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Vaccine and Infectious Disease Division

The rapid evolution of seasonal influenza requires the development of new vaccines every one

to two years. This evolution occurs through a process of antigenic drift where amino acid

mutations in the hemagglutinin surface protein allow currently circulating viruses to evade

adaptive immunity against previous viruses. Vaccine composition decisions are guided by

predictions made from serological assays of antigenic drift and sequence-based forecasting

models. These predictions do not account for functional effects of mutations measured by

deep mutational scanning experiments or attempt to integrate fitness effects measured by

experimental and sequence data. In this dissertation, I attempted to understand whether

experimental measurements of antigenic drift and functional constraint could be used to

improve forecasts of seasonal influenza evolution. I found that most estimates of seasonal

influenza fitness could not robustly forecast future populations. Models that integrated

serological measurements of antigenic drift with sequence-based estimates of functional

constraint provided the most robust forecasts. I concluded that successful seasonal influenza

predictions depend on the choice of prediction targets and fitness metrics.
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Chapter 1

INTRODUCTION

1.1 Why do we try to predict seasonal influenza evolution?

Seasonal influenza infects 5–15% of the global population yearly causing 100,000s of deaths

and influenza subtype A/H3N2 is responsible for the bulk of human mortality and morbidity

[World Health Organization, 2009]. Influenza virus naturally evolves to escape acquired

immunity in the human population and this evolution results in loss of vaccine efficacy over

time as the virus evolves away from the chosen vaccine strain. This process of antigenic drift

necessitates yearly selection of vaccine strains by the World Health Organization (WHO)

[Smith et al., 2004]. Manufacture and distribution of the influenza vaccine takes almost

one year and the vaccine can contain only one representative strain per seasonal influenza

subtype (A/H3N2, A/H1N1pdm, B/Victoria, and B/Yamagata) [Buckland, 2015]. As a

result, WHO officials must predict which currently circulating A/H3N2 strain will be more

representative of the influenza population one year in the future. The predictions required

for vaccine development have been historically challenging, but recent improvements in

sequencing throughput and developments in computational models have made the prediction

of influenza virus evolution more tractable [Lässig et al., 2017, Morris et al., 2017]. The better

these predictions are, the more likely the vaccine will prevent illness and death from infection.

1.2 How do we think seasonal influenza evolves?

Globally successful seasonal influenza viruses are usually antigenically distinct from previous

lineages [Smith et al., 2004]. Thus, antigenic drift is an important predictor for influenza
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surveillance and vaccine recommendations [Morris et al., 2017]. Antigenic drift occurs

through mutations to the hemagglutinin (HA) surface protein that abrogate binding of

preexisting human antibodies. Antigenic phenotype is most commonly measured through the

hemagglutination inhibition (HI) assay, which quantifies the extent to which antisera blocks

attachment of viruses to red blood cells [Hirst, 1943]. HI assays are the gold standard for

measuring antigenic drift phenotypes, but these experiments are typically low-throughput and

laborious compared to modern genome sequencing [Wood et al., 2012]. Thus, researchers have

attempted to predict viral success by estimating antigenic drift from HA genome sequences

alone [ Luksza and Lässig, 2014, Steinbrück et al., 2014, Neher et al., 2014].

Seasonal influenza viruses rapidly accumulate mutations during replication, due to their

error-prone RNA polymerase [Petrova and Russell, 2018]. For most genes, most new amino

acid mutations will weaken the functionality of their corresponding proteins and reduce viral

fitness. An exception to this rule are amino acid mutations in HA or the other primary surface

protein, neuraminidase (NA), that modify binding sites of host antibodies from previous viral

exposure. These mutations contribute to antigenic drift and increase viral fitness by allowing

viruses to escape existing antibodies (Figure 1.1). Thus, mutations in HA and NA create

fitness trade-offs, where beneficial mutations facilitate antigenic drift against a background of

deleterious mutations [Koelle and Rasmussen, 2015].

Viruses carrying beneficial mutations should grow exponentially relative to viruses lacking

those mutations (Figure 1.2A) [Neher, 2013]. Beneficial mutations on different genetic back-

grounds will compete with each other in a process known as clonal interference (Figure 1.2B).

If beneficial mutations have large effects on fitness, the fitness of the genetic background

where the beneficial mutations occur is less important for the success of the virus than the

fitness effect of the beneficial mutations themselves (Figure 1.3). If beneficial mutations have

similar, smaller effects on fitness, a virus’s overall fitness depends on the effect of the beneficial

mutations and the relative fitness of its genetic background. In this case, the ultimate success

and fixation of these beneficial mutations depends, in part, on the number of deleterious
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Figure 1.1: HA accumulates beneficial mutations in its head domain (sites with

color) that enable escape from antibody binding and deleterious mutations in its

stalk domain (sites in gray) that reduce its ability to infect new host cells. The

linear genome view on the left shows how sites from HA’s head domain map to the three-

dimensional structure of an HA trimer. The site highlighted in yellow reveals where different

amino acid mutations allowed a seasonal influenza virus to escape binding from existing

antibodies in a human’s polyclonal sera [Lee et al., 2019]. Explore this figure interactively

with dms-view.

https://dms-view.github.io/?markdown-url=https%3A%2F%2Fdms-view.github.io%2Fdata%2FIAV%2Flee2019mapping.md&data-url=https%3A%2F%2Fdms-view.github.io%2Fdata%2FIAV%2Fflu_dms-view.csv&condition=2009-age-53&site_metric=site-Positive+Differential+Selection&mutation_metric=mut-Positive+Differential+Selection&selected_sites=52%2C53%2C54%2C55%2C56%2C57%2C58%2C59%2C60%2C61%2C62%2C63%2C64%2C65%2C66%2C67%2C68%2C69%2C70%2C71%2C72%2C73%2C74%2C75%2C76%2C77%2C78%2C79%2C80%2C81%2C82%2C83%2C84%2C85%2C86%2C87%2C88%2C89%2C90%2C91%2C92%2C93%2C94%2C95%2C96%2C97%2C98%2C99%2C100%2C101%2C102%2C103%2C104%2C105%2C106%2C107%2C108%2C109%2C110%2C111%2C112%2C113%2C114%2C115%2C116%2C117%2C118%2C119%2C120%2C121%2C122%2C123%2C124%2C125%2C126%2C127%2C128%2C129%2C130%2C131%2C132%2C133%2C134%2C135%2C136%2C137%2C138%2C139%2C140%2C141%2C142%2C143%2C144%2C145%2C146%2C147%2C148%2C149%2C150%2C151%2C152%2C153%2C154%2C155%2C156%2C157%2C158%2C159%2C160%2C161%2C162%2C163%2C164%2C165%2C166%2C167%2C168%2C169%2C170%2C171%2C172%2C173%2C174%2C175%2C176%2C177%2C178%2C179%2C180%2C181%2C182%2C183%2C184%2C185%2C186%2C187%2C188%2C189%2C190%2C191%2C192%2C193%2C194%2C195%2C196%2C197%2C198%2C199%2C200%2C201%2C202%2C203%2C204%2C205%2C206%2C207%2C208%2C209%2C210%2C211%2C212%2C213%2C214%2C215%2C216%2C217%2C218%2C219%2C220%2C221%2C222%2C223%2C224%2C225%2C226%2C227%2C228%2C229%2C230%2C231%2C232%2C233%2C234%2C235%2C236%2C237%2C238%2C239%2C240%2C241%2C242%2C243%2C244%2C245%2C246%2C247%2C248%2C249%2C250%2C251%2C252%2C253%2C254%2C255%2C256%2C257%2C258%2C259%2C260%2C261%2C262%2C263%2C264%2C265%2C266%2C267%2C268%2C269%2C270%2C271%2C272%2C273%2C274%2C275%2C276&protein-data-color=&protein-other-color=&pdb-url=https%3A%2F%2Fdms-view.github.io%2Fdata%2FIAV%2F4O5N_trimer.pdb
https://dms-view.github.io/?markdown-url=https%3A%2F%2Fdms-view.github.io%2Fdata%2FIAV%2Flee2019mapping.md&data-url=https%3A%2F%2Fdms-view.github.io%2Fdata%2FIAV%2Fflu_dms-view.csv&condition=2009-age-53&site_metric=site-Positive+Differential+Selection&mutation_metric=mut-Positive+Differential+Selection&selected_sites=52%2C53%2C54%2C55%2C56%2C57%2C58%2C59%2C60%2C61%2C62%2C63%2C64%2C65%2C66%2C67%2C68%2C69%2C70%2C71%2C72%2C73%2C74%2C75%2C76%2C77%2C78%2C79%2C80%2C81%2C82%2C83%2C84%2C85%2C86%2C87%2C88%2C89%2C90%2C91%2C92%2C93%2C94%2C95%2C96%2C97%2C98%2C99%2C100%2C101%2C102%2C103%2C104%2C105%2C106%2C107%2C108%2C109%2C110%2C111%2C112%2C113%2C114%2C115%2C116%2C117%2C118%2C119%2C120%2C121%2C122%2C123%2C124%2C125%2C126%2C127%2C128%2C129%2C130%2C131%2C132%2C133%2C134%2C135%2C136%2C137%2C138%2C139%2C140%2C141%2C142%2C143%2C144%2C145%2C146%2C147%2C148%2C149%2C150%2C151%2C152%2C153%2C154%2C155%2C156%2C157%2C158%2C159%2C160%2C161%2C162%2C163%2C164%2C165%2C166%2C167%2C168%2C169%2C170%2C171%2C172%2C173%2C174%2C175%2C176%2C177%2C178%2C179%2C180%2C181%2C182%2C183%2C184%2C185%2C186%2C187%2C188%2C189%2C190%2C191%2C192%2C193%2C194%2C195%2C196%2C197%2C198%2C199%2C200%2C201%2C202%2C203%2C204%2C205%2C206%2C207%2C208%2C209%2C210%2C211%2C212%2C213%2C214%2C215%2C216%2C217%2C218%2C219%2C220%2C221%2C222%2C223%2C224%2C225%2C226%2C227%2C228%2C229%2C230%2C231%2C232%2C233%2C234%2C235%2C236%2C237%2C238%2C239%2C240%2C241%2C242%2C243%2C244%2C245%2C246%2C247%2C248%2C249%2C250%2C251%2C252%2C253%2C254%2C255%2C256%2C257%2C258%2C259%2C260%2C261%2C262%2C263%2C264%2C265%2C266%2C267%2C268%2C269%2C270%2C271%2C272%2C273%2C274%2C275%2C276&protein-data-color=&protein-other-color=&pdb-url=https%3A%2F%2Fdms-view.github.io%2Fdata%2FIAV%2F4O5N_trimer.pdb
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Figure 1.2: Clonal interference constrains exponential growth of asexually repro-

ducing populations. Individuals in asexually reproducing populations tend to grow ex-

ponentially relative to their fitness (left). Normalization of frequencies to sum to 100%

represents competition between viruses for hosts through clonal interference and reveals how

exponentially growing viruses can decrease in frequency when their relative fitness is low

(right).

mutations that already exist in the same genome (Figure 1.4).

1.3 What is predictable about seasonal influenza evolution?

The expectations from population genetic theory described above and previous experimental

work suggest that aspects of seasonal influenza’s evolution might be predictable. Mutations

in HA and NA that alter host antibody binding sites and enable viruses to reinfect hosts

should be under strong positive selection. We expect these strongly beneficial mutations

to sweep through the global seasonal influenza population at a rate that depends on the

importance of their genetic background. We also do not expect that every site in HA or NA

will acquire beneficial mutations. For example, fewer than a quarter of HA’s 566 amino acid

sites are under positive selection [Bush et al., 1999], have undergone rapid sweeps [Shih et al.,
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Figure 1.3: The shape of fitness landscapes depends, in part, on mutation effect

sizes. Mutations with similar, smaller effects (blue and orange circles) produce a smooth

Gaussian fitness distribution while mutations with large effect sizes (green, yellow, and purple

circles) produce a more discrete fitness distribution. From Figure 1A and B of Neher [2013].
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Figure 1.4: The fixation probability of a beneficial mutation is a function of the

mutation’s genetic background. When mutations have similar, smaller effects, the fitness

of a beneficial mutation’s genetic background (red) contributes to the mutation’s fixation

probability (green). Mutations that ultimately fix originate from distribution given by the

product of the background fitness and the fixation probability (blue). From Figure 2C of

Neher [2013].
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2007], or contributed to antigenic drift [Wolf et al., 2006]. Importantly, not all of these sites

contribute equally to antigenic drift [Koel et al., 2013]. Additionally, the complex and strong

pressures of existing human immunity appear to constrain the space of antigenic phenotypes

that viruses can explore at any given time [Smith et al., 2004, Bedford et al., 2012].

Recently, researchers have built on this evidence to create formal predictive models of seasonal

influenza evolution. Neher et al. [2014] used expectations from traveling wave models to

define the “local branching index” (LBI), an estimate of viral fitness. LBI assumes that most

extant viruses descend from a highly fit ancestor in the recent past and uses patterns of

rapid branching in phylogenies to identify putative fit ancestors (Figure 1.5). Neher et al.

[2014] showed that LBI could successfully identify individual ancestral nodes that were highly

representative of the seasonal influenza population one year in the future.

 Luksza and Lässig [2014] developed a mechanistic model to forecast seasonal influenza

evolution based on population genetic theory and previous experimental work. This model

assumed that seasonal influenza viruses grow exponentially as a function of their fitness,

compete with each other for hosts through clonal interference, and balance positive effects

of mutations at sites previously associated with antigenic drift and deleterious effects of all

other mutations. Instead of predicting the most representative virus of the future population,

 Luksza and Lässig [2014] explicitly predicted the future frequencies of entire clades.

Despite the success of these predictive models, other aspects of seasonal influenza evolution

complicate predictions. When multiple beneficial mutations with large effects emerge in a

population, the clonal interference between viruses reduces the probability of fixation for

all mutations involved [Strelkowa and Lässig, 2012]. Seasonal influenza populations also

experience multiple bottlenecks in space and time including transmission between hosts, global

circulation, and seasonality [Xue et al., 2018, Petrova and Russell, 2018]. These bottlenecks

reduce seasonal influenza’s effective population size and reduce the probability that beneficial

mutations will sweep globally. Finally, antigenic escape assays with polyclonal human sera

suggest that successful viruses must accumulate multiple beneficial mutations of large effect
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Figure 1.5: Local branching index (LBI) estimates the fitness of viruses in a

phylogeny. A) LBI assumes that mutations at the high fitness edge of a current population

will seed future populations. From Figure 5D of Neher [2013]. In practice, LBI tends

to identify clusters of recently expanding populations, as shown in this seasonal influenza

A/H3N2 phylogeny from Nextstrain. Explore LBI values in the current Nextstrain phylogeny

for A/H3N2.

https://nextstrain.org/flu/seasonal/h3n2/ha/2y?c=lbi
https://nextstrain.org/flu/seasonal/h3n2/ha/2y?c=lbi


9

to successfully evade the diversity of global host immunity [Lee et al., 2019].

1.4 How has the field changed since the publication of the first predictive
models?

In the years since the publication of these initial models, significant advances in influenza

virology and computational modeling have paved the way for more biologically-informed

predictive models. Recent computational methods can map HI measurements to phylogenetic

trees of HA and accurately infer missing measurements between pairs of viruses using their

shared ancestry [Neher et al., 2016]. By accounting for variation in viral avidity and serum

potency, these methods provide a standardized measurement of antigenic phenotype that

can inform existing predictive models. The application of deep mutational scanning to

influenza proteins has enabled high-throughput quantification of functional constraints to

protein evolution [Thyagarajan and Bloom, 2014, Wu et al., 2014, Doud and Bloom, 2016].

In addition to these improved measures of HA, recent studies highlight the importance of

antigenic effects in neuraminidase (NA) [Chen et al., 2018] and fitness effects associated

with the reassortment of HA with other proteins [Villa and Lässig, 2017]. The inclusion of

evolutionary metrics for the entire influenza genome should therefore improve the predictive

power of existing HA-only models. Finally, a detailed study of influenza phylodynamics has

confirmed the importance of global circulation patterns to the success of influenza populations

and revealed the variability of these patterns among influenza A and B subtypes [Bedford

et al., 2015]. The resulting subtype-specific estimates of migration rate could readily benefit

existing predictive models, which currently assume all viruses are panmictic. Despite the

importance of these complementary characteristics of influenza fitness, no current predictive

model of influenza evolution integrates all of these phenotypic, genomic, and geographic

metrics with existing metrics of antigenic drift from HA sequences.
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1.5 About this dissertation

In this dissertation, I describe my independent and collaborative efforts to improve our

understanding of seasonal influenza A/H3N2 evolution through novel computational models

and data visualizations. Chapter 2 describes a collaboration with Dr. Juhye Lee from the

Bloom lab where Juhye performed deep mutational scanning experiments with an A/H3N2

virus and we attempted to understand the relationship between the resulting mutational

preferences of A/H3N2 viruses in the lab and the success of mutations in natural populations.

Chapter 3 describes a collaboration with Dr. Sarah Hilton from the Bloom lab where we

developed a data visualization tool, dms-view, that allows virologists to rapidly explore their

deep mutational scanning data in the linked contexts of the viral genome and protein structure.

Chapter 3 also describes a preliminary tool for visualization of data from experiments that

measure antigenic drift in A/H3N2. Chapter 4 describes my implementation of a long-term

forecasting framework for A/H3N2 populations and how integration of genetic and phenotypic

data in this framework produces the most accurate forecasts. Chapter 5 synthesizes the

findings from the preceding chapters and a recent collaboration with Dr. Pierre Barrat-Charlaix

from Dr. Richard Neher’s lab. This conclusion places the results from this dissertation in the

broader context of seasonal influenza evolutionary studies and provides recommendations for

future research in the field. Finally, Appendix A describes Augur, a bioinformatics toolkit

that I helped redesign and maintain during my doctoral work. This software was a critical

component of the forecasting framework described in Chapter 4.
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Chapter 2

DEEP MUTATIONAL SCANNING OF HEMAGGLUTININ
HELPS PREDICT EVOLUTIONARY FATES OF HUMAN

H3N2 INFLUENZA VARIANTS

With the exception of the subsection 2.4.1, this work was originally published in the Proceedings

of the National Academy of Sciences of the United States of America at https://doi.org/

10.1073/pnas.1806133115.

2.1 Introduction

Seasonal H3N2 influenza virus evolves rapidly, fixing 3 to 4 amino-acid mutations per year

in its hemagglutinin (HA) surface protein [Fitch et al., 1997, Bhatt et al., 2011]. Many of

these mutations contribute to the rapid antigenic drift that necessitates frequent updates to

the annual influenza vaccine [Smith et al., 2004]. This evolution is further characterized by

competition and turnover among groups of strains called clades bearing different complements

of mutations [Bedford et al., 2011, Strelkowa and Lässig, 2012, Neher et al., 2014, Koelle and

Rasmussen, 2015, Bedford et al., 2015]. Clades vary widely in their evolutionary success, with

some dying out soon after emergence and others going on to take over the virus population.

Several lines of evidence indicate that successful clades have higher fitness than clades that

remain at low frequency [Bedford et al., 2011, Strelkowa and Lässig, 2012, Neher et al., 2014,

 Luksza and Lässig, 2014]. A key goal in the study of H3N2 evolution is to identify the features

that enable certain clades to succeed as others die out.

Two main characteristics distinguish evolutionarily successful clades from their competitors:

greater antigenic change, and efficient viral growth and transmission. In principle, experiments

https://doi.org/10.1073/pnas.1806133115
https://doi.org/10.1073/pnas.1806133115
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Figure 2.1: Deep mutational scanning of the Perth/2009 H3 HA. (A) We generated

mutant virus libraries using a helper-virus approach [Doud and Bloom, 2016], and passaged

the libraries at low MOI to establish a genotype-phenotype linkage and to select for functional

HA variants. Deep sequencing of the variants before and after selection allowed us to estimate

each site’s amino-acid preferences. (B) The experiments were performed in full biological

triplicate. We also passaged and deep sequenced library 3 in duplicate. (C) Frequencies of

nonsynonymous, stop, and synonymous mutations in the mutant plasmid DNA, the passaged

mutant viruses, and wildtype DNA and virus controls. (D) The Pearson correlations among

the amino-acid preferences estimated in each replicate.
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could be informative for identifying how mutations affect these features. Most work on

influenza evolution to date has utilized experimental data to assess the antigenicity of

circulating strains [Sun et al., 2013, Harvey et al., 2016, Neher et al., 2016, Koel et al., 2013,

Chambers et al., 2015, Li et al., 2016]. However, the non-antigenic effects of mutations also

play an important role [Pybus et al., 2007, Strelkowa and Lässig, 2012,  Luksza and Lässig,

2014, Koelle and Rasmussen, 2015]. Specifically, due to influenza virus’s high mutation

rate [Holland et al., 1982, Steinhauer and Holland, 1987, Lauring and Andino, 2010] and lack

of intra-segment recombination [Boni et al., 2008], deleterious mutations become linked to

beneficial ones. The resulting accumulation of deleterious mutations can affect non-antigenic

properties central to viral fitness [ Luksza and Lässig, 2014]. However, there are no large-scale

quantitative characterizations of how mutations to H3N2 HA affect viral growth.

It is now possible to use deep mutational scanning [Fowler and Fields, 2014] to measure the

functional effects of all single amino-acid mutations to viral proteins [Thyagarajan and Bloom,

2014, Wu et al., 2014, Doud and Bloom, 2016, Haddox et al., 2016, Qi et al., 2015, Haddox

et al., 2018]. However, the only HA for which such large-scale measurements have previously

been made is from the highly lab-adapted A/WSN/1933 (H1N1) strain [Thyagarajan and

Bloom, 2014, Wu et al., 2014, Doud and Bloom, 2016]. Here, we measure the effects on viral

growth in cell culture of all mutations to the HA of a recent human H3N2 strain. We show that

these experimental measurements can help discriminate evolutionarily successful mutations

from those found in strains that quickly die out. However, the utility of the experiments for

understanding natural evolution depends on the similarity between the experimental and

natural strains: measurements made on an H1 HA are less informative for understanding the

evolutionary fate of H3 viral strains.
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Figure 2.2: The site-specific amino-acid preferences of the Perth/2009 HA mea-

sured in our experiments. The height of each letter is the preference for that amino acid,

after taking the average over experimental replicates and re-scaling [Hilton et al., 2017] by

the stringency parameter in Table 2.1. The sites are in H3 numbering. The top overlay bar

indicates whether or not a site is in the set of epitope residues delineated in Wolf et al. [2006].

The bottom overlay bar indicates the HA domain (sig. pep. = signal peptide, HA1 ecto. =

HA1 ectodomain, HA2 ecto. = HA2 ectodomain, TM = transmembrane domain, cyto. tail.

= cytoplasmic tail). The letters directly above each logo stack indicate the wildtype amino

acid at that site.
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2.2 Results

2.2.1 Deep mutational scanning of HA from a recent strain of human H3N2 influenza virus

We performed a deep mutational scan to measure the effects of all amino-acid mutations to

HA from the A/Perth/16/2009 (H3N2) strain on viral growth in cell culture. This strain was

the H3N2 component of the influenza vaccine from 2010-2012 [WHO, 2010, 2011]. Relative to

the consensus sequence for this HA in Genbank, we used a variant with two mutations that

enhanced viral growth in cell culture, G78D and T212I (see Lee et al. [2018] SI Appendix,

Figure S1 and Dataset S1). The G78D mutation occurs at low frequency in natural H3N2

sequences, and T212 is a site where a mutation to Ala rose to fixation in human influenza in

∼2011.

We mutagenized the entire HA coding sequence at the codon level to create mutant plasmid

libraries harboring an average of ∼1.4 codon mutations per clone (see Lee et al. [2018] SI

Appendix, Figure S2). We then generated mutant virus libraries from the mutant plasmids

using a helper-virus system that enables efficient generation of complex influenza virus

libraries [Doud and Bloom, 2016] (Figure 2.1A). These mutant viruses derived all their

non-HA genes from the lab-adapted A/WSN/1933 strain. Using WSN/1933 for the non-HA

genes reduces biosafety concerns, and also helped increase viral titers. To further increase

viral titers, we used MDCK-SIAT1 cells (Madin-Darby canine kidney cells overexpressing

2,6-sialyltransferase) [Matrosovich et al., 2003] that we engineered to constitutively express

TMPRSS2 (Transmembrane Protease, Serine 2), which cleaves the HA precursor to activate

it for membrane fusion [Böttcher et al., 2006, Böttcher-Friebertshäuser, et al., 2010].

After generating the mutant virus libraries, we passaged them at low multiplicity of infection

(MOI) in cell culture to create a genotype-phenotype link and select for functional HA variants

(Figure 2.1A). All experiments were completed in full biological triplicate (Figure 2.1B). We

also passaged and deep sequenced library 3 in duplicate (library 3-1 and 3-2) to gauge

experimental noise within a single biological replicate. As a control to measure sequencing
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and mutational errors, we used the unmutated HA gene to generate and passage viruses

carrying wildtype HA.

Deep sequencing of the initial plasmid mutant libraries and the passaged mutant viruses

revealed selection for functional HA mutants. Specifically, stop codons were purged to 20-45%

of their initial frequencies after correcting for error rates estimated by sequencing the wildtype

controls (Figure 2.1C). The incomplete purging of stop codons is likely because genetic

complementation due to co-infection [Marshall et al., 2013, Brooke et al., 2013] enabled the

persistence of some virions with nonfunctional HAs. We also observed selection against many

nonsynonymous mutations (Figure 2.1C), with their frequencies falling to 30-40% of their

initial values after error correction.

2.2.2 Our measurements can help distinguish between mutations that reach low and high

frequencies in nature

Mutations occurring in the H3N2 virus population experience widely varying evolutionary

fates (Figure 2.3). Some mutations appear, spread and fix in the population, while others

briefly circulate before disappearing. We take the maximum frequency reached by a mutation

as a coarse indicator of its effect on fitness, since favorable mutations generally reach higher

frequencies than unfavorable ones [Ewens, 2012]. Here, we follow the population genetic

definition of mutation and track the outcome of each individual mutation event, e.g. although

R142G occurs multiple times on the phylogeny we track each of these mutations occurring on

different backgrounds separately. As such, each mutation is shown as a separate circle on a

separate branch in Figure 2.3. However, because multiple mutations on the same phylogeny

branch cannot be disentangled, when multiple mutations occurred on a single branch, we

assigned a single mutational effect based on the sum of effects of each mutation.

After annotating mutations and their frequencies on the phylogeny in this way (Figure 2.3),

it is visually obvious that there are relatively few circulating mutations that we measure to

be strongly deleterious—and that such deleterious mutations rarely reach high frequency
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Figure 2.3: Frequency trajectories of individual mutations and their relation to

the experimentally measured effects of these mutations. The top panel shows the

subset of the full H3N2 HA tree (Figure 2.8) from 2004 to 2014. Circles indicate individual

amino-acid mutations, and are colored according to the mutational effect measured in our deep

mutational scanning (negative values indicate mutations measured to be deleterious to viral

growth). The Perth/2009 strain is labeled with a star, and nodes in the clade containing the

Perth/2009 strain were excluded from our analyses. The bottom panel shows the frequency

trajectory of each mutation, with trajectories colored according to the mutational effects as

in the top panel. It is clear that most mutations that reach high frequency are measured

to be relatively favorable in our experiments. Figure 2.4 shows a similar layout but colors

mutations by whether they are in HA’s head or stalk domain.
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Histogram of mutation maximum frequencies by the number of mutations in the head and

stalk domains. It is clear that mutations in the head domain are more numerous than those

in the stalk, particularly among mutations that reach high frequencies.
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when they do occur.

We next sought to quantify the correlation between a mutation’s experimentally measured

effect and the maximum frequency it attained during natural evolution. To calculate a

given mutation’s effect, we simply took the logarithm of the ratio of the preferences for the

mutant and wildtype amino acids at that site. To minimize effects related to the genetic

background of the strain used in the experiment, we excluded mutations closely related to

the experimental strain itself and partitioned the remaining mutations into 1,022 mutations

pre-dating and 299 mutations post-dating the Perth/2009 strain (Figure 2.8). We additionally

excluded mutations from the post-Perth partition that were sampled in 2014 or after, since

these mutations have not had enough time for their evolutionary fates to be fully resolved.

We used these pre-Perth and post-Perth partitions to test the utility of our measurements for

both post-hoc and prospective analyses, respectively. We quantified the relationship between

mutational effects and maximum mutation frequencies in the H3N2 phylogeny via Spearman

rank correlation (Figure 2.5A). In both pre-Perth and post-Perth time periods, we found a

modest, but statistically significant relationship between mutational effect and maximum

mutation frequency (pre-Perth ρ = 0.17, post-Perth ρ = 0.15). The similar effect sizes for

both the pre- and post-Perth partitions shows that our experimental measurements can

help explain the evolutionary fates of mutations in strains that post-date the experimentally

studied strain, as well as to retrospectively analyze mutations that precede the experimental

strain.

Many of the HAs in sequence databases are from viral isolates that were passaged in

cell-culture or eggs, which can cause lab-adaptation mutations that confound evolutionary

analyses [McWhite et al., 2016]. To check that our results were robust to such lab-adaptation

mutations, we repeated our analysis using only HA sequences derived from viruses that

had not been passaged in the lab. Because sequencing of unpassaged primary isolates has

only recently become commonplace, we could only perform this analysis for the post-Perth

partition of the phylogenetic tree. Figure 2.5A shows that the correlation between our
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Figure 2.5: Experimental measurements are informative about the evolutionary

fate of viral mutations. (A) Correlation between the effects of mutations as measured in

our deep mutational scanning of the Perth/2009 HA and the maximum frequency reached by

these mutations in nature. The plots show Spearman ρ and an empirical P -value representing

the proportion of 10,000 permutations of the experimental measurements for which the

permuted ρ was greater than or equal to the observed ρ. (B) The distribution of mutational

effects partitioned by maximum mutation frequency. The vertical black line shows the mean

mutation effect for each category. The analysis is performed separately for pre-Perth/2009,

post-Perth/2009, and unpassaged isolates from the post-Perth/2009 partitions of the tree

(Figure 2.8).



21

pre-Perth/2009 post-Perth/2009
post-Perth/2009
(unpassaged)

-20 -10 0 10 20 -20 -10 0 10 20 -20 -10 0 10 20

mutational effectmutational effect mutational effect

0.0

0.2

0.4

0.6

0.8

1.0

m
a

x
 f
re

q
u

e
n

c
y

P = 0.023
ρ = 0.06

P = 0.21
ρ = 0.05

P = 0.002
ρ = 0.17

Figure 2.6: Experimental measurements on an H1 HA are less informative about

the evolutionary fate of H3N2 mutations. This figure repeats the analysis of the H3N2

mutation frequencies in Figure 2.5A, but uses the deep mutational scanning data for an H1

HA as measured in [Doud and Bloom, 2016]. Figure 2.7 shows the histograms comparable to

those in Figure 2.5B. The empirical P -value represents the result of 1,000 permutations.

measured mutational effects and the maximum frequency was even stronger for mutations

from unpassaged viral isolates (ρ = 0.24).

The trends in Figure 2.5A are most strongly driven by the behavior of substantially deleterious

mutations. We investigated this further by partitioning mutations into those that reach

low, medium and high frequencies, and those that fix in the population (Figure 2.5B). The

mutations that reach higher frequencies have a more favorable mean effect. Mutations

measured to be substantially deleterious almost never reach high frequency. Overall, these

results demonstrate that measurements of how mutations affect viral growth in cell culture

are informative for understanding the fates of these mutations in nature: in particular, if a

mutation is measurably deleterious to viral growth, that mutation is unlikely to prosper in

nature.
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Figure 2.7: The distribution of mutational effects measured in H1 HA among

H3N2 mutations binned by the maximum frequency that they reach. This figure

repeats the analysis of the H3N2 mutation frequencies in Figure 2.5B, but uses the deep

mutational scanning data for an H1 HA as measured in Doud and Bloom [2016].
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2.2.3 Measurements made on an H1 HA are less informative for understanding the evolution

of H3 influenza

To determine how broadly experimental measurements can be generalized across HAs, we

repeated the foregoing analysis of H3N2 mutation frequencies, but using mutational effects

measured in our prior deep mutational scanning of the WSN/1933 H1 HA [Doud and Bloom,

2016] (see Lee et al. [2018] SI Appendix, Figure S9), which is highly diverged from the

Perth/2009 H3 HA (the two HAs only have 42% protein sequence identity). Figure 2.6 shows

that the correlations between the H1 experimental measurements and the maximum frequency

that mutations reach during H3N2 viral evolution are consistently weaker than those using

H3 experimental measurements (compare Figure 2.6 to Figure 2.5A). Therefore, the utility of

an experiment for understanding natural evolution degrades as the experimental sequence

becomes more diverged from the natural sequences that are being studied.

2.3 Discussion

We have measured the effects of all possible single amino-acid mutations to the Perth/2009

H3 HA on viral growth in cell culture and demonstrated that these measurements have

some value for understanding the evolutionary fate of these mutations in nature. Specifically,

mutations measured to be more beneficial for viral growth tend to reach higher frequencies in

nature than mutations measured to be more deleterious for viral growth. The fact that our

experiments can help identify evolutionary successful mutations suggests that they might

inform evolutionary forecasting. In their landmark paper introducing predictive viral fitness

models that accounted for both antigenic and non-antigenic mutations,  Luksza and Lässig

[2014] noted that the models could in principle be improved by integrating “diverse genotypic

and phenotypic data” that more realistically represented the effects of specific mutations.

Our work suggests that deep mutational scanning may be able to provide such data.

It is important to emphasize that measurements of viral growth in cell culture do not represent

true fitness in nature. Indeed, a vast amount of work in virology has chronicled the ways in
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which experiments can select for lab artifacts or fail to capture important pressures that are

relevant in nature [Daniels et al., 1985, Sun et al., 2010, Lee et al., 2013, Wu et al., 2017]. As

an example, although we identified G78D as favorable for viral growth in cell culture, this

mutation never fixes in nature. Mutations in viral genes other than HA are also important in

determining strain success [Memoli et al., 2009, Raghwani et al., 2017]. Given these caveats,

it might seem surprising that measuring viral growth in cell culture can be informative about

the success of viral strains in nature. Yet, prior to our work, there were no comprehensive

studies of the functional effects of mutations to H3 HA on any property that even resembled

viral fitness in nature, and modeling work has either omitted the non-antigenic effects of

mutations [Sun et al., 2013, Harvey et al., 2016, Neher et al., 2016] or assumed that all

non-epitope mutations had equivalent deleterious effects [ Luksza and Lässig, 2014]. The

strength of our measurements are not that they perfectly capture fitness in nature, but that

they are systematic and quantitative—and so represent an improvement over no information

at all. We suspect that performing similar experiments using more realistic and complex

selections (e.g., ferrets or primary human airway cultures) might further improve their utility

and possibly their generalizability to more divergent strains.

We measured the effects of all single amino-acid mutations to a specific HA, and then general-

ized these measurements to other H3N2 HAs from a 50-year timespan. These generalizations

will only be valid to the extent that the effects of mutations are conserved during HA’s

evolution. Extensive prior work has shown that epistasis can shift the effects of mutations as

proteins evolve [Pollock et al., 2012, Shah et al., 2015, Gong et al., 2013, Natarajan et al., 2013,

Harms and Thornton, 2014, Starr and Thornton, 2016, Starr et al., 2017]. Our work suggests

that measurements on a HA from single human H3N2 viral strain can be usefully generalized

to at least some extent across the entire evolutionary history of human H3N2 HA. On the

other hand, when we compared our measurements for an H3 HA to prior measurements on

H1 HA, we found substantial shifts at many sites—much greater than those observed in

prior protein-wide comparisons of more closely related homologs [Doud et al., 2015, Haddox
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et al., 2018]. Further investigation of how mutational effects shift as proteins diverge will

be important for determining how broadly any given experiment can be generalized when

attempting to make evolutionary forecasts.

Our work did not characterize the antigenic effects of mutations, which also play an important

role in determining strain success in nature [Koel et al., 2013, Neher et al., 2016]. However,

our basic selection and deep-sequencing approach can be harnessed to completely map how

mutations affect antibody recognition [Doud et al., 2017, 2018]. But so far, experiments

using this approach have not examined antibodies or sera that are relevant to driving the

evolution of H3N2 influenza [Doud et al., 2017, 2018], or have used relevant sera but examined

a non-comprehensive set of mutations [Li et al., 2016]. Future experiments that completely

map how HA mutations affect recognition by human sera seem likely to be especially fruitful

for informing viral forecasting.

2.4 Materials and Methods

Data and computer code

Deep sequencing data are available from the Sequence Read Archive under BioSample

accessions SAMN08102609 and SAMN08102610. Computer code used to analyze the data is

at https://github.com/jbloomlab/Perth2009-DMS-Manuscript.

HA numbering

Sites are in H3 numbering, with the signal peptide in negative numbers, HA1 in plain numbers,

and HA2 denoted with ”(HA2)”. Sequential 1, 2, ... numbering of the Perth/2009 HA can be

converted to H3 numbering by subtracting 16 for the HA1 subunit, and subtracting 345 for

the HA2 subunit.

https://github.com/jbloomlab/Perth2009-DMS-Manuscript
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Table 2.1: Substitution models informed by the experiments describe HA’s evo-

lution better than traditional models. Maximum likelihood phylogenetic fit to an

alignment of human H3N2 HAs using ExpCM [Hilton et al., 2017], ExpCM in which the

experimental measurements are averaged across sites (site avg.), and M0 and M5 versions

of the Goldman-Yang (GY94) model [Yang et al., 2000]. Models are compared by Akaike

information criterion (AIC) [Posada and Buckley, 2004] computed from the log likelihood

(LnL) and number of model parameters. The ω parameter is dN/dS for the Goldman-Yang

models, and the relative dN/dS after accounting for the measurements for the ExpCM. For

the M5 model, we give the mean followed by the shape and rate parameters of the gamma

distribution over ω.

Model ∆AIC LnL Stringency ω

ExpCM 0.0 -8441 2.47 0.91

GY94 M5 2094 -9482 – 0.36 (0.30, 0.84)

ExpCM, site avg. 2501 -9692 0.67 0.32

GY94 M0 2536 -9704 – 0.31

Quantification of mutational effects

The effect of mutating site r from amino acid a1 to a2 was quantified as

log2

πr,a2
πr,a1

(2.1)

where πr,a1 and πr,a2 are the re-scaled preferences for amino acids a1 or a2 at site r as

shown in Figure 2.2. The WSN/1933 H1 HA amino-acid preferences are the replicate-

average values reported in [Doud and Bloom, 2016], re-scaled by a stringency param-

eter of 2.05 (see https://github.com/jbloomlab/dms_tools2/blob/master/examples/

Doud2016/analysis_notebook.ipynb).

https://github.com/jbloomlab/dms_tools2/blob/master/examples/Doud2016/analysis_notebook.ipynb
https://github.com/jbloomlab/dms_tools2/blob/master/examples/Doud2016/analysis_notebook.ipynb
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Figure 2.8: A phylogenetic tree of all HA sequences used in our analysis of

mutation frequencies. (A) HA sequences were sampled at a rate of six viruses per

month from January 1, 1968 through February 1, 2018. The Perth/2009 strain used in our

experiments is indicated.
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Figure 2.8: (continued) The rest of the tree is partitioned into nodes that preceded the split

of the Perth/2009 strain from the trunk of the tree (blue) and nodes that branched off the

trunk after the clade containing Perth/2009 (orange). In Figure 2.5, these two partitions

of the tree are analyzed separately. Nodes in the clade containing the Perth/2009 strain

and nodes sampled in 2014 or after were excluded from our analyses. The Perth/2009 strain

was excluded to avoid artifacts related to mutations that occurred on the branches leading

to the HA sequence used in the experiment. The post-2014 nodes were excluded because

the evolutionary fates of many sequences after this date are not yet fully resolved. (B) The

post-Perth/2009 partition of the tree containing only sequences from unpassaged isolates.

Inference of human H3N2 phylogenetic tree and calculation of maximum mutation frequencies

To generate the tree (Figure 2.8), we applied Nextstrain’s augur pipeline [Hadfield et al., 2018]

(https://github.com/nextstrain/augur; commit 006896d) to publicly available H3N2

HA sequences from GISAID [Shu and McCauley, 2017] (see Lee et al. [2018] SI Appendix,

Dataset S4), sampling six viruses per month over the time interval of January 1, 1968 to

February 1, 2018. We aligned the resulting 2,189 HA sequences with MAFFT v7.310 [Katoh

and Standley, 2013] and constructed a maximum likelihood phylogeny from this alignment with

RAxML 8.2.10 [Stamatakis, 2006]. Ancestral state reconstruction and branch length timing

were performed with TreeTime [Sagulenko et al., 2018]. The phylogenetic tree is available as

a JSON file on GitHub at https://github.com/jbloomlab/Perth2009-DMS-Manuscript/

blob/master/analysis_code/data/flu_h3n2_ha_1968_2018_6v_tree.json.gz. The tree

was visualized using BALTIC (https://github.com/blab/baltic).

The frequency trajectory of each individual mutation on the phylogeny is estimated following

Nextstrain’s augur pipeline and as first implemented in Nextflu [Neher and Bedford, 2015].

Herein, mutation frequency dynamics are modeled according to a Brownian motion diffusion

process discretized to one-month intervals. The number of viruses sampled in each interval

https://github.com/nextstrain/augur
https://github.com/jbloomlab/Perth2009-DMS-Manuscript/blob/master/analysis_code/data/flu_h3n2_ha_1968_2018_6v_tree.json.gz
https://github.com/jbloomlab/Perth2009-DMS-Manuscript/blob/master/analysis_code/data/flu_h3n2_ha_1968_2018_6v_tree.json.gz
https://github.com/blab/baltic
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determines the denominator of the mutation frequency calculations. Relative to a simple

Brownian motion, the expectation includes an “inertia” term ε that adds velocity to the

diffusion and the variance includes a term x(1− x) to scale variance according to frequency

following a Wright-Fisher population genetic process. This results in the following diffusion

process

x(t+ dt) = N (x(t) + ε dx, dt σ2 x(t) (1− x(t))), (2.2)

with ‘volatility’ parameter σ2. The term dx is the increment in the previous timestep, so that

dx = x(t)− x(t− dt). We used ε = 0.7 and σ2 = 0.05 to maximize fit to empirical trajectory

behavior.

We also include an Bernoulli observation model for mutation presence / absence among

sampled viruses at timestep t. This observation model follows

f(x, t) =
∏
v∈V

x(t)
∏
v/∈V

(1− x(t)), (2.3)

where v ∈ V represents the set of viruses that have the mutation and v /∈ V represents

the set of viruses that do not have the mutation. Each frequency trajectory is estimated

by simultaneously maximizing the likelihood of the process model and the likelihood of the

observation model via adjusting frequency trajectory x = (x1, . . . , xn).

We also repeated the above analyses using only viruses that were sequenced directly without

passaging. Routine direct sequencing did not begin until the early 2000s [McWhite et al.,

2016]. To construct a tree with a similar number of viruses as the original analysis, we

sampled 30 viruses per month between January 1, 2000 and April 1, 2018, producing a tree

with 2,374 unpassaged viruses with augur (commit: 6d9f708). We included the passaged

DMS strain, A/Perth/16/2009, in the resulting tree to enable comparison between pre-Perth

and post-Perth clades.
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Figure 2.9: Sequence preference by time for sequences from 1968–2012. Least

squares regression lines are shown for trunk (red) and side branch (blue) nodes. The trunk

line corresponds to the equation y = 1.54x− 3779.83 with an adjusted R-squared value of

0.87 (p << 0.01). The side branch line corresponds to the equation y = 1.50x− 3700 with an

adjusted R-squared value of 0.88 (p << 0.01). The differences between these two equations

is effectively eliminated when the same analysis is performed without terminal nodes.
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2.4.1 Analysis of full-length sequence preferences

We attempted to quantify the fitness of each H3N2 strain’s complete HA sequence by summing

the mutational preferences defined in Equation 2.1 across all positions in HA. We anticipated

that in the absence of epistasis the resulting sums would provide a metric of each strain’s

fitness with respect to its functional constraints. Importantly, the sequence preference metric

should also provide a fitness estimate that could be applied to any sequence without any

additional phylogenetic information (i.e., the amino acid mutations present on branches

leading to the strain in a phylogeny).

We calculated the sequence preference for all observed strains in the full phylogeny (Figure 2.8)

and their inferred ancestral sequences corresponding to internal nodes of the tree. We

additionally annotated each node of the tree by its status as belonging to the “trunk” or

“side branch” of the phylogeny, using a previously published definition for these categories

[Bedford et al., 2015]. Nodes that belonged to the trunk category represent sequences that

seeded future H3N2 populations while nodes on side branches failed to propagate. We plotted

the sequence preference of each node by its observed or inferred date and trunk status.

Surprisingly, we observed a positive linear trend for all sequences collected before the

Perth/2009 strain (Figure 2.9). This pattern reversed for all sequences collected after

the Perth/2009 strain, showing a negative linear trend. To better visualize and interpret

these results, we fit linear regression models to both trunk and side-branch nodes and plotted

the residuals for each sequence from the resulting models. The residuals recapitulated the

trends we observed in the sequence preferences by time and highlighted the greater divergence

of trunk nodes from the positive linear trend after 2009 (Figure 2.10). The same patterns

appeared when we fit local weighted regression (LOWESS) lines to the residuals (Figure 2.11)

From these results, we concluded that the sequence preference metric was strongly influenced

by the genetic background of the DMS preferences themselves (i.e., the Perth/2009 strain).

We interpreted the positive linear trend toward the Perth/2009 era as a representation of
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Figure 2.10: Residuals by time based on linear regression equations in Figure 2.9.

The null expectation for the residuals is a horizontal line for both trunk and side-branch

nodes with a trunk line slightly above the side-branch line.
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Figure 2.11: Local weighted regression (LOWESS) lines for trunk and side-branch

residuals in Figure 2.10.



34

H3 sequences that gradually accumulated mutations that made them appear more like the

Perth/2009 strain. This interpretation was supported by the fact that the Perth/2009 strain

had one of the highest possible sequence preferences and therefore represented a kind of

“fitness peak” for the sequence preference metric. From the decline of sequence preferences

after 2009 even for trunk nodes, we concluded that the sequence preference was not a reliable

fitness metric for long-term forecasts of H3N2 evolution. We resolved to use mutation-specific

DMS preferences for the remainder of our analyses, to minimize the effects of epistasis on our

results.
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Chapter 3

VISUALIZATION OF SEASONAL INFLUENZA A/H3N2
EXPERIMENTAL PHENOTYPES

3.1 dms-view: Interactive visualization tool for deep mutational scanning
data

With the exception of subsection 3.1.4, this work was originally published in The Journal of

Open Source Software at https://doi.org/10.21105/joss.02353.

3.1.1 Summary and Purpose

The high-throughput technique of deep mutational scanning (DMS) [Fowler and Fields,

2014] has recently made it possible to experimentally measure the effects of all amino-acid

mutations to a protein (Figure 3.1). Over the past five years, this technique has been

used to study dozens of different proteins [Esposito et al., 2019] and answer a variety of

research questions. For example, DMS has been used for protein engineering [Wrenbeck

et al., 2017], understanding the human immune response to viruses [Lee et al., 2019], and

interpreting human variation in a clinical setting [Starita et al., 2017, Gelman et al., 2019].

Accompanying this proliferation of DMS studies has been the development of software tools

[Bloom, 2015, Rubin et al., 2017] and databases [Esposito et al., 2019] for data analysis

and sharing. However, for many purposes it is important to integrate and visualize the

DMS data in the context of other information, such as the 3-D protein structure or natural

sequence-variation data. Currently, this visualization requires the use of multiple different

tools including custom scripts, static visualization tools like MaveVis [Esposito et al., 2019],

or protein structure software such as PyMol [Schrödinger, LLC, 2015]. No existing tools

https://doi.org/10.21105/joss.02353
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library of protein variants

selected libraries

functional selection calculate effects

Figure 3.1: Example deep mutational scanning workflow, modified from Lee et al.

[2019]. The goal of this experiment is to quantify the how mutations affect a virus’s ability

to escape an antibody. The viral variant library contains all single amino-acid changes away

from wildtype. The viral library is passaged in cell culture, with and without antibodies, to

select for functional variants. Mutational effects are calculated based on deep sequencing of

the pre-selected and post-selected libraries.

provide linked views of the protein structure and DMS data in a single interface to facilitate

dynamic data exploration and sharing.

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, 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 measurements 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 information such amino-acid frequencies in natural alignments.

https://d3js.org
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Figure 3.2: Using dms-view to analyze DMS data. For further exploration, please visit

https://dms-view.github.io. 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 sites most highly targeted by

human serum “2010-Age-21” from the study by Lee et al. [2019]. All five sites fall in the

“globular head” of influenza virus HA.
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Figure 3.3: The same five sites as in Figure 3.2 but now plotted with the data

from a different human serum, “2009-age-53”. Using dms-view to compare, we see

that different sites on HA are targeted by different sera.
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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 displays the user-specified

data in three panels: the site-plot panel, the mutation-plot panel, and the protein-structure

panel (Figure 3.2). 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 different conditions, site- and mutation-level metrics, all of which

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. Note that dms-view is

designed to visualize the effects of single mutations, not combinations of mutations.

Please visit the documentation at https://dms-view.github.io/docs to learn more about how

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

3.1.2 Case study: mapping influenza A virus escape from human sera

Using a DMS approach, Lee et al. [2019] measured how all amino-acid mutations to the

influenza virus surface-protein hemagglutinin (HA) affected viral neutralization by human

sera. For more information on the experimental setup, see the paper [Lee et al., 2019] or the

GitHub repository (https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA).

We visualized the Lee et al. [2019] 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 sera used for the selections. The site- and

mutation-level metrics are different summary statistics 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. First, 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. Second, where on the protein structure are the highly selected

https://github.com/jbloomlab/map_flu_serum_Perth2009_H3_HA
https://jbloomlab.github.io/dms_tools2/diffsel.html


40

sites located? To explore this question, we selected specific sites of interest to be visualized

on the 3-D protein structure.

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 highlighted the most highly targeted sites for the human sera condition “Age 21 2010”

in Figure 3.2 (144, 159, 193, 222, and 244). We then used the condition dropdown menu

to toggle to 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 Figure 3.3, we can see that there is no overlap of the sites selected by the human sera

“2010-age-21” and 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.

View sites on the protein structure

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 Figure 3.2, we can see that these sites cluster on the “head” of HA, which is known to be

a common target of the human immune system [Chambers et al., 2015].

3.1.3 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 is available at https://

dms-view.github.io/docs and case studies are available at https://dms-view.github.

io/docs/casestudies/.

https://dms-view.github.io
https://github.com/dms-view/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
https://dms-view.github.io/docs/casestudies/
https://dms-view.github.io/docs/casestudies/
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3.1.4 Visual design decisions behind dms-view

With one notable exception, we designed dms-view to use the most expressive and effective

representations of the underlying data. Expressiveness describes the ability of a visualization

to communicate the most relevant information in a dataset, while effectiveness describes how

rapidly a viewer can perceive the relevant information [Mackinlay, 1986]. Expressive and

effective visualizations require the designer to select appropriate representations of the data

based on the designer’s understanding of human perception, available modes of representation,

and the data being visualized.

To these ends, we selected encodings of DMS data that were most appropriate for these

data. In the “site plot”, we represented quantitative values as circles on a discrete genomic

coordinate scale of the x-axis and a continuous scale on the y-axis. We chose a redundant

color encoding of the site metric values to both emphasize the differences between multiple

selected values and to link selected sites in the “site plot” with their placement on the protein

structure. We colored unselected points gray to communicate their position in the site plot

and distinguish them from selected points with color. We used reduced opacity for unselected

points, to reduce occlusion caused by overlapping circles and maintain a reasonable circle size

for user interactions. We increased the expressiveness of site plot data by providing details on

demand that users can access by hovering over specific points. We increased the effectiveness

of site plot data by adding filter, zoom, and select interactions that allow the user to reduce

the number of data points to inspect at any given time.

In the “mutation plot”, we used the same approach of representing quantitative data on a

discrete genomic coordinate scale and a continuous “mutation metric” scale. In contrast to

the site plot, we chose to only show mutation-level data for sites that users selected in the

site plot. We also chose to represent these quantitative data by the height of the alphabetical

letter associated with the amino acid of the mutation at each position. This encoding, also

known as a “logo plot”, allowed us to communicate additional information about the relative

contribution of each amino acid to an overall site metric. Although logo plots are technically a
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less effective representation of these quantitative data, due to their use of arbitrary differences

in area associated with each letter, they are a standard representation of these data in the

field of DMS research. We applied a color encoding to each mutation metric value such

that amino acids were colored according to their biophysical group (hydrophobic, positively

charged, negatively charged, etc.). As with the site plot, we provided details on demand

when the user hovers over specific mutations at each genomic position. A major limitation of

our logo plot implementation is its fixed width. As the user selects more sites in the site plot,

we scale down the width of each logo plot column. When more than a couple dozen sites

have been selected, the amino acid letters in the logo plot become illegible for all except the

higher values.

Finally, we encoded the 3D structure of a given protein using a reduced space representation

known as the “cartoon” view. In this view, selected sites appear more clearly as large bubbles

against a ribbon of the unselected sites. We enabled the protein viewer’s rotation functionality

that allows users to spin the protein around in three dimensions. As with the site plot, we

encoded the site metric of each position by color on a viridis scale. We made this choice

primarily because the most effective representations of these quantitative data (the spatial x,

y, and z axes) were already in use by the protein structure itself. We also provided details on

demand for each protein site.

3.2 Visualization of antigenic phenotypes

3.2.1 Introduction

A primary component of seasonal influenza A/H3N2 evolution is the ability of viruses to

acquire mutations that allow them to escape antibodies from previous infections. This process,

known as antigenic drift, changes the appearance of viral surface proteins hemagglutinin (HA)

and neuraminidase (NA). Viruses balance escape from antibodies with the maintenance of

their protein functions. The HA surface protein allows viruses to bind to the surface of new

host cells and initiate infection. When antibodies bind to HA, they can prevent viruses from
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binding and infecting cells. Viruses that acquire mutations to HA that prevent antibodies

from binding but do not disrupt the ability of HA to bind to host cells should be able to

infect hosts.

Experimental measurements of antigenic drift allow researchers to quantify how well viruses

with different HA mutations can escape detection by antibodies. Until recently, the most

reliable of these experimental measurements were hemagglutination inhibition (HI) assays

[Hirst, 1943]. In these assays, researchers place red blood cells into a multi-well plate and

add one test virus per well. When a well contains only blood cells and virus, the virus binds

to the blood cells causing them to agglutinate into a wide, red dot that fills the well. Next,

researchers add two-fold dilutions of antisera from naive ferrets that were infected by a single

reference virus. When the antisera contains enough antibodies to effectively bind the virus,

the blood cells do not agglutinate and instead sink to the bottom of the well in a small red

dot. The highest dilution of antisera required to inhibit agglutination provides the “titer”

measurement between the reference and test viruses. When the test virus is the same as

the reference virus, the assay provides an autologous titer measurement. When the test and

reference viruses differ, the assay provides a heterologous titer measurement.

Researchers report titer measurements as both raw and normalized values. Raw titer

measurements represent the denominator associated with the minimum dilution required

to inhibit agglutination. These two-fold dilution series have raw measurements like 80, 160,

320, etc. such that lower numbers represent the presence of more antisera in the dilution.

These raw measurements can also be represented more conveniently on a log2 scale [Smith

et al., 2004, Bedford et al., 2014]. Antisera vary in their potency such that some sera always

require higher or lower dilutions to inhibit agglutination regardless of the test virus. For

example, a low potency antiserum requires a lower dilution to inhibit agglutination by the

same reference virus resulting in a low autologous titer. To account for this variable potency,

we normalize titer measurements by subtracting the log2 titer between a test and reference

virus (the heterologous titer) from the log2 titer between the reference virus and its own
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antisera (the autologous titer). The resulting normalized titers enable comparisons of antigenic

distances across reference viruses. Importantly, viruses with a log2 distance greater than 2 are

considered antigenically distinct for the purposes of deciding updates to vaccine composition

[Katz et al., 2011].

3.2.2 Previous visual representations of antigenic distances

To understand broad patterns of antigenic drift beyond simple pairwise relationships, antigenic

distance must be summarized by statistical or visual representations. For example, the method

of antigenic cartography maps multidimensional antigenic distances to a two-dimensional

space using dimensionality reduction methods [Smith et al., 2004, Bedford et al., 2014]. These

map-like visualizations reveal long-term patterns and trends in antigenic drift within seasonal

influenza lineages like the punctuated emergence of new antigenic clusters every few years

(Figure 3.4). However, antigenic cartography is less suited to representations of short-term

antigenic drift on the same time scale as annual vaccine updates in each hemisphere.

Alternate visualizations created in the nextflu [Neher and Bedford, 2015] and Nextstrain

[Hadfield et al., 2018] frameworks address the needs of influenza researchers who make

decisions about vaccine composition. Within nextflu, all available pairwise antigenic distances

between a selected reference virus’s antisera and test viruses are represented by colored tips on

a phylogenetic tree constructed from HA sequences (Figure 3.5). This interactive visualization

allows users to select a specific reference virus by clicking a “gear” icon drawn on the phylogeny

where the reference virus occurs. All tips in the tree that have titer measurements to the

selected reference appear as circles colored by the quantitative value of their antigenic distance

(e.g., smaller distances are blue, larger distances are red). This representation of the pairwise

data allows users to identify phylogenetic clades that are antigenically distance from a given

antiserum or that are missing measurements from that antiserum. Influenza virologists use

this information to select potential vaccine candidates that “cover” the most extant clades

and prioritize which HI assays to perform next. The benefits of visualizing the phylogenetic
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Figure 3.4: Antigenic cartography of titer measurements from seasonal influenza

lineages from Figure 1 of Bedford et al. [2014]. Raw titer measurements in a multidi-

mensional matrix are transformed through Bayesian multidimensional scaling (BMDS) to a

two-dimensional representation. These antigenic maps reveal long-term patterns of antigenic

drift.
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context of antigenic distances for a single antiserum are balanced by visual design costs of

not showing antigenic distances for all antisera in a single view.

Another recent representation of pairwise antigenic distances attempts to address the limita-

tions of the phylogenetic visualization. This representation summarizes the mean antigenic

distances between a subset of relevant reference viruses (i.e., likely vaccine candidates) and

all tests viruses within each extant clade. The resulting heatmaps use the x-axis to encode

phylogenetic clades, the y-axis to encode reference viruses, and color to encode the mean

log2 distance between a given reference virus and corresponding test viruses (Figure 3.6).

These static heatmaps express more data than the phylogenetic representation, allowing

decision-makers to identify qualitative trends across antisera and clades in biannual reports

to the World Health Organization [Bedford and Neher, 2018, Bedford et al., 2019]. As with

all heatmap, these titer matrices suffer reduced expressiveness by encoding the most valuable

quantitative data with color instead of a spatial scale.

3.2.3 Improved visual representations of antigenic distances

Given the benefits and costs of existing visualizations of antigenic distances, we wondered

whether we could apply user-driven design and established visual design principles to produce a

more expressive and effective visualization for influenza virologists. To this end, we established

the goals of users who would interact with our visualizations, identified the most effective

encodings for the data users needed to explore, and composed an interactive visualization

from these encodings to address the desired goals.

Based on informal user interviews with collaborators at the Influenza Division of the Centers

for Disease Control and Prevention, we identified a list of primary goals for the phylogenetic

and heatmap visualizations. Users wanted to know which currently circulating clades of

influenza have measurements against a given serum, to prioritize which clades to select test

viruses from in future HI experiments. Additionally, users wanted to know which available

antiserum has the lowest antigenic distance across all circulating clades, to identify potential
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Figure 3.5: Antigenic distance (mean log2 titer drop) between test strains (colored

tips) and a selected reference virus’s antiserum (red crossmark) in the context of

a H3 phylogeny of recently circulating strains from nextflu [Neher and Bedford,

2015].
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Figure 3.6: Antigenic distance (mean log2 titer drop) between test strains sampled

from recently circulating clades (columns) and antisera for representative viruses

from these clades (rows). The median autologous raw titer of antisera for representative

viruses is shown after the corresponding virus’s name and clade membership. White squares

represent missing data.



49

vaccine candidates. Finally, users wanted to compare the antigenic diversity of extant

clades. From these user goals, we decided that an optimal visualization would summarize the

distribution of antigenic distances by antiserum and clade.

We observed that the existing titer matrix heatmaps addressed most of the user goals except

for communicating which extant clades were missing measurements. Both the phylogenetic

and heatmap views use color to encode the most relevant quantitative data of antigenic

distance. Previous visualization design research has shown that quantitative data are more

effectively represented by positional encodings (e.g., x- or y-axis positions) whereas nominal

data (e.g., phylogenetic clades) can be effectively encoded with color [Mackinlay, 1986]. In

the phylogenetic view, the two available positional axes are used to represent time and the

unitless phylogenetic position of nodes. Neither of these data are relevant to the user goals

described above. In the titer matrix heatmaps, the two positional axes are used to encode

two nominal data types (reference virus name and clade name).

We reasoned that we could make a more effective visualization that addressed most user

goals by changing the encoding of data in the titer matrix heatmaps. Specifically, we chose

to temporally omit clade names from the visualization and encode the antigenic distances

on the positional x-axis. By encoding antigenic distance on a positional axis, we could

annotate relevant thresholds for antigenic distances, show all available measurements for

each reference virus at once, and display a summary statistic (mean antigenic distance) for

each reference virus. We chose to maintain the encoding of nominal reference virus names

on the y-axis, since most user goals require interrogation of specific antisera. With color

available as an additional channel, we decided to encode the antigenic class of each antigenic

distance with color. We implemented this design as an interactive visualization with the

Altair visualization framework [VanderPlas et al., 2018] at https://cse512-19s.github.

io/A3-Influenza-vaccine/ (Figure 3.7).

This interactive visualization allows users to quickly compare which antisera have more

measurements than others by the presence or absence of circles. By interactively selected

https://cse512-19s.github.io/A3-Influenza-vaccine/
https://cse512-19s.github.io/A3-Influenza-vaccine/


50

Figure 3.7: Antigenic distance (mean log2 titer drop) between test viruses (circles)

by serum reference virus. Colors indicate distances at different actionable thresholds

including measurements with a poor reference titer measurement (gray), measurements above

two log2 units indicating substantial antigenic drift (yellow), and all other measurements

(blue). Black triangles show the mean antigenic distance per serum. Histograms at the top

and right represent the number of sera or test viruses per year, respectively. The interactive

version of the visualization allows users to filter distances reported to a range of years for sera

and test viruses by clicking and dragging across the corresponding histogram. The interactive

visualization provides details on demand when users hover over specific circles including the

name of the test virus, the log2 distance between test and reference viruses, and the log2

autologous distance of the corresponding serum.
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years of test viruses to display, users can filter the display to see the distribution of antigenic

distances (and mean distance) to recent viruses from all selected antisera. The distribution

of antigenic distances identifies which antisera have perform poorly in HI assays (those with

many negative normalized values, shown in gray) and which are antigenically distinct from

most circulating viruses (i.e., poor vaccine candidates).

Despite its strengths, this visualization also has several weaknesses. Distances are not grouped

anywhere by clade, making comparisons between antisera by clade impossible. This missing

information also prevents users from identifying which clades need more titer measurements.

Finally, the alphabetic order of reference viruses on the y-axis wastes an opportunity to

communicate more important information to the user. For example, if users could choose to

sort the reference viruses by their mean antigenic distance or by their number of measurements,

this single visualization could help users more rapidly identify antisera to consider for vaccine

candidates or for additional HI experiments. We anticipate that the inclusion of clade status

in a future implementation (by color or in small multiples) and the default sorting of reference

viruses by mean antigenic distance could address these remaining limitations (for example,

Figure 3.8). The resulting visualization could provide a more effective real-time view of the

same data currently displayed statically in titer matrix heatmaps.
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Figure 3.8: Mockup of an alternative representation of antigenic distances by

clade and antiserum. This encoding of data would allow users to accomplish primary

goals including identifying antisera without many measurements, distance of reference viruses

across clades, and comparison of antigenic distances between clades.
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Chapter 4

INTEGRATING GENOTYPES AND PHENOTYPES
IMPROVES LONG-TERM FORECASTS OF SEASONAL

INFLUENZA A/H3N2 EVOLUTION

This work was originally published in eLife at https://doi.org/10.7554/eLife.60067.

4.1 Introduction

Seasonal influenza virus infects 5–15% of the global population every year causing an estimated

250,000 to 500,000 deaths annually with the majority of infections caused by influenza

A/H3N2 [World Health Organization, 2014]. Vaccination remains the most effective public

health response available. However, frequent viral mutation results in viruses that escape

previously acquired human immunity. The World Health Organization (WHO) Global

Influenza Surveillance and Response System (GISRS) monitors influenza evolution by sampling

currently circulating viruses, or strains, and analyzing these strains with genome sequencing

and serological assays. The WHO GISRS uses these data to select vaccine viruses that should

best represent circulating viruses in the next influenza season. However, because the process

of vaccine development and distribution requires several months to complete, optimal vaccine

design requires an accurate prediction of which viruses will predominate approximately one

year after vaccine viruses are selected.

Historically, the effectiveness of the H3N2 vaccine component has been much lower than the

other seasonal influenza subtypes. For example, H3N2’s mean vaccine effectiveness from

2004–2015 was 33% compared to 61% for H1N1pdm and 54% for influenza B viruses [Belongia

et al., 2016]. Multiple factors can reduce vaccine effectiveness including selection of a vaccine

https://doi.org/10.7554/eLife.60067
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strain that is not antigenically representative of future populations [Belongia et al., 2016,

Gouma et al., 2020] and adaptations of the selected strain to egg-passaging during vaccine

production that alter the antigenicity of the resulting vaccine component [Zost et al., 2017].

Even when vaccine strains are well-matched antigenically, they may fail to induce a strong

immune response due to previous infection history of vaccine recipients [Cobey et al., 2018].

While all of these factors must be addressed to increase vaccine effectiveness, substantial

effort has focused on the selection of the most representative strain for the next season’s

vaccine.

Current vaccine predictions focus on the hemagglutinin (HA) protein, which acts as the

primary target of human immunity. Until recently, the hemagglutination inhibition (HI)

assay has been the primary experimental measure of antigenic cross-reactivity between pairs

of circulating viruses [Hirst, 1943]. Most modern H3N2 strains carry a glycosylation motif

that reduces their binding efficiency in HI assays [Chambers et al., 2015, Zost et al., 2017],

prompting the increased use of virus neutralization assays including the neutralization-based

focus reduction assay (FRA) [Okuno et al., 1990]. Together, these two assays are the

gold standard in virus antigenic characterizations for vaccine strain selection, but they are

laborious and low-throughput compared to genome sequencing [Wood et al., 2012]. As a

result, researchers have developed computational methods to predict influenza evolution from

sequence data alone [ Luksza and Lässig, 2014, Steinbrück et al., 2014, Neher et al., 2014].

Despite the promise of these sequence-only models, they explicitly omit experimental measure-

ments of antigenic or functional phenotypes. Recent developments in computational methods

and influenza virology have made it feasible to integrate these important metrics of influenza

fitness into a single predictive model. For example, phenotypic measurements of antigenic

drift are now accessible through phylogenetic models [Neher et al., 2016] and functional

phenotypes for HA are available from deep mutational scanning (DMS) experiments [Lee

et al., 2018]. We describe an approach to integrate previously disparate sequence-only models

of influenza evolution with high-quality experimental measurements of antigenic drift and
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functional constraint.

The influenza community has long recognized the importance of incorporating HI phenotypes

and other experimental measurements of viral phenotypes with existing forecasting methods

to inform the vaccine design process [Gandon et al., 2016, Morris et al., 2017, Lässig et al.,

2017]. Although several distinct efforts have made progress in using HI phenotypes to

evaluate the evolution of seasonal influenza [Steinbrück et al., 2014, Neher et al., 2016],

published methods stop short of developing a complete forecasting framework wherein the

evolutionary contribution of HI phenotypes can be compared and contrasted with new and

existing fitness metrics. However, unpublished work by  Luksza and Lässig submitted to the

WHO GISRS network incorporates antigenic phenotypes into fitness-based predictions [Morris

et al., 2017,  Luksza, 2020]. Here, we provide an open source framework for forecasting the

genetic composition of future seasonal influenza populations using genotypic and phenotypic

fitness estimates. We apply this framework to HA sequence data shared via the GISAID

EpiFlu database [Shu and McCauley, 2017] and to HI and FRA titer data shared by WHO

GISRS Collaborating Centers in London, Melbourne, Atlanta and Tokyo. We systematically

compare potential predictors and show that HI phenotypes enable more accurate long-term

forecasts of H3N2 populations compared to previous metrics based on epitope mutations

alone. We also find that composite models based on phenotypic measures of antigenic drift

and genotypic measures of functional constraint consistently outperform any fitness models

based on individual genotypic or phenotypic metrics.

4.2 Results

4.2.1 A distance-based model of seasonal influenza evolution

We developed a framework to forecast seasonal influenza evolution inspired by the Malthusian

growth fitness model of  Luksza and Lässig [2014]. As with this original model, we forecasted

the frequencies of viral populations one year in advance by applying to each virus strain

an exponential growth factor scaled by an estimate of the strain’s fitness (Figure 5.2 and
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Figure 4.1: Schematic representation of the fitness model for simulated H3N2-like

populations. The fitness of strains at timepoint t determines the estimated frequency of

strains with similar sequences one year in the future at timepoint u. Genetically similar

strains by amino acid sequence have similar colors (Methods). A) Strains at timepoint t, x(t),

are shown in their phylogenetic context and sized by their frequency at that timepoint. The

estimated future population at timepoint u, x̂(u), is projected to the right with strains scaled

in size by their projected frequency based on the known fitness of each simulated strain. B)

The frequency trajectories of strains at timepoint t to u represent the predicted the growth

of the dark blue strains to the detriment of the pink strains. C) Strains at timepoint u, x(u),

are shown as in panel A. D) The observed frequency trajectories of strains at timepoint u

broadly recapitulate the model’s forecasts while also revealing increased diversity of sequences

at the future timepoint that the model could not anticipate.
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Model Populations Data type Fitness category Originally implemented by

true fitness simulated simulated populations positive control this study

naive simulated, natural HA sequences negative control this study

epitope antigenic novelty simulated, natural HA sequences antigenic drift  Luksza and Lässig [2014]

epitope ancestor simulated, natural HA sequences antigenic drift  Luksza and Lässig [2014]

HI antigenic novelty natural serological assays antigenic drift this study

mutational load simulated, natural HA sequences functional constraint  Luksza and Lässig [2014]

deep mutational scanning (DMS)

mutational effects
natural DMS assays functional constraint Lee et al. [2018]

local branching index (LBI) simulated, natural HA sequences clade growth Neher et al. [2014]

delta frequency simulated, natural HA sequences clade growth this study

Table 4.1: Summary of models used with simulated and natural populations. Mod-

els are labeled by the type of population they were applied to, the type of data they were

based on, and the component of influenza fitness they represent.

Equation 4.1).  Luksza and Lässig [2014] measured model performance by identifying clades

– groups of strains that all share a recent common ancestor – and comparing observed and

estimated future clade frequencies. However, as clade definitions are inherently unstable

between seasons, we evaluated our models by comparing the genetic composition of observed

and estimated future populations with the earth mover’s distance metric. The earth mover’s

distance calculates the minimum distance between two populations, given the frequency of

each individual within a population and a pairwise “ground distance” between individuals

[Rubner et al., 1998]. We defined distinct amino acid haplotypes as individuals in our

observed and estimated future populations. For frequencies of individuals, we used the

observed frequencies of haplotypes in the future and our model’s estimated frequencies.

We calculated the ground distance between individuals as the Hamming distance between

haplotypes. With this implementation, more accurate projections of the future population’s

composition produce smaller earth mover’s distances between the observed and estimated

future (Figure 5.2).
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We estimated viral fitness with biologically-informed metrics including those originally defined

by  Luksza and Lässig [2014] of epitope antigenic novelty and mutational load (non-epitope

mutations) as well as four more recent metrics including hemagglutination inhibition (HI)

antigenic novelty [Neher et al., 2016], deep mutational scanning (DMS) mutational effects

[Lee et al., 2018], local branching index (LBI) [Neher et al., 2014], and change in clade

frequency over time (delta frequency) (Table 4.1). All of these metrics except for HI antigenic

novelty and DMS mutational effects rely only on HA sequences. The antigenic novelty metrics

estimate how antigenically distinct each strain at time t is from previously circulating strains

based on either genetic distance at epitope sites or log2 titer distance from HI measurements.

Increased antigenic drift relative to previously circulating strains is expected to correspond

to increased viral fitness. Mutational load estimates functional constraint by measuring

the number of putatively deleterious mutations that have accumulated in each strain since

their ancestor in the previous season. DMS mutational effects provide a more comprehensive

biophysical model of functional constraint by measuring the beneficial or deleterious effect of

each possible single amino acid mutation in HA from the background of a previous vaccine

strain, A/Perth/16/2009. The growth metrics estimate how successful populations of strains

have been in the last six months based on either rapid branching in the phylogeny (LBI) or

the change in clade frequencies over time (delta frequency).

We fit models for individual fitness metrics and combinations of metrics that we anticipated

would be mutually beneficial. For each model, we learned coefficient(s) that minimized the

earth mover’s distance between HA amino acid sequences from the observed population one

year in the future and the estimated population produced by the fitness model (Equation 4.2).

We evaluated model performance with time-series cross-validation such that better models

reduced the earth mover’s distance to the future on validation or test data (Figures 4.21 and

4.23). The earth mover’s distance to the future can never be zero, because each model makes

predictions based on sequences available at the time of prediction and cannot account for new

mutations that occur during the prediction interval. We calculated the lower bound for each
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model’s performance as the optimal distance to the future possible given the current sequences

at each timepoint. As an additional reference, we evaluated the performance of a “naive”

model that predicted the future population would be identical to the current population. We

expected that the best models would consistently outperform the naive model and perform

as close as possible to the lower bound.

4.2.2 Models accurately forecast evolution of simulated H3N2-like viruses

The long-term evolution of influenza H3N2 hemagglutinin has been previously described

as a balance between positive selection for substitutions that enable escape from adaptive

immunity by modifying existing epitopes and purifying selection on domains that are required

to maintain the protein’s primary functions of binding and membrane fusion [Bush et al.,

1999, Neher, 2013,  Luksza and Lässig, 2014, Koelle and Rasmussen, 2015]. To test the ability

of our models to accurately detect these evolutionary patterns under controlled conditions, we

simulated the long-term evolution of H3N2-like viruses under positive and purifying selection

for 40 years (Methods, Figure 4.21). These selective constraints produced phylogenetic

structures and accumulation of epitope and non-epitope mutations that were consistent with

phylogenies of natural H3N2 HA (Figure 4.22, Tables 4.4 and 4.5). We fit models to these

simulated populations using all sequence-only fitness metrics. As a positive control for our

model framework, we also fit a model based on the true fitness of each strain as measured by

the simulator.

We hypothesized that fitness metrics associated with viral success such as true fitness,

epitope antigenic novelty, LBI, and delta frequency would be assigned positive coefficients,

while metrics associated with fitness penalties, like mutational load, would receive negative

coefficients. We reasoned that both LBI and delta frequency would individually outperform the

mechanistic metrics as both of these growth metrics estimate recent clade success regardless

of the mechanistic basis for that success. Correspondingly, we expected that a composite

model of epitope antigenic novelty and mutational load would perform as well as or better
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Figure 4.2: Simulated population model coefficients and distances between pro-

jected and observed future populations as measured in amino acids (AAs). A)

Coefficients are shown per validation timepoint (solid circles, N=33) with the mean ± stan-

dard deviation in the top-left corner. For model testing, coefficients were fixed to their mean

values from training/validation and applied to out-of-sample test data (open circles, N=18).

B) Distances between projected and observed populations are shown per validation timepoint

(solid black circles) or test timepoint (open black circles). The mean ± standard deviation of

distances per validation timepoint are shown in the top-left of each panel. Corresponding

values per test timepoint are in the top-right. The naive model’s distances to the future

for validation and test timepoints (light gray) were 8.97 ± 1.35 AAs and 9.07 ± 1.70 AAs,

respectively. The corresponding lower bounds on the estimated distance to the future (dark

gray) were 4.57 ± 0.61 AAs and 4.85 ± 0.82 AAs.
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than the growth metrics, as this model would include both primary fitness constraints acting

on our simulated populations.

As expected, the true fitness model outperformed all other models, estimating a future

population within 6.82 ± 1.52 amino acids (AAs) of the observed future and surpassing

the naive model in 32 (97%) of 33 timepoints (Figure 4.2, Table 4.2). Although the true

fitness model performed better than the naive model’s average distance of 8.97 ± 1.35

AAs, it did not reach the closest possible distance between populations of 4.57 ± 0.61 AAs.

With the exception of epitope antigenic novelty, all biologically-informed models consistently

outperformed the naive model (Figure 4.3, Table 4.2). LBI was the best of these models,

with a distance to the future of 7.57 ± 1.85 AAs. This result is consistent with the fact

that the LBI is a correlate of fitness in models of rapidly adapting populations [Neher et al.,

2014]. Indeed, both growth-based models received positive coefficients and outperformed the

mechanistic models. The mutational load metric received a consistently negative coefficient

with an average distance of 8.27 ± 1.35 AAs.

Surprisingly, the composite model of epitope antigenic novelty and mutational load did not

perform better than the individual mutational load model (Figure 4.4). The antigenic novelty

fitness metric assumes that antigenic drift is driven by nonlinear effects of previous host

exposure [ Luksza and Lässig, 2014] that are not explicitly present in our simulations. To

understand whether positive selection at epitope sites might be better represented by a linear

model, we fit an additional model based on an “epitope ancestor” metric that counted the

number of epitope mutations since each strain’s ancestor in the previous season. This linear

fitness metric slightly outperformed the antigenic novelty metric (Table 4.2). Importantly, a

composite model of the epitope ancestor and mutational load metrics outperformed all other

epitope-based models and the individual mutational load model (Figure 4.4). From these

results, we concluded that our method can accurately estimate the evolution of simulated

populations, but that the fitness of simulated strains was dominated by purifying selection

and only weakly affected by a linear effect of positive selection at epitope sites.



62

Distance to future (AAs) Model > naive

Model Coefficients Validation Test Validation Test

true fitness 9.37 +/- 0.92 6.82 +/- 1.52* 7.38 +/- 1.89* 32 (97%) 16 (89%)

LBI 1.31 +/- 0.33 7.24 +/- 1.66* 7.10 +/- 1.19* 32 (97%) 18 (100%)

+ mutational load -1.77 +/- 0.49

LBI 2.26 +/- 1.06 7.57 +/- 1.85* 7.51 +/- 1.20* 29 (88%) 17 (94%)

delta frequency 1.46 +/- 0.44 8.13 +/- 1.44* 8.65 +/- 1.99* 26 (79%) 13 (72%)

epitope ancestor 0.35 +/- 0.07 8.20 +/- 1.39* 8.17 +/- 1.52* 29 (88%) 17 (94%)

+ mutational load -1.57 +/- 0.13

mutational load -1.49 +/- 0.12 8.27 +/- 1.35* 8.20 +/- 1.50* 29 (88%) 17 (94%)

epitope antigenic novelty 0.03 +/- 0.19 8.33 +/- 1.35* 8.22 +/- 1.51* 28 (85%) 17 (94%)

+ mutational load -1.38 +/- 0.39

epitope ancestor 0.14 +/- 0.11 8.96 +/- 1.35 9.03 +/- 1.68* 20 (61%) 13 (72%)

naive 0.00 +/- 0.00 8.97 +/- 1.35 9.07 +/- 1.70 0 (0%) 0 (0%)

epitope antigenic novelty -0.03 +/- 0.19 9.03 +/- 1.37 9.07 +/- 1.69 14 (42%) 7 (39%)

Table 4.2: Simulated population model coefficients and performance on validation

and test data ordered from best to worst by distance to the future in the valida-

tion analysis. Coefficients are the mean± standard deviation for each metric in a given model

across 33 training windows. Distance to the future (mean ± standard deviation) measures the

distance in amino acids between estimated and observed future populations. Distances anno-

tated with asterisks (*) were significantly closer to the future than the naive model as measured

by bootstrap tests (see Methods and Figure 4.24). The number of times (and percentage of

total times) each model outperformed the naive model measures the benefit of each model over

a model than estimates no change between current and future populations. Test results are

based on 18 timepoints not observed during model training and validation. Source data are

available at https://github.com/blab/flu-forecasting/blob/published/manuscript/

Table_2-source_data_1.csv and https://github.com/blab/flu-forecasting/blob/

published/manuscript/Table_2-source_data_2.csv.

https://github.com/blab/flu-forecasting/blob/published/manuscript/Table_2-source_data_1.csv
https://github.com/blab/flu-forecasting/blob/published/manuscript/Table_2-source_data_1.csv
https://github.com/blab/flu-forecasting/blob/published/manuscript/Table_2-source_data_2.csv
https://github.com/blab/flu-forecasting/blob/published/manuscript/Table_2-source_data_2.csv
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Figure 4.3: Simulated population model coefficients and distances to the future

for individual biologically-informed fitness metrics and the best composite model.

A) Coefficients and B) distances are shown per validation and test timepoint as in Figure 4.2.
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Figure 4.4: Composite model coefficients and distances to the future for models

fit to simulated populations. A) Coefficients and B) distances are shown per validation

timepoint and test timepoint as in Figure 4.2.
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We hypothesized that a composite model of mutually beneficial metrics could better ap-

proximate the true fitness of simulated viruses than models based on individual metrics.

To this end, we fit an additional model including the best metrics from the mechanistic

and clade growth categories: mutational load and LBI. This composite model outperformed

both of its corresponding individual metric models with an average distance to the future

of 7.24 ± 1.66 AAs and outperformed the naive model as often as the true fitness metric

(Figure 4.3, Table 4.2, Table 4.6). The coefficients for mutational load and LBI remained

relatively consistent across all validation timepoints, indicating that these fitness metrics were

stable approximations of the simulator’s underlying evolutionary processes. This small gain

supports our hypothesis that multiple complementary metrics can produce more accurate

models.

We validated the best performing model (true fitness) using two metrics that are relevant

for practical influenza forecasting and vaccine design efforts. First, we measured the ability

of the true fitness model to accurately estimate dynamics of large clades (initial frequency

> 15%) by comparing observed fold change in clade frequencies, log10
x(t+∆t)

x(t)
and estimated

fold change, log10
x̂(t+∆t)

x(t)
. The model’s estimated fold changes correlated well with observed

fold changes (Pearson’s R2 = 0.52, Figure 4.5A). The model also accurately predicted the

growth of 87% of growing clades and the decline of 58% of declining clades. Model forecasts

were increasingly more accurate with increasing initial clade frequencies (Figure 4.5C). Next,

we counted how often the estimated closest strain to the future population at any given

timepoint ranked among the observed top closest strains to the future. We calculated the

distance of each present strain to the future as the Hamming distance between the given

strain’s amino acid sequence and each future strain weighted by the future strain’s observed

or estimated frequency (Equations 4.3 and 4.4). The estimated closest strain was in the top

first percentile of observed closest strains for half of the validation timepoints and in the top

20th percentile for 100% of timepoints (Figure 4.5B). Percentile ranks per strain based on

their observed and estimated distances to the future correlated strongly across all strains and
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Figure 4.5: Validation of best model for simulated populations of H3N2-like viruses

for 33 timepoints (closed circles in Figure 4.21). A) The correlation of estimated and

observed clade frequency fold changes shows the model’s ability to capture clade-level dynamics

without explicitly optimizing for clade frequency targets. B) The rank of the estimated closest

strain based on its distance to the future for 33 timepoints.



67

Figure 4.5: (continued) C) Absolute forecast error for clades shown in A by their initial

frequency with a mean LOESS fit (solid black line) and 95% confidence intervals (gray

shading) based on 100 bootstraps. D) The correlation of all strains at all timepoints by the

percentile rank of their observed and estimated distances to the future. The corresponding

results for the naive model are shown in Figure 4.6.

timepoints (Spearman’s ρ2 = 0.87, Figure 4.5D). In contrast, the naive model’s forecasts of

clade frequencies were considerably less accurate (Figure 4.6C). However, the naive model’s

estimated closest strains to the future were consistently in the top fifth percentile of observed

distances to the future and the correlation of its estimated percentile ranks and the observed

ranks was strong (Spearman’s ρ2 = 0.78, Figure 4.6B and D). These results suggested that

estimating a single closest strain to the future is a more tractable problem than estimating

the future frequencies of clades.

Finally, we tested all of our models on out-of-sample data. Specifically, we fixed the coefficients

of each model to the average values across the validation period and applied the resulting

models to the next 9 years of previously unobserved simulated data. A standard expectation

from machine learning is that models will perform worse on test data due to overfitting to

training data. Despite this expectation, we found that all models except for the individual

epitope mutation models consistently outperformed the naive model across the out-of-sample

data (Figure 4.2, Figure 4.3, Figure 4.4, Table 4.2). The composite model of mutational

load and LBI appeared to outperform the true fitness metric with average distance to the

future of 7.10 ± 1.19 compared to 7.38 ± 1.89, respectively. However, we did not find a

significant difference between these models by bootstrap testing (Table 4.6) and could not

rule out fluctuations in model performance across a relatively small number of data points.

As with our validation dataset, we tested the true fitness model’s ability to recapitulate

clade dynamics and select optimal individual strains from the test data. While observed
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Figure 4.6: Validation of naive model for simulated populations of H3N2-like

viruses for 33 timepoints. These timepoints correspond to the closed circles in Figure 4.21.

Note that the naive model sets future frequencies to current frequencies such that there is no

estimated fold change in frequencies for the first panel.
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Figure 4.7: Test of best model for simulated populations (true fitness) using 9 years

(18 timepoints) of previously unobserved test data and fixed model coefficients

(open circles in Figure 4.21). A) The correlation of log estimated and observed clade

frequency fold change. B) The rank of the estimated closest strain based on its distance to

the future in the best model was in the top 20th percentile for 89% of 18 timepoints.
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Figure 4.7: (continued) C) Absolute forecast error for clades shown in A by their initial

frequency with a mean LOESS fit (solid black line) and 95% confidence intervals (gray

shading) based on 100 bootstraps. D) The correlation of all strains at all timepoints by the

percentile rank of their observed and estimated distances to the future. The corresponding

results for the naive model are shown in Figure 4.8.

and estimated clade frequency fold changes correlated more weakly for test data (Pearson’s

R2 = 0.14), the accuracies of clade growth and decline predictions remained similar at 82%

and 53%, respectively (Figure 4.7A). We observed higher absolute forecast errors in the test

data with higher errors for clades between 40% and 60% initial frequencies (Figure 4.7C). The

estimated closest strain was higher than the top first percentile of observed closest strains for

half of the test timepoints and in the top 20th percentile for 16 (89%) of 18 of timepoints

(Figure 4.7B). Observed and estimated strain ranks remained strongly correlated across all

strains and timepoints (Spearman’s ρ2 = 0.80, Figure 4.7D). The naive model performed

comparatively well on these test data with all its estimated closest strains to the future in

the top 20th percentile and a slightly higher correlation between observed and estimated

percentile ranks than the true fitness model (Spearman’s ρ2 = 0.82, Figure 4.8). These

results confirmed that our approach of minimizing the distance between yearly populations

could simultaneously capture clade-level dynamics of simulated influenza populations and

identify individual strains that are most representative of future populations. However, they

also supported the earlier finding that clade frequency forecasts may be inherently more

challenging than identification of the closest strain to the future.

4.2.3 Models reflect historical patterns of H3N2 evolution

Next, we trained and validated models for individual fitness predictors using 25 years of

natural H3N2 populations spanning from October 1, 1990 to October 1, 2015. We held
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Figure 4.8: Test of naive model for simulated populations of H3N2-like viruses for

18 timepoints. These timepoints correspond to the open circles in Figure 4.21. Note that

the naive model sets future frequencies to current frequencies such that there is no estimated

fold change in frequencies for the first panel.
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Distance to future (AAs) Model > naive

Model Coefficients Validation Test Validation Test

mutational load -0.68 +/- 0.34 5.44 +/- 1.80* 7.70 +/- 3.53 18 (78%) 4 (50%)

+ LBI 1.03 +/- 0.40

LBI 1.12 +/- 0.51 5.68 +/- 1.91* 8.40 +/- 3.97 17 (74%) 2 (25%)

HI antigenic novelty 0.89 +/- 0.23 5.82 +/- 1.50* 5.97 +/- 1.47* 17 (74%) 6 (75%)

+ mutational load -1.01 +/- 0.42

HI antigenic novelty 0.90 +/- 0.23 5.84 +/- 1.51* 5.99 +/- 1.46* 16 (70%) 6 (75%)

+ mutational load -1.00 +/- 0.44

+ LBI -0.04 +/- 0.09

HI antigenic novelty 0.83 +/- 0.20 6.01 +/- 1.50* 6.21 +/- 1.44* 16 (70%) 7 (88%)

delta frequency 0.79 +/- 0.47 6.13 +/- 1.71* 6.90 +/- 2.30 16 (70%) 5 (62%)

mutational load -0.99 +/- 0.30 6.14 +/- 1.37* 6.53 +/- 1.39 17 (74%) 6 (75%)

naive 0.00 +/- 0.00 6.40 +/- 1.36 6.82 +/- 1.74 0 (0%) 0 (0%)

DMS mutational effects 1.25 +/- 0.84 6.75 +/- 1.95 7.80 +/- 2.97 11 (48%) 4 (50%)

epitope antigenic novelty 0.52 +/- 0.73 7.13 +/- 1.47 6.70 +/- 1.51 7 (30%) 5 (62%)

Table 4.3: Natural population model coefficients and performance on validation

and test data ordered from best to worst by distance to the future in the valida-

tion analysis, as in Table 4.2. Distances annotated with asterisks (*) were significantly

closer to the future than the naive model as measured by bootstrap tests (see Methods

and Figure 4.25). Validation results are based on 23 timepoints. Test results are based

on eight timepoints not observed during model training and validation. Source data are

available at https://github.com/blab/flu-forecasting/blob/published/manuscript/

Table_7-source_data_1.csv and https://github.com/blab/flu-forecasting/blob/

published/manuscript/Table_7-source_data_2.csv.

https://github.com/blab/flu-forecasting/blob/published/manuscript/Table_7-source_data_1.csv
https://github.com/blab/flu-forecasting/blob/published/manuscript/Table_7-source_data_1.csv
https://github.com/blab/flu-forecasting/blob/published/manuscript/Table_7-source_data_2.csv
https://github.com/blab/flu-forecasting/blob/published/manuscript/Table_7-source_data_2.csv
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out strains collected after October 1, 2015 up through October 1, 2019 for model testing

(Figure 4.23). In addition to the sequence-only models we tested on simulated populations,

we also fit models for our new fitness metrics based on experimental phenotypes including

HI antigenic novelty and DMS mutational effects. We hypothesized that both HI and DMS

metrics would be assigned positive coefficients, as they estimate increased antigenic drift

and beneficial mutations, respectively. As antigenic drift is generally considered to be the

primary evolutionary pressure on natural H3N2 populations [Smith et al., 2004, Bedford et al.,

2014,  Luksza and Lässig, 2014], we expected that epitope and HI antigenic novelty would

be individually more predictive than mutational load or DMS mutational effects. Previous

research [Neher et al., 2014] and our simulation results also led us to expect that LBI and

delta frequency would outperform other individual mechanistic metrics. As the earliest

measurements from focus reduction assays (FRAs) date back to 2012, we could not train,

validate, and test FRA antigenic novelty models in parallel with the HI antigenic novelty

models.

Biologically-informed metrics generally performed better than the naive model with the

exceptions of the epitope antigenic novelty and DMS mutational effects (Figure 4.9 and

Table 4.3). The naive model estimated an average distance between natural H3N2 populations

of 6.40 ± 1.36 AAs. The lower bound for how well any model could perform, 2.60 ± 0.89

AAs, was considerably lower than the corresponding bounds for simulated populations. The

average improvement of the sequence-only models over the naive model was consistently

lower than the same models in simulated populations. This reduced performance may have

been caused by both the relatively reduced diversity between years in natural populations

and the fact that our simple models do not capture all drivers of evolution in natural H3N2

populations.

Of the two metrics for antigenic drift, HI antigenic novelty consistently outperformed epitope

antigenic novelty (Table 4.3). HI antigenic novelty estimated an average distance to the

future of 6.01 ± 1.50 AAs and outperformed the naive model at 16 of 23 timepoints (70%).



74

3
6
9

12
15

D
is

ta
nc

e 
to

fu
tu

re
 (A

A
s)

validation: 7.13 +/- 1.47 test: 6.70 +/- 1.51

2.5

0.0

2.5

C
oe

ffi
ci

en
t

epitope antigenic novelty: 0.52 +/- 0.73

3
6
9

12
15

D
is

ta
nc

e 
to

fu
tu

re
 (A

A
s)

validation: 6.01 +/- 1.50 test: 6.21 +/- 1.44

2.5

0.0

2.5

C
oe

ffi
ci

en
t

HI antigenic novelty: 0.83 +/- 0.20

3
6
9

12
15

D
is

ta
nc

e 
to

fu
tu

re
 (A

A
s)

validation: 6.14 +/- 1.37 test: 6.53 +/- 1.39

2.5

0.0

2.5

C
oe

ffi
ci

en
t

mutational load: -0.99 +/- 0.30

3
6
9

12
15

D
is

ta
nc

e 
to

fu
tu

re
 (A

A
s)

validation: 6.75 +/- 1.95 test: 7.80 +/- 2.97

2.5

0.0

2.5

C
oe

ffi
ci

en
t

DMS mutational effects: 1.25 +/- 0.84

3
6
9

12
15

D
is

ta
nc

e 
to

fu
tu

re
 (A

A
s)

validation: 5.68 +/- 1.91 test: 8.40 +/- 3.97

2.5

0.0

2.5

C
oe

ffi
ci

en
t

LBI: 1.12 +/- 0.51

2004 2007 2010 2013 2016 2019
Date

3
6
9

12
15

D
is

ta
nc

e 
to

fu
tu

re
 (A

A
s)

validation: 6.13 +/- 1.71 test: 6.90 +/- 2.30

2004 2007 2010 2013 2016 2019
Date

2.5

0.0

2.5

C
oe

ffi
ci

en
t

delta frequency: 0.79 +/- 0.47

A B

Figure 4.9: Natural population model coefficients and distances to the future for

individual biologically-informed fitness metrics. A) Coefficients and B) distances are

shown per validation timepoint (N=23) and test timepoint (N=8) as in Figure 4.2. The naive

model’s distance to the future (light gray) was 6.40 ± 1.36 AAs for validation timepoints

and 6.82 ± 1.74 AAs for test timepoints. The corresponding lower bounds on the estimated

distance to the future (dark gray) were 2.60 ± 0.89 AAs and 2.28 ± 0.61 AAs.



75

The coefficient for HI antigenic novelty remained stable across all timepoints (Figure 4.9).

In contrast, epitope antigenic novelty estimated a distance of 7.13 ± 1.47 AAs and only

outperformed the naive model at seven timepoints (30%). Epitope antigenic novelty was also

the only metric whose coefficient started at a positive value (1.17 ± 0.03 on average prior

to October 2009) and transitioned to a negative value through the validation period (-0.19

± 0.34 on average for October 2009 and after). This strong coefficient for the first half of

training windows indicated that, unlike the results for simulated populations, the nonlinear

antigenic novelty metric was historically an effective measure of antigenic drift. The historical

importance of the epitope sites used for this metric was further supported by the relative

enrichment of mutations at these sites for the most successful “trunk” lineages of natural

populations compared to side branch lineages (Table 4.5).

These results led us to hypothesize that the contribution of these specific epitope sites to

antigenic drift has weakened over time. Importantly, these 49 epitope sites were originally

selected by  Luksza and Lässig [2014] from a previous historical survey of sites with beneficial

mutations between 1968–2005 [Shih et al., 2007]. If the beneficial effects of mutations at

these sites were due to historical contingency rather than a constant contribution to antigenic

drift, we would expect models based on these sites to perform well until 2005 and then overfit

relative to future data. Indeed, the epitope antigenic novelty model outperforms the naive

model for the first three validation timepoints until it has to predict to April 2006. To test

this hypothesis, we identified a new set of beneficial sites across our entire validation period

of October 1990 through October 2015. Inspired by the original approach of Shih et al. [2007],

we identified 25 sites in HA1 where mutations rapidly swept through the global population,

including 12 that were also present in the original set of 49 sites. We fit an antigenic novelty

model to these 25 sites across the complete validation period and dubbed this the “oracle

antigenic novelty” model, as it benefited from knowledge of the future in its forecasts. The

oracle model produced a consistently positive coefficient across all training windows (0.80 ±

0.21) and consistently outperformed the original epitope model with an average distance to
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Figure 4.10: Comparison of epitope-based models with knowledge of the future.

Model coefficients and distances to the future for antigenic novelty models fit to natural

populations. A) Coefficients and B) distances are shown per validation timepoint and test

timepoint as in Figure 4.2. The epitope antigenic novelty model relies on previously published

epitope sites [ Luksza and Lässig, 2014]. The “oracle” antigenic novelty model relies on sites

of beneficial mutations that were manually identified from the entire training and validation

time period (Methods). The improved performance of the “oracle” model indicates that the

sequence-based antigenic novelty metric can be effective when sites of beneficial mutations

are known prior to forecasting.
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the future of 5.71 ± 1.27 AAs (Figure 4.10). These results support our hypothesis that the

fitness benefit of mutations at the original 49 sites was due to historical contingency and that

the success of previous epitope models based on these sites was partly due to “borrowing

from the future”. We suspect that our HI antigenic novelty model benefits from its ability to

constantly update its antigenic model at each timepoint with recent experimental phenotypes,

while the epitope antigenic novelty metric is forced to give a constant weight to the same 49

sites throughout time.

Of the two metrics for functional constraint, mutational load outperformed DMS mutational

effects, with an average distance to the future of 6.14 ± 1.37 AAs compared to 6.75 ± 1.95

AAs, respectively. In contrast to the original  Luksza and Lässig [2014] model, where the

coefficient of the mutational load metric was fixed at -0.5, our model learned a consistently

stronger coefficient of -0.99 ± 0.30. Notably, the best performance of the DMS mutational

effects model was forecasting from April 2007 to April 2008 when the major clade containing

A/Perth/16/2009 was first emerging. This result is consistent with the DMS model overfitting

to the evolutionary history of the background strain used to perform the DMS experiments.

Alternate implementations of less background-dependent DMS metrics never performed better

than the mutational load metric (Table 4.7, Methods). Thus, we find that a simple model

where any mutation at non-epitope sites is deleterious is more predictive of global viral success

than a more comprehensive biophysical model based on measured mutational effects of a

single strain.

LBI was the best individual metric by average distance to the future (Figure 4.9) and tied

mutational load by outperforming the naive model at 17 (74%) timepoints (Table 4.3).

Delta frequency performed worse than LBI and HI antigenic novelty and was comparable

to mutational load. While delta frequency should, in principle, measure the same aspect of

viral fitness as LBI, these results show that the current implementations of these metrics

represent qualitatively different fitness components. The LBI and mutational load might also

be predictive for reasons other than correlation with fitness, see Discussion.
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Figure 4.11: Natural population model coefficients and distances to the future for

composite fitness metrics. A) Coefficients and B) distances are shown per validation

timepoint (N=23) and test timepoint (N=8) as in Figure 4.2.
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To test whether composite models could outperform individual fitness metrics for natural

populations, we fit models based on combinations of best individual metrics representing

antigenic drift, functional constraint, and clade growth. Specifically, we fit models based on

HI antigenic novelty and mutational load, mutational load and LBI, and all three of these

metrics together. We anticipated that if these metrics all represented distinct, mutually

beneficial components of viral fitness, these composite models should perform better than

individual models with consistent coefficients for each metric.

Both two-metric composite models modestly outperformed their corresponding individual

models (Table 4.3, Figure 4.11, and Table 4.6). The composite of mutational load and

LBI performed the best overall with an average distance to the future of 5.44 ± 1.80 AAs.

The relative stability of the coefficients for the metrics in the two-metric models suggested

that these metrics represented complementary components of viral fitness. In contrast, the

three-metric model strongly preferred the HI antigenic novelty and mutational load metrics

over LBI for the entire validation period, producing an average LBI coefficient of -0.04 ±

0.09. Overall, the gain by combining multiple predictors was limited and the sensitivity of

coefficients to the set of metrics included in the model suggests that there is substantial

overlap in predictive value of different metrics.

As with the simulated populations, we validated the performance of the best model for

natural populations using estimated and observed clade frequency fold changes and the

ranking of estimated closest strains compared to the observed closest strains to future

populations. The composite model of mutational load and LBI effectively captured clade

dynamics with a fold change correlation of R2 = 0.35 and growth and decline accuracies of

87% and 89%, respectively (Figure 4.12A). Absolute forecasting error declined noticeably

for clades with initial frequencies above 60%, but generally this error remained below 20%

on average (Figure 4.12C). The estimated closest strain from this model was in the top first

percentile of observed closest strains for half of the validation timepoints and in the top

20th percentile for 20 (87%) of 23 timepoints (Figure 4.12B). This pattern held across all



80

strains and timepoints with a strong correlation between observed and estimated strain ranks

(Spearman’s ρ2 = 0.66, Figure 4.12D). The naive model’s performance repeated the pattern

we observed with simulated populations: it made poor forecasts of absolute clade frequencies,

but its estimated closest strains to the future were consistently highly ranked among the

observed closest strains (Figure 4.13B and C).

Finally, we tested the performance of all models on out-of-sample data collected from October

1, 2015 through October 1, 2019. We anticipated that most models would perform worse on

truly out-of-sample data than on validation data. Correspondingly, only the three models

with the HI antigenic novelty metric significantly outperformed the naive model on the test

data (Table 4.3). The composite of HI antigenic novelty and mutational load performed

modestly, although not significantly, better than the individual HI antigenic novelty model

(Table 4.6). Surprisingly, the best model for the validation data – mutational load and LBI

– was one of the worst models for the test data with an average distance to the future of

7.70 ± 3.53 AAs. The individual LBI model was the worst model, while mutational load

continued to perform well with test data. LBI performed especially poorly in the last two

test timepoints of April and October 2018 (Figure 4.9). These timepoints correspond to the

dominance and sudden decline of a reassortant clade named A2/re [Potter et al., 2019]. By

April 2018, the A2/re clade had risen to a global frequency over 50% from less than 15% the

previous year, despite an absence of antigenic drift. By October 2018, this clade had declined

in frequency to approximately 30% and, by October 2019, it had gone extinct. That LBI

incorrectly predicted the success of this reassortant clade highlights a major limitation of

growth-based fitness metrics and a corresponding benefit of more mechanistic metrics that

explicitly measure antigenic drift and functional constraint. However, we cannot rule out the

alternate possibility that the LBI model was overfit to the training data.

After identifying the composite HI antigenic novelty and mutational load model as the best

model on out-of-sample data, we tested this model’s ability to detect clade dynamics and

select individual closest strains to the future for vaccine composition. The composite model
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Figure 4.12: Validation of best model for natural populations of H3N2 viruses

for 23 timepoints (closed circles in Figure 4.23) using the composite model of

mutational load and LBI. A) The correlation of estimated and observed clade frequency

fold changes shows the model’s ability to capture clade-level dynamics without explicitly

optimizing for clade frequency targets. B) The rank of the estimated closest strain based on

its distance to the future for 23 timepoints.
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Figure 4.12: (continued) C) Absolute forecast error for clades shown in A by their initial

frequency with a mean LOESS fit (solid black line) and 95% confidence intervals (gray

shading) based on 100 bootstraps. D) The correlation of all strains at all timepoints by the

percentile rank of their observed and estimated distances to the future. The corresponding

results for the naive model are shown in Figure 4.13.

partially captured clade dynamics with a Pearson’s correlation of R2 = 0.46 between observed

and estimated growth ratios and growth and decline accuracies of 52% and 58%, respectively

(Figure 4.14A). The mean absolute forecasting error with this model was consistently less

than 20%, regardless of the initial clade frequency (Figure 4.14C). The estimated closest

strain from this model was in the top first percentile of observed closest strains for half of the

validation timepoints and in the top 20th percentile for 100% of timepoints (Figure 4.14B).

Similarly, the observed and estimated strain ranks strongly correlated (Spearman’s ρ2 = 0.72)

across all strains and test timepoints (Figure 4.14D). The estimated strain ranks of the naive

model were not as well correlated (Spearman’s ρ2 = 0.56), but seven of its eight estimates

for the closest strain to the future (88%) were in the top fifth percentile of observed closest

strains (Figure 4.15B and D).

We further evaluated our models’ ability to estimate the closest strain to the next season’s

H3N2 population by comparing our best models’ selections to the WHO’s vaccine strain

selection. For each season when the WHO selected a new vaccine strain and one year of future

data existed in our validation or test periods, we measured the observed distance of that

strain’s sequence to the future and the corresponding distances to the future for the observed

closest strains (Equation 4.3). We compared these distances to those of the closest strains to

the future as estimated by our best models for the validation period (mutational load and

LBI) and the test period (HI antigenic novelty and mutational load) using Equation 4.4. The

observed closest strain to the future represents the centroid of the observed future population,
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Figure 4.13: Validation of naive model for natural populations of H3N2 viruses for

23 timepoints. These timepoints correspond to the closed circles in Figure 4.23. Note that

the naive model sets future frequencies to current frequencies such that there is no estimated

fold change in frequencies for the first panel.
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Figure 4.14: Test of best model for natural populations of H3N2 viruses (HI

antigenic novelty and mutational load) across eight timepoints (open circles in

Figure 4.23). A) The correlation of estimated and observed clade frequency fold changes

shows the model’s ability to capture clade-level dynamics without explicitly optimizing for

clade frequency targets. B) The rank of the estimated closest strain based on its distance to

the future for eight timepoints.
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Figure 4.14: (continued) C) Absolute forecast error for clades shown in A by their initial

frequency with a mean LOESS fit (solid black line) and 95% confidence intervals (gray

shading) based on 100 bootstraps. D) The correlation of all strains at all timepoints by the

percentile rank of their observed and estimated distances to the future. The corresponding

results for the naive model are shown in Figure 4.15.

while the estimated closest strains are the models’ predictions of that future population’s

centroid. The mutational load and LBI model selected strains that were as close or closer to

the future than the corresponding vaccine strain for 10 (83%) of the 12 seasons with vaccine

updates (Figure 4.16). On average, the strains selected by this model were closer to future

than the vaccine strain by 1.93 AAs (Figure 4.17). For the two seasons that the model selected

more distant strains than the vaccine strain, the mean distance relative to the vaccine strain

was 1.58 AAs. The HI antigenic novelty and mutational load model performed similarly

by identifying strains as close or closer to the future for 11 (92%) seasons with an average

improvement over the vaccine strains of 2.33 AAs. For the one season that the model selected

a more distant strain, that selected strain was 0.75 AAs farther from the future than the

vaccine strain. Interestingly, the strains selected by the naive model were always better than

the selected vaccine strain. Since the naive model predicts that the future will be identical to

the present, these strains represent the centroid of each current population. With an average

improvement over the vaccine strains of 2.19 AAs, the naive model performed consistently

better than the LBI-based model and nearly as well as the HI-based model. These results

were consistent with our earlier observations that the naive model often performs as well as

biologically-informed models when estimating a single closest strain to the future.
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Figure 4.15: Test of naive model for natural populations of H3N2 viruses for eight

timepoints. These timepoints correspond to the open circles in Figure 4.23. Note that the

naive model sets future frequencies to current frequencies such that there is no estimated fold

change in frequencies for the first panel.
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Figure 4.16: Observed distance to natural H3N2 populations one year into the

future for each vaccine strain (green) and the observed (blue) and estimated

closest strains to the future by the mutational load and LBI model (orange), the

HI antigenic novelty and mutational load model (purple), and the naive model

(black). Vaccine strains were assigned to the validation or test timepoint closest to the

date they were selected by the WHO. The weighted distance to the future for each strain

was calculated from their amino acid sequences and the frequencies and sequences of the

corresponding population one year in the future. Vaccine strain names are abbreviated from

A/Fujian/411/2002, A/Wellington/1/2004, A/California/7/2004, A/Wisconsin/67/2005,

A/Brisbane/10/2007, A/Perth/16/2009, A/Victoria/361/2011, A/Texas/50/2012,

A/Switzerland/9715293/2013, A/HongKong/4801/2014, A/Singapore/Infimh-16-0019/2016,

and A/Switzerland/8060/2017. Source data are available at https://github.com/blab/

flu-forecasting/blob/published/manuscript/Figure_8-source_data_1.csv.

https://github.com/blab/flu-forecasting/blob/published/manuscript/Figure_8-source_data_1.csv
https://github.com/blab/flu-forecasting/blob/published/manuscript/Figure_8-source_data_1.csv
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Figure 4.17: Relative distance to future H3N2 populations between vaccine strains

and corresponding observed and estimated closest strains at each timepoint as

in Figure 4.16. Strains with relative distances greater than zero were farther from the

future than the selected vaccine strain, while strains below zero were closer to the fu-

ture. Source data are available at https://github.com/blab/flu-forecasting/blob/

published/manuscript/Figure_8-source_data_1.csv.

https://github.com/blab/flu-forecasting/blob/published/manuscript/Figure_8-source_data_1.csv
https://github.com/blab/flu-forecasting/blob/published/manuscript/Figure_8-source_data_1.csv
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4.2.4 Historically-trained models enable real-time, actionable forecasts

To enable real-time forecasts, we integrated our forecasting framework into our existing open

source pathogen surveillance application, Nextstrain [Hadfield et al., 2018]. Prior to finalizing

our model coefficients for use in Nextstrain, we tested whether our three best composite

models could be improved by learning new coefficients per timepoint from the test data.

Additionally, we evaluated a composite of FRA antigenic novelty and mutational load. Since

the earliest FRA data were from 2012, we anticipated that there were enough measurements

to fit a model across the test data time interval. If modern H3N2 strains continue to perform

poorly in HI assays, the FRA-based assay will be critical for future forecasting efforts.

Two of three models performed worse after refitting coefficients to the test data than their

original fixed coefficient implementations (Figure 4.18). While, the mutational load and LBI

model improved considerably over its original performance, it still performed worse than

the naive model on average. These results confirmed that the coefficients for our selected

best model would be most accurate for live forecasts. Interestingly, the FRA antigenic

novelty metric received a consistently positive coefficient of 1.40 ± 0.24 in its composite

with mutational load. Unfortunately, this model performed considerably worse than the

corresponding HI-based model. These results suggest that we may need more FRA data

across a longer historical timespan to train a model that could replace the HI-based model.

After confirming the coefficients for our best model of HI antigenic novelty and mutational

load, we inspected forecasts of H3N2 clades using all data available up through June 6, 2020.

Consistent with an average two-month lag between data collection and submission, the most

recent data were collected up to April 1, 2020 and made our forecasts from this timepoint to

April 1, 2021. Of the five major currently circulating clades, our model predicted growth of

the clades 3c3.A and A1b/94N and decline of clades A1b/135K, A1b/137F, and A1b/197R

(Figure 4.19). To aid with identification of potential vaccine candidates for the next season,

we annotated strains in the phylogeny by their estimated distance to the future based on our

best model (Figure 4.20).
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Figure 4.18: Composite models fit to most recent data from natural populations.

Model coefficients and distances to the future for best composite models and a FRA-based

composite fit to recent data from natural populations as in Figure 4.2. A) Coefficients and B)

distances are shown per test timepoint (N=8). In contrast to the results for these models

based on fixed coefficients from training/validation, these coefficients were learned for each

six-year window prior to the corresponding test timepoint. The corresponding distances

reflect the model’s performance with updated coefficients on what is effectively new validation

data. The naive model’s distance to the future was 6.82 ± 1.74 AAs for these timepoints.
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Figure 4.19: Snapshot of live forecasts on nextstrain.org from our best model (HI

antigenic novelty and mutational load) for April 1, 2021. The observed frequency

trajectories for currently circulating clades are shown up to April 1, 2020. Our model forecasts

growth of the clades 3c3.A and A1b/94N and decline of all other major clades.

4.3 Discussion

We have developed and rigorously tested a novel, open source framework for forecasting the

long-term evolution of seasonal influenza H3N2 by estimating the sequence composition of

future populations. A key innovation of this framework is its ability to directly compare viral

populations between seasons using the earth mover’s distance metric [Rubner et al., 1998] and

eliminate unavoidably stochastic clade definitions from phylogenies. The best models from

this framework still effectively capture clade dynamics and accurately identify optimal vaccine

candidates from simulated and natural H3N2 populations without relying on clades as model

targets. We have further introduced novel fitness metrics based on experimental measurements

of antigenic drift and functional constraint. We demonstrated that the integration of these

phenotypic metrics with previously published sequence-only metrics produces more accurate

forecasts than sequence-only models. Interestingly, we found that a naive model that predicts

no change over the course of one year can often identify a single representative strain of

the future despite its inability to accurately forecast clade frequencies. We have added this

framework as a component of seasonal influenza analyses on nextstrain.org where it provides

real-time forecasts for influenza researchers, decision makers, and the public.

https://nextstrain.org/flu
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Figure 4.20: Snapshot of the last two years of seasonal influenza H3N2 evolution on

nextstrain.org showing the estimated distance per strain to the future population.

Distance to the future is calculated for each strain as the Hamming distance of HA amino acid

sequences to all other circulating strains weighted by the other strain’s projected frequencies

under the best fitness model (HI antigenic novelty and mutational load).
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4.3.1 Integration of genotypic and phenotypic metrics minimizes overfitting

Our evaluation of models by time-series cross-validation and true out-of-sample forecasts

revealed substantial potential for model overfitting. We observed overfitting to both specific

genetic backgrounds and general historical contexts. A clear example of the former was the

poor performance of our DMS-based fitness metric compared to a simpler mutational load

metric. Although the DMS experiments provided detailed estimates of which amino acids

were preferred at which positions in HA, these measurements were specific to a single strain,

A/Perth/16/2009 [Lee et al., 2018]. When we applied these measurements to predict the

success of global populations, they were less informative on average than the naive model. To

benefit from the more comprehensive fitness costs measured by DMS data, future models will

need to synthesize DMS measurements across multiple H3N2 strains from distinct genetic

contexts. We anticipate that these measurements could be used to define and continually

update a modern set of sites contributing to mutational load in natural populations. This

set of sites could replace the statically defined set of “non-epitope” sites we use to estimate

mutational load here.

We observed overfitting to historical context in sequence-based models of antigenic drift. The

fitness benefit of mutations that led to antigenic drift in H3N2 in the past is well-documented

[Wiley et al., 1981, Smith et al., 2004, Wolf et al., 2006, Koel et al., 2013]. Although the

antigenic importance of seven specific sites in HA were experimentally validated by Koel

et al. [2013], these sites do not explain all antigenic drift observed in natural populations

[Neher et al., 2016]. Other attempts to define these so-called “epitope sites” have relied on

either aggregation of results from antigenic escape assays [Wolf et al., 2006] or retrospective

computational analyses of sites with beneficial mutations [Shih et al., 2007,  Luksza and

Lässig, 2014]. We found that models based on all of these definitions except for the seven

Koel epitope sites overfit to the historical context from which they were identified (Table 4.7).

These results suggest that the set of sites that contribute to antigenic drift at any given time

may depend on both the fitness landscape of currently circulating strains and the immune
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landscape of the hosts these strains need to infect. Recent experimental mapping of antigenic

escape mutations in H3N2 HA with human sera show that the specific sites that confer

antigenic escape can vary dramatically between individuals based on their exposure history

[Lee et al., 2019]. In contrast to models based on predefined “epitope sites”, our model

based on experimental measurements of antigenic drift did not suffer from overfitting in

the validation or test periods. We suspect that this model was able to minimize overfitting

by continuously updating its antigenic model with recent experimental data and assigning

antigenic weight to branches of a phylogeny rather than specific positions in HA.

Even the most accurate models with few parameters will sometimes fail due to the probabilistic

nature of evolution. For example, the model with the best performance across our validation

data – mutational load and LBI – was also one of the worst models across our test data.

Although we cannot rule out the role of overfitting, this model’s poor performance coincided

with unusual evolutionary circumstances. The diversity of H3N2 lineages during our test

period was higher than the historical average [Koelle et al., 2006], with the most recent

common ancestor of all circulating strains dating eight years back. This persistence of diversity

may have reduced the effectiveness of the LBI metric that assumes relatively rapid population

turnover. Additionally, this model’s poorest performance occurred in 2019 when it failed to

predict the sudden decline of a dominant reassortant clade, A2/re. Only our models based

on HI antigenic novelty and mutational load continued to perform as well or better than the

naive model during the same time period. These results highlight the challenge of identifying

models that remain robust to stochastic evolutionary events by avoiding overfitting to the

past.

Correspondingly, we observed that composite models of multiple orthogonal fitness metrics

often outperformed models based on their individual components. These results are consistent

with previous work that found improved performance by integrating components of antigenic

drift, functional constraint, and clade growth [ Luksza and Lässig, 2014]. However, the effective

elimination of LBI from our three-metric model during the validation period (Figure 4.11)
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reveals the limitations of our current additive approach to composite models. The recent

success of weighted ensembles for short-term influenza forecasting through the CDC’s FluSight

network [Reich et al., 2019] suggests that long-term forecasting may benefit from a similar

approach.

4.3.2 Forecasting framework aids practical forecasts

By forecasting the composition of future H3N2 populations with biologically-informed fitness

metrics, our best models consistently outperformed a naive model (Table 4.3). While this

performance confirms previously demonstrated potential for long-term influenza forecasting

[ Luksza and Lässig, 2014], the average gain from these models over the naive model appears

low at 0.96 AAs per year for validation data and 0.85 AAs per year for test data. However,

these results are consistent with the observed dynamics of H3N2. First, the one-year forecast

horizon is a fraction of the average coalescence time for H3N2 populations of about 3–8

years [Rambaut et al., 2008]. Hence, we expect the diversity of circulating strains to persist

between seasons. Second, H3N2 hemagglutinin accumulates 3.6 amino acid changes per year

[Smith et al., 2004]. This accumulation of amino acid substitutions contributes to the distance

between annual populations observed by the naive model. In this context, our model gains of

0.96 and 0.85 AAs per year correspond to an explanation of 27% and 24% of the expected

additional distance between annual populations, respectively.

Several clear opportunities to improve forecasts still remain. Integration of more recent

experimental data may improve estimates of antigenic drift. Despite the weak performance of

our FRA antigenic novelty model on recent data, continued accumulation of FRA measure-

ments over time should eventually enable models as accurate as the current HI-based models.

In addition to these FRA data based on ferret antisera, recent high-throughput antigenic

escape assays with human sera promise to improve existing definitions of epitope sites [Lee

et al., 2019]. These assays reveal the specific sites and residues that confer antigenic escape

from polyclonal sera obtained from individual humans. A sufficiently broad geographic and
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temporal sample of human sera with these assays could reveal consistent patterns of the

immune landscape H3N2 strains must navigate to be globally successful. Models should

also integrate information from multiple segments of the influenza genome and will need to

balance the fitness benefits of evolution in genes such as neuraminidase [Chen et al., 2018]

with the costs of reassortment [Villa and Lässig, 2017]. Our forecasting framework makes the

inclusion of fitness metrics based on additional gene segments technically straightforward.

However, the definition of appropriate fitness metrics for neuraminidase and other genes

remains an important scientific challenge. An additional challenge to model training is a

relative lack of historical strains for which all genes have been sequenced. Of the 34,312

H3N2 strains in GISAID with all eight primary gene segments and collection dates between

October 1, 1990 and 2019, the majority (24,466 or 71%) were collected after October 1, 2015.

Data availability will therefore inform which gene segments are prioritized for inclusion in

future models. Finally, forecasting models need to account for the geographic distribution

of viruses and the vastly different sampling intensities across the globe. Most influenza

sequence data come from highly developed countries that account for a small fraction of

the global population, while globally successful clades of influenza H3N2 often emerge in

less well-sampled regions [Russell et al., 2008, Rambaut et al., 2008, Bedford et al., 2015].

Explicitly accounting for these sampling biases and the associated migration dynamics would

allow models to weight forecasts based on both viral fitness and transmission.

4.3.3 The nature of the predictive power of individual metrics remains unclear

Prediction of future influenza virus populations is intrinsically limited by the small number

of data points available to train and test models. Increasingly more complex models are

therefore prone to overfitting. Across the validation and test periods, we found that antigenic

drift and mutational load were the most robust predictors of future success for seasonal

influenza H3N2 populations.

Several metrics like the rate of frequency change or epitope mutations are naively expected to
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have predictive power but do not. Others metrics like the mutational load are not expected

to measure adaptation but are predictive. These results point to one aspect that often

overlooked when comparing the genetic make-up of an asexual population at two time points:

the future population is unlikely to descend from any of the sampled tips but ancestral

lineages of the future population merge with those of the present population in the past.

Optimal representatives of the future therefore tend to be tips in the present that tend to be

basal and less evolved. The LBI and the mutational load metric have the tendency to assign

low fitness to evolved tips. The LBI in particular assigns high fitness to the base of large

clades. Much of the predictive power, in the sense of a reduced distance between the predicted

and observed populations, might be due to putting more weight on less evolved strains rather

than bona fide prediction of fitness. In a companion manuscript, Barrat-Charlaix et al. [2020]

show that LBI has little predictive power for fixation probabilities of mutations in H3N2.

Our framework enables real-time practical forecasts of these populations by leveraging

historical and modern experimental assays and gene sequences. By releasing our framework

as an open source tool based on modern data science standards like tidy data frames, we hope

to encourage continued development of this tool by the influenza research community. We

additionally anticipate that the ability to forecast the sequence composition of populations

with earth mover’s distance will enable future forecasting research with pathogens whose

genomes cannot be analyzed by traditional phylogenetic methods including recombinant

viruses, bacteria, and fungi.

4.3.4 Model sharing and extensions

The entire workflow for our analyses was implemented with Snakemake [Köster and Rahmann,

2012]. We have provided all source code, configuration files, and datasets at https://github.com/blab/flu-

forecasting.

https://github.com/blab/flu-forecasting
https://github.com/blab/flu-forecasting
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4.4 Materials and methods

4.4.1 Simulation of influenza H3N2-like populations

We simulated the long-term evolution of H3N2-like viruses with SANTA-SIM [Jariani et al.,

2019] for 10,000 generations or 50 years where 200 generations was equivalent to 1 year. We

discarded the first 10 years as a burn-in period, selected the next 30 years for model fitting and

validation, and held out the last 9 years as out-of-sample data for model testing (Figure 4.21).

Each simulated population was seeded with the full length HA from A/Beijing/32/1992

(NCBI accession: U26830.1) such that all simulated sequences contained signal peptide, HA1,

and HA2 domains. We defined purifying selection across all three domains, allowing the

preferred amino acid at each site to change at a fixed rate over time. We additionally defined

exposure-dependent selection for 49 putative epitope sites in HA1 [ Luksza and Lässig, 2014] to

impose an effect of antigenic novelty that would allow mutations at those sites to increase viral

fitness despite underlying purifying selection. We modified the SANTA-SIM source code to

enable the inclusion of true fitness values for each strain in the FASTA header of the sampled

sequences from each generation. This modified implementation has been integrated into the

official SANTA-SIM code repository at https://github.com/santa-dev/santa-sim as of

commit e2b3ea3. For our full analysis of model performance, we sampled 90 viruses per

month to match the sampling density of natural populations. For tuning of hyperparameters,

we sampled 10 viruses per month to enable rapid exploration of hyperparameter space.

4.4.2 Hyperparameter tuning with simulated populations

To avoid overfitting our models to the relatively limited data from natural populations, we

used simulated H3N2-like populations to tune hyperparameters including the KDE bandwidth

for frequency estimates and the L1 penalty for model coefficients. We simulated populations,

as described above, and fit models for each parameter value using the true fitness of strains

from the simulator.

https://github.com/santa-dev/santa-sim
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Figure 4.21: Time-series cross-validation scheme for simulated populations. Models

were trained in six-year sliding windows (gray lines) and validated on out-of-sample data

from validation timepoints (filled circles). Validation results from 30 years of data were used

to iteratively tune model hyperparameters. After fixing hyperparameters, model coefficients

were fixed at the mean values across all training windows. Fixed coefficients were applied to

9 years of new out-of-sample test data (open circles) to estimate true forecast errors.



100

Figure 4.22: Phylogeny of H3N2-like HA sequences sampled between the 24th and

30th years of simulated evolution. The phylogenetic structure and rate of accumulated

epitope and non-epitope mutations match patterns observed in phylogenies of natural se-

quences. Sample dates were annotated as the generation in the simulation divided by 200

and added to 2000, to acquire realistic date ranges that were compatible with our modeling

machinery.
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epitope mutations non-epitope mutations epitope-to-non-epitope ratio

branch type

side branch 590 1327 0.44

trunk 23 12 1.92

Table 4.4: Number of epitope and non-epitope mutations per branch by trunk or

side branch status for simulated populations. Epitope sites were defined previously

described [ Luksza and Lässig, 2014]. Annotation of trunk and side branch was performed as

previously described [Bedford et al., 2015]. Mutations were calculated for the full validation

tree for simulated sequences samples between October of years 10 and 40.

epitope mutations non-epitope mutations epitope-to-non-epitope ratio

branch type

side branch 485 1177 0.41

trunk 50 32 1.56

Table 4.5: Number of epitope and non-epitope mutations per branch by trunk

or side branch status for natural populations. Epitope sites were defined previously

described [ Luksza and Lässig, 2014]. Annotation of trunk and side branch was performed as

previously described [Bedford et al., 2015]. Mutations were calculated for the full validation

tree for natural sequences samples between 1990 and 2015.
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We identified the optimal KDE bandwidth for frequencies as the value that minimized the

difference between the mean distances to the future from the true fitness model and the

naive model. We set the L1 lambda penalty to zero, to reduce variables in the analysis and

avoid interactions between the coefficients and the KDE bandwidths. Higher bandwidths

completely wash out dynamics of populations by making all strains appear to exist for long

time periods. This flattening of frequency trajectories means that as bandwidths increase,

the naive model gets more accurate and less informative. Given this behavior, we found the

bandwidth that produced the minimum difference between distances to the future for the

true fitness and naive models instead of the bandwidth that produced the minimum mean

model distance. Based on this analysis, we identified an optimal bandwidth of 2
12

or the

equivalent of 2-months for floating point dates. Next, we identified an L1 penalty of 0.1 for

model coefficients that minimized the mean distance to the future for the true fitness model.

4.4.3 Antigenic data

Hemagglutination inhibition (HI) and focus reduction assay (FRA) measurements were

provided by WHO Global Influenza Surveillance and Response System (GISRS) Collaborating

Centers in London, Melbourne, Atlanta and Tokyo. We converted these raw two-fold

dilution measurements to log2 titer drops normalized by the corresponding log2 autologous

measurements as previously described [Neher et al., 2016].

4.4.4 Strain selection for natural populations

Prior to our analyses, we downloaded all HA sequences and metadata from GISAID [Shu and

McCauley, 2017]. For model training and validation, we selected 15,583 HA sequences ≥900

nucleotides that were sampled between October 1, 1990 and October 1, 2015. To account

for known variation in sequence availability by region, we subsampled the selected sequences

to a representative set of 90 viruses per month with even sampling across 10 global regions

including Africa, Europe, North America, China, South Asia, Japan and Korea, Oceania,

South America, Southeast Asia, and West Asia. We excluded all egg-passaged strains and all
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strains with ambiguous year, month, and day annotations. We prioritized strains with more

available HI titer measurements provided by the WHO GISRS Collaborating Centers. For

model testing, we selected an additional 7,171 HA sequences corresponding to 90 viruses per

month sampled between October 1, 2015 and October 1, 2019. We used these test sequences

to evaluate the out-of-sample error of fixed model parameters learned during training and

validation. Supplemental File S1 describes contributing laboratories for all 22,754 validation

and test strains.

4.4.5 Phylogenetic inference

For each timepoint in model training, validation, and testing, we selected the subsampled HA

sequences with collection dates up to that timepoint. We aligned sequences with the augur

align command [Hadfield et al., 2018] and MAFFT v7.407 [Katoh et al., 2002]. We inferred

initial phylogenies for HA sequences at each timepoint with IQ-TREE v1.6.10 [Nguyen et al.,

2014]. To reconstruct time-resolved phylogenies, we applied TreeTime v0.5.6 [Sagulenko et al.,

2018] with the augur refine command.

4.4.6 Frequency estimation

To account for uncertainty in collection date and sampling error, we applied a kernel density

estimation (KDE) approach to calculate global strain frequencies. Specifically, we constructed

a Gaussian kernel for each strain with the mean at the reported collection date and a variance

(or KDE bandwidth) of two months. The bandwidth was identified by cross-validation, as

described above. This bandwidth also roughly corresponds to the median lag time between

strain collection and submission to the GISAID database. We estimated the frequency of

each strain at each timepoint by calculating the probability density function of each KDE at

that timepoint and normalizing the resulting values to sum to one. We implemented this

frequency estimation logic in the augur frequencies command.
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4.4.7 Model fitting and evaluation

Fitness model

We assumed that the evolution seasonal influenza H3N2 populations can be represented by a

Malthusian growth fitness model, as previously described [ Luksza and Lässig, 2014]. Under

this model, we estimated the future frequency, x̂i(t+ ∆t), of each strain i from the strain’s

current frequency, xi(t), and fitness, fi(t), as follows where the resulting future frequencies

were normalized to one by 1
Z(t)

.

x̂i(t+ ∆t) =
1

Z(t)
xi(t) exp(fi(t)∆t) (4.1)

We defined the fitness of each strain at time t as the additive combination of one or more

fitness metrics, fi,m, scaled by fitness coefficients, βm. For example, Equation 4.2 estimates

fitness per strain by mutational load (ml) and local branching index (lbi).

fi(t) = βnefi,ml(t) + βlbifi,lbi(t) (4.2)

Model target

For a model based on any given combination of fitness metrics, we found the fitness coefficients

that minimized the earth mover’s distance (EMD) [Rubner et al., 1998, Kusner et al., 2015]

between amino acid sequences from the observed future population at time u = t+ ∆t and

the estimated future population created by projecting frequencies of strains at time t by their

estimated fitnesses. Solving for EMD identifies the minimum about of “earth” that must be

moved from a source population to a sink population to make those populations as similar

as possible. This solution requires both a “ground distance” between pairs of strains from

both populations and weights assigned to each strain that determine how much that strain

contributes to the overall distance.
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For each timepoint t and corresponding timepoint u = t+ 1, we defined the ground distance

as the Hamming distance between HA amino acid sequences for all pairs of strains between

timepoints. For strains with less than full length nucleotide sequences, we inferred missing

nucleotides through TreeTime’s ancestral sequence reconstruction analysis. We defined

weights for strains at timepoint t based on their projected future frequencies. We defined

weights for strains at timepoint u based on their observed frequencies. We then identified

the fitness coefficients that provided projected future frequencies that minimized the EMD

between the estimated and observed future populations. With this metric, a perfect estimate

of the future’s strain sequence composition and frequencies would produce a distance of

zero. However, the inevitable accumulation of substitutions between the two populations

prevents this outcome. We calculated EMD with the Python bindings for the OpenCV 3.4.1

implementation [Bradski, 2000]. We applied the Nelder-Mead minimization algorithm as

implemented in SciPy [Virtanen et al., 2020] to learn fitness coefficients that minimize the

average of this distance metric over all timepoints in a given training window.

Lower bound on earth mover’s distance

The minimum distance to the future between any two timepoints cannot be zero due to

the accumulation of mutations between populations. We estimated the lower bound on

earth mover’s distance between timepoints using the following greedy solution to the optimal

transport problem. For each timepoint t, we initialized the optimal frequency of each current

strain to zero. For each strain in the future timepoint u, we identified the closest strain in the

current timepoint by Hamming distance and added the frequency of the future strain to the

optimal frequency of the corresponding current strain. This approach allows each strain from

timepoint t to accumulate frequencies from multiple strains at timepoint u. We calculated the

minimum distance between populations as the earth mover’s distance between the resulting

optimal frequencies for current strains, the observed frequencies of future strains, and the

original distance matrix between those two populations.
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Strain-specific distance to the future

We calculated the weighted Hamming distance to the future of each strain from the strain’s

HA amino acid sequence and the frequencies and sequences of the corresponding population

one year in the future. Specifically, the distance between any strain i from timepoint t to the

future timepoint u was the Hamming distance, h, between strain i’s amino acid sequence, si,

each future strain j’s amino acid sequence, sj, and the frequency of strain j in the future

timepoint, xj(u).

di(u) =
∑

j∈s(u)

xj(u)h(si, sj) (4.3)

We calculated the estimated distance to the future for live forecasts with the same approach,

replacing the observed future population frequencies and sequences with the estimated

population based on our models.

di(û) =
∑

j∈s(û)

xj(û)h(si, sj) (4.4)

Time-series cross-validation

To obtain unbiased estimates for the out-of-sample errors of our models, we adopted the

standard cross-validation strategy of training, validation, and testing. We divided our available

data into an initial training and validation set spanning October 1990 to October 2015 and an

additional testing set spanning October 2015 to October 2019 (Figure 4.23). We partitioned

our training and validation data into six month seasons corresponding to winter in the

Northern Hemisphere (October–April) and the Southern Hemisphere (April–October) and

trained models to estimate frequencies of populations one year into the future from each

season in six-year sliding windows. To calculate validation error for each training window, we

applied the resulting model coefficients to estimate the future frequencies for the year after

the last timepoint in the training window. These validation errors informed our tuning of
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Figure 4.23: Time-series cross-validation scheme for natural populations. Models

were trained in six-year sliding windows (gray lines) and validated on out-of-sample data

from validation timepoints (filled circles). Validation results from 25 years of data were used

to iteratively tune model hyperparameters. After fixing hyperparameters, model coefficients

were fixed at the mean values across all training windows. Fixed coefficients were applied to

four years of new out-of-sample test data (open circles) to estimate true forecast errors.

hyperparameters. Finally, we fixed the coefficients for each model at the mean values across

all training windows and applied these fixed models to the test data to estimate the true

forecasting accuracy of each model on previously unobserved data.

Model comparison by bootstrap tests

We compared the performance of different pairs of models using bootstrap tests. For each

timepoint, we calculated the difference between one model’s earth mover’s distance to the

future and the other model’s distance. Values less than zero in the resulting empirical
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sample error type individual model composite model bootstrap mean bootstrap std p value

simulated validation true fitness mutational load + LBI 0.42 0.23 0.9644

simulated validation mutational load mutational load + LBI -1.03 0.21 <0.0001

simulated validation LBI mutational load + LBI -0.33 0.14 0.0091

simulated test true fitness mutational load + LBI -0.28 0.26 0.1392

simulated test mutational load mutational load + LBI -1.11 0.25 <0.0001

simulated test LBI mutational load + LBI -0.42 0.16 0.0001

natural validation mutational load mutational load + LBI -0.69 0.28 0.0036

natural validation LBI mutational load + LBI -0.23 0.09 0.0025

natural validation mutational load mutational load + HI antigenic novelty -0.31 0.18 0.0417

natural validation HI antigenic novelty mutational load + HI antigenic novelty -0.18 0.11 0.0513

natural test mutational load mutational load + LBI 1.19 0.79 0.9432

natural test LBI mutational load + LBI -0.70 0.24 <0.0001

natural test mutational load mutational load + HI antigenic novelty -0.56 0.33 0.0133

natural test HI antigenic novelty mutational load + HI antigenic novelty -0.24 0.18 0.0999

Table 4.6: Comparison of composite and individual model distances to the future

by bootstrap test (see Methods). The effect size of differences between models in amino

acids is given by the mean and standard deviation of the bootstrap distributions. The p

values represent the proportion of n=10,000 bootstrap samples where the mean difference

was greater than or equal to zero.

distribution represent when the first model outperformed the second model. To determine

whether the first model generally outperformed the second model, we bootstrapped the

empirical difference distributions for n=10,000 samples and calculated the mean difference

of each bootstrap sample. We calculated an empirical p value for the first model as the

proportion of bootstrap samples with mean values greater than or equal to zero. This p

value represents how likely the mean difference between the models’ distances to the future is

to be zero or greater. We measured the effect size of each comparison as the mean ± the

standard deviation of the bootstrap distributions. We performed pairwise model comparisons

for all biologically-informed models against the naive model (Figures 4.24 and 4.25). We also

compared a subset of composite models to their respective individual models (Table 4.6).
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Figure 4.24: Bootstrap distributions of the mean difference of distances to the

future between biologically-informed and naive models for simulated populations.

Empirical differences in distances to the future were sampled with replacement and mean

values for each bootstrap sample were calculated across n=10,000 bootstrap iterations. The

horizontal gray line indicates a difference of zero between a given model and its corresponding

naive model. Each model is annotated by the mean ± the standard deviation of the bootstrap

distribution. Models are also annotated by the p-value representing the proportion of

bootstrap samples with values less than zero (see Methods).
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Figure 4.25: Bootstrap distributions of the mean difference of distances to the

future between biologically-informed and naive models for natural populations.

Empirical differences in distances to the future were sampled with replacement and mean

values for each bootstrap sample were calculated across n=10,000 bootstrap iterations. The

horizontal gray line indicates a difference of zero between a given model and its corresponding

naive model. Each model is annotated by the mean ± the standard deviation of the bootstrap

distribution. Models are also annotated by the p-value representing the proportion of

bootstrap samples with values less than zero (see Methods).
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4.4.8 Fitness metrics

We defined the following fitness metrics per strain and timepoint.

Antigenic drift

We estimated antigenic drift for each strain using either genetic or HI data. To estimate

antigenic drift with genetic data, we implemented an antigenic novelty metric based on the

“cross-immunity” metric originally defined by  Luksza and Lässig [2014]. Briefly, for each pair

of strains in adjacent seasons, we counted the number of amino acid differences between the

strains’ HA sequences at 49 epitope sites. The one-based coordinates of these sites relative to

the start of the HA1 segment were 50, 53, 54, 121, 122, 124, 126, 131, 133, 135, 137, 142, 143,

144, 145, 146, 155, 156, 157, 158, 159, 160, 163, 164, 172, 173, 174, 186, 188, 189, 190, 192, 193,

196, 197, 201, 207, 213, 217, 226, 227, 242, 244, 248, 275, 276, 278, 299, and 307. We limited

pairwise comparisons to all strains sampled within the last five years from each timepoint.

For each individual strain i at each timepoint t, we estimated that strain’s ability to escape

cross-immunity by summing the exponentially-scaled epitope distances between previously

circulating strains and the given strain as in Equation 4.5. We defined the constant D0 = 14,

as in the original definition of cross-immunity [ Luksza and Lässig, 2014]. To compare these

epitope sites with other previously published sites, we fit epitope antigenic novelty models

based on sites defined by Wolf et al. [2006] and Koel et al. [2013].

fi,ep(t) =
∑

j:tj<ti

−max(xj) exp (−Dep(ai, aj)/D0) (4.5)

To test the historical contingency of the epitope sites defined above, we additionally identified

a new set of sites with beneficial mutations across the training/validation period of October

1990 through October 2015. Following the general approach of Shih et al. [2007], we manually

identified 25 sites in HA1 where mutations rapidly swept through the global population. We

required mutations to emerge from below 5% global frequency and reach >90% frequency.
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Although we did not require sweeps to complete within a fixed amount of time, we observed that

they required no longer than one to three years to complete. To minimize false positives, we

eliminated any sites where one or more mutations rose above 20% frequency and subsequently

died out. If two or more sites had redundant sweep dynamics (mutations emerging and fixing

at the same times), we retained the site with the most mutational sweeps. Based on this

requirements, we defined our final collection of “oracle” sites in HA1 coordinates as 3, 45, 48,

50, 75, 140, 145, 156, 158, 159, 173, 186, 189, 193, 198, 202, 212, 222, 223, 225, 226, 227, 278,

311, and 312.

To estimate antigenic drift with HI data, we first applied the titer tree model to the phylogeny

at a given timepoint and the corresponding HI data for its strains, as previously described

by Neher et al. [2016]. This method effectively estimates the antigenic drift per branch in

units of log2 titer change. We selected all strains with nonzero frequencies in the last six

months as “current strains” and all strains sampled five years prior to that threshold as “past

strains”. Next, we calculated the pairwise antigenic distance between all current and past

strains as the sum of antigenic drift weights per branch on the phylogenetic path between

each pair of strains. Finally, we calculated each strain’s ability to escape cross-immunity

using Equation 4.5 with the pairwise distances between epitope sequences replaced with

pairwise antigenic distance from HI data. As with the original epitope antigenic novelty

described above, this HI antigenic novelty metric produces higher values for strains that are

more antigenically distinct from previously circulating strains.

Functional constraint

We estimated functional constraint for each strain using either genetic or deep mutational

scanning (DMS) data. To estimate functional constraint with genetic data, we implemented

the non-epitope mutation metric originally defined by  Luksza and Lässig [2014]. This metric

counts the number of amino acid differences at 517 non-epitope sites in HA sequences between

each strain i at timepoint t and that strain’s most recent inferred ancestral sequence in the
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previous season (t− 1).

We estimated functional constraint using mutational preferences from DMS data as previously

defined [Lee et al., 2018]. Briefly, mutational effects were defined as the log ratio of DMS

preferences, π, at site r for the derived amino acid, ai, and the ancestral amino acid, aj. As

with the non-epitope mutation metric above, we considered only substitutions in HA between

each strain i and that strain’s most recent inferred ancestral sequence in the previous season.

We calculated the total effect of these substitutions as the sum of the mutational preferences

for each substitution, as in Equation 4.6.

fi,DMS(t) =
∑

r∈r,ai!=r,aj

log2

πr,ai
πr,aj

(4.6)

To determine whether DMS preferences could be used to define fitness metrics that were

less dependent on the historical context of the background strain, we implemented two

additional DMS-based metrics: “DMS entropy” and “DMS mutational load”. For both

metrics, we calculated the distance between HA amino acid sequences of each strain and its

ancestral sequence in the previous season, to enable comparison of these metrics with the

DMS mutational effects and mutational load metrics. For the “DMS entropy” metric, we

calculated the distance between sequences such that each mismatch was weighted by the

inverse entropy of DMS preferences at the site of the mismatch. We expected this metric

to produce a negative coefficient similar to the mutational load metric, as higher values will

result from mutations at sites with lower entropy and, thus, lower tolerance for mutations. For

the “DMS mutational load” metric, we defined a novel set of non-epitope sites corresponding

to each position in HA with a standardized entropy less than zero. With this metric, we

sought to identify more highly conserved sites without weighting any one site differently

from others. We anticipated that this lack of site-specific weighting would make the DMS

mutational load metric even less background-dependent than the DMS entropy and DMS

mutational effect metrics.
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Clade growth

We estimated clade growth for each strain using local branching index (LBI) and the change

in frequency over time (delta frequency). To calculate LBI for each strain at each timepoint,

we applied the LBI heuristic algorithm as originally described [Neher et al., 2014] to the

phylogenetic tree constructed at each timepoint. We set the neighborhood parameter, τ , to

0.3 and only considered viruses sampled in the last 6 months of each phylogeny as contributing

to recent clade growth.

We estimated the change in frequency over time by calculating clade frequencies under a

Brownian motion diffusion process as previously described [Lee et al., 2018]. These frequency

calculations allowed us to assign a partial clade frequency to each strain within nested clades.

We calculated the delta frequency as the change in frequency for each strain between the

most recent timepoint in a given phylogeny and six months prior to that timepoint divided

by 0.5 years.

4.4.9 Clustering of amino acid sequences for visualization

For the purpose of visualizing related amino acid sequences in Figure 5.2, we applied

dimensionality reduction to pairwise amino acid distances followed by hierarchical clustering.

Specifically, we selected a representative tree from our simulated population of viruses at

month 10 of year 30. From this tree, we selected all strains with a collection date in the

previous two years. We calculated the pairwise Hamming distance between the full-length

HA amino acid sequences for all selected strains and applied t-SNE dimensionality reduction

[van der Maaten and Hinton, 2008] to the resulting distance matrix (n=2 components,

perplexity=30.0, and learning rate=400). We assigned each strain to a cluster based on

its two-dimensional t-SNE embedding using DBSCAN [Ester et al., 1996] with a maximum

neighborhood distance of 10 AAs and a minimum of 20 strains per cluster. Despite known

limitations of applying hierarchical clustering to manifold projections that do not preserve

sample density, this approach allowed us to effectively assign strains to qualitative genetic
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Distance to future (AAs) Model > naive

Model Coefficients Validation Test Validation Test

mutational load -0.68 +/- 0.34 5.44 +/- 1.80* 7.70 +/- 3.53 18 (78%) 4 (50%)

+ LBI 1.03 +/- 0.40

LBI 1.12 +/- 0.51 5.68 +/- 1.91* 8.40 +/- 3.97 17 (74%) 2 (25%)

oracle antigenic novelty 0.80 +/- 0.21 5.71 +/- 1.27ˆ 8.06 +/- 2.49ˆ 18 (78%) 2 (25%)

HI antigenic novelty 0.89 +/- 0.23 5.82 +/- 1.50* 5.97 +/- 1.47* 17 (74%) 6 (75%)

+ mutational load -1.01 +/- 0.42

HI antigenic novelty 0.90 +/- 0.23 5.84 +/- 1.51* 5.99 +/- 1.46* 16 (70%) 6 (75%)

+ mutational load -1.00 +/- 0.44

+ LBI -0.04 +/- 0.09

HI antigenic novelty 0.83 +/- 0.20 6.01 +/- 1.50* 6.21 +/- 1.44* 16 (70%) 7 (88%)

delta frequency 0.79 +/- 0.47 6.13 +/- 1.71* 6.90 +/- 2.30 16 (70%) 5 (62%)

mutational load -0.99 +/- 0.30 6.14 +/- 1.37* 6.53 +/- 1.39 17 (74%) 6 (75%)

Koel epitope antigenic novelty 0.28 +/- 0.36 6.22 +/- 1.26ˆ 6.72 +/- 1.51ˆ 18 (78%) 4 (50%)

naive 0.00 +/- 0.00 6.40 +/- 1.36 6.82 +/- 1.74 0 (0%) 0 (0%)

DMS entropy -0.03 +/- 0.10 6.40 +/- 1.36ˆ 6.81 +/- 1.73ˆ 9 (39%) 6 (75%)

DMS mutational load -0.02 +/- 0.13 6.45 +/- 1.42ˆ 6.82 +/- 1.73ˆ 7 (30%) 5 (62%)

epitope ancestor 0.53 +/- 0.52 6.60 +/- 1.34 6.53 +/- 1.51 12 (52%) 4 (50%)

+ mutational load -0.77 +/- 0.32

DMS mutational effects 1.25 +/- 0.84 6.75 +/- 1.95 7.80 +/- 2.97 11 (48%) 4 (50%)

Wolf epitope antigenic novelty 0.31 +/- 0.51 6.83 +/- 1.30ˆ 6.97 +/- 1.41ˆ 4 (17%) 3 (38%)

epitope ancestor 0.23 +/- 0.51 6.89 +/- 1.39ˆ 6.82 +/- 1.67ˆ 8 (35%) 4 (50%)

epitope antigenic novelty 0.57 +/- 0.77 6.89 +/- 1.42 6.46 +/- 1.31 7 (30%) 4 (50%)

+ mutational load -0.77 +/- 0.27

epitope antigenic novelty 0.52 +/- 0.73 7.13 +/- 1.47 6.70 +/- 1.51 7 (30%) 5 (62%)

Table 4.7: All model coefficients and performance on validation and test data for

natural populations ordered from best to worst by distance to the future, as in

Table 4.2. Distances annotated with asterisks (*) were significantly closer to the future than

the naive model as measured by bootstrap tests (see Methods and Figure 4.25).
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Table 4.7: (continued) Distances annotated with carets (∧) were not tested for signifi-

cance relative to the naive model. Validation results are based on 23 timepoints. Test

results are based on eight timepoints not observed during model training and valida-

tion. Model results for additional variants of fitness metrics including those based on

epitope mutations and DMS preferences are included for reference. Source data are

available at https://github.com/blab/flu-forecasting/blob/published/manuscript/

Table_7-source_data_1.csv and https://github.com/blab/flu-forecasting/blob/

published/manuscript/Table_7-source_data_2.csv.

clusters for the purposes of visualization.

4.5 Supplemental Files

Supplemental File S1. GISAID accessions and metadata including originating and sub-

mitting labs for natural strains used across all timepoints.

https://github.com/blab/flu-forecasting/blob/published/manuscript/Table_7-source_data_1.csv
https://github.com/blab/flu-forecasting/blob/published/manuscript/Table_7-source_data_1.csv
https://github.com/blab/flu-forecasting/blob/published/manuscript/Table_7-source_data_2.csv
https://github.com/blab/flu-forecasting/blob/published/manuscript/Table_7-source_data_2.csv
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Chapter 5

CONCLUSIONS

In the preceding chapters, I have shown how experimentally-informed computational models

and interactive data visualizations can improve our understanding of seasonal influenza

evolution. Clearly, many questions remain about seasonal influenza evolution and their

answers are currently debated by experts in the field. One relevant example of these

unanswered questions is how predictable the frequencies of individual mutations in seasonal

influenza populations are. In the last years of this work, I collaborated with Dr. Pierre

Barrat-Charlaix from Dr. Richard Neher’s lab to help answer this question. The results

from this collaboration provide a helpful counterpoint to the results I’ve presented in this

dissertation. Below, I provide a summary of Dr. Barrat-Charlaix’s findings, how they relate

to this dissertation, and how these results have changed our understanding of influenza

evolution.

5.1 Does seasonal influenza evolve like we think it does?

In Barrat-Charlaix et al. [2020], we investigated the predictability of seasonal influenza

mutation frequencies. We explicitly avoided modeling seasonal influenza evolution and

focused on an empirical account of long-term outcomes for mutation frequency trajectories.

We selected all available HA and NA sequences for seasonal influenza lineages A/H3N2 and

A/H1N1pdm, performed multiple sequence alignments per lineage and gene, binned sequences

by month, and calculated the frequencies of mutations per site and month. From these data,

we constructed frequency trajectories of individual mutations that were rising in frequency

from zero. We expected these rising mutations to represent beneficial, large-effect mutations
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that would sweep through the global population as predicted by the population genetic theory

[Neher, 2013]. By considering individual mutations, we effectively averaged the outcomes of

these mutations across all genetic backgrounds. We evaluated the outcomes of trajectories

for mutations that had risen from 0% to approximately 30% global frequency and classified

trajectories for mutations that fixed, died out, or persisted as polymorphisms.

The average trajectory of individual rising A/H3N2 mutations failed to rise toward fixation

(Figure 5.1). Instead, the future frequency of these mutations was no higher on average than

their initial frequency. We repeated this analysis for mutations with initial frequencies of 50%

and 75% and for mutations in A/H1N1pdm and found nearly the same results. From these

results, we concluded that it is not possible to predict the short-term dynamics of individual

mutations based solely on their recent success.

Next, we calculated the fixation probability of each mutation trajectory based on its initial

frequency. Surprisingly, we found that the fixation probabilities of A/H3N2 mutations were

equal to their initial frequencies. This pattern corresponds to what we expect for mutations

evolving neutrally, where population genetic theory predicts that fixation probability is equal

to current mutation frequency. Generally, the pattern remained the same even when we

binned mutations by high LBI, presence at epitope sites, multiple appearances of a mutation

in a tree, geographic spread, or other potential metrics associated with high fitness. We

concluded that the recent success of rising mutations provides no information about their

eventual fixation.

We tested whether we could explain these results by genetic linkage or clonal interference by

simulating seasonal influenza-like populations under these evolutionary constraints. Mutation

trajectories from simulated populations were more predictable than those from natural popu-

lations. The closest our simulations came to matching the uncertainty of natural populations

was when we dramatically increased the rate at which the fitness landscape of simulated

populations changed. These results suggested that we cannot explain the unpredictable

nature of seasonal influenza mutation trajectories by linkage or clonal interference alone.
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Figure 5.1: Mutation trajectories for seasonal influenza A/H3N2 where mutations

rose from a frequency of zero to approximately 30% frequency. Dashed horizontal

lines represent thresholds for fixation (red) and loss (blue). Trajectory colors also indicate

eventual fixation (red), loss (blue), or persistence as a polymorphism (black). The thick black

dashed line indicates the average frequency of all trajectories shown. For the interactive

figure, hover over individual trajectories to highlight their full extent and details about the

current frequency of a given mutation at each timepoint. Use the radio buttons to filter

trajectories by segment and outcome. (After Figure 1B in Barrat-Charlaix et al. [2020].)

Explore an interactive version of this figure.

https://bedford.io/blog/predicting-seasonal-influenza-evolution/#mutation-trajectories
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Since seasonal influenza mutation trajectories lacked “momentum” and LBI did not provide

information about eventual fixation of mutations, we wondered whether we could identify the

most representative sequence of future populations with a different metric. The consensus

sequence is provably the best predictor for a neutrally evolving population. We found that the

consensus sequence is often closer to the future population than the virus sequence with the

highest LBI. Indeed, we found that the top LBI virus was frequently similar to the consensus

sequence and often identical.

Taken together, our results from this empirical analysis reveal that beneficial mutations of

large effect do not predictably sweep through seasonal influenza populations and fix. Instead,

the average outcome for any individual mutation resembles neutral evolution, despite the

strong positive selection expected to act on these mutations. Although simulations rule out

clonal interference between large effect mutations as an explanation for these results, we

cannot discount the role of multiple mutations of similar, smaller effects in the overall fitness

of seasonal influenza viruses and the fixation of multiple co-evolving mutations.

5.2 Can we forecast seasonal influenza evolution?

In Huddleston et al. [2020], we built a modeling framework based on the approach described

in  Luksza and Lässig [2014] to forecast seasonal influenza A/H3N2 populations one year

in advance. We used this framework to predict the sequence composition of the future

population, the frequency dynamics of clades, and the virus in the current population that

most represented the future population. As in Barrat-Charlaix et al. [2020] and  Luksza and

Lässig [2014], we assumed that viruses grow exponentially as a function of their fitness and

that viruses with similarly high fitness compete with each other under clonal interference. In

contrast to Barrat-Charlaix et al. [2020], we considered the fitness of complete amino acid

haplotypes instead of individual mutations.

We estimated fitness with metrics based on HA sequences and experimental measurements of

antigenic drift and functional constraint. The sequence-based metrics included the epitope
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cross-immunity and mutational load estimates defined by  Luksza and Lässig [2014], LBI from

Neher et al. [2014], and “delta frequency”, a measure of recent change in clade frequency

analogous to Barrat-Charlaix’s rising mutations. The experimental metrics included a cross-

immunity measure based on hemagglutination inhibition (HI) assays [Neher et al., 2016] and

an estimate of functional constraint based on mutational preferences from deep mutational

scanning experiments [Lee et al., 2018].

We trained models based on each of these metrics independently and in relevant combinations

of complementary metrics. For each model, we fit coefficients per fitness metric that minimized

the distance between the estimated and observed amino acid haplotype composition of the

future (Figure 5.2). These coefficients represent the effect of each metric on seasonal influenza

fitness. As a control, we also calculated the distance to the future population for a “naive”

model that assumed the future population is the same as the current population. To test our

framework, we simulated 40 years of evolution for seasonal influenza-like populations with

SANTA-SIM and fit models to these data. After verifying our framework with simulated

populations, we trained models for natural A/H3N2 populations using 25 years of historical

data. We tested the accuracy of each model by applying the coefficients from the training

data to forecasts of new out-of-sample data from the last 5 years of A/H3N2 evolution.

We found that the most robust forecasts depended on a combined model of experimentally-

informed antigenic drift and sequence-based mutational load. Importantly, this model

explicitly accounts for the benefits of antigenic drift and the costs of deleterious mutations.

This model also slightly outperformed the naive model in its estimation of future clade

frequencies. However, we found that the naive model often selected individual strains that

were as close to the future population as the best biologically-informed model. The naive

model’s estimated closest strain to the future is effectively the weighted average of the current

population and conceptually similar to the consensus sequence of the population. From these

results, we concluded that the predictive gains of fitness models depend on the prediction

target.
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Figure 5.2: Schematic representation of the fitness model for simulated H3N2-like

populations. The fitness of strains at timepoint t determines the estimated frequency of

strains with similar sequences one year in the future at timepoint u. Genetically similar

strains by amino acid sequence have similar colors. A) Strains at timepoint t, x(t), are shown

in their phylogenetic context and sized by their frequency at that timepoint. The estimated

future population at timepoint u, x̂(u), is projected to the right with strains scaled in size

by their projected frequency based on the known fitness of each simulated strain. B) The

frequency trajectories of strains at timepoint t to u represent the predicted the growth of the

dark blue strains to the detriment of the pink strains. C) Strains at timepoint u, x(u), are

shown as in panel A. D) The observed frequency trajectories of strains at timepoint u broadly

recapitulate the model’s forecasts while also revealing increased diversity of sequences at the

future timepoint that the model could not anticipate.
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Surprisingly, the sequence-based metrics of epitope cross-immunity and delta frequency and

the mutational preferences from DMS experiments had little predictive power. These metrics

failed to make accurate forecasts because of their dependence on a specific historical context.

For example, the original epitope cross-immunity metric [ Luksza and Lässig, 2014] depends

on a predefined list of epitope sites that were originally identified in a retrospective study of

seasonal influenza sequences up through 2005 [Shih et al., 2007]. This metric correspondingly

failed to predict the future after 2005, suggesting that its previous success depended on

inadvertently borrowing information from the future. Similarly, the mutational preferences

from DMS experiments measure effects of all single amino acid mutations to the genetic

background of the virus A/Perth/16/2009. The metric based on these preferences failed to

predict the future after 2009, reflecting the strong dependence of these preferences on their

original genetic background. Both delta frequency and LBI suffered from overfitting to the

training data, in a more general form of historical dependence.

5.3 How do results from our two studies compare?

The two studies we have presented here use different approaches to analyze the same natural

seasonal influenza populations. We were especially interested to understand how simulated

populations from the two studies differed and whether the optimal predictor from Barrat-

Charlaix et al. [2020] could also be an accurate fitness metric in the modeling framework

from Huddleston et al. [2020].

Simulated populations play an important role in our two studies. We generated these simulated

data as a source of truth where we understand the population dynamics because we defined

them. In Barrat-Charlaix et al. [2020], the simulated binary populations from ffpopsim

[Zanini and Neher, 2012] evolved under strong epistasis and immune escape pressure. These

populations showed us that mutation trajectories could be predictable under these population

genetic constraints. In Huddleston et al. [2020], the simulated nucleotide populations from

SANTA-SIM [Jariani et al., 2019] also evolved under strong epistasis, purifying selection,
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Figure 5.3: Comparison of rising trajectories for natural H1N1pdm trajectories

from Barrat-Charlaix et al. [2020] and simulated seasonal influenza-like popula-

tions from Huddleston et al. [2020]. A) Rising trajectories for H1N1pdm mutations as

reported in Figure S9 of Barrat-Charlaix et al. [2020]. B) Rising trajectories for seasonal

influenza-like populations simulated with SANTA-SIM in Huddleston et al. [2020]. Mutation

trajectories from simulated populations resemble those of natural H1N1pdm mutations.

and an “exposure dependent” fitness function that mimics immune escape pressure. We

used these populations to confirm that our forecasting framework could accurately predict

the composition of future populations. Interestingly, when we inspected the predictability

of the mutation trajectories for these simulated populations, we found that they resembled

the weak predictability of natural H1N1pdm trajectories (Figure 5.3). Despite the weak

predictability of mutation trajectories from these simulated populations, we were able to

forecast the composition of their future populations. These results highlight the importance

of using complete haplotypes to make predictions, as individual mutation trajectories remain

difficult to predict.
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We also wanted to know whether the optimal metric from Barrat-Charlaix et al. [2020] for

selecting a representative of the future, the consensus sequence of the current population,

could make accurate forecasts in the modeling framework from Huddleston et al. [2020]. We

noted above that the closest strain to the future selected by the naive model from Huddleston

et al. [2020] is analogous to the consensus sequence of the current population. One important

difference is that the naive model has to select a previously sampled strain while the consensus

sequence represents a hypothetical strain that may not exist in nature. To understand whether

the consensus sequence could also improve forecasts of the future population’s haplotype

composition, we developed a new fitness metric called the “distance from consensus”. For

each timepoint in our forecasting analysis, we constructed the amino acid consensus sequence

from all extant strains and calculated the pairwise distance between the consensus and each

extant strain. If the consensus sequence is the best representation of the future population,

we expected the corresponding model’s coefficients to be consistently negative. This negative

coefficient would have the effect of penalizing strains whose amino acid sequences diverged

greatly from the consensus sequence.

We fit a model to this new metric using the same 25 years of historical A/H3N2 data

described in Huddleston et al. [2020] and tested the robustness of the model on the last 5

years of A/H3N2 data. We compared the performance of this model to models for LBI and

experimental measures of antigenic drift (HI antigenic novelty). For the first half of the

training period, the distance to consensus metric received a coefficient of zero, meaning it did

not improve forecasts over the naive model (Figure 5.4). In the second half of the training

period, the metric received a strong negative coefficient, as we expected. When we applied

the mean coefficient from the training period to out-of-sample data in the test period, we

found that the distance from consensus metric outperformed LBI and performed only slightly

worse than the antigenic drift metric. These results support findings from both of our studies.

The consensus sequence is a more robust representative of the future than LBI, as shown in

Barrat-Charlaix et al. [2020]. However, experimental measurements of antigenic drift still
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Figure 5.4: Model coefficients and distance to the future for LBI, HI antigenic

novelty, and distance from consensus metrics. A) Coefficients are shown per validation

timepoint (solid circles, N=23) with the mean +/- standard deviation in the top-left corner.

For model testing, coefficients were fixed to their mean values from training/validation and

applied to out-of-sample test data (open circles, N=8). B) Distances between projected and

observed populations are shown per validation timepoint (solid black circles) or test timepoint

(open black circles). The mean +/- standard deviation of distances per validation timepoint

are shown in the top-left of each panel. Corresponding values per test timepoint are in the

top-right. The naive model’s distance to the future (light gray) was 6.40 +/- 1.36 AAs for

validation timepoints and 6.82 +/- 1.74 AAs for test timepoints. The corresponding lower

bounds on the estimated distance to the future (dark gray) were 2.60 +/- 0.89 AAs and 2.28

+/- 0.61 AAs.
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provide more information about the future population than sequence-only metrics, as shown

in Huddleston et al. [2020]. We anticipate that this new distance from consensus metric

could eventually replace the existing mutational load metric in a combined model with HI

antigenic novelty. This new combined model could potentially provide better estimates of

functional constraint (by limiting changes from the consensus) and antigenic drift (by using

experimental measures of antigenic drift phenotypes.)

5.4 How have these results changed how we think about seasonal influenza
evolution?

In general, we found that the evolution of H3N2 seasonal influenza populations remains

difficult to predict. The frequency dynamics and fixation probabilities of individual mutations

resemble neutrally evolving alleles. We can weakly predict the frequency dynamics of seasonal

influenza clades when we combine experimental and genetic data in models that account for

antigenic drift and mutational load. In the best case, we can use these same biologically-

informed models to predict the sequence composition of future seasonal influenza populations.

However, these complex fitness models do not always outperform simpler models, when

predicting which individual virus is the most representative of the future population. In

Barrat-Charlaix et al. [2020], the consensus sequence of the current population was as close

or closer to the future population than the sequence with the highest local branching index.

In Huddleston et al. [2020], a naive model estimated the single closest strain to the future

nearly as well as the best biologically-informed models.

Successful seasonal influenza predictions depend on the choice of prediction targets and

fitness metrics. Future prediction efforts should attempt to estimate the composition of

future populations instead of future clade frequencies. Fitness models should account for

the genetic background of beneficial mutations and favor fitness metrics that are the least

susceptible to model overfitting and historical contingency. The benefits of considering the

genetic background of individual mutations in HA suggest that considering the context of

all genes should yield gains, too. We need measures of antigenic drift from human antisera
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to complement current measures based on ferret antisera. We may also improve forecast

accuracy by accounting for seasonal influenza’s global migration patterns. Most importantly,

we should make the forecasting problem itself easier by embracing efforts to reduce the lag

between vaccine composition decisions and distribution to the public.

With a validated forecasting framework in hand, we can readily produce real-time forecasts at

nextstrain.org and as part of recommendations submitted to the World Health Organization

prior to biannual vaccine composition meetings Bedford et al. [2019]. Other modeling

groups produce similar reports with forecasts of even higher precision. However, there is

no expectation or formal requirement for us to revisit and evaluate the accuracy of our

predictions. The long-term historical accuracy of forecasting models does not matter, if these

models fail to perform consistently in modern forecasts. For this reason, we recommend that

modeling groups formally archive their forecasts for each composition meeting and periodically

assess the performance of their models in real forecasting conditions. Modeling groups that

participate in short-term or within-season seasonal influenza forecasts have already adopted

this approach, as part of the CDC FluSight network. The Zoltar Forecast Archive [Reich

et al., 2020] was designed with these forecasts in mind and could be modified to support

storage of long-term forecasts. We expect that these formal archives of real forecasts will

improve accountability of modeling groups, increase the accuracy of forecasts made by their

models, and encourage community consensus on model targets.
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Appendix A

AUGUR: A BIOINFORMATICS TOOLKIT FOR
PHYLOGENETIC ANALYSES OF HUMAN PATHOGENS

A.1 Summary and statement of need

The analysis of human pathogens requires a diverse collection of bioinformatics tools. These

tools include standard genomic and phylogenetic software and custom software developed

to handle the relatively numerous and short genomes of viruses and bacteria. Researchers

increasingly depend on the outputs of these tools to infer transmission dynamics of human

diseases and make actionable recommendations to public health officials [Black et al., 2020,

Bedford et al., 2020]. Under these circumstances, bioinformatics tools must scale rapidly with

the number of disease samples to enable real-time analyses of pathogen evolution. To meet

these needs, we developed Augur, a bioinformatics toolkit designed for phylogenetic analyses

of human pathogens.

Augur originally existed as an internal component of the nextflu [Neher and Bedford, 2015]

and Nextstrain [Hadfield et al., 2018] applications. In its original form, Augur consisted of

two monolithic Python scripts, “prepare” and “process”, that performed most operations

in memory. These scripts prepared a subset of pathogen sequences and metadata and

then processed those data to produce an annotated phylogeny that could be viewed at

nextstrain.org. The original nextflu scripts only supported seasonal influenza viruses.

When nextflu was replaced with Nextstrain and expanded to support multiple viral and

bacterial pathogens, each pathogen received its own copy of the original scripts. The resulting

redundancy of these large scripts complicated efforts to debug analyses, add new features for

all pathogens, and add support for new pathogens. Critically, this software architecture led

nextstrain.org
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to long-lived, divergent branches of untested code in version control that Nextstrain team

members could not confidently merge without potentially breaking existing analyses.

A.2 Implementation

To address these issues, we refactored the original Augur scripts into a toolkit of individual

subcommands wrapped by a single command line executable, augur. With this approach,

we followed the pattern established by samtools [Li et al., 2009] and bcftools [Li, 2011]

where subcommands perform single, tightly-scoped tasks (e.g., “view”, “sort”, “merge”,

etc.) that can be chained together in bioinformatics pipelines. We migrated or rewrote the

existing functionality of the original Augur scripts into appropriate corresponding Augur

subcommands. To enable interoperability with existing bioinformatics tools, we designed

subcommands to accept inputs and produce outputs in standard bioinformatics file formats

wherever possible. For example, we represented all raw sequence data in FASTA format,

alignments in either FASTA or VCF format, and phylogenies in Newick format. To handle

the common case where a standard file format could not represent some or all of the outputs

produced by an Augur command, we implemented a lightweight JSON schema to store the

remaining data. The “node data” JSON format represents one such Augur-specific file format

that supports arbitrary annotations of phylogenies indexed by the name assigned to internal

nodes or tips. To provide a standard interface for our own analyses, we also designed several

Augur subcommands to wrap existing bioinformatics tools including augur align (mafft

[Katoh et al., 2002]), augur tree (FastTree [Price et al., 2010], RAxML [Stamatakis, 2014],

and IQ-TREE [Nguyen et al., 2014]), and augur refine (TreeTime [Sagulenko et al., 2018]).

By implementing the core components of Augur as a command line tool, we were able to rewrite

our existing pathogen analyses as straightforward bioinformatics workflows using existing

workflow management software like Snakemake [Köster and Rahmann, 2012]. Most pathogen

workflows begin with user-curated sequences in a FASTA file (e.g., sequences.fasta) and

metadata describing each sequence in a tab-delimited text file (e.g., metadata.tsv). Users
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can apply a series of Augur commands and other standard bioinformatics tools to these

files to create annotated phylogenies that can be viewed in Auspice, the web application

that serves Nextstrain (Figure A.1). This approach allows users to leverage the distributed

computing abilities of workflow managers to run multiple steps of the workflow in parallel

and also run individual commands that support multiprocessing in parallel.

The modular Augur interface has enabled a proliferation of phylogenetic and genomic

epidemiological analyses by academic researchers, public health laboratories, and private

companies. Most recently, these tools have supported the real-time tracking of SARS-CoV-2

evolution at global and local scales. This success has attracted contributions from the open

source community that have allowed us to improve Augur’s functionality, documentation, and

test coverage. Augur can be installed from PyPI (nextstrain-augur) and Bioconda (augur).

See the full documentation for more details about how to use or contribute to development

of Augur.

A.3 Figures
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A B

Figure A.1: Example workflows composed with Snakemake from Augur commands

for A) Zika virus and B) tuberculosis. Each node in the workflow graph repre-

sents an Augur command than performs a specific part of the analysis (e.g.,

aligning sequences, building a tree, etc.). A typical workflow starts by filtering

sequences and metadata to a desired subset for analysis followed by inference

of a phylogeny, annotation of that phylogeny, and export of the annotated phy-

logeny to a JSON that can be viewed on Nextstrain. Workflows for viral (A)

and bacterial (B) pathogens follow a similar structure but also support custom

pathogen-specific steps. Multiple outgoing edges from a single node represent

opportunities to run the workflow in parallel. See the full workflows at https:

//github.com/nextstrain/zika-tutorial and https://github.com/nextstrain/tb.

https://github.com/nextstrain/zika-tutorial
https://github.com/nextstrain/zika-tutorial
https://github.com/nextstrain/tb
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