be the number of generations when there are k lineages
on the tree. (Here I use m as the number of samples in the present and

k, ranging from 1 to m, as the number of distinct lineages at times in the

past.) We showed above that T, has an exponential distribution, with a
mean of 2N generations. What about larger values of k?
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How long does it take to go from k lineages to k — 1?

To get this, we need to compute how long it takes for any two of the k lin-
eages to merge into a single ancestor. The key thing here is that there are
a lot of possible pairs that we could make out of k lineages. Specifically,

there are ©

k(k—1)
2

possible pairs.

Since there are k(k — 1) /2 ways to get a possible coalescent event, this

means that the waiting time to the first coalescence is reduced by a factor

2/k(k — 1) compared to the waiting time when there are only two sam-

ples. Specifically, the waiting time when there are k lineages is exponen-

91

(2.20)

Figure 2.18: Stepwise construction of a
genealogy. At each step we randomly join two
lineages. This results in a random topology
—i.e., branching structure — that relates the m
samples.

Figure 2.19: Expected times in the geneal-

ogy. Here Ty labels the time during which there
are k lineages. Ty is a random draw from an ex-
ponential distribution with mean 4N /k(k —1).

¢ You can compute the number of possible
pairs as follows. List the k lineages in some
arbitrary order. The first lineage can pair
with k — 1 other lineages; the second can
form k — 2 pairs not counting the pair with
the first lineage... and so on. The sum
k=1)+(*k—-2)+(*k-3)+..+2+1
equals k(k—1) /2.



tially distributed with mean:

4N

E[Tk] = m

(2.21)

For example when k = 2, the average waiting time is 2N generations.

When k = 10, the average waiting time is 45-fold shorter: 2N /45 gen-

erations . When k = 100, the average waiting time is nearly 5000 times  f To get some intuition for this, imagine

shorter: 2N /4950. k cars with blindfolded drivers, driving

erratically around a large parking lot. The
In other words, the most recent coalescent events — when there are many time until the first crash is much shorter

lineages — occur within a few generations, while the oldest coalescent when there are many cars, and hence many

events can easily take a million years. possible pairs that could crash. E.g., with
two cars the time until the first crash would

One question of particular interest is: How long ago was the MRCA of a be 45 times longer than for ten cars,

sample (or even of the entire population)?

Optional math on time to the MRCA. To compute the time to the MRCA, we add together the wait-
ing times between each node. Here Tyjrca(m) is the random time to the MRCA for a sample of size m.

Tvrca(m) = T2+ T3 + Taeee + Tin—1 + Ty, (2.22)

where T represents the random waiting time during which there are k lineages, and is an exponen-
tial random variable with mean 4N/ [k(k — 1)]. So the average time to the MRCA is:

m

E[Tyircam)] = Y E(Tk) (2.23)
=2
i AN
=) (2.24)
k; k(k—1) >24

As the sample size gets large, this sum converges to a fixed value (the derivation requires techniques
on infinite series):

JIim E[Tyirca(m)] = 4N (2.25)

In other words, as the sample size goes to infinity (or in practical terms, the entire population), what
we see is that on average the most recent common ancestor for the entire population is 4N generations
in the past.

The key result here is that for an average location in the genome, the
common ancestor for the entire population is 4N generations ago (~2
million years, for humans). On average, half of the total time back to the
common ancestor is spent waiting for the last two lineages to coalesce.

The genealogy has both random topology and random times. Before
moving on, I want to emphasize one last important point about the coa-
lescent: although we have been focusing on average properties, genealo-
gies are inherently random, and vary in two important ways: both the
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topology (i.e., branching patterns) and coalescent times are random draws from
the coalescent process. This is illustrated below for genealogies with m = 4:

C D

H ] r'iﬂ =1l

In practice, the genealogies in different regions of the genome vary widely,
and as we shall see next, this influences the allele frequencies and num-
bers of SNPs at any given locus.

Coalescent with mutation. So far, we have been talking about the ge-
nealogy. The genealogy reflects the inheritance of a DNA segment through
time. Conceptually you can think of this as tracking the copying of DNA
molecules through thousands of meioses, and reflecting the fact that a
particular stretch of DNA in different people is a copy of the same ances-
tral DNA sequence in some distant ancestor.

Now we need to add mutations into the model. Patterns of genetic vari-
ation in modern samples reflect the combination of coalescence and mu-
tation. As you get used to the structure of the coalescent, it provides a
powerful tool for understanding patterns of genetic variation. We’ll come
back to this theme repeatedly in the upcoming chapters.

To make this concrete, let’s suppose that we sequence a stretch of L base
pairs (L = 5 kb, for example) in m samples (without recombination). We
assume that new mutations arise at a rate y per base pair per generation.
It’s going to be helpful now to label the lengths of branches on the tree
(in generations); we’ll do this using b; for branch i:

.19‘ = TL -+ T;'\'Tl-q
L, =Ty
E’ }DL TZ bg :TZ "’Tgr
by = T
T be=be =4
b l’e T.3
3 1 n, "”POFIS (/V\L’ll')
o EglbL LT E(n)= plck

Notice above that we can write the branch lengths b; in terms of the times
between coalescent events (remember that T, denotes the time when
there are k lineages), although the specific branches and their lengths de-
pend on the random topology.
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Figure 2.20: Random outcomes of the coa-
lescent process. A and B differ in their branch-
ing patterns (topologies), while B, C, and D have
different coalescent times.

Figure 2.21: Example of branch lengths
in a genealogy. The branch lengths b; show
the length (in generations) of each branch. The
numbering is arbitrary. Note that the specific
branching patterns depend on the random tree

topology.



Now, let n; be the number of mutations on branch i. What is the expected
number of mutations n;? This is the product of the mutation rate y,
branch length b;, and sequence length L:

E[n;] = ub;L (2.26)

That is the expected number, but the actual number of mutations on any
particular branch is random; this is modeled using the Poisson distribu-
tion. For more about the Poisson see 2.

Here’s an example of what this might look like for a sample tree. Muta-
tions are shown on each branch in blue; the tips of the tree (A-F) show
six samples collected in the present day. Mutations occur in ancestors along
each branch, and are inherited by all the samples that lie below them. So for ex-
ample on the tree below, mutation 1 is inherited by sample A only, while
mutation 2 is inherited by samples A-D. This means that we can go from
the tree on the left, to the haplotypes on the right:

A. Tree WiTH MUTATIONS B. HAPLoTYPES Figure 2.22: Coalescent tree, mutations, and
haplotypes. (A) Example genealogy with 7

" 3 - mutations. (B) The corresponding haplotypes,
A —o— ¢ with blue circles indicating derived alleles (at
g * ¢ gy arbitrary locations). The labeling A-F corresponds to the
C . s ® sample labels in the tree. The assignment of alleles to haplotypes is
D g g * entirely determined from panel (A). However the sequence positions of the
E * g mutations were assigned randomly while drawing panel (B).

| = - ——
Ls 7/ -6

A BC DCZEF

Trees, branches, and derived allele frequencies. The picture above hints
at a key connection between the tree topology and the allele frequencies
in a sample. If a branch is above j samples, then any mutation on that
branch will occur exactly j times within the sample. This is shown below
for two example topologies:

L NUMBER 0F SAMPLES Figur : Tree topologi d allel
) gure 2.23: Tree topologies and allele
BELow EACH BRANCH counts. Branches are colored according to the
/\\@ = number of samples (tips of the tree) below each

branch. For example, mutations that occur on
blue branches will be present exactly twice in

—_— the sample. Notice that the branch lengths and
— @,\ } possible allele counts differ between the random

tree topologies.

The branches labeled in green, above, are of particular interest as they

lead to just a single sample. These are often referred to as terminal branches,
and mutations that occur on them are referred to as singletons as they

are found in only a single sample.
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Quantitative aspects of variation in the coalescent. Thus far, I have de-
scribed the coalescent at a conceptual level, as a way of understanding
the structure of genetic variation. But we can also use it as a tool for mak-
ing quantitative predictions about variation.

To start: How many sequence differences can I expect between two samples, in a
region of L basepairs?

Recall that the coalescent time for two samples, T, is exponentially dis-
tributed with mean 2N generations, with an average yL mutations per
generation along each branch. It follows that the expected number of
mutations between each sample and the common ancestor is TouL, and
twice that for the total number of differences between the two modern
day samples 103:

EXPECTED
# D IFEcReNCES §

= ZE(T@\}LL
= 4Num L
b

It's convenient to divide this by L, which gives us the expected number of
differences per base pair. That is equivalent to heterozygosity per site, H,
which we computed in the last chapter using the WF forward model:

H =4Np. (2.27)

Happily, the forward and backward approaches gives us the same result.

Most heterozygous SNPs are very old. I mentioned before that you have
about 3 million heterozygous SNPs in your genome. How old are the
mutations that produced these heterozygous alleles?

Using this model we know that for any random part of your genome,
the average time to the common ancestor of two homologous copies is
2N generations (or about 1 million years). On average, a mutation oc-
curs halfway along the branch to the common ancestor... this tells us that
the average variant in your genome is due to a mutation that happened
500,000 years ago(!) and many are much older 4.

To put this into perspective, modern humans evolved in sub-Saharan
Africa. About 70,000 years ago, some populations started spreading out
of Africa into the Middle East, and then went on to colonize nearly all of
the world’s landmasses &.

The number of SNPs found in a sample. The calculation above tells us
the expected number of mutations in a sample of 2. How many muta-
tions should we expect in a sample of size m?
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Figure 2.24: Number of differences be-
tween two samples. The expected number of
differences between two samples (equivalent to
heterozygosity) is the product of their average co-
alescent time (2N) times the mutation rate along
both branches, 2uL.

& [ like to think there is some beauty in the
fact that most of the heterozygous sites in
your genome, or in mine, arose as mutations
in distant ancestors in Africa half a million
years ago.



Optional: number of SNPs in a sample (the math). Suppose that you sequence a region of L basepairs
in m samples. What is the expected number of variable sites (i.e., SNPs) that you detect? In addition

to the result itself, this box illustrates the kinds of calculations that are (relatively) easy to do using the
coalescent.

To get this, notice that we can break the problem down into two parts: (1) What is the total branch length
—i.e., the sum of all the branch lengths; and (2) How many mutations do we expect to have occurred
given the tree length?

To get the tree length, you might want to start by thinking about computing the length of every branch,
and then adding all those together. But this is complicated because it depends on the branching struc-
ture of the tree, which is random. Instead, we can make the calculation easier by adding together a con-
tribution from the time between each coalescent event. Specifically, what is the total branch length dur-
ing the time when there are k lineages? Well the expected time is 4N /k(k — 1), and there are k branches;
multiplying these together gives 4N/ (k — 1) total branch length in this epoch. Next, adding together

all the epochs, the expected total tree length is

2 4N
—. (2.28)

Then we can multiply by the mutation rate to get the expected number of variable sites (denoted S) in
a sample of size m, in a region of L base pairs. After minor rearrangement and a shift in the sum in-
dex we get:

m—1

1
S =4NulL —. 2.2
1 k;k (2.29)

When m = 2 this agrees with the result we got before for heterozygosity.

Equation 2.29 in the box provides an important result: the expected num-
ber of SNPs in a sample of size m.

One key point is that as the sample size grows the MRCA time con-

verges to 4N, while the number of segregating sites grows indefinitely

at a rate proportional to the log of the sample size, In(m) ". This is be- " In human populations the number of rare
cause as you increase the sample size, new samples usually add addi- variants actually grows a bit faster than
tional short branches near the bottom of the tree — slightly increasing the (1), for reasons we'll explain shortly.
total branch length but not changing the MRCA time.

The site frequency spectrum (SFS). Suppose that we collect genome
sequence data from m samples. Let s; be the number of SNPs at which
the derived allele is present exactly i times. For example, s; gives us the
number of singletons, s, the number of doubletons, and so on. The total
number of SNPs, S, is related to s; simply by summing over all the possi-
ble allele frequencies from 1 to m — 1:

m—1
S=) s (2.30)
i=1
The vector of allele frequencies sy, s, s3, ..., is referred to as the site fre- 1 As we'll discuss later, some types of

quency spectrum (SFS), and is a simple but important description of ge-  natural selection, as well as other departures
from the basic model such as recent

population growth, can be detected because
they distort the SFS away from this baseline
96 model.

netic variation .



What determines the SFS? Take a look back at Figure 2.23. The expected
value of s; depends on the amount of branch length that sits above

exactly i samples: for example, s, depends on the amount of branch length
that sits above pairs of samples. If we focus on genome-wide data, this

has the effect that we will sample many different trees (in different parts
of the genome) so that we can average over the randomness of the coales-
cent process.

The derivation of the SFS is beyond the scope of this book, but you can

read about it here: 1. Although the math is a little tricky, it produces

the pleasingly simple result ) that the expected number of variants with a 1 This result also implies that the expected
derived allele frequency i is proportional to 1/i: tree length above exactly i samples is 4N /1.

E[si] = % X 4NuL. (2.31)

This distribution is plotted here:

— Figure 2.25: The Site Frequency Spec-

trum (SFS). Here the expected SFS is plotted

_ for m = 100 and 4NuL = 100. Notice that
most variants are rare. Here, 55% of the variants
_ are below 10% frequency. This pattern is even
more dramatic in large samples: in a sample of
m = 10,000, 76% of the variants are at < 10%

frequency.

20 40 60 80 100

Expected number of variants

0
l

0 20 40 60 80 100
Frequency of derived variant

One key thing to notice is that most variants are rare. A useful rule of
thumb is that allele frequencies are uniform on a log scale: in very large
samples there are as many variants with derived frequencies between
0.1 and 1 as there are between 0.01 and 0.1, or between 10~> and 10~*.

Lastly, we can also get intuition for this from the WF model. In the last
chapter I pointed out that most derived alleles are very rare, and only
a small fraction are common: every new mutation starts out rare (i.e.,
at 1/2N frequency). Most are lost quickly, while only a few are lucky
enough to drift up to become common. Thus, the WF model gives us a
different conceptual tool to reach a similar conclusion.

The coalescent with population size changes. I have been describing
the coalescent under the simplest possible population model: constant

size and no population structure. This basic model is referred to as the
vanilla coalescent.

But real populations often differ from this simple model, and it’s impor-
tant to think how this might affect the coalescent. In this section I'll de-
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scribe how to think about two types of changing population size that are
important for humans: bottlenecks and population growth.

Population bottlenecks. In population genetics, a bottleneck refers to a
reduction in population size, often but not always followed by a return
to the original population size. Bottlenecks are important because they
greatly increase the rate of genetic drift.

Bottlenecks have been important features of human evolution, including
during the spread of populations as they left Africa and colonized the
globe during the past ~ 80,000 years . This is why non-African popu-
lations have less genetic variation than Africans.

Bottlenecks have also reshaped patterns of variation in some populations
within much more recent timescales — for example the ancestors of mod-
ern Jews went through a tight population bottleneck ~1000 years ago 7.

In the WF model, we can think of the bottleneck as increasing the vari-
ance in allele frequencies: some alleles increase dramatically, while others
decrease:

/\ ° Y /\
o
/ /s v / S P p // |
Poror aTon Size J / % BoTTieNeck / / Y,
/ / / / / y i

Of course, we can also think of this in terms of the coalescent. Remember
that the rate of coalescence is k(k — 1) /4N per generation. If our model
allows N to vary with time then, when N decreases, the rate of coales-
cence will increase at an inverse rate.

This means that we will get an increased rate of coalescence within the
bottleneck, and fewer ancient lineages. The few lineages that predate the
bottleneck are likely to have many descendants:

TNCREASED
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Figure 2.26: WF drift through a bottleneck.
Bottlenecks greatly increase the rate of drift due
to low N,.

Figure 2.27: Coalescent through a bottle-
neck. The rate of coalescence during the bot-
tleneck is greatly increased due to low N,. The
purple and green mutations occurred on lineages
that survived the bottleneck and are at high fre-
quency in the final sample (at right). The yellow
mutation postdates the bottleneck and is at low
frequency. The tree here is tipped on its side to
emphasize similarity to the WF picture above.



This example also helps to illustrate the intimate connection between
coalescence and drift: in a sense, drift in the WF model occurs because
lineages are coalescing.

Population growth. Another key feature of real human populations is
dramatic population growth, from ~1 million in 10,000 BCE to ~8 billion
today. How did this affect the coalescent process, and genetic variation?

Here, the logic is opposite the bottleneck situation: a very large popula-
tion size slows down the rate of coalescence at very recent times. As a
result, recent growth hugely increased the number of very rare variants.

To understand this, it would be most natural to model population growth
as following an exponential increase over time %8. But the math for coa-
lescence with exponential growth is a bit clunky and obscures the main
points, so we’ll consider a simpler model:
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In the model above, we consider a population that grew instantaneously
to infinite size, 100 generations ago. How would this extreme model
change the properties of trees, compared to a model of constant N =
20,000?

Recall that in the vanilla (constant size) model, for large samples the first
coalescent events occur very quickly. But in the infinite growth model,
there is no coalescence in the most recent time period, thus greatly ex-
tending the terminal branches:

VANILCA RAPID No
CoALESCENT CoALESCENE CoALESCENCE
WITH N= 2500 (£8RGE k) | (N = 00)
[——
— o

The longer terminal branches produce many more singleton mutations.
Recall for the vanilla model that the expected number of singletons is
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Figure 2.28: Exponential human population
growth. Estimates of total world population
during the past 12,000 years. Credit: EI T [Link], Public
Domain. Data: [Link].

Figure 2.29: Instantaneous growth. In this

simplified model, the ancestral population size

is 20,000, followed by instantaneous growth to
infinite size 100 generations ago.

Figure 2.30: Coalescent tree in the instanta-
neous growth model. There is no coalescence

for the first 100 generations (grey region) due to
infinite population size. Note: the picture is not

drawn to scale.


https://commons.wikimedia.org/wiki/File:Population_curve.svg
https://web.archive.org/web/20061231163421/http://www.census.gov/ipc/www/worldhis.html

4N x uL (Equation 2.31).

But in the infinite growth model, every tip is extended by 100 genera-
tions. Since there are m tips, the expected number of singletons is now
(4N +100m) x uL. So for example, in a sample of m = 1000, the number
of singletons is more than doubled! Meanwhile, the deeper structure of
the tree is unaffected, aside from slightly pushing back all the expected
times.

While the infinite growth model is unrealistic it still provides valuable
insight. Under a more realistic model of continuous exponential growth
there is a strong reduction in the rate of recent coalescence relative to the
vanilla model, thereby increasing the lengths of recent branches. In sum-
mary, recent exponential growth leads to a dramatic increase in low fre-
quency variants.

Footprints of population history in real data. In a 2012 paper, Tennessen
et al described genome-wide (exome) sequencing data from about 1100
individuals of African-American, and 1300 individuals of European-
American ancestry 169 170 They found over 500,000 SNPs, of which 86%
were at less than 0.5% frequency and 57% were singletons.

The plot below illustrates the SFS for these two samples: Each line plots
the proportion of alleles (Y-axis) in bins of allele frequencies (X-axis).
Both axes are on log-scales; on these axes the theoretical null (constant
N) is approximately a straight line '7*.
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As you can see, the real data from both populations show a much higher
fraction of rare variants (higher in the upper right) compared to the null.
This is direct evidence for rapid recent population growth.

The authors then fit a model of historical population sizes (often called a
demographic model) that can fit the full SFS data. The model is shown
below, including a tight European bottleneck, and extreme recent pop-
ulation growth to reflect the huge excess of rare variants relative to the
vanilla coalescent model:
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Figure 2.31: The SFS in human popula-
tions: huge excess of rare variants. Notice
that the real data (colored lines) are well above
the theoretical prediction (black line) in the
upper-right hand part of the plot. Credit: Modified

Figure S9D from Jacob Tennessen et al 2012 [Link] Used with permission.
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As you can see in the inset in the upper right of the plot above, the pro-
posed model provides a good fit to the observed SFS. While the precise
parameter estimates vary among papers in this area, all of them agree on
the presence of a tight bottleneck for non-African populations, and ex-
treme recent population growth.

The coalescent and the fixation process. Thus far we’ve been using the
coalescent to understand genetic variation. But it also provides a useful
intuition for understanding how alleles fix. Crucially: A variant is fixed in
the present day if and only if it was present in the population MRCA.

Present
PAY

p ¥

e

L e &

—

Fixep Meca 2

q qué >

[ 203

This now provides intuition for two important results that I stated in the
last chapter:

The probability of fixation for an allele now at frequency p, is simply
p. You now know that any present-day sample has a common ances-

tor sometime in the past. Flipping this around, if we imagine going far
enough forward in time (on the order of 4N generations), we know that
exactly one copy of this locus will eventually be a common ancestor of
the entire current population. So for a SNP now segregating at frequency
p, there is a probability p that in the future a lineage carrying it will be-
come the ancestor of everyone.

The average time to fixation for a new mutation is 4N generations. The
logic here is similar: If a new mutation eventually fixes, this means that it
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Figure 2.32: Fitted demographic model. This
model is designed to fit the SFS data for African-
and European Americans (see upper-right panel).
The inferred model illustrates extreme recent
growth in both populations, and a strong
European bottleneck. Note that more recent estimates
include times and population sizes that are roughly doubled due to
updates in mutation rate estimates since 2012. The image was simplified
by not showing European mixing into African Americans in the last 400
years. Credit: Modified Figure 2B from Jacob Tennessen et al 2012 [Link]

Used with permission.

Figure 2.33: Fixed variants are present in
the population MRCA. The blue variants are
fixed in the present day population because they
were carried by the MRCA; the green variants
are SNPs. Assume that the MRCA shown for this sample is in fact
the MRCA of the entire population.
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is destined to become the common ancestor of everyone in a future pop-
ulation. We know that the expected time back to a common ancestor is
4N generations. Forward in time, it takes approximately 4N generations

until the first time that the mutation is the common ancestor of everyone
172,
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Coalescent simulation of haplotype variation [Optional]. As in the
previous chapter we end with a basic outline for how to simulate hap-
lotypes, this time using the vanilla coalescent model. If you're good at
programming you may wish to try this '73.

Data storage: It’s useful to create a data structure that represents nodes of the
tree. There are m of these to represent each of the present day samples,
and m — 1 for the ancestral tree nodes. Each node stores the time, as well
as a pointer to the parent node, and to each child. (The child nodes are
null for the present day samples, and the parent pointer is null for the
MRCA.) It also stores a list of the derived variants present at this node.

You'll also want:

e a list of the locations of mutations within the sequenced region;

o the current time before present, for use while constructing the tree;

e a [ist of current active lineages (nodes), for use while constructing the tree.

Construct tree:

Initialize the current time at 0.

The initial active lineages are the m present-day samples. Set the times
for these to 0 and all their children to null.

for (k starting at k = m, down to k = 2) do:
{

¢ Coalesce lineages: Pick two of the active lineages at random to coa-
lesce. Create a new node, with these two lineages as children. Drop
those from the active list and replace with the new node;

* Generate node time: Update the current-time by adding a random
time ~ Exponential(4N/k/(k —1)). Set the time at the new node
equal to the new current-time;

* Update lineage counter: k =k — 1
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Figure 2.34: Mutations fix at different times
depending on when their lineages first become
the population MRCA. All three blue mutations
are fixed in the final population at the far right,
but the first time at which they fix depends on
the structure of the coalescent. Also of interest: the yellow
variants are SNPs in the gray sample, but many of them are lost by the

time of the final (red) sample.
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Figure 2.35: Coalescent simulations.



}

Add mutations: Starting from the top of the tree, visit each branch i in
turn and do:

{

Calculate the branch length b; as the elapsed time between the parent
node and the child node;

Simulate the number of mutations as ~ Poisson(b;uL);

Simulate the position of each mutation as ~ Uniform(0,L);

Drop the mutations down through every node below the mutated
branch to the present-day samples.

}

Comments. This is conceptually a bit more complicated than the Wright-
Fisher pseudocode, but it’s far more computationally efficient, as we
don’t need to track a huge number of ancestors that are not relevant to
variation in the present-day sample.

This type of algorithm provides an extremely efficient tool for simulating
genetic data. As a rule, coalescent simulations are much faster than WF
simulations, but they can be less versatile, and more difficult to modify
to new situations. There are numerous free software packages for coales-
cent simulations, including msprime [Link].

Well done! In the last two chapters you have learned the two most fundamental
tools for understanding patterns of genetic variation. In the next two chapters
we’ll discuss how to fold recombination and population structure into these basic
models.
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Notes and References.
154Credit for finding this quote goes to the late Paul Joyce: [Link].

155We'll talk more about these early data in Chapter 2.7, along with the other major conceptual development of the 1970s
and 8os, the Neutral Theory.

156Inspiration for the coalescent was motivated in part by developments in population genetics during the 1970s. John
Kingman (later Sir John Kingman) was a mathematician at the University of Oxford with particular interest in stochas-
tic processes. He came to this problem after conversations with a group of Australian population geneticists: Pat Moran,
Warren Ewens, and Geoff Watterston. In a trio of papers published in 1982, Kingman framed the process in highly math-
ematical terms and published in mathematical journals; in one of these he coined the term “coalescent” (hence the oc-
casional name “Kingman Coalescent” for this model). Kingman only worked in population genetics for a couple of years.
Despite the huge impact of the coalescent work, Kingman commented to me many years later (2022) that “Coalescent
theory is very far from the thing I am most proud of”, preferring instead his contributions in queuing theory (which later
became important in the development of the internet [Link]), and perhaps his role as a university administrator, includ-
ing as head of the University of Bristol (England) starting in 1985.

Meanwhile, Richard (Dick) Hudson was a PhD student at the University of Pennsylvania and at UC Davis. He pub-
lished a pair of papers a year after Kingman (but unaware of Kingman’s work) that describe—almost as an afterthought-
the nuts and bolts of the basic coalescent model, as well as important extensions to handle the coalescent with recom-
bination, all for the purpose of performing highly efficient simulations. He later went on to develop extensive tools for
coalescent simulation.

The third key person, Fumio Tajima, a Japanese scientist then at the University of Texas Houston, published a 1983
paper that outlines the structure of genealogies and the coalescent and showed how this can be used to derive impor-
tant sample statistics in population genetics. Published in the same year as Hudson’s work, in some ways Tajima’s pre-
sentation is the most modern in flavor (and is the paper in which I first encountered the coalescent as a graduate stu-
dent, some ten years later).

Kingman JFC. The coalescent. Stochastic processes and their applications. 1982;13(3):235-48,

Kingman JF. Origins of the coalescent: 1974-1982. Genetics. 2000;156(4):1461-3,

Hudson RR. Testing the constant-rate neutral allele model with protein sequence data. Evolution. 1983:203-17,

Hudson RR. Properties of a neutral allele model with intragenic recombination. Theoretical Population Biology.
1983;23(2):183-201,

Tajima F. Evolutionary relationship of DNA sequences in finite populations. Genetics. 1983;105(2):437-60

157Early, highly readable reviews of the coalescent were written by Dick Hudson and Magnus Nordborg. (You can find
online versions of the book chapters via Google Scholar: for Hudson 1990 see [Link]; for Nordborg 2000 see [Link])
Hudson RR. Gene genealogies and the coalescent process. Oxford surveys in evolutionary biology. 1990;7(1):44
Hudson R. The how and why of generating gene genealogies. Mechanisms of molecular evolution. 1993:23-36
Nordborg M. Coalescent theory. Handbook of Statistical Genomics: Two Volume Set. 2019:145-30 .

158 Differences between the geometric and exponential only arise in very special settings: for example when the sam-
ple size is large compared to the total population, and also in problems looking at coalescence within relatives.

59 At the time of writing there have been two major earthquakes at Stanford (in 1906 and 1989) since its founding in
1885. So a simple-minded estimate of A for major earthquakes would be ~4 x 10~° per day. For an entirely gratuitous
picture of a smashed car outside Stanford’s Old Chem Building in 1989 see [Link]. USGS data: [Link].

160The mean of the exponential distribution with rate parameter A is given by

0
/tfo t-de Mdr=2"1 (2.32)

161Estimates for long-term average generation times are in the 25-30 year range. I chose 25 here to make round num-
bers, and that’s roughly balanced by using a population size on the high end for human populations.

102The Poisson Distribution is a widely used model for the (random) number of rare events that occur in a specified
time — for example the random number of earthquakes in a 100-year period. It depends on a single parameter, which
gives the expected number of events. To read more see [Link].

number of mutations ~ Poisson(uLb;) (2.33)
163 We want to compute the expected number of pairwise differences, m, between two samples under a constant pop-

ulation size model. Note that m is distributed as Poisson(2yLT), where y is the mutation rate per base pair per gener-
ation, L is the length of the region in base pairs, and T is the realized coalescent time of the two samples. We use Pr|T]


https://public.wsu.edu/~gomulki/mathgen/materials/PaulJoyceMathGenNotes.pdf
https://en.wikipedia.org/wiki/Kingman%27s_formula
https://www.cs.cmu.edu/~epxing/Class/10810/readings/hudson.pdf
https://cseweb.ucsd.edu/classes/sp05/cse291-a/doc/nordborg_coalescent.pdf
https://125.stanford.edu/the-loma-prieta-legacy/
https://pubs.usgs.gov/fs/2016/3020/fs20163020.pdf
https://en.wikipedia.org/wiki/Poisson_distribution

to denote the probability density function for T (i.e., the exponential distribution with mean 2N). Then we have:

E[m] = /ODQE[m|ﬂ Pr[T]dt (234)
- /0 " (2uLT) Pr[T)dt (2.35)
= 2ulL /0 S Prt]dt (2.36)
= 2uL E[T] (2.37)
=2ul2N = 4NuL (2.38)

or simply 4Ny per base pair.

164The mean is actually a bit older than this even, because there’s an additional ascertainment effect in which the dis-
tribution of coalescent times at sites with variation is older than the unconditional mean.

165For a proof of the 0/i result, by Richard Hudson, see
Hudson RR. A new proof of the expected frequency spectrum under the standard neutral model. Plos One. 2015;10(7):€0118087

166Ramachandran S, Deshpande O, Roseman CC, Rosenberg NA, Feldman MW, Cavalli-Sforza LL. Support from the
relationship of genetic and geographic distance in human populations for a serial founder effect originating in Africa.
Proceedings of the National Academy of Sciences. 2005;102(44):15942-7

167\Waldman S, Backenroth D, Harney E, Flohr S, Neff NC, Buckley GM, et al. Genome-wide data from medieval Ger-
man Jews show that the Ashkenazi founder event pre-dated the 14th century. Cell. 2022;185(25):4703-16

168The classic paper on exponential growth is
Slatkin M, Hudson RR. Pairwise comparisons of mitochondrial DNA sequences in stable and exponentially grow-
ing populations. Genetics. 1991;129(2):555-62

169 Tennessen JA, Bigham AW, O’connor TD, Fu W, Kenny EE, Gravel S, et al. Evolution and functional impact of rare
coding variation from deep sequencing of human exomes. Science. 2012;337(6090):64-9

7°I'm highlighting this work because it illustrates our major points. There is a long history of papers in this area, with
sample sizes and genome coverage generally increasing over time.

71The slight uptick at the right occurs because the data are plotted in terms of the minor allele frequency instead of
derived allele frequency.

'72This argument is not entirely rigorous, and the classic results on this use forward-in-time diffusion theory.

73Here is a link to some similar sample code by Goncalo Abecasis [Link]. When I get time I expect to post a file that
follows this code more closely.


http://csg.sph.umich.edu/abecasis/class/2003/Practical1.html

2.3 Linkage, recombination, and LD.

Within small linked regions of the genome, the coalescent process generates cor-
relations between the genotypes at different SNPs. This is known as linkage dise-
quilibrium (LD). Meanwhile, at larger distances, recombination breaks down LD
by shuffling genotypes. Here we discuss how the opposing forces of linkage and
recombination shape genetic variation.

The concepts of linkage, recombination, and LD appear in almost every topic in
human genetics, including natural selection, population history, population ad-
mixture and introgression, and the genetics of complex traits.

A first look at haplotype structure. The first time anyone sequenced

the same locus in multiple individuals was in 1983. In a landmark study,
Marty Kreitman, who was a graduate student at the time, sequenced the
ADH gene in 11 lines of the fly Drosophila melanogaster '74. The figure be-
low shows a simplified version of the complete data set from that paper:

< SNP PosiTioNS N 2.4 K8 ReGion -
CCECARTARTEGCGCGECTAUTTCACAATAACUCCACTAGCACAGCCT

T CCCCAATATEGCGGECGECTACTTCACAATAAULECACTAECACAGCCCT
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SCQUCNeEs CCGECCAATATGEGCECECTETCCLCCGGEAATCT cCACTAARAACTACCT
CCEAGCGATAPAGCTCLCEAGETCCCCGEEAATCTCCRCTAGCCAGCCT

Folll  CCLCCRATATGGEGECGCEACCCCCEEAATCTLCTATTCACCAGCTT
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Figure 2.36: Haplotype structure. Each row shows the genotype for a single fly line, and the columns show genotypes
at SNP positions (most sites are not shown as they were identical in all 11 lines). The major allele at each position is
Shown in blue. Examples Of blOCkS Of Shar@d haplotypes are indicated. Note that each line was constructed to carry only a single haplotype. For simplicity, a few

indels are not shown. Data: Martin Kreitman (1983) [Link].

Each row shows the sequence of alleles found on a particular chromo-
some copy in the population. We refer to the set of alleles found at vari-
ant positions within a linked region as a haplotype °.

Looking at these haplotypes, one feature may jump out at you: particular
combinations of alleles at different SNPs frequently appear together.
For example, on the left, a block of alleles TGCAG is shared among four
lines, all of which (and one other) later carry another block: GTCTCC.

This is a very typical feature of genetic data: particular alleles at nearby
SNPs often appear together more often than expected by chance. This
nonrandom assortment of alleles at different sites is referred to as

An Owner’s Guide to the Human Genome, by JK Pritchard. September 23, 2023. Original material distributed under a CC BY 4.0 license.
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& For another early example, this time from
human data, see Figure 1.31.


https://www.nature.com/articles/304412a0

linkage disequilibrium (LD). How do we understand this?

In the next couple of pages, we’ll talk about how linkage generates LD,

while recombination tends to break down LD. As before, both the backward-

in-time models (the coalescent) and forward-in-time models (Wright-
Fisher) provide complementary kinds of intuition, and we’ll use both
approaches.

Linkage generates haplotype structure (or equivalently, LD). Sites that
are close together in the genome are usually inherited together. This is
called linkage.

When we introduced the coalescent in the last chapter, we ignored the
possibility of recombination, focusing on sequences that are completely
linked. In this setting, there is a clear relationship between the branching
structure of the tree, and the corresponding haplotypes:
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For example in the tree above, mutations 1 and 2 occurred on the same
branch, and hence those two derived alleles always appear together. Mu-
tations 1 and 5 are on adjacent branches, and so derived alleles 1 and 5
usually appear together (although haplotype A has the derived allele at 1
but not at 5).

For a tree without recombination, there are very strong constraints on
the possible configurations of the derived alleles across haplotypes. For
example, if we focus on two SNPs at a time, you might expect that there
could be four possible haplotypes. If we label the ancestral and derived
alleles as A/a at the first SNP, and B/b at the second SNDP, then in princi-
ple the haplotypes could be A-B, A-b, a-B, a-b.

But in the absence of recombination we can only get either two or three
of the four possible haplotypes, depending on where the mutations oc-
cur. As you can see in the examples below, we can get either 2 or 3 of the
possible combinations, but not all 4:

Furthermore, looking across all SNPs together, there are additional con-
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Figure 2.37: The coalescent process gener-
ates haplotype structure. A shows a coales-
cent tree without recombination. The red circles
indicate mutations. B shows the corresponding
haplotypes; the red circles indicate derived alleles
using the same numbering as in panel A. The posi-

tions of the mutations within the sequenced region are random.
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straints: the alleles must be nested in a way that is consistent with exis-

tence of a single tree. Haplotypes that are consistent with a single tree are

said to form a perfect phylogeny [Link]). I suggest that you draw some

examples of trees with mutations, to see what configurations are possible.

Recombination. But in practice, most regions of the genome are subject
to recombination. Recombination plays a crucial role in shuffling hap-
lotypes, and producing combinations that would be impossible in the
absence of recombination.

A quick refresher on recombination. Recall that during the production
of eggs and sperm, the chromosomes go through meiosis. In humans,
this reduces the number of chromosomes from 46 to 23. During this pro-
cess, the maternal and paternal chromosomes are broken and then joined
back together so that chromosomes in the resulting gametes are mixtures
of the parental chromosomes. This is called recombination, or crossover
75, Crossover events are positioned more-or-less randomly across the
genome with an average of 26 crossovers per sperm and 42 per egg.

Genetic distance. It will be helpful to talk about genetic distance, which
measures the rate of crossover, between different positions along a chro-
mosome. Genetic distance is measured in terms of centiMorgans (cM).

We define the genetic distance x, between two points on a chromo-

some to be x cM if the average number of crossovers between those two

points is x/100 per meiosis. For example, if two points are 10 cM apart,
then we expect 0.1 crossovers per meiosis.

Furthermore, we’ll be most interested in short genetic distances, for which

we can also interpret genetic distance in centiMorgans as the percent

probability of a crossover in the specified interval 7%. For example, if the

genetic distance between two sites is 1 cM, then there is about 1% proba-
bility of a crossover per meiosis in that interval.

Lastly, it’s helpful to define relate genetic distances to base pair distance
in the DNA sequence. For this purpose we define the recombination
rate. This is commonly measured in cM/Mb: that’s 100 times the ex-
pected number of cross overs per megabase. The average recombination
rate in the human genome is about 1.2 cM per Mb. In other words, there
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Figure 2.38: Pairwise LD in the absence

of recombination. For any pair of SNPs we
can observe either 2 or 3 out of the 4 possible
haplotypes (depending on where the mutations
lie on the tree). While this is illustrated here for 4
samples, it is true regardless of sample size.

.
A

Figure 2.39: Recombination. Sperm and eggs
carry recombined mixtures of the parental chro-
mosomes; typically there are around 1-2 switches
per chromosome, known as crossovers, posi-
tioned randomly along each chromosome.

Figure 2.40: Crossover observed in
laboratory whiteboard pens.
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is about a 1.2% probability of a crossover event per megabase ° 177.

So, why do we care about this here? Recombination is central to our
story because it shuffles haplotypes:
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In this way, recombination generates new combinations of alleles that
would not be possible with complete linkage. For example, when there
is recombination we do expect to see all four possible haplotypes for a
pair of SNPs, unlike what I showed you above. However, the rates de-
pend crucially on genetic distance.

As we shall see, for SNPs that are close together in the genome (less than
~0.01-0.1 cM, or about 10-100 Kb) linkage is a stronger force than recombina-
tion and there tends to be strong haplotype structure. At larger distances (more
than ~0.1 cM), recombination is highly effective at shuffling genotypes, and LD
is generally weak. In the next sections we’ll see why this is.

Measuring LD between pairs of SNPs. To make this discussion more
precise, it’s helpful to define some measures of LD that we can study in
models, and in real data.

Imagine two SNPs. One has alleles A and 4, with allele frequencies p 4
and p,; the other SNP has alleles B and b, with frequencies pg and py.
Then there are four possible haplotypes: AB, Ab, aB, and ab, with fre-
quencies pap, Pap, and so on:

If I didn’t tell you anything about these SNPs in advance, what would
you guess for the haplotype frequency p4p? The most natural thing would
be to guess that the alleles are independent of each other, in which case

PAB = PAPB-

This intuition is captured by a measure called D, which is the difference
between the observed and expected frequency of the AB haplotype:

D = pag — paps- (2.39)

If genotypes at the two SNPs are independent (i.e., the SNPs are in
linkage equilibrium), then D = 0. ¢

It may seem arbitrary to define D in terms of just the AB haplotype, but a
little algebra will show that if we redefined D in terms of a different hap-
lotype (e.g., with respect to Ab), then the only thing that would happen
is that D would switch signs to become —D. Since the allele labeling is
usually arbitrary, in practice we’ll only pay attention to the absolute value
D).

The second important measure of LD is known as D’. A weakness of D
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b It’s useful to remember that the human
recombination rate is about 1% per
megabase.

Figure 2.41: Recombination mixes haplo-
types, often creating new combinations that did
not exist previously.
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Figure 2.42: Notation for allele and hap-
lotype frequencies at two SNPs. Here p
denotes a frequency.

¢ Note: If the alleles are labeled 0 and 1 at

each SNP, then D can be interpreted as the
statistical covariance between alleles at the
two SNPs.



as a measure of LD is that its possible range depends on the allele fre-
quencies of the two SNPs, so it doesn’t immediately tell us if LD between
two SNPs is weak or strong.

To solve this limitation, D’ is adjusted to range between —1 and 1 regard-
less of the allele frequencies:

D D
D = = . for D >0 2.40
Drmax mln(PAPb/paPB) ( 4 )
D
= - for D <0 2.41
min(paps, PapPs) (2.41)

As with D, the sign of D’ depends on the labeling of the alleles, so most
papers use the absolute value, |D’|.

The formula for |D’| is a bit messy, but a little algebra reveals a crucial
property: |D’| < 1 if and only if all four possible haplotypes are present.
In other words, |D’| < 1 implies that there must have been recombina-
tion between the two sites.

The third important measure of LD is called 72, and again builds off D:

DZ
rP=—— (2.42)
PAPaPBPb
The value of 12 ranges from 0 to 1, where 0 means that the SNPs are com-
pletely independent. A value of r? = 1 is referred to as perfect LD 9, 4 Note: r2 can also be interpreted as the
and occurs if and only if there are just two of the four possible haplo-  squared correlation coefficient: the statistical
types: i.e., only AB/ab or only Ab/aB. correlation between genotypes at two SNPs

isr=D/\/PAPaPBPb-

As we’ll see later in the book, 12 is the natural parameter for measuring
the contribution of LD to genetic associations in complex trait
genetics 178,

Strong recombination breaks down LD. We can now show a key result
for how LD behaves in a model with strong recombination (and no drift).

Suppose we create an artificial population where two SNPs start out in
strong LD, with an initial value of D=Dj in generation 0. Let ¢ be the
probability of crossover, per generation, between these two SNPs. (See
the Box below for a precise definition of ¢ and a derivation.)

In the next generation, the LD (denoted D) is predicted to be:
Dy = (1—c¢)Dy, (2.43)

and over successive generations the decay of D simply multiplies, so that
in generation t we have:

D; = (1 —¢)'Dy. (2.44)

This implies that unless the recombination rate is very small, LD de-
cays very quickly. For two SNPs that are 20 Mb apart, say, we expect that
¢ ~ 0.2. After ten generations, (1 — 0.2)1°=0.1, meaning that within ten

108



generations D decays to just 10% of its starting value. In this time, LD
between unlinked parts of the genome (c = 0.5) would essentially disap-
pear. Here’s a plot showing decay of D over time:

— Figure 2.43: D decays within a few gener-
ations for large recombination rates (Equa-
8 n tion 2.44, assuming Dy = 0.25). Timescales of
o tens of generations are very short compared to
timescales of drift — which takes place over tens
m of thousands of generations.
o o
—
o
o
S
o I I I I I I
0 20 40 60 80 100
Generation

This result also holds for D’ since, without drift, the denominator is unaf-
fected by recombination.

Optional: Decay of LD due to recombination. Here we sketch out the argument for how D decays over
time (Equation 2.44).

First, my definition of ¢ above was a bit sloppy. To be more precise, ¢ will be the probability that the
two alleles passed into a gamete both came from the same parent (i.e., both from the mother, or both
from the father). At short genetic distances, c is closely approximated by the probability of at least one
cross-over between the two SNPs, but this definition implies that the maximum value of c is 0.5, which
corresponds to random assortment of alleles on different chromosomes '79.

Our derivation assumes that recombination is happening much faster than drift. Specifically we assume
the allele frequencies p4 and pp stay constant, while the haplotype frequencies, p 4p, etc, change due

to recombination. (To be more precise, this approximation will be accurate when the change in D due
to recombination, ¢D, is much larger than the rate of drift, which is O(1/N).)

Let pap be the frequency of the AB haplotype in the current generation. What do we expect for p7 ;,
the frequency in the next generation? Here I use the notation * to indicate the value of a parameter in
the next generation.

The haplotype frequency p? ; depends on two effects. First, recombination breaks apart AB haplotypes
at a rate ¢ X p4p. Second, recombination creates AB haplotypes at a rate ¢ X p4pp: this is the proba-
bility of randomly assembling an AB haplotype as a result of recombination. So we have

PaB = PAB — CPAB + CPAPB (2.45)
= (1—c)pap+cpaps (2.46)
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Subtracting papp from both sides we write this in terms of D:

Pap — Paps = (1 —c)pap +cpaps — paps
(1=c)pap— (1 —c)paps
(1—¢)D.

D*

Dy = (1—¢)'Dy.

Then, using the same logic over multiple generations, the decay of LD follows

(2.47)
(2.48)
(2.49)

(2.50)

To summarize, so far we have seen that:

o if there is no recombination, the basic properties of the coalescent ge-
nealogy tell us to expect strong LD;

e at large distances (for SNPs more than a few centiMorgans apart, say,

and certainly for SNPs on different chromosomes), recombination rapidly

eliminates LD.

We now need to explore what happens at intermediate distance scales,
between ~1 kb to 100 kb, where recombination and coalescence compete
against each other.

The coalescent with recombination: the ARG. To understand these
models, we can incorporate recombination into the coalescent. This pro-

duces a more complex structure called an ancestral recombination graph

(ARG) 80,

To begin, we'll look at two positions in a sequence, labeled L (left) and R
(right). Going backward in time, we now have two kinds of events: both
coalescence and recombination. As before, coalescence joins lineages,
but now recombination can split sequences apart so that each side of a
breakpoint becomes a separate lineage. This is visualized here:

A. No RECOMBINATION B. WITH RECOMBINATON
Rw R?. RL ;.Q-,el
A
MRCA—> ! (TEFT) e L
~o R, R
«— MRcA
. (RIGHT)
]

RELOMBINAT uw/:_"
R, R. K, R.

In the figure above, you can see in panel B that, going backwards in time,
Lineage 1 is split apart by a recombination event so that we have a dif-
ferent coalescent time for the left-hand side of the region (red) versus the
right-hand side (blue).

We can extend this idea to consider more samples and more recombina-
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Figure 2.44: An ARG for two samples. L
and R indicate the left and right-hand ends of
haplotypes 1 and 2. A. Coalescence without
recombination. B. Going backwards in time
Lineage 1 splits due to recombination. Ly takes
the left-hand path, while Ry takes the right. The
two ends of the locus have different MRCAs as
indicated.



tion events. Instead of considering just two sites, we consider a sequence
of length ¢ (in units of genetic distance), and recombination can occur
anywhere within this region. We indicate the position of a recombination
event by a fraction: for example, recombination at 0.3 occurs 30% of the
way along the sequence.

In this figure, the full ARG is shown at the left. This contains a series of
four so-called “marginal” trees at different positions across the sequence,
shown in red, each with a different branching pattern. As you can see,
the ARGs can become very complicated:

A. FuiL ARG B— E. EMBeDDED TREES
| 0—-0-3 0-3—0-4 O-4-0-8 0-8—1
A
= T Les o T Les ot T Les ot T Los ot
L o4

1 2 3 4 s : —

]
o 0.3 0.4

l 1 2 3 4 s 4 2 32 4 54 2 2 ¢ 51 7 3 45

o-8 1.0

Figure 2.45: ARG and embedded “marginal” trees. Split points represent recombination events; we use the conven-
tion that the left-hand side of the sequence follows the left-hand branch, and the right-hand side follows the right branch.
The red numbers at top show which part of the sequence is relevant to each marginal tree: e.g., the first tree covers posi-

tions 0-0.3. Note that the recombination at 0.1 does not affect the marginal trees.

The graph above contains 4 recombination events. These split the region
into four distinct blocks, each with a different coalescent tree. However,
the trees don’t change entirely: haplotypes 1 and 2, as well as 4 and 5, are
closely related across the entire region.

I've described all this in terms of the full ARG process, but it’s worth not-
ing that the sequence data only depend on the marginal trees at each po-
sition (the red trees), and it can be easier to think about the process just
in terms of these trees, and the fact that they change as you move along
the sequence ©.

Breakdown of LD within the ARG. How does recombination affect hap-
lotype variation? Crucially, recombination can create mixtures of hap-
lotypes. This is illustrated in the example below, where addition of a
single recombination event produces all four possible haplotypes — re-
member that this would not possible in the absence of recombination:
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€ We won't cover inference methods in
detail, but in practice the modern inference
methods focus on estimating marginal trees
rather than the full graph including all
recombination events.
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Figure 2.46: Recombination can generate all four haplotypes for two SNPs. The mutations are at positions 0.2
and 0.7 along the sequence, as indicated; the recombination is at 0.5.

The tug-of-war between coalescence and recombination. It’s difficult to
get really deep intuition for properties of the ARG. But I think it’s helpful
to think about it as a competition between two key processes: the tree-
structure of the coalescent creates haplotype structure, while recombina-
tion tends to break it apart.

The outcome of this competition is determined by a compound param-
eter, 4Nc: the ratio of the rate of recombination (c) to the rate of coales-
cence (1/2N) (and an extra factor of 2, see below). A large value of 4Nc¢
basically means there is a high rate of recombination per unit rate of co-
alescence, so recombination tends to be the winner (and conversely for
small 4Nc¢).

The next box explains why 4Nc is a natural parameter.

Optional: Timescales in the ARG. Let’s start with two samples, and a region of length c. What's the
probability that these two samples coalesce without recombination?

Going backwards in time, as usual, coalescence occurs at a rate 1/2N per generation. Meanwhile, re-
combination occurs at a rate c per generation (in either lineage), so 2c in total. So the probability of at
least one recombination before coalescence is

2c _ 4Nc¢
2c+1/2N  4Nc+1’

(2.51)

(This result uses a method for “competing exponentials”; don’t worry if it’s not familiar.)

More generally, take a slice through the ARG at any time. Suppose that we have k lineages. What are
the waiting times to the next event (backwards in time, as usual)? Coalescence decreases the number
of lineages from k to k — 1; this occurs at a rate k(k — 1) /4N per generation as before. Meanwhile, re-
combination increases the number of lineages from k to k + 1; this occurs at a rate ck, where c is the
total recombination rate across the segment of interest 51

So the probability that the next event is a recombination event is

ke B 4Nc¢
kc+k(k—1)/4N "~ 4Nc+k—1

(2.52)

This formula suggests the following;:

e 4Nc is the natural parameter to describe the role of recombination in an ARG.
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e In large samples, coalescence predominates at recent timescales (when k is large), while recombina-
tion is more effective at scrambling the lineages further back in time (when k is small).

To summarize, consideration of the ARG highlights a few key points:

¢ sites that are close together tend to share the same genealogy, hence

SNPs are in high LD;

¢ genealogies become less and less correlated with increasing genetic
distance, thus reducing LD;

¢ the scale of LD depends on the product of N and c (usually written
as 4Nc);

¢ in large samples, the most recent coalescent events occur faster than

recombination, so closely related haplotypes can be shared over
large recombination distances, even at distances where overall LD
is low.

Decay of r*> with distance. So we have a qualitative prediction that LD
should decay with genetic distance. Can we predict this more precisely?

It turns out that the expected 7> can be approximated as a ratio of covari-
ances in coalescence times among sequences at different distances f. I
won’t present the math for this (it’s a bit fiddly) but you can read about
it here [Link] 82.

And here’s how average r? decays as a function of distance:

02 03 04

r—squared

00 0.1

0 20 40 60 80
Scaled distance (units of 4Nc)

To give you a sense of scale, on average 100 kb in humans is around 4Nc¢ =

80; this model predicts that LD should decay to be low within around
10 — 100kb, which is fairly typical in practice.

Recombination and LD in human data. Most of this basic theory was
already understood by the 1980s and 1990s. But for a long time we didn’t
have the tools to measure this in real data %3.
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£ Note: these results focus on the typical

levels of LD at very short distances with

recombination and coalescence; as such it
differs from the earlier results predicting

rapid decay of D starting from an initial

condition of unnaturally high LD.

Figure 2.47: Predicted decay of mean r?

between pairs of SNPs, as a function of distance.
To interpret the x-axis, note that for humans
4Nc=80 corresponds to ¢=0.1 cM or ~100
kb at the genome-average recombination rate. The
function plotted here is (10 + 4Nc) /(22 + 13(4Nc) + (4Nc)?), which

approximates the mean of r> between common SNPs. See [Link].
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Figure 2.48: Pedigree studies of recombina-
tion. Traditional genetic mapping studies used
a scaffold of genetic markers to count crossover
events within pedigrees — shown here for a single
chromosome in parents and four kids.
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This started to change in the 1990s, alongside the Human Genome Project.
At that time, one goal was to create genetic and physical maps of the
genome. One main approach was to genotype a genome-wide scaffold

of genetic markers (STRs) in families, and count recombination events
directly. With these data it was possible to estimate recombination rates
along each chromosome, as shown here in this recombination map of
Chromosome 1, made in 2002:

recombination rate (cM/Mb)
2

100 150 200
chromosome 1

0 50 250

As you can see here, at this scale recombination rates vary from about
1-3 cM/Mb (except for the centromere), and are higher near the telom-
eres, which is pretty typical of the genome. Female rates (solid line) are
generally higher than male rates (dotted), consistent with the fact that
genome-wide rates in females are 1.6 x the male rates.

But the resolution of this type of map was limited by the number of avail-
able STRs (about 2 per Mb), which meant that they could not study fine-
scale variation in rates 4.

So when the first high-resolution SNP data came along, it was a big sur-
prise to find that the LD data revealed something much more striking!

But before we get to this, I need to explain a little about how to visual-
ize LD. Let’s suppose that we genotype a bunch of SNPs across a region.
One thing we could do is to show colored haplotypes in the style of Fig-
ure 1.31, but it’s hard to get a quantitative sense of the data from this. In-
stead, a commonly-used approach computes a matrix of 7> or D’ between
all pairs of SNPs, and displays it with a color scale, like this:

A GeNOTYPE MATRIX B LD MATRIX C. LD MATR|X D. LD MATRIX
' (CoLbR— CODED) (ROTATED)
— SNfs — SNP SNPs
4 z ﬁ? et
sanpes | Genovres |y gupg [D'lor % | gl ! S
o/ o—1 CoLDASAL
HIGHLD

In panel D above, the SNP pairs that are close together are plotted near
the base of the triangle, and SNPs that are far apart are higher up. Thus,
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Figure 2.49: Pedigree-based recombination
map for Chromosome 1. These data, from a
2002 pedigree study, show estimated recombi-
nation rates at megabase scale (females, solid
lii’lf,’ males, dotted lzne) The region without recombination at
around 150 Mb marks the centromere. Credit: From Figure 2 of Augus-

tine Kong et al (2002) [Link] Used with permission.

Figure 2.50: Visualization of LD patterns.
Panel A displays the full haplotype data but is
difficult to interpret quantitatively. B Instead
it’s common to display the data as a matrix of
pairwise LD; and often color-coded C. D Finally,
the matrix is rotated, and only the top half is
shown.
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we expect that LD will usually be high (red) near the base, and decrease
going up.

By the early 2000s, as it became possible to collect SNP data at higher
density, some very interesting patterns started to emerge ®5. Our model
above suggests that LD might be expected to decay smoothly with dis-
tance, but this is not the case at all. Instead, LD structure forms striking
blocks of high LD (so-called haplotype blocks), separated with lower LD
between blocks. Here’s a typical example from a 500 Kb region of the
genome:

A. Yoruba

C. Chinese and Japanese

B. CEU (Europeans) D. Estimated recombination rates

Recombination rate
B
o

0 100 200 300 400
Position (kb)

In the plot above, red indicates |D’| = 1. Remember that |D’| < 1 (white)
indicates that all 4 possible haplotypes are present, and that past recombination
must have shuffled genotypes between the two sites. The blocky structure of
the D" matrices suggests that most recombination is taking place at the
boundary points between adjacent blocks.

It’s possible to use the LD structure to estimate a fine-scale recombination
map (panel D) 18 — this supports the visual impression that most recom-
bination is concentrated into narrow regions with extremely high recom-
bination rates. These locations are referred to as recombination hotspots.

These early results have proved to be typical of the genome overall: the
structure of LD tends to form blocks, with generally high LD inside
blocks, and lower LD between blocks. This reflects the structure of
recombination, which is mainly concentrated into narrow hotspots.

Genome-wide, more than 30,000 hotspots have been identified, with ad-
ditional recombination spread among weaker hotspots '®7. This helps to
set the scale of LD, which typically extends around 10-100 Kb, depend-
ing on the genomic region 5.

PRDMg and the hotspot paradox. The discovery of tens of thousands
of recombination hotspots immediately suggested a new question: What
controls the locations of hotspots? Work on this question led to a fascinat-
ing saga spanning molecular genetics, human genetics, and evolutionary
biology.
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Figure 2.51: Fine-scale patterns of LD and
recombination for a 500 Kb region on Chro-
mosome 2, in three population samples (A-C).
Red entries indicate pairs of sites with |D'| = 1;
white sites indicate |D'| < 1. Notice that the
overall structure is largely shared across pop-
ulations, but the extent of LD is lowest in the
African population (Yoruba) and highest in east
Asian population. D. Estimated recombination
rates in cM/Mb across the same region. The peak
recombination estimates are much higher than in
the pedigree map. Credit: Modified from Figure 8 of HapMap
(2005) [Link] Used with permission.

& The figure above also illustrates another
typical pattern, namely that LD is low-
est in African populations due to their
larger long-term effective population
size.
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The first major progress came in a 2005 paper by Simon Myers and col-
leagues, which reported that a certain 7-nucleotide sequence motif is
highly enriched within hotspots 188. The presence of this short DNA mo-
tif at many hotspots suggested that the locations of hotspots are, at least
in part, directed by local DNA sequences ". This situation is reminiscent
of binding sequences for transcription factors, and suggested that recom-
bination events might be directed by an unknown DNA-binding protein
that recognizes this motif.

But this exciting observation immediately raised a theoretical problem
known as the hotspot paradox ®. The hotspot paradox argues that, due
to the molecular details of recombination, evolution should tend to re-
move cis-acting hotspot motifs.

To explain this, I need to say a bit about what happens during recombi-

nation. During meiosis, the homologous chromosomes pair up. Crossovers

are initiated by one of the two homologs (the blue one, in the example
below). The initiating chromosome undergoes a double-strand break, and
part of the chromosome is chewed back in both directions around the
break. Eventually, this damaged region is repaired using the other (red)
chromosome as a template, in a process known as gene conversion:

C. CRDSSOVER WITH CONVERSION
* Y ‘Y
A <« -

dh 'Y

A. DoveLe- STRAND BREAK

v -

|

B. ResecTion + STRAND INVASIoN D. @¢Eve conveRsION ONLY
4 N -
- I — y 4 'S - (Y

A B A ]

The key point here is that, within the gene conversion region, it is the ini-
tiating chromosome (blue) that is copied over by its partner (red). Both
resulting chromosomes end up with the red sequence inside the con-
verted region.

Now, let’s suppose that one chromosome carries a hotspot motif but the
other does not (for example there could be a SNP for which one allele
breaks the motif). Then, the chromosome with the motif can initiate the
crossover. But that sequence would then be replaced by gene conversion
from the other non-motif chromosome. This is known as biased gene
conversion:

MOT | — - {vx;)(ar
—— e 7 ‘

In other words, biased gene conversion tends to remove hotpots! We haven’t
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N Terminology: DNA sequences that control
local activity are said to act in cis, while
external factors such as a DNA-binding
protein that recognizes those sequences are
said to act in trans.

Figure 2.52: Simplified model of recombi-
nation with gene conversion. A. Recombi-
nation is initiated with a double-strand break
in the blue chromosome. B. Several hundred bp
around the DSB are resected (chewed away) on
the blue chromosome; then one strand invades
the red chromosome. This is resolved in one of
two endpoints: C. crossover with gene conver-
sion to repair the damaged section using the red
chromosome as template, or D. gene conversion
without crossover. Note: this is a simplified account of a com-
plex process. Figure modified from [Link].

Figure 2.53: Biased gene conversion. An
allele that encodes the hotspot motif (blue) will
tend to be replaced by an alternative allele that
breaks the motif (red).


https://doi.org/10.1016/j.tree.2005.10.006

covered selection yet, but this is mathematically equivalent to a form of selec-
tion in favor of alleles that remove hotspots 9°!

Based on this logic, the hotspot paradox argues that any time a SNP arises

inside a hotspot motif, it will tend to spread through the population as
if it were positively selected. Over time, this should tend to eliminate all
hotspots. So why are there any hotspots left?

Around the same time as discovery of the hotspot motif, another intrigu-

ing observation was made by comparing LD in humans and chimpanzees.

Recall that chimpanzees are our closest living relatives, and that our genome

sequences are extremely similar, differing at only about 1.4% of sites.
Given this, you might naively expect most hotspots to be shared if they
are controlled by cis-acting motifs. But, remarkably, studies of LD in
chimpanzees found no meaningful overlap of hotspot locations between
humans and chimps beyond random expectations "9*:

A. Sharing of recombination hotspots B. Simulated distributions of sharing

037 [ 0% shared

Observed W 100% shared

No
ovERLAP

Frequency

0.1

D\/ é& L A P Fraction of shared hotspots

And an independent study of recombination events in pedigrees in a
European-American population showed that, even within humans, not
everyone uses the same hotspots at the same rates 9. All this was very
intriguing. If hotspot locations are controlled by local sequences, then
shouldn’t most hotspots be shared?

Many of these questions started to be resolved by a set of papers in 2010
that identified a gene called PRDMg as the missing, central, player in this
entire saga '93. PRDMg encodes a protein with a so-called “zinc finger”
domain that is responsible for DNA binding.

The zinc finger domain has a specific affinity to — you guessed it — the
previously-discovered hotspot motif. The plot below shows DNA binding
predictions from a 2010 paper, based on the protein sequence of the most
common European PRDMg allele. This substantially matches the DNA
sequence enriched within hotspots:

c __— Enriched hotspot motif

CCnCCnTnnCCnl

A.éACAAAéCAéCAéAAéAAéxCC.CC IéICCIcc

b = A B L A B _A Amino acids at DNA
VDT-WHI-WVT-RVT-RVT-WVS-WVT-NHR-DHR-DNS-NHR-NHR-DSY — contact points

__— Predicted motif

Once PRDMg binds to the DNA, it recruits additional machinery to
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Figure 2.54: No sharing of hotspots be-
tween humans and chimpanzees. A. One
study estimated that just 8% of hotspots overlap
between humans and chimpanzees. B. Simula-
tions showed that this is consistent with no true
sharing of hotspots (since hotspot regions are
estimated imprecisely, some overlap is expected
eoven b]/ chance). Credit: Panel B is Figure 2 from Susan Ptak et

al (2005), [Link] Used with permission.

Figure 2.55: Predicted binding preferences
of the PRM9 "A’ allele. The sequence motif

in red at top represents a consensus of the motif
enriched at hotspots ('n’ indicates no clear con-
sensus). The DNA ’logo” plot shows predicted
binding preferences of the PRDMg protein based
on the corresponding zinc fingers; the sizes of the
letters reflect the predicted strength of preference
for each nucleotide. Modified from Figure 2 of Baudat et al

(2010) [Link] Used with permission.
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initiate double-strand breaks (which can result in crossovers).

Of particular interest, the zinc finger DNA-binding domain is encoded

within a minisatellite repeat section of the gene . Each repeat (or “fin-

ger”) consists of 28 amino acids (84 bp), of which 4 amino acids touch the

DNA and provide binding specificity. Most of the other 24 amino acids ! Minisatellites are similar to STRs, but

are identical across repeats. with longer repeat units. They tend to be

) ) ) ) ) highly variable due to replication slippage,
Recall that the copy number in such regions is often highly variable due 7 .., 4150 often referred to as VNTRS:

to mispairing during DNA replication. In fact, this is the case at PRDMo,  Chapter 1.3; Figure 1.34.
where dozens of alleles have been found in humans. Furthermore, the
alleles frequently differ specifically in the amino acids that contact the
DNA. The image below shows differences between two of the most com-
mon human alleles, A and C, as well as allelic variation across nine dif-
ferent human alleles:
A. PRDMS domain structure Figure 2.56: Structure of PRDMg. A. Do-

3 ZFo ZF tandem array mains of the PRDMg gene. Zinc fingers 8—13
893 (allele A) are responsible for DNA binding and differ be-

©

< ) e s tween Alleles A and C. B. Diversity of zinc fin-
LN ,
"l g ger structure across nine human PRDMg alleles.
& Each box represents a single zinc finger, and
"E wgm — colors ?ndzcate d?stznct sequences. Notzce that al-
B. Allelic variation of zinc fingers e leles differ both in the numbers ofﬁngers as well
~ @ as their sequences, especially within the main
A 18 C. Structure of DNA-binding (Allele C) DNA binding region (red bar). C. DNA binding
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structure of the C allele. Fingers 8-13 are respon-
sible for DNA sequence recognition. Panel Aand C,
modified Figure 1 of Patel et al (2017) [Link], CC BY 4; Panel B part of

Figure 2 of Baudat et al (2010) [Link] Used with permission.

Rates around motif

Importantly, in many cases, the different alleles have different DNA bind-

b

=
ing preferences. For example, allele C, which is common (36%) in west %:Z: i 2
Africa but rare outside Africa, uses completely different hotspots than B
allele A (plot at right) ™4. 52
Meanwhile, chimpanzees also have completely different PRDMg alleles § f
from humans — thus neatly explaining the complete lack of overlap be- §

>

-20 -10 0 10 20
Distance from motif (kb)

tween the human and chimpanzee hotspot maps.

Lastly, the rapid evolution of PRDMg neatly resolves the hotspot para-
. There has i ic 1 fh h i

dox. There has 1ndee.d b?;n systen.la’.clc oss of human hotspots ‘durmg. hotspot usage at C allele binding motifs.

recent human evolution "%, but this is counteracted by regular jumps in  p,compination rates averaged across all in-

PRDMg binding preferences due to the evolution of new alleles %. stances of the C allele binding motif in African

. ) . Americans (red) and Europeans (black). (Ver
As a consequence of all this, the selective pressure imposed by hotspot few other genes exhibit s trz ng functional 4 iﬁfeyr—

evolution has made PRDMg one of the most rapidly evolving vertebrate  ences across human populations; in this case it
genes — and a fascinating story involving molecular biology, population reflects the unique evolutionary pressures acting
genetiCS, and evolutionary blO].Ogy on PRDM9) From Figure 3 of Anjali Hinch et al (2011) [Link]

Used with permission.

Figure 2.57: Population differences in
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In the last part of this chapter we return to models of LD, but now with a differ-
ent flavor. The new model is slightly heuristic, but much easier to work with in
data analysis — and hopefully more intuitive.

Haplotype copying models. While the ARG can be considered an “ex-
act” representation of chromosome ancestry 97, its complexity makes it
extremely difficult to use in statistical analysis 9.

But in a landmark 2003 paper, Na Li and Matthew Stephens introduced

an alternative framework known as a haplotype copying model ' that
approximates key elements of the ARG process, while being much sim-

pler and far more computationally tractable >°°. This model has inspired
many methods for a variety of important problems 2°*.

The central concept of the copying model is to define a conditional sam-
pling probability for the “next” haplotype in a sample. Suppose that you
have already observed K haplotypes in some region of the genome (by ei-
ther sequencing or genotyping). You then sequence one more haplotype:
before you look at the data, what would you expect this next haplotype
to look like?

Intuitively, within a small region of DNA sequence we should expect the
next haplotype to be similar to (i.e., “copy”) one we have already seen, but might
not be identical due to occasional mutations.

Secondly, over a larger region, we might expect that the next haplotype will
first copy one haplotype, and then switch to copy a different one, reflecting past
recombination events.

A third key point is that if we have a very large reference panel (large K),
then it’s more likely that the next haplotype will be similar to something
we have already seen, compared to if we were using a small reference
panel. So the rate of both switches and mutations should decrease with K.

One possible outcome from this process is illustrated here:
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More formally, these ideas suggest that we could define a conditional
sampling probability. This allows us to compute the probability of ob-
serving any specific sequence of variants as the next haplotype. Under
this model, haplotypes that can be generated as simple mosaics of the
previous haplotypes are more likely 2°2.
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Figure 2.58: The Haplotype Copying Model
defines a probability distribution for the next
haplotype, modeling it as a mosaic of haplotypes
that have already been observed. It allows for
occasional differences due to mutation or errors,
as well as switches due to past recombination
events.



This model can easily handle recombination hotspots, simply by allowing
a higher switch rate any time the copying process passes over a hotspot.
Conversely, the model can be used to detect hotspots, as locations where
haplotypes often switch parents.

The upcoming box provides some technical detail on the copying process:

Optional: The Conditional Sampling Probability for Haplotype Copying. We define the conditional
sampling probability for the next haplotype as follows, assuming a reference panel of K > 1 haplo-
types observed so far. For motivation and details see Li and Stephens (2003).

We focus on genotype data at a set of S SNPs, where the SNP number s ranges from 1 and S. This pro-
cess defines what is known as a Markov process for the k + 1 haplotype, conditional on the K haplo-
types observed so far:

Initial parent. At the first variant position, s=1, pick a reference panel haplotype k between 1 and K,
at random. (We will start copying from this haplotype.)

Next, repeat the following until s = S:

¢ Determining the allele value. When copying from haplotype k, we usually copy the allele in hap-
lotype k but we allow for a low probability of single nucleotide mismatches due to mutation (or
other events such as genotyping errors or gene conversion). Specifically, at site s, with probabil-
ity 1 — [9/ (K+ 9)] the allele in the new haplotype is set to equal the allele at site s in haplotype
k; otherwise we set it to an alternate allele. Here 0 reflects the rate of mutations or mismatches in
the data 3.

* Recombination. When we move from SNP s to SNP s + 1, we decide whether to switch to copy-
ing a different haplotype °4. Let cs be the expected number of crossovers between these two SNPs,
per generation. With probability e=#N°/K we continue copying from the current haplotype. Oth-
erwise, with probability 1 — e #N%/K we introduce a recombination event: in that case we select
a new random haplotype parent k' between 1 and K.

¢ Increment SNP position. Set s to s + 1.

The expression for the switch rate is motivated by noting that the average coalescence time for a new
haplotype into an existing panel of K samples is ~ 2N /K, so the expected number of recombination
events along either branch between the two SNPs is ~ 4Nc/K, and the probability of zero recombi-
nations is e~#N¢/K,

Notice that here ¢ is measured in units of genetic distance, so it naturally allows for a higher jump rate
across hotspots.

One huge advantage of copying models is that they are highly tractable

for computational analysis. For example, unlike the ARG, they are amenable
to efficient tools for data analysis called Hidden Markov Models (HMMs).
The details of HMMs are outside our scope *°5, but I'll briefly outline one
major application of copying models:

Phasing and imputation. Recall that one of the main ways of collecting
genome data on individuals is by genotyping. In genotyping, we mea-
sure the genotype of an individual at a pre-specified set of SNPs (com-
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monly ~1 million SNPs). Until recently, genotype data has been much
cheaper than genome sequencing |. However, these data are incomplete
in two key ways:

e We do not know the genotype at SNPs that were not on the array;

e We do not know haplotype phase: i.e., for heterozygous SNPs, we do
not know which allele goes on which homolog.

However, we can use the concepts of LD and haplotype structure to fill in the
missing data. This is referred to as phasing — inferring which heterozy-
gous alleles are from the same homologs; and imputation — for inferring
genotypes at SNPs that were not on the array. Imputed data are valuable
for many purposes as they allow us to approximate whole genome se-
quencing data at a fraction of the cost. Phased data are needed any time
we want to analyze haplotypes and, in any event, most imputation algo-
rithms work by phasing the data simultaneously, as I'll discuss below.

Most applications of phasing/imputation build off a panel of known hap-
lotypes, such as data from the 1000 Genomes Project 2° to enable phas-
ing and imputation in a new sample, as shown here:
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Under the copying model, we can view the data in a diploid individual
as coming from two unknown paths threading through the reference
panel. The HMM machinery allows us to identify likely paths and, from
this, to infer phase and missing genotypes >°7:
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This type of approach provides the basic structure for how we can phase
and impute data from genotypes. While more advanced techniques in-
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J These issues also come up for sequencing:
in particular, traditional short-read sequenc-
ing does not determine haplotype phase.

Figure 2.59: Imputation and Phasing. It is
common to collect genotype data on a subset
of SNPs (green). With the help of a reference
panel of known haplotypes (black) we wish to
infer haplotype phase and impute the missing
genotypes at unmeasured SNPs.

Figure 2.60: Likely haplotypes inferred
from genotype data. For a diploid individual,
the genotype data result from two independent
copying paths through the reference panel. The
algorithm finds likely pairs of paths (red and
blue) consistent with the genotype data; switch
rates are higher at recombination hotspots. There
may be multiple likely paths. Once likely paths
have been identified we can infer phase and im-
pute variants at ungenotyped SNPs (bottom).



clude various bells and whistles and speedups, this type of idea has been
used to analyze data from tens of millions of people.

In this chapter we’ve talked about how linkage, recombination and drift shape
patterns of genetic variation in the genome, including LD. These processes are
fundamental to understanding other aspects of human variation including natu-
ral selection and disease genetics.
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2.4 Genetic drift in structured populations.

So far, our models have ignored population structure. But of course, individu-
als do not choose their reproductive partners at random from the entire world’s
population. This nonrandom mating is referred to as population structure, and
over time it leads to differences in allele frequencies.

Human populations are structured at all levels: between continents and geo-
graphic regions, and often between nearby ethnic groups, towns or villages. Here
we discuss basic models of structure; we’ll revisit these themes in Section 3 with
a specific focus on human history.

Humans share a recent African origin. Spoiler Alert! We first need the
briefest overview of human genetic history to set the stage.

Humans are descended from populations in sub-Saharan Africa. Around

80,000 years ago part of this population spread out of Africa, and eventu-
ally colonized most of the world’s land masses. As a result of our shared

ancestry, all human populations share much of our genetic variation.

Here’s a schematic overview of the relationships among human popula-
tions; see Section 3 for more about this topic:
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As we shall see in this chapter, the separation time of human populations
is actually quite recent in terms of population genetic timescales so that
most common genetic variants are shared among all human populations.

Allele frequency variation across populations. As we’ll discuss in this
chapter, population structure (non-random mating) allows alleles and
haplotypes to drift independently in different populations. This leads to
differences in allele and haplotype frequencies across populations.

An Owner’s Guide to the Human Genome, by JK Pritchard. September 23, 2023. Original material distributed under a CC BY 4.0 license.
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Figure 2.61: Schematic overview of rela-
tionships among human populations. Most
human populations descend from an ancestral
population in sub-Saharan Africa. Non-African
populations also briefly contacted archaic hu-
mans (Neanderthals and Denisovans) when they
reached Eurasia. This overview is highly simplified: for example,
there has been frequent migration among groups, and many populations
have mixed ancestry across branches. Time estimates are approximate.

Credit: Figure 2 from Rasmus Nielsen et al (2017) [Link].


https://doi.org/10.1038/nature21347

To give you a sense of what this looks like, the next plot shows the allele
frequencies in different human populations for a single common SNP. As
is typical for intermediate-frequency SNPs, both alleles are present in all
sampled populations, but at varying frequencies:

And here’s a different visualization, showing allele frequencies for 100
randomly chosen SNPs from the 1000 Genomes Project data 2°5. SNPs
are sorted by global allele frequency (highest frequencies at the top) and
populations from the same continent are show in adjacent columns:
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The plots above suggest two key features of the data:

(1) Alleles that are common in one population tend to be common ev-
erywhere — notice the solid blue rows at the top of the plot that indicate
SNPs that are segregating in most, or all, populations. As we will explain
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Figure 2.62: Population allele frequencies
at an arbitrary common SNP. Each pie chart
shows allele frequencies for a 1000 Genomes pop-
ulation sampled at that location. The blue allele
at this SNP is ancestral, and yellow derived.
Credit: Plot made using the Geography of Genetic Variants browser:
[Link]. SNP: rs7148516, Blue: A; Yellow: T. A is likely ancestral. Note
that the populations plotted in the Americas are not primarily native

populations.

Figure 2.63: Geographic distribution of 100
random SNPs. Rows are Single Nucleotide
Variants, columns are populations, grouped into
continental groups: Africa; Europe; South Asia;
East Asia; Americas. White boxes mean that the
derived allele is absent from a particular popu-
lation sample; the blue color scale indicates
allele frequency in each population where
the allele is present. Credit: Figure 1 from Arjun Biddanda
et al (2020) [Link]. CC-BY 4.0.
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shortly, this pattern arises because most common alleles arose in sub-
Saharan Africa before the human diaspora and were carried everywhere
as humans spread around the globe.

(2) Alleles that are rare are usually restricted to a single population or
continent — lower down in the plot, the blue bars in each row are usu-
ally found in just one or a few populations. This pattern occurs because
most rare alleles arose much more recently, after the separation of human
populations, and are only found within the populations where they first
occurred (or were carried by later migrants).

In the remainder of the chapter we’ll discuss models for genetic drift
with population structure to try to understand these observations.

Models of population separation and drift. To start thinking about
models for allele frequency variation, consider the allele frequencies in
two populations. For example, we might compare a pair of closely re-
lated populations such as Japanese and Korean; or more distantly related
populations such as Japanese and Yoruba (from Nigeria). In each case,
we can ask questions such as:

¢ How do allele frequencies differ between these pairs of popula-
tions?

¢ Are two samples from the same population more closely related (in
a coalescent sense) than samples from different populations?

The most basic model for thinking about this is to consider a pair of pop-
ulations that separated T generations ago from an ancestral population,
as you can see in the sketch to the right. We’ll start by assuming no mi-
gration between the two populations after the split (we'll introduce mi-
gration shortly).

We've discussed two different approaches to understanding drift: the
Wright-Fisher forward-in-time approach, and the coalescent approach.
Let’s use each of these in turn to understand what happens after the pop-
ulation split.

First, in the forward-in-time framework, consider an allele that drifts in
the ancestral population to a frequency p, at the time of the split. Imme-
diately following the split, it is at p4 in each of the descendant popula-
tions, but after that it drifts independently in each population 2.

This is illustrated in the plot below, which uses the Wright-Fisher model
to simulate drift of a single allele with N = 10,000: first in an ances-
tral population (black), and then in two descendant populations (red and
blue):
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Figure 2.64: A basic population-split
model: An ancestral population of size Ny
split at time T generations before the present,
instantaneously creating two descendant popula-
tions, of sizes N1 and Nj.

& If Wright-Fisher drift is like a drunk man
stumbling aimlessly between 0 and 1, this is
now like two drunk men stumbling
independently from the same starting
position. The allele frequency difference
between two populations is analogous to
how far apart they get after T steps.



Allele frequency drift following a population split.
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That’s just one random outcome from this process: what is the overall
distribution of allele frequency differences under this model?

There is not a simple, exact mathematical formula for this, but we can
get useful insight using the Nicholson-Donnelly approximation *®. This
provides a simple model for the present day frequency of an allele in a
population (denoted pr), given that the ancestral frequency was p4 at

a time T generations before the present, assuming effective population
size N. Nicholson et al. suggested that we can approximate this using a

normal distribution 2°:

T
pr ~ Normal(p,, ﬁPA(l —pa))-

(2.53)

If pr falls outside the range [0, 1] we think of this as equivalent to loss or
fixation of the allele and set the frequency to 0 or 1.

Equation 2.53 may look complicated but is actually pretty intuitive. First,
the mean of pr is simply equal to the starting frequency p4, since we’re

assuming no selection.

Meanwhile, the variance of the distributionis T - pa(1 — pa)/2N; this
uses an approximation that the variance across T generations is simply T

times the WF sampling variance p4(1 — pa)/2N per generation.

Here’s what the model looks for an ancestral allele frequency of 0.55:

Allele frequencies after split

Ancestral
frequency

I I I
0.0 0.2 0.4

I I I
0.6 0.8 1.0

Present day allele frequency

Example: Tibetans and Han. This basic model predicts the drift of each
population from an ancestral population. But in practice we don’t know
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Figure 2.65: Simulated drift of a single
variant. Drift in the ancestral population is in
black, and drift in the descendant populations

is blue and red. Here time is measured forward
from left to right; the amount of time plotted
after the population split (3000 generations) is
similar to the divergence of African and non-
African populations. Ny = N1 = N, = 10,000.

Figure 2.66: Genetic drift after a popula-
tion split. The plot shows the distributions of
possible allele frequencies in two populations of
different sizes, both starting from an ancestral
frequency of 0.55. The population shown in red
has larger T /2N and shows more drift from the
ancestral frequency. The red line approximates
the amount of drift in non-African populations
since the out-of-Africa migration.



the ancestral allele frequencies, so we infer drift by comparing frequen-
cies in different modern populations.

One example of this is shown in the plot below, which compares allele
frequencies between 50 Tibetans and 40 Han Chinese for about 100, 000
SNPs 2'*. As you can see, the allele frequencies are generally close to
the diagonal, implying that frequencies are similar in the two popula-
tions. Indeed, about half the scatter around the line actually comes from
the limited sample sizes rather than from drift alone (the standard devia-
tions of allele frequency estimates are up to 5% at these sample sizes).
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While allele frequencies for most SNPs are very similar in the two pop-

ulations, you’ll notice that two SNPs in the EPAS1 gene are notable out-
liers in Tibetans. These outliers were the first indication of a remarkable
evolutionary story.

Tibetans, of course, live at high elevations in the Himalayas, and it turns
out that the EPAS1 SNPs tag a haplotype involved in local adaptation of
Tibetans to altitude. EPAS1 is a transcription factor that plays a central
role in regulating red blood cell production, and the haplotype that is
common in Tibet increases fitness at high altitude. Natural selection has
driven this haplotype to high frequency in Tibet, thus causing it to be an
outlier against the genome-wide background of genetic drift #*2.

A coalescent interpretation of population splits. So far we have been
thinking about drift of allele frequencies forward in time, but it’s also
helpful to think about how population structure affects coalescence of
samples. As before, we’ll assume the basic split model shown in Figure
2.64, and to keep things simple, we’ll assume that the effective population
size is simply N at all times (N4 = N; = N, = N).

Consider two samples: either both from the same population, or both
from different populations. When they both come from the same pop-
ulation, they are eligible to start coalescing immediately and, as before,
the average coalescence time is simply 2N generations (Panels A and B,
below).
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Figure 2.67: SNP allele frequencies in Ti-
betans and Han Chinese. The plot shows
Tibetan and Han allele frequencies for ~100K
exonic SNPs. Colors indicate the density of
points; notice the high color density along the
main diagonal indicating that the vast majority
of SNPs have very similar frequencies in the two
populations. Credit: Figure 1 from Xin Ye et al 2010. [Link] Used

with permission.
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But if the samples come from different populations, they cannot coalesce
during the first T generations (looking backwards in time) until the lin-
eages merge back into the ancestral population (Panel C). At that point,
the usual coalescent process starts. Hence, for 2 samples from different
populations, the average coalescence time is 2N + T
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Under this model, what is the probability that two samples from the
same population coalesce in the ancestral population? Using properties
of the exponential distribution '3 we can show that this probability is
e~ T/2N_So for example, if we take a person with recent European
ancestry *'4, then at a typical locus in their genome there is a very high chance
(~85%) that their two alleles go back as independent lineages into the ancestral
African population (Panel B, above).

OR
2

How does this look if we consider larger samples? Remember that in a
large sample, the first coalescent events occur very quickly, while a few
lineages take a long time to coalesce. This means that in a large sample,
many lineages coalesce within the population, but the deeper lineages go
back into the ancestral population (Panel A):

CDALESCENLE
F IN ANCESTRAL
PoPULATION
COALESCENE

WITHIN
PoPuLaTIONS

This has clear implications for genetic variation (Panel B, above): muta-
tions that occur in the upper parts of the coalescent tree (i.e., older muta-
tions) are usually common, and shared among populations. In contrast,
mutations in the lower parts of the tree (younger mutations) are usually
rare, and much more likely to be population-specific.

E

[~ ANCIENT
SHARED
VARIANTS

RECENT
PoPuLATON -
SPeciFic
VARIANTS

To give you some very rough numbers on this: suppose we sequence m
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Figure 2.68: Coalescent times for pairs of
samples within and between populations.
When both samples are from the same popula-
tion, they either coalesce within their own pop-
ulation (A), or back in the ancestral population
(B). If two samples are drawn from different pop-
ulations they are not eligible to coalesce until
both move into the ancestral population, starting
T generations ago (C).

Figure 2.69: Coalescence of larger samples
within and between populations. A. Re-
cent coalescences occur within populations, while
deeper coalescences are in the ancestral popula-
tion. B. Common variants (green) are generally
older, and occur in the ancestral population; rare
variants (purple) are generally younger, and
usually population specific. Note: blue and red
lineages are ancestral to samples in one popula-
tion only; black lineages are ancestral to both.



samples from the same population, then the expected time until the num-
ber of lineages goes down to K distinct lineages (1 < K < m) is

K+1 2

2Ny ——— (2.54)
k;m k(k—1) >4

If we start with m = 1000 samples in the present day, most of these
coalesce very quickly —i.e., within populations. For example, at a time
0.15 - 2N generations before the present (i.e., roughly the time of the out-
of-Africa dispersal), only ~13 distinct lineages would survive back into
the human ancestral population 5 26, In other words, each lineage that
goes back into the ancestral population is ancestral to a bit less than 10%
of the modern sample (on average), so mutations that occur since popula-
tion splitting would usually be below ~10% frequency.

Meanwhile, the dozen or so deepest lineages would then take a very long
time to finally reach an MRCA: almost another 4N generations, or ~2
million years. This is why most common genetic variation is old, pre-
dates the human diaspora, and is found in all modern populations.

Migration and other complications. I've been describing a highly sim-
plified model in which two populations split at a fixed time T in the past.
This simple model is helpful for understanding the main forces at work.

But in truth, real populations are far more complicated. Human struc-
ture is somewhat hierarchical, with many populations splitting at differ-
ent times within and between continents, as in Figure 2.61. Furthermore,
as we shall see in Section 3 of the book, populations don’t always stay
separated: populations exchange migrants or very often undergo major
mixing events with other populations.

One important process is migration which refers to the movement of in-
dividuals (and their alleles) between populations. We can incorporate this
into the Wright-Fisher model by defining a migration rate m, per genera-
tion.

Then to simulate a new generation, each new allele copy is sampled from
its own population with probability 1 — m, and from another population
with probability m:
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Figure 2.70: Migration in the Wright Fisher
model. To simulate a new generation (at bot-
tom), alleles are drawn randomly from one of the
parent populations: from the same population
with probability from 1 — m, and from a different
population with probability m.



Equivalently, in the coalescent, lineages switch between populations at
rate m per generation. Coalescence can only take place between lineages
that are currently in the same population 2'7 218;

A E

Figure 2.71: Coalescence in a split model
with migration. A. In the presence of recent
migration, lineages can move between popula-
tions at a rate m per generation. They are then
eligible to coalesce with lineages in their new
population. B. In the presence of migration, it is
possible for recent mutations to be shared among

populations, as indicated.
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By moving alleles among populations, migration tends to reduce allele
frequency differences among populations, and enables young mutations
to move between populations in a way that is not possible in the pure-
split model.

Together, these and other related conceptual models help us to under-
stand the effects of a wide range of demographic processes on genetic
variation. Using modern software it is now possible to simulate extremely
complex models of population histories, including spatial structure, mi-
gration, population movements and splits *9.

Measuring population structure: Fs7. So far we have been talking about
models but, for data analysis, how should we measure the extent of allele
frequency differences between populations?

The most widely-used measure of differences between populations is
known as Fst (pronounced “F-S-T”) ?2°. The concept of Fst was devel-
oped in the 1930s by Sewall Wright to measure the degree to which ran-
dom alleles from the same subpopulation are more similar to one another
than are random alleles drawn from the total population.

Fsr is defined to range from 0 to 1, where Fgr=0 implies no population
structure and a value of 1 implies perfect structure, i.e., that subpopula-
tions are completely fixed for different variants.

Optional: Estimation of Fgt

Wright’s original formulation referred to Fst as “the correlation between random gametes, drawn from
the same subpopulation, relative to the total” >**. This may sound precise, but there is no unique way
to apply Wright’s definition to data analysis, and so this idea has spawned many estimators, and many
review articles. It’s such a mess that I'm tempted to skip the concept entirely, but you can hardly shake
a stick around in the population genetics literature without banging into Fsr.
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One ambiguity is whether the “total” population should refer to the ancestral population, or to an av-
erage of modern populations (and if so, which populations to include). Secondly, it’s unclear whether
our goal should be to estimate an evolutionary parameter that depends on demographic history, or to
estimate a simple arithmetic function of the allele frequencies, that can be computed even for individ-
ual SNPs. We won't go too far down the Fsr rabbit hole here, but I'll sketch out some main ideas **2.

First, consider a situation where multiple populations diverged from a common ancestral population.
Let py be the present-day allele frequency of a SNP in the kth population; then we can define Fsr in terms
of the extent of drift relative to the ancestral population as follows:

Var(py)

T pal—pa) 259

This expression focuses on the variance in allele frequencies across subpopulations; the denominator
pa(l —pa) is the maximum possible variance if all subpopulations are fixed for one allele or the other®?3.
This version of Fst measures the variance in allele frequency across subpopulations as a fraction

of the maximum possible give the ancestral allele frequencies.

We can interpret this further using the Nicholson-Donnelly expression Var(px)~(T/2N)pas(1—pa).
Plugging this into Equation 2.55 gives us
T
Fst ~ — .56

ST o) (2.56)
for small T/2N. In contrast, at very large divergence times (for example between species), when all the
ancestral variation is either fixed or lost within populations, Fst converges to 1 **4. Equation 2.55 is not
immediately useful for data analysis as it depends on the ancestral frequency p 4, which we cannot ob-
serve directly; but it’s not hard to estimate this with Bayesian methods 225.

An alternative formulation (and closer to Wright’s original framing) is to write Fsr in terms of the prob-
ability of identity of pairs of alleles between and within subpopulations 22°:

Fir = (2.57)
where H,, and H), are the probabilities that two random samples from within a subpopulation, or between
subpopulations, are different. The notation H is used here because this is analogous to heterozygosity.

Although it’s not evident at a first glance, this version of Fst is actually a rearrangement of Equation
2.55, but using the total frequency p; in modern populations instead of the ancestral frequency p4 **7.

Importantly, the expected number of differences between random samples is proportional to their co-
alescent times, so this expression can be related to average coalescent times within and between pop-
ulations 228, This interpretation of Fs measures the fractional reduction in coalescent times for a
pair of samples from the same population compared to a random pair from the total population >*9.

Computing Fsr from Equation 2.57 has the advantage that it doesn’t depend on the unknown ances-
tral allele frequency, but it arguably makes estimation more difficult because in real applications there
is sampling error in both the numerator and the denominator which makes estimation a bit painful.
For a helpful summary of moment estimators of Fs, with recommendations, see Bhatia et al (2013).

Turning to data, Bhatia et al (2013) *3° estimated values of Fs1 between
human continental groups. The Fsr values are roughly centered around
the value of 0.15 that we used above to illustrate our models:
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Populations Fst
Yoruba and Han 0.161
Yoruba and European 0.139
Han and European 0.106

As you can see, Fs in humans is fairly small (up to about 0.15), even be-
tween the most distantly related populations. This reflects the fact that
most common variation is shared among all populations.

A second interesting point is that Fsr is a bit higher between the African
population Yoruba and Han Chinese (0.161), than between Yoruba and
Europeans (0.139), even though Europeans and Chinese are descended
from the same out-of-Africa migration event. This is because east Asians
underwent a stronger bottleneck than Europeans after the out-of-Africa
event, resulting in a smaller effective population size and higher Fsr.

Third, Fst between populations from the same continent is usually much
lower, reflecting more-recent split times and subsequent migration. For
example, in the Tibet-Han data set discussed above, the authors esti-
mated that Fst between the two populations is just 0.026.

It would be tempting to interpret Fsr values to estimate population split
times, using the models described above. But in practice, Fst values de-
pend on a complex mixture of population split times, bottlenecks and
migrations. Fst provides a useful summary of the combined impact of all
these processes but it’s very difficult to untangle the contributions of all
these distinct forces in real data .

Example: Coalescence between species. To close this chapter, I'll show
an example where we can use the coalescent to understand evolutionary

splits in a very different context: between species.

Before DNA sequencing, the main way that we knew about the evolu-
tionary histories of species was from fossil evidence. But interpretation

of the fossil record is often based on just a few fragmentary specimens. It
may be unclear how the fossils relate to one another, and to modern pop-
ulations or species. Fossil evidence continues to be important, but genetic
data gives us a powerful complementary type of information for studying
our evolutionary history. The accumulation of sequence differences over
time, due to mutation, is often called a molecular clock.

Here we'll use genome sequence data to understand the evolutionary re-
lationships among the great apes: humans and our closest living rela-
tives: chimpanzees, gorillas, and orangutans.

Until the late 1990s, it was still debated whether humans are more closely
related to chimpanzees or to gorillas (orangutans are more distantly re-
lated to all three) *3*. DNA sequence data now show that in fact we are
most closely related to chimpanzees, with the human and chimpanzee
genomes differing at 1.37% of aligned nucleotides compared to 1.75% for
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Table 2.6: Fgy between human popula-
tions. The data include samples from three
populations: Yoruba (from Nigeria), CEU (a
sample of individuals from Utah of northwest
European descent), and Han Chinese. Modified
from Bhatia et al (2013). [Link]

b Ancient DNA has been a game-changer
for reconstructing complex population histo-
ries, far beyond what is possible using only
modern genomes (Chapter 3.3).

Figure 2.72: Our closest relatives: fernale
chimpanzee with infant. Credit: Alain Houle CC BY 4.0
[Link]


https://doi.org/10.1101/gr.154831.113
https://upload.wikimedia.org/wikipedia/commons/e/ea/Adult_female_and_infant_wild_chimpanzees_feeding_on_Ficus_sur.jpeg

human versus gorilla 232,

This tree shows the evolutionary relationships among the great apes, in-
cluding that humans and chimpanzees are most-closely related:

GREAT Afc
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The picture above shows the relationships among the ancestral popula-
tions that gave rise to humans and the other great apes (this depiction

is known as a species tree). But if you look at individual regions of the
genome, a very interesting pattern emerges. The branching order for the
human, chimpanzee and gorilla sequences vary from region to region
across the genome 233:

=o". 1S IS7
HUMAN-CHIMP HUOMAN -oRLLA CHIMP- GoR|LLA
H C & H & C C & H

About 30% of the genome shows gorilla closer to either human, or chim-
panzee. How should we interpret this?

The key to understanding this is to think about the relationships among
the different genomes as a coalescent process. First, think about the an-
cestral lineages for a segment of the human and chimpanzee genomes.

As in the split model we described above, human and chimpanzee can-
not coalesce immediately because they come from different species. But
unlike our human examples, it is around 6 million years until the human
and chimpanzee lineages flow back into an ancestral population. At that

133

Figure 2.73: Species tree for the great apes.
This figure simplifies additional complexity
within the nonhuman clades, as there are two
recognized chimpanzee species, two gorilla
species, and three orangutan species, and ad-
ditional subspecies of each. After Figure 1a from Aylwyn
Scally et al (2012) [Link].

Figure 2.74: Different parts of the genome
support different trees. About 70% of the
genome supports human and chimpanzee as clos-
est to each other, while the rest supports group-
ing either human with gorilla or chimpanzee
with gorilla.


https://doi.org/10.1038/nature10842

point, the coalescent process you're already familiar with starts: the hu-
man and chimpanzee lineages have the opportunity to coalesce, and the
average waiting time is an additional 2Ny generations, where Ny is
the effective population size in the human-chimp ancestral population.
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Figure 2.75: Coalescence of human and
chimpanzee lineages. Moving backward in
time from the present, the lineages are ineligible
to coalesce until they flow into the human-chimp
ancestral population about 6 million years ago.

(No conLescence)

HUMAN CHIMPANZEE

If the human and chimp lineages coalesce quickly, then this always re-
sults in the “correct” tree. But if the lineages don’t coalesce quickly, they
flow back into the human-chimp-gorilla ancestral population. If this hap-
pens, all three possible branching patterns are equally likely:
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Figure 2.76: Possible coalescent trees relating human, chimpanzee. and gorilla. A. Human and chimpanzee
coalesce in the human-chimp ancestral population, and this ensures that the tree topology matches the overall “correct”
relationship among the populations. B-D. Human and chimpanzee do not coalesce until they flow back into the human-
chimp-gorilla ancestral population. When that happens, all three possible trees (with human-chimp, chimp-gorilla, or
human-gorilla joining first) are equally likely. The theoretical and actual probabilities for each outcome are shown at the
bottom.

So to summarize, for about 55% of the genome, human and chimp co-
alesce in the H-C ancestral population. This ensures the “correct” ge-
nealogy — meaning that the genealogy matches the species relationships.
However, for 45% of the genome the genome, the human and chimp lin-
eages fail to coalesce within the H-C ancestral population and, instead,
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flow separately into the H-C-G ancestral population. When that happens,
all three possible trees are equally likely, and occur with about 15% prob-

ability each . € This situation where the local genealogies
often differ from the species tree is known as

I told you before that 70% of the genome shows a human-chimp pairing;: incomplete lineage sorting

this is the sum of Tree A (55%) and Tree B (15%), while Trees C and D
contribute about 15% of the genome each.

Optional math: Probabilities for the four H-C-G tree topologies.

We start by computing the probability of Tree A: i.e., that human and chimp coalesce within the H-C
ancestral population. For this we will assume the simplest possible model: constant population size
and no population structure. Ny is the effective population size in the human-chimp ancestral pop-
ulation, and we assume that this population existed for Tyc generations.

To compute the probability of Tree A we need to compute the probability of a coalescent event for two
samples within Tyc generations. Using properties of the exponential distribution we can write the prob-
ability of a coalescent event at time f as

exp(-——)
2Nyc P 2Nyc

(2.58)

where exp(x) indicates e*. Then the probability of Tree A equals the probability of t < T, which we
compute by integration:

/Tz " exp(s ) = 1— exp(st) (2.59)
0 2Nuc P 2Npc’ P 2Npc”™ 9

The remaining probability, exp( 2*1555 ), gives us the probability that the human and chimp lineages go
back into the H-C-G ancestral population. At that point, there are three lineages (H, C, and G), and any
pair of these are equally likely to make the first merger. So the probability of each of these three trees

(B, C, D) is simply

). (2.60)

It’s beyond our scope here, but there has been some fascinating work on
the structure of the ancestral great ape populations. While there’s still un-
certainty in the models, one main result is that the ancestral population
sizes were huge: ~120,000 for the human-chimpanzee ancestral popula-
tion, which is > 6-fold the current human effective size. Consequently,
coalescence within that ancestral population was very slow. The human-
chimpanzee population split is estimated at 5.5 — 7 million years ago, and
the split from gorilla at 8.5 — 12 million years ago 234.

Well done! In these last few chapters we have covered the main forces of neu-
tral population genetics! In the remainder of this section of the book we turn our
attention to selection. As we shall see, selected alleles are still subject to all the
processes we’ve covered already, but also subject to the guiding hand of natural
selection.
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on for this section
Bhatia G, Patterson N, Sankararaman S, Price AL. Estimating and interpreting FST: the impact of rare variants. Genome
Research. 2013;23(9):1514-21;
as well as:
Barton N. Identity and coalescence in structured populations: a commentary on ‘Inbreeding coefficients and coa-
lescence times” by Montgomery Slatkin. Genetics Research. 2007;89(5-6):475-7
Holsinger KE, Weir BS. Genetics in geographically structured populations: defining, estimating and interpreting
FST. Nature Reviews Genetics. 2009;10(9):639-50

223To be more precise, this is the variance if there are many subpopulations, each fixed for allele o or 1 with probabil-
ity 1 — p4 and p 4 respectively or, equivalently, the expected squared difference for each population between its actual
allele frequency and the expected value p 4.

224We can see that Fg7 converges to 1 as follows. Eventually every subpopulation either loses the allele (with proba-
bility 1 — p4) or fixes (with probability p4). So eventually Var(py) is given by (1 — pA)pi +pa(l—pa)? = pa(l —
pa)(pa+1—pa) =pa(l—pa). This cancels with the denominator implying that Fs7 ultimately converges to 1.

225Nicholson et al 2002

2260ne advantage of this framing is that it doesn’t assume a particular evolutionary model (i.e., population splitting),
and is equally applicable for any scenario with structure, such as migration-only models.

227 To keep this simple we’ll consider the frequency in a particular subpopulation ps as a random variable, and the an-
cestral or total frequency p4 and pr, respectively, as fixed parameters. The numerator of Equation 2.55 is E[(ps — pa)?]
by the definition of a variance. Then, noting that E[ps] = p4 we have:

Py = Elps =pa)] _ Elp2] = 2Elpspal +Elph] _ Elp?] — E[p}]

pa(l=pa) pa(l=pa) pal—pa)
For Equation 2.57 we note that H, = 2p;(1 — p;) and Hs = 2ps(1 — ps), similar to the logic for Hardy-Weinberg. Then

e 2p(1—pe) — 2E[2ps(1 —ps)] _ Elpf] — Blp7] — Elps — pi])] _ E[pi] — E[pf]
o7 2pi(1—pr) pt(1—pt) pe(1—pt)

228Gee Equations 6 and 8 in Slatkin, M. (1991):
Slatkin M. Inbreeding coefficients and coalescence times. Genetics Research. 1991;58(2):167-75

229From Slatkin (1991):
t—tw

Fst =

where ? is the mean coalescent time for two random samples from the total population and f;, is the mean coalescent
time for two random samples from the same subpopulation.

239Bhatia et al (2013)

231 A classic paper by Maryellen Ruvolo (1997) discussed incomplete lineage sorting in the human-chimpanzee-gorilla

divergence, reporting that 11 out of 14 genomic data sets support the (human, chimpanzee) grouping (see her Table 1):

Ruvolo M. Molecular phylogeny of the hominoids: inferences from multiple independent DNA sequence data sets.
Molecular biology and evolution. 1997;14(3):248-65

232This section draws heavily on work by

Scally A, Dutheil JY, Hillier LW, Jordan GE, Goodhead I, Herrero ], et al. Insights into hominid evolution from the
gorilla genome sequence. Nature. 2012;483(7388):169-75

See also

Hobolth A, Christensen OF, Mailund T, Schierup MH. Genomic relationships and speciation times of human, chim-
panzee, and gorilla inferred from a coalescent hidden Markov model. PLoS genetics. 2007;3(2):e7

Hobolth A, Dutheil JY, Hawks ], Schierup MH, Mailund T. Incomplete lineage sorting patterns among human, chim-
panzee, and orangutan suggest recent orangutan speciation and widespread selection. Genome research. 2011;21(3):349-
56

Prado-Martinez J, Sudmant PH, Kidd JM, Li H, Kelley JL, Lorente-Galdos B, et al. Great ape genetic diversity and
population history. Nature. 2013;499(7459):471-5



233The trees at individual genomic regions are known as gene trees (although this is a misnomer, since the trees don’t
correspond to genes per se).

234There’s still quite a bit of uncertainty in these models. One issue is potential changes in mutation rate over time:
Amster G, Sella G. Life history effects on the molecular clock of autosomes and sex chromosomes. Proceedings
of the National Academy of Sciences. 2016;113(6):1588-93



2.5 Natural selection: 1. Background and models

At its most fundamental level, evolution proceeds through changes in allele fre-
quencies over time. In the next three chapters we will discuss the role of natural
selection in shaping genetic variation. This chapter describes basic models of pop-
ulation genetics with selection.

Evolution, adaptation, and the modern synthesis. Charles Darwin’s
1859 book On the Origin of Species by Means of Natural Selection launched a
major revolution in the history of science. Darwin articulated two impor-
tant principles:

(1) that different species evolve from common ancestors, a process that
Darwin referred to as “descent with modification”; and

(2) that natural selection and the “struggle for life” provides a driving
force for how species change and adapt over time.

These ideas are the fundamental organizing principles of biology: we can
understand the similarities and differences among species in terms of
the fact that species are descended from common ancestors, while at the
same time, their traits evolve over time according to the principles of nat-
ural selection 2.

In Darwin’s formulation of natural selection (also developed indepen-
dently by his contemporary Alfred Russell Wallace), populations can
adapt over time provided that three conditions are met:

(1) Variation. Individuals vary in their phenotypes;

(2) Inheritance. The phenotypes are at least partially inherited: i.e.,
children tend to resemble their parents;

(3) Competition. Not all individuals survive or reproduce equally; sur-
vival and/or reproductive success depend in part on phenotype;

Under these conditions, the traits that increase the probability of sur-
vival or reproduction tend to increase in frequency in the population.

In modern terms, we would say that if there is selection on certain phe-
notypes, and these phenotypes are (at least partly) controlled by genetic
variation, then the genetic variants associated with the preferred pheno-
types tend to increase in frequency P.

Darwin amassed a wealth of evidence for his theory, drawing on nat-
ural history, paleontology, biogeography, and other fields. However a
crucial gap was that the mechanism of inheritance - i.e., genetics — was
not understood at all. At that time, the prevailing model of inheritance
was known as “blending inheritance”, namely that children represent

An Owner’s Guide to the Human Genome, by JK Pritchard. September 23, 2023. Original material distributed under a CC BY 4.0 license.
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Figure 2.77: Charles Darwin sketched this
evolutionary tree in his notebook in 1837, to
describe his monumental insight that species

evolve from common ancestors. [Link] Public Domain.

4 In 1973 the evolutionary biologist Theo-
dosius Dobzhansky famously wrote that
“Nothing in Biology Makes Sense Except in
the Light of Evolution”.

b Although we usually think of natural
selection acting on phenotypes and
genotypes, these same principles can act in
other domains. In his 1976 book “The
Selfish Gene”, Richard Dawkins talked
about the idea that the principles of natural
selection can help to evolve, and spread,
ideas in social networks. This idea has
become increasingly relevant; you are surely
familiar with the term he coined to describe
this: “meme”.


https://commons.wikimedia.org/wiki/File:Darwin_tree.png

some kind of blending, or averaging, of the characteristics of their par-
ents. Blending inheritance would imply a steady loss of phenotypic varia-
tion over time, which would be seriously problematic for Darwin’s theory
since the theory requires the presence of heritable variation. Darwin rec-
ognized this as an important gap in his argument, and even endorsed an
incorrect alternative model of inheritance called “pangenesis”, in which
parts of the body emitted particles called gemules that collected in the
gonads.

The irony is that, unbeknownst to Charles Darwin, at the same exact time
Gregor Mendel was working in Brno (now in the Czech Republic) on the
experiments that would lead to Mendelian genetics. His experiments on
peas, conducted between 1856 and 1863, showed that genetic information
is inherited as discrete packets (i.e., alleles) rather than being blended. In
contrast to blending inheritance, Mendelian inheritance means that allelic
variation-and hence phenotypic variation—is transmitted from one gener-
ation to the next. This insight immediately rescues the Darwinian model.
However, Mendel’s findings were published in 1866 in an obscure natu-
ral history journal published in Brno (Verhandlungen des naturforschenden
Vereines in Briinn), and were not widely known until the paper was redis-
covered in 1900-long after both Darwin and Mendel were dead.

After the rediscovery of Mendel’s work, there was a blossoming of ge-
netics in the first half of the 20th Century including, for the first time, a
clear understanding of alleles and transmission, a chromosomal theory of
inheritance, and some understanding of the connections from genotype
to phenotype. Most of the fundamental models of population genetics,
including Hardy-Weinberg, the Wright-Fisher model, the basic models of
natural selection that we will cover in this chapter, and quantitative ge-
netic models of inheritance that we cover later, all date to this period °.
This work joining together population genetics with Darwinian evolution
in the early-to-mid 2oth Century is referred to as the Modern Synthesis,
and nowadays population genetics and molecular genetics are central pil-
lars of evolutionary biology.

One key insight of the Modern Synthesis is that evolution results from
population genetic processes, played out over long timescales. In pop-
ulation genetics, we study the forces that change allele frequencies or
haplotype frequencies from one generation to the next; accumulated over
hundreds, thousands or millions of years this results in adaptive changes,
speciation, and everything else in evolutionary biology.

In these next three chapters, we will cover a modern understanding of
how natural selection plays out in population genetics, using both theory
and examples.

Fitness. In past chapters, our models have assumed that survival and
reproduction is independent of genotype. But of course some genotypes
do affect the ability of an individual to survive to adulthood, or to repro-
duce successfully.
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Figure 2.78: Fossil mosquito infected with
the malaria plasmodium, preserved in amber.
Malaria has been a major selective pressure in
human history. Credit: George Poinar, Jr., [Link] CC BY-SA 2.0.

¢ It's striking that most fundamental prin-
ciples of population genetics can be traced
to this period when there was only a rudi-
mentary understanding of genetics, and
the molecular details were unknown. In
contrast, coalescent theory came rather
later (early 1980s), partly stimulated by
the emergence of molecular data. The 21st
Century has seen huge advances in statis-
tical and computational techniques and the
interpretation of modern data.


https://www.flickr.com/photos/oregonstateuniversity/25762256070/

To model this, we introduce the concept of fitness. Consider an individ-
ual at a certain point in the life-cycle (e.g., a newly fertilized egg), with
genotype x at a certain variant or set of variants. We define the fitness of
genotype x as the expected number of offspring, precisely one generation
later, that descend from this individual. In other words, fitness measures
the ability of genotype x to survive to reproductive age, to attract mates,
and to reproduce successfully through one full turn of the life-cycle.

SELECTION

Notice that fitness is defined as an expected outcome — importantly, you
can think of fitness as the expected reproductive output for an individual with
this genotype, averaging over the possible environments they may experience,
averaging over possible genotypes elsewhere in the genome, and averag-
ing over the good or bad luck experienced by individuals of this geno-
type throughout their lives: what Hamlet called the “slings and arrows of
outrageous fortune”.

A basic fitness model. We’re now ready to introduce a basic model of
selection. We consider a single nucleotide position, with an ancestral al-
lele, A, and a derived allele a.

We model the relative fitness of each genotype as follows. AA acts a ref-
erence group, defined to have fitness 1, and we measure the fitness of the
other genotypes relative to that reference 235 23%:

Fitness of AA =1
Fitness of Aa =1+ hs
Fitness of aa =1+ (2.61)

Here, s is referred to as the selection coefficient, and / is the dominance
coefficient:

e If 5 is positive (s > 0) then the derived allele is advantageous

e If s is zero then the derived allele is neutral

o If 5 is negative (s < 0) then the derived allele is deleterious

Reflecting the sign of s, selection in favor of an advantageous allele is also
referred to as positive selection; selection against a deleterious allele is
negative selection.

To give you a sense of scale, the most strongly advantageous derived
alleles in humans may have s of up to ~3%. But there are many more
ways to break genomes than to improve them: the effects of deleterious
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Figure 2.79: Natural selection and fitness.
Here, spiders with the aa genotype are blue and
stand out from their background; as such they
are more likely to be eaten by birds. Hence aa
individuals have low fitness, lowering the fre-
quency of the a allele among individuals at repro-
ductive age. Credit: Lucy Pritchard.



variants can range from just very slightly negative, all the way down to
s = —1 (which would imply that the derived allele is incompatible with
life or reproduction).

Meanwhile, i measures the relative fitness of heterozygotes, and is known
as the dominance coefficient. If the derived allele 4 is fully recessive then
h = 0; and if a is fully dominant then & = 1. In rare cases h can be outside
the range [0, 1] leading to a special form of selection called balancing se-
lection. Except where stated the figures below assume what is known as
an additive model (h = 0.5).

Frequency changes over time. How does selection change allele fre-
quencies and genotype frequencies over time? We'll set p to be the cur-
rent derived allele frequency, and g = 1 — p as the ancestral frequency.

Genotype frequencies. Before selection the genotype frequencies are
given by Hardy Weinberg proportions. The effect of selection is to change
the genotype frequencies in proportion to their fitnesses.

For example, the frequency of the aa homozygote is p* before selection,
and proportional to p?(1 + s) after selection:

GENOTYPE  FReQueNcY  FITNESS Frequency (ASF;Z‘; o J
" Figure 2.80: Changes in genotype frequen-
AR OLL \ ¥ /a cifs due to selecti%)n. Be;(;)re sel}e,ftion t;le

Ao 209, I+hs > 299 (i+ks) ) genotype frequencies are given by Hardy Wein-
SevLecrion w berg proportions. After selection, the frequencies

00— (4 .:'. I+5 f"( 1+8) Y/ are multiplied by the genotype fitnesses — illus-

S v trated here for s < 0. The factor of W is used so

WHere that the genotype frequencies add to 1.

W= q;4— 2pq, (t+hs) + ?L(H-S)

By definition, frequencies have to add up to 1, so each of the terms above
is divided by the total, a quantity known as the mean fitness:

W=q>1+2pg- (1+hs)+p> (1+5s). (2.62)

Dividing by w simply rescales the frequencies to sum to 1.

Allele frequencies. And what is the expected frequency of a in the next
generation? (We'll call this p’.) To get this we add together half the fre-
quency of heterozygotes plus the frequency of aa homozygotes:

pq(1+ hs) + p*>(1 +s)
w

E[p'] = (2.63)

This expression isn’t particularly illuminating, but we get something
more useful if we look at the change in allele frequency, A, from one gen-
eration to the next:

8, = Elp'] — p. (2.64)



Ay tells us whether p is increasing or decreasing over time (depending on
whether A, is positive or negative). After a small flurry of algebra 237, we
find that

a, = PElPL—h) + qh]

w

. (2.65)

This expression is easier to interpret:

e Whenp = Oorg = 0 there is no allele frequency change. That
makes sense, because there’s no variation for selection to act on.

¢ If s = 0 there’s no selection, and no expected change in allele fre-
quency.

¢ Third, and most important, if p lies between 0 and 1 we have the
intuitive result that if s is positive, then A, is positive, meaning that the
derived allele is favored, and tends to increase in frequency; if s is negative,
the derived allele is disfavored and tends to decrease 238,

What happens over multiple generations? We can iterate Equation 2.65
over multiple generations to predict the trajectory of a selected allele over
time. This is known as a deterministic model, meaning that it assumes
the trajectory of an allele is completely determined by the expectation. As
you can see, selection drives favored alleles up towards fixation, and dele-
terious alleles to loss. The process in which favored alleles are pushed up
to fixation is called a selective sweep.
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The deterministic model is helpful for understanding the overall process,
but it’s also important to consider the random effects introduced by drift.

Frequency changes with selection and drift. In Chapter 2.1 I suggested
that genetic drift of a new mutation is like a player’s winnings over time
in a casino. Even for advantageous alleles, the effects of random sam-
pling are extremely important.

Suppose you walk into a casino to play Blackjack, and you play until you
either go bust, or beat the house.

For Blackjack, assuming optimal play, players usually have an inherent
disadvantage of 0.5-1.0% relative to the casino (the precise value depends
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Figure 2.81: Allele frequency trajectories
of selected alleles, over time. The blue and
black lines show frequency increases of advan-
tageous alleles. The right-hand plot assumes an
unreasonably high starting frequency of 0.2 to
illustrate that selection drives deleterious alleles
(in red) to low frequencies.



on the house rules). However, there are card-counting strategies that can
potentially tilt the odds by 1-2% back towards the player, turning a small
player disadvantage into a small player advantage (although these are
frowned upon by the casinos *39). You can think of the default Blackjack
game as like selection on a mildly deleterious mutation (s < 0), and the
game with card counting as like a mildly advantageous mutation (s > 0).

There are two key points here: First, with a small starting purse, you're
likely to go bust quickly, regardless of whether you count cards or not.
This is simply because, with small numbers, you're likely to have at least
some bad luck that bankrupts you. This reflects the great importance of
chance when you're working with small numbers.

But if you get lucky early on, then the power of large numbers starts to
take over, and you can start to use a deterministic model to predict how
your purse will grow — at least until the casino tosses you out!

Selection in the WF model. The same fundamental processes affect new
mutations. So far we have considered the Wright Fisher model for neutral
alleles, but it’s easy to extend it to allow biased sampling due to selection.

Under the neutral model, if the current allele frequency is p in a popu-
lation of size 2N, then the allele frequency in the next generation would
be

p' ~ Binomial(p,2N) [neutral model] (2.66)

With selection, the allele frequency in the next generation is similar but
centered on the expected allele frequency with selection, E(p’), as given by
Equation 2.63:

p’ ~ Binomial(E(p'),2N) [with selection] (2.67)

Here’s what this looks like, for one generation of sampling with relatively
strong selection: s = 0.01. (A 1% selective advantage may not seem like
much, but as we'll discuss shortly there are very few individual changes
to the genome that can improve fitness by this much.)

p=0.55

p' for s=0.01

0.50 0.52 0.54 0.56 0.58 0.60
Allele frequency in the next generation

As you can see, the overall distribution of outcomes (in red) is shifted to-
ward higher frequencies than the initial frequency p. However, due to
the random sampling process, there is variation in the resulting allele fre-
quency, and even a chance that the frequency actually decreases, despite
the upward selection pressure.

141

Figure 2.82: Blackjack cards. Credit: Scottst14 [Link]

Public Domain

Figure 2.83: Histogram of binomial sam-
pling outcomes (p’) after one generation

of selection and drift with s = 0.01 and

2N = 20,000. The starting allele frequency

p = 0.55. (Compare to the neutral case, Figure
2.5.)


https://commons.wikimedia.org/wiki/File:Double_down.JPG

Now, let’s look at selection and random drift together, over multiple
generations. The next figure shows simulated trajectories from a start-
ing frequency of 0.5, for a range of different selection coefficients. In the
left panel, selection is strong enough that drift has little impact on the se-
lected alleles (blue and red curves). In contrast, in the right panel, selec-
tion is just 1/10th as strong, and while the blue curves tend to be higher
than the red curves on average, the randomness of drift means that some
favored alleles (blue) fare worse than some deleterious alleles (red):
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In the plots above, the directional effect of selection has to fight against
the randomness imposed by genetic drift in a finite population. When
selection is strong enough, it overwhelms drift, and allele frequency curves are
close to the deterministic trajectory. But when selection is weak, or the popula-
tion is small, drift can effectively overwhelm selection.

To quantify this, a widely-used rule of thumb is that when 2Ns is in the range
of about —1 to 1, selection is so weak that it is nearly overwhelmed by drift.
Such alleles are referred to as nearly-neutral. Alleles with |2Ns| in the
range of about 1 to 10 do feel the effects of selection, but are also heavily
influenced by drift as you see above.

What sets this scaling for the nearly-neutral range? One way to think
about this is that if 2Ns = 1 then selection effectively adds (or removes)
one copy of the alternate allele per generation somewhere in the popula-
tion *4°. Below this threshold selection is almost entirely ineffective *4*.

Most new mutations are lost, even if they are favorable. The last im-
portant point is that even strongly favored alleles are vulnerable to the
vagaries of random sampling when they are rare 9. To illustrate this, the
simulations shown below started with 1000 new mutations with a 1% se-
lective advantage. Despite the selective advantage, only about 11,/1000
of the simulated alleles spread to fixation; the rest were rapidly lost from
the population. As you can see, most trajectories stayed below 1% and
were lost by drift; in contrast, nearly all of the trajectories that got above
1% went into deterministic growth and reached fixation:
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Figure 2.84: Selection and drift of alleles
from starting frequencies of 0.5 in a popu-
lation of N = 10*. The left panel shows simu-
lated trajectories for relatively strong selection
(2Ns = 100 in blue, and 2Ns = —100 in red);
and neutral in gray for comparison. The right
panel shows weaker selection (2Ns = 10 in blue,
and 2Ns = —10 in red).

4 This is analogous to the card-counter
who walks into a casino with a small initial
purse. Even if she has a long-term advan-
tage, she is likely to go bust early on.



Allele trajectories (linear scale) Allele trajectories (log10 scale) Figure 2.85: Selection and drift of new fa-
vored mutations. 1000 simulated allele fre-
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Fixation probabilities with selection. For strongly favored mutations,
the probability that a new favored mutation fixes is only about 2ks: this
was 1% in the simulation above, close to the observed rate of 11/1000.
This fixation rate is much higher than the rate for neutral variants (i.e.,
1/2N) but still means that nearly all advantageous mutations are lost.
For this reason, adaptation by new mutations can be highly inefficient 24>

A general formula for fixation probabilities with selection and drift was
developed by the Japanese population geneticist Motoo Kimura in the
1950s (we’ll hear from Kimura again soon, when we get to the Neutral
Theory) 243. For a new mutation with & = 0.5 the Kimura formula simpli-

ties to
Probability of fixation = - 68
robability of fixation = (= (2.68)
You can see this plotted here:
A. Fixation Probabilities B. Fixation Probs (very small s) Figure 2.86: Fixation probabilities of new
mutations (here 2N = 10* and h = 0.5). A.
7] 7] Fixation probabilities across a wide range of s.
@ S .
S Advantageous ’?v . B. Nearly-neutral range: Same plot highly mag-
>° Y Nearly nified near s = 0, with x-axis in units of 2Ns
5 - | 2. | IETREY instead of s. The horizontal line at 1/2N shows
93 - 37 the fixation probability for neutral mutations.
Qo a g
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The left-hand plot above illustrates that when selection is strong, the
model does not depend on population size: strongly deleterious alleles
have essentially no chance of fixing, and strongly advantageous muta-
tions fix with probability ~ 2hs. Chance does matter for favored muta-
tions, but only because it determines whether they start to spread when
they are extremely rare *#4.

But we see something quite different in the right-hand plot. This shows
what happens in the nearly-neutral range, where selection is weak com-
pared to drift (roughly |2Ns| < 1). These alleles drift very much like
neutral alleles, and selection only modestly increases or decreases their
chances of fixation 245.
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We close this chapter with a deeper discussion of negative selection; we’ll
return to positive selection and balancing selection in the next chapter.

Purifying selection: protecting the genome against mutation. As we
discussed in Chapter 1.5, our genomes suffer a barrage of mutations in
every generation — around 70 per child. The vast majority of these are
close to neutral, but among those with functional effects, the vast major-
ity have deleterious effects. I think this is intuitive: if you introduce ran-
dom typos into a written document, you're far more likely to reduce the
quality of the writing than to improve it!

For this reason, the most common form of selection is against deleterious
variants. The term “deleterious” refers to variants with fitness s < 0, and
includes everything from severe disease-causing mutations to millions of
variants across the genome with tiny effects on phenotypes and mildly
negative effects on fitness. Selection against deleterious variants is re-
ferred to as negative selection; or sometimes purifying selection because
it cleanses deleterious mutations from the genome.

Under a strictly deterministic model, a new deleterious mutation would
not increase in frequency at all. But in practice, natural selection is com-
peting against the randomness of genetic drift, and some deleterious alle-
les do manage to drift up to higher frequencies €. For this reason, at any
given time, some variants segregating in a population are actually delete-
rious, but they tend to be at lower frequencies than neutral variants.

Here you can see simulations comparing genetic drift of 1000 neutral
variants (panels A and B) and 1000 deleterious variants with a fitness dis-
advantage of 5% (panels C and D). In each plot, all the trajectories were
started from a single copy at time 0.

A. Neutral: s =0 B. s =0 (log10 scale) C. Deleterious: s = -5% D. s =-5% (log10 scale)
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As you can see, the deleterious variants (C and D) are held at lower fre-
quencies and are removed from the population much faster than the neu-
tral variants.

Here, a useful approximation is that deleterious variants can drift up to a maxi-
mum frequency on the order of ~1/(2N - hs), corresponding to selective removal
of about one copy of the derived allele per generation. This corresponds to
0.4% in Panels C and D above, which you can verify is close to the high-
est frequencies across the 1000 replicates.
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¢ Going back to the gambling metaphor,
even a completely rubbish player might win
some money by luck early in a game, but
they are extremely unlikely to keep winning
indefinitely.

Figure 2.87: Selection and drift of new mu-
tations: neutral (panels A and B) and dele-
terious (panels C and D). Here panels A and
B show the same data, but with the y-axis of B
plotted on a log-scale to show more detail about
rare variants. The same is true for C and D.
Parameters: 1000 simulated allele frequency trajectories for each panel,

starting from a single copy at time 0 in a population of 2N = 10*.



The SFS for deleterious alleles. The plots above show trajectories of mu-
tations over time, but in practice it’s much easier to measure the distribu-
tion of allele frequencies across many different variants at a single point
in time.

This is shown in the next plot, with theoretical distributions for neutral
sites (red), nearly-neutral (blue), mildly deleterious (black) 246 You can
see that at low frequencies all three curves are similar, but at higher fre-
quencies selection greatly reduces the numbers of deleterious alleles:
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Hence, for a given number of base pairs, we see fewer total SNPs at dele-
terious sites, and the SNPs we do see tend to be at low frequencies.

We can also see similar effects in real data. The plot below, from 2005 247,
was one of the first to show the site frequency spectrum (SFS) f for sites
with different levels of constraint 248,

This analysis tests the hypothesis that missense (nonsynonymous) vari-
ants are under purifying selection, and uses synonymous and noncoding
variants as controls that are less often constrained *49. Under this hypoth-
esis, we would expect more of the missense variants to be at low frequen-
cies.
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Indeed, as you can see, around 48% of missense sites are singletons in
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Figure 2.88: Theoretical distributions for
numbers of variants as a function of allele
frequency, with weak purifying selection.
The expected number of variants between frequencies py and py in a
region of L basepairs is ANuL times the integral from py and py. Curves
computed from theory in Sawyer and Hartl (1992) [Link].

f Recall from Chapter 2.2 that the SFS
shows the fraction of SNPs at each allele

frequency.

Figure 2.89: SFS for different types of SNPs
in a sample of size 40. Note that the plot is
drawn differently than the theoretical plot, as
here the histograms add up to 1 within each cat-
egory. This plotting style emphasizes the relative
shift toward rare variants for nonsynonymous
SNPs. credit: Modified Figure 1 from Scott Williamson et al (2005)
[Link].
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this data set, compared to around 35-38% of noncoding and synonymous
sites 25°. This reflects the fact that a large fraction of missense variants are under
purifying selection.

Sequence conservation between species is an important indicator of
function. The SFS analysis is useful for showing that a type of variant
(such as missense mutations) is under purifying selection, but it’s not
very useful for testing at individual sites 5*.

However, recall that selection is extremely effective at preventing delete-
rious variants from fixing. So an alternative is to use sequence conser-
vation between distant species to identify regions or sites that are func-
tionally important. If we compare distantly related species, then a large
fraction of neutral sites will show differences, but sites that are function-
ally constrained are much more likely to be shared.

This concept has been used to identify functional regions of the genome:
for example important regulatory enhancers, or protein domains that are
particularly crucial for protein function 252

For example, the plot below shows sequence conservation between mouse
and four distantly related vertebrates in the region around the TBX2 and
TBX4 genes (highly conserved master regulators of limb development).
Regions marked in blue are exons, are regions in red are putative non-
coding elements. The boxed regions were shown to have regulatory activ-
ity in transgenic mouse experiments >53.

Thx2 Thx4

b
TN | TN
Il Il | L
Tl L

-40kb -20kb +20kb +40kb +60kb +80kb +100kb

Opossum  Human

Chicken

Zebrafish

Nearly-neutral mutations and the limits of natural selection. We’ve
been talking about how natural selection tends to purge deleterious mu-
tations. But as I discussed above, for variants with very weak selection,
the vagaries of drift become more important than selection; we refer to
these weakly selected variants as nearly-neutral.

There’s no hard cutoff for a variant to be “nearly-neutral”, but as I noted
above, a common definition is [2Ns| < 1.

Here it’s worth pausing to reflect on the fact that selection is an extraor-
dinarily efficient process. To put this into numbers, if the human effec-
tive population size N, is ~ 15,000, this implies that selection is efficient
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Figure 2.90: Genome sequence conserva-
tion identifies functional elements. Each
track shows regions with high sequence identity
between mouse and the indicated species (the
y-axis of each track ranges between 70 — 100%
sequence identity). Coding exons are shown in
blue and noncoding conserved regions in red.
Credit: Figure 2 from Douglas Menke et al (2008) [Linkl; CC BY.
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down to around 3 x 1072, or three extra individuals surviving or repro-
ducing per 100, 000. Variants with s smaller than this are nearly-neutral.

And yet, while a single variant with a fitness cost of 10~° is almost incon-
sequential, the combined impact of many nearly-neutral mutations can
have meaningful effects. In particular, the existence of the nearly-neutral
zone places important limits on the extent to which natural selection
can optimize genomes.

This is especially true for species with small effective population size,
including humans, since the size of the nearly-neutral zone depends on
N. These species are much worse at safe-guarding their genomes from
weakly deleterious mutations compared to species with larger popula-
tions including fruit flies, yeast, or E. coli.

One setting where nearly-neutral mutations are relevant is for something
called codon bias. As you know, different DNA triplets can code for the
same amino acid (e.g., GGA, GGC, GGG, and GGT all encode glycine).
Mutations that switch between alternative triplets encoding the same
amino acid are referred to as synonymous. However, it turns out that
some synonymous codons are slightly preferred over others, likely be-
cause they enable greater translation accuracy or speed. Preferences are
species-specific and correlate with the abundances of the corresponding
tRNAs 254,

These codon preferences can result in a very slight selective benefit to using
one synonymous codon instead of another. But you can imagine that the
titness consequence of switching, for example, a single GGA to GGG in
a single gene, is very very small. In consequence, the ability for a species
to maintain codon usage bias depends on its effective population size

— for species with sufficiently large N,, codon switches can lie outside
the nearly-neutral zone. As a result, many species with large N,, such as
in Drosophila, can maintain strong codon bias across the genome, while
species with small N, including humans cannot 255.

A second example comes from the difficulty that genomes have in con-
trolling the spread of transposable elements (TEs). TEs are DNA ele-
ments that can copy themselves and reinsert the copies elsewhere in the
genome, usually via an RNA intermediate 25°. While TE insertions do oc-
casionally have salubrious effects 257, on the whole they are considered
selfish DNA: they replicate because they can, but they do not benefit the
host genome. Quite remarkably, it’s estimated that more that 2/3 of the
human genome was originally derived from transposable element inser-
tions 238, Moreover, 10% of your genome is made up by copies of just a
single 300 bp element called Alu, which is present about in about 1 mil-
lion copies *>! Although a few Alu copies play functional roles in gene
regulation, Alus are primarily parasitic elements.

The key problem is that the selective costs of most new TE insertions are
very small. When an Alu is copied into a new location, there is a slight
chance that it inserts into a functional region such as an exon, in which
case it will probably be deleterious 2%°, and be removed by selection. But
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Figure 2.91: The nearly-neutral zone: fixa-
tion probabilities of new mutations. A slightly
deleterious mutation with 2Ns = —1 is nearly
as likely (0.58 %) as a new neutral variant to fix.
A slightly advantageous mutation (2Ns = 1) is
about 1.6 x more likely to fix than neutral.

Figure 2.92: Axolotl genomes are 10-fold
larger than ours. The axolotl, a model organism
for limb regeneration, has a huge 32GB genome
chock-full of millions of transposable elements.
This fact also provides the opportunity for a
gratuitous axolotl photo. Credit: th1098 [Linkl, CC BY-SA 3
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if the new copy inserts into nonfunctional sequence, the added cost of the
new copy is almost negligible — mainly the tiny cost of replicating a few
hundred basepairs of additional DNA at every cell division 267 .

In fact, the marginal cost of each new Alu is so small that selection can-
not effectively prevent individual Alus from fixing. At the same time,
however, there are substantial genome-wide costs to carrying and repli-
cating millions of TEs. In consequence, genomes have evolved trans-
acting mechanisms for epigenetic silencing of TEs to try to reduce their
rates of spreading 2.

A third example is evolution of the mutation rate 2°3. The mutation rate
depends on a number of factors: the rate of spontaneous damage and
copying errors, as well as the ability of cells to fix these errors. These fac-
tors — in particular the complex machinery that cells use to prevent and
repair errors — are of course evolved properties of organisms. What fac-
tors determine the evolution of the mutation rate?

Given that mutation is an essential component of evolution, you might
think that some amount of mutation is helpful. That may be true for the
long-term survival of a species, but from the viewpoint of an individual
— which is what matters for natural selection — the overall effect of muta-
tion is negative. The mutations your kids inherit may have no impact on
their fitness, but if they do impact fitness, then it’s much more likely that
they have a negative effect than a positive effect.

Consider a new variant that makes the DNA repair machinery very slightly
worse — such a variant is known as a mutator allele. Let’s suppose this
mutator increases the average genome-wide number of mutations by a
single mutation. We can estimate that this mutator variant would de-
crease fitness by around 10~°, which puts it in the nearly-neutral range

for humans, and selection wouldn’t be very good at removing it 2%4. In
contrast, a mutation that adds 10 new mutations per generation would
have a ten-fold higher fitness cost and would be much more visible to se-
lection 265,

This process creates what Michael Lynch has termed a drift barrier: nat-
ural selection cannot reduce the mutation rate indefinitely because below
a certain point, any improvement to the mutation rate is nearly-neutral,
and hence mainly governed by drift. The mutation rate at which the
drift barrier kicks in depends on population size. Indeed, data on mu-
tation rates of different organisms suggest that mutation rates are deter-
mined by the drift barrier model, as species with larger population sizes
tend to have lower mutation rates:
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Genetic load. Given these limits of natural selection, each of our genomes

contains many deleterious variants. These come in two main categories:

¢ Each of us has a unique personal collection of deleterious variants that
are currently drifting at low to moderate frequencies (and will eventually
be removed from the population by natural selection).

¢ Like any other species, theory argues that humans must also carry
many fixed variants that are weakly deleterious, but within the nearly-
neutral range where selection is ineffective.

Together, these deleterious variants are referred to as genetic load.

It’s been argued that the second of these categories — fixed nearly-neutral
variants — leads to an evolutionary paradox. If we make the plausible as-
sumption that many more mutations are slightly bad than slightly good,
then we should predict an inexorable increase in genetic load over evo-
lutionary time. One famous paper had the colorful title “Contamination
of the genome by very slightly deleterious mutations: why have we not died 100
times over?” 2%, But clearly we're still around after 4 billion years of evo-
lution so this argument cannot be fully correct. While the details are still
not entirely clear, this argument likely under-states the ability of weakly
advantageous mutations to counteract the accumulation of load 267

Meanwhile, our burden of segregating deleterious variants is responsible
for the genetic contributions to phenotypic variation and disease — and is
something we’ll come back to in much greater detail in Section 4 of the
book.

In this chapter we have covered basic models of selection, with and without drift,
and an overview of negative selection. In the next chapter we turn to a deeper
consideration of positive selection.
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Figure 2.93: Relationship between muta-
tion rate and effective population size. The
mutation rate here refers to the total number of
mutations at protein-coding positions, per gener-
ation. Credit: Figure 1c from Way Sung et al 2012. [Link]
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Notes and References.

235In these models, the alleles compete against each other, but we assume that the population size is fixed by exoge-
nous factors—perhaps food or other resources—and that selection at the variant in question does not directly drive pop-
ulation growth. This is referred to as “soft selection”, and the genotype fitnesses are measured relative to one another.
In contrast, in hard selection models, the genotypes have absolute fitness values, and this means that the population can
grow, or grow faster, as fitter alleles increase in frequency. Soft selection models are theoretically more tractable, and usu-
ally a good approximation in humans where fitness gains from any single variant tend to be very small. Hard selection
may be relevant in other situations—for example in modeling growth of E. coli on antibiotics, where an antibiotic resis-
tance allele can allow a dramatic increase in growth rate.

236You'll often see this model parameterized slightly differently, denoting the fitness of each genotype by w with a sub-
script: i.e., WA, WA, Waq. But in the soft selection case what matters is the fitness of each genotype relative to the oth-
ers, so we set the ancestral homozygote to be a reference group, and divide all three fitnesses by w4 4. Now the fitnesses
are 1, wWp,/WAA, Waa/Wpa, Which we rewrite as 1, 1+ hs, 14 5. (We can do this provided that we don’t have the spe-
cial case of symmetric balancing selection w4 = Waa 7 Wa,).

237First, recall that we want to compute A, = E[p'] — p where
) pq(1+sh) + p*(1+s)
E[P} = 5 >
g% +2pq(1+sh) + p?(1+s)

We simplify the notation by using w in place of the denominator (pronounced w-bar, and referred to as “mean fitness”),
and simplifying;:

(2.69)

@ = q* +2pg(1+sh) + p*(1+s) (2.70)
= ¢* 4+ 2pq + 2pqsh + p* + p%s (2.71)

Noting that p + g = 1 and ¢* + 2pq + p? = 1 we simplify this to
W =1+ 2pgsh + p*s (2.72)

Now we're ready to start calculating A, as follows:

Ay = pq(1+ sh)w—l— p?(1+s) P x % (273)
= [pg(1 4 sh) + p*(1+s) — p[1 + 2pgsh + p*s] /@ (2.74)
= plg(1 +sh) + p(1+s) — 1 —2pgsh — ps] /@ (2.75)
= plg+qsh+p+ps—1—_2pgsh — p*s| /@ (2.76)
= plgsh + ps — 2pqsh — p*s] /@ (2.77)
= pslgh+p —2pgh — p*] /@ (2.78)
= pslgh + pq —2pqh]/w (2.79)
= pgslh + p — 2ph]/ @ (2.80)
= pgs[h(1—2p) +pl/w (2.81)
= pyslh(q —p) +pl/@ (2.82)
= pgslp(1 —h) +qh]/w (2.83)

which gives us the desired result.

238We assume that & is in the range of [0, 1]; in the next chapter we’ll discuss balancing selection, which can happen when
I is outside the range [0,1]. Also note that @ is positive under reasonable conditions.

2390verview of card counting: [Link], and an example of a card-counting technique: [Link]. And a classic movie scene
about counting cards from Rain Man: [Link].

24°To be more precise, if the allele is at frequency p, selection would add or remove 2Nsp copies in expectation. So for
a common allele this is of order 1.

24T A second intuition for why 2Ns = 1 represents the lower bound for selection is that the expected change in allele
frequency (E(Ap) due to selection is on the order of sp(1 — p), while the variance in allele frequency due to drift (Var(A,)
is p(1 — p)/2N. So the expected change due to selection trumps the change in variance when 2Ns >> 1.

242 A nice description of the math for the haploid case is given by Otto and Whitlock (1997). Otto and Whitlock also point
out that the fixation rate of new mutations is much higher in growing populations, and this is probably important in some
ecological settings. See also Pritchard et al (2010) for further discussion of these issues:
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Pritchard JK, Pickrell JK, Coop G. The genetics of human adaptation: hard sweeps, soft sweeps, and polygenic adap-
tation. Current Biology. 2010;20(4):R208-15

243Kimura M. Some problems of stochastic processes in genetics. The Annals of Mathematical Statistics. 1957:882-
901
Kimura M. On the probability of fixation of mutant genes in a population. Genetics. 1962;47(6):713

*44For strong positive selection, if the alleles are lucky enough to reach more than a handful of copies then the deter-
ministic dynamics take over, and this randomness at very low numbers is independent of N. In fact the dynamics at very
low sample numbers are often modeled as branching processes, ignoring the total population size. When s > 0, the branch-
ing process either goes extinct quickly or goes to infinity (i.e., fixation).

245You may be wondering what happened to the distinction between census population size N and effective popula-
tion size N,. I've been focusing on the ideal Wright-Fisher model where they are the same. For more general models both
can matter: the initial frequency of a mutation depends on N (i.e., it is 1/2N), but the rate of the drift depends on N,.
It’s worth noting that N, is a useful hack that gives us insight into complicated models, while not always being a per-
fect approximation. For example, fixation probabilities of advantageous alleles can be dramatically different with pop-
ulation size changes in a way that is not modeled by the neutral N,. You can see this by noting that exponential growth
(which is not well-modeled by a single N,) gives new mutations a big boost; the same will be true to a smaller extent even
with fluctuating population sizes (where N, is traditionally computed as the harmonic mean of N); see Otto and Whit-
lock (1997). Meanwhile, Simons et al explored the interactions between selection, drift and population size changes, and
found complicated effects on genetic load:

Simons YB, Turchin MC, Pritchard JK, Sella G. The deleterious mutation load is insensitive to recent population his-

tory. Nature Genetics. 2014;46(3):220-4.

246The theoretical prediction for the number of sites at frequency p given mutational input 4Ny is

]_ — 5727(173()
Fa—empa—yp)

where v = 2Ns. You can find derivations for this leading up to Equation 11 of Sawyer and Hartl (1992), and Equations
33 and 35 in the review by Senupathy and Hannenhalli (2008):
Sawyer SA, Hartl DL. Population genetics of polymorphism and divergence. Genetics. 1992;132(4):1161-76
Sethupathy P, Hannenhalli S. A tutorial of the poisson random field model in population genetics. Advances in
bioinformatics. 2008;2008

4N

(2.84)

247Williamson SH, Hernandez R, Fledel-Alon A, Zhu L, Nielsen R, Bustamante CD. Simultaneous inference of selec-
tion and population growth from patterns of variation in the human genome. Proceedings of the National Academy
of Sciences. 2005;102(22):7882-7

248Recall from Chapter 2.2 that the SFS can be used to estimate population histories. Since the SFS is also influenced
by selection, the demographic analysis would usually be restricted to putatively neutral sites, such as synonymous or
noncoding sites.

249For real data we don’t (yet) know the actual selection coefficients for most types of sites, but it's common to use syn-
onymous and noncoding sites as proxies for a more-neutral baseline. While these sites may occasionally have functional
effects such as altering splicing or transcription factor binding, they usually have little selection compared to coding sites.

25°Note: It’s not entirely clear why the noncoding sites have fewer singletons than synonymous in this analysis. I sus-
pect it may reflect differences in sequence composition and mutation rates between exons and noncoding regions rather
than major differences in functional constraint
Harpak A, Bhaskar A, Pritchard JK. Mutation rate variation is a primary determinant of the distribution of allele
frequencies in humans. PLoS Genetics. 2016;12(12):€1006489).

251If we see a common variant at a site then we can be confident this site is not under selective constraint. But even neu-
tral sites generally don’t have common variants so this test lacks sensitivity. However, there are new approaches that can
detect strong selection in very large samples:
Agarwal I, Przeworski M. Mutation saturation for fitness effects at human CpG sites. Elife. 2021;10:e71513
Chen S, Francioli LC, Goodrich JK, Collins RL, Kanai M, Wang Q, et al. A genome-wide mutational constraint map
quantified from variation in 76,156 human genomes. bioRxiv. 2022:2022-03

252These methods are no longer as widely used for predicting gene regulation as recent improvements in functional
genomics are far more interpretable, including providing cell-type specific information. Nonetheless the general prin-
ciples are still important.
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getic cost, and the copying time. If the Alu inserts inside an intron, it is must also be transcribed every time the gene is
transcribed. Pairs of nearby Alu elements also occasionally trigger incorrect chromosome pairing and recombination
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1072, per generation (usually zero, and occasionally much higher, depending on where the mutation lands). There’s an
additional complication which is that the precise selective effect that a mutator allele experiences as the result of the mu-
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2670ne hypothesis is that protein evolution involves a lot of weakly deleterious substitutions that are repaired by very
slightly advantageous compensatory mutations that maintain overall function.



2.6 Natural selection: II. Positive selection and adap-
tation

The previous chapter gave an introduction to the basic model of fitness and se-
lection, and the role of purifying selection. Here we explore positive selection in
greater detail, illustrated with key examples in humans.

Positive selection and adaptation. We now come to the type of selec-
tion that is arguably the most interesting and — as we discuss in the next
chapter — the most argued-about form of selection: positive selection in
favor of advantageous phenotypes and alleles.

Positive selection is the central organizing force of evolutionary change. It
drives populations to adapt to their environments, and over longer evo-
lutionary timescales it drives the evolution of new forms and functions at
all levels: for example, the emergence of multicellular eukaryotes and of
animals; the transition from fish to amphibians that enabled vertebrates
to move onto land; the evolution of primates, of apes, and of humans.

Key evolutionary changes in the human lineage include the transition to
bipedalism; bigger brains; changes in body size and shape, musculature,
body hair and so on; enhanced capacity for language and highly complex
social structures. All of these changes are genetically encoded and were
presumably driven, at least in part, by positive selection. Moreover, we
now have many examples where aspects of these genetic transitions have
been elucidated, although there is still much more to be learned.

In more recent human evolution, during the last ~70,000 years, humans
have spread around the globe to inhabit nearly all the world’s land masses
and ecosystems. Prehistoric humans successfully colonized a huge range
of environments: environments with extreme cold and ice, or extreme
heat and humidity; high altitude in Tibet, the Andes, east Africa, and
elsewhere; tropical rainforests; deserts. Humans subsist on a wide range
of foods, and encounter a diversity of infectious pathogens. All of these
factors must have exerted strong selective pressures on human popula-
tions, driving both genetic adaptations—as well as cultural adaptations
such as innovations in clothing, hunting and agriculture 2% 2.

Genetic adaptation proceeds mainly through two general types of pro-
cesses: selective sweeps and polygenic adaptation. In a selective sweep,
selection drives a strongly advantageous allele from low to high frequency
in a population. In contrast, polygenic adaptation is driven by small shifts
in allele frequencies spread across many loci, and is most relevant for
complex traits. In practice, these two models are extremes along a spec-
trum, and adaptation may often proceed through a mixture of both types
of processes.

Here we describe the features of both types of adaptation, as well as a
third model, balancing selection which can drive both short term direc-
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Figure 2.94: Inuit seal hunter in Noatak,
Alaska, 1929. During the past 70,000 years,
humans successfully colonized a wide range of
different ecosystems, including arctic regions,
deserts, and tropical rainforests. Credit: Edward Curtis
1929. [Linkl, Public Domain.

& William Clark, of the Lewis and Clark
expedition, marveled at the ability of the
native Mandan people (in present day
North Dakota) to survive extreme cold:
“This morning a boy of 13 years of age
Came to the fort with his feet frozed,
haveing Stayed out all night without fire,
with no other Covering than a Small Robe
goat skin leagens & a pr. Buffalow Skin
mockersons— The Murcery Stood at 72°
below the freesing point— Several others
Stayed out all night not in the least hurt,
This boy lost his Toes only...those people has
ancered to bare more Cold than I thought it
possible for man to indure.”—Jan. 10, 1805.
Credit: Journals of the Lewis and Clark Expedition: [Linkl.


https://www.loc.gov/pictures/item/93503089/
https://lewisandclarkjournals.unl.edu/item/lc.jrn.1805-01-10

tional selection, and long-term stable polymorphism.

Signatures of sweeps in genome data. We've already covered basic
models of positive selection in the last chapter. But, in practice, how can
we find signals of positive selection in data?

The key insight here is that strong positive selective drives very rapid allele
frequency changes that would be extraordinarily unlikely for a neutral allele me-
andering under the random effects of genetic drift. The next plot illustrates
this for simulated data:

Allele trajectories: selected vs. neutral
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As you see above, the neutral alleles drift along aimlessly, while a favored
allele rushes toward fixation 2.

Crucially, this very rapid change in allele frequency distorts patterns of ge-
netic variation in a large region in predictable ways. As the selected vari-

ant spreads rapidly through the population, it drags a haplotype up to
high frequency along with it. This means that nearby neutral variants on
the same haplotype are also dragged up to high frequency, in a process
known as genetic hitchhiking 27°:

Figure 2.95: Rapid increase in allele fre-
quency for favored alleles versus neutral.
This simulation compares trajectories for favored
alleles with s = 1%, starting from new muta-
tions, compared to common neutral alleles.
Simulations: 1000 favored alleles with s = 1% each starting at a
frequency of 1/2N at time 0, versus 20 neutral alleles, starting at
frequency 0.3. Only about 1% of the favored alleles spread to fixation; the

remainder are on the y = 0 line. Population size N = 10,000.
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Figure 2.96: Sweeps reduce variation in a linked region. When a new favored mutation spreads through the population, it
increases frequency very rapidly, and drags a long haplotype to high frequency along with it. Red indicates the haplotype on which
the favored mutation occurred, as well as its descendants; to some extent this gets whittled down by recombination (black segments).
We cannot observe the red versus black coloring directly, but we can infer this from the haplotype structure.
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While the sweep is in progress the favored allele sits on a long, nearly
identical haplotype. This contrasts markedly with relatively normal hap-
lotypes carrying the ancestral allele *7*. Next, as the sweep completes,

it essentially wipes out variation in a window around it, aside from any
rare variants that arose during the sweep.

The size of the affected region depends on the speed of the sweep versus
the local rate of recombination. A very fast sweep (large s) carries a large
haplotype with it, simply because recombination does not have time to
chop it down very far; similarly, the sweep region would also be larger in
regions with a low recombination rate. The reduction in heterozygosity
as a function of distance x from a selected site can be approximated by
1—e ™" where T = 2l0g(2N)/s, and r is the local recombination rate 72.
Notice that the size of the swept region depends on the ratio r/s:

© A Heterozygosity: low recombination ©  B. Heterozygosity: high recombination

8o 8o

o $=0.1% o 0.1%

Q Q

g2 4 832 4 s=1%

2 2

0 © oI

20 7] 20 ]

ks ks

o< | o< |

>° >°

8o 2o |

o0 o0

> >

N N

o °co |

o © o O

5 I I I I I g I I I I I

T -400 -200 0 200 400 T -200 -100 0 100 200
Distance from sweep (kb) Distance from sweep (kb)

Starting from this intuition about how sweeps impact patterns of vari-
ation, there has been a huge amount of work on methods for detecting
selective sweeps using genetic data *73. In short, these methods use a va-
riety of features in the data to detect positive selection:

e long haplotypes with low genetic variability around a putative selected
allele; these contrast with typical patterns of variation on haplotypes
carrying the ancestral allele at the selected site (ongoing sweep);

* low genetic diversity in a genomic region around a recently fixed site (re-
cently completed sweep);

* most variants in a region are young and at low frequency (recently com-
pleted sweep);

e large allele frequency differences at a selected site, and potentially nearby
sites, between populations where the sweep is occurring compared
to control populations, or in time series data from ancient DNA
(ongoing or completed sweep)

We illustrate these principles using several examples of recent selection

in humans, highlighting some of the key selective pressures as well as
signals in the genetic data.
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Figure 2.97: Reduced genetic diversity
around the site of a sweep due to hitch-
hiking. The plots show the expected reduction
in heterozygosity relative to the average het-
erozygosity at neutral sites, assuming a recently
completed sweep at position zero. The size of the
affected region depends on s and on the local re-
combination rate. Parameters: r = 0.5 x 108 /bp (left plot),
and 2 x 108 /bp (right plot); N = 10,000. Figure inspired by Coop
(2020) [Link], Fig. 13.5.


https://github.com/cooplab/popgen-notes/releases/tag/v1.1

Selection pressures due to diet. Diet has been a major driver of selec-
tion in recent human evolution. As humans spread around the globe to
inhabit virtually all possible ecosystems, they were forced to learn to sur-
vive on a wide array of different foods. Further enormous shifts in diet
were driven by the transition to agriculture, starting in the past 5,000-
10,000 years, in many parts of the world. Several potential signals of se-
lection have been hypothesized as relating to diet, including at the FADS
locus, which is involved in metabolism of fatty acids *74 and at Amylasel,
which is involved in starch digestion 275.

The clearest diet-related signal is at the lactase locus. Lactase is the en-
zyme that is responsible for digesting the sugar lactose, which is present
in milk. Most mammals stop consuming milk (and lactose) after weaning,
and expression of the lactase gene is generally turned off in adults.

The first known evidence for dairy farming is in Anatolia (modern day
Turkey) in the early Neolithic, about 9,000 years ago. Dairy farming sub-
sequently became important in many places, including in Europe, in
India and the Middle East, and in east Africa. This, in turn, provided

a strong selective pressure for early humans to be able to digest milk
throughout life. Consequently, several different regulatory mutations
that cause the lactase gene to be expressed throughout life have spread to
intermediate or high frequency in different farming populations. These
regulatory mutations are often referred to as lactase persistence alleles as
they cause lactase to persist throughout life.

Figure 2.98: Maasai herder, with cattle.
The lactase locus has been a target of selection
in the Maasai and other east African farming
populations. Credit: Nicor: [Linkl. CC BY 3.0.

The strongest signals of selection on lactase are found in Europe. As it
happens, there are now extensive genotype data from early European
populations, collected from skeletons ; this allows a rare opportunity to
track the selective spread of an allele directly using allele frequencies in
ancient DNA. Analysis by Iain Mathieson shows the remarkable spread
of the lactase allele during the past 5,000 years to a modern frequency
above 80% in some parts of Europe:

> We'll cover ancient DNA in Chapter 3.3.

10000-5000 BP 5000-2500 BP Figure 2.99: Increase in allele frequency of
R ® the lactase variant in Europe (from ancient
g 3 DNA). The maps indicate locations of samples
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T T T T T T Mathieson blog post (2019) [Link]. Used with permission of the author.
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https://commons.wikimedia.org/wiki/File:Maasai_Ngorongoro.jpg
http://mathii.github.io/2019/10/12/the-spread-of-the-european-lactase-persistence-allele

Recall that the rate of spread of a favored allele depends on its selective
advantage s. Using the data shown above, Mathieson estimated s for the
lactase persistence allele at 2%-3% in central and western Europe, con-
sistent with other estimates using haplotype patterns in modern data 27°.
This makes lactase persistence one of most strongly selected traits in re-
cent human evolution 277,

Signals of selection at lactase are also found in other dairy farming popu-
lations. For example, dairy farming was practiced in east Africa by around
6,000 years ago and is a major food source for several east African groups
278 As you can see below, the lactase locus shows strong signals of a
sweeping haplotype in Tanzania: the derived allele sits on a long shared
haplotype, in sharp contrast with the much higher diversity on ancestral
haplotypes 279:

Tanzania-AA

1.5 1.0 0.5 0.5 1.0
Mb Mb

=
|

The selected variants in African populations are distinct from the Eu-
ropean variant, indicating that they arose from independent mutations,
rather than being carried in by migration.

Selection on pigmentation: SLC24A5. Another important target of nat-
ural selection in human evolution is on skin pigmentation, as well as
hair and eye coloring. Globally, populations that live close to the equator,
including in our ancestral range in Africa, tend to have darker pigmen-
tation. Populations at higher (and lower) latitudes tend to have lighter
pigmentation 5.

Variation in pigmentation seems to have been driven by strong selective
pressures 281, In regions with intense sunlight it is advantageous to have
darker skin as this protects against ultraviolet (UV) damage from the sun.
In addition to skin damage, excess UV radiation also degrades folic acid,
deficiencies of which cause neural tube defects during pregnancy. How-
ever, too little UV is also bad, as UV catalyzes Vitamin D production;
Vitamin D plays an important role in bone development, reproductive
health, and other traits.

Remarkably, around ten different genes involved in pigmentation of skin,
hair, or eyes show either clear or suggestive signals of selection in some
part of the world 2%2. In the case of related traits such as blue eyes and
blond hair with signals of selection in Europe, it’s unclear if UV, or some
other factor such as sexual selection, was the main driver of selection.

Among the most striking pigmentation signals is a missense variant at the
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Figure 2.100: Signal of a partial lactase
sweep in a Tanzanian population. Visual-
ization of haplotype sharing around a sweep-in-
progress. The derived allele at the likely selected
site is indicated in red at the center of the plot,
and the ancestral allele in blue. The x-axis indi-
cates location within the region in Mb; rows are
haplotypes. Shared blocks of color indicate
shared haplotypes extending outward from
the selected site. Credit: From Figure 5, Sarah Tishkoff et al

(2007) [Link] Used with permission.


https://doi.org/10.1038/ng1946

gene SLC24As5. The derived allele (in red), which causes lighter pigmenta-
tion, has swept to high frequencies throughout western Eurasia.

The allele frequency differences between populations at SLC24A5 are

among the most significant frequency differences anywhere in the genome,

reflecting very strong selection for the derived allele 2%3.

As expected for a recently completed sweep, this event has swept away
genetic variation in a large region around SLC24A5 in Europeans (red
line in panel A); this contrasts sharply with more typical levels of varia-
tion in other populations. The role of SLC24A5 in pigmentation is sup-
ported by human association data, and a zebrafish knockout:

A. Low diversity in Europeans (red) at SLC24A5 B. “Golden” phenotype in SLC24A5 mutant

Heterozygosity

SLC24A5 o2
SLCIZ2AL

46.25

MYEF2
46.15

46.10 46.20

Position on chromosome 15 (MB)

Together, the lactase and SLC24A5 examples illustrate classic features of selective
sweeps: rapid changes in allele frequencies at selected sites; large sweeping hap-
lotypes for sweeps in progress (lactase); removal of variation in regions around
completed sweeps (SLC24A5).

But as we shall see next, not all sweeps show these characteristics.

Soft sweeps. What would happen if a mutation is not immediately fa-
vored: instead it drifts along for a while, and only becomes favored some
time later, after an environmental change? In this case, during the drift
phase, the favored allele potentially has time to recombine onto multi-
ple haplotype backgrounds. Then, when it does sweep, it carries multi-
ple haplotypes with it, and the overall footprint of selection is greatly
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Figure 2.101: Selective sweep in western
Eurasia at SLC24As5. The derived missense
allele is shown in red. The populations, for example in the
Americas, are representatives of indigenous populations. From Graham

Coop et al 2009, Figure 2B. CC BY 4.

Figure 2.102: Selective sweep at the pig-
mentation gene SLC24A5. A. Near-zero ge-
netic diversity in a European population (red,
CEU) near SLC24A5. An African (YRI) and
two east Asian (CHB, JPT) populations have
more normal patterns of genetic diversity across
this region. B. Mutations in SLC24A5 cause
changes in melanophore coloring, as seen in a
zebrafish mutant (“golden”) at bottom, versus
the wild type at fOp. Heterozygosity in Panel A is measured at
pre-ascertained SNPs. From Figures 5A, 1A, B. Rebecca Lamason et al

(2005) [Link] Used with permission.


https://doi.org/10.1126/science.1116238

reduced. This scenario may seem contrived, but there are many pheno-
types that are favored only in specific environments, for example in the
presence of a pathogen, a specific food source, or at high altitude — and

otherwise neutral 24 ¢, ¢ For more about high altitude adaptation

. . . . EPAS1 in Chapt 4 and 3.3.
A second scenario that could reduce the sweep signal is if multiple func- e T ApTeTS 2.4 (1 3:3

tionally equivalent mutations arise at about the same time and sweep to-
gether. These would likely occur on different haplotypes and the sweep
signal would be greatly reduced.

In terminology developed by Pleuni Pennings and Joachim Hermisson in
2005, both of these scenarios are described as soft sweeps 285 This term
evokes the image of a mutation, or mutations, that sweep to fixation,
without greatly disturbing the variation at nearby sites. This contrasts
with the classical sweep model described above, which we now refer to
as a hard sweep.
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Figure 2.103: Soft sweeps have minimal impact on variation in the linked region. In one type of soft sweep, the mutation
is initially neutral, and drifts to low or intermediate frequency in the population. During this time, recombination shuffles it onto
multiple haplotypes. Selection then turns on, driving the allele to fixation, but without a strong hitchhiking effect.

Selection for malaria resistance: Duffy. One likely soft sweep occurred
at the DARC gene, which encodes a cell-surface protein named Dulffy,
found on the surface of red blood cells. Duffy serves as a cell surface re-
ceptor for a class of chemokines, a type of signaling molecule 2%.

Duffy also plays a critical role in malaria infection and resistance. One
species of malaria, Plasmodium vivax, binds the Duffy protein on the
surface of red blood cells and uses it to enter cells. This property leads to
a truly remarkable story of selection at the Duffy locus.

Most sub-Saharan Africans carry a derived variant near the Duffy locus
that disrupts a DNA binding site for the transcription factor GATA1.
GATA1 plays an important role in erythroid (red blood cell) develop-
ment, and loss of this particular binding site eliminates Duffy expression
specifically in erythrocytes while maintaining Duffy expression in other
cell types 27 This variant is known as the Duffy null allele (abbreviated
FY*0). The lack of Duffy expression in the null allele has the crucial effect
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of blocking entry of vivax malaria into red blood cells. Thus Duffy null
individuals are resistant to vivax malaria 2% 289,

The next striking fact about Duffy null is that it shows extreme frequency
divergence between populations: it is essentially fixed in most sub-Saharan
African populations, and essentially absent outside Africa. The null vari-
ant has the largest population differentiation of any high-frequency African
allele, anywhere in the genome 2%° (green allele in Panel A, below).

This might make you think that Duffy has been the target of a completed
sweep in most of Africa: a sweep that presumably started after the major
out-of-Africa migrations around 70,000 years ago. However studies of
genetic variation show something surprising: namely that the Duffy null
allele is carried on two distinct major haplotypes, with additional low
frequency variants (maroon circles in Panel B):

A. Frequency distribution of Duffy alleles in Africa, B. Haplotype network illustrates variation within the Duffy
Europe, and Asia null haplotype (FY*0, maroon) despite recent sweep
cev i"‘
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Figure 2.104: Soft sweep of the Duffy null allele in sub-Saharan Africa. A. The Duffy null allele, shown here in green,
swept to near fixation in many African populations subsequent to the out-of-Africa migrations. Non-African populations have a mix
of A and B alleles (brown and red), corresponding to alternate missense variants. The B allele is ancestral. B. Visualization of SNP
variation seen on each of the three allelic backgrounds in a 5kb region around the FY*0 site. Each circle represents a different haplo-
type, and its area is proportional to frequency. Line segments between the haplotype circles indicate similarity. Notice that haplotype
variation on the FY*0 haplotype is nearly as high as on the A and B backgrounds, arguing against a recent hard sweep at this locus.
Credit: Figs 1, 2a from Kimberly McManus et al (2017) [Link]. CC BY 4.0

Instead, the high level of variation on the Duffy null background suggests
that this is a soft sweep. One study estimated that two major Duffy null
haplotypes were drifting at low frequency (0.1%) prior to the onset of
strong selection around 45,000 years ago, at which point the Duffy null
allele swept to fixation 29*.

There’s one more surprising twist in this story, namely that Plasmodium
vivax malaria is mainly found in Asia and Latin America — not in Africa!
(The main malaria parasite in Africa is a different species, P. falciparum.)
So why was there such strong selection at the Duffy locus, specifically in
Africa?

Recent work shows that P. vivax is currently found in African chimpanzees
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and gorillas 292, So one plausible model is that vivax malaria jumped
into humans around 45,000 years ago, and drove strong selection on pre-
existing variation at the Duffy locus. Subsequent fixation of the Duffy
null allele provided such powerful disease resistance that the human
adaptation ultimately eliminated vivax malaria from human populations
in Africa!

Infectious diseases as major drivers of selection. Malaria has long been
a major cause of global disease and mortality *%3. As such, malaria has
exerted strong selective effects on several other genes in addition to Dulffy,
including a-globin, B-globin, and G6PD, coming up next.

Beyond malaria, infectious diseases in general are potent agents of nat-
ural selection. Like all species, we are continually barraged by a range

of pathogens — viruses, bacteria, fungi, protists — that evolve rapidly to
outwit our inbuilt defenses. During active infections, our bodies combat
pathogens using a mixture of so-called innate and adaptive immune sys-
tems. While outside the scope of this book, it’s interesting to note that
during an infection our adaptive immune systems harness the principles
of evolution, including genome modification and proliferation, to rapidly
evolve B and T cells that recognize the infectious agents. This allows our
own immune systems to adapt on the same timescales as rapidly evolv-
ing pathogens.

Moreover, the biological systems that combat infections are, themselves,
finely tuned by evolution. As a result, several examples of selection in
humans relate to pathogens and immunity: in addition to the malaria
examples these include the MHC system which we discuss in the next
chapter, the Toll-like receptor complex involved in innate immunity, and
others.

Balancing selection. So far we have been focusing on positive selection
that always favors one allele over the other. But what happens if the het-
erozygote fitness is higher than both homozygotes, or lower than both
homozygotes?

To be more precise, recall our fitness model from the previous chapter,
where the three genotypes have fitness 1, 1 + hs, and 1 + s, respectively.
We have been looking at models where 7 is in the range [0, 1]. But if / is
outside this range, then the heterozygotes are either better, or worse, than
both homozygotes, leading to some very interesting models.

To understand this, recall from the previous chapter that we computed
the expected change in allele frequency, A, from one generation to the
next:

A _ Paslp(L—h) +qh]

p o (2.85)

Ay tells us how allele frequency p changes over time. If / is in the range
of [0,1], then we get simple directional selection: A is always increas-
ing (if s is positive) or always decreasing (if s is negative). But if & is out-
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Figure 2.105: The Red Queen Hypothesis
proposes that pathogens and their hosts are con-
stantly evolving molecular systems to counter
each in infection and defense. The name alludes
to Lewis Carroll’s Red Queen in Through The
Looking Glass who tells Alice that “here, you
see, it takes all the running you can do, to
keep in the same place.” Credit: lllustration by Sir John

Tenniel, 1871. Public Domain.
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Figure 2.106: Overview of models. Left:
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and aa genotypes. Right: Simplified frequency
trajectories (y-axis) of the a allele over time.



side this range, then the direction of change depends on allele frequency.
There are two main scenarios, shown here:

Heterozygote Advantage Heterozygote Disadvantage Figure 2.107: Allele frequency trajectories
4 from different starting points. Left: With
heterozygote advantage, the allele trajectories
converge to a stable equilibrium. Right: With
heterozygote disadvantage, the trajectories di-
. verge away to fixation or loss depending on the
i starting frequency. In the absence of drift, the
green trajectory stays precisely at the unstable

T T T T T T T T T T T T equilibrium. Parameters: s = 0.01, h = 2, p = 2/3 (left) and
0 200 400 600 800 1000 0 200 400 600 800 1000
generation generation
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s =001, h= -2, p =04 (right).

In the left plot, the heterozygote is fitter than both homozygotes, and the
allele frequencies converge toward a fixed stable point. This is known as
heterozygote advantage and leads to balancing selection.

When the heterozygote is less fit than both homozygotes, the population
evolves toward fixation of one allele or the other, depending on the start-
ing point. This is called heterozygote disadvantage or disruptive selec-
tion.

In both cases we can solve for an equilibrium frequency - i.e., a value of
p for which the allele frequencies don’t change under this model 294

h

(You can see here that when / is inside the range [0, 1] - i.e., directional
selection — this equation does not produce meaningful allele frequencies
between 0 and 1.)

We can also look at this with drift. With balancing selection (left), the
population converges to the equilibrium and stays there. But when the
heterozygote is less fit (right), we see that p is an unstable equilibrium.

As soon as the green trajectory drifts slightly away from p, selection pushes
it rapidly toward fixation or loss.

Heterozygote Advantage Heterozygote Disadvantage Figure 2.108: Simulated frequency trajec-

S 4 S tories with drift. Left: even with drift, het-
zo | =a | erozygote advantage allows stable balanced poly-
~ o ~ O . . .
5. 5. morphism that can persist for long timescales.
c © _| c o | . . . .
s° o Right: Drift causes trajectories to move away
g < g < e . . .
£S5 =5 from the unstable equilibrium; in this case both
2 8 Fitnesses: 1, 1.02, 1.01 z § Fitnesses: 1, 0.98, 1.01 fixation or loss are possible for the green trajec-

o | o | fﬂi’y. Parameters as above, and 2N = 20, 000.

° T T T T T ° T T T T T
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To summarize: if the heterozygote has higher fitness than both homozygotes,
then this leads to a stable polymorphic equilibrium. In practice this can last
for many millions of years.
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But if the heterozygote is worse than both homozygotes, then there is an unstable
polymorphic equilibrium, which can result in fixation of either allele depending
on the starting allele frequency. This type of selection is usually difficult to
detect in practice *%5. However, a similar model will become important
when we study stabilizing selection later in the book 9. In that case the
unstable equilibrium is at 0.5 and selection acts against minor alleles 2.

Balancing selection examples. Perhaps the best-known example of bal-
ancing selection is for sickle cell disease. Sickle cell disease is caused by
a missense mutation in the B-globin gene (also known as HBB), which en-
codes a major subunit of hemoglobin, the molecule that red blood cells
use to transport oxygen 297 298, In heterozygotes, the sickle cell mutation
provides strong defense against both vivax and falciparum malaria with-
out major side effects. However, individuals who are homozygotes for
the missense mutation suffer devastating symptoms including hemolytic
crisis, severe pain, kidney disease, and stroke.

The protective nature of the sickle allele was first documented in the
1950s *%. A recent global study confirms that sickle heterozygotes ben-
efit from extremely strong protection against malaria (odds ratio of 0.14,
p-value=10"2%), left panel below 3°°:
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The sickle cell allele is common in most of central/western Africa, peak-
ing at around 15% frequency in Angola 3°'. Based on this we can esti-
mate the frequency of sickle cell disease (i.e., sickle homozygotes) using
the Hardy-Weinberg rule, as ~2.25% (i.e., 0.15%x100).

We can use Equation 2.86 to estimate /. Rearranging that expression
gives us h = p/(2p — 1): hence h=—0.21. Assuming s~—1, this implies a
heterozygote fitness of 1.21, which is an extraordinarily large fitness effect
for humans 3°2.

Several other alleles are protective against malaria in heterozygotes but
cause disease in homozygotes. In addition to the “classic” sickle cell mis-
sense mutation, a variety of other rarer mutations affect either the ff-
globin or fi-globin genes, and produce varying levels of sickle cell-like
disease. These diseases are referred to as a- or S-thalassemia. Like the
sickle cell mutation, they are mainly found in individuals with ancestry
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4 Stabilizing selection is likely the main
form of selection acting against variation in
gene expression and many complex traits
(Chapter 4.8).

Figure 2.109: Protective effects of HBB
sickle and ABO type-O against malaria.
The x-axes show estimated odds ratios for the
risk of cerebral malaria (red) and severe malarial
anemia (blue), for samples from different coun-
tries. Estimates to the left of the vertical dashed
lines indicate protective effects. The odds-ratio is (approx-
imately) a measure of the risk for individuals with this genotype compared
to controls; values < 1 indicate protection relative to controls. Grey

bars show confidence intervals. Credit: From Figure 1, Malaria Genomic

Epidemiology Network (2014) [Link] Used with permission.
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from malaria-endemic regions, and are also likely spread by heterozygote
advantage. Lastly, mutations in the enzyme G6PD, which plays a role in
glucose metabolism, are also protective against malaria in heterozygotes
but cause pathologies in homozygotes. Balancing selection likely main-
tains variation in all these genes 3°3.

Ancient trans-species balancing selection. There’s one more unique fea-
ture of balancing selection: if the selective pressures are stable, they can
maintain polymorphism for extremely long times.

One of the best examples of this is the ABO gene, which is responsible
for the ABO blood groups. ABO is an enzyme that modifies sugar at-
tachments on cell surface proteins called glycoproteins. Two functional
alleles, A and B, differ by a pair of missense variants that lead to different
glycoprotein modifications. The third allele, O, carries a frameshift muta-
tion that obliterates enzyme activity. You are likely familiar with the ABO
system in the context of blood donations, as some combinations of blood
types are incompatible donors and recipients: this is because unfamiliar
glycoproteins can trigger immune reactions against donor blood cells.

As shown in the figure above, the O allele at ABO is protective against
malaria; more broadly the ABO alleles are associated with many different
traits.

Curiously, it turns out that the ABO alleles are actually shared among differ-
ent species of apes and old world monkeys. Analysis shows that the alleles
from the different species are actually shared in a single ancient coales-
cent tree, reaching back at least 20 million years, and probably longer 3°4!
This type of deep, ancestral sharing of alleles is known as a trans-species
polymorphism and is extremely rare in the human genome overall:
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— HomoSapiens O

— HomoSapiens O

— HomoSapiens O
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—— HylobatesLar HylobatesAgilis A
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Figure 2.110: Trans species polymorphism
in the ABO blood group system. This shows
a phylogenetic tree of sequences from different
ape species for exon 7 of the ABO gene which
determines A/B/O blood type. Notice that most
of the B alleles from different species cluster
together in the lower part of the tree, indi-
cating that they descend from a shared an-
cestral mutation. Aand O mutations are shuffled together
suggesting that O alleles may have arisen repeatedly (although the tree
structure cannot be confidently determined in this clade. Species names:
Callithrix (marmoset monkey); Homo (human); Hylobates (gibbon);
Pongo (orangutan); Pan (chimpanzee); Gorilla (gorilla); Symphalangus

(siamang). Credit: Figure 3A from Laure Ségurel et al 2012. [Link]


https://doi.org/10.1073/pnas.1210603109

The extreme age of this polymorphic system indicates that it cannot be
neutral, and must instead be preserved by some form of balancing se-
lection. However, the precise explanation remains mysterious, as there
is no obvious advantage to heterozygotes. We do know that cell surface
molecules such as the glycoproteins modified by ABO, are frequently
used as cellular entry points for pathogens (as for Duffy), and this may
explain why blood group O provides some degree of malaria protection.
It’s possible that the different alleles provide protection against distinct
pathogens, and that this creates selection pressure for maintaining di-
verse alleles. The details remain to be discovered 3°5 3%,

So far, we have been describing examples where individual alleles are strongly
selected. We close this chapter by considering a different mode of adaptation that
depends on the joint action of many variants across the genome.

Polygenic adaptation. These examples of strong positive selection are
biologically important, and illustrate essential concepts. But they repre-
sent a rather special class of selective events: all of these are variants that
— on their own — exert major effects on specific traits.

The most dramatic examples of positive selection are usually associated
with genes that play some critical, unique role in a selected process. For
example, lactase is the critical enzyme involved in digestive breakdown
on the main sugar in milk. Duffy is the critical receptor involved in vi-
vax entry into erythrocytes. SLC24A5 is one of a handful of genes with
strong impact on pigmentation and minimal pleiotropic effects.

However, this situation where a single gene plays a central role in a spe-
cific trait without major unintended consequences is the exception rather
than the rule. Aside from rare genetic diseases, most phenotypes are
highly polygenic €. The inheritance of most traits is due to thousands

of variants across the genome, each with only tiny effects on the trait.

This includes most traits that vary in populations, including for example:

morphometrics such as height, weight, and body shape; molecular and
cellular traits such as hormone levels, lipid levels, or blood cell counts;
risk for most diseases, including cardiovascular disease, diabetes, psychi-
atric conditions; and even behavioral traits.

For these traits, a person’s expected phenotype can be modeled as a sum
of thousands of pluses and minuses, depending on their alleles at every
contributing variant: this is known as a polygenic score.

When selection acts on a polygenic trait, the effect of selection is to in-
crease polygenic scores in the population. This occurs mainly through
small shifts in allele frequencies, spread across thousands of variants 3°7:
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€ We'll cover the genetics of polygenic traits
in much more detail starting in Chapter 4.4.
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Figure 2.111: The genetics for many traits
can be modeled using polygenic scores.
Here, blue alleles decrease, and red alleles in-
crease the expected phenotype by some amount
B per allele. An individual’s polygenic score is
a sum across the relevant allelic effects, and pre-
dicts the genetic component of their phenotype.
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One important feature of polygenic adaptation is that it proceeds ex-
tremely rapidly compared to conventional sweeps. This is because for
conventional sweeps it can take hundreds of generations for a suitable,
favored mutation to reach intermediate frequencies; in contrast, for a
polygenic trait there is often a great deal of genetic variation present at
the onset of selection (Chapter 4.4).

For this reason, polygenic adaptation is the main mechanism underlying
the enormous responses to artificial selection that are commonly seen in
plant and animal breeding. Farm animals including meat and dairy cat-
tle, pigs, and chickens; as well as crop plants such as maize and soy, have
undergone enormous improvements in yield due to artificial selection

on polygenic traits. One example is shown at right, based on a remark-
able study of maize, conducted at the University of Illinois continuously
since 1896. As you can see, this study observed huge phenotypic changes
within just 100 generations of artificial selection 3.

It seems certain that complex phenotypes must be under a constant as-
sault of selective pressures in one direction or another, though not nec-
essarily in consistent directions in time and space. But despite the likely
importance of polygenic adaptation as a mechanism, it has been diffi-
cult to detect clear signals in human data: the frequency shifts at most
individual variants are very small and cannot be detected by traditional
methods for detecting sweeps. There has been progress with alternative
approaches, but these are still a work in progress 3.

Well done! In this chapter we have covered some of the main mechanisms for
positive selection and adaptation, with examples. Next we examine the overall
extent of different forms of selection.
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Figure 2.112: Polygenic adaptation. A. Se-
lection on a polygenic trait drives the mean poly-
genic score up or down, depending on the direc-
tion of selection. B. The shift in polygenic scores
mainly occurs through small changes in allele
frequencies at thousands of sites that contribute
to the trait (here, increasing the number of red
alleles at each site).
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Figure 2.113: Polygenic adaptation: the
Illinois Maize experiment. Starting in 1896,
lines were selected for either high, or low, protein
content. In the cross-over lines, the direction

of selection was reversed partway through the
experiment. Credit: Modified from Figure 4 of Andrew Hendry et
al 2011. [Link]
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2.7 Natural Selection III. Genome-wide extent of se-
lection

We have now touched on the main types of natural selection, and I have already
hinted at a key question: how important are each of these in practice? Here we
tackle this key question.

First though, it’s helpful to give some historical context 3*°.

By the 1960s, much of the basic theory of population genetics had al-
ready been developed, but molecular techniques for measuring genetic
variation were extremely limited. Consequently, population genetics was
largely a theoretical field 3'*. Little was known about the relative impor-
tance of the fundamental processes: mutation, recombination, migration,
and drift; negative selection, positive selection, and balancing selection.

This started to change with the invention of gel electrophoresis, a tech-
nique that made it possible to measure protein variation on gels 3'. The
first examples came from humans and flies in 1966 3'3. These first studies
were followed by a flurry of electrophoresis studies in a wide range of or-
ganisms — so many that this was cheekily referred to as the “find "'em and
grind ‘'em” approach 3'4.

Before the electrophoresis era it was anticipated that most protein vari-
ants would be subject to strong selection. Thus the default state would be
a wildtype allele and perhaps additional rare deleterious variants; mean-
while there would be occasional rapid sweeps, and perhaps balancing
selection in some genes 3'5.

Given these expectations, it was a surprise to find that protein variation is
widespread in most species. For example, in 1966 Lewontin and Hubby
estimated that around /4 to ! /3 of genes were polymorphic within pop-
ulations of the fly Drosophila pseudoobscura 3. One possibility was that
this might indicate huge amounts of balancing selection, but this conclu-
sion was controversial.

A complementary insight came from emerging data on protein differ-
ences between species. By the mid-1960s it was becoming apparent that
proteins tend to accumulate amino acid substitutions steadily over evolu-
tionary time. This was referred to by Zuckerkandl and Pauling in 1965 as
the molecular clock 3'7. One vivid illustration of the molecular clock was
published by Richard Dickerson, below, in 1971 318,
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Figure 2.114: Enzyme Polymorphisms in
Man (1966). Gel electrophoresis, as shown here,
made it possible to survey genetic variation for
the ﬁT’St time. The vertical lanes show banding patterns for two

alleles at the phosphoglucomutase enzyme: homozygotes in lanes 1, and

2; heterozygotes are a mixture of both pattherns: 2-1. Experimental data

at left, and a schematic of the banding patterns at right. The alleles were

reported at frequencies 0.75 and 0.25 respectively, in human populations.

Credit: Fig. 68 from Harry Harris (1966). [Link] Used with permission.
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Of course it was possible that these protein changes were all adaptive,

but even in the 1960s there were reasons to doubt this. The gene Cy-
tochrome C, shown above, is found in a wide range of eukaryotes and
fulfills a conserved role in the electron transport system in the mitochon-
dria. King and Jukes (1968) noted that experiments comparing Cytochrome
C proteins from different species could detect no functional differences.
They hypothesized that the observed substitutions are mainly at posi-
tions that do not have a functional impact, and have fixed by neutral drift
319, Their proposal contrasts sharply with an adaptive model of protein
evolution, where one might expect most substitutions to be functional.

The Neutral Theory of Molecular Evolution. Together, these observa-
tions stimulated a paradigm shift in the late 1970s in how people thought
about the main forces acting on genetic variation — and especially the
role of genetic drift. These new ideas were articulated in particular by the
Japanese scientist Motoo Kimura, who dubbed this the Neutral Theory of
Molecular Evolution 3*°. In short, he proposed that most new mutations
are either approximately neutral, or deleterious; advantageous muta-
tions are very rare and contribute only a tiny fraction of polymorphism
and differences between species.

As stated by Kimura (1983) 3*': “The neutral theory asserts that a great ma-
jority of evolutionary changes at the molecular level...are caused not by Dar-
winian selection but by random drift of selective neutral or nearly neutral mu-
tants.... (P)olymorphisms are mainly due to mutations that are nearly enough
neutral... that their behavior and fate are mainly determined by mutation and
random drift...

On the topic of selection he clarified that: “The theory does not ... assume
that selection plays no role; however, it does deny that any appreciable fraction
of molecular change is due to positive selection or that molecular polymorphisms
are determined by balanced selective forces... selective constraints imposed by
negative selection are a very important part of the neutralist explanation...”

165

Figure 2.115: One of the first demonstra-
tions of the molecular clock, from 1971. The
x-axis shows divergence times of pairs of species,
as estimated from the fossil record; the y-axis
shows fractions of amino acid differences in three
proteins. The analysis was important for show-
ing that protein differences accumulate roughly
linearly over evolutionary time, but at different
rates for different proteins. Credit: Figure 5.3 from Graham
Coop in Population and Quantitative Genetics [Link], CC BY 3.0; based

on Dickerson (1971).
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It’s hard to overstate the impact this model has had on how we think
about genetic variation. The Neutral Theory provides an intellectual frame-
work for thinking about modeling, and a null hypothesis for data analy-
sis. It is no longer controversial that most new mutations are neutral and
that, of those that are not neutral, most are selected against. As we’ll dis-
cuss in Part 3 of the book, these properties allow us to use genetic varia-
tion as a tool for studying population structure and history while largely
ignoring the role of selection.

That said, it’s worth noting that early conceptions of the Neutral Theory
under-appreciated the importance of some processes in shaping patterns
of variation 3**. One important early addition came from Tomoko Ohta’s
work emphasizing the importance of nearly neutral mutations. Starting
in 1973, Ohta argued that many mutations may have selection coefficients
that are close to, but not precisely, 0. These can have important conse-
quences: for example, recalling that selection is ineffective when |4Ns| is
less than about 1, we see that weakly deleterious variants fix at a higher
rate in species with small N than in species with large N, which can af-
fect substitution rates in different lineages (Chapter 2.5) 323.

Another under-appreciated area was the role of linked selection (which
we’ll cover in this chapter), and a third is the role of polygenic stabiliz-
ing selection and adaptation (Chapter 2.7).

The original theory also predated modern understandings of genome ar-
chitecture, as well as the central importance of gene regulation in pheno-
typic variation and evolution.

And despite the Neutral’s Theory’s importance as a null hypothesis, sig-
nificant effort in the last 50 years has been devoted to understanding its
limitations. There has been a great deal of work aimed both at measuring
overall rates of positive selection, as well as at elucidating the specific ge-
netic changes that underlie adaptations 3*4. Even if only a small fraction
of polymorphisms and substitutions are positively selected, the most in-
teresting biology lies in those exceptions: for many evolutionary biologists,
a sense of awe at the power of Darwinian adaptation is what got us excited about
biology in the first place!

Substitution rates and the molecular clock. As shown above, proteins
(and DNA sequences) tend to accumulate changes roughly linearly in
time, though the rates differ between proteins. This observation would
be puzzling if most substitutions are adaptive: why should adaptation
occur at a roughly constant rate over hundreds of millions of years, while
the organisms themselves, ecosystems, and parameters such as effective
population size, vary hugely over time? The Neutral Theory provides a
simple model for this.

First, we need to derive the substitution rate for purely neutral sequences.
Suppose we sequence a neutral region of the genome in two species that
diverged T generations. How many differences do we expect to see be-
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Figure 2.116: Camouflaged cicada on tree.
Although the neutral theory provides a powerful
framework for modeling molecular evolution,

it does not deny the central importance of
Darwinian adaptation — in this case driving
adaptation of the cicada to be almost perfectly
camouflaged in its natural habitat. Credit: Henk
Monster [Link] CC BY 3.0.


https://commons.wikimedia.org/wiki/File:Cigales_have_extreme_camouflage_and_are_thus_rather_difficult_to_find_-_panoramio.jpg

tween the two species?

Mutations arise at a rate u per base pair per generation. Let’s look first at
fixation events in Species 1. Suppose that the population size of Species 1
is 2N; then across the entire population of Species 1 we get 2Ny new mu-
tations per base pair each generation. Recall from Chapter 2.1 that new
mutations will ultimately fix with a probability equal to their starting fre-
quency: i.e., 1/2N. Hence, the rate of fixation of mutations is

Fixation rate = [Total rate of new muts| x [Fixation prob. of muts] (2.93)

1
=2Np x o (2.94)

=M (2.95)

The population size, N here, cancels out, leading to the crucial result that neutral
mutations fix at a rate y per generation per site, regardless of population size.

Similarly if we compare two species that have diverged for T generations,
then at neutral sites the expected frequency of differences is 2uT 325. The
factor of 2 reflects that fixation events occur in both lineages for T genera-
tions 326

Now let’s focus specifically on nonsynonymous changes 2. Think about
what happens if a gene contains some positions where mutations would
be neutral, and others where mutations would be deleterious: for ex-
ample mutations in a functional binding pocket of an enzyme might
strongly disrupt function, while a change between similarly charged
amino acids in an unstructured region might be neutral. Let’s suppose
that a fraction of A of all changes are neutral, and 1 — A are sufficiently
deleterious that they have essentially no chance of fixing 3*7. Now we
find that mutations fix at a rate

Fixation rate = Ay (2.96)

per generation, and the expected number of substitutions per site be-
tween species is

2AuT. (2.97)

If we convert p from a per-generation rate to a per-year rate, and assume
that this is roughly constant across the phylogeny, and across genes, then
this predicts that substitutions accumulate linearly in time, where the rates are
proportional to the fraction of neutral sites. This results in the molecular clock,
where the slope is proportional to A 3%8.

d,/ds as an estimator for amino acid constraint. If we want to use Equa-
tion 2.97 to estimate A we need to know both the divergence time T and
gene-specific mutation rate p. Unfortunately we don’t always have good
estimates of these.

But we can get a better estimator of A by simply comparing the substi-
tution rates for synonymous and nonsynonymous sites within the same
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& Recall that nonsynonymous (=missense)
substitutions change the amino acid encoded
at a position, while synonymous substi-
tutions do not. For example, CCC—GCC
changes proline to alanine (nonsynony-
mous); but CCC—CCG maintains proline
(synonymous).



gene. This is captured in a measure called d,,/d; (also known as K, /K
329). Here d,, is the expected number of nonsynonymous substitutions per
nonsynonymous site, and d; is the corresponding number for synony-

mous substitutions. Then d,, /d; gives the ratio of the two rates b, b Note that d,, and d are adjusted for the

. ;e . e . effective numbers of nonsynonymous and
To interpret d,,/d;, let’s first make the simplifying assumption that all synonymous sites, based on the numbers of

synonymous mutations are neutral 33*. Then the expected synonymous possible mutations that would would not
divergence between two species would E(d;) = 2uT, as above. change the encoded protein. Thus d,, / ds

. . ) jon 33°
For nonsynonymous sites in the same gene, the expected nonsynony- should be 1 in the absence of selection 33°.

mous divergence would be E(d,) = 2AuT. So the ratio of the expected
values tells us that 33%:

dn
— = A .98
. (2.98)
Notice that since A represents the fraction of neutral sites, d,, /d; must be
between 0 and 1 under this model.

Indeed, this is the case for most genes, as you can see in this plot show-
ing the distribution of d,,/d; values in mammals 333:

- Figure 2.117: Distribution of d,/ds across
human genes. The plot shows a histogram

of estimated dy, /ds across genes, measured in
the human lineage. The vertical line indicates
the mean. dy /ds is measured on the human lineage since the
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This study reported a genome-wide average of about d,,/ds; = 0.14, which
we could interpret to mean that about 14% of amino acid substitutions
were effectively neutral.

Positive selection, d,,/d;, and the MK test. In the absence of positive
selection d,,/d; is always < 1. But what happens if some nonsynonymous
mutations are actually favored by selection? Intuitively, you might ex-
pect that selection should increase divergence at nonsynonymous sites,
and could potentially push d,,/d; > 1. This suggests a test for adaptive
evolution of protein sequences: Can we find genes for which d,,/d; is sig-
nificantly > 1?

To understand this, let’s consider a simple extension of the model to three
categories of sites:

e A fraction A are neutral

e A fraction A, are advantageous with selection coefficient s

e A fraction 1 — Ag — A, are strongly deleterious

Recall that favored mutations fix with probability s 334. Hence, favored
mutations arise at a rate 2N A,y per generation, and fix at a rate 2NAypu - s.
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So the expected divergence at nonsynonymous sites in time 2T will be
Ao - 2uT +2NAgs - 2uT, compared to 2uT at synonymous sites, and

du _
dS_

To make this concrete, suppose that Ag = 0.2; and further suppose that
1% of nonsynonymous mutations in a gene have a selective advantage

s = 0.1% in a population of 10*. Then 2NsA, = 0.2, and d,,/d; is 0.4. In
this example, even though many of the sites are fixed by positive selec-

tion, d,, /d, is still much less than 1.

Ao + 2NsA,. (2.99)

In fact, we need a lot of selection to detect it using d,,/ds. For example,
suppose that 1% of nonsynonymous mutations have an advantage of s =
1%. We now predict that 2NsA, = 2.0 and d,,/d; will be 2.2, and we reject
neutrality.

High d,/ds at MHC genes. It's quite unusual in mammals for selection
to be strong enough to drive d,,/d; above 1, but a famous example oc-
curs in genes of the Major Histocompatibility Complex (MHC) 335. MHC
genes play an essential role in defense against infection by presenting
fragments of proteins known as peptides for surveillance by T cells. T
cells are trained to ignore peptides from our own proteomes; but when
they detect foreign peptides they initiate an immune response.

Crucially, different MHC alleles have different potential binding reper-
toires. Thus, the universe of peptides that you can present to T cells de-
pends on your genotype across the six MHC genes involved in antigen
presentation. There is an overall advantage to having different alleles at
each MHC gene, as it expands the potential space of antigens you can
present, and particular MHC alleles may especially effective against par-
ticular pathogens. All of these factors have led to huge selection pressure
for allelic diversity in the MHC, driving ancient balancing selection, simi-
lar to the ABO story in the last chapter 33°.

Given the strong selection pressure in favor of functional diversity, it
should come as no surprise that there is enormous nonsynonymous di-
versity at functional sites in the MHC genes. A classic 1988 paper by
Austin Hughes and Masatoshi Nei examined d,, and ds; between highly
diverged human alleles for three MHC genes. They predicted high d,,
within the peptide binding region (PBR), but not in the rest of the protein
where the function is more conserved 337.

Peptide Binding (L=57) Not PBR (L=125) Exon 4 (L=92)
dn ds ‘ dn dS ‘ di’l dS
MHC-A | 13.3 3.5 1.6 2.5 1.6 9.5
MHC-B | 18.1 7.1 2.4 6.9 0.5 1.5
MHC-C | 8.8 3.8 4.8 10.5 1.0 2.1

Consistent with this logic, you can see above that d,, is larger than ds within the
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Figure 2.118: Peptide presentation by MHC.
MHC proteins (here in gray) play an essential
role in the immune system by presenting short
peptides (red/blue) for inspection by T cells.
MHC proteins must be able to successfully bind
a highly diverse and rapidly evolving array of
fOVEig?’l peptides, Credit: Figure 3e of Meriem Attaf et al (2015)
[Link]. CC BY 4.0

Table 2.7: High d,/ds in MHC genes.
Average d,, and ds between different human
alleles in three MHC genes. “Peptide Binding” refers
to sites within the PBR; “Not PBR” corresponds to other sites in Exons

2 and 3 that do not contact the peptide; sites in Exon 4 also do not
contact the peptide. L indicates numbers of sites. Standard errors for most

comparisons were ~2. Modified from Hughes and Nei (1988) [Link].
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peptide binding region, and lower elsewhere. This indicates that there is frequent
adaptive evolution within the peptide binding region, and main selective con-
straint in the structural regions of these genes.

However, more generally, testing for d,,/ds > 1 is not a very powerful test
because it’s highly unusual to see so many adaptive changes in one small
region; secondly, we may not know in advance which sites are likely to
be evolving adaptively as we do in the example above (but see 33% 339).

Tests contrasting polymorphism and divergence. A paper by John Mc-
Donald and Martin Kreitman in 1991 suggested a more powerful test
for selection by contrasting variation within and between species, now
known as the McDonald-Kreitman or MK test 34°. The key concept is
that selective sweeps occur quickly compared to drift, and so they are
more likely to be observed in a data set as differences between species
than as polymorphic sites within species.

In one version, the MK test considers gene sequences for multiple indi-
viduals from each of two species. Variants can be classified as being ei-
ther fixed differences between the species, or polymorphic within one of the
species . Similar to the model we used before, the null hypothesis will be
that a fraction A of new nonsynonymous mutations are neutral, and 1 — A
are strongly deleterious.

Assuming that selection against deleterious variants is strong enough, we
don’t expect to see deleterious variants as polymorphisms, and certainly
not as fixed differences. In this scenario, we expect the ratio of nonsyn-
onymous to synonymous to be the same (i.e., A) for both polymorphisms
and fixed differences (Panel A):

A. NeuTrRAL B. NEUTRAL, DELETERIDUS
+DeLeTERNOUS + Sveefs
P /S‘hdou * &
AU @ ¢
Fixeo . )
) p q [ ]
Q
3 ® [
N Y N . B X
SPeCIES | SPECIES 2. stecies | SPECIES 2=

But if some nonsynonymous sites are positively selected, then these will
tend to sweep through populations very quickly (Panel B). Because they
sweep quickly, it’s rare that one would be just in the process of sweeping
right now, and much more likely that they would be fixed differences .
For this reason we expect that positively selected variants will increase the

fraction of nonsynonymous variants among the fixed differences.

Consistent with the positive selection model, the first application of the
MK approach found a much higher fraction of nonsynonymous substi-
tutions between Drosophila species (41% of substitutions) compared to
nonsynonymous polymorphisms within species (just 5% of variants):
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¢ A fixed difference is a variant where all
individuals in one species have one variant,
while all individuals in the other species
have a different variant. A polymorphism
would be variable within the sample from
one or other species.

Figure 2.119: Overview of the MK test.

A. In the baseline model (Neutral + Strongly
deleterious) the expected ratio of nonsynony-
mous:synonymous variants is the same in the
fixed and polymorphic categories. B. In the
model with positive selection, there is a greater
fraction of nonsynonymous sites among the fixed
differences.

4 You can look at Figure 2.95 to see that
selected variants fix much faster than
neutral variants.



‘ Fixed Polymorphic

Nonsynonymous 7 2
Synonymous 17 42

4.7%

% Nonsynon. ‘ 41.2%

Table 2.8: Excess of nonsynonymous
substitutions in the Drosophila ADH
gene. The table shows the numbers of non-
synonymous and synonymous variants that
are either polymorphic within species, or fixed
between species (P-value for a test of indepen-

dence is 0006) Modified from McDonald and Kreitman (1991)
[Link].

The authors interpreted this as evidence that positive selection at ADH

drives nonsynonymous fixations that accumulate as an excess of between-

species differences 34" 342,

Since then, MK analyses in the genome-wide era have revealed rampant
positive selection in Drosophila: likely as many as 50% of nonsynony-
mous differences between species were fixed by positive selection 343.

For humans, in contrast, it seems that a much smaller fraction of nonsyn-
onymous differences between humans and other primates were fixed by
positive selection: likely in the range of 0-10%, although the precise frac-
tion is still a matter of debate 344. This work shows that the great majority of
nonsynonymous substitutions in primates are effectively neutral.

Linked selection: background selection and hitchhiking. This brings
us to our last major selection topic, linked selection, which deals with
the effects of selection-both positive and negative—at nearby sites. Here,
we ask: How does selection affect the patterns of genetic diversity at nearby
neutral sites 3452

Our story begins around the same time as development of the McDonald-

Kreitman test, when an observation from Drosophila presented an im-
portant new challenge to the Neutral Theory. A 1992 paper by David Be-
gun and Chip Aquadro showed that regions of the fruit fly (Drosophila)

genome with low recombination rates tend to have low genetic diversity
346

0.014
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0.006

0.002

Nucleotide diversity (w)

0 O.B? 0.04 0.06 0.08 0.1
Coefficient of exchange

Similar patterns are also seen in humans (side panel) 347.

Begun and Aquadro proposed that this observation is evidence for wide-

spread genetic hitchhiking with selective sweeps. Recall from Chapter
2.6 that when a favored mutation sweeps rapidly through the popula-

tion, it carries a surrounding haplotype with it, up to high frequency, in a
process known as hitchhiking. As a sweep nears completion it eliminates
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Figure 2.120: Classic plot of the relation-
ship between recombination rate and ge-
netic diversity in fruit flies (1992). The x-
axis shows a measure of local recombination rate;
the y-axis is average pairwise heterozygosity, 7;
each data point is a different sequenced locus.
The null hypothesis that the slope is 0 is rejected
with p = 0.0007. credit: Fig. 1 of David Begun and Charles
Aquadro (1992) [Link] Used with permission.
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genetic variation in a window around the selected site (Figure 2.96).

The size of the window is inversely related to r x 2log(2N) /s, where r is
the local recombination rate, N is the population size, and s is the selec-
tion coefficient. This is intuitive: when r is high, recombination breaks
up the sweeping haplotype much more efficiently than when r is low.

Begun and Aquadro hypothesized that sweeps are scattered randomly
across the genome. When they sequenced a locus with low recombina-
tion rate it was much more likely to fall within the window of a recent
sweep (and therefore, have low diversity) than when they sequenced a
locus with high recombination rate. They concluded that “Hitch-hiking
thus seems to occur over a large fraction of the Drosophila genome and
may constitute a major constraint on levels of genetic variation”.

Background selection. However, the next year an alternative explana-
tion, dubbed background selection, was proposed by Brian Charlesworth
and colleagues 348. The essential concept of background selection is that
when deleterious mutations arise, they may drift briefly but are unlikely
to contribute to the population long-term. As those variants are eventu-
ally purged, any linked neutral variants are lost too.

One helpful way to think about this is that, at any given locus, the copies
of this locus present in the population today are primarily descended from past
copies of the locus that did not carry deleterious mutations. Thus, deleterious
mutations can be thought of as reducing effective population size within a linked
region.

New
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To model this, let’s first look at background selection in a region with-
out recombination 349. Define f as the total fraction of chromosomes that
carry deleterious mutations. A simple model 3°° suggests that at equilib-
rium

f~Lu/hs, (2.100)

where L is the number of basepairs that can produce deleterious muta-
tions, u is the mutation rate per base pair, and #s is the selective disad-
vantage for a heterozygote ©.

Provided that selection is strong enough that individual deleterious mu-
tations don’t persist long in the population (ks >> 1), you can think of
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Figure 2.121: Human genetic diversity is
also reduced in regions of low recombi-
nation. Black dots show binned averages of the
genetic diversity (8 x 1073) as a function of local
recombination rate. Orange dots show raw data
in a sliding window across the genome. Credit:

Fig. 1B of James Cai et al (2009); CC BY 4.

Figure 2.122: Background selection. At any
given time a fraction of chromosomes carry dele-
terious variants (red mutations). These chro-
mosomes have low fitness and don’t contribute
much to future populations in the long term.
Neutral variants linked to deleterious variants
will eventually be removed by selection. Mean-
while new deleterious variants continue to arise
by mutation.

¢ In a minor abuse of notation, in this sec-
tion we use hs > 0 to indicate a selective
disadvantage. The derivation requires that
selection is considerably stronger than drift,
ie., hs >>1/N.



this as reducing the effective population size locally by a factor 1 — f.
Then we can approximate the expected pairwise genetic diversity, E[7],
in this region as

Elx] = mo(1 - E), (2.101)
where E[77)] is what the expected genetic diversity would have been if
there were no background selection.

What happens with recombination? Let’s say we sequence a region that
is at a recombination fraction r from a conserved functional element.
Now things are more complicated, because a neutral variant in the se-
quenced region could be rescued by recombining away from a linked
deleterious mutation. After a flurry of math 35*, the expected diversity
is found to be

Ly
Einr| =m|1 - ——F—5 |- 2.102
7] 0 hs(1+r/hs)? ( )
. . Ly . BAckeRoUND
The last part of this expression, Ts(T5r/ls) Tepresents the proportional de- SELECTION
crease in variation due to background selection. This has the intuitive form crrecrs
that the impact of background selection increases with the deleterious mutation —
rate Ly, and decreases with recombination distance r. The relationship with
selection strength is more complicated 352. DiveRsITY AT

NEUTRAL SITES
Next, the total strength of background selection experienced at a site de- . .
Figure 2.123: Genetic diversity at neutral

pends on the cumulative contributions from all linked functional loci (for 7. is reduced by background selection
example, all coding exons, conserved gene regulatory elements, etc). The  from linked functional elements. Each func-
total reduction in 7t is a product of the contributions from each functional tional element reduces expected diversity by a
element: factor of (1 — 115(1f+115)2)

M
L;
Eln]~m][]|1- - # (2.103)
i=1

s(14ri/hs)?|
where i indexes each of M linked functional elements 353.

Does this model fit real data?

In a 2009 paper, Graham McVicker and colleagues used this approach
to predict the background selection effect of constrained regions across
the human genome 354. As you see from Equation 2.103, the strength of
background selection at any specific location depends on the local land-
scape of linked functional elements. This can be used to predict genetic
diversity at neutral sites across the genome, depending on the number,
size, and genetic distance to nearby functional elements in the genome
sequence. This reduction in diversity is commonly written as B 355:

E[r]
TTo

B = (2.104)

The plot below shows an updated version of McVicker’s analysis 35°. As
you can see, the background selection model provides a remarkably good
prediction of the landscape of genetic diversity in humans:
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This is actually quite a dramatic effect, with the model accounting for
most variation in genetic diversity (at megabase scale) across the genome,
emphasizing the importance of linked selection in shaping genetic varia-
tion.

Background selection or hitchhiking? Thus, in both humans and flies
(and other species) we see a strong relationship between neutral sequence
diversity, and the local recombination rate and density of nearby func-
tional sequence. This is compelling evidence that linked selection plays a
major role in shaping genetic diversity across the genome. But it leaves
us wondering how much of the linked selection effect is due to back-
ground selection versus hard sweeps 357.

One way of distinguishing these is to note that if hard sweeps are impor-
tant, then there should be a dip in diversity specifically near the sites of
completed sweeps. This is different from the general depletion of varia-
tion due to background selection. We don’t know which sites have had
recently completed sweeps, but we could hypothesize that these would
be enriched at recent nonsynonymous substitutions. Under this hypothe-
sis, diversity near nonsynonymous substitutions would reflect a mixture
of neutral and selected signals. To summarize: if an appreciable fraction of
nonsynonymous substitutions on the human lineage are recently completed hard
sweeps, then we should see lower diversity near those sites compared to a model
with background selection only 358,

But, instead, the genetic diversity around nonsynonymous substitutions
can be predicted entirely from the background selection model. The plot
below shows the average of genetic diversity around all nonsynonymous
substitutions, along with the predictions under background selection.
There’s a dip at the center of the plot, but this is only because nonsyn-
onymous sites are generally in regions with lots of functional sequences —
as you can see the data are extremely similar to the background selection
model:
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Figure 2.124: Human genetic diversity pre-
dicted from background selection model.
Genetic diversity along chromosome 1 is plotted
in teal; predictions from a background selection
model are in orange. Data are for Yoruba (from Nigeria). The
y-axis is genetic diversity m divided by the genome-wide average. The
data are plotted in megabase-sized windows. The gap at the center of the
plot is due to repetitive regions near the centromere. Credit: Figure 2 from

David Murphy et al (2021) [Link]. CC BY 4.
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This analysis would have had power to detect a signal if as much as 10%
of nonsynonymous variants had swept with strong selection (s=1%) 359,
though it has less power to detect soft sweeps. In contrast, this type of
analysis does show a clear signal in Drosophila, where selective sweeps
seem to be much more common 3.

In summary, this analysis and the MK results argue that at most a small
fraction (<10%) of nonsynonymous variants in humans were fixed by
strong positive selection. Similarly, genomewide selection scans reveal
relatively few unequivocal examples of recent sweeps in noncoding re-
gions. This leaves open the possibility of positive selection through soft
sweeps, much weaker hard sweeps, and polygenic adaptation as we’ll
discuss next.

Concluding remarks. In this section of the book we have covered some
of the core principles for understanding genetic variation. One remark-
able aspect of population genetics is that many of the fundamental con-
cepts extend logically from the basic genetic and population processes:
mutation; Mendelian segregation; linkage; random mating and popula-
tion structure; and different forms of selection.

That said, while many key concepts were already understood 50 years
ago, it has taken much longer to determine the relative importance of
the different processes—in particular the impact of genetic drift, linkage,
and the different types of selection in shaping patterns of variation and
evolution-and many aspects of this are important areas of research now
that we have much richer genome data, and modern tools from func-
tional genomics.

I think it’s fair to say that versions of the Neutral Theory now provide the
central structure for most models of genetic variation: at least 90% of new
single nucleotide mutations are essentially neutral, and most of what is
not neutral is deleterious. However, we also now know that linked selec-
tion in the genome, mainly from background selection, is pervasive, so
that diversity in most of the genome is reduced relative to the maximum
possible under a fully neutral model.

What then, is the role of positive selection? Even if only a tiny fraction of
variants are positively selected, we do know that the natural world, in-
cluding humans, show an astonishing diversity of forms. Organisms are
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Figure 2.125: Average levels of genetic di-
versity at nonsynonymous substitutions
and comparison to predictions from back-
ground selection. Genetic diversity at non-
synonymous substitutions (teal) is accurately
predicted from a background selection model
(orange). The close fit at nonsynonymous sites
argues against frequent hard sweeps driving
nonsynonymous substitutions. Credit: Figure 3 from
David Murphy et al (2021) [Link]. CC BY 4.
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amazing molecular machines, and exquisitely adapted to their environ-
ments. This must happen through forms of adaptation. As I discussed
at length, we do now have compelling examples of the various forms of
positive selection acting in humans: including hard and soft sweeps, and
ancient balancing selection.

However, my personal reading of the data is that strong hard selection

on individual loci has been rare in the human genome during the past

~ 200,000 years when we can best detect it. Many of the exceptions
where we do see sweep signals are at genes where a single protein plays
an exceptional role in some process—for example Duffy, which serves as

a specific receptor for vivax malaria; or lactase which plays an essential
role in digesting lactose. The relative importance of different modes of se-
lection seems to vary greatly across species, and hard sweeps may be less
important in humans than in some other species that have been studied,
including flies and stickleback fish.

It’s possible that environmental pressures acting on human populations
are often variable and inconsistent across space and time, and thus it is
rare for selection be both strong and consistent enough over the many
thousands of years that are required for hard sweeps in a species with
our long generation time. This hypothesis may be consistent with recent
work on ancient DNA identifying many short-term selective frequency
shifts 31, This work suggests that perhaps much of the recent selection
has taken the form of partial soft sweeps — which would not show up
clearly in most analyses 3°2.

Lastly, it is likely that most human adaptation comes through polygenic
shifts of complex traits. We do know that the genetic variation in most
phenotypes, aside from monogenic genetic diseases, is highly polygenic.
It must surely be the case that environmental pressures are continually
pushing optimal phenotypes around in some high-dimensional pheno-
type space as conditions change. However, polygenic adaptation leaves
little trace in the data and, at the time of writing, detection remains dif-
ficult 363. We will consider the population genetics of polygenic traits in
detail later in the book.

Well done! You have now completed the population genetics section of the book!
These main principles are useful for understanding all aspects of human genetic
variation. In the next section we’ll focus on application of these principles for
understanding the genetic structure and history of human populations.
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Figure 2.126: Exquisite adaptation of the
spicebush swallowtail caterpillar. This cater-
pillar discourages would-be predators using pig-
mented spots that mimic snake eyes. Credit: Michael
Hodge [Link] CC BY 2.
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tion:

Kern AD, Hahn MW. The neutral theory in light of natural selection. Molecular biology and evolution. 2018;35(6):1366-
71
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331You might reasonably worry about non-neutral effects on synonymous sites, including codon bias, or exonic splic-
ing enhancers that overlap synonymous sites; but in aggregate these are generally weak compared to selective constraint
on amino acid sequences so using synonymous sites as a baseline is generally a useful approximation.
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351This is Equation 11 from Nordborg et al (1996); see also Hudson and Kaplan (1994)
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Part 3.

Human population history and
structure

In Part 3 we turn our attention to human population structure and history’. 1 expect to release this section in

We discuss how concepts from population genetics, combined with modern ge- late 2023/ early 2024 —JKP.

nomic technologies, have rewritten our understanding of human history and pre-
history. Genetics provides insights that are completely distinct from the classical
approaches in paleontology, archaeology, and history.

In this section of the book we will emphasize inference: how can we apply popu-
lation genetics to modern genetic data to learn about structure and history?

We'll use these principles to discuss key examples: archaic hominids and their
relations with modern humans; deep population structure in Africa and the (rela-
tively) recent origin of non-Africans; to the migrations of Pacific Islanders in the
last millennium.

Specifically, we will cover the following:

Chapter 3.1: Population structure: the genetic structuring of modern human
populations, resulting from ancestry, drift, and mixture.

Chapter 3.2: Inference of population histories: a tour of how we can use
genetic variation in modern humans to reveal the history of our species.

Chapter 3.3: Ancient DNA: how new technologies for retrieving DNA from
bones have reshaped our understanding of human prehistory.
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3.1 Population structure and ancestry estimation.
3.2 Inferring human prehistory from genetic data.

3.3 Digging deeper into human history: Ancient DNA.
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Part 4.

Genetics of phenotypic
variation and disease

In Part 4 we turn our attention to the genetics of phenotypic variation. We’ll 1 expect to release these chapters in
cover three main categories of traits: monogenic diseases, cancer, and complex 2024 —JKP.
traits, with particular emphasis on complex traits.

As you read you should pay attention to the themes that repeat, but with key
differences, across the different categories:

o The number, allele frequencies and molecular mechanisms of variants;

o The types of selection that are most relevant;

o The study designs used to identify causal genes and variants;

o The main conceptual approaches to data analysis, and major insights.

Specifically, we cover the following:

Chapter 4.1: A Starter Pack of trait genetics: an introduction to the topics in
this section.

Chapter 4.2: The genetics of monogenic diseases: mapping approaches, the
major mechanisms, and selection.

Chapter 4.3: The genetics of cancer, emphasizing aspects of this huge field
that intersect our main themes including somatic mutation and selection.

Chapter 4.4: Quantitative Genetics: statistical models for the inheritance of
polygenic traits, including heritability and artificial selection.

Chapter 4.5—4.7: An overview of the main approaches for studying complex
traits, and major emerging themes: GWAS; SNP heritability; regulatory
genomics and the mechanisms of variant effects; and polygenic scores.

Chapter 4.8: We close with more on the population genetics of complex
traits including stabilizing selection and polygenic adaptation.
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4.1

4.2

4.3

4-4
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A starter pack for human trait genetics
Major effect mutations: monogenic traits

Major effect mutations: somatic mutations and
cancer

Complex traits: I. Quantitative genetics
Complex traits: II. The GWAS paradigm
Complex traits: III. More about GWAS

Complex traits: IV. Functional genomics of com-
plex traits

Complex traits: V. stabilizing selection, drift, and
adaptation
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3MIn 1963 Dick Lewontin who, a few years later, helped introduce electrophoresis into population genetics, lamented
the plight of population genetics in the absence of data: “In many ways the lot of the theoretical population geneticist of 1963
is a most unhappy one. For he is employed, and has been employed for the last thirty years, in polishing with finer and finer grades
of jeweler’s rouge these three colossal monuments of mathematical biology...By the end of 1932 Haldane, Fisher, and Wright had said
everything of truly fundamental importance about the theory of genetic change in populations and it is due mainly to man’s infinite
capacity to make more and more out of less and less, that the rest of us are not currently among the unemployed.” As quoted in Singh
and Krimbas, Evolutionary Genetics: From molecules to morphology, Chapter 11; the original does not seem to be on-
line.

312 A short history of electrophoresis:
Charlesworth B, Charlesworth D, Coyne JA, Langley CH. Hubby and Lewontin on protein variation in natural pop-
ulations: when molecular genetics came to the rescue of population genetics. Genetics. 2016;203(4):1497-503

313Harris H. C. Genetics of Man Enzyme polymorphisms in man. Proceedings of the Royal Society of London Series
B Biological Sciences. 1966;164(995):298-310
Hubby JL, Lewontin RC. A molecular approach to the study of genic heterozygosity in natural populations. I. The
number of alleles at different loci in Drosophila pseudoobscura. Genetics. 1966;54(2):577
Lewontin RC, Hubby JL. A molecular approach to the study of genic heterozygosity in natural populations. II. Amount
of variation and degree of heterozygosity in natural populations of Drosophila pseudoobscura. Genetics. 1966;54(2):595

314Charlesworth et al (2016).

3150ne viewpoint, motivated by observations of balanced inversion polymorphisms in Drosophila pseudoobscura, by
Dobzhansky, emphasized the importance of balancing selection.

316] ewontin and Hubby (1966).

317Zuckerkandl and Pauling called this the “molecular evolutionary clock”, though this is usually shortened to “molec-
ular clock” in modern usage [REF]. See also the Kumar NRG review 2005:
Zuckerkandl E, Pauling L. Molecules as documents of evolutionary history. Journal of theoretical biology. 1965;8(2):357-
66
Kumar S. Molecular clocks: four decades of evolution. Nature Reviews Genetics. 2005;6(8):654-62

3188Djckerson RE. The structure of cytochrome ¢ and the rates of molecular evolution. Journal of Molecular Evolu-
tion. 1971;1:26-45

319King JL, Jukes TH. Non-Darwinian Evolution: Most evolutionary change in proteins may be due to neutral muta-
tions and genetic drift. Science. 1969;164(3881):788-98.

329Two key papers in 1968 helped to outline this: Kimura (1968); King and Jukes (1968). In the longer run, Kimura be-
came most influential due to his continued work on this, including his 1983 book.
Kimura M, et al. Evolutionary rate at the molecular level. Nature. 1968;217(5129):624-6

321The quotes are from the Introduction to Kimura (1983):
Kimura M. The neutral theory of molecular evolution. Cambridge University Press; 1983

3220ne recent review is strongly critical of the Neutral Theory, in part for under-appreciating the role of linked selec-
tion:
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Kern AD, Hahn MW. The neutral theory in light of natural selection. Molecular biology and evolution. 2018;35(6):1366-
71

however, to the extent that the linked selection signal is due to background selection it can actually be viewed as a
natural extension of the Neutral Theory:

Jensen JD, Payseur BA, Stephan W, Aquadro CF, Lynch M, Charlesworth D, et al. The importance of the neutral the-
ory in 1968 and 50 years on: a response to Kern and Hahn 2018. Evolution. 2019;73(1):111-4

32350 far we have been following the Neutral Theory in treating mutations as either neutral, or strongly deleterious.
However, starting in 1973, another Japanese scientist Tomoko Ohta emphasized the role of nearly-neutral mutations in
protein evolution (Ohta 1973 paper, and later Annals review). In contrast to this simplest model, she argued that many
amino acid substitutions may be weakly selected — i.e., with |2Ns| around 1 or less. Notice that the “drift barrier” model
discussed earlier is closely related to this model. The Nearly Neutral model allows for much more complexity in pro-
tein evolution: for example we can expect higher substitution rates in populations with smaller effective population sizes.
Hence in the Nearly Neutral model, A, the fraction of approximately neutral sites, is no longer a fixed property of a gene,
but instead increases or decreases depending on changes in N,. Secondly, the fixation of nearly neutral mutations can
lead to clumping of substitutions over time, because the substitution of one weakly deleterious mutation may be followed
by substitution of weakly advantageous compensatory mutations nearby.

324Sackton TB. Studying natural selection in the era of ubiquitous genomes. Trends in Genetics. 2020;36(10):792-803

325Technically, here, T is the average coalescent time for lineages from each of the two species, rather than the species
split time.

326Note that in data analysis, the number of sequence differences between two species is actually a lower bound on the
number of substitutions, as there may be “multiple hits”: i.e., positions that have had multiple substitutions; there are
many statistical methods to account for this.

327Variants are sufficiently deleterious that they have essentially no chance of fixing if s << —1/N.

3281t’s long been observed that the molecular clock is not precisely clocklike. The strongest version of the molecular clock

model would suggest that substitutions occur at a constant rate, uniformly in time (technically, as a Poisson Process with
a fixed rate). In practice, substitutions tend to be more clumped within a phylogeny than expected under the ideal clock
model; this is referred to as the overdispersed molecular clock. Early work documenting this argued that the overdis-
persed clock was evidence against the Neutral Model, and in favor of bursts of adaptive evolution Gillespie (1989) but
later work has argued that much of this can be explained by a combination of effects, including gene- and lineage-specific
changes in mutation rates, as well as substitutions of nearly neutral mutations, as in Ohta’s Nearly Neutral Theory. For
recent work in this area see work from Bedford and colleagues. Note that Bedford et al found stronger overdispersion
at nonsynonymous sites than synonymous, indicating that these are not purely mutational effects. Secondly they found
stronger overdispersion in mammals than in flies, than in yeast; this pattern suggests that overdispersion may be stronger
in small populations than in large populations, which is perhaps the opposite of what we might expect if the overdis-
persion were mainly due to bursts of adaptation.

Gillespie JH. Lineage effects and the index of dispersion of molecular evolution. Molecular biology and evolution.
1989;6(6):636-47

Bedford T, Wapinski I, Hartl DL. Overdispersion of the molecular clock varies between yeast, Drosophila and mam-
mals. Genetics. 2008;179(2):977-84

Bedford T, Hartl DL. Overdispersion of the molecular clock: temporal variation of gene-specific substitution rates
in Drosophila. Molecular biology and evolution. 2008;25(8):1631-8

329The traditional notation dN /dS or dy /dg notation introduces multiple notational clashes: d is a distance and not a
derivative; N and S refer to nonsynonymous and synonymous sites and not population size or selection. For this rea-
son I use lower case, subscript  and s. In general the usage should hopefully be clear from context.

33%Here I'm skating over many complexities in estimating d, /d;. First, it varies across papers whether these distances
are treated as expected outcomes of an evolutionary process, or the realized numbers of substitutions. Even if it’s the
latter, these are still difficult to estimate due to the possibilities of multiple substitutions occurring at the same sites, and
variation in the rates of transitions, transversions, and other mutation types. Lastly, one should be cautious when esti-
mating ratios of random variables — for example the simple estimator can blow up for short genes if we don’t observe
any synonymous substitutions.

331You might reasonably worry about non-neutral effects on synonymous sites, including codon bias, or exonic splic-
ing enhancers that overlap synonymous sites; but in aggregate these are generally weak compared to selective constraint
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on amino acid sequences so using synonymous sites as a baseline is generally a useful approximation.

332In practice d,, /ds is usually estimated as a ratio of estimates, namely d;, /ds. Interpreting this is a bit more tricky be-
cause obviously the estimate comes with sampling variation, and as a ratio of random variables the estimator is a biased
estimator of A.

333Jergensen FG, Hobolth A, Hornshej H, Bendixen C, Fredholm M, Schierup MH. Comparative analysis of protein
coding sequences from human, mouse and the domesticated pig. BMC biology. 2005;3:1-15

334Chapter 2.5. As before we take & = 0.5

335In humans the MHC is also known as the HLA or Human Leukocyte Antigen complex. The MHC/HLA is the main
focus for transplant matching in organ donations because it is essential for distinguishing self from non-self antigens.
The MHC is also the major driver of autoimmune disease — the immune system treads a delicate balance between sen-
sitive immune surveillance for pathogens versus the risk of autoimmunity.

33%Like at ABO, distinct allelic lineages have likely persisted for > 20 million years, and there is enormous genetic di-
versity in the MHC region, with nucleotide diversity reaching well above 1% — more than 10-fold the genome-wide av-
erage.background;

Jensen JM, Villesen P, Friborg RM, Mailund T, Besenbacher S, Schierup MH, et al. Assembly and analysis of 100 full
MHC haplotypes from the Danish population. Genome research. 2017;27(9):1597-607

Norman PJ, Norberg SJ, Guethlein LA, Nemat-Gorgani N, Royce T, Wroblewski EE, et al. Sequences of 95 human
MHC haplotypes reveal extreme coding variation in genes other than highly polymorphic HLA class I and II. Genome
research. 2017;27(5):813-23

337Hughes AL, Nei M. Pattern of nucleotide substitution at major histocompatibility complex class I loci reveals over-
dominant selection. Nature. 1988;335(6186):167-70.

3380ne other fascinating example of high d,,/d; is found in the PRDMg zinc fingers, which you will recall from Chap-
ter 2.3 play the critical role of directing recombination events:
Oliver PL, Goodstadt L, Bayes JJ, Birtle Z, Roach KC, Phadnis N, et al. Accelerated evolution of the Prdmg speci-
ation gene across diverse metazoan taxa. PLoS genetics. 2009;5(12):€1000753.

339For this reason there has been a great deal of work on improving power to identify particular sites that are subject
to positive selection, even within genes that are constrained at most positions eg:
Yang Z. PAML 4: phylogenetic analysis by maximum likelihood. Molecular Biology and Evolution. 2007;24(8):1586-
91
Sackton TB. Studying natural selection in the era of ubiquitous genomes. Trends in Genetics. 2020;36(10):792-803.

349McDonald JH, Kreitman M. Adaptive protein evolution at the Adh locus in Drosophila. Nature. 1991;351(6328):652-
4.
The MK test built on other contemporaneous work, including notably the HKA test
Hudson RR, Kreitman M, Aguadé M. A test of neutral molecular evolution based on nucleotide data. Genetics.
1987;116(1):153-9

3411t’s beyond our scope here, but there has been a great deal of work on more complicated models that extend this ba-

sic idea. One weakness of the original MK test is that it ignores the fact that deleterious variants are much more likely
to be polymorphic than to be substitutions: this in turn reduces power to detect an excess of nonsynonymous substitu-
tions. However, it’s possible to improve the test by considering only common variants, or to use the polymorphism data
to estimate a distribution of selection coefficients to make more-powerful MK tests, eg:

Bustamante CD, Fledel-Alon A, Williamson S, Nielsen R, Todd Hubisz M, Glanowski S, et al. Natural selection on
protein-coding genes in the human genome. Nature. 2005;437(7062):1153-7

Messer PW, Petrov DA. Frequent adaptation and the McDonald-Kreitman test. Proceedings of the National Academy
of Sciences. 2013;110(21):8615-20

342However it’s worth noting that as the tests become more powerful, they also become more sensitive to model assump-
tions. One key vulnerability is variation in ancestral population sizes: for example, a small ancestral population size could
allow more weakly deleterious variants to fix, and conversely for a large ancestral population size:
Eyre-Walker A. Changing effective population size and the McDonald-Kreitman test. Genetics. 2002;162(4):2017-
24

343Sella G, Petrov DA, Przeworski M, Andolfatto P. Pervasive natural selection in the Drosophila genome? PLoS ge-
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netics. 2009;5(6):€1000495
Eyre-Walker A, Keightley PD. Estimating the rate of adaptive molecular evolution in the presence of slightly dele-
terious mutations and population size change. Molecular biology and evolution. 2009;26(9):2097-108

344Eyre-Walker and Keightley (2009) write that analysis of the human data “...reveals little evidence for adaptive sub-

stitutions. However, the true frequency of adaptive substitutions in human-coding DNA could be as high as 40%, be-
cause estimates based on current polymorphism may be strongly downwardly biased by a decrease in the effective pop-
ulation size along the human lineage.” Boyko et al (2008) estimated 9% in their baseline model. Uricchio et al (2019) es-
timated 13%. Again, it’s important to take all of these estimates with caution as the MK test is easily misled by changes
in N, which affect the rates of fixation of nearly neutral variants.

Boyko AR, Williamson SH, Indap AR, Degenhardt JD, Hernandez RD, Lohmueller KE, et al. Assessing the evolu-
tionary impact of amino acid mutations in the human genome. PLoS genetics. 2008;4(5):€1000083

Uricchio LH, Petrov DA, Enard D. Exploiting selection at linked sites to infer the rate and strength of adaptation.
Nature ecology & evolution. 2019;3(6):977-84

345Interactions between selected sites, or between selected sites and nearby neutral sites are sometimes referred to as
Hill-Robertson interference, based on early work showing that selection at linked sites tends to reduce the efficacy of
selection at both sites.
Hill WG, Robertson A. The effect of linkage on limits to artificial selection. Genetics Research. 1966;8(3):269-94
Felsenstein J. The evolutionary advantage of recombination. Genetics. 1974;78(2):737-56

346Begun DJ, Aquadro CF. Levels of naturally occurring DNA polymorphism correlate with recombination rates in
D. melanogaster. Nature. 1992;356(6369):519-20

347Cai JJ, Macpherson JM, Sella G, Petrov DA. Pervasive hitchhiking at coding and regulatory sites in humans. PLoS
genetics. 2009;5(1):€1000336

348Charlesworth B, Morgan M, Charlesworth D. The effect of deleterious mutations on neutral molecular variation.
Genetics. 1993;134(4):1289-303
Charlesworth B. Background selection 20 years on: the Wilhelmine E. Key 2012 invitational lecture. Journal of Hered-
ity. 2013;104(2):161-71

349Theory on background selection: Charlesworth et al (1993);
Hudson RR, Kaplan NL. Deleterious background selection with recombination. Genetics. 1995;141(4):1605-17
Nordborg M, Charlesworth B, Charlesworth D. The effect of recombination on background selection. Genetics Re-
search. 1996;67(2):159-74
Elyashiv E, Sattath S, Hu TT, Strutsovsky A, McVicker G, Andolfatto P, et al. A genomic map of the effects of linked
selection in Drosophila. PLoS genetics. 2016;12(8):e1006130
Buffalo V, Kern AD. A Quantitative Genetic Model of Background Selection in Humans. bioRxiv. 2023:2023-09

35°Note that for consistency with the background selection literature, and to simplify the notation, we use s > 0in
this section to indicate a deleterious allele, i.e., that fitnesses 1, 1 — hs, 1 — s, with h € (0,1] and s > 0 indicate a dele-
terious derived allele.

We can solve for f by noting that the input of new deleterious mutations per generation is 2NLy, and the number
of deleterious mutations removed by selection is N -2f(1 — f) - hs (the latter uses Hardy Weinberg, assuming that f is
low enough that most deleterious mutations are heterozygous). At equilibrium, input equals output, and solving for f
we get f =~ 2NLu/hs.

351This is Equation 11 from Nordborg et al (1996); see also Hudson and Kaplan (1994)

352This expression implies the interesting result that for a fixed distance r, the background selection effect is strongest
when is = r. In other words, at nearby functional elements (small r), small values of is remove the most variation be-
cause the deleterious variants can drift up to become relatively common before ultimately being removed. But at large
distances, only strong selection really matters: if selection is weak the linked variants have time to recombine to other
chromosomes. Thus, assuming a recombination rate of 1cM/MB, at 100kb from a function region, weakly deleterious
variants with /s = 0.1% would have the most impact but at 1IMB distance variants with stronger effects, hs = 1%, would
have the most impact.

353Coop 2020 Eq 13.13; Nordborg, Elyashiv et al (2016) Eq 2. Note that for computational purposes it is common to use
the further approximation that 1 — x ~ ¢~ and then to rewrite this in the form exp})_ x;.

354McVicker G, Gordon D, Davis C, Green P. Widespread genomic signatures of natural selection in hominid evolu-
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tion. PLoS genetics. 2009;5(5):1000471
3551t’s sometimes known as McVicker’s B, which is an example of Stigler’s Law of Eponymy [Link].

356Murphy DA, Elyashiv E, Amster G, Sella G. Broad-scale variation in human genetic diversity levels is predicted by
purifying selection on coding and non-coding elements. Elife. 2022;12:e76065

357For examples of contrasting views see Lohmueller et al (2011), Enard et al (2014)
Lohmueller KE, Albrechtsen A, Li Y, Kim SY, Korneliussen T, Vinckenbosch N, et al. Natural selection affects mul-
tiple aspects of genetic variation at putatively neutral sites across the human genome. PLoS genetics. 2011;7(10):€1002326
Enard D, Messer PW, Petrov DA. Genome-wide signals of positive selection in human evolution. Genome research.
2014,;24(6):885-95
and additional references as follow.

358This method was pioneered by
Hernandez RD, Kelley JL, Elyashiv E, Melton SC, Auton A, McVean G, et al. Classic selective sweeps were rare in
recent human evolution. science. 2011;331(6019):920-4
Sattath S, Elyashiv E, Kolodny O, Rinott Y, Sella G. Pervasive adaptive protein evolution apparent in diversity pat-
terns around amino acid substitutions in Drosophila simulans. PLoS genetics. 2011;7(2):e1001302
Here I present results from the updated analysis by Murphy et al (2021).

3590r 25% with moderate selection (s=0.1%). The power analyses are from Hernandez (2011)

3%Elyashiv et al (2016) estimated that 4% of missense substitutions were fixed by strong selection, and 35% by weak
selection.

361Mathieson I, Lazaridis I, Rohland N, Mallick S, Patterson N, Roodenberg SA, et al. Genome-wide patterns of se-
lection in 230 ancient Eurasians. Nature. 2015;528(7583):499-503

362There is a large literature on selection scans in humans and primates, using a variety of analysis techniques and data,
and reaching different conclusions on the frequency, strength, and types of selection. Some of these discrepancies may
reflect poor calibration of some studies, but my suspicion is that much of this probably reflects a lot of weak, soft, se-
lection that forces variants up or down in frequency but rarely to fixation. This would lead to low power and poor repli-
cation across study types. It’s plausible that a lot of this selection is actually the tail-end of the distribution of polygenic
effects.

363Berg JJ, Harpak A, Sinnott-Armstrong N, Joergensen AM, Mostafavi H, Field Y, et al. Reduced signal for polygenic

adaptation of height in UK Biobank. Elife. 2019;8:e39725

Sohail M, Maier RM, Ganna A, Bloemendal A, Martin AR, Turchin MC, et al. Polygenic adaptation on height is over-
estimated due to uncorrected stratification in genome-wide association studies. Elife. 2019;8:e39702

Cox SL, Ruff CB, Maier RM, Mathieson I. Genetic contributions to variation in human stature in prehistoric Europe.
Proceedings of the National Academy of Sciences. 2019;116(43):21484-92

Chen M, Sidore C, Akiyama M, Ishigaki K, Kamatani Y, Schlessinger D, et al. Evidence of polygenic adaptation in
Sardinia at height-associated loci ascertained from the Biobank Japan. The American Journal of Human Genetics. 2020;107(1):60-
71

Hayward LK, Sella G. Polygenic adaptation after a sudden change in environment. Elife. 2022;11:e66697
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