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Abstract

Modeling the effects of site-specific amino-acid preferences on protein evolution.

Sarah Kelley Hilton

Chair of the Supervisory Committee:
Associate Member Jesse D. Bloom

Fred Hutchinson Cancer Research Center

An important goal in the study of protein evolution is understanding which genetic changes

that fixed in nature were selected for and why. However, understanding the functional con-

sequence of any given mutation is a challenge because the effects of amino-acid changes

are highly idiosyncratic across sites in a protein. My graduate research has focused on

developing computational tools and methods that integrate two existing methods, phylo-

genetics and deep mutational scanning, to understand the effect of site-specific amino-

acid constraint on protein evolution. These two methods, one computational and one

experimental, have complementary strengths and weaknesses. Phylogenetics provides

methods to study natural sequences, which are subjected to natural selective pressures,

in a principled manner; however, these methods are constrained to the genetic sequences

we have sampled. Deep mutational scanning allows for the unbiased measurement of all

single amino-acid changes to a protein, but the assay occurs in an artificial laboratory

setting. The goal of my work is to leverage the strengths of each method, the comprehen-

siveness of the deep mutational scan with the realism of comparative sequence analysis,

for a more complete and accurate understanding of site-specific protein constraint.

In Chapter 2, I develop a web-based visualization tool, dms-view, for interactive explo-

ration of deep mutational scanning experiments. dms-view addresses common analysis

challenges by allowing the user to easily and iteratively view site-level summary metrics,



individual mutation measurements, and the 3-D protein structure for site(s) of interest from

a deep mutational scan. dms-view is a flexible tool that allows the user to explore the site-

specific amino-acid preferences measured by a given deep mutational alongside external

datasets, such as site-specific amino-acid frequencies observed in nature.

While tools like dms-view allow for qualitative comparison of natural selection and se-

lection in the lab, more sophisticated methods are needed to make this comparison while

account for sequencing sampling and shared evolutionary history. To this end, in Chapter

3, I implement a relatively new family of phylogenetic substitution models called Exper-

imentally Informed Codon Models (ExpCMs) in a new Python software package called

phydms. ExpCMs describe the selection on amino-acid changes using the empirical mea-

surements from a deep mutational scan and therefore represent a bridge between selec-

tion in the laboratory and selection in nature. phydms implements the models in maximum-

likelihood framework and includes auxiliary command line tools to facilitate fast and easy

analysis.

In Chapter 4, I investigate the effect of the site-specific ExpCMs with empirical mea-

surements on phylogenetic inference, specifically branch length estimation. A long-standing

observation in phylogenetics is that long branches in phylogenetic trees are consistently

underestimated. I found that site-specific ExpCMs estimated longer branches than a com-

mon site-uniform codon model but that this extension in branch length was limited by in-

traprotein epistasis. This work suggests that current phylogenetic models assumptions of

independent evolution between sites and identical evolution among sites results inaccu-

rate branch length estimation.

Overall, my graduate work has produced general computational methods and tools

that integrate empirical measurements of site-specific amino-acid constraint with compar-

ative sequence analysis to create a more complete picture of protein evolution.
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Chapter 1

INTRODUCTION

Protein sequence evolution is governed both by the rate at which mutations arise and

how selection acts upon these mutations. An important goal in the study of protein evolu-

tion is understanding which genetic changes that fixed in nature were selected for and why.

A substitution could be positively selected for because it confers a new, beneficial pheno-

type, or a substitution could fix because it maintains the form and function of the protein

and therefore is not purged by purifying selection. Understanding the functional conse-

quence of any given mutation is a challenge because the effects of amino-acid changes

are highly idiosyncratic across sites in a protein [32]. In some cases, proteins can evolve

for billions of years while maintaining the same function [65] and in other cases a single

amino-acid change results in a dramatic phenotypic change [115, 113, 2]. As Zukerlandl

and Pauling noted over 50 years ago, “it is the type rather than number of amino acid

substitutions that is decisive” [166]. This observation is a succinct summary of the large,

sprawling challenge that measuring or inferring the site-specific amino-acid preferences

of a protein poses. Here I will describe my graduate work developing tools, methods,

and models focused on learning and understanding the effect of site-specific amino-acid

preferences on protein evolution.

While the methods and principles I used are relevant to protein evolution generally, I

focused my work on understanding the site-specific constraint on Influenza A Virus (in-

fluenza). Influenza evolution is of great interest from a public health perspective. The

WHO estimates 290,000 - 650,000 deaths each year are due to seasonal influenza (https:

//www.who.int/influenza/surveillance_monitoring/bod/en/). Understanding how in-

https://www.who.int/influenza/surveillance_monitoring/bod/en/
https://www.who.int/influenza/surveillance_monitoring/bod/en/
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fluenza evolves could inform vaccine design [142], help develop new therapies [57], or

understand the dynamics of zoonotic crossovers [119, 83, 47].

Beyond the public health interest, the basic biology of influenza makes it an interesting

test case for protein evolution methods and questions. Like all RNA viruses, influenza

has a high mutation rate (10−5 − 10−4 nucleotide mutations/site/genome [133, 91, 117,

11]) that provides a large substrate for selection to act upon. Furthermore, influenza

proteins experience both strong purifying selection and diversifying selection. This push

and pull is particularly evident for the influenza surface protein hemagglutinin (HA). On

one hand, HA is under strong purifying selection to main its essential function of allowing

viral entry by binding and fusing to host cell membranes [148]. This selection is reflected

by the high structural conservation of genetically-diverged HA homologs [49, 114]. On the

other hand, HA is under strong diversifying selection as the major target of the humoral

immune response to influenza [56, 10]. Finally, influenza is well suited for the phylogenetic

methods I discuss below because recombination events are rare [15]. This is in stark

contrast to the high recombination rates in other RNA viruses, such as coronaviruses [164]

and lentiviruses [64].

Here I will introduce the two methods I worked with to understand the site-specific

constraint on influenza proteins: an experimental assay called deep mutational scanning

and the statistical framework of molecular phylogenetics. Deep mutational scanning [40]

is a high-throughput assay which measures the effect of every single amino-acid change

on some protein function measured in the laboratory. A deep mutational scan produces

a complete map of the site-specific amino-acid preferences for a given protein and a

given function. Molecular phylogenetics is a set of computational and statistical meth-

ods, algorithms, and models for comparative sequence analysis. Specifically, I worked

on integrating these two methods in the form of a phylogenetic substitution model defined

almost exclusively from deep mutational scanning measurements. The goal of this work

is to leverage the strengths of each method, the comprehensiveness of the deep muta-

tional scan with the realism of comparative sequence analysis, for a more complete and
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accurate understanding of site-specific protein constraint.

1.1 Deep Mutational Scanning (DMS): a high-throughput functional assay to mea-
sure site-specific amino-acid preferences in the laboratory

It is widely appreciated that laboratory experiments are useful to understand natural pro-

tein evolution [24, 53]. Specific hypotheses of mutational effects can be tested in the lab-

oratory with precise and controlled experiments and the effect of the mutation in the lab

can then be compared to its evolutionary fate in nature [24, 53]. However, such targeted

experiments are limited in the breadth of site-specific constraint they are able to capture.

They require either defining a specific set of mutations a priori or randomly sampling a

subset of possible mutations.

Recent technological developments in the form of a high-throughput functional assay

called deep mutational scanning has made it possible to experimentally measure the ef-

fects of all single amino-acid mutations to a protein [40]. The basic technique involves

creating a library of genetic variants, each containing a single amino-acid step away from

wildtype, and then performing bulk selection to select for functional variants. Deep se-

quencing of the starting and selected library is used to calculate the relative enrichment

or depletion of each variant, creating a set of site-specific amino-acid preferences. Over

the past five years, this technique has been applied to dozens of different proteins. These

studies have varied research goals from basic evolutionary questions [26, 130, 132] to

applied clinical work [128, 42]

A strength of deep mutational scanning is that it is a general platform for measur-

ing site-specific constraint and is flexible in the experimental design. For example, the

laboratory selection can be modified to measure a specific aspect of the protein. Stud-

ies have used deep mutational scanning to look at protein abundance [78], protein func-

tion [39, 82, 84], or protein binding [81]. Furthermore, studies have deep mutational scans

on proteins in their native genomic contexts [111, 27, 132, 82] and in more experimentally

tractable systems [78, 129, 68]. However, no matter the exact experimental setup, the
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goal and results of a deep mutational scan are the same: a map of site-specific amino-

acid preferences.

In recent years, deep mutational scanning has increasingly been used to study the site-

specific constraints of viral proteins. There have been deep mutational scanning studies

for influenza [121, 27, 26, 154, 6, 75, 155, 153], HIV [50, 38, 3], Zika Virus [122], and

Hepatitis C [101]. For influenza specifically, there are deep mutational scans for five of

eight influenza virus proteins. These viral deep mutational scans were designed to test

the effect of amino-acid changes under a variety of selective pressures relevant to viruses,

such as viral growth [121, 27, 75] or escape from antibodies [74, 25], innate immune

factors [6], or anti-viral drugs [101].

Deep mutational scanning provides a comprehensive map of amino-acid preferences,

but the results may be limited in their relevance to natural sequence evolution by two ex-

perimental restrictions. The first restriction is that the experimental setup must be tractable

in a laboratory setting at scale. For example, Doud and Bloom (2016) [27] discuss how

their use of a lab-adapted influenza strain or how growth in cell culture might be inade-

quate to capture the complexity of a natural infection. A second restriction is due to the

mutagenesis strategy of a deep mutational scan. In a deep mutational scan, each variant

carries one or very few amino-acid changes. This constrains the deep mutational scan to

a single “focal” sequence and blinds the scan to the effect of genetic background on modu-

lating the effect of specific amino-acid mutations. However, both theoretical work [96] and

experimental work using deep mutational scanning [51, 26, 131] shows that site-specific

amino-acid preferences “shift” over time as a result of intraprotein epistasis. The restric-

tion in both genetic background and experimental setup could limit a deep mutational

scan’s ability to explain the long-term evolution of a given protein.

The important question is not in what are all the possible ways could experimental arti-

facts limit the relevance of a deep mutational scan to natural sequence evolution. Rather,

it is whether we can identify this effect. A common and easy analysis is to simply com-

pare the site-specific amino-acid frequencies from a deep mutational scan to the amino-
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acid frequencies observed in nature. However, this qualitative analysis is not tractable

or particularly informative for the complete map of amino-acid preferences from a deep

mutational scan. Furthermore, the calculation of amino-acid frequencies from natural se-

quences are confounded by shared evolutionary history of the sequences and sampling

concerns. More sophisticated methods are needed to adequately make this comparison.

1.2 Molecular phylogenetics: statistical methods to explore evolution through
comparative natural sequence analysis

The desired framework is provided by molecular phylogenetics, a statistical method for

comparative sequence analysis. In both maximum-likelihood and Bayesian phylogenetic

approaches, an evolutionary substitution model is used to calculate the likelihood of the

observed sequences given a phylogenetic tree [36, 63]. Using phylogenetic methods,

biologically-interpretable parameters can be estimated from a set of extant sequences.

For example, estimated tree topologies describe the sequences’ shared evolutionary his-

tory, while branch lengths describe the timing of major evolutionary events on the tree and

substitution model parameters describe the rate of specific mutation types.

Part of phylogenetic inference is defining a substitution model, which describes the

probability of character state change along a tree. Codon models are the most sophis-

ticated substitution model for protein-coding genes[5] and common formulations include

those described by Goldman and Yang [44, 160] and Muse-Gaut [87]. These models de-

scribe the instantaneous rate of change from one codon to another via single nucleotide

changes. Importantly, these models differentiate between a single nucleotide change that

preserves the site’s amino-acid identity (synonymous change) and one that changes it

(nonsynonymous). Specifically, the parameter ω represents the ratio of non-synonymous

to synonymous mutations along the tree. The estimated value of this parameter is inter-

preted as indication of purifying(ω < 1), neutral(ω ∼ 1) or positive selection (ω > 1). In

order to account for the nonhomogeneous amino-acid substitution rate across a protein, ω

is commonly allowed to vary across sites according to a statistical distribution such as the
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Γ-distribution [89, 160]. However, this additional model complexity affects the rate only

and does not affect the stationary state frequencies of the model. That is, even with a

Γ-distributed ω, these common codon models assume the same set of amino-acid prefer-

ences for each site in the protein. This assumption is not only a clear oversimplification of

the current understanding of protein evolution but also may affect phylogenetic inference

itself.

Mutation-selection models, first described by Halpern and Bruno (1998) [52], explic-

itly relax the assumption of identical evolution within the framework of a codon model.

Mutation-selection models define a set of amino-acid preferences at each site in the pro-

tein, resulting in a model with a site-specific stationary state. Recent work has shown

that mutation-selection models are often better descriptions of natural sequence evo-

lution than site-uniform codon models, as assayed by Bayesian or maximum-likelihood

criteria [72, 73, 102, 141, 110, 11, 12, 59]. However, the more explicitly account for site-

specific purifying selection comes at the cost of a large increase in the number of param-

eters. Mutation-selection models have issues with overfitting [105] and convergence [125]

for maximum-likelihood and Bayesian approaches respectively, which may limit their abil-

ity to accurately estimate or infer the site-specific amino-acid preferences from natural

sequences.

The mechanistic parametrization of site-specific constraint by mutation-selection mod-

els compliments the empirical site-specific amino-acid constraints measured by deep mu-

tational scanning. An alternative to estimating or inferring the site-specific amino-acid

preferences, a mutation-selection model can be parametrized with measurements from

a deep mutational scan. These Experimentally Informed Codon Models (ExpCMS) [11]

account for site-specific constraint with fewer free parameters to be estimated from the

natural sequence data than the site-uniform codon models. As a phylogenetic substitu-

tion model, ExpCMs represent a bridge between selection in the laboratory and selection

nature and facilitates principled comparison of the two.

As a relatively new model, analysis with ExpCMs have been restricted to a small num-
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ber of proteins. Previously, ExpCMs have been shown to be a better description of natural

sequence evolution than site-uniform models for β-lactamase, influenza HA, influenza NP,

and Gal4 [14]. This limited application of ExpCMs is due to a small number of available

deep mutational scans at the time of publication and inadequate computational implemen-

tations for fast and efficient inference.

1.3 Layout of Dissertation

In this dissertation, I describe my graduate work developing computational tools, methods,

and models to explore the effect of site-specific constraint on protein evolution. My work

relies on and builds on two existing methods to study protein evolution, the experimental

assay deep mutational scanning and site-specific phylogenetic substitution models. I’ve

developed tools both for general analysis of deep mutational scans and specific analy-

sis using ExpCMs, a phylogenetic model defined by deep mutational scanning data. I

used these tools to explore protein-specific questions and questions about phylogenetic

inference.

In Chapter 2, I developed a web-based visualization tool for deep mutational scanning

data called dms-view (https://dms-view.github.io). The goal of dms-view is to allow

researchers performing deep mutational scans to interactively explore their data and eas-

ily share analyses with others. Specifically, this tool links summary information at the

site level of the protein with specific mutation-level measurements, all within the context

of the 3-D protein structure. This link is important to interpreting the results of a deep

mutational scan because sites that are discordant in linear, genomic space but contact

in three-dimensional space. Additionally, while dms-view I designed with deep mutational

scanning experiments in mind, it is a flexible tool that can display data from many dif-

ferent sources. In this way, the user can contextualize the data from their specific deep

mutational scan with other data, such as amino-acid frequencies from natural sequences.

In Chapter 3, I wrote a python package, phydms [59], to implement and perform phy-

https://dms-view.github.io
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logenetic inference with Experimentally Informed Codon Models (ExpCMs). ExpCMs

are mutation-selection models which use empirical measurements from deep mutational

scans to model selection on amino-acid changes. ExpCMs provide a principled way to

compare selection in the laboratory to selection in nature because the vast majority of the

parameters used to describe the natural selection come from the laboratory experiments. I

designed phydms to easily facilitate such analyses. For example, you can ask if an ExpCM

is a better descriptor of natural sequence evolution that a standard site-uniform model or

identify sites which are evolving faster or slower than expected. phydms performs these

analyses much faster than previous implementations of the model and with methods and

tools to make the analysis easier.

In Chapter 4, I investigated the effect of modeling site-specific amino-acid prefer-

ences using ExpCMs had on the phylogenetic inference of branch length estimation. A

long-standing observation in the field of phylogenetics is that long branches on phyloge-

netic trees are consistently underestimated. In their original paper describing mutation-

selection models, Halpern and Bruno hypothesized that modeling site-specific amino-acid

constraint would alleviate this underestimation [52]. I tested this hypothesis by compar-

ing influenza phylogenetic tree branch lengths estimated by site-specific ExpCMs to the

branch lengths estimated by a site-uniform codon model. I found that the site-specific

ExpCMs do estimate longer branches. However, since I used two ExpCMs defined by

deep mutational scans from two diverged homologs, I was able to see how intraprotein

epistasis limited branch length extension. This work supports previous work suggesting

that phylogenetic inference, and branch length estimation specifically, is affected not only

by the assumption that sites evolved identically but also the assumption that they evolve

independently.
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Chapter 2

DMS-VIEW: INTERACTIVE VISUALIZATION TOOL FOR DEEP
MUTATIONAL SCANNING EXPERIMENTS

Sarah K. Hilton*, John Huddleston*, Allison Black, Khrystyna North, Adam S. Dingens,

Trevor Bedford and Jesse D. Bloom

(* equal contribution)
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2.1 Summary and Purpose

The high-throughput technique of deep mutational scanning (DMS) has recently made

it possible to experimentally measure the effects of all amino-acid mutations to a pro-

tein [40]. Over the past five years, this technique has been used to study dozens of

different proteins [33] and answer a variety of research questions. For example, DMS has

been used for protein engineering [151], understanding the human immune response to

viruses [74], and interpreting human variation in a clinical setting [128, 42]. Accompanying

this proliferation of DMS studies has been the development of software tools [13, 112] and

databases [33] for data analysis and sharing. However, for many purposes it is important

to also integrate and visualize the DMS data in the context of other information, such as

the 3-D protein structure or natural sequence-variation data.

Here we describe dms-view (https://dms-view.github.io/), a flexible, web-based,

interactive visualization tool for DMS data. dms-view is written in JavaScript and D3

(https://d3js.org), and links site-level and mutation-level DMS data to a 3-D protein

structure. The user can interactively select sites of interest to examine the DMS mea-

surements in the context of the protein structure. dms-view tracks the input data and user

selections in the URL, making it possible to save specific views of interactively generated

visualizations to share with collaborators or to support a published study. Importantly,

dms-view takes a flexible input data file so users can easily visualize their own DMS data

in the context of protein structures of their choosing, and also incorporate additional infor-

mation such amino-acid frequencies in natural alignments.

Users can access dms-view at https://dms-view.github.io/. The tool consists of

a data section at the top and a description section at the bottom. The data section dis-

plays the user-specified data in three panels: the site-plot panel, the mutation-plot panel,

and the protein-structure panel (1A). When sites are selected in the site-plot panel, the

individual mutation values are shown in the mutation-plot panel and highlighted on the

protein structure. The user can toggle between site- and mutation-level metrics, which

https://dms-view.github.io/
https://d3js.org
https://dms-view.github.io/
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are defined in the user-generated input file. The description section is at the bottom of

the page, and allows the user to add arbitrary notes that explain the experimental setup,

acknowledge data sources, or provide other relevant information.

Please visit the documentation at https://dms-view.githubio/docs to learn more

about how to use the tool, how to upload a new dataset, or view case studies.

2.2 Example: Mapping influenza A virus escape from human sera

Using a DMS approach, Lee and colleagues (2019) [74] measured the ability of every

single amino-acid mutation in the influenza virus surface protein hemagglutinin to es-

cape neutralization by human sera. For more information on the experimental setup,

see the paper [74] or the GitHub repo (https://github.com/jbloomlab/map_flu_serum_

Perth2009_H3_HA).

We visualized the serum mapping data using dms-view. To explore this dataset, please

visit https://dms-view.github.io/. In the dms-view visualization of these data, the

conditions are the different human or ferret sera used for the selections. The site- and

mutation-level metrics are different summary statistics (https://jbloomlab.github.io/

dms_tools2/diffsel.html) measuring the extent that mutations escape from immune

pressure.

Lee and colleagues asked two questions in their paper which can be easily explored

using dms-view.

1. Are the same sites selected by sera from different people? To explore this

question, we compared the site-level and mutation-level metric values for a specific

set of sites between different conditions.

2. Where on the protein structure are the highly selected sites located? To ex-

plore this question, we selected specific sites of interest to be visualized on the 3-D

protein structure

https://dms-view.githubio/docs
https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA
https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA
https://dms-view.github.io/
https://jbloomlab.github.io/dms_tools2/diffsel.html
https://jbloomlab.github.io/dms_tools2/diffsel.html
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2.2.1 Comparing site-level and mutation-level metric values for specific sites between

conditions

To address whether or not the same sites are selected by different human sera using

dms-view, we selected the mostly highly targeted sites for the human sera condition “Age

21 2010” 1A (144, 159, 193, and 222). We then use the condition dropdown menu to

toggle between the other sera. The highlighted sites remain highlighted after the condition

is changed so we can easily see if the same sites are targeted in other conditions.

In 1B, we can see that there is no overlap of the sites selected by the human sera

“2010-age-21” the human sera “2009-age-53”. These data are the default data for dms-view,

so to explore this question in more detail please see https://dms-view.github.io/.

2.2.2 View sites on the protein structures

To address where on the protein structure the targeted sites are located, we selected the

most highly targeted sites (144, 159, 193, and 222) for the human sera condition “Age 21

2010” to highlight them on the protein structure.

In 1A, we can see that these sites cluster on the ”head” of the hemagglutinin, which is

known to be a common target of the human immune system [21].

2.3 Code Availability

• dms-view is available at https://dms-view.github.io/.

• Source code is available at https://github.com/dms-view/dms-view.github.io/.

• Documentation (https://dms-view.github.io/docs/) and case studies (https://

dms-view.github.io/docs/casestudies/ are also available.

https://dms-view.github.io/
https://dms-view.github.io/
https://github.com/dms-view/dms-view.github.io/
https://dms-view.github.io/docs/
https://dms-view.github.io/docs/casestudies/
https://dms-view.github.io/docs/casestudies/
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Chapter 3

PHYDMS: SOFTWARE FOR PHYLOGENETIC ANALYSES INFORMED
BY DEEP MUTATIONAL SCANNING

A version of this chapter has been previously published as:

Sarah K. Hilton, Michael B. Doud, and Jesse D. Bloom. “phydms: Software for phylo-

genetic analyses informed by deep mutational scanning.” PeerJ. 5:e3657 (2017)
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3.1 Abstract

It has recently become possible to experimentally measure the effects of all amino-acid

point mutations to proteins using deep mutational scanning. These experimental mea-

surements can inform site-specific phylogenetic substitution models of gene evolution in

nature. Here we describe software that efficiently performs analyses with such substitu-

tion models. This software, phydms, can be used to compare the results of deep muta-

tional scanning experiments to the selection on genes in nature. Given a phylogenetic tree

topology inferred with another program, phydms enables rigorous comparison of how well

different experiments on the same gene capture actual natural selection. It also enables

re-scaling of deep mutational scanning data to account for differences in the stringency of

selection in the lab and nature. Finally, phydms can identify sites that are evolving differ-

ently in nature than expected from experiments in the lab. As data from deep mutational

scanning experiments become increasingly widespread, phydms will facilitate quantitative

comparison of the experimental results to the actual selection pressures shaping evolution

in nature.

3.2 Introduction

It is widely appreciated that experiments in the lab can inform understanding of protein

evolution in nature [24, 53]. Efforts to synthesize experiments with evolutionary data have

typically involved generating protein variants of interest, assaying their functionality in the

lab, and qualitatively comparing the measured functionality of each variant to its evolu-

tionary fate in nature [24, 53]. The recent advent of high-throughput deep mutational

scanning techniques [40] has greatly expanded the potential of such research. For in-

stance, numerous recent papers have reported measuring the effects of all amino-acid

mutations on the functionality of a range of proteins [81, 111, 39, 92, 82, 11, 138, 132, 26,

68, 84, 27, 79, 50, 38, 77, 17]. This flood of data necessitates new methods for comparing

experimental measurements to evolution in nature, since simple qualitative inspection is



16

insufficient when measurements are available for tens of thousands of mutants.

A solution is provided by the methods of molecular phylogenetics. Longstanding phy-

logenetic algorithms enable calculation of the statistical likelihood of an alignment of nat-

urally occurring gene sequences given a phylogenetic tree and a model for the evolution-

ary substitution process [35, 36]. Deep mutational scanning data can be incorporated into

this statistical framework via the substitution model [11]. Such an experimentally informed

codon model (ExpCM) of substitution can be used to test whether a deep mutational scan-

ning experiment provides evolutionarily relevant information [11], compare the stringency

of selection in nature and the lab [12], assess how well different experiments describe

natural selection on the same gene [26], and identify sites that are evolving differently in

nature than expected from experiments in the lab [14].

However, a hindrance to such analyses has been the lack of appropriate software.

Prior work using an ExpCM has re-purposed existing software such as HyPhy [98] or

Bio++ [48] to optimize the phylogenetic likelihood. Because these existing software pack-

ages are not designed for such site-specific models, the resulting analyses have been

slow and cumbersome. Other software packages [135, 136, 110, 107] that handle site-

specific codon substitution models are designed to treat the effects of mutations as un-

knowns to be inferred rather than as values that have been measured a priori.

Here we describe phydms, software for phylogenetics informed by deep mutational

scanning. We show that phydms is ∼100-fold faster than existing alternatives for perform-

ing analyses with an ExpCM, and demonstrate how it can be used to quantitatively relate

measurements from deep mutational scanning with selection in nature. Readers who are

interested in technical details of how phydms works should read the METHODS section;

readers who are primarily interested in simply using phydms may prefer to jump directly to

the RESULTS section.
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3.3 Methods

3.3.1 Substitution models

Experimentally informed codon model (ExpCM)

The basic ExpCM implemented in phydms is identical to those in [14]. We recap this

ExpCM to introduce nomenclature needed to understand the extensions described in the

next few subsections.

In an ExpCM, rate of substitution Pr,xy of site r from codon x to y is written in mutation-

selection form [52, 80, 124] as

Pr,xy = Qxy × Fr,xy (Equation 1)

where Qxy is proportional to the rate of mutation from x to y, and Fr,xy is proportional to

the probability that this mutation fixes. The rate of mutation Qxy is assumed to be uniform

across sites, and takes an HKY85-like [55] form:

Qxy =





φw if x and y differ by a transversion to nucleotide w

κφw if x and y differ by a transition to nucleotide w

0 if x and y differ by > 1 nucleotide.

(Equation 2)

The κ parameter represents the transition-transversion ratio, and the φw values give the

expected frequency of nucleotide w in the absence of selection on amino-acid substitu-

tions, and are constrained by 1 =
∑

w φw.

The deep mutational scanning data are incorporated into the ExpCM via the Fr,xy

terms. The experiments measure the preference πr,a of every site r for every amino-acid

a (see the RESULTS section for more details on these preferences). The Fr,xy terms are
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defined in terms of these experimentally measured amino-acid preferences as

Fr,xy =





1 if A (x) = A (y)

ω ×
ln
[
(πr,A(y)/πr,A(x))

β
]

1−(πr,A(x)/πr,A(y))
β if A (x) 6= A (y)

(Equation 3)

where A (x) is the amino-acid encoded by codon x, β is the stringency parameter, and

ω is the relative rate of nonsynonymous to synonymous substitutions after accounting for

the amino-acid preferences. As shown in Figure 2, Equation 3 implies that mutations to

more preferred amino acids are favored, and mutations to less preferred amino acids are

disfavored. The functional form in Equation 3 was derived by [52] and under certain (prob-

ably unrealistic) population-genetic assumptions; under these assumptions, β is related to

the effective population size. When β > 1, natural evolution favors the same mutations as

the experiments but with greater stringency. The ExpCM has six free parameters (three

φw values, κ, β, and ω). The preferences πr,a are not free parameters since they are

determined by an experiment independent of the sequence alignment being analyzed.

ExpCM with empirical nucleotide frequency parameters

Phylogenetic substitution models commonly set the nucleotide frequency parameters (φw

in the case of an ExpCM) so that the model’s stationary state equals the empirical fre-

quencies of the characters in the alignment. Setting the frequency parameters in this way

reduces the number of parameters that must be optimized by maximum likelihood. Empir-

ically setting the nucleotide frequency parameters is easy for substitution models where

the stationary state only depends on these parameters.

However, the situation for an ExpCM is more complex. The φw values give the ex-

pected nucleotide frequencies in the absence of selection on amino acids, but in an Ex-

pCM there is site-specific selection on amino acids. Therefore, the stationary state of an

ExpCM also depends on other quantities: the stationary state frequency pr,x of codon x
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at site r is [14]

pr,x =

(
πr,A(x)

)β
φx0φx1φx2∑

z

(
πr,A(z)

)β
φz0φz1φz2

, (Equation 4)

where xk indicates the nucleotide at position k in codon x. As this equation makes clear,

the stationary state of an ExpCM depends on the preferences πr,a and stringency param-

eter β as well as the nucleotide frequency parameters φw.

So for an ExpCM, setting φw empirically means choosing their values such that the

alignment frequency gw of nucleotide w is as expected given the stationary state pr,x. This

will be the case if the following equation holds for all w:

gw =
1

L

∑

r

∑

x

1

3
Nw (x) pr,x (Equation 5)

where L is the length of the gene in codons, r ranges over all codon sites, x ranges over all

codon identities, and Nw (x) is the number of occurrences of nucleotide w in codon x. We

could not analytically solve this system of equations for φw in terms of gw, so we instead

used a non-linear equation solver to determine the values as detailed in Supplemental

file 1. Calculating φw empirically in this fashion is the default for phydms. If you instead

want to fit the φw values, use the --fitphi option.

ExpCM with gamma-distributed nonsynonymous-to-synonymous rate parameter

A common extension to traditional non-site-specific codon substitution models is to allow

the dN/dS ratio ω to come from several discrete categories by making the overall likelihood

at each site a linear combination of the likelihood computed for each category [89, 160].

Such models are not site-specific since sites are not assigned to a category during likeli-

hood optimization, but they do capture the idea that the strength of selection on nonsyn-

onymous mutations varies across sites.

One variant of this approach draws ω from a discrete gamma distribution. This variant

is referred to as the M5 variant [160] in PAML [158]. We implemented a similar approach
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for an ExpCM, following [156] to draw the ω in Equation 3 from the means of equally

weighted gamma-distributed categories (by default there are four categories). This option

can be used via the --gammaomega switch to phydms, and adds one free parameter, since

there are two parameters controlling the gamma distribution (a shape and inverse-scale

parameter) rather than a single ω. This option increases the runtime by ∼5-fold.

Using a gamma-distributed ω may lead to less of an improvement in fit for an ExpCM

than for non-site-specific models, since much of the site-to-site variation in the selection

is already captured by the amino-acid preferences. However, it can still lead to substantial

improvements if a subset of sites are under diversifying selection or if the preferences do

not fully capture selection on nonsynonymous mutations.

Traditional YNGKP (or Goldman-Yang) models

To enable comparison of an ExpCM with non-site-specific substitution models, phydms

implements several of these more traditional models. Here these models are referred to

as YNGKP as they are variants of the Goldman-Yang style models described by Yang,

Nielsen, Goldman, and Krabbe-Pedersen [160]. Note that sometimes in the literature

these models are called GY94 rather than YNGKP; however here we use the name YN-

GKP to explicitly emphasize that we are using the model variants delineated by [160]

rather than the original variants described in [44]. The M0 and M5 YNGKP models are

implemented in phydms. The M0 variant optimizes a single dN/dS ratio (ω) and so is com-

parable with the basic ExpCM, while the M5 variant draws ω from a gamma distribution

and so is comparable to an ExpCM with the --gammaomega option. The equilibrium codon

frequencies are calculated empirically after correcting for stop codons as described by

[97] (the CF3X4 method). The M0 variant has 11 parameters (9 empirical nucleotide fre-

quencies plus ω and κ), while the M5 variant has 12 parameters (ω is replaced by the two

gamma-distribution parameters).

YNGKP models are less computationally expensive than an ExpCM since they are not
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site-specific. Therefore, YNGKP models are faster than the ExpCM in phydms. However,

phydms is not optimized for maximal speed with YNGKP models, so if you are only using

those models then consider using PAML [158] or HyPhy [98].

3.3.2 Gradient-based optimization of the likelihood

Given one of the substitution models described above and a fixed phylogenetic tree topol-

ogy, phydms numerically optimizes the model parameters and branch lengths to their max-

imum likelihood values via the Felsenstein pruning algorithm [36]. Numerical optimization

generally requires fewer steps if the gradient of the objective function with respect to free

parameters is computed explicitly [43], although this advantage can be offset by the cost

of computing the gradient. We were unable to find clear published comparisons of the

efficiency of phylogenetic optimization with and without an explicit gradient, although [67]

describe how the gradient (and Hessian matrix of second derivatives) can be computed.

We chose to use gradient-based optimization for phydms under the supposition that it

might be more efficient. The first derivatives with respect to branch lengths and virtually all

the model parameters can be computed analytically, propagated through the matrix expo-

nentials using the formula provided by [66], and evaluated along the tree by applying the

chain rule to the Felsenstein pruning algorithm. For the ExpCM empirical nucleotide fre-

quencies φw and the gamma-distributed ω, we used the numerical finite-difference method

to compute small portions of the derivatives for which we could not derive analytic results.

Supplemental file 1 details how phydms computes the likelihood and its gradient.

For the optimization, we used the limited-memory BFGS optimizer with bounds [19,

165, 85]. This optimizer uses the gradient, although this can be turned off with the

--nograd option to phydms (doing so is not recommended as the accuracy of phydms

without gradients has not been extensively tested, and the limited-memory BFGS opti-

mizer may not perform well without gradients). Rather than optimizing model parameters

and branch lengths simultaneously, phydms takes an iterative approach. First the model
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parameters are simultaneously optimized along with a single scaling parameter that mul-

tiplies all branch lengths. After this optimization has converged, all branch lengths are

simultaneously optimized while holding the model parameters constant. This process is

repeated until further optimization leads to negligible improvement in the likelihood. Note

that simultaneous optimization of all branch lengths appears to be the minority approach

in phylogenetics software [18] and is said by [157] to be less efficient than one-at-a-time

optimization; however, we found it to work effectively on the trees that we tested. The ra-

tionale for iterating between model parameters and branch lengths is that optimization of

the former is more costly in terms of the gradient computation. If you simply want to scale

branch lengths by a single parameter rather than optimize them, you can use the --brlen

scale option. In other contexts, scaling but not individually optimizing branch lengths has

been shown to reduce runtime with little effect on final model parameters if the initial tree

is reasonably accurate [157, 99].

3.3.3 Design and implementation of phydms

The phydms software is written in Python. Most of the numerical computation is performed

with numpy and scipy, and a few parts of the code are written in compiled C extensions cre-

ated via cython. The limited-memory BFGS optimizer used by phydms is the one provided

with scipy.optimize. The most computationally costly part of the optimization performed

by phydms is the matrix-matrix multiplication performed when computing exponentials of

the transition matrix, and the second most costly part is the matrix-vector multiplication

performed while implementing the Felsenstein pruning algorithm. Both these steps are

performed using BLAS subroutines called via scipy.

In addition to the core phydms program, the software is distributed with auxillary pro-

grams that make it easy to prepare alignments (phydms prepalignment) and run multiple

models for comparison (phydms comprehensive). Importantly, phydms currently does not

infer phylogenetic tree topologies, but rather optimizes branch lengths and model parame-



23

ters given a topology. The tree topology must therefore be inferred using another program

such as RAxML [127] with a simpler substitution model.

3.3.4 Visualization of the results with logoplots

It is often instructive to visualize the amino-acid preferences that are used to inform an

ExpCM, as these preferences determine the unique properties of the models. In addition,

visualization can help understand how the stringency parameter β optimized by phydms

re-scales the preferences to increase concordance with natural selection. To aid such

visualizations, phydms comes with an auxiliary program (phydms logoplot) that renders

the amino-acid preferences in the form of logoplots via the weblogo libraries [23]. The

RESULTS section shows example logoplots.

Computer code

The phydms software is freely available on GitHub at https://github.com/jbloomlab/

phydms. Detailed documentation is at http://jbloomlab.github.io/phydms. Analyses in

this paper used versions of phydms ranging from 2.0.0 to 2.0.5.

3.4 Results

3.4.1 Testing phydms on two different genes

In the next few subsections, we describe example applications of phydms to real-world data

sets. Specifically, we use phydms to compare deep mutational scanning measurements to

natural sequence evolution for two genes: influenza hemagglutinin (HA) and β-lactamase.

We choose these genes because there are multiple published deep mutational scanning

datasets for each.

Analysis with an ExpCM requires three pieces of input data: the experimentally mea-

sured amino-acid preferences, an alignment of naturally occurring gene sequences, and

https://github.com/jbloomlab/phydms
https://github.com/jbloomlab/phydms
http://jbloomlab.github.io/phydms
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a phylogenetic tree topology. The tree topology can be inferred from the sequence align-

ment. But like most other software for codon-based phylogenetic analyses [98, 158],

phydms is not designed to infer the tree topology. Instead, it provides easy ways to infer

the tree topology using RAxML [127].

To prepare the required input data, we followed the workflow in Figure 3. The deep mu-

tational scanning experiments on HA [138, 27] directly reported amino-acid preferences.

However, the two deep mutational scanning experiments on β-lactamase [39, 132] re-

ported enrichment ratios for each mutation rather than amino-acid preferences. There is

a simple relationship between enrichment ratios and amino-acid preferences: the prefer-

ences are the enrichment ratios after normalizing the values to sum to one at each site,

enabling easy conversion between the two data representations (Figure 3).

We also created codon-level alignments of naturally occurring HA and β-lactamase

sequences using phydms prepalignment. The alignments were trimmed to contain only

sites for which amino-acid preferences were experimentally measured. Table 1 summa-

rizes basic information about these alignments.

3.4.2 Test if deep mutational scanning is informative about natural selection

A first simple test is whether the deep mutational scanning experiment provides any in-

formation that is relevant to natural selection on the gene in question. This can be de-

termined by testing whether an ExpCM that uses the experimental data outperforms a

substitution model that is agnostic to the site-specific preferences measured in the exper-

iments.

To perform such a test, we used phydms comprehensive to fit several substitution mod-

els to the alignment of HA sequences. This program automatically generates a phyloge-

netic tree topology from the alignment using RAxML [127]. It then fits an ExpCM (in this

case informed by the deep mutational scanning data in [27]) as well as several substitu-

tion models that do not utilize site-specific experimental information. The analysis was
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performed by running the following command on the input data in Supplemental file 2:

phydms comprehensive results/ HA alignment.fasta HA Doud prefs.csv

Table 2 lists the four tested substitution models: the ExpCM, an ExpCM with the amino-

acid preferences averaged across sites, and the M0 and M5 variants of the standard

Goldman-Yang style substitution models [160]. (Because these variants were originally

described by Yang, Nielsen, Goldman, and Krabbe-Pedersen, they are referred to here as

YNGKP models; note that other literature sometimes uses the alternative acronym GY94.)

The ExpCM with averaged preferences is a sensible control because the averaging elimi-

nates any experimental information specific to individual sites in the protein. Because the

models have different numbers of free parameters, they are best compared using Akaike

Information Criterion (AIC) [100], which compares log likelihoods after correcting for the

number of free parameters. Table 2 shows that the ExpCM has a much smaller AIC than

the other models (∆AIC > 2000 for all other models). Therefore, the experimentally mea-

sured amino-acid preferences contain information about natural selection on HA, since a

substitution model informed by these preferences greatly outperforms models that do not

utilize the experimental information.

3.4.3 Re-scale deep mutational scanning data to stringency of natural selection

Even if a deep mutational scanning experiment measures the authentic natural selection

on a gene, the stringency of selection in the experiment is not expected to match the strin-

gency of selection in nature. Differences in the stringency of selection can be captured by

the ExpCM stringency parameter β. If selection in nature prefers the same amino acids

as the selection in lab but with greater stringency, β will be fit to a value > 1. Conversely, if

selection in nature does not prefer the lab-favored mutations with as much stringency as

the deep mutational scan, β will be fit to a value < 1. Table 2 shows that an ExpCM for HA

informed by the experiments in [27] has β = 2.11, indicating that natural selection favors

the experimentally preferred amino acids with higher stringency than selection in the lab.
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The effect of this stringency re-scaling of the preferences can be visualized using

phydms logoplot as shown in Figure 4. Re-scaling by the optimal stringency parameter

of 2.11 exaggerates the selection for experimentally preferred amino acids. Conversely, if

the analysis had fit a stringency parameter < 1, this would have flattened the experimental

measurements, and when β = 0 all information from the experiments is lost (Figure 4).

Because selection in the lab can probably never be tuned to exactly match that in nature,

stringency re-scaling is a valuable method to standardize measurements across experi-

ments.

3.4.4 Compare how well different experiments capture natural selection

The amino-acid preferences for HA and β-lactamase have each been measured by two

independent experiments. For each gene, which of these experiments better captures

natural selection?

We can address this question by comparing ExpCM’s informed by each experiment.

For β-lactamase, this means comparing the preferences measured by [132] to those mea-

sured by [39]. We did this with phydms comprehensive by running the following command

on the input data in Supplemental file 4:

phydms comprehensive results/ betaLactamase alignment.fasta

betaLactamase Stiffler prefs.txt betaLactamase Firnberg prefs.txt

Table 3 shows that an ExpCM informed by the data of [132] outperform an ExpCM

informed by the data of [39], with a ∆AIC of 96.2. Therefore, the former experiment better

reflects natural selection on β-lactamase. However, both experiments are informative, as

both greatly outperform traditional YNGKP models.

We made a similar comparison of the two deep mutational scans of HA. As summa-

rized in Table 4 (and detailed in Supplemental file 5), the deep mutational scanning of

[27] better describes the natural evolution than the experiments of [138] (∆AIC of 44.2).

Again, both experiments are clearly informative, as both greatly outperform the YNGKP
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models.

3.4.5 Identify sites of diversifying selection

In some cases, a few sites may evolve differently in nature than expected from the experi-

ments in the lab. For instance, sites under diversifying selection for amino-acid change will

experience more nonsynonymous substitutions than expected given the experimentally

measured amino-acid preferences. Such sites can be identified by using the --omegabysite

option to fit a parameter ωr that gives the relative rate of nonsynonymous to synonymous

substitutions after accounting for the experimentally measured preferences for each site

r [14]. If the preferences capture all the selection on amino acids, then we expect ωr = 1.

Sites with ωr > 1 are under diversifying selection for amino-acid change, while sites with

ωr < 1 are under additional purifying selection not measured in the lab.

We tested for diversifying selection in HA by running the following command on the

data in Supplemental file 6:

phydms HA alignment.fasta HA RAxML tree.newick ExpCM HA Doud prefs.csv

results/ --omegabysite

The results are visualized in Figure 5. While most sites are evolving with ωr not sig-

nificantly different from one, some sites show evidence of ωr > 1. As described in [14],

these sites may be under diversifying selection due to immune pressure. Overall, this

analysis shows how phydms can identify sites evolving differently in nature than expected

from experiments in the lab.

3.4.6 phydms has superior computational performance to existing alternatives

Our rationale for developing phydms was to enable the analyses described above to be

performed more easily than with existing software. To validate the improved computational

performance, we compared phydms (version 2.0.0) to alternative programs that have been
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used to fit an ExpCM. The comparisons used the HA sequences described in Table 1 with

an ExpCM informed by the deep mutational scanning in [27], and were performed on a

single core of a 2.6 GHz Intel Xeon CPU.

Table 5 shows the results. With default settings, phydms took 10 minutes to optimize

the model parameters and branch lengths. This runtime could be decreased by scaling

the branch lengths by a single parameter rather than optimizing them individually (--brlen

scale option); other work has shown that when the initial tree is reasonably accurate, this

approximation can improve runtime while only slightly affecting model fit [157, 99]. Fitting

the nucleotide frequency parameters φw (--fitphi option) rather than determining them

empirically doubled the runtime. The log likelihood and values of the model parameters β

and ω were nearly identical for all three of these settings. The gradient-based optimization

is important: using phydms without gradients (--nograd option) increased the runtime over

5-fold while also yielding a poorer log likelihood.

Two alternative programs have previously been used to fit an ExpCM. Bloom (2014a) [11]

and Bloom (2014b) [12] used a Python program (phyloExpCM) to run HyPhy to optimize an

ExpCM similar to the ones used here. Bloom (2017)[14] used an old version of phydms to

fit an ExpCM identical to the ones here using the Bio++ libraries [48]. We ran both these

programs on the HA data set, using phyloExpCM version 0.3 with HyPhy version 2.22, and

phydms version 1.3.0 with Bio++. Table 5 shows that these programs were ∼100-fold and

∼200-fold slower than phydms with default settings. A small portion of the slower runtime

is because these earlier implementations cannot calculate empirical nucleotide frequency

φw parameters; however they remain much slower than phydms even when these param-

eters are fit. Note that Table 5 may overestimate the computational advantage of phydms

over HyPhy in some situations, since HyPhy code but not phydms can in principle be written

to enable the use of multiple cores. Divining the reasons for the performance differences

was not possible, as the programs differ completely in their implementations. But re-

assuringly, all programs yielded similar model parameters β and ω despite independent

implementations of the likelihood calculations and the optimization.
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The analyses above used relatively small alignments of 34 or 50 sequences (Table 1).

To test how the performance of phydms changed with alignment size, we analyzed HA

alignments ranging from 34 to 108 sequences. As shown in Table 6, the runtime increased

with alignment size, but remained under an hour even for the largest alignment. The

inferred model parameter values also remained relatively constant as the size of the HA

alignment increased (Table 6).

3.5 Discussion

We have described a new software package that facilitates efficient analyses with phy-

logenetic substitution models informed by deep mutational scanning experiments. This

software, phydms, can quantitatively compare deep mutational scanning measurements

to selection on genes in nature. It can re-scale deep mutational scanning data to account

for differences in the stringency of selection between the lab and nature, identify sites

evolving differently in nature than expected from the experiments, and compare how well

different experiments on the same gene describe natural selection.

The ability to perform these comparisons is useful because the rationale for many deep

mutational scanning experiments is to provide information about the effects of mutations

on genes in nature. For instance, there are many ways to design an experiment, and

it is often not obvious which choice is best if the goal is to make the experiment reflect

natural selection. Using phydms, it is possible to quantitatively compare how well different

experiments describe natural selection. Likewise, it is often useful to know if specific sites

in a gene are evolving differently in nature than expected from experiments in the lab.

Algorithms implemented in phydms makes statistically rigorous identification of these sites

possible.

The speed and ease of use of phydms makes these analyses practical for real datasets.

As deep mutational scanning data become available for an increasing number of genes,

phydms will facilitate comparison of the experimental measurements to selection in nature.
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Supplemental files

Descriptions of each file are shown below. Please see the publication for the actual

files [59].

S1 File. This PDF contains details of the calculations of the likelihood and its gradient

as implemented in phydms.

S2 File. This ZIP file contains the code, input data, and full results of the phydms analysis

summarized in Table 2.

S3 File. This ZIP file contains the code, input data, and full results of the stringency

parameter comparison with phydms logoplot summarized in Figure 4.

S4 File. This ZIP file contains the code, input data, and full results of the multiple β-

lactamase deep mutational scan comparison summarized in Table 3.

S5 File. This ZIP file contains the code, input data, and full results of the multiple HA

deep mutational scan comparison summarized in Table 4.

S6 File. This ZIP file contains the code, input data, and full results of the phydms --omegabysite

analysis summarized in Figure 5.
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S7 File. This ZIP file contains the code, input data, and full results of the program run-

time comparison summarized in Table 5.

S8 File. This ZIP file contains the code, input data, and full results of the alignment size

comparison summarized in Table 6.

3.7 Software Availability

All data and code are available on GitHub at https://github.com/jbloomlab/phydms.

Detailed documentation is at http://jbloomlab.github.io/phydms.

https://github.com/jbloomlab/phydms
http://jbloomlab.github.io/phydms
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Chapter 4

MODELING SITE-SPECIFIC AMINO-ACID PREFERENCES DEEPENS
PHYLOGENETIC ESTIMATES OF VIRAL SEQUENCE DIVERGENCE

A version of this chapter has been previously published as:

Sarah K. Hilton and Jesse D. Bloom. “Modeling site-specific amino-acid preferences

deepens phylogenetic estimates of viral sequence divergence.” Virus Evolution. 4:vey033

(2018).
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4.1 Abstract

Molecular phylogenetics is often used to estimate the time since the divergence of modern

gene sequences. For highly diverged sequences, such phylogenetic techniques some-

times estimate surprisingly recent divergence times. In the case of viruses, independent

evidence indicates that the estimates of deep divergence times from molecular phyloge-

netics are sometimes too recent. This discrepancy is caused in part by inadequate models

of purifying selection leading to branch-length underestimation. Here we examine the ef-

fect on branch-length estimation of using models that incorporate experimental measure-

ments of purifying selection. We find that models informed by experimentally measured

site-specific amino-acid preferences estimate longer deep branches on phylogenies of

influenza virus hemagglutinin. This lengthening of branches is due to more realistic sta-

tionary states of the models, and is mostly independent of the branch-length-extension

from modeling site-to-site variation in amino-acid substitution rate. The branch-length ex-

tension from experimentally informed site-specific models is similar to that achieved by

other approaches that allow the stationary state to vary across sites. However, the im-

provements from all of these site-specific but time-homogeneous and site-independent

models are limited by the fact that a protein’s amino-acid preferences gradually shift as it

evolves. Overall, our work underscores the importance of modeling site-specific amino-

acid preferences when estimating deep divergence times—but also shows the inherent

limitations of approaches that fail to account for how these preferences shift over time.

4.2 Introduction

Molecular phylogenetics is commonly used to estimate the historical timing of evolution-

ary events [161]. This is done by estimating branch lengths based on the inferred number

of substitutions, and then converting these branch lengths into units of time under the

assumption of a molecular clock [166, 28]. However, phylogenetic estimates of the diver-

gence times of many viral lineages are clearly too recent [31, 60, 1]. For example, the



34

integration of filoviruses into their host genomes indicate that Ebola and Marburg virus

diverged from their common ancestor 7 to 12 million years ago—but the estimate of this

divergence time based on phylogenetic analyses of the viral sequences is only ∼10,000

years ago [20, 137]. Similarly, the phylogenetic estimate of when major simian immunod-

eficiency virus groups diverged is almost 100 times more recent than the estimate based

on the geographic isolation of their host species [146, 150]. These examples, along with

other similar discrepancies with measles virus [41], coronavirus [144], and hepatitis B

virus [34, 61], indicate that phylogenetic methods have a systematic bias toward underes-

timation of deep branches.

This underestimation occurs in part because phylogenetic models do a poor job of de-

scribing the real natural selection on protein-coding genes. These genes evolve under pu-

rifying selection to maintain the structure and function of the proteins they encode. In gen-

eral, these constraints are highly idiosyncratic among sites [32]. However, most phyloge-

netic models try to account for these constraints using relatively simple approaches such

as allowing the rate of substitution to vary across sites according to some statistical dis-

tribution [156, 160]. These models of purifying selection are usually inadequate [30, 29],

potentially causing branch lengths to be severely underestimated [145, 52].

More recent work has used mutation-selection models to better account for purifying

selection [52, 159, 110, 135, 80]. These models explicitly incorporate the fact that different

protein sites prefer different amino acids, and so can improve phylogenetic estimates

when there are deep branches [95, 71, 73, 102, 141, 134]. However, these approaches

require inferring the site-specific purifying selection from natural sequence data.

Even more recently, it has become possible to directly measure purifying selection on

proteins using deep mutational scanning. This high-throughput approach involves experi-

mentally measuring how each amino-acid mutation affects protein function in the lab [40].

The resulting experimental measurements of which amino acids are preferred at each

protein site can be used to inform phylogenetic substitution models [11]. These experi-

mentally informed codon models (ExpCMs) generally exhibit much better phylogenetic fit
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than standard substitution models [26, 59, 51, 75].

Here we examine how ExpCMs and other models of purifying selection estimate branch

lengths on a phylogenetic tree of influenza virus hemagglutinin (HA). We find that Ex-

pCMs estimate longer deep branches, and show that this extension of branch length is

mostly independent and additive with that achieved by the more conventional approach

of modeling rate variation. We also show that ExpCMs estimate similar branch lengths

to a mutation-selection model that infers the amino-acid preferences from the natural se-

quence data rather than using values obtained in experiments. However, all of these

mutation-selection models are limited by their failure to account for another feature of

purifying selection: the fact that a site’s amino-acid preferences shift over time due to

epistasis. Therefore, truly accurate analyses of deep phylogenies need to account for the

fact that amino-acid preferences vary across time as well as across sites.

4.3 Results

4.3.1 Different ways substitution models account for purifying selection

Here we consider how purifying selection is handled by codon models, which are the

most sophisticated of the three classes (nucleotide, codon, and amino acid) of phyloge-

netic substitution models in widespread use for protein-coding genes [5]. Standard codon

models distinguish between two types of substitutions: synonymous and nonsynonymous.

The relative rate of these substitutions is referred to as dN/dS or ω. In their simplest form,

codon substitution models fit a single ω that represents the gene-wide average fixation

rate of nonsynonymous mutations relative to synonymous ones. Here we will use such

substitution models in the form proposed by Goldman (1994) [44]. When these models

have a single gene-wide ω they are classified as M0 by Yang et al., 2000 [160]. We will

refer to M0 Goldman-Yang models simply as GY94 models (Equation 1). The gene-wide

ω is usually < 1 [86], and crudely represents the fact that many amino-acid substitutions

are under purifying selection.
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A single gene-wide ω ignores the fact that purifying selection is heterogeneous across

sites. The most common strategy to ameliorate this defect is to allow ω to vary among sites

according to some statistical distribution [156, 160]. For instance, in the M5 variant of the

GY94 model [160], ω follows a gamma distribution as shown in Figure 6A. We will denote

this model as GY94+Γω. A GY94+Γω captures the fact that the rate of nonsynonymous

substitution can vary across sites. However, these models do not capture the fact that the

same amino-acid mutation can have very different effects at different sites.

Mutation-selection models account for the fact that purifying selection depends id-

iosyncratically on the specific amino-acid mutation at each site [52, 159, 110, 135, 80].

Here we will consider mutation-selection models where the site-specific selection is as-

sumed to act solely at the protein level (different codons for the same amino acid are

treated as selectively equivalent). Such models explicitly define a different set of amino-

acid preferences at each site in the protein. This more mechanistic formulation results in

a site-specific stationary state (Figure 6B). These models capture the site-to-site variation

in amino-acid composition that is an obvious features of real proteins, and usually better

describe actual evolution than models with only rate variation as assessed by Bayesian

or maximum-likelihood criteria [72, 73, 102, 141, 110, 11, 12, 59].

However, the increased realism of mutation-selection models comes at the cost of

an increased number of parameters. Codon substitution models with uniform station-

ary states have only a modest number of parameters that must be fit from the phyloge-

netic data. For instance, a GY94+Γω model with the commonly used F3X4 stationary

state has 12 parameters: two describing the shape of the gamma distribution over ω, a

transition-transversion rate, and nine parameters describing the nucleotide composition

of the stationary state. However, mutation-selection models must additionally specify 19

parameters defining the amino-acid preferences for each site (there are 20 amino acids

whose preferences are constrained to sum to one). This corresponds to 19×L parameters

for a protein of length L, or 9,500 parameters for a 500-residue protein. It is challenging

to obtain values for these amino-acid preference parameters in a maximum-likelihood
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framework without overfitting the data [105]. Here we will primarily use experimentally

informed codon models (ExpCMs), which define the site-specific amino-acid preference

parameters a priori from deep mutational scanning experiments so that they do not need

to be fit from phylogenetic data [see Methods and 11, 59, 14]. Because the amino-acid

preference parameters in an ExpCM are obtained from experiments, the number of Ex-

pCM free parameters is similar to a non-site-specific substitution model. An alternative

strategy to account for site-specific amino-acid preferences is to formally consider them

as random effects across sites, rather than parameters, and infer them using Bayesian

methods [72, 107]. This strategy is discussed in the last section of the Results.

Importantly, these two strategies for modeling purifying selection are not mutually ex-

clusive. Mutation-selection models such as an ExpCM can still incorporate an ω pa-

rameter, which now represents the relative rate of nonsynonymous to synonymous sub-

stitution after accounting for the constraints due to the site-specific amino-acid prefer-

ences [14, 108]. This ω parameter for an ExpCM can be drawn from a statistical dis-

tribution (e.g., a gamma distribution) just like for GY94-style models [107, 51]. We will

denote such models as ExpCM+Γω. Figure 6C shows the full spectrum of models that

incorporate all combinations of gamma-distributed ω and site-specific stationary states.

4.3.2 Effect of stationary state and rate variation on branch-length estimation

Given a single branch, a substitution model transforms sequence divergence into branch

length. Under a molecular-clock assumption, this branch length is proportional to time.

The transformation from sequence divergence to branch length is trivial when the se-

quence identity is high. For instance, when there has only been one substitution, then the

sequence identity will simply be L−1
L

for a gene of L sites, and even a simple exponen-

tial model [166] will correctly infer the short branch length of 1/L substitutions per site.

However, as substitutions accumulate it becomes progressively more likely for multiple

changes to occur at the same site. In this regime, the accuracy of the substitution model
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becomes critical for transforming sequence divergence into branch length. Any time-

homogenous substitution model predicts that after a very large number of substitutions,

two related sequences will approach some asymptotic amino-acid sequence identity. For

instance, if all 20 amino acids are equally likely in the stationary state, then this asymp-

totic sequence identity will be 1
20

= 0.05. If the substitution model underestimates the

asymptotic sequence identity then it will also underestimate long branch lengths, since it

will predict that sequences that have evolved for a very long time should be more diverged

than is actually the case.

Figure 7 shows how different substitution models predict amino-acid sequence identity

to decrease as a function of branch length using model parameters fit to a phylogeny of

H1 influenza hemagglutinin (HA) genes. The GY94 model predicts the same behavior for

all sites, since it does not have any site-specific parameters, with an asymptotic sequence

identity of 0.062. While this predicted sequence identity is higher than 1
20

= 0.05 due

to redundant codon and nucleotide biases favoring certain amino acids, it is much lower

than the pairwise identity of even the most diverged HAs in nature. While it is of course

possible that the identity of HAs in nature would become even lower given more time, it

seems biochemically improbable that it would ever become as low as 0.062. The reason

is that like many proteins HA has a highly conserved structure and function that imposes

constraints that cause many sites to sample only a small subset of the 20 amino acids

among all known HA homologs [90].

Accounting for site-to-site dN/dS rate variation in GY94 models affects the rate at which

the asymptotic sequence identity is approached, but not the actual value of this asymp-

tote. For instance, Figure 7 shows that the GY94+Γω model takes longer to reach the

asymptote than GY94, but that the asymptote is identical for both models. This fact holds

true even if we use experimental measurements of HA’s site-specific amino-acid prefer-

ences [27] to calculate a different ωr value for each site using the method of [124] (see

Equation 7). Specifically, this GY94+ωr model predicts that different sites will approach

the asymptote at different rates, but the asymptote is always the same (Figure 7). The
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invariance of the asymptotic sequence identity under different schemes for modeling ω

is a fundamental feature of the mathematics of this type of reversible substitution model.

These models are reversible stochastic matrices, which can be decomposed into station-

ary states and symmetric exchangeability matrices [88]. The stationary state is invariant

with respect to multiplication of the symmetric exchangeability matrix by any non-zero

number. Different schemes for modeling ω only multiply elements of the symmetric ex-

changeability matrix. Therefore, no matter how “well” a model accounts for site-to-site

variation in ω, it will always have the same stationary state as a simple GY94 model.

However, mutation-selection models such as ExpCMs have site-specific stationary

states. They predict that different sites will have different asymptotic sequence identi-

ties (Figure 7)—a prediction that accords with the empirical observation that some sites

are much more variable than others in alignments of highly diverged sequences. For in-

stance, Figure 7 shows that at sites such as 183 and 305 in the H1 HA, an ExpCM but

not a GY94-style model predicts that the identity will always be relatively high. When sites

with highly constrained amino-acid preferences such as these are common, an ExpCM

can estimate a long branch length at modest sequence identities that a GY94 model might

attribute to a shorter branch.

4.3.3 Simulations demonstrate how failure to model site-specific amino-acid preferences

leads to branch-length underestimation.

To directly demonstrate the effect of stationary state and Γω rate variation on branch-

length estimation, we tested the ability of a variety of models to accurately infer branch

lengths on simulated data (Figure 8). Specifically, we simulated alignments of sequences

along the HA phylogenetic tree using an ExpCM parameterized by the amino-acid pref-

erences of H1 HA as experimentally measured by deep mutational scanning [27]. We

then estimated the branch lengths from the simulated sequences using all the substitu-

tion models in Figure 6C, and compared these estimates to the actual branch lengths



40

used in the simulations. Note that these simulations closely parallel those performed by

[52] and [145].

The models with a uniform stationary state underestimated the lengths of long branches

on the phylogenetic tree of the simulated sequences (Figure 8). The GY94 model esti-

mated branch lengths that are ∼60% of the true values for the longest branches. Ac-

counting for site-to-site variation in ω did not fix the fundamental problem: the GY94+Γω

did slightly better, but still substantially underestimated the longest branches. However,

there was no systematic underestimation of long branches by the ExpCM and ExpCM+Γω

models. The improved performance of the ExpCMs is due to their modeling of the site-

specific amino-acid preferences: if we parameterize ExpCMs by amino-acid preferences

that have been averaged across HA sites (and so are no longer site-specific), then they

perform no better than GY94 models (Figure 8). Therefore, models with uniform station-

ary states underestimate the length of long branches in phylogenies of sequences that

have evolved under strong site-specific amino-acid preferences.

4.3.4 Experimentally informed site-specific models estimate longer branches on real

data.

The foregoing section shows the superiority of ExpCMs to GY94 models for estimating

long branches on phylogenies simulated with ExpCMs. But how do these models perform

on real data? Real genes do evolve under functional constraint, but these constraints are

almost certainly more complex than what is modeled by an ExpCM. However, if ExpCMs

do a substantially better job than GY94 models of capturing the true constraints, then we

might still expect them to estimate more accurate branch lengths.

To test the models on real data, we used actual sequences of influenza HA. The topol-

ogy of HA phylogenetic trees makes these sequences an interesting test case for branch-

length estimation. HA consists of a number of different subtypes. Sequences within a

subtype have >68% amino-acid identity, but sequences in different subtypes have as little
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as 38% identity. However, HA proteins from all subtypes have a highly conserved struc-

ture that performs a highly conserved function [49, 114]. We used RAxML [126] with a

nucleotide substitution model (GTRCAT) to infer a phylogenetic tree for 92 HA sequences

drawn from 15 of the 18 subtypes (we excluded bat influenza and one other rare subtype).

For the rest of this paper, we fix the tree topology to this RAxML-inferred tree. Although the

nucleotide model used with RAxML to infer this tree topology is probably less accurate than

codon models, the modular subtype structure of the HA phylogeny (the tree is clearly di-

vided into widely separated clades) means that most of the phylogenetic uncertainty lies

in the length of the long branches separating the subtypes rather than in the tree topology

itself. We note that other genes may have phylogenetic structures that are more prone

to topological uncertainty. In such cases, the accuracy of the substitution model may be

important for avoiding topological errors such as long-branch attraction [37, 71].

Deep mutational scanning has been used to measure the amino-acid preferences of

all sites in two different HAs. One scan measured the preferences of an H1 HA [27]

and the other measured the preferences of an H3 HA [75]. The amino-acid preferences

measured for these two HAs are shown in 13 and 14. The H1 and H3 HAs have only

∼42% amino-acid identity. As described in Lee et al., 2018 [75], the amino-acid pref-

erences clearly differ between the H1 and H3 HA at a substantial number of sites (these

differences are apparent in a simple visual comparison of 13 and 14; see site 33 as an ex-

ample). Therefore, we also created a third set of amino-acid preferences by averaging the

measurements for the H1 and H3 HAs, under the conjecture that these averaged prefer-

ences might better describe the “average” constraint on sites across the full HA tree (15).

These three sets of HA amino-acid preferences define three different ExpCMs.

We fit the GY94 model and each of the three ExpCMs to the fixed HA tree topology

estimated using RAxML, and also tested a version of each model with Γω rate variation.

Table 7 shows that all ExpCMs fit the actual data much better than the GY94 models. The

best fit was for the ExpCM informed by the average of the H1 and H3 deep mutational

scans. For all models, incorporating Γω rate variation improved the fit, although even
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ExpCMs without Γω greatly outperformed the GY94+Γω model (Table 7). As mentioned

in the previous section, ω is generally < 1 when a single value is fit to all sites in a

gene [86], and this is the case for all the models we tested (Table 7). However, the

ExpCMs always fit an ω greater than the GY94 model, suggesting that the site-specific

amino-acid preferences capture some of the purifying selection that the GY94 models can

represent only via a small ω. Among the models with Γω, the GY94+Γω model fits all four

ω categories to values �1, but the ExpCM+Γω models fit one of the ω categories to a

value > 1. This increase in ω values makes sense given the different interpretation of ω

for each family of models. The ExpCM ω is the relative rate of fixation of nonsynonymous

to synonymous mutations after accounting for the functional constraints described by the

amino-acid preferences. This more realistic null model gives ExpCMs enhanced power to

detect diversifying selection for amino-acid change [14, 108], which is known to occur at

some sites in HA due to immune selection [9].

Importantly, models that account for purifying selection via either Γω rate variation

or site-specific amino-acid preferences do not just exhibit better fit—they also estimate

longer branches on the HA tree. Figure 9 shows the branch lengths optimized by each

model on a common scale. The tree’s deepest branches are shortest when they are

optimized by the GY94 model, which lacks both Γω and site-specific amino-acid prefer-

ences. Adding either Γω rate variation or site-specific amino-acid preferences increases

the length of the deep branches. Specifically, the tree’s diameter (the distance between

the two most divergent tips) for the GY94+Γω model is 159% of the GY94 model tree

diameter (8). The tree diameter is 122% and 135% of the GY94 model tree diameter for

ExpCMs informed by H1 or H3 amino-acid preferences, respectively, and 160% of the

GY94 model for the ExpCM informed by the average of the H1 and H3 preferences (8).

The deepening of branch lengths that results from the Γω and site-specific amino-

acid preference approaches to modeling purifying selection are largely independent. This

can be seen by examining the ExpCM+Γω models, which combine Γω rate variation with

site-specific amino-acid preferences. As shown in Figure 9, these ExpCM+Γω models
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estimate longer branches than models with just Γω rate variation (GY94+Γω) or just site-

specific amino-acid preferences (ExpCMs). The near independence of these effects is

quantified in 8, which shows that 76% of the tree diameter extension of ExpCM(H1+H3

avg)+Γω versus can be explained by simply adding the extension from incorporating Γω

(GY94+Γω versus GY94) to the extension from incorporating site-specific amino-acid pref-

erences (compare ExpCM(H1+H3 avg) to GY94).

However, while adding Γω rate variation increases the length of deep branches in a

roughly uniform fashion across the tree, the branch lengthening from adding site-specific

amino-acid preferences is not uniform across the tree (Figure 9 and Figure 10). Instead,

the increase in branch length is most pronounced on branches leading to the HA se-

quence that was used in the deep mutational scanning experiment that informed the Ex-

pCM. For instance, the ExpCM informed by the H1 data most dramatically lengthens

branches near the H1 clade of the tree, while the ExpCM informed by the H3 data has

the largest effect on branches near the H3 clade. The ExpCM informed by the average

of the H1 and H3 data has a more uniform effect across the tree, but still most strongly

extends branches leading to either the H1 or H3 clade. Therefore, Figure 9 and Figure 10

show that ExpCMs estimate longer branches, but that the effect is shaped by the set of

amino-acid preferences used to inform the model.

4.3.5 Shifting amino-acid preferences limit the benefits of models with site-specific sta-

tionary states for estimating long branch lengths.

The fact that an ExpCM leads to the most profound increase in branch length leading

to the sequence used in the experiment can be rationalized in terms of existing knowl-

edge about epistasis during protein evolution. Each ExpCM is informed by a single set

of experimentally measured amino-acid preferences. But in reality, the effect of a muta-

tion at one site in a protein can depend on the amino-acid identities of other sites in the

protein [93, 46, 54, 139, 130]. This epistasis can lead to shifts in a protein’s amino-acid
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preferences over evolutionary time [96, 26, 118, 8, 51]. Because the deep mutational

scanning experiments that inform our ExpCMs were each performed in the context of a

single HA genetic background, their measurements do not account for the accumulation

of epistatic shifts in amino-acid preferences as HA evolves. Therefore, an ExpCM is ex-

pected to most accurately describe the evolution of sequences closely related to the one

used in the experiment.

We can observe how shifting amino-acid preferences degrade the accuracy of an Ex-

pCM by fitting the model to trees containing increasingly diverged sequences. For both

H1 and H3 HAs, we created three phylogenetic trees (17): a “low” divergence tree that

contains sequences with ≥59% amino-acid identity to the HA used in the experiment, an

“intermediate” divergence tree that contains sequences with ≥46% amino-acid identity

to the HA in the experiment, and a “high” divergence tree that contains all HAs (which

have as little as 38% identity to the HA in the experiment). Figure 11 shows the sub-

trees containing each of these sets of HA sequences. For each subtree, we examined the

congruence between site-specific natural selection and the amino-acid preferences mea-

sured in the deep mutational scanning experiment using the ExpCM stringency parameter

β [12, 59]. Values of β that are >1 indicate that natural selection prefers the same amino

acids as the experiments but with a greater stringency, suggesting strong congruence be-

tween natural selection and the experimental preferences. In contrast, values of β that

are <1 flatten the preferences, suggesting that they provide a relatively poor description

of natural selection on the protein.

The value of β decreases as the divergence from the sequence used in the deep

mutational scan increases Figure 11. This inverse relationship between β and overall di-

vergence is seen for the ExpCMs informed by both the H1 and H3 experiments. As β

decreases, the preferences “flatten” and so the ExpCM draws less information from the

experiment. At the most extreme value of β = 0, the preferences would be perfectly uni-

form and look similar to the GY94 preferences in Figure 9. In reality, β never reaches a

value this low, indicating the deep mutational scanning experiments remain somewhat in-
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formative about real natural selection across the entire swath of HAs. However, Figure 11

shows that the amino-acid preferences clearly become less informative about natural se-

lection as we move away from the experimental sequence on the tree. This shifting of

amino-acid preferences helps explain why the ExpCM informed by the average of the

H1 and H3 experiments performs best (Table 7, Figure 9, and Figure 10): averaging the

measurements across these two HAs is a heuristic method of accounting for shifts in

preferences during HA evolution.

The fact that amino-acid preferences shift as a protein evolves leaves us with an in-

herent tension: models with site-specific amino-acid preferences only become important

for accurate branch-length estimation as sequences become increasingly diverged, but

this same divergence degrades the accuracy of extrapolating the amino-acid preferences

from any given experiment across the phylogenetic tree. Crucially, this problem is more

fundamental than the inability of a single deep mutational scanning experiment to mea-

sure amino-acid preferences in more than one genetic background. If amino-acid prefer-

ences shift during evolution, there simply will not be any single set of time-homogeneous

site-specific preferences that accurately describes evolution along the entirety of a phylo-

genetic tree that covers a wide span of sequences.

4.3.6 A model with amino-acid preferences estimated from natural sequences gives sim-

ilar results to an ExpCM

The previous sections used ExpCMs, which are mutation-selection models that use site-

specific amino-acid preferences that have been measured by experiments. However,

there are other mathematically similar implementations of mutation-selection models that

infer the amino-acid preferences directly from the natural sequence data. When these

models are designed for use in phylogenetic inference, they are generally implemented

in a Bayesian framework, which avoids the overfitting problems associated with trying to

make maximum-likelihood estimates of the thousands of amino-acid preference parame-
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ters [70]. (Note that the maximum-likelihood implementations of [135, 136] are designed

for estimating the amino-acid preferences, not for phylogenetic inference.) The model

most comparable to our ExpCMs is the codon mutation-selection model implemented in

PhyloBayes-MPI, which we will refer to as pbMutSel [107]. In the pbMutSel model, the

amino-acid preferences are modeled using Dirichlet processes rather than derived from

experiments. However, like an ExpCM, a pbMutSel model still assumes a single set of

time-homogeneous site-specific amino-acid preferences for the entire tree.

Comparing ExpCM and pbMutSel models can help determine the ultimate limits of

mutation-selection models that assign each site a single set of amino-acid preferences.

If the limitations of ExpCMs described above arise simply because the deep mutational

scanning experiments do not correctly measure the “true” amino-acid preferences across

the entirety of a highly diverged phylogenetic tree, then we would expect the pbMutSel

models (which infer these preferences from the entire tree) to perform better. On the

other hand, if the major limitation is that no single set of time-homogenous amino-acid

preferences can fully describe evolution over the entire tree, then we would expect ExpCM

and pbMutSel models to perform similarly.

We fit a pbMutSel model to the entire HA phylogenetic tree, and compared the results

to those from analyzing the same tree with the best ExpCM, which is the ExpCM(H1+H3

avg)+Γω variant. This is a direct apples-to-apples comparison, since the pbMutSel model

also draws ω from a gamma-distribution [107]. First, we compared the amino-acid prefer-

ences inferred by the pbMutSel model to the preferences measured in the experiments.

Figure 12A shows that the preferences inferred by pbMutSel are quite similar to the (H1+

H3 avg) obtained by averaging the deep mutational scanning measurements for the H1

and H3 HAs. Notably, the amino-acid preferences from the pbMutSel model are more

correlated with the (H1+ H3 avg) than the H1 and H3 measurements are with each other

(Figure 12A). This strong correlation indicates that the ExpCM(H1+H3 avg)+Γω is unlikely

to be much different than a pbMutSel model that is parameterized only using the natural

sequence data.
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We next compared the branch lengths estimated by using the ExpCM(H1+H3 avg)+Γω

and pbMutSel models. As shown in Figure 12B, these two models estimated similar

branch lengths across the entire HA phylogenetic tree. However, the estimates are not

identical, and the tension between local and global accuracy of the amino-acid prefer-

ences is still apparent. Specifically, the branches leading to the H1 or H3 sequences

used in the experiments were estimated to be slightly longer by the ExpCM, while some

other branches were estimated to be slightly longer by the pbMutSel model. The relatively

longer branches leading to the experimental sequences when using the ExpCM(H1+H3

avg)+Γω suggests that the “tree average” amino-acid preferences inferred by the pbMut-

Sel model are not as accurate as the preferences from the deep mutational scanning for

sequences close to those used in the experiments. However, for sequences distant from

those used in the experiments, the “tree average” preferences inferred by the pbMutSel

model appear to be slightly better than the experimental values. Therefore, while the Ex-

pCM and pbMutSel models differ slightly in the extent to which they lengthen different

branches, neither model can avoid the tension between the local and global accuracy of

amino-acid preferences.

4.4 Discussion

We examined how estimates of deep branch lengths on phylogenetic trees are affected

by accounting for the fact that proteins prefer specific amino acids at specific sites. We

did this by comparing inferences from models informed by experimental measurements of

site-specific amino-acid preferences with more conventional codon substitution models,

as well as with models that infer the amino-acid preferences from the natural sequences.

We found that models that account for site-specific amino-acid preferences estimated

deeper long branches, regardless of whether these preferences are measured experi-

mentally or inferred from the sequence alignment. Additionally, we showed that the exten-

sion in branch length from site-specific amino-acid preferences is mostly independent of
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the extension that results from simply modeling rate variation.

Overall, our results underscore the importance of modeling purifying selection in a

way that is more nuanced than simply allowing the substitution rate to vary across sites.

Protein sites do not simply differ in their rates of substitution—different sites also prefer

different amino acids. There are now two ways to account for this fact: using models in-

formed by deep mutational scanning experiments, or using models that infer site-specific

amino-acid preferences from the natural sequence alignment. Combining either type of

model with rate variation increases the inferred length of deep branches relative to mod-

els that only incorporate rate variation. We expect that further improvements could be

achieved by also incorporating other factors such as host-specific substitution rates [149]

that are known to be important for modeling the evolution of viral genes such as HA.

However, assuming a single set of site-specific amino-acid preferences is still an im-

perfect way to model evolution over a highly diverged phylogenetic tree. In the case

of the experimentally informed models, it is fairly obvious why this is true: the amino-

acid preferences are measured in just one genetic background, and therefore provide

only a single snapshot of preferences that shift over evolutionary time due to epista-

sis [96, 118, 8, 51, 130, 26]. As a result, experimentally measured amino-acid prefer-

ences are most accurate for sequences similar to the one used in the experiment, and

so cause the largest increases in branch length in that region of the phylogenetic tree.

However, this limitation is not unique to experimentally informed models, but is a general

limitation of describing purifying selection using a single set of site-independent and time-

homogenous amino-acid preferences. For instance, we showed that averaging experi-

mental measurements on two protein homologs does a somewhat better job of capturing

the “average” constraint across the tree, and performs similarly to approaches that infer

the “average” preferences from natural sequence data [110, 107]. But even these “aver-

age” preferences exhibit a tradeoff between local and global accuracy for the inference of

deep branch lengths.

So while modeling site-specific amino-acid preferences is a clear improvement over
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most conventional models, the next step towards greater accuracy will require relaxing

the assumption that these preferences are time homogeneous and site independent. Of

course, many authors have pointed out the shortcomings of models that fail to account for

the full site-interdependent complexity of purifying selection [109, 22, 96, 45]. However,

the challenge is to overcome these shortcomings with models that are tractable for real

phylogenetic questions. There are two main issues: first, the Felsenstein pruning algo-

rithm [36] that is typically used to evaluate phylogenetic likelihoods breaks down when

sites are no longer treated independently. Some alternative algorithms have been pro-

posed [16, 106, 109, 22], but they are still in their infancy. Second, site-interdependent

models require a realistic “fitness function” that describes the interactions among sites. It

appears that typical structural modeling programs are insufficient for this purpose [106].

But hope comes from experimental progress in measuring actual site-interdependent con-

straints on proteins [92, 152, 131, 76], combined with new methods for using these mea-

surements to parameterize fitness functions [116, 94]. Perhaps some day such truly re-

alistic models might be useful for phylogenetic inference. Until that day, our work shows

that modeling a single set of time homogenous amino-acid preferences provides at least

some improvement.

4.5 Methods

4.5.1 Substitution models

All of the substitution models used in this paper have been described previously. However,

here we briefly recap their exact mathematical implementations.
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GY94 model

The GY94 model is M0 variant of the Goldman-Yang model described by [160]. Specifi-

cally, the substitution rate Pxy from codon x to codon y is

Pxy =





0 if x and y differ by more than one nucleotide,

Φy if A (x) = A (y) and x is converted to y by a single-nucleotide transversion,

ωΦy if A (x) 6= A (y) and x is converted to y by a single-nucleotide transversion,

κΦy if A (x) = A (y) and x is converted to y by a single-nucleotide transition,

ωκΦy if A (x) 6= A (y) and x is converted to y by a single-nucleotide transition,

−
∑
z 6=x

Pxz if x = y,

(Equation 1)

where A (x) is the amino-acid encoded by codon x, κ is the transition-transversion rate,

Φy is the equilibrium frequency of codon y, and ω is the relative rate of nonsynonymous

and synonymous substitutions. We define the codon frequency parameters, Φy, using the

“corrected F3X4” method from [97]. There are nine parameters describing the nucleotide

frequencies at each codon site (the nucleotides are constrained to sum to one at each

codon position), and these parameter values are calculated from the empirical alignment

frequencies. The “corrected F3X4” method calculates the Φy values from these nucleotide

frequencies but corrects for the exclusion of sequences with premature stop codons from

the analysis.

The frequency px of codon x in the stationary state of a GY94 model is simply

px = Φx. (Equation 2)

Overall, a GY94 model has 11 free parameters: κ, ω, and the 9 nucleotide frequency

parameters used to define Φy.
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Experimentally Informed Codon Model (ExpCM)

The ExpCM models used in this paper are the ones described in [14]. Briefly, the rate of

substitution Pr,xy of site r from codon x to y is

Pr,xy = Qxy × Fr,xy (Equation 3)

where Qxy is proportional to the rate of mutation from x to y, Fr,xy is proportional to

the probability that this mutation fixes, and the diagonal elements Pxx are set by Pxx =

−
∑

z 6=x Pxz.

The rate of mutation Qxy is assumed to be uniform across sites, and takes an HKY85-

like [55] form as

Qxy =





0 if x and y differ by more than one nucleotide,

φw if x can be converted to y by a transversion of a nucleotide to w,

κ× φw if x can be converted to y by a transition of a nucleotide to w
(Equation 4)

where φw is the nucleotide frequency of nucleotide w and κ is the transition-transversion

rate.

The deep mutational scanning amino-acid preferences are incorporated into the Ex-

pCM via the Fr,xy terms. The experiments measure the preference πr,a of every site r for

every amino-acid a. Fr,xy is defined in terms of these experimentally measured amino-acid

preferences as

Fr,xy =





1 if A (x) = A (y),

ω ×
ln
[
(πr,A(y)/πr,A(x))

β
]

1−(πr,A(x)/πr,A(y))
β if A (x) 6= A (y),

(Equation 5)

where β is the stringency parameter [12, 59] and ω is the relative rate of nonsynonymous

to synonymous substitutions after accounting for the amino-acid preferences.
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The stationary state of an ExpCM is

pr,x =
φx1φx2φx3

(
πr,A(x)

)β
∑

z φz1φz2φz3
(
πr,A(z)

)β (Equation 6)

where φx1, φx2, and φx3 are the nucleotides at position 1, 2, and 3 of codon x.

An ExpCM has five free parameters: κ, ω, and the three independent φx values. The

amino-acid preferences πr,a are not free parameters since they are determined a priori by

an experiment independent of the sequence alignment being analyzed.

Γω rate variation

The GY94+Γω is equivalent to the M5 model in [160] with ω drawn from K = 4 categories.

The ExpCM+Γω similarly draws ω from a Γ distribution discretized into K = 4 bins. Each

bin is equally weighted and ω takes on the mean value of the bin. Because the Γ distri-

bution is defined by two parameters, adding Γω to a model with a single ω adds one free

parameter. Therefore, the GY94+Γω model has 12 free parameters, and the ExpCM+Γω

model has 6 free parameters.

GY94 with ωr

In Figure 7, we describe GY94 models where each site r has its own ωr value that is

calculated from the amino-acid preferences using the relationship described by [124].

This relationship defines the expected rate of nonsynonymous to synonymous substitu-

tions given the amino-acid preferences. We first fit an ExpCM to the “low divergence”

H1 subtree (parameter values in 9), which allows us to calculate Pr,xy (Equation 3), Qxy

(Equation 4), and pr,x (Equation 6). We then calculated ωr using the equation of [124],

normalizing by the gene-wide ω fit by the ExpCM:

ωr =

∑
x

∑
y∈Nx pr,x ×

Pr,xy
ω∑

x

∑
y∈Nx pr,x ×Qxy

, (Equation 7)
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where Nx is the set of codons that are nonsynonymous to codon x and differ from codon

x by only one nucleotide.

4.5.2 HA amino-acid preferences from deep mutational scanning experiments

We used amino-acid preferences measured in deep mutational scans of the A/WSN/1933

H1 HA [27] and the A/Perth/2009 H3 HA [75] to define the amino-acid preferences that

inform the ExpCMs. We only used sites that can be unambiguously aligned in these H1

and H3 HAs. These alignable sites and their mapping to sequential numbering of the HA

sequences used in the deep mutational scanning experiments are in 9. The experimen-

tally measured amino-acid preferences masked to just include these alignable sites are

in 10 and 11. For the average preference set, we took the pairwise average of the H1

and H3 preferences. The preference for every amino acid a at every site r in the average

preference set is

πr,a,(H1+H3 avg) =
πr,a,H1 + πr,a,H3

2
(Equation 8)

4.5.3 HA sequences and tree topology

We downloaded all full-length, coding sequences for 15 of the 18 influenza A virus HA

subtypes from the Influenza Virus Resource Database [7] in June of 2017. We ex-

cluded rare subtypes 15, 17, and 18, which have few sequences in the database. We

filtered and aligned the sequences using phydms prepalignment [59]. Specifically, we

used phydms prepalignment with the flag --minidentity 0.3 to remove sequences with

ambiguous nucleotides, premature stops, or frameshift mutations as well as redundant

sequences. We also removed all codon sites which that are not alignable between the

H1 HA and H3 HA used in the deep mutational scanning experiments (these alignable

sites are listed in 9). We subsampled the remaining sequences to five per subtype with

≤ 1 sequence per year per subtype. We also included a small number of sequences

from the major human and equine influenza lineages to ensure representation of these
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well-studied lineages. The resulting alignment contains 92 sequences, and is provided in

12.

We created four subalignments with “low” and “intermediate” divergence from either

the H1 or the H3 deep mutational scanning reference sequence for the analysis in Fig-

ure 11. The “low divergence” alignments had ≥ 59% amino-acid identity to the sequence

used in the deep mutational scanning, and the “intermediate divergence” alignments had

≥ 46% identity from the reference sequence (17).

We inferred the tree topology of each alignment using RAxML [126] and the GTRCAT

model. We estimated the branch lengths of this fixed topology using each ExpCM and

GY94 models with phydms comprehensive [59].

4.5.4 Asymptotic amino-acid sequence identity

For the analysis in Figure 7, we fit models to the “low divergence” H1 subtree. This gave

the parameter values in 9.

For each model, we calculated the expected amino-acid sequence identity for two

sequences separated by a branch length of t as

∑

a

∑

x∈a

pr,x
∑

y∈a

[
etPr

]
xy

(Equation 9)

where a ranges over all 20 amino acids, x ∈ a indicates that x ranges over all codons that

encode amino-acid a, pr,x is the stationary state of the model at site r and codon x (given

by Equation 2 for GY94-family models, and Equation 6 for ExpCM-family models), and
[
etPr

]
xy

is the value in row x and column y of the matrix obtained by exponentiating the

product of t and the substitution matrix Pr for site r (defined by Equation 1 for GY94-family

models and Equation 3 for ExpCM-family models).
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4.5.5 Simulations

For Figure 8, we simulated sequences using pyvolve [123] along the full HA tree using

an ExpCM defined by parameters fit to the “low divergence” H1 subtree (9). We per-

formed 10 replicate simulations and estimated the branch lengths for each replicate using

phydms comprehensive [59].

4.5.6 pbMutSel inference with PhyloBayes-MPI.

For Figure 12, we fit a pbMutSel model to the full HA tree. We ran one chain for 5500

steps, saved every sample, and discarded the first 550 samples as a burnin. We used

PhyloBayes-MPI program readpb mpi to compute the majority-rule consensus tree and

the posterior average site-specific amino-acid preferences. Convergence was assessed

visually using Tracer [103] and by the correlation of amino-acid preferences inferred by

two independent chains (r=0.996).

In order to make the branch lengths in Figure 12 comparable between the pbMutSel

tree returned by PhyloBayes-MPI and the other trees returned by phydms, we we normal-

ized the branch lengths on the pbMutSel consensus tree and the ExpCM(H1+H3 avg)+Γω

by dividing each branch by the length from A/South Carolina/1/1918 and A/Solomon Is-

lands/3/2006. These two H1 sequences are early and late representatives of the longest

known human influenza lineage, and are of sufficiently high identity that different Ex-

pCM and GY94 substitution models all estimate nearly identical branch lengths separating

them.

4.5.7 Software versions and computer code

All code used for the analyses in this paper is available at https://github.com/jbloomlab/

divergence_timing_manuscript. The external computer programs that we used were

• phydms [59] version 2.2.2 (available at github.com/jbloomlab/phydms) to fit the Ex-

https://github.com/jbloomlab/divergence_timing_manuscript
https://github.com/jbloomlab/divergence_timing_manuscript
github.com/jbloomlab/phydms
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pCM and GY94 models.

• pyvolve [123] version 0.8.7 (available at https://github.com/sjspielman/pyvolve)

to simulate the sequences.

• PhyloBayes-MPI [107] version 1.8 (available at https://github.com/bayesiancook/

pbmpi) to fit the pbMutSel model.

• RAxML [126] version 8.2.11 (available at https://github.com/stamatak/standard-RAxML)

to infer tree topology.

• We used ggplot2 [147], ggtree [163], and ggseqlogo [140] for visualization of the

results.

• snakemake [69] version 3.11.2 (available at https://snakemake.readthedocs.io/

en/stable/) to run the pipelines.

Supplemental files

Descriptions of each file are shown below. Please see the publication for the actual

files [58].

S9 File. List of alignable sites between H1 HA and H3 HA. This files provides a

conversion between the numbering scheme we use in the paper (sequential numbering

of just the alignable sites) to sequential numbering of the H1 HA reference sequence

A/Wilson Smith/1933 and the H3 HA reference sequence A/Perth/2009.

S10 File. Amino acid preferences measured by the deep mutational scanning of

the H1 HA strain A/WSN/1933 [27]. This file only contains measurements for the alignable

sites between H1 and H3 HAs. Conversion from this numbering scheme to sequential

numbering of A/WSN/1933 is in 9.

https://github.com/sjspielman/pyvolve
https://github.com/bayesiancook/pbmpi
https://github.com/bayesiancook/pbmpi
https://github.com/stamatak/standard-RAxML
https://snakemake.readthedocs.io/en/stable/
https://snakemake.readthedocs.io/en/stable/
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S11 File. Amino acid preferences measured by the deep mutational scanning of

the H3 HA strain A/Perth/2009 [75]. This file only contains measurements for the

alignable sites between H1 and H3 HAs. Conversion from this numbering scheme to

sequential numbering of A/Perth/2009 is in in 9.

S12 File. The HA sequences for the full HA tree.. The sequences in this alignment

contain only the alignable sites between H1 and H3 HAs. Conversion from this numbering

scheme to sequential numbering of A/Perth/2009 is in in 9.
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Chapter 5

CONCLUSION

My graduate research has focused on developing computational tools and methods

that integrate two existing methods, phylogenetics and deep mutational scanning, to un-

derstand the effect of site-specific amino-acid constraint on protein evolution. These two

methods, one computational and one experimental, have complementary strengths and

weaknesses. Phylogenetics provides methods to study natural sequences, which are sub-

jected to natural selective pressures, in a principled manner; however, these methods are

constrained to the genetic sequences we have sampled. Deep mutational scanning al-

lows for the unbiased measurement of all single amino-acid changes to a protein, but the

assay occurs in an artificial laboratory setting. Here, I have described my work leverag-

ing each method’s strengths, the realism of the natural sequences with the completeness

of the deep mutational scan, to form a better understanding of the constraint on a given

protein.

Deep mutational scanning is a flexible, experimental framework for measuring the

functional effect of single-amino-acid changes. Since the first publication [40], deep mu-

tational scanning has been used to study dozens of unique proteins [33]. These studies

serve a diverse range of goals, such as protein engineering [151], basic evolutionary prin-

ciples [130], and interpreting clinical variation [128, 42]. However, a common challenge

for all of these applications is data analysis. Deep mutational scanning produces large

datasets which are often analyzed by iteratively looking at site-level summary metrics, in-

dividual mutation measurements, and the 3-D protein structure. Furthermore, it is often

important to contextualize the results with external datasets, such as previous experi-

ments, natural sequence data, or clinical data. Currently, these analyses rely on several
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independent software pipelines and a high level of computational expertise, which could

make them prohibitive to some groups.

In Chapter 2, I developed dms-view, a web-based visualization tool for deep mutational

scanning experiments to address these concerns. Using dms-view, users can select sites

of interest to view individual mutation measurements and the sites on the 3-D protein

structure. dms-view tracks the input data and user selections in the URL, making it pos-

sible to save specific views of interactively generated visualizations to share with collabo-

rators. I designed dms-view to be agnostic to the exact experimental setup to match the

flexibility of the deep mutational scan itself. Rather than take in raw data from a deep mu-

tational scan and compute standard metrics, dms-view displays user-calculated metrics

tailored to their experiment. For example, at the mutation level, a user could view deep

mutational scanning amino-acid preferences or the natural frequencies in nature.

In the future, I want to continue developing dms-view to expand its use within the deep

mutational scanning community. One way to expand dms-view’s audience is to integrate

it better with existing deep mutational scanning analysis infrastructure. MaveDB is a cen-

tralized deep mutational scanning database [33], which facilitates meta-analysis studies

or comparison of related deep mutational scans. I would work with MaveDB developers

to make dms-view a default option for visualizing existing and new deep mutational scan-

ning datasets. Having an easy, interactive visualization for each deep mutational scan in

the database will help others quickly browse and explore the available datasets without

having to download the raw data and build a new visualization pipeline.

While tools like dms-view allow for qualitative comparisons of deep mutation scans

and natural amino-acid frequencies, more sophisticated methods are needed to make

this comparison in a way that accounts for sequence sampling and shared evolutionary

history. Molecular phylogenetic algorithms enable the calculation of the statistical likeli-

hood of an alignment of naturally occurring gene sequences given a phylogenetic tree

and a substitution model [36, 35]. Using Experimentally Informed Codon Models (Ex-

pCMs) [11], which describe the selection on amino-acid changes using the results of a
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deep mutational scan, I can link and compare the selection in the laboratory to selection

in nature.

In Chapter 3, I implemented ExpCMs in a new python package, phydms. phydms runs

approximately ∼ 100 fold faster than the previous implementation of ExpCMs. I wrote

several command line tools to assist with and streamline analyses with ExpCMs. A

common analysis is to ask whether an ExpCM defined by a particular deep mutational

scan is a better descriptor of natural sequence evolution than another ExpCM or a stan-

dard codon model. The command line tool phydms prepalignment curates sequences

for phylogenetic analysis and phydms comprehensive facilitates the comparison by fitting

the different models of interest and summarizing key results and parameters. Since

its publication, phydms has been used to analyze deep mutational scanning data for in-

fluenza [75, 121, 62] and HIV [51] proteins.

Post publication, I have continued to develop phydms and ExpCMs. For example, I

implemented a standard method to account for rate variation across sites. In the original

version of phydms, I implemented the ExpCM with a gene-wide parameter called ω or the

ratio of nonsynonymous to synonymous mutations. Now, ω can follow a Γ-distribution

rather than being fit to a single gene-wide value. I found that this additional rate variation

was critical for ExpCMs for the HIV protein Env [51]. I hypothesize that the Γ-distributed

ω helps account for the fact that while Env is under strong immune pressure in nature [4,

104, 143], immune selection is absent in the deep mutational scan.

A natural future direction for phydms and ExpCMs is the development of additional

methods to test for sites under diversifying selection. Identifying sites under diversify-

ing selection is of special interest for viral proteins because they could indicate sites of

virus-host interactions. Current phylogenetic methods to detect site-specific diversifying

selection focus on identifying sites with an elevated ratio of nonsynonymous to synony-

mous mutations [99]. Previous work to detect positive selection with ExpCMs extended

these approaches [14].

However, I propose an alternative strategy which tests whether or not experimentally-
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defined sites of immune selection are relevant to natural sequence evolution. There are

decades of work with influenza using experimental methods to identify sites targeted by

the immune system, from early working selecting escape variants from monoclonal anti-

bodies [162] to more recent deep mutational scanning approaches with polyclonal human

sera [74]. While varied in design, these experiments all result in a set of sites hypothe-

sized to be targeted by the immune system in nature.

I propose testing the relevance of these experimentally-defined sites for natural se-

quence evolution using ExpCMs. This test follows the same philosophy that underlies

ExpCMs, investigating whether precise, controlled experimental methods are good de-

scriptors of natural sequence evolution. I would replace the gene-wide ω with the ex-

pression ω1 (1 + ω2δr), where δr is a site-specific variable representing the experimental

hypothesis. δr could be qualitative indictor variable (1 if an immune site else 0) or a con-

tinuous variable taking on the “strength” of selection measured by the deep mutational

scanning-like approach. The test would then ask if the ExpCM with the experimentally-

defined sites of diversifying selection (ω2 is free) is a better model than an ExpCM without

these sites (ω2 = 0). We could assess significance using either a likelihood ratio test [63]

or a randomization approach. This strategy is not specific to ExpCMs but could be applied

to other codon models which contains an ω-like term. Overall, this test would provide an-

other principled way to compare the results of an experimental assay investigating protein

evolution to the selective pressures the protein faces in nature and complement existing

methods trying to infer sites under positive selection from natural sequences.

In addition to providing a way to evaluate the relevance of a deep mutational scan to

natural sequence evolution, the site-specific nature of ExpCMs affects phylogenetic in-

ference itself. In Chapter 4, I investigated the effect of modeling site-specific constraint

with deep mutational scanning data on the estimation of branch lengths. A long-standing

observation in phylogenetics is that long branches in phylogenetic trees are consistently

underestimated [31, 60, 1]. Halpern and Bruno [52] hypothesized that site-specific substi-

tution models could alleviate this problem by modeling purifying selection more accurately.
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To address this hypothesis, I evaluated whether or not site-specific ExpCMs estimate

longer branches than a site-uniform codon model. I found that while ExpCMs do esti-

mate longer branches on the influenza virus tree than the site-uniform model, this effect

is limited by intraprotein epistasis. Because I had ExpCMs from two diverged homologs,

I could observe that branch length extension was more pronounced near the wildtype se-

quence of the deep mutational scan. While modeling site-specific amino-acid preferences

is important for branch length estimation, there is not a single set of evolutionary-stable

stationary-state frequencies across an entire tree.

This work suggests that for a more accurate model of protein evolution, we need to

relax the assumption that there is a single description of site-specific constraint across

the entire tree. One imperfect step forward for ExpCMs is to allow the site-specific amino-

acid preferences to “degrade” as sequences become more evolutionary diverged from

the wildtype sequence of the deep mutational scan. Following the strategy of Smith et al.

(2015) [120] for branch-specific rate variation, I could define the site-specific amino-acid

preferences as a combination of a deep mutational scan and the amino-acid preferences

from a site-uniform model and allow the proportion to vary along different branches of the

tree. In this way, the site-specific amino-acid preferences would not be constrained to be

uniform across the entire tree.

However, the strategy above does not address the underlying mechanistic weakness

in current phylogenetic models; site-specific amino-acid preferences are site intradepen-

dent. Others have also investigated the effects of misspecification under the incorrect

assumption of site independence [109, 22, 96, 45] but relaxing the assumption requires

an algorithmic alternative to the Felsenstein pruning algorithm. Recent work has shown

promise for alternative algorithms [16, 106, 109, 22] and experimental [92, 152, 131, 76]

and statistical [116, 94] methods for epistasis-aware fitness functions. Additional work

remains to address concerns of computational tractability and biological-realism, respec-

tively. My work in Chapter Four shows that ExpCMs defined by deep mutational scans

from two diverged homologs imperfectly capture the effect of shifting preferences and
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therefore could be used as standard to evaluate new site-intradependent methods.

Overall, I have worked on understanding site-specific constrain on proteins using both

molecular phylogenetics and experimental functional data. I have shown that leveraging

this complimentary approaches can create a more comprehensive understanding of the

natural selective pressures on a protein. While my work has focused mainly on influenza

virus evolution, these are general techniques and tools that are applicable to the evolution

of many, diverse proteins.
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FIGURES 86

Figure 1: Using dms-view to analyze a DMS. For further exploration of this dataset, please
visit https://dms-view.github.io. (A) The dms-view data section has three panels: the site
plot, the mutation plot, and the protein structure plot. The interactive features for selecting sites
and navigating are in the site plot panel. Here we show the five most highly targeted sites by the
human sera “2010-Age-21” from the study by Lee et al. [74]. All five sites fall in the “globular head”
of influenza virus HA. (B)The same five sites targeted by the sera in panel **A** but now plotted
with the data from a different human sera, “2009-age-53”. Using dms-view to compare, we see
that different sites on HA are targeted by the different sera.

https://dms-view.github.io
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Figure 2: The ExpCM fixation term Fr,xy. In an ExpCM, the rate of fixation of a mutation from
codon x to codon y depends on the experimentally measured preferences of the amino acids A (x)
and A (y) encoded by these codons. Mutations to preferred amino acids, with πr,A(y)

πr,A(x)
> 1, result

in a larger Fr,xy, and so are anticipated to fix more often. The value of Fr,xy is modulated by re-
scaling the preferences by a stringency parameter β 6= 1 to reflect differences in selection between
the lab and nature. When β > 1, the selection for preferred amino acids is exaggerated. When
β < 1, the selection for preferred amino acids is attenuated.
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Figure 3: Workflow for preparing input data to phydms. Analysis with phydms requires amino-
acid preferences measured by deep mutational scanning, a codon-level alignment of naturally
occurring sequences, and a phylogenetic tree topology. (A) Deep mutational scanning involves
performing a functional selection on a library of mutant genes, and using deep sequencing to
quantify the enrichment or depletion of each mutation (relative to wildtype) after selection. (B)
The amino-acid preferences used by the ExpCM can be calculated by normalizing the enrichment
ratios for mutations to sum to one at each site. (C) We created a filtered, codon-level alignment of
naturally occurring sequences using phydms prepalignment. (D) We used phydms comprehensive

to automatically generate a tree topology from the filtered alignment using RAxML.
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Figure 4: Re-scaling of amino-acid preferences to reflect the stringency of selection in na-
ture. Analysis with phydms optimizes a stringency parameter β that relates the stringency of
selection for preferred amino acids in the deep mutational scanning experiment to that in nature.
When β = 1, the favored amino-acids are preferred in nature with the same stringency as during
the experimental selections in the lab. When β > 1, selection in nature prefers the same amino
acids as selection in lab but with greater stringency. When β < 1, selection in nature has less
preference than the experiments for mutations favored in the lab, and when β = 0 then all site-
specific information is lost. The actual optimized stringency parameter for HA reported in Table 2
is β = 2.11. We generated the logoplots shown above from the input data in Supplemental file 3
with the following commands:
phydms logoplot HA Doud 1.pdf --prefs HA Doud prefs short.csv

phydms logoplot HA Doud 2 11.pdf --prefs HA Doud prefs short.csv --stringency 2.11

phydms logoplot HA Doud 0.pdf --prefs HA Doud prefs short.csv --stringency 0
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Figure 5: Identifying sites of diversifying selection. The phydms option --omegabysite fits
a site-specific value for ωr, which gives the relative rate of non-synonymous to synonymous
substitutions at site r after accounting for the selection due to the amino-acid preferences. This
figure shows the results of such an analysis for HA. The overlay bar represents the strength of
evidence for ωr being greater (red) or less (blue) than one. Because this approach accounts
for the constraints due to the amino-acid preferences, it can identify sites evolving faster than
expected even if their absolute relative rates of nonysnonymous to synonymous substitutions do
not significantly differ from one . The logoplot in this figure uses the stringency parameter value
of β = 2.11, and was generated by running the following command on the data in Supplemental
file 3:
phydms logoplot results/omegabysite.pdf --prefs HA Doud prefs.csv --omegabysite

results/omegabysite.txt --stringency 2.11 --minP 0.001

In this figure, the HA sequence is numbered sequentially beginning with 1 for the first site with
deep mutational scanning data, which is the second residue in the protein.
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Figure 6: Different ways codon models account for purifying selection. (A) The dN/dS param-
eter, ω, can be defined as one gene-wide average (orange triangle) or allowed to vary according to
some statistical distribution (blue line). For computational tractability, the distribution is discretized
into K bins and ω takes on the mean of each bin (blue circles) [156, 160]. A gamma distribution
(denoted by Γ) with K = 4 bins is shown here. (B) A substitution model’s stationary state defines
the expected sequence composition after a very long evolutionary time. Most substitution mod-
els have stationary states that are uniform across sites. However, substitution models can have
site-specific stationary states. In the logo plots, each column is a site in the protein and the height
of each letter is the frequency of that amino acid at stationary state. (C) Substitution models can
incorporate neither, one, or both of these features. Here we will use substitution models from the
Goldman-Yang [GY94; 44, 160] and experimentally informed codon model [ExpCM; 59] families
with and without gamma-distributed ω to represent all possible combinations.
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Figure 7: Effect of stationary state and Γω rate variation on predicted asymptotic sequence
divergence. The logo plots at top show the amino-acid preferences for some sites in an H1 in-
fluenza hemagglutinin protein as experimentally measured by [27]. The graphs show the expected
amino-acid identity at that site for two sequences separated by a branch of the indicated length
(Equation 9). For the GY94 model, the graphs are identical for all sites since this model does
not have site-specific parameters; the same is true for GY94+Γω. The graphs do differ among
sites if we calculate a different ωr for each site r in the GY94 model using the amino-acid prefer-
ences [Equation 7; 124]. However, all GY94 models, including the one with site-specific ωr values,
approach the same asymptote since they all have the same stationary state. The ExpCM has
different asymptotes for different sites since it accounts for how amino-acid preferences lead to
site-specific stationary states.
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Figure 8: Branch lengths inferred on data simulated under a model with site-specific amino-
acid preferences. We simulated alignments along a HA phylogenetic tree using an ExpCM pa-
rameterized by the actual site-specific amino-acid preferences for an H1 HA [27]. We then inferred
the branch lengths of this tree from the simulated alignments. The inferred branch lengths for var-
ious models are plotted on the x-axis, and the actual branch lengths used in the simulations are
on the y-axis. We performed 10 simulations and inferences, and gray points show each inferred
branch length from each simulation, and black points show the average of each branch length
across simulations. The grey dashed line at y = x represents what would be seen if the inferred
branch lengths exactly matched those used in the simulations.
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Figure 9: Effect of site-specific amino-acid preferences and Γω rate variation on HA branch
length estimation. The branch lengths of the HA tree were optimized using the indicated ExpCM
or GY94 model. The amino-acid preferences defining the model (ExpCM) or implied by the model
(GY94) are shown as logo plots for 15 sites in HA; the full set of experimentally measured amino-
acid preferences are in 13, 14, and 15. The ExpCMs use amino-acid preferences measured in
deep mutational scanning of an H1 HA [27], an H3 HA [75], or the average of the measurements
for these two HAs. Circle denotes the H1 clade and triangle denotes the H3 clade. The root of each
tree is placed where it would fall if the tree was midpoint rooted using the branch lengths inferred
by RAxML using the GTRCAT model. This figure enables qualitative visualization of the trees; for a
quantitative comparison of branch lengths optimized by different models, see Figure 10.
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Figure 10: Modeling site-specific amino-acid preferences using deep mutational scanning
experiments extends branch lengths, especially for branches leading to the HA used in the
experiment. The points indicate the total length of branches separating all pairs of tips on the HA
phylogenetic tree when the tree is optimized under the indicated model. Blue and orange denote
branches that lead to the H1 and H3 HAs used in the deep mutational scanning. The amino-
acid preference set defining the ExpCM is labeled above each each plot. (A) ExpCMs defined by
amino-acid preferences from any of the deep mutational scanning experiments estimate generally
longer branches than the GY94 model, with the increase particularly pronounced for branches
leading to the HA used in the experiment. (B) The addition of Γω rate variation further extends
branch lengths, without any apparent bias towards the HAs used in the experiment. Note that this
figure shows the same data as Figure 9 in a different form.
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Figure 11: The congruence between natural selection and the deep mutational scanning
measurements decreases with sequence divergence. We fit an ExpCM informed by the H1
or H3 deep mutational scanning experiments to trees spanning sequences with low, intermediate,
and high divergence from the sequence used in the experiment. The ExpCM stringency parame-
ter (β) is a measure of the congruence between natural selection and the experimental measure-
ments [12, 59]. Larger values of β indicate that natural selection prefers the same amino acids
as the experiments but with greater stringency. As divergence increases between the HA used in
the experiment and the other sequences in the tree, the β value decreases and the amino-acid
preference “flatten.” Therefore, the preferences measured in each experiment are progressively
less congruent with natural selection as we include increasingly diverged sequences.
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Figure 12: Models inferred from natural sequences have similar stationary states to mod-
els defined by experimental preferences and estimate similar branch lengths. We fit an
ExpCM(H1+H3 avg)+Γω and a pbMutSel to the full HA tree in Figure 9. The pbMutSel amino-acid
preferences are inferred from the natural HA sequences, while the ExpCM amino-acid preferences
are experimentally measured and then rescaled by the stringency parameter in Table 7. (A) The
pbMutSel preferences are more correlated with the re-scaled average of the H1 and H3 deep mu-
tational scanning preferences than the individual re-scaled H1 and H3 deep mutational scanning
preferences are to each other (Pearson’s r: 0.74 versus 0.52). (B) The ExpCM(H1+H3 avg)+Γω
and pbMutSel models estimated similar branch lengths when fit to the entire HA tree. Points de-
note branch lengths between all pairs of tips on the tree. Blue and orange denote branches that
lead to the H1 and H3 deep mutational scanning reference sequences respectively. The phydms

program implementing ExpCMs and the PhyloBayes-MPI program implementing pbMutSel mod-
els give branch lengths in different units, so to facilitate direct comparison between the models, we
have normalized all branch lengths returned by each program by the length of the branches sepa-
rating the earliest (A/South Carolina/1918) and latest (A/Solomon Islands/2006) seasonal human
H1 sequences on the tree.
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Figure 13: H1 HA amino-acid preferences measured by deep mutational scanning. Each
column represents a site in the HA protein, and the height of each letter is proportional to the
preference for the amino acid measured by [27] and then re-scaled by the stringency parameter
in Table 7. The plot only shows sites that are alignable between the H1 and H3 HAs, and these
alignable sites are numbered sequentially starting from 1. The conversion between the numbering
scheme in this figure and sequential numbering of the H1 HA reference sequence is in 9.
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Figure 14: H3 HA amino-acid preferences measured by deep mutational scanning. Similar
to 13 but shows the re-scaled preferences for the H3 HA as measured by [75].
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Figure 15: Average of H1 HA and H3 HA amino-acid preferences measured by deep muta-
tional scanning. Similar to 13 but shows the re-scaled average of the preferences for the H1 and
H3 HAs.
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Figure 16: Amino-acid preferences inferred by the pbMutSel model. Similar to 13, but shows
the preferences inferred by fitting the pbMutSel model to the full HA tree.
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Figure 17: Overall divergence for subtrees. We created two subalignments for each HA used
in the deep mutational scanning experiments. The “low divergence” alignments had ≥59% amino-
acid identity to either the H1 or H3 reference sequence. The “intermediate divergence” alignments
had ≥46% amino-acid identity to the reference sequences.
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TABLES 104

Table 1: Alignments and deep mutational scanning (DMS) studies for HA and β-lactamase.

gene DMS studies residues in protein
residues with

DMS data sequences in alignment
HA [27], [138] 565 564 34

β-lactamase [132], [39] 285 263 50



TABLES 105

Table 2: Fitting of an ExpCM informed by the HA preferences from [27] to natural sequences
using phydms comprehensive. Full code, data, and results are in Supplemental file 2.

model ∆AIC log likelihood number of parameters parameter values

ExpCM 0.0 -4877.7 6

β=2.11,
κ=5.14,
ω=0.52

ExpCM
averaged preferences 2090.6 -5922.9 6

β=0.68,
κ=5.36,
ω=0.22

YNGKP M5 2113.5 -5928.4 12

αω=0.30,
βω=1.42,
κ=4.68

YNGKP M0 2219.6 -5982.5 11
κ=4.61,
ω=0.20
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Table 3: Comparison of multiple β-lactamase deep mutational scanning results using
phydms comprehensive. Full code, data, and results are in Supplemental file 4.

model ∆AIC log likelihood number of parameters parameter values

ExpCM
Stiffler preferences 0.0 -2581.3 6

β=1.31,
κ=2.67,
ω=0.72

ExpCM
Firnberg preferences 96.2 -2629.4 6

β=2.42,
κ=2.60,
ω=0.63

YNGKP M5 739.2 -2944.9 12

αω=0.30,
βω=0.49,
κ=3.02

YNGKP M0 841.0 -2996.8 11
κ=2.39,
ω=0.28
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Table 4: Comparison of multiple HA deep mutational scanning results using
phydms comprehensive. Full code, data, and results are in Supplemental file 5.

model ∆AIC log likelihood number of parameters parameter values

ExpCM
Doud preferences 0.0 -4877.7 6

β=2.11,
κ=5.14,
ω=0.52

ExpCM
Thyagarajan preferences 44.2 -4899.7 6

β=1.72,
κ=4.94,
ω=0.55

YNGKP M5 2113.5 -5928.4 12

αω=0.30,
βω=1.42,
κ=4.68

YNGKP M0 2219.6 -5982.5 11
κ=4.61,
ω=0.20
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Table 5: Comparison of phydms to alternative software for optimizing a tree of 34 HA se-
quences. HyPhy and Bio++ use models that fit φ, whereas by default phydms determines φw
empirically. Log likelihoods are not expected to be identical across software. Full code, data, and
results are in Supplemental file 7.

software runtime (minutes) log likelihood β ω
phydms, scale branches 7.8 -4877.9 2.11 0.52
phydms, default settings 10.5 -4877.7 2.11 0.52
phydms, fit φ values 23.2 -4876.5 2.11 0.53
phydms, no gradient 52.8 -4894.0 2.13 0.57
Bio++ via old phydms 962.6 -4880.6 2.09 0.53
HyPhy via phyloExpCM 2102.0 -4908.4 2.11 0.57
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Table 6: Comparison of parameter values and runtimes for HA alignments of different sizes
using default phydms settings. The alignments are different than those used for the other HA
analyses in this paper thus explaining the slightly different parameter values. The alignments, full
code, data, and results are in Supplemental file 8.

sequences in alignment runtime (minutes) β ω
34 14.5 1.97 0.42
62 37.2 1.92 0.45
85 41.0 1.87 0.48
104 51.2 1.87 0.49
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Table 7: Fitting of substitution models to the HA phylogenetic tree. All ExpCMs describe
the evolution of HA better than the GY94 models, as evaluated by the Akaike information
criteria [∆AIC, 100]. The models fit here are the same ones in Figure 9. The ω value for
each of the K = 4 bins is shown for the models with Γω rate variation. All ExpCMs fit a
stringency parameter > 1.

Model ∆AIC
Log

Likelihood ω
Stringency

parameter (β)
ExpCM (H1+H3 avg) + Γω 0 -51083 0.19, 0.50, 0.91, 1.86 1.69

ExpCM (H1+H3 avg) 1063 -51616 0.14 1.77
ExpCM (H1) + Γω 1321 -51744 0.12 , 0.42, 0.89, 2.13 1.11
ExpCM (H3) + Γω 1777 -51972 0.10, 0.36, 0.76, 1.84 1.28

ExpCM (H1) 2670 -52419 0.12 1.21
ExpCM (H3) 3377 -52773 0.12 1.43
GY94 + Γω 4817 -53487 0.00, 0.03, 0.08, 0.24 -

GY94 7892 -55025 0.07 -



TABLES 111

Table 8: Branch length extension as measured by tree diameter. We calculated the tree
diameter, the distance between the two most divergent tips, for the trees in Figure 9. For
each tree, the diameter is reported as a raw value and as a percentage of the GY94 model
tree, the smallest of the eight trees.

Model
Tree diameter

(average codon substitutions per site)
Percentage of

GY94 tree diameter
GY94 12.04 100%

ExpCM(H1) 14.70 122%
ExpCM(H3) 16.28 135%

ExpCM(H1+H3 avg) 19.21 160%
GY94 + Γω 19.15 159%

ExpCM(H1) + Γω 24.75 206%
ExpCM(H3) + Γω 25.03 208%

ExpCM(H1+H3 avg) + Γω 30.78 256%
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Table 9: Model parameters fit to a low divergence tree. We fit GY94 models and an ExpCM
defined by H1 deep mutational scanning preferences to the “low divergence from H1” tree
in Figure 11. We used these model parameters calculate the expected pairwise sequence
identity in Figure 7 and simulate the sequences in Figure 8.

Model Parameters

GY94

κ = 3.17, ω = 0.10,
φ1,A = 0.32, φ1,C = 0.14, φ1,G = 0.28,
φ2,A = 0.38, φ2,C = 0.18, φ2G = 0.20,
φ3,A = 0.36, φ3,C = 0.19, φ3,G = 0.21

GY94 + Γω

αω = 0.51, βω = 3.92, κ = 3.49,
φ1,A = 0.32, φ1,C = 0.14, φ1,G = 0.28,
φ2,A = 0.38, φ2,C = 0.18, φ2,G = 0.20,
φ3,A = 0.36, φ3,C = 0.19, φ3,G = 0.21

ExpCM(H1)
β = 1.56, κ = 3.64, ω = 0.24,

φA = 0.378, φC = 0.17, φG = 0.23


