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ABSTRACT

An important goal of molecular evolution is to reveal the historical processes and mechanisms

by which diverse molecular systems have evolved their present day forms and functions. This

research program requires an integration of computational and mechanistic approaches to

learn about the evolutionary processes that fix mutations in genes, and the genetic and

biophysical mechanisms by which the historical mutations that fixed in evolution cause

molecular functions to diverge. This dissertation describes one such functional synthesis.

I first focused on a classic computational phylogenetic method that infers lineage-specific

adaptation on protein-coding genes: the branch-site test. I show that a newly discovered phe-

nomenon in molecularstudies of mutation, multinucleotide mutations, causes a very strong

bias towards false inferences of positive selection by the branch-site test; this bias is so

pervasive that it can potentially explain many or even most inferences of positive selection

in human and fruitfly genomes that have been made based on the test. These results call

into question thousands of previously published inferences of positive selection, and suggest

that the importance of adaptation in shaping genes and genomes could be vastly distorted.

A version of the branch-site test that incorporates MNMs to partially reduce this bias is

developed.

Next, to provide a mechanistic explanation of how historical mutations changed protein

functions, I investigated the evolution of novel DNA-specificity in steroid and related recep-

tors, a gene family composed of two functionally diverged clades of transcription factors: :

1) Steroid Receptors (SRs), which bind as a cooperative dimer to an inverted palindrome of

a 6-bp half-site; and 2) Estrogen Related Receptors, which bind as monomers to an extended

9-bp half-site, containing a 5’-flanking extension of the 6-bp SR half-site. Using a combina-

tion of ancestral sequence reconstruction with biochemical and cell-based characterizations

of protein function, I show that present-day SRs evolved from an ancestral ERR-like receptor

with a preference for a specific 3-bp flanking sequence in addition to the 6-bp corehalf-site.
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Six mutations in two structural groups occurred on the lineage leading to modern SRs and

were sufficient for the loss of preference for the 3-bp flank. This change was offset by increas-

ing affinity for the 6-bp half-site on the SR lineage, with no changes to cooperative binding.

These findings show that new protein functions can evolve through changes in their ther-

modynamic properties without the radical evolution of novel interfaces. Together, the two

projects aim to provide a complete understanding of molecular evolution — from generating

hypotheses about functional change to establishing causality.

This dissertation includes unpublished material, with the MNM chapter on bioarxiv.
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CHAPTER 1

INTRODUCTION

1.1 Evolutionary biology is an integrative science

A central goal of evolutionary biology is to explain the origin of diversity in species, their

molecular systems and organization. This diversity of living systems can be attributed in

part to the diverse complement of genes carried by them. Genes tend to be organized into

gene families that have functionally diversified over evolution to produce a complex repertoire

of proteins with different chemical and physical properties and organization. To explain the

origin of diverse molecular systems, one must therefore understand the mechanisms and

dynamics by which genes, and the proteins they encode for, evolve new functions. In this

dissertation, I provide an example that shows how this broad research program is effectively

pursued using a functional synthesis of computational and experimental techniques two fields

generally considered very disparate. The complementary strengths and weaknesses of the

two fields enable a deeper and richer understanding of molecular evolution from generating

hypotheses about functional change in proteins to demonstrating causal effects [39].

This thesis aims to bring together the ideas, concepts and techniques from the two fields,

to understand the mechanisms and dynamics by which proteins evolve new functions. I am

interested in how novel protein functions evolve, both at the level of the underlying evolution-

ary forces that fix mutations, and the genetic and biophysical mechanisms by which specific

historical mutations that fixed during evolution change protein functions. By pursuing both

computational and experimental projects, the hope has been to demonstrate that a combi-

nation of the two approaches can provide a more complete picture of molecular evolution

than either can in isolation.
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1.2 Computational advances in phylogenetics

How do genes evolve new functions? One way is gene duplication followed by functional diver-

sification, a mechanism that underlies many evolutionary innovations [45, 50, 62]. Inferring

the timing of this duplication and diversification process is the first step toward understand-

ing how novel functions evolve. Computational phylogenetics methods provide a powerful

means to reconstruct the evolutionary history of genes and gene functions. Thanks to sta-

tistical developments in phylogenetics, estimation of a gene phylogeny from an alignment

of nucleotide or amino-acid sequences is now possible with, parametric and non-parameter

methods based on maximum-likelihood (ML), maximum parsimony and Bayesian approaches

[60, 137, 81, 152]. Parsimony methods are simple and intuitive, but the lack of an explicit

model makes it impossible to incorporate molecular understanding of sequence evolution

[160].

Modern inferences of phylogenies are based almost entirely on ML or Bayesian ap-

proaches. Both methods share many statistical properties, although ML methods provide

a powerful framework to define model parameters as fixed unknown constants, as opposed

to Bayesian methods where model parameters are random variable parameters that de-

pend on prior distributions [160]. Recent developments in ML based gene phylogeny in-

ference include optimizations of likelihoods to enable a fast and efficient search across the

space of tree topologies while ensuring an accurate reconstruction of the gene phylogeny

[60, 61, 87, 101, 68, 89, 67, 84, 148, 42]. Standard ML softwares can easily estimate a gene

phylogeny from 100-150 gene sequences with up to 10,000 character states on a desktop

computer, and have formed the basis for thousands of phylogenetic inferences [60, 137, 61].

The development of computational methods for estimating gene phylogenies is a signifi-

cant contribution to the field of evolutionary biology because it is the first step to infer the

genetic basis of evolutionary change. The gene phylogeny provides an opportunity to map

extant gene functions and construct hypotheses about the historical interval and mutations

2



underlying the genes functional change. Although the change in genes sequences and func-

tions need not be adaptive, evolutionary biologists in the Panglossian and Post-Panglossian

paradigm seek to provide adaptationst explanations for the form and function of molecules

[12]. A central goal in evolutionary biology is to identify mutations that were adaptive for

the switch in gene function [39, 63, 64].

1.3 Identifying adaptive mutations — Dangers of model violation

Recent decades have witnessed the development of a variety of sequence-based population

genetic and phylogenetic approaches to identify adaptive mutations. Approaches based on

codon-based sequence analysis, fixation indices, departures from demographic models, LD,

extended haplotype heterozygosity, and associations between allele frequencies and environ-

mental variables have been useful in identifying putative mutations associated with adap-

tation [103, 102, 104, 111, 157, 158, 35, 99, 162]. Computational models are at best an

approximation of our understanding of the evolutionary process; so these inferences should

be integrated with studies of functional or phenotypic differences between populations or

species to establish causality. But this synthesis is indicated as future work and rarely done

[52, 91, 122]. I argue here that such computational inferences are not decisive in isolation

because these patterns can be forged by chance or the result of unincorporated model com-

plexities. I provide several examples of unreasonable model assumptions routinely used in

popular tests of adaptation that have the potential to cause misleading inferences.

Often simplifying assumptions are made about the evolutionary process in the models

of adaptation, either for mathematical simplicity, or because of a lack of detailed molecular

understanding of mechanisms of evolutional change. Violations of model assumptions by un-

incorporated forms of complexity remain alternate explanations consistent with adaptation.

In codon-based phylogenetic tests of adaptation, a common approach to identifying sites un-

der positive selection is to look for adaptations on certain branches of a phylogeny (branch

3



test), or certain sites across lineages (sites test), or on a small fraction of sites on one lineage

such as the branch-site test [160, 111, 157, 158, 159]. Positive selection is modeled with the

parameter , which represents the ratio of the instantaneous rates of non-synonymous (dN)

and synonymous substitutions (dS) (ω = dN/dS). A non-synonymous substitution changes

the underlying amino-acid while a synonymous substitution does not. A dN significantly

greater from dS is therefore considered evidence for lineage-specific protein adaptation. In

the null model, ω is constrained to values ≤ 1. In the positive selection model ω > 1, so this

model will always have a likelihood that is greater or equal to that of the null model.

One unrealistic assumption that underlies all codon-based tests surrounds synonymous

changes that they have neutral effects on function and fitness. No heterogeneity in dS is

allowed [103, 102, 104, 3, 55, 57, 83, 134] Several studies have shown the effect of synonymous

substitutions on the function of molecules: for translation accuracy, folding, or transcription

factor binding, but little efforts have been dedicated to incorporation of these effects in

sequence models [46, 114, 143]. Selective constraints on synonymous substitutions could

therefore vary across codons. Even variation in recombination or mutation rates could cause

dS to vary, and the overall rate of dN/dS will vary for reasons other than adaptation. These

forms of heterogeneity are real in biological datasets, and not accounting for them can cause

misleading inferences of adaptation [41, 110, 129, 156].

It is also assumed that dN does not depend on the amino acids being exchanged, and

that the equilibrium frequency of codons is identical among sites and does not depend on

the amino acid the codon produces. If these assumptions are violated, neither the null or

positive selection models will be an accurate description of the evolutionary process. The

positive selection model could fit the data better than the null model to incorporate the

unmodeled complexity, leading to an inference of adaptation.

An additional important form of model violation comes from unincorporated complexity

in the mutational process. Mutations lead to genetic variation, providing the raw material
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for evolution. Modeling mutations is the first step in describing evolutionary change, but

incorporation of mechanistic knowledge of mutations into phylogenetic tests of adaptation is

still at its infancy. It has been routinely assumed that most mutations arise independently at

individual sites due to errors in the DNA replication process, and therefore substitutions are

independently and identically distributed as a Poisson process [125]. But mechanistic work on

mutations shows that multi-nucleotide mutations (MNMs), clusters of closely-spaced muta-

tions, can arise from neutral processes such as the action of error-prone polymerase slippage.

Ample molecular studies on mutation demonstrate the unreasonable nature of the indepen-

dence assumption [110, 66, 93, 107, 147, 166]. I discuss below how this assumption can cause

misleading inferences of adaptation in phylogenetic tests, with additional implications for

population genetic tests.

An excess of clustered mutations, such as those within a single codon, will be very rarely

expected under the assumption of independence. This is very problematic for the branch-site

test for example, which seeks to infer adaptation on a few codons on a single lineage. The

signature of multiple mutations in MNM codons can provide strong evidence for adaptation

because such data will be readily explained by selectionist interpretations such as rapid

emergence of separate mutations, compensatory evolution, mutational hotspots, or repeated

fixation of adaptive alleles. But if MNM arise from neutral processes, inferring positive

selection is an incorrect inference of adaptation due to model violation from unincorporated

mutation complexity.

Population-genetic tests of adaptation, such as the McDonald-Kreitman, could also be

similarly affected [97]. The test infers adaptation by comparing the relative number of

non-synonymous and synonymous substitutions in species divergence data to the relative

number of non-synonymous and synonymous polymorphisms in one or a few species. An

excess of non-synonymous divergence compared to the expectation from the two types of

intra-population polymorphisms is considered evidence for adaptation, which MNMs could
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readily provide. Closely spaced mutations between two haplotypes can also cause the age

of alleles to be overestimated leading to false interpretations of ancient balancing selection

[66].

Population and phylogenetic tests of adaptation have been applied to many thousands of

genes and gene families and have provided the foundation for a great number of inferences

of positive selection. Simulation studies have shown that the tests are powerful and accurate

when the model used for analyzing sequences was the same one used to simulate the data [158,

164, 167]. Limited simulations have been performed under conditions of model violations,

calling for thorough investigations of the performance of a wide-variety of tests, under a

variety of evolutionary conditions [166, 165] . In Chapter 1 of this thesis, I investigate

the effect of one such violation in detail the effect of unincorporated mutation complexity

on inferences of adaptation made by the branch-site test. Careful computational studies are

required to assess robustness to model violation and their inferences should be followed upon

by experimental studies to test hypotheses about sequence causes.

1.4 Integration of experimental and computational approaches

To fully address how historical mutations change protein functions, computational inferences

should be further experimentally tested. When combined with molecular biology and protein

biochemistry, hypotheses that emerge from computational studies about function-changing

mutations in genes can be explicitly tested, making for a deeper and richer inference of the

evolutionary process. Molecular biology is a reductive science with high priority placed on

establishing causality. Therefore, the effect of a mutation on gene or protein function can be

explicitly tested and the inferences of adaptation or function-change from statistical analyses

further corroborated or refuted [39, 63, 64]. Using this synthesis, long-standing questions

in evolutionary biology pertaining to the genetic and physical basis of gene evolution can

be answered such as: i) How many mutations underlie a switch in gene function? 2) Does
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evolution proceed by few mutations of large effect, or many mutations of small effect? 3) How

does complexity arise in molecular systems? 4) Do new functions evolve through radical de

novo changes in gene and protein organization, or through tinkering of ancestral properties?

Additional questions pertaining to the diversity in present-day protein properties and the

genetics that enabled functional diversity in proteins can be addressed with the combination

of evolutionary biology, molecular biology and protein biochemistry.

Evolutionary biochemistry fuses evolutionary biology, phylogenetics, molecular biology

and protein biochemistry to understand how protein architecture constrains evolution, and

how evolution constrains protein architecture and accessible functions [64]. Biochemistry

seeks to understand the physical and chemical properties and functions of proteins in iso-

lation. Evolutionary biology, in turn, seeks to traverse through functions over evolutionary

time scales. Many open questions in protein evolution can therefore be formulated at the

interface of evolution and biochemistry, such as those concerning the evolution of allostery,

DNA specificity, cooperativity, or protein folding [64]. With a purely biochemical approach,

these questions can be difficult to answer because there could be a vast space of protein

sequences that would need to be functionally characterized to learn about the map that

connects protein sequence to its function.

The knowledge gap in understanding how the proteins physical properties determine

their functions persists because most biochemical studies of proteins have ignored the evo-

lutionary history of the protein. However, by focusing on the extant diversity in protein

functions, and considering an evolutionary approach, we can characterize how specific amino

acid changes that occurred during evolution changed protein functions. Since evolution has

already conducted this experiment over billions of years, the problem of understanding how

the map of protein sequence and function are connected, and how they evolve is easier, as

focusing on historical substitutions that already occurred makes the goal tractable. This

fusion, of the techniques from phylogenetics, molecular biology, and protein biochemistry
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form the core of ancestral sequence resurrection (ASR), an approach that traces in detail

evolutionary changes in proteins sequences, structures, and biochemical, characteristics to

shed light on the molecular mechanisms that underlie the evolution of new protein functions

[63, 64, 69, 98, 139].

ASR reconstructs the historical trajectory of a family of gene or protein sequences using

phylogenetic techniques [63, 64]. Starting from an alignment of gene sequences for recent

divergences, or protein sequences for more ancient divergences, a phylogenetic tree is in-

ferred using ML or Bayesian approaches. Statistical techniques based on ML are then used

to infer ancestral sequences at the interior nodes of the tree. These computationally inferred

sequences are then physically synthesized, and experimentally characterized using in vitro

or in vivo assays. This approach allows an explicit functional characterization of ances-

tral and derived genotypes on a phylogeny, using which the historical interval underlying

a function change can be inferred. The effect of sequence substitutions that occurred on

the interval can also be experimentally tested, either singly or in combination to infer the

causal effects of substitutions on the function of the protein, including epistatic interactions.

Ambiguity in reconstructions can also be tested by introducing ambiguous states onto the

most-likely reconstructed sequence, and their effects on functions tested for robustness of in-

ference. Overall, ASR has proved extremely useful to understand why many living systems

are organized how they are [39, 63, 64, 69, 32, 59, 65, 74, 123, 130].

Despite its benefits, ASR cannot be readily applied to all proteins. ASR requires a

confident alignment with good phylogenetic signal, which some rapidly evolving proteins

such as intrinsically disordered families, may not provide [69]. Even if a good alignment

can be obtained, there are dangers of reconstructing incompatible amino-acid states due to

model violations resulting from assumption of independence among sites. Unincorporation

of epistasis in the substitution models could be a bigger issue for reconstructions done us-

ing Bayesian approaches that tend to incorporate low probability ancestral states onto the
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most plausible sequence as opposed to maximum-likelihood reconstructions. Reconstruction

of incompatible states for pairs of amino acids that covary or epistatsically interact could

have detrimental effects on function; nevetheless an alignment with good phylogenetic sig-

nal should enable correct reconstructions of these couplings, as this information should be

encoded in the patterns of conservation of individual states. Further, mutation complexity

or substitution rate heterogeneity is not incorporated in the ASR substitution models; For

example, MNMs from gene alignments could be incorrectly constructed. These considera-

tions suggest that there is considerable room for improvement in the development of ASR,

including the development of algorithms to improve multiple sequence alignments [27, 155].

Despite the limitations, the benefits of ASR the integration of phylogenetic reconstruc-

tions with functional characterization of proteins, still has a lot of potential to illuminate

the causes of structure and function in underexplored protein families that can be studied

successfully using ASR.

Recent developments in ASR have shed light on the molecular basis of specificity between

proteins and their interacting partners in a range of biological systems [98, 65, 1, 9, 40, 71, 72,

115, 154]. These studies have shown that specificities of related proteins can not only evolve

by partitioning or enhancing ancestral functions, but also de novo from ancestral proteins

that lacked those functions [71, 72, 115, 154, 19, 108, 112, 141]. However, limited studies have

revealed the genetic and biochemical mechanisms by which a switch in specificity evolves in

proteins [98, 65, 1, 2, 18, 48]. Chapter 2 of this thesis describes some insights into the genetic

and thermodynamic mechanisms by which transcription factors evolve new DNA preferences.

Proper functioning of gene regulatory networks depends on the distinct DNA specificities

of transcription factors, but the molecular mechanisms by which DNA specificities evolve in

transcription factors have been poorly understood.

Transcription factor-DNA specificity depends on different physical modes of DNA recog-

nition, often involving core DNA motifs and flanking sequences. At the mechanistic level,
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base-specific affinity is largely derived from direct physical interactions between protein side-

chains and base-specific functional groups in core DNA motif, often in the major groove

[109, 118, 142]. Flanking sequences outside the core motif can also contribute to DNA

affinity; it is now being increasingly recognized that paralogous transcription factors can

recognize the same core DNA motif, yet regulate distinct genes depending on the compo-

sition of flanking sequences [28, 58, 131, 78, 7]. These preferences have been shown to be

especially important in vivo for development [118, 28, 94, 22, 105, 121]. Although the diver-

sity in the preferences of paralogous proteins for core motifs and flanking sequences has been

recognized, virtually nothing is known about how the affinities for core motifs and flanking

sequences are gained or lost during protein evolution, including its genetic basis. What is

the energetic contribution of these interactions, and how do they evolve? In particular, how

do the enthalpic and entropic components of binding to the core half-site and flanking se-

quences evolve to produce proteins with new thermodynamic properties? Additionally how

does cooperative binding of proteins modulate this affinity? [133, 136, 140, 79, 163, 54, 82].

Very little is known about the individual contribution of the single-site affinity and coop-

erativity to the overall DNA affinity, or the interaction and evolution of these energetic

parameters of binding to generate new transcription factor-DNA specificities [98]. Can novel

DNA specificity evolve through a change in either affinity or cooperativity alone, or do both

evolve concomitantly? And finally, does novel DNA specificity only evolve through drastic

shifts in protein-DNA thermodynamics, or do subtle changes in affinity and cooperativity

result in large changes in response element preferences? Chapter 2 of this thesis unravels

some answers to these questions, with a specific focus on the evolution of flanking sequence

preferences in transcription factors.
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1.5 Summary of thesis

In Chapter one, I describe a computational project that explores the consequences of unre-

alistic model assumptions made by widely-used tests of adaptation for inferences of lineage-

specific positive selection. With a focus on multi-nucleotide mutations and molecular mech-

anism, the project investigates how a classic phylogenetic test of adaptation, the branch-

site test, makes frequent false inferences of lineage-specific positive selection due to the

nature of its oversimplified codon substitution model. The test has been the basis for

thousands of inferences of positive selection in literature. I showed that the majority of

genes claimed to be under positive selection on the human and fly lineages are artifacts

of model violation resulting from unincorporated neutral mutational processes, and suggest

that many published inferences of positive selection on protein-coding genes in other species

would similarly be artifacts. This chapter includes unpublished co-authored work with my

advisor Joseph W. Thornton, and collaborator Matthew Hahn, now posted on bioarxiv -

https://www.biorxiv.org/content/early/2017/07/20/165969.1

In Chapter two, I describe an experimental project to investigate the genetic and ther-

modynamic mechanisms by which mutations that fixed during protein evolution changed

protein functions. I focused on transcription factor-DNA specificity, with an emphasis on

the evolution of flanking sequence preferences in proteins, an understudied research topic.

I used the steroid and related receptor family of transcription factors (SRRs) as a model

system. SRRs comprise of two functionally diverged clades: 1) Steroid Receptors (SRs),

which bind as a cooperative dimer to an inverted palindrome of a 6-bp half-site AGGTCA;

and 2) Estrogen Related Receptors (ERRs), which bind as monomers to an extended 9-bp

half-site (TCAAGGCTA), containing a 5’-flanking extension of the 6-bp SR half-site. The

great diversity in flanking sequence specificities together with cooperative binding makes the

SRR family a great model system to explore questions pertaining to the evolution of novel

DNA-specificities, cooperativity, and the relationship between these thermodynamic param-
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eters of binding. Using integrative approaches, I showed that the preference for a specific

flanking sequence was lost on the SR lineage from an ERR-like ancestor, a transition that

was accomplished in six mutations through a change in half-site affinity alone, with little

to no changes to cooperative binding. This study provides a mechanistic explanation for

how flanking sequence preferences are lost in proteins, and illustrates that new DNA speci-

ficity can evolve by subtly shifting the thermodynamic parameters of binding. This chapter

describes unpublished work.
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CHAPTER 2

MULTINUCLEOTIDE MUTATIONS CAUSE FALSE

INFERENCES OF LINEAGE-SPECIFIC POSITIVE

SELECTION

2.1 Abstract1

Phylogenetic tests of adaptive evolution, which infer positive selection from an excess of

nonsynonymous changes, assume that nucleotide substitutions occur singly and indepen-

dently. But recent research has shown that multiple errors at adjacent sites often occur

in single events during DNA replication. These multinucleotide mutations (MNMs) are

overwhelmingly likely to be nonsynonymous. We therefore evaluated whether phylogenetic

tests of adaptive evolution, such as the widely used branch-site test, might misinterpret se-

quence patterns produced by MNMs as false support for positive selection. We explored two

genome-wide datasets comprising thousands of coding alignments — one from mammals and

one from flies — and found that codons with multiple differences (CMDs) account for virtu-

ally all the support for positive selection inferred by the branch-site test. Simulations under

genome-wide, empirically derived conditions without positive selection show that realistic

rates of MNMs cause a strong and systematic bias in the branch-site and related tests; the

bias is sufficient to produce false positive inferences approximately as often as the branch-site

test infers positive selection from the empirical data. Our analysis indicates that genes may

often be inferred to be under positive selection simply because they stochastically accumu-

lated one or a few MNMs. Because these tests provide no reliable means to distinguish

sequence patterns produced by authentic positive selection from those caused by neutral

fixation of MNMs, many published inferences of adaptive evolution using these techniques

may therefore be artifacts of model violation caused by unincorporated neutral mutational

1. Citation for chapter: https://www.biorxiv.org/content/early/2017/07/20/165969.1
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processes. We develop an alternative model that incorporates MNMs and may be helpfully

in reducing this bias.

2.2 Introduction

Identifying genes that evolved under the influence of positive natural selection is a central

goal in molecular evolutionary biology. During recent decades, likelihood-based phylogenetic

methods have been developed to identify gene sequences that retain putative signatures of

past positive selection [103, 102, 104, 111, 159, 57, 134, 167, 85, 151]. Perhaps the most

widely used of these is the branch-site test (BST) of episodic selection, which allows positive

selection to affect only some codons on one or a few specified branches of a phylogeny, and

therefore has relatively high power compared to methods that detect selection across an

entire sequence or an entire phylogenetic tree [158, 159, 167]. The BST has been the basis

for published claims of lineage-specific adaptive evolution in many thousands of individual

genes [45, 50, 62, 86, 120].

The BST and related methods use a likelihood ratio test to compare how well two mixture

models of sequence evolution on a phylogeny fit an alignment of coding sequence data. The

null model constrains all codons to evolve with rates of nonsynonymous substitution (dN)

less than or equal to the rate of synonymous substitution (dS), as expected under purifying

selection and drift. In the positive selection model, some sites are allowed to have dN>dS on

a branch or branches of interest. If the increase in likelihood of this model given the data is

greater than expected due to chance alone, the null model is rejected and adaptive evolution

is inferred. The BST has been shown to be conservative, with a low rate of false positive

inferences, when sequences are generated under an evolutionary process corresponding to

the null model [158, 167] . It is widely appreciated that likelihood ratio tests can become

biased if the underlying probabilistic model is incorrect [165]. The effect on the BST of a few

forms of model violation — such as an unequal distribution of selective effects among sites,
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positive selection on non-foreground lineages, high sequence divergence, and non-allelic gene

conversion — have been previously studied [3, 83, 107, 166, 24] and the test has been found

to be reasonably robust to most, but not all forms of violation examined [55, 164, 167].

Recent research in molecular genetics and genomics suggests a potentially important phe-

nomenon that has not been incorporated into models used in tests of positive selection: the

propensity of DNA polymerases to produce mutations at neighboring sites. All implementa-

tions of the BST and other likelihood-based tests of adaptive evolution use models in which

mutations occur only at individual nucleotide sites and are fixed singly and independently.

Codons with multiple differences between them can be interconverted only by serial single-

nucleotide substitutions, the probability of which is the product of the probabilities of each

independent event. Recent molecular studies have shown, however, that mutations affecting

adjacent nucleotide sites often occur during replication, apparently because certain DNA mi-

crostructures recruit error-prone polymerases that lack proofreading activity and therefore

make multiple errors close together [125, 124, 92, 96, 128, 144, 4, 16, 30]. Consistent with

these mechanisms, genetic studies of human trios and mutation-accumulation experiments

in laboratory organisms indicate that de novo mutations occur in tandem or at nearby sites

more frequently than expected if each occurred independently [125, 66, 16, 30, 29, 148],

and these multinucleotide mutations (MNMs) are enriched in transversions [66, 51, 168].

The precise frequency at which MNMs occur is difficult to estimate, but a recent compila-

tion of genetic studies in humans concluded that about 0.4% of mutations, polymorphisms,

and substitutions are at directly adjacent sites (counting each tandem pair as one event)

[29]. In Drosophila melanogaster genomes, analysis of rare polymorphisms and mutation-

accumulation experiments estimated that 1.3% of all mutations are at adjacent sites [5].

Although the methods and data sources in these studies differ, these findings suggest that

tandem MNMs probably account for on the order of 1% of mutational events.

We hypothesized that these mutational processes might lead to false signatures of positive
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selection in the BST. Because of the structure of the genetic code, virtually all MNMs in

coding sequences are nonsynonymous, and most would comprise multiple nonsynonymous

nucleotide changes if they were to occur by single nucleotide steps (Supplementary Table

2.1). The enrichment of transversions in MNMs further increases the propensity for MNMs

to produce nonsynonymous changes, because transversions are more likely than transitions to

be nonsynonymous. MNMs are therefore likely to produce codons with multiple differences

(CMDs) that contain an apparent excess of nonsynonymous substitutions. When these

CMDs are assessed using a method that treats all substitutions as independent events, a

model that allows dN to exceed dS at some sites may have a higher likelihood than one that

restricts dN/dS to values ≤ 1. Further, the assumption that all mutations have the same

transversion-transition rate might exacerbate the tendency to misinterpret MNM-produced

nonsynonymous changes as evidence for positive selection. Of course, CMDs can also be

driven to fixation by positive selection [158, 6, 13, 117] — and the same is true of transversion-

rich substitutions — but these considerations suggest that failing to incorporate MNMs

in likelihood models might make tests of adaptive evolution susceptible to false positive

inferences. The BST and related tests might be particularly sensitive to this problem because

they seek signatures of positive selection acting on small numbers of codons on one or a few

specified branches of the tree [147]. Simulation studies suggest that MNMs may elevate false

positive rates in some selection tests [38], but there has been no comprehensive analysis

of the effect of MNMs, particularly on the branch-site test or under realistic, genome-scale

conditions.

2.3 Results

To understand the effect of MNMs on the accuracy of the branch-site and related tests of

adaptive evolution, we analyzed in detail two previously published genome-wide datasets,

which represent classic examples of the application of these tests [45, 86, 88]. The mammalian
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dataset consists of coding sequences of 16,541 genes from six eutherian mammals; we retained

for analysis only the 6,868 genes with complete species coverage. The fly dataset consists of

8,564 genes from six species in the melanogaster subgroup clade, all of which had complete

coverage (Supplementary Fig. 2.10). The fly genes have higher sequence divergence than

those in the mammalian dataset, allowing us to examine the performance of the BST under

different evolutionary conditions.

We used the classic BST to identify genes putatively under positive selection (P< 0.05) on

the human lineage in the mammalian dataset and on all six terminal lineages in flies. 82 genes

in humans and 3,938 in flies yielded significant tests (Supplementary Table 2.2). To facilitate

further analysis of CMDs, we filtered CMDs in gaps, and imposed a quality control filter

that kept only those genes in which all CMDs on the branch of interest were reconstructed

identically between null and positive selection models; we also applied a multiple testing

correction (FDR < 0.20). In flies, 443 genes were retained after these steps. Thirty human

genes passed the reconstruction filter, but none met the FDR threshold, consistent with

previous analyses of these data [86] ; nevertheless, we included the 30 initially significant

human genes because this lineage is the object of intense interest and because its short length

contrasts with the fly branches. These two groups constitute the “BST-significant” sets of

genes in flies and humans.

2.3.1 CMDs provide virtually all support for positive selection

We sought to determine how much of the evidence for positive selection comes from CMDs.

We first observed that CMDs were dramatically enriched in BST-significant genes compared

to non-BST-significant genes (Fig. 2.1a). In humans, BST-significant genes contain one

CMD on average, while BST-nonsignificant genes contain none (Supplementary Fig. 2.11).

The pattern is similar but less extreme in flies, with the average number of CMDs per BST-

significant gene greater than that in non-significant genes (Supplementary Fig. 2.11). When
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CMD-containing codons are excluded from the alignments, the vast majority of genes that

were BST-significant lose their signature of selection in both datasets (Fig. 2.1b).

We next calculated the fraction of statistical support for positive selection that comes

from CMDs. The total support for positive selection in an alignment is defined as the

difference between the log-likelihood of the positive selection model and that of the null

model, summed across all codons in the alignment. The fraction of support from CMDs

is the support from CMD-containing codons divided by the total support across the entire

alignment. CMDs account for > 95% of the support for positive selection in virtually all

BST-significant genes in both datasets; in about 70% of genes, CMDs provide all the support

(Fig. 2.1c).

Finally, we examined the BST’s a posteriori identification of sites under positive selection.

We found that CMDs were far more likely to be classified as positively selected than non-

CMDs. Among genes that were BST-significant on the human lineage, every CMD was

inferred to be under positive selection using a Bayes Empirical Bayes posterior probability

(PP) cutoff > 0.5. Using a more stringent cutoff of PP> 0.9, 66 percent of CMDs were

classified as positively selected, compared to 0.07% of non-CMDs. In the fly dataset, CMDs

accounted for 90% of codons with BEB > 0.9, although they represent less than 1% of all

codons (Fig. 2.1d). CMDs are therefore the primary drivers of the signature of selection

identified in the BST. A single CMD provides sufficient statistical support to yield a signature

of positive selection on the human lineage, and only a few CMDs in a gene are enough to do

the same in flies.

2.3.2 Incorporating MNMs eliminates the signature of positive selection in

many genes

CMDs might be enriched in BST-positive genes because of an MNM-induced bias or because

they were fixed by positive selection. To incorporate MNMs into a BST framework, we
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Figure 2.1: Codons with multiple nucleotide differences (CMDs) drive branch-site
signatures of selection. (a) CMDs are enriched in genes with a signature of positive selec-
tion. Codons were classified by the number of nucleotide differences between the ancestral
and terminal states on branches tested for positive selection. CMDs have ≥ 2 differences;
non-CMDs have ≤ 1 difference. The CMD/non-CMD ratio is shown for genes with a sig-
nificant signature of selection in the classic BST (BST-sig) and those without (BST-ns).
Fold-enrichment is shown as the odds ratio. *, P = 4e − 4 by χ2 test; **, P = 1e − 41
by ‘Fisher’s’ exact test. (b) Percentage of genes that retain a signature of positive selection
when CMDs are excluded from the branch-sites test analysis. (c) Distribution across BST-
significant genes of the proportion of total support for the positive selection model that is
provided by CMDs. Total support is the difference in log-likelihood between the positive
selection and null models, summed over all codons in the alignment. Support from CMDs is
summed over codons with multiple differences. The proportion of support from CMDs can
be greater than 1 if the log-likelihood difference between models is negative at non-CMDs.
(d) Most codons classified as positively selected are CMDs. The number of CMDs and
non-CMDS in BST-significant genes are shown according to their Bayes Empirical Bayes
posterior probability (PP) of being in the positively selected class.

developed a codon model in which double-nucleotide changes are allowed, with the parameter

δ serving as a multiplier that modifies the rate of each double-nucleotide substitution relative

to single-nucleotide substitutions. We implemented a version of the BST (BS+MNM) that is

identical to the classic version, except that both the null and positive selection models allow

MNMs. Simulations under conditions derived from a sample of genes in the mammalian

dataset show that the method estimates the parameters used to generate the sequences with

reasonable accuracy (Supplementary Fig. 2.12).
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Figure 2.2: Incorporating MNMs into the branch-sites model eliminates the sig-
nature of positive selection in many genes. The mammalian and fly datasets were
reanalyzed using a version of the BST that allows MNMs (BS+MNM) by including a param-
eter δ, the rate of double substitutions relative to single substitutions. (a) The distribution
of ML estimates of δ across genes with (white) and without (black) a significant result in
the classic BST is shown for empirical alignments. Median estimates of δ for BST-significant
and BST-nonsignificant genes are 0.047 and 0.026 in humans, respectively, and 0.107 and
0.062 in flies. *, P=6.7e-4; **, P=1e-8 by Mann-Whitney U Test. (b) Proportion of genes
with a significant result in the BST that lose or retain that signature using the BS+MNM
test. Genes that remain significant but contain CMDs with three differences, which are not
incorporated into BS+MNM, are also shown.

We first fit the BS+MNM null model to all alignments in the mammalian and fly datasets.

The average estimate of δ across all genes was 0.026 in mammals and 0.062 in flies, with

δ in both cases about twice as high in the subset of BST-significant genes as in BST-

nonsignificant genes (Fig. 2.2a). Using a likelihood-ratio test, we found significant support

for the BS+MNM null model (compared to the classic BST null model) in 22% of human

genes and > 50% of fly genes (Supplementary Table 2.3); simulations without MNMs showed

that this comparison has a very low false-positive rate (Supplementary Table 2.4).

We then used this BS+MNM test to evaluate the empirical sequences for positive selec-

tion. We found that 96% of the BST-significant genes on the human lineage lost significance

in the BS+MNM test (Figs. 2.2b, Supplementary Table 2.5). In flies, 38% of the BST-

significant genes lost significance; a substantial fraction of those that retained significance

were enriched in triple substitutions, a process not accounted for in our model (Figs. 2.2b,

Supplementary Table 2.5).
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2.3.3 MNMs cause false positive inferences on a genome-wide scale

That the BS+MNM test eliminates the signature of positive selection from many genes could

arise from several causes, including: 1) 2) the more complex BS+MNM model may have

reduced power to identify authentic positive selection compared to the BST, 2) incorporating

MNMs may ameliorate a bias towards false positive inference in the classic BST that is

caused by MNMs, and 3) the additional δ parameter in the BS+MNM test may allow it to

incorporate other forms of sequence complexity, potentially ameliorating a bias caused by

other forms of model violation.

We addressed these possibilities in two ways. First, we performed power analyses of the

BS+MNM test using simulations in which positive selection is present in the generating

model. We simulated sequence data on the mammalian and fly phylogenies using genome-

wide averages for all parameters of the BST positive selection model, but we varied the

strength of positive selection (ω2) and the proportion of sites under positive selection. We

then applied the BS+MNM test to these data and found that it can reliably detect strong

positive selection (ω2 > 20) when it affects more than 10% of sites in a typical gene, or

moderate positive selection (10 < ω2 < 20) that affects a larger fraction of sites (Supple-

mentary Fig. 2.13a). The test’s power is similar to that of the classic BST, with slightly

reductions under only a few conditions on the fly lineage (Supplementary Figs. 2.13a—c).

Thus, although some genes may have lost their signature of selection because of reduced

power in the BS+MNM test, it appears unlikely that a difference in power is the primary

cause of the dramatic reduction in the number of positive results when the test is used.

Second, we used simulations under null conditions to directly evaluate the frequency

of false positive inferences by the classic BST when sequences are generated with realistic

rates of multinucleotide mutation. For every gene in the mammalian and fly datasets, we

simulated sequence evolution under the null BS+MNM model without positive selection

using parameters derived from the alignments, including δ. These parameters generate
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sequences with an observed frequency of tandem substitutions of 1.6% in humans and 3.2%

in the D. melanogaster lineage in flies, approximately in the same range as observed in other

studies and slightly higher than the observed frequencies in the empirical sequences (1.3%

and 1.6%, respectively), presumably because the BS+MNM model captures some but not

all aspects of real sequence evolution (Supplementary Table 2.6) [29, 5].

We then analyzed these positive-selection-free simulated data using the classic BST. In

both humans and flies, the number of genes with significant results — all of which are false

positive inferences — was greater than the number of genes that the BST had concluded

were under positive selection using the empirical data (Fig. 2.3a). In flies, almost 9 percent

of tests were false positives P < 0.05, despite the conservative approach the method uses to

calculate P-values [158, 167], compared to just 1 percent under control simulations without

MNMs. Further, more than 1,700 of these false positive tests survived FDR adjustment,

compared to just four in the control simulations (Supplementary Table 2.2). In humans, the

fraction of false positive inferences is lower, consistent with the test’s reduced power in this

dataset, but still about three times greater than in the control simulations.

These false inferences are caused primarily by MNM-induced bias, because simulating

data under identical control conditions without MNMs (δ = 0) produced few positive tests.

All other parameters were identical between the generating model and analysis models,

so other forms of model violation do not contribute to the bias observed in the simulation

experiments. Taken together, these findings indicate that MNMs under realistic evolutionary

conditions produce a strong and widespread bias in the BST toward false inferences of

positive selection. This bias is strong enough to cause the BST to make false inferences of

positive selection at about the same rate as it infers selection in the real genomes of humans

and flies. In the simulations, every positive result is false; in the tests of real sequences, the

fraction is unknown.
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2.3.4 Systematic bias caused by chance MNMs in longer genes

We next sought to identify the causal factors that determine whether a gene yields a false

positive result in the BST because of MNM-induced bias. Most genes are only several

hundred codons long, and only a few percent of mutations are MNMs, so on phylogenetic

branches of short to moderate length many genes will contain no CMDs caused by multin-

ucleotide mutations. We therefore hypothesized that the propensity for a gene to produce

a BST-significant result will depend on factors that increase the probability it will contain

one or more fixed MNMs by chance, including its length and the gene-specific rate at which

MNMs occur within it.

We first tested for an effect of gene length on the results of the branch-site test. As

predicted, we observed that BST-significant empirical genes were on average 100 and 16

codons longer than non-significant genes in the human and fly empirical datasets, respectively

(Fig. 2.3b). The relationship between length and propensity to yield a BST positive result

could arise because genes that present a larger “target” are more likely to undergo MNMs

than shorter genes; alternatively, longer genes, by including more sites for analysis, might

increase the power of the BST to detect authentic positive selection. However, in genome-

wide simulations under the null model with no positive selection (but with δ > 0), genes

with false positive BSTs are longer than the non-significant genes by an average of 26 and

31 codons using the human and fly parameters, respectively (Supplementary Fig. 2.14).

This finding cannot be attributed to increased power to detect true positive selection and

supports the conclusion that mutational target size is a determinant of a gene’s propensity

to manifest MNM-induced bias by chance alone.

To directly test the causal relationship between sequence length and false-positive bias

in the BST, we simulated sequence evolution at increasing sequence lengths, using evolu-

tionary parameters derived from each of the BST-significant genes in the mammalian and

fly datasets. For each gene’s parameters, we simulated 50 replicate alignments under the
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BS+MNM null model and then analyzed them using the classic BST (Supplementary Fig.

2.15a). The false positive rate for any gene’s simulations is defined as the fraction of replicates

with a significant LRT in the classic BST, using a P-value cutoff of 0.05. When sequences

5,000 codons long were simulated, 96% of BST-significant genes in the mammalian dataset

yielded an FPR greater than 0.05, with a median FPR across genes of 0.39; simulating se-

quences 10,000 codons long increased this fraction to 100% and the median FPR to 0.56

(Fig. 2.3c). In flies, 99% of genes had FPR¿0.05 (median FPR 0.74) when genes 5,000

codons long were analyzed, which increased to 100% of genes (median FPR 0.90) at se-

quence length of 10,000 codons (Fig. 2.3c). Control simulations under identical conditions

but with δ = 0 led to very low FPRs (median 0.02 to 0.03 for both datasets), even with very

long sequences (grey dots in Fig. 2.3c). A similar systematic and length-dependent bias also

resulted when sequences were simulated under gene-specific conditions, but with δ fixed to

its average across the thousands of BST-nonsignificant genes in each dataset (Supplementary

Fig. 2.15b). Although the sequence lengths tested are longer than most real genes, these

experiments directly establish that a gene’s probability of returning a significant BST result

in the absence of positive selection is directly related to the target size it presents for chance

fixation of MNMs.

We next evaluated whether the gene-specific rate of multinucleotide mutation affects

a gene’s propensity to yield a positive result in the BST. As predicted, we observed that

BST-significant genes in the empirical datasets had higher estimated δ than nonsignificant

genes (Fig. 2.2a). Genes producing false positive results in the genome-wide null simulations

under empirical conditions also tended to have higher δ (Fig 2.3d); this result that cannot

be attributed to the possibility that a higher δ might be the result of the model fitting an

excess of CMDs caused by positive selection, because positive selection was absent from the

generating model.

To directly test the effect of the neutral MNM substitution rate on the BST, we simulated
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sequences 5,000 codons long under the null BS+MNM model, with a variable δ and all other

parameters fixed to their averages across all genes. We found that increasing δ led to a

monotonic increase in the frequency of false positive inferences. The FPR was > 0.05 when

δ was only 0.001 and 0.013 on the human and fly lineages, respectively. When δ was equal

to its genome-wide average (0.026 and 0.062 in mammals and flies), false positive inferences

occurred at rates of 22 and 17 percent, respectively (Fig. 2.3e). As δ increased, so too did

the inferred value of the parameter ω2, which represents the inferred intensity of positive

selection in the model (Fig. 2.3f).

Typical evolutionary conditions are therefore sufficient to cause a strong and systemic

bias in the BST. MNMs are rare, however, so longer genes and those with higher rates of

multinucleotide mutation are more likely to undergo this process and manifest the bias. This

view is further supported by the fact that fewer genes are BST-positive on the human branch

— which is so short that substitutions of any type are rare, and MNMs even more so — than

on the fly phylogeny, where branches are longer, more CMDs are apparent, and hundreds of

genes have BST signatures of selection. Taken together, these findings suggest that many

genes with BST-significant results in empirical datasets may simply be those that happened

to fix multinucleotide substitutions by chance alone.

2.3.5 Transversion-enrichment in CMDs exacerbates bias in the

branch-site test

MNMs tend to produce more transversions than classical single-site mutational processes,

so if CMDs are produced by MNMs, they should be transversion-rich [66, 51, 168]. As

predicted, the transversion:transition ratio is elevated in CMDs relative to that in non-CMDs

by factors of three and two in mammals and flies, respectively (Fig. 2.4a). In the subset

of BST-significant genes, CMDs have an even more elevated transversion:transition ratio,

as expected if transversion-rich MNMs bias the test (Fig. 2.4a). These data are consistent
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Figure 2.3: MNMs cause a strong bias in the branch-site test under realistic con-
ditions For each gene in the mammalian and fly datasets, the parameters of the BS+MNM
null model were estimated by maximum likelihood. We then simulated sequence evolution
under each gene’s inferred null parameters and used the classic BS test on the simulated
alignments to test for positive selection on the human and terminal fly lineages. (a) The
fraction of all tests that are BST-significant (P < 0.05) is shown for the data simulated under
the BS+MNM null model, the original empirical sequence alignments, and a control dataset
simulated with δ = 0. Each gene’s length in the simulation was identical to its empirical
length. (b) BST-significant genes are longer than BS non-significant genes. The probability
density of gene lengths in the two categories is shown for the empirical mammalian and fly
datasets. Median lengths in BST-significant and non-significant genes, respectively, were 642
and 343 bp in humans; in flies, 448 and 399 bp. The difference between the two distributions
was evaluated using a Mann-Whitney U test. *, P=8e-4; **, P=8e-5. (c) Systematic bias in
the BST. For each gene with a significant result in the branch-site test using the empirical
data, we simulated 50 replicates using the BS+MNM null model and the ML parameter
estimates for that gene at lengths of 5,000 and 10,000 codons; these data were then analyzed
using the BST. The false positive rate (FPR) for any gene’s simulation (black points) is
the proportion of replicates with P < 0.05. Gray points show FPR for control simulations
with δ = 0. Dashed lines, FPR of 0.05. The solid diagonal line has a slope of 1. (d) The
distribution of ML estimates of δ across genes with (white) and without (black) a signature
of positive selection in the classic BST is shown for data simulated under the BS+MNM
null model. Median δ in BST-significant and BST-nonsignificant genes = 0.03 and 0.0009
in humans, 0.04 and 0.08 in flies. Difference between the distributions was evaluated using
a Mann-Whitney U Test: ***, P=1e-12; ****, P=1e-199.
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Figure 2.3: (continued) (e) Increasing the MNM rate increases bias in the BST. Sequences
5000 codons long were simulated using the BS+MNM model and the median value of each
model parameter and branch length across all genes in each dataset, but δ was allowed to
vary. The rate of false positives (P < 0.05) in 50 replicates at each value of δ is shown. Solid
line, hyperbolic fit to the data; dotted line, FPR level of 5%. Arrowhead, median δ across
all genes. (f) Monotonic relationship between δ and inferred ω2. Sequences simulated in
(e) were used to infer the ω2 estimated by BST, and the relationship plotted. The best-fit
regression line is shown along with the R2.

with the hypothesis that a transversion-rich MNM process produced many of the CMDs in

BST-significant genes, but it is also possible that positive selection could have enriched for

transversions.

To test whether transversion-enrichment in MNMs exacerbates the BST’s bias, we devel-

oped an elaboration of the BS+MNM model in which an additional parameter allows MNMs

to have a different transversion:transition ratio (κ2) than single-site substitutions do (κ1).

We estimated the maximum likelihood estimates of the model’s parameters for every gene in

the mammalian and fly datasets and simulated sequences using genome-wide median values

for all model parameters and branch lengths, except for κ2, which we varied. Sequences

10,000 codons long were used, because simulating shorter sequences resulted in a high vari-

ance in the realized transversion:transition ratio. We analyzed these data using the classic

BST and calculated the fraction of replicates in which positive selection was inferred. We

found that increasing κ2 caused a rapid and monotonic increase in the false positive rate,

indicating that transversion enrichment in MNMs does exacerbate the test’s bias. The bias

is strong: when κ2/κ1 is increased from 1 to 2, the FPR approximately doubles (Fig. 2.4b).

Thus, realistic rates of MNM generation and transversion enrichment together cause an even

stronger bias in the BST. This result cannot be accounted for by positive selection driving

fixation of transversions, because no positive selection was present in the simulations.
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Figure 2.4: Transversion-enrichment in CMDs biases the BST (a) The ratio of
transversions to transitions observed in CMDs and in non-CMDs is shown for BST-significant
and BST-nonsignificant genes. Fold-enrichment is shown as the odds ratio. *, P=5e-4; **,
P=3e-25 by Fisher’s exact test. (b) Increasing the transversion rate in MNMs increases
bias of the BST. Sequences 10,000 codons long were simulated using an elaboration of the
BS+MNM model that allows MNMs to have a transversion:transition rate (κ2) different
from that in single-nucleotide substitutions (κ1). 50 replicate alignments were simulated
under the null model using the average value of every model parameter and branch length
across all genes in each dataset, except κ2 was allowed to vary. The rate of false positives
(P < 0.05) at each value of κ2 is shown. Dotted line, FPR of 5%.

2.3.6 MNMs affect a newer test of positive selection

In recent years, newer likelihood-based methods have been introduced to test for episodic

site-specific positive selection [103, 102, 111]. All these methods are based on models of

sequence evolution that, like the BST, do not allow MNMs but instead model CMDs as

the result of serial site-specific substitutions. We therefore hypothesized that these methods

might also be biased by MNMs. We chose a recent branch-site test, BUSTED [102], which

was developed primarily to test for episodic selection across an entire tree. We tested its

performance on alignments 5,000 codons long that were simulated using the BS+MNM null
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model and parameters estimated from the BST-significant gene alignments in humans and

flies. To test for MNM-induced bias, we compared results when δ was assigned to three

different values: zero, its average across all alignments in the mammalian or fly datasets,

or its gene-specific value in each of the BST-significant genes (Supplementary Fig. 2.6a).

We found that BUSTED was sensitive to an MNM-induced bias. When δ = 0, virtually no

genes’ parameters led to frequent false positive inferences, with a median FPR < 0.03 across

genes (Fig. 2.5). But when δ was assigned to its empirically estimated gene-specific value,

the parameters from every gene in humans and the majority in flies yielded false positive

rates > 0.05, with median FPRs of 0.29 and 0.5, respectively (Fig. 2.5). Frequent false

positive inferences were evident when sequences were simulated using genome-wide average

estimates of δ, as well.

2.3.7 CMDs that invoke multiple nonsynonymous steps drive the signature

of positive selection

Finally, we sought further insight into the reasons why CMDs yield a false signature of pos-

itive selection in the BST and related tests. In standard models of codon evolution, CMDs

are interpreted as the result of two or more serial independent substitutions, even though

they can be produced by MNMs in a single mutational event. We hypothesized that CMDs

that imply multiple nonsynonymous nucleotide substitutions under these models would pro-

vide the strongest support for the positive selection model. We therefore classified CMDs

in the empirical datasets by the minimum number of nonsynonymous single-nucleotide sub-

stitutions required from the ancestral to derived codon state under standard codon models.

As predicted, we found that CMDs that imply more than one nonsynonymous step are

dramatically enriched in BST-significant genes (Fig. 2.6a).

We also examined the statistical support provided by different kinds of CMDs. As the

number of nonsynonymous steps increased, the statistical support provided for the positive
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Figure 2.5: MNMs bias newer tests of positive selection. False positive inferences
under realistic conditions using BUSTED. For every BST-significant gene in each dataset,
50 replicate alignments 5,000 codons long were simulated using the BS+MNM null model
and parameter values estimated from the empirical sequences. These alignments were then
analyzed for a signature of positive selection (P < 0.05) using BUSTED. δ was assigned to
its gene-specific estimate, to its average across all genes in each dataset, or to zero. FPR is
the proportion of replicate alignments for each gene with P < 0.05. Each dot represents the
FPR for one gene; black bar, median across genes.

selection model also increased (Fig. 2.6b). CMDs that imply one nonsynonymous and one

synonymous step typically provide weak to moderate support for the positive selection model,

but CMDs that imply two nonsynonymous steps provide very strong support. In many cases,

a single CMD in this latter category is sufficient to yield a statistically significant signature

of positive selection.

2.4 Discussion

Our results demonstrate that the branch-site test suffers from a strong and systematic bias

toward false positive inferences. This bias is caused by a mismatch between the method’s

underlying codon model of evolution — which assumes that a codon with multiple differ-
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Figure 2.6: CMDs implying multiple nonsynonymous steps drive the branch-site
test (a) For every CMD, the mean of the number of nonsynonymous single-nucleotide steps
on the two direct paths between the ancestral and derived states was calculated. In BST-
significant and BST-nonsignificant genes, the ratio of CMDs invoking more than one nonsyn-
onmous step to those invoking one or fewer such steps is shown. Fold-enrichment is shown
as the odds ratio. *, P=9e-04; **P= 1.6e-67 by Fisher’s exact test. (b) Support for the pos-
itive selection model provided by CMDs depends on the number of implied non-synonymous
single-nucleotide steps. Support is the log-likelihood difference between the positive selection
and null models of the BS test given the data at a single codon site. Box plots show the
distribution of support by CMDs in BST significant genes categorized according to the mean
number of implied nonsynonymous steps. Dotted line, support of 1.92, at which the BST
yields a significant result for an entire gene (P < 0.05). In human BST-significant genes, no
CMDs imply zero non-synonymous changes.

ences can be produced only by two or more independent substitution events — and the

recently discovered phenomenon of multinucleotide mutation, which produces such codons

in a single event. Because of the structure of the genetic code and the high transversion

rates that characterize MNMs, most codons produced by this mechanism cause more than

one nonsynonymous single-nucleotide change. Confronted with this kind of codon data, the

likelihood calculated by the BST is determined by the product of the probabilities of the

individual mutations. Under the null model, the probability of such compound events is

extremely small, but it can increase dramatically when dN/dS exceeds one, as the positive

selection model allows. This increase in likelihood afforded by the positive selection model

is much greater than it would be if the substitution were interpreted as the result of a single

multinucleotide event. Indeed, our results show that a single codon comprising two non-

synonymous substitutions is often sufficient to yield a statistically significant signature of
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positive selection in the BST for an entire gene.

As a result, CMDs are the primary drivers of positive results by the BST. Virtually all

statistical support for positive selection in real alignments comes from CMD-containing sites;

removing them from the alignment or incorporating MNMs into the BST’s model eliminates

the signature of selection from the majority of genes. CMDs can be produced by either

positive selection or by neutral evolution under multinucleotide mutation. In the former

case, the BST will be correct; however, the test cannot reliably distinguish CMDs that

represent authentic evidence of positive selection from those caused by MNM-induced bias.

The bias is strong and pervasive under realistic conditions. Indeed, when sequences were

simulated under the null model using parameters estimated from the fly and mammalian

datasets, the number of genes with false positive BSTs was approximately the same as the

number of positive BST results when the empirical data were analyzed. There is therefore

no excess of BST-positive results in these genomes beyond that potentially attributable to

MNM-induced bias. Worse, these null simulations did not include the elevated transversion

rate that characterizes MNMs, which exacerbates the test’s bias. Taken together, these

results suggest the possibility that MNM-induced bias could explain many of the BST’s

inferences of positive selection in these datasets.

Are our findings from these datasets generalizable? MNMs appear to be a property of

all eukaryotic replication processes, and the MNM rates that we observed in mammals and

flies are in the same range as those previously identified in genetic and molecular studies

in a variety of eukaryotic species [125, 29, 5]. Both datasets comprise a small number of

taxa, but the BST seeks evidence of selection on individual branches, so it seems unlikely

that larger trees will somehow inoculate the test against MNM-induced bias. We observed

strong bias on lineages with divergence levels ranging from very low (on the human terminal

branch) to moderate (the fly branches), so this problem does not appear to be unique to

highly diverged sequences or phylogenies with long branches. We must therefore consider the
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possibility that many of the thousands of previously published reports of positive selection

based on the BST could simply be the ones that happened by chance to neutrally fix one or

more multinucleotide mutations.

We do not contend that the BST is always wrong or that molecular adaptive evolution

does not occur. Indeed, some of the CMDs in BST-significant genes may have evolved

because of authentic positive selection, either by repeated substitution of single nucleotides

in a codon or selection on MNMs. But because the BST test cannot distinguish the kinds

of sequence data produced by positive selection from those produced by neutral evolution

of MNMs, it provides no reliable evidence of a gene’s adaptive history — not even prima

facie evidence. There are numerous cases of strongly supported adaptive evolution, such as

those involving host-parasite and intracellular genetic conflicts, that have produced sequence

signatures of positive selection that are likely to be authentic [132]. The persuasive evidence

in these cases, however, comes from sources other than the BST.

If the BST and other tests based on the single-step codon model are unreliable in the

face of multinucleotide mutation, what should researchers do? The BS+MNM test could be

used to accommodate multinucleotide mutation; our results suggest this may be a promising

approach. But there are many forms of evolutionary complexity that are not incorporated

in this model, including MNMs that affect three consecutive nucleotides in a codon, elevated

transversion probability within MNMs, and many other kinds of heterogeneity that might

bias the BS+MNM test [110, 93, 17]. Other models are also available to incorporate MNMs

[151], but their accuracy and robustness are not well characterized, either. More work is

therefore required before the BS+MNM or similar models can be used with confidence in

the branch-site or similar tests.

A complementary approach is to use functional experiments to explicitly test hypotheses

that specific historical changes in molecular sequence caused changes in function or pheno-

type thought to have mediated adaptation [10, 25]. Indeed, the bias we observed may help
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to explain why some molecular experiments have shown that codons with a high posterior

probability of positive selection in the BST do not contribute to putative adaptive functions,

whereas the codon changes that do confer those functions have low or moderate PPs [49]. Ex-

perimental tests provide the most convincing evidence of a gene’s putative adaptive history,

but they require time-consuming laboratory and fieldwork [12, 130] , so it is not clear how

to implement them on a genome-wide scale. Future research may develop and validate more

robust models to detect positive selection, and these may help to identify candidate genes

for which specific, testable hypotheses of past molecular adaptation on specific phylogenetic

lineages can be formulated. The test primarily used for this purpose till now, however, is

unreliable.

2.5 Methods

2.5.1 Datasets, quality control, and inference of BST-significant genes

We analyzed two previously published comprehensive datasets of protein-coding alignments

on a genomic scale, one in six mammals, the other in six Drosophila species [45, 86, 88].

We aimed to apply the branch-site test on every terminal lineage in the Drosophila dataset,

and on the human lineage in the mammal dataset. We only retained gene alignments with-

out gross misalignments, possessing complete coverage in all fly species, and minimally all

primate species. We then applied the branch-site test as implemented in CODEML 4.7 to

each alignment, assuming the phylogenetic relationships reported in the published studies

(Supplementary Fig. 2.10) [45, 86]. Branch lengths and model parameters were estimated

for each alignment by maximum likelihood (ML), and the F3x4 model was used for codon

frequencies. We tested each gene in mammals for selection on the terminal branch leading

to humans; in flies, each gene was tested separately for selection on each of the six terminal

branches, and we express the fraction of positive inferences across genes as the proportion of
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all tests conducted [167]. As is standard practice, we calculated P-values using a likelihood

ratio test with 1 df (χ21) which makes the test conservative under the null hypothesis [167].

Genes were initially identified as having a putative BST signature of selection at P < 0.05.

We then applied a correction for multiple testing to a false discovery rate FDR < 0.20 using

the q-value package in R (avaitable at http://github.com/jdstorey/qvalue). To facilitate un-

ambiguous analysis of CMDs, we removed genes containing CMDs falling in gaps. We also

removed genes for which the ML ancestral reconstructions reported by CODEML at the base

of the tested branch differed between the null and positive selection models, yielding a set of

genes with CMDs that do not depend upon which model is chosen. In flies, 443 gene-tests

(“genes”) were retained after these filters and constitute the BST-significant set of genes

from this dataset. No genes on the human lineage were significant after FDR correction, so

we retained as the BST-significant set from this dataset those genes that passed the ancestral

reconstruction filter and had P < 0.05 (Supplementary Table 2.2). The BST-nonsignificant

set of genes comprises all genes that pass the alignment and ancestral reconstruction filter

that are not in the BST-significant set (n=6757, humans; n=6883, flies). We also repeated

our analysis of CMD enrichment (see below) using a gene set that had not been filtered for

reconstruction consistency and found that our conclusions were unchanged (Supplementary

Table 2.7)

We only considered genes where the ancestral codons (both CMD and non-CMD codons)

have the same reconstruction under the BST null and BST alternate models. In doing so,

we have also excluded CMDs in codons with gaps in the alignment. For example, in the

human dataset, of the 82 genes that initially provided support for positive selection, 30

genes consist of unambiguously reconstructed codons under the null and alternate model

(the BST-significant gene set). In 49 genes, CMDs fall in gaps. We did not consider the

ancestral codon reconstructions at these sites, and excluded these from our analyses due to

alignment ambiguities. The remaining 3 genes have CMDs that do not fall in gaps, for which
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the ancestral codons were reconstructed differently under the null and alternate models. If

we re-consider these 3 “positively selected” genes that were excluded, we find 3 additional

CMDs, one in each of the genes. Including these genes made little to no difference to our

CMD enrichment results.

2.5.2 Support for positive selection

CMDs were identified in BST-significant and BST-nonsignificant genes as codons with 2 or 3

observed nucleotide differences between the ML states at the ancestral and extant nodes for

the branch being tested; non-CMDs are codons with 0 or 1 differences on the branch tested.

CMDs were not assessed on branches not tested.

To determine the role of CMDs in significant results from the BST, we excluded codon

positions in BST-significant genes containing CMDs, reanalyzed the data using the BST,

and calculated the fraction of tests that retained a significant result P < 0.05.

We quantified the proportion of statistical support for positive selection in BST-significant

genes that comes from CMDs as follows. The site-specific support provided by one codon site

in an alignment is the difference between the log-likelihoods of the positive selection model

and the null model given the data at that site. Support for positive selection provided by all

CMDs in a gene (supportCMD) is the support summed over all CMD sites in the alignment.

The proportion of support provided by CMDs is supportCMD / (support CMD + support

nonCMD). This proportion can be greater than 1 if support by non-CMDs is negative, as

occurs if the likelihood of the null model at non-CMD sites is higher than that of the positive

selection model, given the parameters of each model estimated by ML over all sites.

Sites were classified a posteriori as under positive selection if their Bayes Empirical Bayes

posterior probability of being in class 2 (ω2 > 1) under the positive selection model in

CODEML was > 0.5 (moderate support) or > 0.9 (strong support).

We categorized observed CMDs by the minimum number of nonsynonymous single-

36



nucleotide steps implied under the Goldman-Yang model between the ancestral and derived

states. For each CMD comprising two nucleotide differences, there are two paths by which

they can be interconverted by two single nucleotide steps. We determined whether the steps

on these paths would be nonsynonymous or synonymous using the standard genetic code

and then calculated the mean number of nonsynonymous steps averaged over the two paths.

Paths involving stop-codons were not included. We conducted a similar analysis for all

possible CMDs in the universal genetic code table.

2.5.3 BS+MNM codon substitution model and test

The codon substitution model of the classic BST is based on the Goldman-Yang (GY) model

[159]. Sequence evolution is modeled as a Markov process, where the matrix element qij , the

instantaneous rate of change from ancestral codon i to derived codon j, is defined for four

types of changes: synonymous transitions and transversions, and nonsynonymous transitions

and transversions (see qij , Fig. 2.7).

!

Figure 2.7: Goldman and Yang codon substitution model.

Three parameters are estimated from the data by maximum-likelihood: ω, the ratio

of nonsynonymous substitution rate to the synonymous substitution rate (dN/dS); πj , the

equilibrium frequency of codon j; and κ, the transversion:transition rate ratio. Element qij is

zero for substitutions involving more than one difference, so codons with multiple differences

can only evolve through intermediate codons that are a single change away. A scaling factor
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applied to the matrix ensures that branch lengths are interpreted as the expected number

of substitutions per codon.

We developed a modification of the GY model that incorporates MNMs using the pa-

rameter, δ, which represents the relative instantaneous rate of double substitutions to that

of single substitutions (see qij equation 2, Fig. 2.8). When δ = 0, the BS+MNM model

reduces to the classic BST model that does not incorporate MNMs (qij equation 1,Fig. 2.7).

Triple substitutions have an instantaneous rate of zero.
!

Figure 2.8: BS+MNM codon substitution model.

The BS+MNM test of positive selection is identical to the BST, except it utilizes this

MNM codon model. We implemented this test by modifying the branch-site test batch file

(YangNielsenBranchSite2005.bf) in Hyphy 2.2.6 software by declaring δ a global variable,

incorporating it into the codon table, and allowing it to be optimized by ML as it other

model parameters are.

We validated the BS+MNM implementation by simulating 50 replicate alignments using

the BS+MNM null model in Hyphy under genome-median parameters (see below). We

then used the BS+MNM procedure to find the ML estimate of each parameter, including

branch lengths, given each alignment and the topology of the phylogeny used to generate the

sequences. We compared the distribution of estimates over replicates to the “true” values

used to generate the sequences (Supplementary Fig. 2.12).
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To test if there is statistical support in the data for the BS+MNM null model relative

to the standard BST null model, we performed an LRT with 1 df, comparing the fit of

the BS+MNM null model and the BST null model on our empirical genes. Briefly, for

each of the 6868 human genes, we tested if the BS+MNM null model fit the data better

than the BST null model at P < 0.05 and also applied and adjustment for multiple testing

(FDR < 0.2). We performed similar LRTs for each of the six terminal lineages in flies. To

determine whether this test might be prone to falsely infer support for the BS+MNM model,

we simulated control sequences under the null BST model with parameters derived from the

empirical sequences and performed the LRT as described above. Only 2 percent of genes

in humans and 2.6 percent in flies yielded significant support for BS+MNM at P < 0.05.

Zero human genes and 0.006 percent of fly genes retained significance after multiple testing

adjustment (FDR < 0.2). (Supplementary Table 2.4).

2.5.4 Simulations and analysis of false-positive bias

To characterize bias in the BST and other tests of selection, we conducted sequence simula-

tions in the absence of positive selection under empirically derived conditions. We used the

BS+MNM method we implemented in Hyphy to estimate by maximum likelihood (ML) the

gene-specific branch lengths and parameters of the null BS+MNM model for every gene in

the mammalian and fly datasets. We also calculated the genome-wide median of each pa-

rameter over all genes in each dataset (the “genome-average” parameter value). Probability

density characterizations for parameters and gene length were performed using the density

function in R.

We simulated sequence evolution under the BS+MNM null model using either gene-

specific or genome-median parameters. First, we simulated a “pseudo-genome” without

positive selection by simulating one replicate of each of the 6868 and 8564 mammalian and

fly alignment, each at its empirical length, using the BS+MNM null model and the ML
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parameter estimates inferred for that gene from the empirical data. We then ran the BST

on these sequences, testing for signatures of positive selection on the human lineage and each

terminal fly lineage (Supplementary Table 2.2). Control simulations were conducted under

identical conditions but with δ = 0.

To test the effect of gene length on bias in the BST, we focused on genes in the BST-

significant set. For each gene’s gene-specific parameters, we simulated 50 replicates align-

ments of length 5,000 or 10,000 codons. We analyzed these alignments using the BST, as-

signing the human branch as foreground for mammalian genes or, for flies, the same branch

that produced a significant result when the empirical data were analyzed. The false pos-

itive rate (FPR) for any gene’s parameters is the fraction of replicates yielding a positive

test (P < 0.05). We also repeated these simulations and analyses using the genome-median

value of δ. For control experiments without MNMs, we set δ = 0 in the simulations.

To test the effect of the rate at which MNM substitutions are produced on false positive

inference rates, we simulated evolution of alignments 5,000 codons long under the BS+MNM

null model, using genome-median estimates for all parameters except δ, which we varied. At

each value of δ, we simulated 50 replicates. We analyzed each replicate using the BST for

selection on the human or D. simulans lineages and calculated the proportion of replicates

for each value of δ that yielded a false positive inference (P < 0.05).

We computed the observed proportion of tandem substitutions as a fraction of all substi-

tutions on the human and D. melanogaster lineages in both empirical and simulated datasets.

For each of the 6868 genes in the curated mammalian dataset, we aligned the human gene to

the inferred sequence of the human-chimp ancestor, identified all substitutions as differences

between these sequences, and calculated the proportion of tandem substitutions, T, as the

number of substitutions at adjacent sites divided by the sum of substitutions at adjacent

sites and those at non-adjacent sites across all sites in the dataset. Differences at adjacent

sites were counted as a single tandem substitution. For each of the 8564 genes in the fly
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dataset, we aligned the D. melanogaster sequence to the D. melanogaster/D. simulans ances-

tor and followed the procedure described above. For simulated sequences, we repeated this

procedure using the sequences simulated under the BS+MNM null model and parameters

estimated from each gene in the empirical datasets.

2.5.5 BUSTED

To examine the accuracy of BUSTED, we used Hyphy software 2.2.6 (batch files BUSTED.bf

and QuickSelectionDetection.bf). We analyzed the 5,000 codon-long alignments simulated

under the BS+MNM null model, using parameters estimated by ML for each BST-significant

gene, with δ assigned either to its gene-specific estimate, its genome-average, or to zero. We

applied BUSTED to the replicate alignments to test for selection (P < 0.05) on the human

lineage or the same fly lineage that was significant for that gene in the BST of the empirical

data.

2.5.6 Power analyses

To characterize the statistical power of the BST and BS+MNM tests, we simulated sequence

evolution with positive selection of variable intensity and pervasiveness (Supplementary Fig.

2.13). Specifically, we used the BS positive model in Hyphy to simulate sequence evolution

with the human and D. simulans terminal branches as the foreground branches. We used

genome-average estimates of all parameters, including gene length (418 and 510 codons for

mammals and flies, respectively), but we varied ω2 and p2. 20 replicate alignments were

simulated under each set of conditions and then analyzed using the BST, the BS+MNM

test, or BUSTED. For each set of conditions, the true positive rate was calculated as the

fraction of replicates yielding a significant test of positive selection (P < 0.05 for BST and

BS+MNM, FDR < 0.20 for at least one site in the alignment for BUSTED).
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2.5.7 BS+MNM+ κ2 model

We developed the BS+MNM+ κ2 model, which incorporates into the BS+MNM model

(qij Fig. 2.8) two different transversion:transition rate ratio parameters, κ1 for single-site

substitutions and κ2 for MNMs (qij Fig. 2.9). All free parameters of the model are estimated

by ML given a sequence alignment. This model was implemented by further modifying our

BS+MNM batchfile in Hyphy 2.2.6 software by declaring κ2 a global variable, incorporating

it into the codon table, and allowing it to be optimized by ML as other parameters are in

the batch file.!

Figure 2.9: BS+MNM+κ2codon substitution model.

For validation, we estimated the parameters of the BS+MNM+ κ2 null model by ML

for every alignment in each dataset and calculated the genome-average median estimate

of each parameter (Supplementary Fig. 2.16). We then simulated 50 replicate alignments

of length 418 and 510 codons in the mammalian and fly datasets respectively, under the

BS+MNM+ κ2 null model with all model parameters set to their genome-wide median.

We then estimated each parameter by ML under the null model given each alignment and

compared the distribution of estimates to the parameters used to generate the alignments.

We found that most parameters were estimated accurately, but estimates of κ2 had very

high variance (Supplementary Fig. 2.16) , presumably because the quantity of data in a

single gene, in which CMDs are typically rare, is inadequate to support a robust estimate
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of this parameter. We therefore limited our use of this model to simulations rather than

inference. To determine the effect of the MNM-specific transversion:transition rate on false-

positive bias in the BST, we simulated sequences 10,000 codons long under the BS+MNM+

κ2 null model, using genome-median parameters except κ2, which we varied. For each value

of κ2, we simulated 50 replicates, applied the BST, and calculated the FPR as the fraction

of replicates yielding a positive inference (P < 0.05).

2.5.8 Data availability

The empirical alignments reanalyzed in this study are available in the supplementary infor-

mation of the original publications that generated these data [101, 84, 129]

2.5.9 Code availability

The custom HYPHY batch codes for the BS+MNM and BS+MNM+κ2 tests are avaitable

as supplementary files and at https://github.com/JoeThorntonlab/MNM SelectionTests.
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δ) (a) Power of the classic BST and BS+MNM test to detect positive selection in the human
dataset under conditions of no bias (δ = 0). Sequence alignments of genome-average length
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portion of sites under positive selection (p2) and the strength of positive selection (ω2) were
varied, with 20 replicate simulations under each set of conditions. The BST and BS+MNM
test were applied and the rate of true positive inferences (TPR) was calculated as the frac-
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the BS+MNM test (b) Same as (a), but shown for the fly dataset. (c) Scatter plot showing
a power comparison of the BS+MNM test and the classic BST on human and fly sequences
simulated with no MNMs. The data are the TPRs shown in panels (a) and (b) respectively.

49



BST non-significant
BST significant

Gene length (Kbp)

0

5

10

15

20

0 1 2 3 4

Human

d
e

n
s
it
y
 (

x
1

0
4
)

*

0

5

10

15

0 2 4

d
e

n
s
it
y

**

Flies

Figure 2.14: Longer genes are more likely to yield false positive BST results. For
each empirical gene in the mammalian and fly datasets, the parameters of the BS+MNM
null model were estimated by maximum likelihood. We then simulated sequence evolution
under each gene’s inferred null parameters and empirical length and used the classic BST
on the simulated alignments to test for positive selection on the human and terminal fly
lineages. The distribution of the lengths of genes yielding a BST-significant test (P < 0.05)
or a BST-nonsignificant test is shown. Median lengths in BST-significant and non-significant
genes, respectively, were 422 and 343 bp in humans; in flies, 484 and 391 bp. Differences
between distributions were evaluated using Mann-Whitney U test. *, P=5e-3; **, P=2e-23.

50



a

GTC  CAA
ACT  CAA
ACT  CAA
ACT  CAA
ACT  CAA
ACT  CAA

Human   
Chimp     
Rhesus  
Mouse   
Rat         
Dog       

Infer parameters 
of BS+MNM null
model

i. Gene-specific ∂
ii. Genome-wide ∂
iii. δ = 0 (control)

Simulate gene
evolution under 
inferred parameters
(50 reps)

Apply BST;
Calculate false positive rate 
for each gene’s conditions

AAT  TTC
AAC  TTC
AAC  TTC
AAC  TTC
AAC  TTC
AAC  TTC

Human   
Chimp     
Rhesus  
Mouse   
Rat         
Dog       

b

F
P

R
 1

0
0

0
0

 C
o

d
o

n
s

FPR 5000 Codons

Human

0

0.5

1

0 0.5 1 0 0.5 1

0

0.5

1

Flies

Figure 2.15: MNMs bias the classic BST (a) Scheme to simulate genes with MNMs
without positive selection. For each BST-significant empirical gene, the parameters of the
BS+MNM null model were estimated. Using each set of parameters, 50 replicate alignments
were simulated, with δ (the relative rate of MNM substitution) assigned to its gene-specific
value, its median across all genes in the dataset (genome-wide average), or to zero. The
classic BST was applied to simulated data, and the false positive rate (FPR) for each set
of generating parameters was calculated as the fraction of replicates with a positive result
(P < 0.05). (b) Systematic bias in the BST using the genome-average MNM rate. 50
replicate alignments 5,000 or 10,000 codons long were simulated under the BS+MNM null
model using gene-specific parameters inferred as in (a). Each black point represents FPRs
for sequences 5,000 and 10,000 codons long simulated under one empirical gene’s parameters
and the genome-wide average δ. Gray points show FPRs for control simulations with δ = 0.
Dashed lines, FPR of 0.05. Diagonal line has a slope of 1.

51



a

0

0.25

0.50

0.75

1

Parameters

к   p
0

p
1

ω
0к 

2 

E
s
ti
m

a
te

s

0.028

0.28

0.4

0.0180.028
0.05

Human

δ

Figure 2.16: Validation of parameter estimates by BS+MNM+κ2 model
.

52



b

0.00

0.05

0.10

Chimp Dog Human Mouse Node1 Node2 Node6 Rat Rhesus

Nodes

B
ra

n
c
h

  
L

e
n

g
th

s

0.0020.0019

0.01

0.04

0.008

0.030.03

0.067

0.1

Mouse

Rat

Human

Chimp

Rhesus

Dog

Node2
Node1

Node6

Figure 2.16: (continued)

53



Flies

c

0.0

0.5

1.0

1.5

0.019

0.51

0.44

Parameters

к   p
0

p
1

ω
0к 

2 

0.84

0.05 0.03

E
s
ti
m

a
te

s

δ

Figure 2.16: (continued)

54



d

0

0.01

0.02

0.03

0.04

0.05

Ere Mel Node2 Node4 Node7 Sec Sim

Nodes

B
ra

n
c
h

  
L

e
n

g
th

s

Yak

Mel

Sim
Sec

Yak

Ere

Ana//

Node2

Node7

Node4

0.41

0.022
0.02

0.009

0.006

0.036

0.008

0.4

0.5

0.034

0.011

Ana

Figure 2.16: (continued). 50 replicate alignments were simulated under the BS+MNM+ κ2
null model using genome-wide median parameters. Parameters were then re-estimated given
each alignment using the same model. Box plots show the distribution of estimates of model
parameters (a) and branch length (b) in humans and in flies (c, d). For detailed explanation
of model parameters, see Supplementary Fig. 2.12. κ2 is the transversion:transition rate
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2.9.2 Supplementary Tables

Average steps on path (nonsyn, sun) Number of pairs
2 8

0.5,1.5 0
1,1 588

1.5,0.5 308
2,0 548

Table 2.1: Paths between codon pairs For each possible codon pair separated by 2
nucleotide differences, the universal genetic code was parsed to tabulate the mean number
of nonsynonymous and synonymous steps (nonsyn, syn) on the two direct paths between
them. Paths with stop codons were excluded.
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Empirical
(H)

Simulated
(H)

Control
(H)

Empirical
(F)

Simulated
(F)

Control
(F)

All genes 16,541 6,868 6,868 8,564 8,564 8564
Genes with
complete species
coverage

6,868 6,868 6,868 8,564 8,564 8564

BS tests signifi-
cant at P < 0.05
(% of tests)

82
(1.1%)

99
(1.4%)

32
(0.5%)

3,938
(7.6%)

4,444
(8.6%)

582
(1.1%)

BS tests signif-
icant after cor-
rection (FDR <
20%)

0 0 0 2,147 1,755 4

BS-significant
genes with
unambiguous
ancestral codon
reconstructions

30* 443*

Table 2.2: Filtering steps Filtering steps are described in Methods. Empirical data are all
genome-wide coding alignments from previously published studies by Kosiol et al., and Lar-
racuente et al (see Methods). Simulated data are alignments simulated under the BS+MNM
null model using parameters derived from the empirical data. Control data are alignments
simulated as above but with MNM rate parameter δ = 0. *, in humans, the empirical BS-
significant set includes genes that pass the filter for ancestral reconstruction of CMDs but
not for FDR adjustment; in flies, both criteria are met. The total number of tests on the 6
fly lineages is 51,384. H = Humans; F=Flies.

Lineage %genes
human 22 (1545/6868)

mel 60 (5080/8564)
sim 59 (5089/8564)
sec 58 (4994/8564)
yak 59 (5089/8564)
ere 58 (4957/8564)
ana 51 (4297/8564)

Table 2.3: Proportion of empirical genes fit better by the BS+MNM null model
compared to the BS null model In the empirical dataset, about 22% of the genes on
the human lineage, and at least half of the genes on each fly lineage were fit better by the
BS+MNM null model compared to the BS null model (LRT, 1 df), indicating that there is
statistical support in the data for including MNMs on top of the standard GY framework.
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Lineage #tests significant at P < 0.05 #tests significant after FDR < 0.2
human 162/6868 (2%) 0

mel 203/8564 (2%) 1
sim 253/8564 (3%) 0
sec 236/8564 (2.7%) 0
yak 251/8564 (3%) 0
ere 210/8564 (2.4%) 2
ana 217/8564 (2.5%) 0

Table 2.4: Number of genes significant in null simulations (BS+MNM null model
compared to the BS null model) The BS+MNM null model was compared to the BS
null model for genes simulated with δ = 0. The BS+MNM null model is significant for < 5%
of null simulations across humans and flies. Only a handful of genes remain significant after
FDR correction across all lineages tested.

Species Lost significance Retained significance Retained significance (triple)
Human 28/30 2/30 0/30

Flies 174/458 213/458 71/458

Table 2.5: Proportion of genes that lost and retained significance after the
BS+MNM test was applied to BS significant genes. There were 30 tests conducted
on the human lineage, one for each BS-significant gene. In flies, the 443 genes correspond
to 458 tests, conducted on every lineage in which the gene is significant (One gene can have
more than one lineage under positive selection). The number of genes that lost and retained
significance is as indicated.

Empirical Simulated
Humans 295 / 23,335 (1.26%) 326 / 20,040 (1.63%)

D. melanogaster 3,895 / 249,344 (1.56%) 9,069 / 278,978 (3.25%)

Table 2.6: Observed frequency of tandem substitutions on the human and
melanogaster lineages in both empirical and simulated datasets. The number
of tandem substitutions on the human and melanogaster lineages as computed from the
empirical and simulated datasets is indicated.

#CMDs #non-CMDs #CMDs / #non-CMDs
BS+ (filtered) 32 19563 0.00163

BS+ (non-filtered) 35 20923 0.00167

Table 2.7: No effect of filtering based on ancestral state reconstruction on CMD
enrichment. The ratio of CMDs/non-CMDs is shown for the original 30 BS+ (filtered)
genes, and the new BS+ (non-filtered) set which consists of 33 BS+ genes. The almost
identical ratio suggests that our selection criterion does not enrich CMDs in BS+ genes.
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CHAPTER 3

EVOLUTION OF TRANSCRIPTION FACTOR DNA

SPECIFICITY IN STEROID AND RELATED RECEPTORS

3.1 Abstract1

Many human transcription factors possess distinct preferences for sequences flanking core

motifs, but little is known about how such preferences evolve in proteins. We investigated

this question in the steroid and related receptor family of transcription factors (SRRs) which

comprise of two functionally diverged clades: 1) Steroid Receptors (SRs), which bind as

a cooperative dimer to an inverted palindrome of a 6-bp half-site AGGTCA; and 2) Es-

trogen Related Receptors (ERRs), which bind as monomers to an extended 9-bp half-site

(TCAAGGCTA), containing a 5’-flanking extension of the 6-bp SR half-site. Through ances-

tral sequence reconstructions, mobility shift assays, isothermal titration calorimetry and in

vivo reporter gene activation assays, we show that the ancestral SRR DNA binding domain

behaves similarly to ERRs; therefore, the ancestral preference for a particular 5’-flanking se-

quence was lost on the lineage leading to extant SRs. This transition only involved changes

to the half-site affinity, with little to no changes to cooperative binding – all ancestors and

their modern descendants retain weak DNA-binding cooperativity, including the human ERR

which has been described as a monomeric DNA-binder. After duplication of the ancestral

SRR, only six mutations were sufficient to recapitulate the preferences of the SR ancestor,

suggesting that a change in binding specificity evolved by few mutations of large effect. We

show that non-overlapping DNA-binding specificities evolved in paralogous proteins through

tinkering with thermodynamic basis of specificity, without a radical reorganization or evolu-

tion of novel interfaces. This study provides a mechanistic basis for how flanking sequence

preferences are lost in transcription factors.

1. This chapter contains unpublished material
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3.2 Introduction

3.2.1 Evolution of transcription-factor DNA binding: affinity, cooperativity

and gene activation

Proper functioning of gene regulatory networks depends on the distinct DNA specificities

of transcription factors. These proteins possess the ability to recognize and bind to specific

response elements in the genome, a task that involves discriminating among thousands of

other response elements. Even seemingly subtle differences between response elements can

form the basis for discrimination. High-throughput experimental studies have shown that

great diversity exists in the intrinsic DNA-binding specificities of transcription factors, a

diversity that underlies distinct gene regulatory programs [78, 7, 106, 21, 161, 95, 11, 145, 14].

Further, most transcription factors are the products of gene duplication; and yet many

paralogous proteins regulate distinct, non-overlapping genes, suggesting the evolution of

mechanisms to minimize competition for the same response elements [98, 8, 20, 33, 76, 135,

23]. While the mechanisms and dynamics by which new binding sites in the DNA are created

or destroyed by mutations has been fairly well-established [76, 56, 116, 75, 149, 146, 26], little

is known about how the extant diversity in protein functions emerged during evolution. How

do the DNA-binding specificities of transcription factors evolve over time to produce new

DNA gene regulatory programs?

Extant transcription factors employ different physical modes of DNA recognition to

achieve specificity, often involving core DNA motifs and flanking sequences. At the mecha-

nistic level, base-specific affinity is largely derived from direct physical interactions between

protein side-chains and base-specific functional groups in core DNA motif, often in the ma-

jor groove [109, 118, 142]. Flanking sequences outside the core motif can also contribute

to DNA affinity; it is now being increasingly recognized that different transcription factors

can recognize the same core DNA motif, yet regulate distinct genes depending on the com-
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position of flanking sequences [28, 58, 131, 78, 7]. These preferences have been shown to

be especially important in vivo for development [118, 28, 94, 22, 105, 121]. It is unclear

how the affinities for core motifs and flanking sequences are gained or lost during protein

evolution. What is the energetic contribution of these interactions, and how do they evolve?

In particular, how do the enthalpic and entropic components of binding to the core half-site

and flanking sequences evolve to produce proteins with new thermodynamic properties? An

additional key thermodynamic component that modulates affinities is cooperative binding,

a major determinant of the specificity of binding that causes a sharp switch like effect on

gene expression [133, 136, 140, 79, 163, 54, 82]. The individual contribution of the single-site

affinity and cooperativity to the overall DNA affinity is poorly understood. Further, how

do affinity and cooperativity interact and evolve to generate new transcription factor-DNA

specificities? Can novel DNA specificity evolve through a change in either affinity or coop-

erativity alone, or do both evolve concomitantly? And finally, does novel DNA specificity

only evolve through drastic shifts in protein-DNA thermodynamics, or do subtle changes in

affinity and cooperativity result in large changes in response element preferences?

These fundamental questions about the evolution of protein-DNA specificity fall at the

interface of protein biochemistry and evolution. The knowledge gap in understanding how

proteins’ physical proteins determine DNA specificity persists because most biochemical

studies of proteins have ignored the evolutionary history of the protein [39, 63, 64]. Using

ancestral sequence reconstruction (ASR) and biochemical characterizations, ancient evolu-

tionary changes in proteins’ sequences, biochemical, and biophysical characteristics can be

traced, and the thermodynamics and genetics by which new specificities emerged dissected

[64, 69].
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3.2.2 Steroid and related receptors

We used ASR to elucidate the genetic and physical basis of the shift in DNA-specificity by

uncovering an ancient evolutionary transition in the steroid and related receptors (SRRs), a

family of metazoan transcription factors. SRRs are biologically important transcription fac-

tors that bind directly to specific DNA response elements through their DBD and activate

transcription of nearby target genes. SRRs include the intracellular receptors for steroid

hormones that mediate the effects of gonadal and adrenal steroids on reproduction, develop-

ment, behavior, stress, immunity, metabolism, and homeostasis throughout the vertebrates,

as well as other closely related proteins involved in embryonic development and other diverse

biological processes [98, 15, 70, 90, 126, 153]. They consist of two paralogous sub-families

that differ in their specificity for DNA - steroid receptors (SRs) and estrogen related receptors

(ERRs) (Fig. 3.1A).

SRs are ligand activated transcription factors, comprising of receptors for estrogens,

androgens, progestogens, and corticosteroids. The SR DBD binds as a dimer to an inverted

palindromic DNA sequence consisting of two short 6-bp half-sites separated by a variable 3-

bp spacer [98] (Supplementary Fig. 3.6). The DNA-bound crystal structure of a human SR,

the Estrogen receptor α DBD (hER α), shows that like the crystal structure of other SRs, it

binds as a dimer to a 15-bp response element (EREpal), with the Recognition Helix (RH) of

each monomer establishing base-specific contacts with a 6-bp half-site sequence AGGTCA

(EREhalf) (Figs. 3.1 B, Supplementary Fig. 3.6) [126]. The first zinc-finger within each

DBD monomer recognizes EREhalf within the major groove, while the second zinc finger

is responsible for the homodimerization of the two DBD domains upon DNA binding. It

has previously been established that all extant SRs descend from an ER-like ancestor with

weak-DNA binding cooperativity [98].

ERRs, on the other hand, are orphan transcription factors that do not require a ligand

[70]. The ERR DBD has a monomeric 9-bp half-site preference, and full-length proteins
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only activate from multiple copies of the 9-bp response element separated by variable spacers

(Fig. 3.1 C) [53, 77, 169]. The crystal structure of extant human ERR β DBD (hERR β)

bound to the 9-bp DNA demonstrates a striking similarity to hER α DBD — namely, that

the RH of the hERR β DBD is hER α like, recognizing the same 6-bp EREhalf sequence

in the major groove, AGGTCA (Fig. 3.1C) [53]. There is an additional mode of DNA

binding to a 3-bp flanking extension TCA in the minor groove, such that the response

element preferred by the protein is a 9-bp extended EREhalf sequence (Ext EREhalf). The

C-Terminus extension (CTE) of the DBD is buried in the minor groove and recognizes the

3-bp flanking sequence through few polar contacts, established using the two Arg residues

that extend on the opposite sides of the minor groove (Fig. 3.1 C). While the interactions of

the ERR CTE with flanking DNA appear to be base-specific, the arginines enriched in the

DNA minor groove imply that electrostatic interactions could also be involved, as observed in

the Drosophila Hox protein, Sex combs reduced (Scr), bHLH family of TFs, and other ERR-

related receptors such as SF1 and Ftz-F1 [163, 153, 31, 34, 44, 43, 80, 119] . The observation

from Chip-SEQ of a monomeric 9-bp DNA preference raises the possibility that ERRs may

be monomeric receptors with either no cooperativity in their DBD, or anti-cooperativity, an

open research question.

The diversity and similarity in the modes of DNA recognition observed in the two par-

alogs, ERRs and SRs, make the SRR gene family an ideal one to explore the historical

trajectory and molecular mechanisms underlying the evolution of novel DNA specificities

involving flanking sequences. Here we use ancestral sequence reconstruction coupled with in

vitro and in vivo functional characterizations of ancestral proteins to investigate how these

paralogous families evolved distinct modes of DNA recognition. Our results describe how

preferences for flanking sequences change during protein evolution, including a detailed mech-

anistic understanding of the evolutionary relationships between affinity and cooperativity,

and its impact on gene activation and evolution.
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Figure 3.1: (continued) The SRR phylogeny was inferred using maximum likelihood from
an alignment of extant SRR sequences across bilateria, and constrained to include syntenic
relationships and linked genes. ERRs and SRs were generated by a duplication event at the
base of bilateria, and differ in their half-site specificities. Receptors are colored according to
the half-site specificities of human proteins in the corresponding clades. See Supplementary
Fig. 3.9 for the preference of Trichoplax adherens DBD. ERRs bind to a 9-bp half-site
response element with TCA extension; SRs bind to a shorter 6-bp response element (shown
underlined).
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Figure 3.1: (continued) Using maximum likelihood and the AIC-best fit evolutionary model,
we reconstructed the DBD+CTE amino acid sequence at three ancestral nodes: 1) the an-
cestor of all ERRs, AncERR; 2) the ancestor of all chordate SRs (AncSR1); 3) the bilaterian
ancestor, (AncSRR). We focused our experiments on the chordate AncSR1 ancestor, as the
biochemistry of newly discovered hemichordate receptors and protostome ERs is not very
well understood. Also shown are two other nodes discussed in the manuscript (AncSR1 Prot-
Deut) and AncSR2. Nodal support is marked by the approximate likelihood ratio statistic,
aLRT values (* 1 to 10; ** 10 to 50; *** 50 to 100; **** > 100). Scale bar is in substitutions
per site. B. Representative crystal structures of human ER α DNA-binding domain bound
to its preferred DNA EREPal. DNA is depicted as surfaces and colored by element. Helices
are shown as cylinders. The box shows the 6-bp core half-site in the major groove (EREhalf,
shown underlined) recognized by the alpha recognition helix, RH. The zoom-in shows the
polar contacts made by the RH with the DNA, depicted as black dashes. The side-chains
of residues in the RH is depicted as sticks. The black arrows point to the CTE. C. Repre-
sentative crystal structure of human ERR β bound to its preferred DNA. Helices are shown
as cylinders. ERRs recognize the 9-bp Ext EREhalf , composed of a similar SR-like 6-bp
EREhalf . The RH of the ERR DBD is shown boxed, and recognizes EREhalf in the major
groove. The zoom-in version of the RH shows the similarity in the mode of binding to ER α
DBD. The RH mediates numerous polar contacts with the DNA, depicted as black dashes.
The C-terminus extension (CTE) of ERR is boxed and shown alongside the RH. The CTE
is buried in the minor groove, contacting the 3-bp flanking extension ’TCA’. A zoom-in view
of the ERR β CTE shows the two Arginine residues extend on opposite sides of the minor
groove, mediating numerous polar contacts with the flanking extension. The side-chains of
residues in the RH and CTE involved in base-specific contacts are depicted as sticks.

Figure 3.1: (continued) D. Overlay of the ERR β DBD and ER α DBD shows that the two
structures are very identical, except they diverge in their CTE. The RH of both receptors
is zoomed in to show identical contacts in the major groove 6-bp half-site. The side-chains
of residues in the RH is depicted as sticks. E. Half-site and palindromic response elements
tested in yeast reporter activation assays. REs were integrated into the yeast genome to
make stable yeast reporter gene constructs. The ERE and Ext ERE response elements only
differ in their flanking sequences — ERE elements have a random flanking sequence with the
same base composition as Ext ERE elements. F. Fold activation of human ER α and ERR
β DBDs on the response elements shown in panel E. Human ERR β DBD only activates
from elements with the TCA extension, while the ER α DBD activates from elements with
and without the extension. Bars are color coded according to the response elements shown
in panel E. Bar heights indicate fold activation relative to the No DBD-No RE control with
SEM of three experimental replicates. G. Fold activation of ancestral proteins described
in panel A on the response elements shown in panel E. Both AncERR and AncSRR DBD
only activate from elements with the TCA extension, while the AncSR1 DBD activates from
elements with and without the extension. Bars are color coded according to the response
elements shown in panel E. Bar heights indicate fold activation relative to the No DBD-No
RE control with error bars showing the SEM of three biological replicates.
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3.3 Results

3.3.1 Steroid and related receptors have distinct DNA binding specificities

Although ERRs do not compete with most SR paralogs, there is some reported overlap

between the genes regulated by ERs and ERRs [150]. That the RH of ERR β DBD and

hER α DBD present nearly identical amino-acids at the DNA interface and bind to the same

6-bp core half-site EREhalf, suggests that they might share transcriptional targets (Fig. 3.1

D). However, the CHIP-SEQ profiles of modern receptors are distinct [78]. We hypothesized

from the crystal structures that ERRs, but not ERs, might use their CTE to read flanking

sequences, thereby discriminating among the space of response elements bound by the two

paralogs (Figs. 3.1B —D).

To test our hypothesis, we looked at the activation of reporter genes by hER α and

hERR β DBDs from response elements with different extensions. We transformed human

DBDs into yeast reporter strains with genomically integrated response elements fused to

the GFP reporter gene, and monitored GFP reporter expression via flow cytometry (Figs.

3.1E, Supplementary Fig. 3.7). The response elements were designed to contain the ERR-

preferred extension TCA, and a randomized extension with the same base composition.

Consistent with our hypothesis, we found that hER α and hERR β have distinct DNA

specificities, distinguished by the presence of the TCA flanks. hERR α binds poorly to and

does not activate from response elements lacking the specific TCA flank. hER α does not

discriminate between flanks, activating equally well from response elements with the TCA

flank and a random flank (Fig. 3.1F ).

These data demonstrate that the two human paralogs have evolved distinct DNA speci-

ficities based on the flanking sequences. Although extant DBDs can bind to variants of

these sequences, the response elements we have tested include physiologically relevant re-

sponse elements present upstream of genes regulated by the receptors, including those used
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to crystallize the DBD-DNA complexes [126, 53, 77, 169] .

3.3.2 Distinct DNA specificity evolved on the SR1 lineage from an

ERR-like ancestor

To determine how ERRs and SRs evolved the ability to regulate distinct genes, we first

identified the historical interval of evolutionary change using a combination of phylogenet-

ics, ancestral sequence reconstruction and functional characterization of ancestral proteins

using our yeast transcriptional reporter assay. The SRR phylogeny was inferred using max-

imum likelihood from an alignment of extant SRR sequences across bilateria, incorporating

new phylogenetically diverse receptors and constraints imposed from syntenic information

and linked genes [60, 61, 68] (Figs. 3.1A, Supplementary Fig. 3.8). We reconstructed the

DBD+CTE amino acid sequence at three ancestral nodes: the ancestral SRR (AncSRR,

the bilaterian ancestor), and its two descendants, Ancestral Estrogen Related Receptor (An-

cERR), and the ancestor of all chordate SRs (AncSR1). Strong to moderate statistical

support was evident in our ancestors, as expressed in terms of the mean posterior proba-

bility over sites. (AncSRR, PP = 0.88, AncERR, PP = 0.96, and AncSR1, PP = 0.87)

(Supplementary Fig. 3.8). More importantly, these reconstructions contain 4, 12, and 14

sites, respectively, that are ambiguously reconstructed (secondary states with PP ≥ 0.2).

There is no ambiguity in the RH.

The phylogeny of SRRs, together with the extant structures, indicates that SF1 receptors

are the closest outgroup clade to the ERRs. SF1, like the ERR, shares the same structural

preference for the TCA extension (Fig. 3.1A) [90, 153]. Activation assays with our yeast

reporter strains indicated that the Trichoplax adherens DBD, the simplest metazoan DBD,

also had a preference for the TCA extension (Supplementary Fig. 3.9). The most parsimo-

nious hypothesis that follows from the phylogeny is that ancestral SRR was ERR-like, with

a preference for the TCA extension lost on the lineage leading to AncSR1. We conducted
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reporter activation assays with our yeast reporter strains, and found that both AncSRR

and AncERR activated specifically from palindromic response elements containing the TCA

extension (Figs. 3.1E,G). AncSR1 activated from both types of palindromic elements, with

and without the extension, suggesting that the preference for the extension was lost on this

lineage. Ancestral preferences were conserved to the present, on the lineages leading to

hERR β, and hER α, respectively (Figs. 3.1F, G). Across ancestors and extant proteins,

little to no activation was observed on half-site elements (Figs. 3.1E,G).

Together, these results are consistent with our parsimonious hypothesis, and indicate

that the presence of a specific 3-bp flanking sequence can have a large effect on recognition

and activation of target genes. Transcription factors therefore read modifications of flanking

sequences very effectively.

3.3.3 Thermodynamic basis of the switch in DNA-specificity — AncSR1

gained macroscopic binding affinity on EREPal

Our flow cytometry results demonstrated distinct DNA preferences for the ancestral proteins

on response elements with and without the extension, suggesting that there might be a

difference in the binding affinities of ancestors on these target elements. We therefore sought

to determine the thermodynamic basis underlying the switch in DNA specificity on the

lineage leading to SR1.

We began by estimating the macroscopic binding affinity of ancestors, KA,Mac, using elec-

trophoretic mobility shift assays (EMSAs). The KA,Mac describes the protein’s macroscopic

binding affinity on a full two-site response element, defined as the product of the binding

affinity of each monomer on each half-site, which includes any cooperativity between sites.

We found that the KA,Mac of AncERR on Ext EREPal was about 30-fold higher than

EREpal, consistent with its specific activation from Ext EREPal (Figs. 3.2A, B). The deep-

est ancestor, AncSRR, exhibited a moderate 4-fold preference for Ext EREPal compared to
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EREpal; but this ancestor also specifically activated from Ext EREPal, indicating that even

moderate quantitative differences in thermodynamic parameters can result in a difference in

activation (Fig. 3.1G). On the lineage leading to AncSR1, this preference for the extension

was reduced to 1.7-fold with an increase in KA,Mac on EREpal; Consistent with this, we

found that the close affinities of binding on the two response elements led AncSR1 to activate

from both types of extensions in Ext EREPal and EREpal (Figs. 3.1G, 3.2A, B).

A caveat in our EMSA experiments is that they are analyzed assuming equilibrium,

though this assumption can be violated under certain conditions. We therefore performed

equilibrium isothermal titration calorimetry (ITC) experiments on AncERR and AncSR1 to

obtain independent estimates of KA,Mac (Figs. 3.2C — F). Consistent with EMSAs, we

found that AncERR has a 30-fold preference for Ext EREPal compared to EREpal (Figs.

3.2C, D, G, H). The difference in KA,Mac on the two response elements corresponds to a

∆∆G of -2.1 +/- 0.6 kcal/mol, suggesting that about 1 kcal/mol, could be obtained solely by

contacting the TCA extension on each half-site of Ext EREPal. ITC experiments on half-

site REs further corroborated this result (Supplementary Fig. 3.10) . In contrast, AncSR1

had no preference for the extension, binding with similar KA,Mac on both elements (Figs.

3.2E — H).

The EMSA and ITC results together suggest the evolution of a new KA,Mac on EREpal

following the duplication event. The preferences of post-duplication ancestors from ITC

data are consistent with that of EMSAs, indicating that a simple assay like EMSA can still

yield reasonable quantitative trends for investigating protein-DNA thermodynamics and its

evolution (Supplementary Fig. 3.11). In our ITC experiments, the change in the enthalpy

for the deepest ancestor AncSRR was too low to obtain reliable thermodynamic estimates

for meaningful comparisons and a polarization of these energetics. However, the EMSA and

ITC data together, yield thermodynamics that are consistent with the ancestral activation

profiles (Figs. 3.1G, 3.2B, 3.2H).
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Figure 3.2: AncSR1 gained macroscopic binding affinity on EREpal

3.3.4 Evolution of enthalpy and entropy post-duplication

In addition to providing equilibrium ∆G estimates of protein-DNA binding, ITC data also

provide valuable information on the mechanism of binding for different response elements

by deconvolving the free energy of binding into the enthalpic and entropic components. We

asked whether AncERR and AncSR1 differed in their mechanism of binding on EREpal and

Ext EREPal.
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Figure 3.2: (continued) A. Estimates of KA,Mac of ancestors on two-site DNA elements
Ext EREpal and EREpal as tested by EMSA. Error bars show mean +/- SEM from triplicate
experiments. B. Summary of evolution of flanking sequence preference from the KA,Mac
determined from the EMSA fits. The estimated mean macroscopic binding affinities, KA,Mac

(units of M−2), of dimers on Ext EREpal (orange) and EREpal (pink) are mapped on the
SRR phylogeny to show the evolutionary trajectory. A cartoon of response elements is
shown in the box on the left, color-coded according to Fig. 3.1E. Data show mean KA,Mac
from panel A. AncERR and AncSRR prefer extension, while AncSR1 does not. C-F show
representative ITC thermograms for post-duplication ancestors, AncERR and AncSR1 tested
on Ext EREpal and EREpal. The heat of dilution of the protein into buffer has been
subtracted out by performing control experiments of protein into buffer. G. Estimates of
KA,Mac from ITC for AncERR and AncSR1 binding to Ext EREpal and EREpal. Error
bars show mean +/- SEM from two replicates. H. Summary of evolution of flanking sequence
preference from the KA,Mac determined from the ITC fits. The estimated mean macroscopic

binding affinities, KA,Mac (units of M−2), of dimers on Ext EREpal (orange) and EREpal
(pink) are mapped on the SRR phylogeny to show the evolutionary trajectory. The cartoon
of response elements is shown in the box on the left, color-coded according to Fig. 3.1E.
Data show mean KA,Mac from panel G. AncERR prefers extension, while AncSR1 does
not. I. The decomposition of total free energy, ∆GT , into the total enthalpic (∆HT ) and
total entropic (T∆ST ) components of binding for two-site response elements. The x-axis
depicts the cartoon of response elements tested, Ext EREpal and EREpal, for AncERR and
AncSR1.

We found that in all cases, binding was entropically favorable. It was enthalpically

unfavorable when there is no extension, but enthalpically favorable when there is a TCA

extension (Fig. 3.2I). AncSR1’s binding to EREpal was less enthalpically ufavorable than

AnERR’s binding to EREpal, with a ∆∆H of -4.1 kcal/mol (∆∆H = ∆H AncSR1EREpal

- ∆H AncERREREpal ) (Fig. 3.2I).

This result suggests two possible scenarios during evolution: i) either AncSR1 evolved

substitutions that decrease the enthalpic penalty for binding EREpal, or, ii) substitutions

that increase the enthalpic penalty for EREpal-binding evolved on the AncERR lineage.

The ITC data do not allow a polarization of the directionality of evolution. However, the

activation profiles of ancestors show that AncSRR was ERR-like, making scenario ii) less-

likely (Fig. 3.1G). Therefore, AncSR1 likely enhanced its affinity and activation on EREpal

through the evolution of substitutions that reduce the unfavorable enthalpy for EREpal
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binding (Fig. 3.2I). The evolution of a predominantly major groove binder could have

entailed a reduction in the unfavorable enthalpy of binding on this groove post-duplication,

even though binding is still primarily entropy-driven, a result consistent with the general

observation that favorable enthalpy drives proteins to bind the major groove [113].

3.3.5 Loss of preference for the extension entailed the strengthening of

half-site binding affinity

Evolution of a new KA,Mac could involve changes in half-site affinity, cooperativity, or both.

To determine if the loss of preference for the extension on the SR1 lineage was enabled

through a change in half-site affinity or cooperativity, or both, we conducted half-site binding

experiments using EMSA to partition the KA,Mac into the two components — half site

binding affinity, and cooperativity.

We first estimated the half-site affinities of all ancestors on half-site response elements,

EREhalf and Ext EREhalf (Fig. 3.1E). Both AncSRR and AncERR preferred the extension

by 3-fold and 9-fold, respectively (Figs. 3.3A, B, D, E). In contrast, the ancestral preference

for the extension was reduced to 1.5-fold on the lineage leading to AncSR1. The EMSA data

also show a 3-fold gain in the affinity for EREhalf on AncSR1 lineage, suggesting additional

shifts in function along the SR lineage — Despite apparently reducing preference for the

extension, AncSR1 still binds to its target sequences with affinity similar to that of AncSRR

on Ext EREhalf (Fig. 3.3E).

These results are consistent with the inferences drawn from palindromic response el-

ements, and imply a scenario where AncSR1 enhanced its affinity on EREPal through

strengthening its half-site affinity on EREhalf. This way, the AncSR1 DBD compensated

for the ancestral loss of affinity from specifically preferring the TCA extension (Figs. 3.2B,

3.3E). Our inferences are robust to uncertainty in the reconstructions, tested by incorporat-

ing all ambiguous sites (defined as PP ≥ 0.2) for each ancestor onto its maximum likelihood
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reconstructed sequence (Supplementary Fig. 3.12) . Further, the ancestral preferences for

the extension, and loss thereof, are retained to the present on the lineages leading to human

ERR β and human ER α, respectively (Supplementary Fig. 3.13).

3.3.6 Loss of preference for the extension was not accompanied by a

change in cooperative binding

Loss of recognition of the 5’ extension would reduce the specificity of the SR1 transcription

factor’s half-site motif to 6 bases from 9; But extant SRs bind 12-bp palindromic DNAs as

dimers — which should increase the specificity of their binding dramatically. It has been pre-

viously established that extant SRs descend from an ancestor with little to no cooperativity

[98]. The observation that ERRs have a monomeric preference for Ext EREhalf, raises the

possibility that either ERRs are like SRs, with little to no cooperativity, or anti-cooperative

receptors [53, 77].

To test if the loss of preference for the extension was accompanied by the loss of anti-

cooperativity on the AncSR1 lineage, we estimated the cooperative binding constants of

ancestors using EMSAs . We jointly estimated the half-site binding affinity KA, and the

cooperativity constant, ω, by performing a global fit of the half-site and two-site data using

a modification of statistical thermodynamic approaches developed by Senear and Brenowitz

[127] (Fig. 3.3F). We found the KA estimated from the global fit to be comparable to from

the half-site data alone, indicating the two-site EMSA data do not generate vastly different

half-site affinities (Figs. 3.3D, G).

To verify that our global fit approach can detect strong cooperative binding when it exists,

we first tested it on a system known to have strong cooperative behaviour — the binding of

ancestral keto-steroid receptor protein (AncSR2) on its consensus motif, the steroid response

element [98, 15, 73, 37] (Fig. 3.1A). We recovered a very strong cooperativity constant of

(ω > 14) consistent with previous publications, suggesting that our approach can detect
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Figure 3.3: New DNA-specificity evolved through changes in half-site affinity and
not cooperativity. AncSR1 gained affinity on the half-site motif EREhalf, with
no novel evolution of cooperative binding. A-C. Model fits show binding of ancestors
on half-site DNA elements, EREhalf (magenta) and Ext EREhalf (orange), as tested using
EMSA for estimating KA. Black trends are for control oligos, composed of a randomized
sequence with the same base composition as the half-site oligos. D. Half-site KA as estimated
from the fits shown in A-C. Error bars show mean +/- SEM of three experimental replicates.
Bars are colored according to the color for half-site response elements described in Fig. 3.1E.
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Figure 3.3: (continued) E. Summary of the evolution of flanking sequence preference from
half-site experiments. The estimated half-site affinities, KA (units of M−1), of monomers
on Ext EREhalf (orange) and EREhalf (pink) are mapped on the SRR phylogeny to show
the evolutionary trajectory. The cartoon of response elements is shown in the box on the
left, color-coded according to Fig. 3.1E. Data show mean half-site affinities from panel D.
AncSRR and AncERR prefer extension, with a reduction in this preference on the lineage
leading to AncSR1. Bars are colored according to the color for half-site response elements
described in Fig. 3.1E. F. Representative global fit of half-site and two-site DNA binding
data of AncERR bound to its target elements using EMSA. fboundi represents the fraction
of DNA bound to exactly 0,1 or 2 ligands. fbound half is half-site data from panel A. G.
Half-site binding affinity KA, plotted on the log10 scale, as calculated from the global fit of
two-site and half-site data. Global fit KA estimates agree with those estimated from half-
site alone, shown in panel D. Bars are colored according to the color for half-site response
elements described in Fig. 3.1E. H. Cooperativity constant, ω, estimated from the global fit
of half-site and two-site data using statistical thermodynamic models. The boxed inset shows
the response elements tested for estimating ω. I. ∆Gω estimated from EMSA data shown in
H. Dotted line shows the cooperativity ( ∆Gω) of AncSR2, a strongly cooperative protein, as
estimated using EMSA. J. ∆Gω estimated from ITC experiments on AncERR and AncSR1.
Dotted line shows the cooperativity ( ∆Gω) of AncSR2, a strongly cooperative protein, as
estimated using ITC. The boxed inset shows the response elements tested for estimating
ω. K. Proposed trajectory for cooperative binding, as inferred from panels H and J. All
ancestors are weakly cooperative.
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strong cooperative binding when it exists [98] (Supplementary Fig. 3.14A). We found An-

cSR2’s strong cooperative constant to stand above experimental uncertainty and imprecision

in the estimates of K1 and K2.

Using the global fit approach on EMSA data, we found that all ancestral proteins —

including AncSR1 were weakly cooperative on palindromic DNA elements (Fig. 3.3H). These

DBDs did not inherently possess a kSR level of cooperativity, with average ω values ranging

from 2 to 6 corresponding to ∆G′s of small effect (Fig. 3.3H, I). The weak DNA-binding

cooperativity of ancestral proteins was also found to be conserved to the present, on the

modern lineages leading to ERs and ERRs (Supplementary Figs. 3.14B—D). That the

human ERR β DBD is weakly cooperative just like the ER α DBD is contrary to the non-

cooperative expectation that follows from previous studies [53, 77]. To rule out any artifact of

model fitting on the estimates of cooperative constant, we analyzed the AncERR data using

an alternate approach that can quantify the cooperative constant from monomer bands alone,

capitalizing on the unique strength of EMSAs over other assays (Supplementary Fig. 3.16).

Using this approach, we recovered an ω value of 3.16 for AncERR, further corroborating our

inferences from the global fitting approach for this protein.

We also analyzed the ITC data of AncERR and AncSR1 binding to Ext EREPal and

EREpal to deduce orthogonal estimates of cooperative constants. We found that ITC can

detect strong DNA-binding cooperativity in AncSR2 directly from the estimates of ∆G1 and

∆G2 obtained from a two-site ITC experiment, with an inference of cooperativity constant

comparable to that of EMSAs and known kSR literature (Supplementary Fig. 3.14 E). Us-

ing this simple approach, we found that AncSR1 is weakly cooperative on both response

elements, Ext EREPal and EREpal, a result consistent with EMSA (Figs. 3.3I, J ). An-

cERR also has weak DNA-binding cooperativity on Ext EREPal, consistent with inference

from EMSA. On EREpal, the AncERR DBD has some anti-cooperativity, not observed in

our EMSA experiments (Fig. 3.3J). We reasoned that the two-site ITC data by itself could
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sometimes contain insufficient information to uniquely disentangle two very similar half-site

affinities and enthalpies; the estimate of cooperative constant could be unreliable in these

cases. To test if the anti-cooperativity of AncERR is real or the potential inability of the

model to uniquely disentangle parameter estimates, we combined with KA,Mac the ∆G1

estimated separately from ITC experiments of AncERR binding on EREhalf to estimate

the cooperative constant (Supplementary Fig. 3.9). This analysis led to a very weak posi-

tive DNA-binding cooperativity that is consistent with EMSA, suggesting that the negative

cooperativity was associated with non-unique parameter values (Supplementary Fig. 3.14F).

Taken together, these results imply that the evolution of derived preference in AncSR1

was not accompanied by the loss of anticooperativity in AncSR1, All ancestors are weakly

cooperative. Loss of extension preference was therefore only accomplished by a gain in

half-site affinity in the SRs (Fig. 3.3K).

3.3.7 Genetic basis of the switch in DNA specificity

Next, we sought to identify the evolutionary genetic changes that were sufficient for the shift

in function on the AncSR1 lineage. To this end, we investigated the genetic mechanisms

underlying the evolution of loss of preference for the extension, and gain of activation from

EREpal.

The crystal structure of hERR β DBD:DNA binding suggests that a modular specificity

could exist — with the specificity for the half-site EREhalf encoded in the DBD, and the

specificity for the 3bp extension TCA encoded in the CTE [53] (Fig. 3.1C).

There are 16 amino acid differences between AncSRR and AncSR1, 3 in the CTE, and

13 in the DBD (Fig. 3.4A). We first investigated the genetic changes underlying the loss of

preference for the extension. There are only 3 changes in the CTE on the lineage leading

to AncSR1, e75G, q87T, y89R (lowercase denotes ancestral amino acids; upper case denotes

derived states) (Fig. 3.4A). All 3 residues are strictly conserved in the ERRs, but not in the
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ERs. When we introduced all the derived CTE changes into AncSRR (AncSRR+3CTE),

there was still preference for the extension, indicating the involvement of other substitu-

tions in the DBD, or the non-modularity of this function (Fig. 3.4B). We also observed

a small increase in activation on EREpal, without a concomitant increase in activation on

Ext EREPal.

We then sought to determine the genetic changes that were sufficient for the gain of acti-

vation from EREpal. There are 13 changes between the derived and ancestral DBD proper

(Fig. 3.4A). Based on patterns of conservation and sturctural positioning, we introduced 3

of these 13 derived DBD changes onto the AncSRR background, together with the 3 pre-

viously tested derived CTE changes (AncSRR 3DBD+CTE). These three residues in the

DBD, l22W, t34S and k50T are fully conserved in modern ERs and we hypothesized that

they might be important for binding and activation on EREpal. We found that this Anc-

SRR construct, with 3DBD+CTE changes, activated from EREpal, with a fold activation

comparable to that of AncSR1 (Fig. 3.4B). This demonstrates that the 3 DBD substitutions

that evolved on the lineage to AncSR1 together with the CTE changes, were sufficient for

the shift in activation on EREpal. We did not observe a concomitant increase in activation

on Ext EREPal, suggesting either epistasis between the DBD and CTE substitutions, or

that our activation assay reached a maximum threshold.

The three derived DBD substitutions are located at critical positions in the protein.

I22W is adjacent to several backbone-contacting residues, binding just outside the core RE

(Fig. 3.4C). It presumably works by increasing the affinity on EREhalf, by positioning the

RH on the 6 bp half-site. The other two substitutions, t34S and k50T, are located in the

RH, and on the loop just past the dimer interface, respectively. These substitutions could

further enhance half-site affinity and dimer stablization on EREpal (Fig. 3.4C).

One might have expected from the crystal stucture of human ERR β:DNA binding that

the CTE should be very important for specifying preference for the extension. Contrary
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to this expectation, our results show that on the historical interval between AncSRR and

AncSR1, the derived CTE changes by themselves do not encode a modular preference for

the extension. If the CTE substitutions by themselves were not important for the loss of

preference for the extension, what is the role of the CTE for DNA-binding in ERRs and

SRs? To investigate this more broadly, we created CTE truncation mutants of AncERR and

AncSR1, and tested their ability to bind half-site and palindromic response elements using

EMSA. We found that the CTE is required for DNA binding in AncERR and AncSR1,

on every DNA element tested (Supplementary Fig. 3.15). It has been previously shown

that the CTE is required for DNA binding by both human ERR β and hER α DBDs,

suggesting that the ancestral dependence on the CTE is conserved on the lineages leading to

the present [53, 100]. AncSR1 CTE truncation binds with a very weak KA,Mac to EREpal

and Ext EREPal, suggesting that the CTE is still required for high affinity binding. The

dependence on the CTE for high affinity binding is therefore a conserved feature in SRR

nuclear receptor family.

Our genetic experiments demonstrate that binding and activation from the extension

is a non-modular feature of SRRs. As few as six changes in the DBD and CTE were

sufficient to recapitulate the gain in activation from EREpal. We hypothesize that these

substitutions work by enhancing the 6-bp half-site affinity to producing predominantly major

groove binders from an ancestral mode of binding to both the major and minor groove

flanking extension.

3.4 Discussion

Our findings indicate that DNA specificities evolved in ERRs and SRs from an ancestral

ERR-like receptor. We can now begin to map the evolutionary trajectory of SRRs on the

phylogeny, depicting information on structural preferences of the nuclear receptors, their

mode of DNA binding and gene activation (Fig. 3.5A).
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Figure 3.4: Three mutations in the DBD along with the derived CTE are sufficient
to explain the derived specificity. A. Alignment of AncSRR and AncSR1 sequences.
Only residues that are different between the two sequences are shown. Arrows show the
substitutions tested in the genetic experiments, in the core DBD and the CTE. The RH and
CTE are colored grey. Resides numbering is indicated on top. B. Fold activation of ancestral
WT DBDs and select mutants on the palindromic response elements depicted in the box on
the top left. Bars are color coded according to the response elements tested, as shown in
Fig. 3.1E. SRR with 3 mutations in the DBD and derived CTE recapitulates fold-activation
profile of the derived protein AncSR1. Bar heights indicate fold activation relative to the No
DBD-No RE control with SEM of three experimental replicates. C. The position of derived
substitutions shown in panel A, is mapped on the human ERR β structure.
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Figure 3.5: Summary of the evolutionary trajectory of SRRs. A. AncSRR and An-
cERR bind with strong affinity and weak cooperativity to elements with the TCA extension.
The affinity and cooperativity are depicted by vertical lines connecting the monomers to
the half-sites, and protein-protein interface, respectively. The dotted lines connecting the
protein-protein dimers on Ext EREpal elements represent the rare nature of these response
elements; very few genomic sites should have this structure; the most likely binding event
might be to direct repeats of Ext EREhalf. The preference of AncSRR is retained to the
present on the lineage leading to human ERR β. AncSR1 evolved to bind to elements with-
out the TCA extension, a transition that entailed six mutations, three in the core DBD, and
three in the CTE. The weak ancestral DNA-binding cooperativity of AncSRR was however
retained in AncSR1, so this transition was only achieved through changes in the half-site
affinity. There was no overall change in the affinity of AncSR1 on its target response ele-
ments, with the derived protein binding equally well as AncSRR on Ext EREPal elements.
The preference of AncSR1 is retained to the present, on the lineage leading to human ER
α. The outgroup receptor clade SF1, and Trichoplax adherens DBD are ERR-like, with
unknown single-site affinity and cooperativity. Binding and activation from EREpal is a
derived feature that evolved on the SR lineage. Palindromic response elements are depicted
as a cartoon are colored according to Fig. 3.1E. B. Summary of results pooled from four
different experiments support the trajectory shown in panel A. Preference for the extension
is indicated as a ’+’; ’-’ indicates no preference; ’na’ indicates lack of estimate for the deepest
ancestor AncSRR, from ITC experiments.
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The SF1 receptor clade, the clade closely related to ERRs, has a similar mechanism

of DNA binding to that of ERRs, with a preference for the TCA extension [90, 153, 53].

Consistent with its structural preference, it has been shown to activate from elements with

the specific extension. The DNA-binding cooperativity and affinities of SF1 have yet to be

characterized (Fig. 3.5A).

The function of the Trichoplax adherens SR/ERR gene was unknown until this study.

The extant diversity of SRs and ERRs can be traced to this single SR/ERR gene at the base

of the bilateria, and subsequent duplications have diversified the functional repertoire of SRR

genes. The Trichoplax SR/ERR gene co-orthologous to both ERRs and SRs; so it could be

either SR or ERR-like. We distinguished between these possibilities using yeast activation

assays and found the DBD was ERR-like, only activating from response elements with the

TCA extension (Fig. 3.5A). This result, together with our previous results demonstrating

that AncSRR was ERR-like, activating from response elements with the TCA extension,

suggests that the gain of activation from EREpal is also a parsimoniously supported derived

feature on the SRR phylogeny that evolved on the lineage leading to AncSR1.

Using a combination of different in vitro and in vivo approaches such as mobility shift as-

says, ITC and yeast activation assays, we propose that the most-likely evolutionary trajectory

involved the duplication of an ERR-like ancestor that preferred binding to the TCA exten-

sion (Figs. 3.5A, B). This preference was retained on the lineage leading to extant ERRs, but

lost on the lineage leading to extant SRs. Human proteins retain the ancestral preferences.

The genetic experiments suggest that as few as three derived substitutions in the derived

DBD together with the CTE enhanced the affinity on EREpal, likely through an increase in

the favorable enthalpy of binding on the 6 bp-half-site (Figs. 3.2B, 3.3E, 3.5B). We found

that these derived substitutions are also present in the AncSR1 protostome-deuterostome

ancestor, suggesting that the loss of dependence on the flanking sequences evolved before

protostome and deuterostome SRs diverged from one another (Fig. 3.1A). Immediately after
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duplication, there could have been competition for palindromic response elements with the

TCA extension by the AncERR and AncSR1 (Fig. 3.2B). After duplication, the affinity

of binding on response elements with the TCA extension and without the extension were

strengthened on the lineages leading to AncERR and AncSR1 respectively, such that post-

duplication ancestors now retain distinct specificity on their preferred response elements

(Figs. 3.2B, 3.3 E).

This shift only entailed an increase in affinity on EREhalf, with no changes in cooperative

binding. All ancestral DBDs, including AncERR, and human ERR were found to be weakly

cooperative on palindromic response elements. The ERR DBD has a 9-bp monomeric pref-

erence, and in this study we ruled out the possibility that ERRs might be non-cooperative.

However, the observation that the ERR DBD is weakly cooperative, just like the ER DBD

raises a conundrum: why do the CHIP-SEQ experiments and protein binding microarrays

not recover a dimeric palindromic invert repeat element of the structure of Ext EREPal for

the cooperative ERR DBD? We suggest that the most likely explanation is the availability

of binding sites of the structure of Ext EREPal. Such 21-bp sites will not be common in

the genome, as opposed to the availability of 9-bp Ext EREhalf response elements. ERRs

appear to have the ability to bind and activate from independent Ext EREhalf elements

as monomers, or as weakly cooperatively as dimers when the right response elements and

spacings are presented. Our choice of Ext EREPal has been motivated by the question of

cooperative binding of the DBD on a palindromic inverted repeat response element.

Extant transcription factors bind distinct DNA-sequences, but little is known how the

key determinants of DNA specificity — namely the single-site affinity and cooperativity of

binding, interact and evolve to generate proteins with new thermodynamic properties and

response element activation. In this study, we mechanistically dissected one such transition

involving ERRs and SRs, by pursuing an integrative approach combining phylogenetics, an-

cestral protein reconstructions, thermodynamics and gene activation to show how distinct
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DNA specificities evolve, with a focus on the loss of flanking sequence preference during

protein evolution. Whether the transition in protein function preceded, followed, or accom-

panied the evolution of EREpal binding sites is unknown Our results have implications for

computational prediction of such preferences, and understanding how new gene regulatory

systems emerge from ancestral systems.

3.5 Methods

3.5.1 Phylogenetics and ancestral sequence reconstructions

All annotated steroid and related receptor gene sequences were downloaded from Uniprot/Swissprot,

Genbank Joint genome institute and flybase databases. 223 total receptors were chosen to

minimize redundancy and maximize coverage across the metazoan phylogeny. Eight new

receptors were also included (gift from Paul Cziko), which comprised of newly discovered

hemichordate SRs, the basal deuterostome SR (Chaetognath), protostome ERs and basal

deuterostome ERRs. We removed the hinge region and aligned the 82 amino-acid DBD,

the 20 amino-acid C-terminus extension and the LBD using the Multiple Sequence Align-

ment by Log-Expectation (MUSCLE) program [47]. The alignment was manually checked

to remove sequences that had < 80% coverage of the DBD, lineage specific indels, or highly

divergent sequences with propensity for long-branch attraction. The ML phylogeny was

inferred from the alignment using PHYML v3 [61] and the Jones-Taylor-Thornton model

with gamma-distributed among-site rate variation and empirical state frequencies, which

was the best-fit evolutionary model selected using the Akaike Information Criterion imple-

mented in PROTTEST software [36]. Statistical support for each node was evaluated by

the approximate likelihood ratio criterion. The ML Tree was constrained according to the

chordate duplication hypothesis to incorporate information from genome-wide synteny and

linked genes (https://scholarsbank.uoregon.edu/xmlui/handle/1794/18733). This ensured
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the correct relationships between the cyclostome SRs and newly discovered hemichordate

SRs. Ancestors were reconstructed using the maximum likelihood method implemented in

the PAML software 4.7 in the codeml program [157]. The distribution of posterior proba-

bilities is from all sites in the DBD and the CTE. To determine the robustness of inferences

made from ML ancestors to statistical uncertainty in the reconstruction, we identified all

plausible alternate reconstructions — sites with alternate posterior probability PP > 0.2,

and introduced all of them together on the ML reconstruction.

3.5.2 Protein purifications for EMSAs

Ancestral and human ERR β cDNA sequences were synthesized from GeneScript and sub-

cloned into the pETMALc-H10T vector C-terminal to a cassette containing a 6xHis tag,

maltose binding protein (MBP) and a TEV protease cleavage site. Human ER α and Tri-

choplax adherens DBDs were a generous gift from Jamie Bridgham. For EMSAs, ancestral

and extant proteins were purified according to protocols in the previously published paper

with minimal modifications [140]. DBDs were expressed in BL21(DE3) pLysS Rosetta cells.

Protein expression was induced by first beginning a starter culture and then adding 1 mM

IPTG at A600 of 0.8 —1.2 to a litre of large growth culture the following day. After induc-

tion, cells were grown overnight at 15C. Cells were harvested via centrifugation and frozen at

-20C overnight in polyprene bottles. The next day, cells were lysed for about 40 mins on ice

using B-PER Protein Extraction Reagent Kit without the need for sonication (ThermoSci-

entific). The clear Lysate was loaded onto a pre-equilibrated 5ml HisTrap HP column (GE)

and eluted with a linear imidazole gradient (25mMto 1M) in 25mMsodium phosphate and

100mM NaCl buffer [pH 7.6]. The DBD was cleaved from the MBP-His fusion using TEV

protease in dialysis buffer consisting of 25 mM sodium phosphate, 150 mM NaCl, 2 mM bME

and 10% glycerol [pH 8.0]. The cleavage products were loaded onto a 5 ml HiPrep SP FF

cation exchange column (GE) and eluted with a linear NaCl gradient (150mMto 1M) in 25
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mM sodium phosphate buffer [pH 8.0]. DBDs were further purified on a Superdex200 10/300

GL size exclusion column (GE) with 10 mM Tris [pH 7.6], 100 mM NaCl, 2 mM bME, 5%

glycerol. Protein purity was assayed after each purification by visualization on a 12% SDS-

PAGE gel stained with Bio-Safe Coomassie G-250 stain (Bio-Rad). Purified protein aliquots

were flashed frozen in liquid nitrogen and stored at -80C. Protein folding and aggregation

states were measured using circular dichroism (Jasco J-1500 CD) to make sure that they

were in good biophysical conditions. For EMSAs, protein aliquots were thawed, spinned and

the supernatant was used for Quick StartTM Bradford Assay (Bio-Rad) to quantify protein

concentrations.

3.5.3 Protein purifications for ITC

For ITCs, we needed high concentration of proteins (500 uM to 1mM), so proteins were

purified using a protocol very similar to that used for EMSA, but optimized to increase

the concentration. We incorporated the following modifications: In the Ni-NTA purification

using the HisTrap column, we increased the salt concentration to remove non-specific binding

and added some glycerol and TCEP reducing agent to favor the protein. The following buffers

were used: His Buffer A 25 mM Phosphate buffer, 0.5 M NaCl, 25 mM Imidazole, pH 7.6,

10% Glycerol, 1 mM TCEP; His Buffer B 25 mM Phosphate buffer, 0.5 M NaCl, 25 mM

Imidazole, pH 7.6, 10% Glycerol,1 mM TCEP. In the TEV cleavage step, a simple dilution

step was used to replace the dialysis step, in order to reduce dramatic protein precipitation

during dialysis. The FPLC was run at 2ml/min with linear elution. We diluted the Ni-NTA

fractions 4x using Heparin Buffer A, and added 5M NaCl to adjust the salt concentration

to a final 250 mM. TEV protease was added and the protein left at 4 deg overnight. We

replaced the cation exchange column with heparin purification, an affinity purification to

remove his-MBP tag and other impurities. Different salt concentrations for binding to the

column needed to be optimized for ancestral DBDs. The following buffer compositions were
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used: Heparin Buffer A 25 mM Phosphate buffer, pH 7.6, 1 mM TCEP; Heparin Buffer B 25

mM Phosphate buffer, 1M NaCl, pH 7.6, 1 mM TCEP, and the FPLC run at 2 ml/min with

linear elution. We finally concentrate fractions from Heparin elution and load using 1 or 2

ml loop onto a gel filtration column by S75 to remove any aggregates and trace impurities.

Gel filtration Buffer: 20 mM Tris, 130 mM NaCl, pH 7.6, 1 mM TCEP. FPLC run at 1

ml/min.

3.5.4 Response element preparation for EMSA and ITC

Half-site and palindromic DNA constructs were ordered from Eurofins Operon as salt-purified

single stranded oligos with the forward strand labeled at the 5-end with 6-FAM. Sequences

of the oligos are presented in Fig. 3.1E, and we ordered their forward and reverse strands.

A 20-bp flanking sequence (AATTGCAACATTACACATCT) was added to prevent hairpin

formation and clean annealing of oligos. This sequence was the same for all oligos, including

that of control experiments, and no binding was detected to the flanking sequence in our

control experiments. Forward and reverse strands were re-suspended in duplex buffer (30

mM HEPES [pH 8.0], 100 mM potassium acetate) to a concentration of 100 mM. Equimolar

quantities of complementary forward and reverse strands were combined and placed in a

95C heat block for 10 min then slowly cooled to room temperature. The double stranded

product was diluted to 5 uM in water, and stored in 40 uL aliquots at -20 degrees in UV

resistant microfuge tubes. On the day of the EMSA experiment, the oligos were dissolved

to 5nM concentration in the EMSA buffer.

For ITC, 0.2 umol HPLC purified ssDNA corresponding to all half-site and palindromic

response elements were ordered from Eurofins. Response elements were prepared fresh on the

day of the ITC experiment after setting up their annealing the previous night. Each ssDNA

oligo was dissolved in duplex buffer to achieve a final concentration of 400uM. Annealed

oligos were dissolved in the same dialysate as that of the protein after the size exclusion
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column run on the day of the experiment.

3.5.5 EMSA experiments

Quantitative F-EMSAs were used to measure the binding affinities of ancestral proteins to

fluorescein-labeled dsDNA oligonucleotides (FAM-DNA). FAM-DNAs were produced by an-

nealing equimolar complementary ssDNA strands (HPLC purified; Eurofins) as described

above. Typical reactions consisted of 5 nM FAM-DNA equilibrated with varying concentra-

tions of protein in assay buffer for 30min at room temperature (20 mm Tris, pH 7.5, 150 mm

NaCl and 1mM DTT). Immediately prior to loading, one-twentieth volume of 30% (v/v)

glycerol, 0.01% (w/v) bromcresol green was added to each reaction as a dye marker. A 10 ul

sample of each reaction was loaded onto a pre-run 8% native polyacrylamide gel in pre-chilled

0.5TBE buffer. The gels were run for 40 min at 100 volts then immediately scanned using a

fluor-imager (Bio-Rad GelDoc) with a blue laser at 491 nm. Pixel intensities corresponding

to fraction bound and unbound were estimated using the freely available ImageJ software.

3.5.6 Modeling affinities and cooperativity from EMSA data

To determineKA and ω with high confidence, we performed two experiments for each protein-

DNA pair, one involving half-site binding and one involving palindromic DNA binding.

The Standard Langmuir isotherm was used to model the half-site binding data, although

some non-idealities resulting from the inability of the imager to image low concentrations of

fraction bound necessitated some modifications. We used the following equation for half-site

binding: fraction bound b+ (m− b)/(1 + ((Kd/conc)
n))

where b is the baseline signal, m is the maximal signal, Kd is the dissociation constant,

conc is the concentration of the protein [nM], and n is the hill slope.

Estimating KA and ω from palindromic data alone was only meaningful when there is

clear separation of ligated states from the EMSA gels. K1 and K2 could not be uniquely

89



resolved with the palindromic data alone when there is insufficient data for the monomer

bound fraction. We added half-site data to that from the palindromic binding experiment

to uniquely estimate KA and ω from five different data series — fraction unbound and frac-

tion bound by monomers (fbound half) from half-site binding; fraction unbound (fbound0),

monomer bound (fbound1) and dimer bound (fbound2) from two-site binding. We applied

a global fit, based on the Senear and Brenowitz models (1991) [127] to estimate KA and

ω simultaneously. Once K1 and K2 were estimated, the KA,Mac was calculated as their

product. The half-site and two-site data were fit to the following equations:

fbound0 = 1/Z

fbound1 = ((k1 + k2) ∗ conc)n/Z

fbound2 = (k1 ∗ k2 ∗ ω ∗ conc2)n/Z

fboundhalf = (b+ (m− b)/(1 + (1/(2 ∗ k1 ∗ conc)n)))

where, ki are the microscopic association constants, and Z is the partition function.

All procedures associated with image process and model fitting were carried out using

custom R scripts.

3.5.7 ITC experiments

Isothermal titration calorimetry (ITC) experiments were performed on the MicroCal ITC 200

instrument and data were processed using the Microcal ORIGIN software. Measurements

were repeated two times in the ITC buffer composed of 100 mM Tris with 1 mM TCEP.

Additionally, 110 mM NaCl was added to adjust the ionic strength of the buffer. The protein

was dialyzed into the ITC buffer using the sizing column. The response elements were

prepared fresh on the day of the experiment (see section on Response element preparation

for EMSA and ITC) by dissolving in the ITC buffer and de-gassed using the ThermoVac

accessory for 5min. The experiments were conducted with the protein in the syringe and the

DNA in the sample cell. We injected 2ul aliquots of the protein from the syringe into the
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calorimetric cell containing 200 uL of duplex DNA at 25C. The change in thermal power as a

function of each injection was automatically recorded using Microcal ORIGIN software and

the raw data were further processed to yield binding isotherms of heat release per injection

as a function of molar ratio of protein to DNA duplex. The heats of mixing and dilution

were subtracted from the heat of binding per injection by carrying out control experiments in

which the same buffer in the syringe was titrated against the protein or DNA in an identical

manner. For half-site binding experiments we used a final 100 uM protein concentration

and 10 uM DNA. For two-site binding experiments we used 200 uM protein titrated against

12.5uM DNA.

3.5.8 Modeling affinities and cooperativity from ITC data

To extract macroscopic affinities KA,Mac, enthalpy ∆H, entropy ∆S, or half-site affinities

KA ,the binding isotherms were fit to in built one-site, two-site and independent binding

models implemented by non-linear least squares regression analysis in the ORIGIN software.

The KA,Mac was directly obtained from the two-site fit in Origin, as the product of K1

and K2. The cooperativity constant ω was estimated by simply subtracting ∆G2 from

∆G1. When non-unique parameter values were obtained, we estimated cooperativity by

subtracting the total ∆G of binding on the two-site from 2 ∗∆G1 obtained separately from

half-site binding experiments.

3.5.9 Flow cytometry DBD activation assays

These activation assays have been published previously [138], and we adapted the same

protocol. Briefly, we performed all activation experiments in the Saccharomyces cerevisiae

strain K20. Oligonucleotide sequences used for integrating into the yeast genome are shown

in Fig. 3.1E, and were ordered from IDT. They were annealed using the annealing proce-

dure described above in the hepes buffer. We constructed yeast reporter strains containing
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yeast enhanced GFP (yeGFP) under the control of a minimal CYC1 promoter with two

upstream half-site or two-site annealed oligo response elements, integrated into the ADE2

locus. Colony PCR and Sanger sequencing confirmed correct integration of the response

elements at the ADE2 locus. The yeast DBD expression plasmid contained the ancestral

and extant DNA-binding domains with an N-terminal SV40 nuclear localization sequence

and Gal4 activation domain (AD) connected by a flexible linker. Expression of the AD-DBD

fusion protein is controlled by the galactose-inducible GAL1 promoter, in the background of

the pRS413 plasmid containing a HIS selection marker. For flow cytometry, we conducted all

experiments in triplicate using a plate assay. Individual colonies were inoculated in 500 uL

SC-His with 2% raffinose, and incubated for 16h at 30C and 225 r.p.m. in an orbital shaker

incubator. Cells were back-diluted to 0.25 A600 nm in SC-His with 2% galactose (+ G) to

induce DBD expression and grown for an additional 24h. Cells were pelleted and suspended

to 1 A600 nm in 1 TBS. We analysed 10,000 cells of each genotype by flow cytometry on a

BD LSR-Fortessa 4-15, with 488 nm excitation and 530 nm emission.
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A

AR DBD DNA

B

MR DBD DNA

C

D

PR DBD DNA GR DBD DNA

E

       AGAACAnnnCGTACT        AGAACAnnnCGTACT

       AGAACAnnnCGTACT        AGAACAnnnCGTACT

ERα DBD DNA

       AGGTCAnnnTGACCT

Figure 3.6: All SRs DBDs bind as dimers to a palindromic invert repeats of two
short 6-bp half-sites Depicted are the crystal structures of human paralogs in the SR clade
bound to their preferred DNA elements. Each monomer of the DBD binds to a short 6-bp
half-site in the major groove. A 3-bp variable spacer separates the two half-sites.
A. ER α Estrogen receptor α B. AR Androgen receptor C. MR Mineralocorticoid receptor
D. PR Progesterone receptor E. GR Glucocorticoid receptor
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Figure 3.7: Experimental design of DBD activation assays Response elements shown
in Fig. 3.1E were fused to the GFP reporter gene and selectable Ura marker and then
integrated at the Ade2 locus in yeast to yield stable yeast reporter strains. Ancestral and
extant DBD plasmids were transformed into the reporter strains for flow cytometry, selected
using His markers. DBDs were fused to the Gal4AD activation domain at their N-terminus.
DBD expression was induced by galactose a day before flow cytometry was performed.

94



0.5

HapburAR_Q9W6F4/1-299

ChipunAR_D0VX34/1-292

Hapbur2_Q0GJI4/1-287

AtrtroESR1_B6F0Z9/1-287

LamjapER2_K0J1D1/1-267

HomsapNR5A2_O00482/1-280

SusscrNR3C1_Q9N1U3/1-318

HomsapRXRA_P19793/1-301

Apimel2_C4MBZ4/1-201

Petmar2_Q90ZM6/1-233

Lemcat3_B6CK25/1-285

CypcarERa_B0I2X6/1-287

Lotgig2_M4MDR1/1-195

GalgalPGR_P07812/1-310

GobrarAR_D3JLL5/1-299

Azufar2_B9VAX2/1-259

Orylat2_C4B4D0/1-320

Hapbur2_Q6TGB3/1-287

Latmener-beta_M5D554/1-287

Octvul2_Q19AB0/1-261

Chirip2_D1LUZ3/1-202

Corapp2_U5EWZ8/1-200

Myx_ABD46742.1/231-558

MusmusEsrrg_P62509/1-223

AllmisPR_Q765N5/1-266

HaltriAR_Q9DDJ4/1-299

Cypcar2_Q8JJB9/1-287

Latmenar_M5D4J8/1-298

OrylatLOC100302443_C4B4D1/1-327

RhiuniESR1_H6VYN8/1-288

TauadsGCR_D5KU27/1-320

ScytorESR2_E0D6T8/1-287

Parper2_G9B7B5/1-199

BfloSR/178-477

Squaca2_Q90ZE6/1-287

PsenelPR_A8QZK5/1-303

CulquiCpip/1-229

Crohor2_T1E6L4/1-206

CrocroAR_Q8MIK0/1-298

Helrob/1-218

Gadmor2_G8XQV6/1-313

HomsapRXRG_P48443/1-294

Ictpunesr2_Q9IAK1/1-287

MusmusRxrg_P28705/1-295

Latmensf-1_M5D548/1-281

Spiden2_Q1HCL4/1-287

Randybpgr_Q8AYI2/1-309

Danrerrxraa_F1Q4V9/1-301

Pornot2_D3K902/1-307

ReiclatcER1_Q86B27/1-259

ChlaetPGR_A7X8C9/1-309

Argant/1-230

OphhanAR_V8NVD2/1-288

LumRub_ERR1/1-224

Oviari2_Q95L13/1-288

Pladum2_C0IR13/1-248

AedaegERR_157136394/1-203

Acasch2_Q800S7/1-299

HomsapRXRB_P28702/1-300

HomsapESRRA_P11474/1-209

CalMilERRG/1-271

Oncmyk2_Q5WP01/1-328

AngjapPR_Q9IBD5/1-303

Capcap2_C0IRV2/1-245

AllmisMR_L8B7U6/1-328

Psesiear_D7RN81/1-299

SaccKow_ERR/118-354

Xenlaerxrg_P51129/1-298

HomsapNR3C1_P04150/1-318

Taegut2_Q90XC4/1-281

EubmacERa_Q2HWK5/1-287

AcischESR2_B6F0Z8/1-287

LepmacERb_A9XE67/1-287

IxoscaIscW/1-176

Xenlaenr3c2_Q91573/1-328

AcirutAR_D0VX35/1-294

GalgalGR_Q38HX7/1-317

Bostau2_Q865Y6/1-317

Sacckow_SR/1-244

BrafloERR_Q5XTR0/1-206

OrylatAR-alpha_C7G0L4/1-299

Xenlaerxra_P51128/1-301

Tactri2_E3W3U3/1-202

HomsapESR1_P03372/1-288

RatnorEsrrb_P11475/1-202

Chaet_SR/1-297

AtrtroESR2_B6F100/1-287

AllmisESR2_E0D579/1-286

MusmusNr3c1_P06537/1-318

Braflo2_B3V8B7/1-262

OncmykAR-beta_O93245/1-299

CersimESR2_H6VYN7/1-287

LamjapER1_K0J864/1-288

CynpyrGR_E5RSV8/1-318

Oncmykesr2_P57782/1-287

Oncmykesr1_P16058/1-287

OncmykAR-alpha_O93244/1-299

Angjap2_Q9YGV9/1-299

HomsapESR2_Q92731/1-287

Oncmyknr3c1_P49843/1-319

RatnorNr5a1_P50569/1-281

MusmusRxra_P28700/1-301

MyobraD623_S7Q194/1-318

OphhanNR3C2_V8P7Z8/1-328

CrigriI79_G3HEK6/1-317

SusscrPGR_D0EWS6/1-309

Rutrut2_C6K4S5/1-326

Gadmor2_D5FIC7/1-299

Hapbur2_Q0GJI5/1-287

Orylatesr1_P50241/1-287

Halten2_Q7T2K7/1-287

Latmener-alpha_M5D551/1-288

HomsapAR_P10275/1-298

CragigER_A2A113/1-258

PhoHar_ERR/1-202

RutrutERa_Q5CCT6/1-287

Danrerrxrga_F1Q748/1-293

Clagar2_Q90WH6/1-287

Micundesr1_P57753/1-287

AngjapGR_C4TP30/1-321

OphhanNR3C1_V8P997/1-318

TriadhERR_JGI/1-198

OrycunNR3C1_P59667/1-318

AllmisAR_Q1ET26/1-298

PsenelESR2_E0D580/1-287

LumRub_ERR2B/1-229

TricasERR_D6WU20/1-195

MyteduMeER2_Q05K67/1-257

MusmusRxrb_P28704/1-300

HomsapESRRG_P62508/1-208

Xenlaeesr1_P81559/1-288

Xentrorxrb_Q28CI3/1-294

HomsapNR5A1_Q13285/1-281

GalgalNR3C2_G1K325/1-328

Diclaberbeta1_Q6KF58/1-287

Acirut2_I6Q9C7/1-316

Marcor2_Q06AL1/1-259

ProdolESR1_B6F0Z4/1-287

Danrernr3c1_Q1XHK0/1-318

GalgalRXRG_P28701/1-295

AcrechERR_/1-201

Danrernr5a2_Q90YL6/1-280

PtealePAL_L5KYG8/1-273

AcaflagobyERa_A2Q052/1-287

Latjap2_R4S2T8/1-299

AplcalER_Q6VU64/1-262

Xenobocki_ERR/1-142

Micundesr2_P57781/1-287

Acasch2_Q804Q7/1-287

NasvitERR__parasitic_wasp/1-202

OphhanESR2_V8NVE7/1-287

CynpyrESR2_D4QDZ4/1-287

CiointCi-ERR_Q4H3L1/1-205

Petmar2_Q90ZM8/1-288

PetMarERb/115-443

Leueri2_Q1KXY3/1-327

MesaurESR1_Q9QZJ5/1-288

AcaflagobyERb_A2Q053/1-287

Xenlaeesr2_B2NIY4/1-287

MusmusEsrrb_Q61539/1-208

Polvicerr/1-229

DromelERR_Q9VSE9/1-202

AllmisGR_L8B570/1-317

Perflu2_B5AMZ0/1-320

AcischESR1a_B6F0Z6/1-287

Cynsem2_B5M440/1-299

DroanaERR_/1-199

Oncmyk2_Q5WP02/1-328

MusmusNr3c2_Q8VII8/1-326

MizyespyER_D5MTI6/1-257

BostauERR_300798453/1-186

RatnorErra/1-218

MyxGluSR_ABD46743.1/237-563

Leueri2_E1U2A4/1-292

OrenilARa_Q8UWB8/1-296

PetMar_AAK20930.1/62-390

Danreresrrb_Q6Q6F5/1-206

AngjapAR-beta_Q9PWG5/1-299

Galgal2_Q2ACE0/1-298

Xenlaenr3c1_P49844/1-318

LotgigER_Lotgi1/1-260

AmbmexESR1_D4QDZ7/1-288

HomsapNR3C2_P08235/1-328

CanfamERRA/1-217

Micsal2_Q6XSH2/1-287

HomsapPGR_P06401/1-310

MusmusEsr2_O08537/1-287

Scyparerr_D2Y1A7/1-202

ParoliERb_Q8QHK9/1-287

GalgalESR2_Q9PTU5/1-285

HomsapESRRB_O95718/1-206

MizyespyERR_U3SWM9/1-200

Micsal2_Q9DDZ4/1-282

Danrernr3c2_A6YIH7/1-326

GalgalNR5A2_O42101/1-280

Ictpunesr1_Q9YHZ7/1-284

LumRubellus_ERR2A/1-241

Danreresrra_Q6Q6F6/1-206

Ptyflava_SR/1-256

HarsalERR_/1-201

Gasacu2_Q801Z2/1-299

Nuclap2_A5YVJ5/1-260

PlafleMR_H2BQ84/1-328

Xipmac3/1-265

Xenlaepgr_Q9DEV4/1-308

Angjapesr2_O13012/1-287

MyobraD623_S7N6G5/1-260

Danrerar_B9P3Q7/1-293

PsenelAR_A8QZK4/1-298

DappulERR_Dappu1/1-202

Xenlaenr5a1_A4PCW0/1-281

MusmusPgr_Q00175/1-309

EqucabESR1_Q9TV98/1-287

Myxglu2_B9U5F0/1-283

Hapbur2_Q8QFV7/1-293

TupbelNR3C1_Q95267/1-318

Xentroesrra_A0JM86/1-210

ElaquaESR1_E0D576/1-288

Orenilesr1_Q9YH33/1-287

RutrutERb_Q5CCT5/1-287

Danreresrrga_Q6Q6F4/1-206

Danrerpgr_D2SPU9/1-312

CavporNR3C1_P49115/1-318

SusscrESR2_Q9XSW2/1-287

Xentronr5a2_Q5XGE7/1-280

GalgalERRG_55741600/1-224

AmbmexESR2_D4QDZ8/1-287

CragigCGI_K1PUV3/1-200

20.321

6.112

6.428

0

11.696

63.019

4.33

26.72

3.42

1.192

10.306

65.98

166.047

10.376

8.205

26.986

85.304

171.194

11.289

7.044

28.098

40.112

9.634

81.802

37.015

4.609

15.701

1.474

43.873

3.742

3.972

42.057

80.198

4.001

9.95

6.325

5.006

11.662

8.247

17.669

2.08

315.716

3.364

3.247

32.169

2.643

18.949

5.519

15.176

20.723

6.792

151.066

5.118

0.281

18.856

2.248

10.217

37.111

29.276

9.814

143.781

10.592

36.675

56.737

15.613

60.616

2.21

20.084

4.594

12.988

11.667

25.061

106.547

66.766

80.799

2.868

49.254

62.59

40.724

33.437

0

57.534

32.282

9.985

3.685

5.092

15.769

28.871

38.263

6.79

4.295

79.251

8.998

75.057

81.184

58.032

13.638

100.83

41.278

142.447

35.702

38.415

13.391

190.197

62.266

21.813

9.843

39.817

20.132

21.25

20.409

12.099

2.929

49.542

5.821

66.024

2.703

6.476

6.139

22

3.476

2.051

25.211

198.333

37.969

20.465

11.023

11.896

3.246

5.648

17.549

12.143

6.732

12.377
81.191

48.489

3.143

6.885

90.716

7.632

28.651

137.994

15.894

101.934

5.631

15.499

17.81

11.27

4.194

0

3.084

49.21

57.87

6.303

4.165

5.222

19.72

102.142

57.623

40.179

73.138

52.762

52.249

36.855

73.138

10.862

4.691

249.617

2.88

36.67

111.133

2.016

22.377

2.039

37.762

20.744

34.702

2.596

38.466

25.432

1.817

3.32

9.095

49.098

8.424

2.309

33.172

17.244

7.941

25.365

5.705

13.291

6.681
3.423

4.605

19.256

8.952

4.17

27.91

7.482

247.704

0.183

14.091

11.732

48.721

42.832

3.566

SF1

Deuterostome ERRs

Protostome ERRs

ERß

ERɑ

PR

AR

GR

MR

Protostome ERs

RXR

AncSRR

AncSR1
Prot-Deut

AncSR1

AncERR

AncSR2

AncERR

0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Mean PP = 0.96

Posterior probability

N
um

be
r o

f s
ite

s

0

20

40

60

80

AncSR1

0.2 0.4 0.6 0.8 1.0

Mean PP = 0.87

0

20

40

60

0.2 0.4 0.6 0.8 1.0

Mean PP = 0.88

20

40

60

0

AncSRR

A

B

C

Figure 3.8: ML phylogeny of SRRs Tree is based on alignment from 223 steroid and
related receptors, rooted with retinoic acid receptor (RXR) as the outgroup. Scale is in
substitutions per site. Nodal support is indicated by approximate likelihood ratio statistics.
A few nodes were constrained to incorporate information from genome-wide synteny and
linked genes which ensured the correct relationships between clades, cyclostome SRs and
newly discovered hemichordate SRs. The constrained nodes have 0 support and are indicated
in red. Nodes with aLRT values ≤ 2 are unlabeled. AncSR1, the ancestor of chordate SRs;
AncSRR, the duplication node at the base of bilateria; AncERR, the ancestor of ERRs. SF1,
Steroidogenic factor receptors; RXR, Retinoic acid receptors. Insets show the distribution
of posterior probabilities for the three reconstructed ancestors, A. AncERR; B. AncSR1; C.
AncSRR. Ancestors are reconstructed with good statistical confidence, as indicated by the
mean posterior probability across sites.
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Figure 3.9: Trichoplax adherens DBD is ERR-like Fold activation of Trichoplax ad-
herens DBD on the response elements shown in Fig. 3.1E. The DBD only activates from
elements with the TCA extension. Bars are color coded according to the response elements
shown in Fig. 3.1E. Bar heights indicate fold activation relative to the No DBD-No RE
control with error bars showing the SEM of three experimental replicates.
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Figure 3.10: AncERR prefers the extension by 1 kcal/mol A shows a representative
ITC thermogram for AncERR binding on Ext EREhalf. The response element is indicated
in the inset. The heat of dilution of the protein into buffer has been subtracted out by per-
forming control experiments of protein into buffer. Shown below the plot are mean KA and
∆G estimated from two independent experiments. Errors are SEM from two experiments. B
similar to A, except shows a representative ITC thermogram for AncERR binding on ERE-
half. The mean KA and ∆G estimated from two independent experiments are indicated
below the plot. Errors are SEM from two experiments.
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Figure 3.14: Estimation of cooperativity constants using EMSA and ITC
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Figure 3.14: (continued) A. AncSR2 cooperativity estimated on its preferred steroid response
element (SRE) by EMSA. Plotted are the fraction of DNA bound by AncSR2 on a two-
site response element (SREpal). From this gel, two data series are extracted: filled red
circles show the fraction of DNA bound to 0 ligands, SREpal fbound0, which decreases
as the protein concentration increases. Filled green circles show the sum of monomer and
dimer bound fractions, SREpal fbound1+2, which increase as the protein concentration
increases. Also overlaid is the fraction of DNA bound to AncSR2 from a separate half-site
experiment (SREhalf): filled blue circles show the monomer bound fraction on SREhalf.
The cooperativity constant ω is estimated by a joint fit of the half-site and two-site data,
and is shown on the plot. Error bars on ω indicate errors from model fit. AncSR2 is
strongly cooperative.ER α is weakly cooperative, ω is as indicated. B. Cooperativity of
human ER α DBD estimated on EREhalf/pal by EMSA. Plotted are the fraction of DNA
bound by ER α on the two-site response element (EREpal). From this gel, two data series
are extracted: filled red circles show the fraction of DNA bound to 0 ligands, EREpal
fbound0, which decreases as the protein concentration increases. Filled green circles show
the sum of monomer and dimer bound fractions, EREpal fbound1+2, which increase as the
protein concentration increases. Also overlaid is the fraction of DNA bound to ER α from a
separate half-site experiment (EREhalf): filled blue circles show the monomer bound fraction
on EREhalf. C. Similar to B, except cooperativity of human ER α DBD is estimated on
Ext EREhalf/pal by EMSA. Error bars on ω indicate errors from model fit. ER α is weakly
cooperative, ω is as indicated. D. Similar to C-D. Cooperativity of human ERR β DBD is
estimated on Ext EREhalf/pal by EMSA. Error bars on ω indicate errors from model fit.
ERR β is weakly cooperative, ω is as indicated. E. Strong cooperativity of AncSR2 is also
estimated using ITC. Thermogram shows the binding of AncSR2 on a single palindromic
response element, SREpal. Cooperativity constant is estimated from ∆G1 and ∆G2, and
is indicated on the plot. F. AncERR’s cooperativity re-estimated by combining the ∆G1
from the EREhalf ITC experiment with KA,Mac from two-site ITC experiment on EREpal.
Plotted are the mean ∆Gω from two independent experiments, with the error bars showing
SEM from the two experiments. The combined analyses show that AncERR has weak DNA
binding cooperativity on EREpal and Ext EREpal.
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Figure 3.16: Derivation of alternate method to estimate cooperative binding from
EMSA monomer bands
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Figure 3.16: (continued) θ1 is the monomer bound function derived from the Statistical
thermodynamic modeling approach of Senear and Brenowitz; k1 and k2 are the half-site
binding affinities; k12 is the cooperative constant, ω. The cooperative constant is derived
by setting the derivative of θ1max, the monomer bound function, to zero — that is, when
the function reaches its maximum. This allows an estimation of the cooperative constant.
An example EMSA gel of AncERR binding to Ext EREPal is shown, and the cooperative
constant estimated from the value of the maximum pixel intensity of the monomer bound
fractions.
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CHAPTER 4

CONCLUSION

The projects described in this thesis have been motivated by my interest in doing inter-

disciplinary work in molecular functional evolution. Particularly my interest in combining

rigorous experimental work with computational modeling to shed light on new biological

mechanisms. Using this integrative functional synthesis approach, I have aimed to investigate

the mechanisms and dynamics by which genes and proteins evolve novel functions. Originally

trained as a Computational biologist, learning how to do experiments to pursue mechanistic

questions in protein evolution has been a very fulfilling experience in my graduate career.

4.1 Molecular spandrels revisited

In Chapter one, I have investigated the impact of unincorporated evolutionary complexity on

inferences of gene adaptation. I integrated mechanistic knowledge of the mutational process,

both at the level of the non-independence of mutations, and their associated transversion

enrichment, into the classic branch-site test of adaptation. When the new branch-site test was

run on protein coding gene sequences simulated with the revised models, I found that complex

multi-mutational processes evolving purely under genetic drift are spuriously inferred to be

under positive selection by the classic branch-sites test. Failure to integrate mechanistic

insight of the mutational process can therefore leads to pervasive false inferences of positive

selection in genes, thereby distorting our view of the relative importance of positive selection

and drift in molecular evolution. Multinucleotide mutations confound the branch-site test,

behaving like molecular spandrels that appear to have all the signatures consistent with true

adaptation.

I showed that the majority of genes claimed to be under positive selection on the human

and fly lineages are artifacts of unincorporated neutral mutational processes, and suggest that
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many published inferences of positive selection on protein-coding genes in other species would

similarly be artifacts. Neutral mutational processes are a dominant force in shaping genic

divergences in mammalian and fly genomes, radically altering our view of the importance of

positive selection in these genomes.

The study provides an example of what not to do in molecular evolution that is, sequence

patterns consistent with adaptation can be explained by forces other than adaptation, such

as other neutral forces or unincorporated evolutionary complexity. Chapter 2 describes how

better mechanistic models of mutation can be used to develop better hypotheses about

functional evolution and adaptation, and a convincing argument is made to combine com-

putational inferences of adaptation with experiments. The models I describe however, do

not include some other forms of evolutionary complexity such as site heterogeneity. Multin-

ucleotide mutations at the boundary of codons are also not included. More work would be

needed in the future to expand these models. I have made all the source code for this project

publicly available on my Github account - https://github.com/aartivnkt/Multinucleotide-

mutations-modeling

4.2 Evolution of new DNA specificity was achieved only through

changes in half-site affinity and not cooperativity

In the experimental project outlined in Chapter two, I investigated using an integration

of evolutionary, biochemical and genetic approaches, the molecular mechanisms by which

specific mutations that fixed in protein evolution change protein functions. Using ASR com-

bined with in vitro and in vivo characterizations of the genetic, biochemical and biophysical

properties of ancestral proteins, I showed that the preference for a specific flanking sequence

was lost on the SR lineage from an ERR-like ancestor. This transition was enabled through

a gain in the 6-bp half-site affinity on the SR lineage, with little to no changes to the co-

operative binding. Even though there are a many ways to evolve new DNA specificities —
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through a change in half-site affinity, cooperativity, or both, not all energetic parameters

needed to evolve concomitantly.

Non-overlapping DNA-binding specificities evolved in paralogous SR and ERR transcrip-

tion factors through tinkering with thermodynamic basis of specificity, without a radical

reorganization of DNA-protein and protein-protein interfaces, or even the evolution of novel

interfaces. Only six mutations were sufficient to evolve this loss of flanking sequence pref-

erence, suggesting a relatively simple genetic basis compared to other published transitions

in the same protein family. Overall, the results provide insight into thermodynamic ba-

sis of evolutionary novelty — SRs evolved new DNA-specificity by tinkering with half-site

affinities, such that the overall free energy of binding of SRs on new derived response ele-

ments was still comparable to that of ancestral SRR on its target elements. Evolution can

therefore drastically expand the repertoire of molecular functions through tinkering with the

biophysical properties of proteins.

This study provides a mechanistic explanation for how flanking sequence preferences are

lost in transcription factors. Extant transcription factors recognize and discriminate between

response elements with subtle differences in sequences flanking core motifs. But how and

why does this discrimination evolves has not been well understood. This project has focused

on the SRR family to describe one such transition. The proteins investigated in the project

have a modular structure, with the DNA binding domain interacting with the core half-site,

and the CTerminus Extension interacting with the flanking sequence. However, the genetic

experiments suggest that the evolution of new DNA specificity is a non-modular feature of

SRRs.
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4.3 Multiple approaches are needed to estimate and model the

evolution of cooperative binding

This project has focused on the relationship of single-site affinities with cooperative binding,

their interaction and evolution, a poorly understood area of research with broad implications

for evolution of gene regulation.

I have described three methods to do so, using EMSAs and ITC. Cooperative binding

increases the affinity and specificity of protein complexes, and it appears as though tran-

scription factors have tremendous evolutionary mobility to tune and rewire single-site and

cooperative binding energies. How these energies are partitioned over evolution, or even

rewired to evolve novel DNA specificities and new modes of gene regulation is an open ques-

tion. I have shown that a simple assay like EMSA is very useful in estimating DNA-induced

cooperative binding by transcription factors. The relative amounts of monomers and dimers

bound to a palindromic DNA element, as well as unbound DNAs, can be directly visualized

and quantified from the gel. Strongly cooperative proteins should rapidly transition from

unbound DNA to dimer-bound DNA as protein concentration increases, whereas less coop-

erative proteins will show a transition through monomeric binding. This makes it possible

to quantify the fraction of palindromic DNA bound to 0,1 and 2 proteins.

The first method I present uses the elegant statistical thermodynamic framework pro-

posed by Senear and Brenowitz in 1991 to perform a global fit of the models to half-site and

two-site EMSA data. This approach jointly estimates the half-site binding affinity KA, and

cooperativity constant, ω. Though I employed fluorescent probes that lack the sensitivity

and precision of traditional radioactive probes, I have found that performing EMSA under

the right conditions yields useful data for estimating cooperativity.

The second method I present only requires knowledge of the monomer bound fraction

from the EMSA gel. The unique strength of EMSA is the visualization and quantification of

the monomer function. Newer technologies based on fluorescence polarization or ITC do not
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have this resolution, as one only estimates the total fraction bound with these techniques.

Using a very simple approach of differentiating proteins based on their monomer function

maxima, I deduced a very simple expression for the cooperative binding constant that de-

pends on the inverse of the monomer bound function. I believe this approach can be used

for a quick preliminary understanding on the cooperative behavior of an unknown protein,

provided the monomer bounds can be quantified, and the EMSAs are performed under the

right conditions.

The third method I present uses ITC for estimating equilibrium ∆G estimates. The large

number of free parameters in the two-site ITC binding model, together with the experimental

difficulties associated with estimating free energies of proteins with low enthalpies of binding

make ITC a difficult experiment. In sum, it seems necessary to use multiple methods to

increase the confidence in the estimates of ω

The statistical thermodynamic models I have implemented for analyzing KA and ω from

EMSA data are publicly available on my Github account:

https://github.com/aartivnkt/Cooperative-Binding-Modeling.

Overall, the work described in this thesis provides a detailed, mechanistic insight into the

gradual nature of the evolutionary process, in which both radically novel biophysical mech-

anisms and selectively advantageous alleles are rare occurrences. The approaches outlined

here use mechanistic insight to inform better phylogenetic models, and phylogenetic recon-

struction of ancestral proteins to inform and explicitly test hypotheses about the biophysical

mechanisms of evolution. In general, this mutually beneficial combination of biochemistry

and phylogenetics holds great promise to provide long sought answers to the most basic

questions in evolutionary biology.
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