
©Copyright 2024

Marlin Figgins



From Mechanism to Practice: Evolutionary Forecasting for

SARS-CoV-2

Marlin Figgins

A dissertation

submitted in partial fulfillment of the

requirements for the degree of

Doctor of Philosophy

University of Washington

2024

Reading Committee:

Ivana Bozic, Chair

Trevor Bedford, Advisor

Mark Kot

Program Authorized to Offer Degree:

Applied Mathematics



University of Washington

Abstract

From Mechanism to Practice: Evolutionary Forecasting for SARS-CoV-2

Marlin Figgins

Chair of the Supervisory Committee:
Associate Professor Ivana Bozic

Applied Mathematics

Novel genetic variants often arise due to mutations in circulating viral populations. These

mutations can sometimes provide fitness advantages to members of the population allowing

them to out-compete other variants through mechanisms such as partial immune escape

and increased transmissibility. This interplay of mutation, transmission, and selection leads

to evolution in the population. Therefore, understanding the genetic composition of viral

populations and its relation to virus phenotype can be useful for understanding the current

and future epidemic potential of viral variants.

This dissertation develops several theoretical ideas, statistical methods, and software tools

that enable evolutionary forecasting for SARS-CoV-2 and other rapidly evolving pathogens

using concepts from population genetics, mathematical epidemiology, and statistics.

We begin by developing a Bayesian method for estimating the effective reproduction

number of genetic variants using counts of variant sequences and measures of incidence such

as case counts.

To evaluate this method among others, we develop a workflow to compare frequency-based

forecast models in a live forecasting environment, quantifying the short-term accuracy of such

methods and suggesting a minimal sequencing capacity to ensure high quality forecasts.

Next, we develop a larger theory for how mechanistic models of transmission constrain

how variant frequencies change over time. This leads to theoretical results for the trade-



off between immune escape and increased transmissibility and suggests new methods for

modeling variant fitness using approximate Gaussian processes as well as latent pseudo-

immune factors.

We then apply these ideas to incorporate molecular data on immune escape and phylo-

genetic structure into relative fitness estimates to enable out-of-sample prediction of relative

fitness from sequence-level predictors.

Our focus then shifts to the operational problem of evolutionary forecasting, where we de-

velop open-source software and visualization tools that can be used to implement, automate,

and interpret evolutionary forecasts.
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Chapter 1

INTRODUCTION

The emergence of SARS-CoV-2, the virus behind COVID-19, has drastically changed

our world, affecting health, economies, and daily life. First identified in late 2019, this virus

quickly spread globally, triggering a pandemic that has impacted millions.

The pandemic had been characterized by recurrent waves of infection, driven by genetic

variants such as the Alpha, Beta, Delta, and Omicron variants. [79, 85, 84, 27]

Even following the end of the pandemic, there have been multiple infection waves caused

by seasonality in transmission as well as evolution of novel SARS-CoV-2 variants that can

evade existing immune responses in individuals with past exposure.

Immune escape driven by antigenic evolution has motivated annual updates to the COVID-

19 vaccine to better protect individuals with weakened immune systems and those without

past or recent exposure.

Evolution in SARS-CoV-2 has produced genetic variants that exhibit strain-specific im-

mune responses in humans as measured through serology, neutralization titers, and deep

mutational scanning assays. [9, 45, 24, 86]

Therefore, understanding both the virus’s evolution and transmission dynamics are cru-

cial for managing the pandemic and crafting effective public health strategies. As SARS-

CoV-2 continues to spread, the virus will mutate and new variants with unique traits emerge,

influencing their transmissibility, severity, and ability to evade immunity.

Novel genetic variants often arise due to mutations in currently circulating virus pop-

ulations. These mutations can sometimes provide fitness advantages to members of the

population allowing them to out-compete other variants through mechanisms such as partial

immune escape, increased transmissibility, among others. This interplay of mutation, trans-



2

mission, and selection leads to evolution in the population. Therefore, understanding the

genetic composition of viral populations and its relation to virus phenotype can be useful for

understanding the current and future epidemic potential of viral variants.

Forecasting these variants is essential for predicting future infection waves, guiding public

health measures, and informing vaccine development. However, this task is challenging due

to the virus’s rapid mutation rate and the dynamic nature of human immunity and behavior.

Accurate models are needed to predict how these variants will evolve and spread, to

monitor SARS-CoV-2 evolution, and to mitigate future outbreaks.

Objectives and problem statement The primary objective of this dissertation is to

develop and evaluate models that accurately forecast the evolution and spread of SARS-CoV-

2 variants. This involves integrating concepts from epidemiology, evolutionary biology, and

applied mathematics to create a comprehensive framework for understanding viral dynamics.

One of the fundamental challenges in forecasting SARS-CoV-2 variants is accounting

for the virus’s rapid mutation rate and its interaction with the human immune system.

Mutations can lead to new variants with increased transmissibility or the ability to evade

immunity. To address this, it is essential to incorporate mathematical models that can

capture the complexities of viral evolution and spread.

In order to contextualize this work, I will begin with an overview of existing methods for

understanding infectious disease transmission, relevant epidemiological quantities, and their

relationships to one another.

I will then discuss existing methods for understanding population turnover from popula-

tion genetics and their relationship to some of the related quantities in the epidemiological

context.

I will then provide an overview of Bayesian inference, model development, and optimiza-

tion methods that will be used throughout this dissertation to estimate quantities from data

and make predictions while quantifying uncertainty.

Lastly, I will end this introduction by discussing the larger problem of evolutionary fore-
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casting: its components, its aims, and the benefits of developing data-driven evolutionary

forecasts on a global scale.

1.1 Epidemic models

I will give a basic introduction of the ordinary differential equation (ODE) formulation of

epidemic models. We begin with the classic SIR model [47].

We will assume that there are three types of individuals in the population: susceptible

(S), infected (I), and recovered (R). Susceptible individuals can become infected, infected

individuals eventually recover (or die), and recovered individuals cannot become infected

once again. This gives us the system of equations

dS

dt
= −βSI, (1.1)

dI

dt
= βSI − γI, (1.2)

dR

dt
= γI, (1.3)

where β is an effective infectious contact rate, γ is a recovery rate. This form of the model

lends itself to a couple of analyses that will become important as we extend these models to

more complicated infection dynamics.

Effective reproduction number An important quantity that is derived from epidemic

models is the effective reproduction number Rt. We can see that when Rt = βS(t)/γ > 1, the

number of infected individuals will be increasing, i.e., dI
dt
> 0. This effective reproduction Rt

controls the direction of the epidemic and reflects the average number of secondary infections

caused by a single infection. In the special case where the population is fully susceptible

(S(t) = 1), this quantity is called the basic reproduction number R0, and it is interpreted

as the average number of secondary infections caused by a single individual in an otherwise

completely susceptible (naive) population.
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1.2 Multistrain models

We’ll now dive further into the evolutionary component of these models. In order for evolu-

tion to occur, we need a balance of mutation (generating heritable diversity) and selection

(differential survival and reproduction based on that diversity).

For the goal of evolutionary forecasting of virus strains, we need to develop a notion of a

multistrain model. These models will describes population with different types of infecting

strains whose differences are heritable. This enables selection for different strains over time.

A two-strain epidemic model We first consider a standard ODE-based model for infec-

tious diseases with multiple variants: an SIR model in which there are a wild-type wt and a

variant var. We assume that the variant virus can differ in two ways from the wild type: it

may differ in innate transmissibility by a factor of ηT , or it may differ in its infectious period

by a factor ηG. This gives us the system of ordinary differential equations

dS

dt
= −βSIwt − βηTSIvar, (1.4)

dIwt

dt
= βSIwt − γIwt = rwt(t)Iwt, (1.5)

dIvar

dt
= βηTSIvar − γηGIvar = rvar(t)Ivar. (1.6)

In this model, we now have two different R0 values, Rwt
0 = β

γ
and Rvar

0 = ηT
ηG
Rwt

0 . This shows

that there is a dependence between transmissibility and the timing of infections. If ηT > ηG,

the variant will spread faster than the wildtype, leading to increase in the relative proportion

of the variant within the population.

Though this model is not appropriate for infectious diseases with non-trivial competi-

tion dynamics via strain-specific immunity for example, it gives us an essential result for

epidemiological modeling of genetic variants. [36]
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1.3 Population genetics, viral fitness, and selection

As viruses spread from individual to individual, they generate genetic variation through

mutation, drift, and selection. In the context of ordinary differential equations, we’ve shown

that multiple strains can co-circulate and may dominate one another over time. However,

we still need to develop an understanding of how this co-circulation and transmission affects

the underlying population’s genetic diversity.

When dealing with pathogens with serial replacement, causing large waves of infection,

we’re primarily interested in selection. Selection acts as a “force” on the genetic diversity of

the population favoring particular genetic variants and causing the population to evolve in

response to particular environmental pressures. We’ll now define selection and evolution.

• Selection is the process by which individuals produce more offspring in certain envi-

ronments.

• Evolution is the change in the genetic composition of the population over time due to

selection, genetic drift, and heritable variation.

Often, we’re interested in not just the presence of selection but its magnitude. When

quantifying selection in population genetics, the selection coefficient or relative fitness are

often discussed. In the following section, we’ll introduce both these quantities and their

relationship to one another.

Suppose that we have alleles A and B in a population with xA individuals having allele

A and xB having allele B. We assume that individuals with alleles A and B produce on

average WA and WB offspring respectively. These WA and WB are the Wrightian fitness of

these alleles. Assuming that the number of offspring has Poisson distribution with means WA

and WB respectively, we can write the count of offspring with allele A in the next generation

x′A as

x′A ∼ Multinomial

(
N,

WAxA
WAxA +WBxB

)
, (1.7)
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where we’ve fixed the total number of offspring at N . Using this equation, we can write the

expected frequency of allele A, pA = xA
xA+xB

, and its variance as

E[p′A] =
WApA

WApA +WBpB
=
WA

W̄
pA, (1.8)

Var[p′A] =
p′A(1− p′A)

N
, (1.9)

where we have defined the mean fitness W̄ = WApA + WBpB. This provides a baseline for

how fitness changes under fitness dynamics.

To measure the magnitude of selection for a particular allele, we can define the selection

coefficient s so that the fitness of A is WA = (1 + s)WB per generation. Using our earlier

derivation, we can write the expected frequency of the allele A assuming selection coefficient

s after n generations of length τ days

pA(n) =
(1 + s)npA(0)

(1 + s)npA(0) + (1− pA(0))
. (1.10)

There are alternative ways to quantify selection. The methods above used the absolute

fitness WA and WB to derive selection coefficients s in order to quantify selection. Alternative

models focus on exponentially growing populations. These approaches have been developed

for and applied to modeling SARS-CoV-2 variant turnover. These models often estimate

the relative fitness of variants based on changes in variant frequencies. Relative fitness is

the relative capacity for individuals to reproduce in a population. In exponentially growing

populations, we can think about this as the difference between the growth rates. Where

absolute fitness tells us expected number of offspring, relative fitness tells us how variants

differ in their capacity to spread.

One model in this vein that has gained popularity for analyzing SARS-CoV-2 variant

frequencies and estimating relative fitness is multinomial logistic growth (MLR). Assuming

that each variant has a fixed fitness relative to all others, we can derive a model for variant

frequencies over time

fv(t) =
pv exp(rvt)∑
u pu exp(rut)

, (1.11)
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where fv is the frequency of variant v in the virus population at time t. Here, rv and pv can

be thought of as variant-specific growth rates per day and initial prevalence. Due to the fact

that adding a constant to the growth rates does not affect the frequencies, rv is not uniquely

identifiable for all variants. Additionally, we have the constraint that the initial prevalence

of each variant must add to one. Therefore, we often instead work with a model of the form

fv(t) =
exp(λvt+ αv)∑
u exp(λut+ αu)

, (1.12)

where we’ve set some variant as a pivot with λpivot = αpivot = 0. By choosing to constrain

λpivot = 0, we make the model the identifiable. We’ve also incorporated the logarithm of

the initial prevalence log pv into the exponential function as αv, mirroring the form of a

generalized linear model. Using these MLR models, the relative fitness of variant v relative

to the pivot is often interpreted as being λv.

By using the mean generation time τ , we can approximate the relative effective reproduc-

tion number of variants as Rv
t /R

pivot
t = exp(λvτ), which is equivalent to assuming that the

generation time distribution is a point mass at τ . This approximation allows us to convert

our estimated relative fitness λv from time in days to a per-generation growth advantage. We

can relate this model of relative fitness to our earlier model of selection by noting that we can

convert from number of generations n to number of days t using the generation time, t = nτ .

Substituting the above into our model of selection, we compare the selection coefficient s to

the relative fitness λ,

(1 + s)t/τ = exp(λvt) =⇒ λvτ = log (1 + s) ≈ s. (1.13)

This approximation holds for small s ≈ 0 using a linear approximation of log(1 + x).

This provides a simple relationship between the traditional selection coefficient s used in

population genetics and the relative fitness λ that we’ll use throughout this dissertation.
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1.4 Bayesian inference

For this general project of relating epidemic dynamics and population genetics, we need to

take these models and connect them to what is observed or observable for statistical analysis.

In our case, we rely primarily on Bayesian inference methods. We’ll shortly review several

features of Bayesian inference that are useful for this kind of modeling.

In short, Bayesian inference is focused on the properties of the joint probability distribu-

tion p(x,θ) of data x and parameters θ under a given model m.

Posterior distribution. Given a model and data, we can provide estimates of a possible

distribution of parameters conditional on observed data using Bayes rule

p(θ | x) =
p(x | θ) · p(θ)∫
p(x | θ′)p(θ′)dθ′

. (1.14)

This distribution is called the posterior distribution of θ under model m. Notice, this distri-

bution depends on both the likelihood of the data given the model parameters θ p(x | θ)

and the prior probability of the parameters p(θ) before observing data. These priors are

often set as a part of model building and can be useful for regularization, smoothing, and

modeling data hierarchically.

Posterior samples allow us to estimate expectations. Most often, we approximate

this distribution using samples from the posterior distribution using methods like Markov

Chain Monte Carlo or Variational Inference.

These samples allow us to get expectations of function under the posterior distribution,

so that we can compute

Ep(θ|x)[f(θ)] =

∫
Θ

f(θ)p(θ | x)dθ. (1.15)

These expectations can be used to compute the probability of events under the posterior

distribution including distributions for missing or future data.
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Using these objects in Bayesian inference allows us to incorporate prior information about

a system of interest, estimate parameters accounting for uncertainty in the model and ob-

servation, and build models that can be informed by various data sources simultaneously.

1.5 Genetic diversity and variant classification

The classification of viral populations into variants, as seen in systems such as WHO variant

labeling, Nextstrain clades, and Pango lineages, plays a central role in making viral evolu-

tion interpretable and simplifying communication of infection risk or evolution. [40, 4, 68]

These classifications exist not only to monitor viral diversity but also to guide public health

decisions, ensuring that responses are grounded in structured simplifications of genetic data.

In this context, variant assignment allows us to collapse the continuous landscape of viral ge-

netic diversity into discrete categories, making it easier to perform population-level analyses

and quantify key evolutionary forces, such as selection pressure.

This section will explore how variant assignment provides both a technical framework and

a practical method for simplifying viral diversity. While mathematically related to clustering

problems in statistics and machine learning, the utility of variant assignment lies in how it

reduces complexity in order to inform viral forecasting, selection quantification, and public

health interventions. We will demonstrate how this approach helps us predict viral evolution

and guide real-world decisions.

Variant assignment for simplifying genetic diversity In viral populations, genetic

diversity is vast and continuous, with sequences differing from one another by a spectrum

of mutations. This continuous diversity creates challenges when analyzing population-level

traits, such as fitness or transmissibility. Assigning sequences to variants simplifies this

diversity by grouping sequences with similar biological properties, allowing for easier analysis

without losing critical biological information. Variant assignment can be formalized using

phenotypic metrics.

Let G represent a general metric that captures a relevant trait of sequence xi such as
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fitness, transmissibility, or immune escape potential. By grouping sequences based on these

traits and their similarity, we reduce the dimensionality of the viral population, making the

population easier to analyze. Importantly, the purpose of these classifications is to provide

meaningful categorizations of genetic diversity that can be used for scientific analysis and

public health decision-making.

Minimizing within-variant variance Variant assignment relies on minimizing the vari-

ability within each variant for the selected phenotypic metric G(x). This process can be

understood as minimizing the within-variant sum of squares (WCSS), which measures how

close the sequences within each variant are to the variant’s average trait value. For a set of

variants {V1, V2, . . . , VK}, the WCSS is given by

WCSS =
K∑
k=1

∑
x∈Vk

(G(x)− µVk)2 (1.16)

=
K∑
k=1

|Vk|Varx∼Vk [G(x)], (1.17)

where µV is the centroid of variant metric, representing the average value of the metric for

sequences in that variant.

Minimizing WCSS ensures that the variance within each variant is as small as possi-

ble, meaning that sequences within a variant are phenotypically similar. This reduction of

genetic diversity into variants can provide a simplified representation of viral populations,

facilitating analysis while retaining the critical biological differences needed to understand

viral dynamics. It is important to note that minimizing phenotypic variance within a cluster

does not necessarily mean that sequences form a proper clade. In practice, we may want to

produce evolutionarily meaningful clades that also minimize phenotype variance.

Simplifying Population-Level Expectations Using Variants One of the key advan-

tages of variant assignment is that it simplifies population-level questions, such as estimating



11

the average fitness or transmissibility of the population. Directly analyzing every sequence in

the population is computationally impractical, particularly as viral diversity grows. Assign-

ing sequences to variants allows us to approximate population-level statistics using variant-

level summaries.

For example, to estimate the expected value of a phenotypic trait G(x) (such as fitness)

across the population, the exact expectation is given by

EXt [G] =

∫
X
G(x)pXt(x)dx, (1.18)

where pXt(x) is the probability density of sequences at time t.

By assigning sequences to variants, we can approximate this expectation using variant

frequencies fv(t) and an estimate of average trait value Gv within variant v. The average

trait value approximates EXt|V=v[G] and can be estimated with a statistical model or taken

from sample averages. This gives us an approximation

EXt [G] ≈
∑
u

fu(t)Gu, (1.19)

for the expected phenotype across the population, which reduces a potentially complex in-

tegral into a weighted sum of variant means. This allows us to estimate expectations of

variant phenotypes without sequence-level phenotype predictions or a generative sequence

model pXt(x). Instead, we operate at the level of variant.

Error Bounds and Limitations How well this approximation works depends on how

similar the sequences within the variant are with respect to the trait G. We can see this by

developing a bound

ε =

∣∣∣∣∣EXt [G]−
∑
u

Gufu(t)

∣∣∣∣∣
2

(1.20)

=

∣∣∣∣∣
K∑
u=1

(EXt|V=u[G]−Gu)fu(t)

∣∣∣∣∣
2

, (1.21)

on the error of this approximation.
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We can introduce a per-variant mean squared error as

εv = EXt|V=v[(G(x)−Gv)
2] (1.22)

= EXt|V=v[
(
G(x)− EXt|V=v[G] + EXt|V=v[G]−Gv

)2
] (1.23)

= VarXt|V=v[G] + (EXt|X=v[G]−Gv)
2, (1.24)

which depends on the intrinsic variance of the phenotype within the variant and the squared

bias in the estimated mean phenotype of the variant. Using that the probability of each

variant is equal to its frequency fv(t), we can bound the total error with the Cauchy-Schwarz

inequality

ε =

∣∣∣∣∣∑
u

(EXt|V=u[G]−Gu)fu(t)

∣∣∣∣∣
2

(1.25)

≤

(∑
u

fu(t)

)
︸ ︷︷ ︸

=1

∑
u

(EXt|V=u[G]−Gu)
2︸ ︷︷ ︸

εu

fu(t)

 (1.26)

≤
∑
u

εufu(t). (1.27)

This shows our approximation exhibits a bias-variance trade-off. For unbiased estimates

of the mean variant phenotype, this approximation will be most accurate when the within-

variant variance is minimized and the variants are well-separated in the phenotypic space. If

the variance of the phenotype within a variant is too large, the mean phenotype may no longer

represent all sequences within the variant. Bounding the error of this approximation, by

comparing the variant-level approximation to the exact population-level calculation, provides

a deeper understanding of when the simplification works well and when it may fail. In

practice, reassigning sequences or refining the metric might be necessary to maintain the

effectiveness of the variant assignment.

Application to Viral Forecasting and Selection The broader significance of variant

assignment lies in how it supports viral forecasting and the quantification of selection pres-



13

sures. By grouping sequences into variants, we can more easily track how traits such as fitness

or transmissibility evolve over time and predict future changes in the viral population.

For example, in the context of viruses like SARS-CoV-2 or influenza, where selection plays

a significant role in shaping the population, we may choose variants so that we minimize

fitness variation within a variant. This allows us to quantify how selection acts on different

variants by tracking changes in the variant frequencies over time. Variants with higher

fitness values will increase in frequency, allowing us to forecast which variants are most

likely to dominate future populations. Moreover, this framework can support public health

interventions. By identifying the variants that are under the strongest selective pressure or

are most likely to spread, we can make informed decisions about vaccine updates, mitigation

strategies, and resource allocation.

Variant assignment, then, provides a powerful tool for simplifying the analysis of viral

populations. By collapsing genetic diversity into variants, we can approximate population-

level expectations using variant-level summaries, significantly reducing the complexity of the

analysis. This approach also supports the broader goals of viral forecasting and public health,

as it allows us to track how selection pressures shape the viral population over time at scale

without requiring the entire sequence for each sample. In practice, phenotypes can be taken

as molecular measurements such as neutralization titers against human sera, immune escape

computed from deep mutational scanning assays, ACE-2 binding, numbers of mutations in

particular regions of the genome, or multi-dimensional sequence-based embeddings. [45,

24, 39, 59] For pathogens like SARS-CoV-2 or influenza, where selection plays a critical

role, using fitness as a metric for assessing the fidelity of variant assignment helps simplify

evolutionary dynamics and predict future changes in the viral population while minimizing

approximation error.

1.6 Evolutionary forecasting and its components

With these preliminaries, we now identify several steps towards our goal of mechanism-

informed evolutionary forecasting of viruses.
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Understanding how viral populations evolve over time is essential for public health in-

terventions, vaccine development, and pandemic preparedness. Evolutionary forecasting

provides the tools to predict how variant frequencies will change in response to selective

pressures, mutation, and genetic drift.

I’ll begin by describing the major targets of evolutionary forecasting mathematically

using models of frequency change. This requires describing the population genetic forces

that underlie frequency change and evolution. Though we’ve focused on selection thus far,

it is important to note that selection coexists with genetic drift and mutation.

Genetic drift quantifies the randomness in frequency change due to demographic stochas-

ticity impacting reproduction between generations. This is represented in our early model of

allele frequency change by the variance of the frequency of allele A in the next generation p′A.

In equation 1.9, we can see the variance between generation decreases as the population size

N increases. In general, the magnitude of the genetic drift depends on the effective popula-

tion size Ne, which acts similarly to N , but accounts for factors like unequal contribution to

the next generation, overlapping generations, and changes in the population size over time,

which are extremely relevant for viral populations. This effective population size Ne is an

important feature of population genetic models and is often used as a proxy for prevalence

in coalescent-based phylodynamic analyses, though assumption on the generation time τ are

necessary to isolate Ne. [57]

Simplifying to variant-level dynamics We begin by considering a population of viral

sequences over time Xt. Through genomic surveillance, we can sample from the distribution

of viruses to observe sequences x
(1)
t , . . . , xNt

t ∼ Xt.

We use stochastic differential equations (SDEs) motivated by our earlier results to model

the evolution of this virus. If we assume that genotype x has frequency f(x, t), we can model

the change in frequency of that genotype as
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dfx(t) =
[
λx(t)− λ̄(t)

]
fx(t)dt︸ ︷︷ ︸

selection

+σ(x, t)dWt︸ ︷︷ ︸
drift

+µ
∂2

∂x2
f(x, t)dt︸ ︷︷ ︸

mutation

, (1.28)

where λx(t) is the fitness of genotype x at time t, λ̄(t) =
∫
X λz(t) · fz(t)dz is the mean fitness

in the population at time t. We also have σ(x, t) =
√

f(x,t)(1−f(x,t))
Ne

, which captures genetic

drift, i.e., the random fluctuations in the frequency due to randomness in reproduction.

Lastly, we have a diffusion term, µ ∂2

∂x2
f(x, t)dt, which describes the diffusion of frequency

across genotype space due to mutation with µ as the mutation rate.

By leveraging the variant assignment framework introduced earlier, we can simplify our

models by tracking the dynamics among variants to predict future changes in viral popula-

tions. Our SDEs are reduced to a system of V equations representing each variant

dfv(t) =
[
λv(t)− λ̄(t)

]
fv(t)dt+ ΣdWt, (1.29)

where I’ve now dropped the mutation term. This reduced system of equations depends on

the variant level fitnesses over time, the mean fitness λ̄(t) =
∑

u λu(t) · fu(t), and a V × V

covariance matrix Σ for genetic drift. The covariance matrix Σ for the genetic drift between

variants has elements

Σij =


fi(1−fi)
Ne

, if i = j,

−fifj
Ne
, if i 6= j.

(1.30)

This captures the variance of each variant (i = j) and the negative covariance between

variants (i 6= j) due to the finite population constraint.

This suggests that, instead of working with continuous genotypes, we may be able to

model factors like selection and genetic drift by looking at variant-level data. Thinking

about frequency change in the population in terms of variant frequency drastically simplifies

analysis since we only need labels of variant status over time instead of full sequences,

enabling analysis at a much larger scale.
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The components of evolutionary forecasting Understanding and forecasting viral evo-

lution requires integrating genetic diversity, fitness estimation, and population-level dynam-

ics into a cohesive framework. We’ll now outline the essential components of this process,

highlighting how these elements interact to enable forecasts of variant dynamics.

The first step in evolutionary forecasting is summarizing genetic diversity in a way that

captures key patterns while enabling fitness estimation. Genetic diversity reflects the inter-

play of selection, drift, and mutation in shaping frequency.

When quantifying genetic diversity in practice, we typically work with variant classifi-

cations and the frequencies of these variants as summaries of this genetic diversity. These

variant frequencies are the foundation of these forecasts as they reflect the fitness of these

variants, the stochastic effects of genetic drift, and diversification within a variant due to

mutation.

Relative fitness estimation is central to evolutionary forecasting and a central task of

this dissertation. Beyond merely estimating relative fitness, we seek to contextualize relative

fitness with the mechanisms that drive it and use these ideas to predict the population-level

impact of evolution.

Understanding the biological basis for fitness differences is essential for forecasting. Medi-

ated by mutations in viral proteins that enable evasion of host immunity or enhance binding

affinity, viral characteristics like immune escape or transmissibility underpin relative fitness

advantages and can cause large waves of infection.

The relative fitness is also context-dependent, influenced by past infection and exposure,

spatial heterogeneity, and waning immunity within a population. These forms of population

structure introduce complex spatial and temporal dynamics into evolutionary forecasts. To

account for this, we need to assess how population structure affects relative fitness in real-

time and how this will carry into the future.

Evolutionary forecasting is inherently uncertain, complicated by mutation, genetic drift,

and changing population structure. By combining these elements, we can potentially improve

our estimates and forecasts of relative fitness and project changes in variant frequencies over
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time, capturing both short-term and long-term dynamics.

As we continue to improve our methods for forecasting, what remains is to develop

evolutionary forecasting as a practice. This requires ensuring that we have the data, methods,

and software tools needed to produce forecasts in real-time, quantify their uncertainty, and

communicate these results.

1.7 Overview of chapters and contributions

This dissertation develops fitness-based models by integrating epidemiological data, popu-

lation genetics, and Bayesian methods for understanding, modeling, and forecasting viral

evolution.

The chapters progress from mechanistic models that jointly estimate transmission and

evolutionary dynamics to data-driven, mechanism-informed models incorporating external

data for long-term forecasting. Each chapter contributes to building a comprehensive frame-

work for understanding and predicting the spread of viral variants in pathogens such as

SARS-CoV-2.

Chapter 2: Inferring variant-specific effective reproduction numbers from com-

bined case and sequencing data In this chapter, we develop a model that jointly es-

timates variant-specific reproduction numbers (Rt) and relative fitness. The integration of

case and sequencing data allows us to make statements about both transmission rates and

evolutionary dynamics simultaneously. This mechanistic framework provides deeper insights

into the joint behavior of evolution and transmission.

Key contributions:

• We integrate case data and sequencing data to model evolution and transmission jointly,

offering real-time insights into how variants spread and evolve under different condi-

tions.

• We develop a model that jointly estimates both variant-specific effective reproduction
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numbers and relative fitness capturing the interaction between evolutionary dynamics

and transmission rates.

• We set the stage for models in later chapters that will refine the understanding of

transmission and immunity by linking these processes to fitness.

Chapter 3: Fitness models provide accurate short-term forecasts of SARS-CoV-2

variant frequency This chapter develops a framework and pipeline for evaluating fitness-

based models of short-term evolutionary forecasts like those developed in Chapter 2. The

emphasis is on assessing the performance of statistical models and the importance of data

quality and sequencing capacity in improving forecast accuracy.

Key contributions:

• We develop a framework and pipeline for evaluating MLR models and other fitness-

based models in the context of short-term forecasting, focusing on forecast accuracy

and reliability.

• We show the limitations of statistical models for longer-term forecasts, emphasizing

the need for more comprehensive approaches.

• We identify the role of data quality and sequencing capacity in enabling accurate

forecasts, suggesting that a minimum of 1,000 sequences per week is necessary for

reliable short-term predictions.

• We set the stage for models in later chapters that will integrate external data to improve

forecast reliability by better capturing transmission mechanisms and immune escape.

This chapter provides a rigorous evaluation of fitness-based forecasting models and em-

phasizes the importance of data collection and integration in producing accurate short-term

forecasts.
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Chapter 4: Frequency dynamics predict viral fitness, antigenic relationships and

epidemic growth Building on the insights from Chapters 2 and 3, this chapter develops

a comprehensive framework that combines epidemiological theory and population genetics

to estimate time-varying relative fitness. This chapter introduces several contributions, in-

cluding a selective pressure metric, a latent factor model, and a focus on immune escape as

a critical factor for explaining fitness dynamics and viral evolution.

Key contributions:

• We develop a Gaussian Process model for estimating time-varying relative fitness, to

track how variants evolve in real-time regardless of underlying mechanism.

• We derive a selective pressure metric, which predicts epidemic growth rates without

the need for case data, based solely on genetic data.

• We develop a latent factor pseudo-immune model, which constructs a pseudo-antigenic

space, allowing for comparisons of immunity differences between populations and in-

forming forecasts about antigenic evolution.

This chapter provides a deeper understanding of how transmission mechanisms and im-

mune escape influence viral evolution, offering critical insights for improving the forecasting

of variant success.

Chapter 5: Forecasting SARS-CoV-2 lineage success from molecular data Build-

ing on the constraints and limitations identified in Chapters 3 and 4, this chapter develops

a novel framework that integrates molecular phenotypes with relative fitness innovations to

forecast the success of SARS-CoV-2 variants. By leveraging deep mutational scanning data,

these models provide a mechanism-informed approach to disentangle the effects of shared

ancestry and quantify the contributions of immune escape and transmissibility-related traits

to lineage success.

Key contributions:
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• We develop a framework that integrates molecular phenotype data with fitness inno-

vations to quantify and predict lineage success.

• We introduce a regression-based prior for fitness that enables out-of-sample forecasting

of relative fitness for unseen variants, extending models introduced in earlier chapters.

• We demonstrate that immune escape is the dominant phenotypic driver of fitness, while

transmissibility-related traits such as ACE2 binding affinity and RBD expression also

contribute.

• We validate our framework’s predictive accuracy, highlighting its potential for real-time

monitoring and broader application to other rapidly evolving pathogens.

This chapter advances the field by providing a scalable, data-driven framework that com-

bines molecular phenotypes with evolutionary modeling to improve forecasting of lineage

success. Its applications extend beyond SARS-CoV-2, offering insights into antigenic evolu-

tion and supporting public health decision-making through proactive variant surveillance.

Chapter 6: Operationalizing evolutionary forecasts: evofr and forecasts-ncov

Using the theoretical and statistical grounding developed in previous chapters, this chapter

develops and describes software that takes evolutionary forecasting from a series of one-off

analyses to a practice. The software tools evofr and forecasts-ncov move evolutionary

forecasts from a series of bespoke analyses on relative fitness and variant frequency to a

tool kit for rapidly implementing these analyses and a reproducible workflow for real-time

monitoring and forecasting SARS-CoV-2 evolution in practice.

Key contributions:

• We develop a Python package evofr that implements many of the tools needed to

analyze and forecast variant frequency change and estimate relative fitness.
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• We develop an automated and reproducible workflow forecasts-ncov for producing

and visualizing forecasts of SARS-CoV-2 variant evolution.

This chapter operationalizes evolutionary forecasting, transforming the discipline from

a series of scientific analyses to a dynamic process for predicting pathogen evolution using

genomic surveillance data.

Chapter 7: Conclusions and Future Work This chapter synthesizes the contributions

of the previous chapters and explores potential directions for future research. It highlights

how the development of data-driven and mechanism-informed models sets the stage for fur-

ther advances in viral forecasting, including future integration of external data sources and

the application of generative sequence models to evolutionary forecasting.

I summarize how the work in this dissertation advances viral forecasting by developing

models that integrate epidemiological data, population genetics, and Bayesian inference.

Next, I propose future research directions, including the integration of external data sources

to refine and evaluate forecasting models, the application of these models to other viral

families, and the development of generative sequence models for evolutionary forecasting.

This concludes the dissertation by offering a vision for the future of evolutionary forecasting

of viruses.
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Chapter 2

INFERRING VARIANT-SPECIFIC EFFECTIVE
REPRODUCTION NUMBERS FROM COMBINED CASE AND

SEQUENCING DATA

2.1 Abstract

Accurately estimating relative transmission rates of SARS-CoV-2 variants remains a scien-

tific and public health priority. Recent studies have used the sample proportions of different

variants from genetic sequence data to describe variant frequency dynamics and relative

transmission rates, but frequencies alone cannot capture the rich epidemiological behavior

of SARS-CoV-2. Here, we extend methods for inferring the effective reproduction num-

ber of an epidemic using confirmed case data to jointly estimate variant-specific effective

reproduction numbers and frequencies of co-circulating variants using cases and sequences

across states in the US from January 2021 to March 2022. Our method can be used to infer

structured relationships between effective reproduction numbers across time series allowing

us to estimate fixed variant-specific growth advantages. We use this model to estimate the

effective reproduction number of SARS-CoV-2 Variants of Concern and Variants of Interest

in the United States and estimate consistent growth advantages of particular variants across

different locations.

2.2 Introduction

As SARS-CoV-2 evolves, variants may emerge that increase in their ability to transmit and

escape acquired immunity [77]. Quantifying the observed growth advantages of SARS-CoV-

2 variants allows us to better understand biological differences between circulating viruses

[79, 25]. Relating genomic data of SARS-CoV-2 variants to epidemic surveillance data is
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difficult. Although it is typical to use phylodynamic methods to analyze genetic sequence

data from epidemics, the sheer amount of data as well as challenges to describing fitness

effects in phylodynamic models make these methods hard to apply to potential differences

in transmission rate among circulating variants. In order to deal with the limitations of phy-

lodynamic inference, previous studies have estimated the growth of variants using observed

frequencies in sequenced SARS-CoV-2 samples [5, 31, 60, 44]. Such methods often model the

frequency of variants using multinomial logistic regression [5, 60], which generally assumes

that genetic variants have a fitness advantage over one another that is fixed in time and acts

as an estimate for the selective advantage of different variants at the level of frequencies.

Although a consistent increase in frequency of one variant over another is expected to reflect

differences in transmission rate, these models do not directly account for the complicated

infection and transmission dynamics that influence which variants lead to local and regional

epidemics. When dealing with competition between variants, variants that are declining in

frequency can still lead to an increasing number of infections. Similarly, growth in frequency

does not necessarily entail an increase in absolute infections.

To more fully capture epidemiological dynamics, there are methods that describe the

growth in number of infections using confirmed case, hospitalization, or death data to esti-

mate changes in the effective reproduction number Rt, the average number of infections a

single infectious individual generates at a given point of time t. Although these methods

are excellent for describing overall epidemic growth rates, they cannot capture the evolu-

tionary dynamics and fitness changes between different variants since they generally assume

the population dynamics are described by a singular Rt trajectory [22, 1], which internally is

unrelated to the genetic and phenotypic composition of the population. This is of particular

importance in the analysis of an epidemic in which a dominant variant may be declining over-

all, but a minor variant is rapidly increasing in frequency and absolute prevalence, creating

the potential for a secondary wave of infections that may go unnoticed at first glance. To

overcome this we require models that partition case counts into contributions from different

variants to estimate variant-specific effective reproduction numbers.
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Ongoing SARS-CoV-2 evolution serves as an important example of this phenomenon.

After initial emergence in late 2020, over the course of 2021, Variant of Concern (VOC)

and Variant of Interest (VOI) viruses spread throughout the world and replaced existing

viral diversity. Multiple WHO designated [52] VOC and VOI viruses circulated in spring

and early summer 2021, but this diversity was largely replaced by Delta variant viruses,

which became globally dominant in late summer 2021. Subsequently, Delta variant viruses

were rapidly eclipsed by Omicron variant viruses after Omicron’s emergence in October 2021

[83]. Although it is now clear that Delta’s spread was driven by greater transmissibility than

other co-circulating variants and Omicron’s rapid spread was primarily driven by escape from

existing population immunity, rigorous estimates of the relative fitness of circulating variant

viruses are of interest. Here, we develop a joint epidemiological and population genetic model

of SARS-CoV-2 to assess the growth of different variants over time and infer differences in

the effective reproduction numbers of SARS-CoV-2 variants as well as underlying frequency

of variants under noisy sampling. We apply this model to sequence data and case count

data from the United States between January 2021 and March 2022 to estimate differences

in transmissibility between circulating VOC and VOI viruses.

2.3 Results

Model Overview We implement two models of variant-specific effective reproduction

number based on a renewal equation framework of epidemic spread (see Methods), a fixed

growth advantage model and a time-varying growth advantage model (growth advantage

random walk — GARW). These models assume that new infections are determined by two

essential parameters: the effective reproduction number, which determines the average num-

ber of secondary infections generated over the course of a primary infection, and the genera-

tion time, which determines length of infection and relative transmissibility over the course of

the infection. In both models, variants generate infections independently of one another, but

the sum of infections across variants is observed through surveillance data like case counts

or hospitalizations. In order to disaggregate infections by variant, we rely on frequency
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estimates that are informed by counts of sequenced samples using a Dirichlet-multinomial

likelihood.

The transmission of each variant is modeled using a deterministic renewal equation that

allows for realistic delay distributions between infection, transmission, and detection as a

case. With this approach, we need only to determine the initial number of infections and the

variant-specific effective reproduction numbers to estimate the frequency of each variant in

the population over time. Due to this, the differences between the two models are determined

in how each parameterizes variant-specific effective reproduction numbers.

Each variant in the fixed growth advantage model has its own multiplicative growth

advantage that acts as a scaling to a single non-variant Rt trajectory (Fig. 2.1). With this

fixed growth advantage model, we parameterize fitness of variants at the level of transmission

by inferring variant-specific effective reproduction numbers. This differs from previous work

on variant effective reproduction numbers, which often parameterize these differences by

assuming logistic growth of frequencies [27, 84]. Though, in general, our method allows

one to estimate variant growth in the frequency domain in terms of effective reproduction

number differences, we find that assuming a fixed advantage for variants results in estimates

that are qualitatively similar to the aforementioned models, which assume fixed growth

advantages in frequency growth. This model provides the benefit of the inferred parameters

being interpretable as scaling the effective reproduction number.

In cases where a singular fixed growth advantage is insufficient to describe the data, we

extend our model to allow time-varying growth advantages (Fig. 2.2). In the GARW model,

we introduce a variant Rt that infers the effective reproduction number of each variant as

having a time-varying growth advantage relative to a base variant to allow for more complex

relationships between the growth rates of different variants over time. Each variant effective

reproduction number is parameterized using an exponentiated spline basis, so that the log

effective reproduction numbers are described by a linear basis expansion. Therefore, we can

use smoothing priors on the coefficients of these basis expansions to regularize the inferred

time-varying growth advantages of each variant.
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Figure 2.1: Fitting the fixed growth advantage model to Washington state data.

(a) Posterior expected cases without weekly seasonality in reporting rate. Gray bars are

observed daily case counts, while blue lines are model inferences with 50%, 80% and 95%

credible intervals. (b) Posterior expected cases by variant. Each colored line is a different

variant with intervals of varying opacity showing 50%, 80% and 95% credible intervals. (c)

Posterior variant frequency against observed sample frequency. Dots represent observed

weekly frequencies in sequence data and each colored line is a different variant with shaded

CIs. (d) Variant-specific effective reproduction numbers. (e) Posterior growth advantage by

variant.

We demonstrate these models on data from Washington State with results from the fixed

growth advantage model shown in Figure 2.1 and results from the GARW model is shown in

Figure 2.2. Further example model output for California, Florida, Michigan and New York

is provided in the supplemental appendix in Figures A.5–A.12.
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Estimating growth advantages in the United States We estimate the effective repro-

duction numbers of SARS-CoV-2 Variant of Concern and Variant of Interest viruses in the

United States using daily confirmed case counts obtained from the US CDC and sequence

counts annotated by variant obtained from the Nextstrain-curated ‘open’ dataset [40] (see

Data and code accessibility). Each sequence is labeled with a Nextstrain clade [40], and we

partition clades into variants based on WHO VOC/VOI designation [52]. Nextstrain clades

annotated in the fashion correspond to a subset of lineages designated by Pango [68]. We

consider the following 8 variants that have been flagged as variants of interest or concern

and which circulated in the US during 2021 and early 2022: Alpha (Pango lineage B.1.1.7,

Nextstrain clade 20I), Beta (lineage B.1.351, clade 20H), Gamma (lineage P.1, clade 20J),

Delta (lineage B.1.617.2, clade 21A), Epsilon (lineage B.1.427/429, clade 21C), Iota (lineage

B.1.526, clade 21F), Mu (lineage B.1.621, clade 21H) and Omicron (lineage B.1.1.529, clade

21M). We use a cutoff of 2000 sequences from a particular variant across states to determine

threshold of circulation. This eliminates Eta, Theta, Kappa and Lambda from consideration

and groups these variants along with ancestral ‘non-variant’ viruses into a single ‘other’ cat-

egory. We use a cutoff of 12,000 sequences from a particular state as basis for including the

state in the dataset. This cutoff left 34 states available for inference.

In order to inform our estimates of the frequency of genetic variants, we divide sequences

from each state into daily sample counts for each of the 8 variants above and a single

‘other’ category. We then use these counts alongside the daily case counts in each state

to estimate the effective reproduction number for individual variants using the GARW Rt

model. We find that overall there appears to be consistent trends in the effective reproduction

numbers of variants across the United States (Fig. 2.3). We see that early VOCs Alpha and

Gamma initially had Rt > 1, but saw Rt decline below one across most states in April and

May respectively. Upon arrival in May, Delta shows significantly higher values of Rt that

don’t decline below 1 until September. Initial Omicron Rt in November and December is

significantly greater than earlier variants, but declines below 1 in late January and early

February after driving large epidemics across states.
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In order to transform these observed trends to a variant-specific growth advantage, we rely

on our fixed growth advantage model, which infers a fixed variant-specific growth advantage

as a multiplicative scaling of the effective reproduction number. Using the fixed growth

advantage model, we find that most variants identified share some positive growth advantage

except for Epsilon (Fig. 2.4). Further, these growth advantages appear to be consistent

between the states analyzed. These results from the fixed growth advantage model are

consistent with a multinomial logistic growth analysis (Fig. A.1). Alpha, Beta, Gamma and

Iota show modest growth advantage over largely ancestral ‘other’ viruses, while Mu and

Delta show larger growth advantages. Mu has previously been associated with increased

neutralization resistance to convalescent serum [81], and its advantage of 1.2–1.8 across

states is perhaps partially driven by immune escape. Despite this, Mu’s growth advantage,

whether from immune escape or otherwise, was insufficient to outcompete Delta in any of

the states analyzed. Delta’s advantage of 1.6–2.0 across states is particularly significant.

Given that this large growth advantage was evident in May (Fig. 2.3), Delta’s rapid rise in

frequency and sizable epidemic should have been clear at the time. The significant growth

advantage observed in Delta is recapitulated in other studies including Obermeyer et al. [60]

and Vöhringer et al. [84]. In the case of Omicron, we see significant variability in the growth

advantage, which spans 2.0–4.4. This large variability could be motivated by multiple factors

including state-level variation in population immunity.

To better address the potential for change in variant growth advantage over time, we

use our GARW model on the same data set to assess how variants increased or decreased

in their growth advantages over time. We see growth advantages that are overall consistent

with our fixed growth advantages, but are clearly able to discern time periods of variable

growth advantage (Fig. 2.5). We observe oscillations in Delta’s growth advantage from June

to January. For Omicron, we also observe a large variability in the time-varying growth

advantage, though there appears to be an upward trend after December.
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2.4 Discussion

We find that a model that partitions case count data based on variant frequency in sequence

data works well to describe SARS-CoV-2 variant dynamics in the United States from January

2021 to March 2022. In each state, spring waves in 2021 were primarily driven by the arrival

of Alpha, Beta, Gamma, and Iota variants. However, as these waves subsided, the arrival

of Delta with a significantly greater growth advantage, drove a large wave in summer 2021.

Omicron’s arrival in November 2021 drove a much larger wave in January/February 2022 due

to significant immune escape of the variant. Importantly, we can directly estimate a variant-

specific Rt, which for example, shows that Delta was a growing rapidly sub-epidemic across

states in May, before its impact was noticeable in overall case counts, and that Omicron’s

initial Rt was estimated to be between 2 and 3 in December 2021, presaging a substantial

Omicron driven wave.

We imagine that this approach could provide early warning of imminent epidemics driven

by low-frequency but highly transmissible variants and generally serve to identify newly

arising variants that show significant transmission advantages and that may drive epidemics.

Indeed, we have continually updated estimates of spread of Omicron and Omicron sublineages

BA.2, BA.2.12.1, BA.4 and BA.5 using this method and shared results in real-time online

at github.com/blab/rt-from-frequency-dynamics. As an example, we estimate the growth

advantages of Omicron sublineages BA.2, BA.2.12.1, BA.4, and BA.5 during their rise in the

United States in Figure 2.6. These real-time estimates have served as a basis for reporting

to public health, policy makers and the general public.

With this mind, this work is not without limitations. The underlying transmission model

is deterministic and does not account for demographic stochasticity and over-dispersion in

transmission, which has been documented in SARS-CoV-2 transmission [88]. As with all

methods that depend on parameterizations of the generation time, misspecification of the

generation time can lead to biased estimates of the effective reproduction number or growth

advantages [38]. In order to quantify this source of error, we derive an equation relating

https://github.com/blab/rt-from-frequency-dynamics/
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our inferred growth advantages, the epidemic growth rates, and the mean and standard

deviation of the generation time distribution. This source of error can be partially combated

by converting effective reproduction numbers to their corresponding epidemic growth rates

under the generation time assumption (see Supplement Appendix). There is also a general

need to account for biases in the case data that may not faithfully describe the infection

dynamics of SARS-CoV-2 due to changes in case ascertainment rate, as possibly caused by

differences in testing intensity and infection severity, among other reasons. However, we

suspect that case ascertainment remained largely consistent from January to ∼Dec 2021,

even if it declined with the advent of widespread circulation of Omicron.

We do not explicitly model additional introductions of variants outside a fixed seeding

period that can play an important role in variants establishing themselves in different ge-

ographies at low infection counts and could bias our estimates of the effective reproduction

number if not properly accounted for [22, 57]. However, we expect that once local transmis-

sion is predominant that estimated Rt will reflect characteristics intrinsic to the variant in the

local geography. Using hierarchical models of variants to jointly estimate growth advantages

and pool estimates across locations could be a useful approach for analyzing consistency

between growth advantages of variants geographically and beginning to combat the issue

of multiple introduction events. That said, fully combating this issue would likely involve

incorporating demographic stochastic into the model at the level of transmission and likely

reduce the speed of inference, scalability, and limit available inference options.

Although there are several ways to improve these methods and expand their applicability,

our current model does have utility as a way of assessing early claims of variant advantages

and is able to show there is evidence of consistent variant advantages shared between different

geographies. Additional work is needed to attribute these inferred advantages to biological

mechanisms like immune escape and transmissibility [77]. Modeling the effect of changes in

other factors such as contact patterns or non-pharmaceutical interventions can be done with

the current formulation of the model by including quantities of interest as features in the Rt

model as in Sharma et al. [72].
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In general, the development of methods that can account for fitness differences between

genetic variants is much needed in order for proper epidemic preparedness. Our method

provides one way of analyzing the growth rates of SARS-CoV-2 variants without directly

parameterizing how variants grow in terms of frequency by instead focusing on differences

in the effective reproduction number. In cases where the assumption of a fixed growth

advantage is warranted and justified, our fixed growth advantage model provides a way of

quantifying variant growth advantages at the level of transmission that allow for various

delays between infection, transmission, and sampling. When a fixed growth advantage is

unjustified, our GARW model can be used infer trends in variant growth advantages over

time. Currently, our GARW model can be used to assess claims of growth advantages of

variants and their sublineages.

This method can be extended further to analyze the role of specific constituent mutations

defining a variant or lineage in changing the effective reproduction number of specific variants

directly, similar to the model formulation of Obermeyer et al. [60]. With this in mind, our

method potentially has use for evolutionary forecasting of variants for SARS-CoV-2 as we

inform the frequency dynamics of co-circulating variants by describing their population-level

transmission dynamics [2]. Extending the model further towards this aim will likely require

methods for quantifying various sources of population immunity as well as escape potential for

circulating and emerging SARS-CoV-2 variants as a way to explain these growth advantages

and their underlying mechanisms using data. With these issues in mind, surveillance of

variants should be folded into standard epidemiological surveillance as knowledge of variant-

specific growth advantages will be useful for forecasting growth of cases, hospitalization,

deaths, vaccine effectiveness among other key metrics related to epidemic response.

Further, as case surveillance for COVID-19 has decreased in reliability after 2022, we

note that this method is still applicable using other proxies for infection incidence such as

hospitalization data or wastewater testing. However, even in the absence of these forms of

data, our approach highlights the distinction between relative fitness of viral variants and

their overall transmission rates allowing us to attribute changes in incidence to selection and
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variant turnover.

2.5 Methods

Using sampled counts of sequences from different variants as well as case data, we can jointly

infer the proportion of variants in the larger population and the effective reproduction number

of these variants.

Modeling the infection process We estimate the effective reproduction number of com-

peting variants using a deterministic renewal equation based framework. These equations

arise as the expectation of a Bellman-Harris branching process [10], which is a type of branch-

ing process in which offspring generation depends on the age of infection.

The renewal equation framework allows one to model infection processes in a way that is

mathematically equivalent to standard epidemic models like the SEIR compartment model

[20], but in a way that can be more suitable for estimating the effective reproduction number

and forecasting using arbitrary generation times. This renewal equation can be written as

I(t) = Rt

∫ t

0

I(τ)gt−τdτ, (2.1)

where g is the generation time. In addition, we also include onset distribution o for symptoms,

which allows us to compute the prevalence, or the number of active infections, as

P (t) =

∫ t

0

I(τ)ot−τdτ. (2.2)

We bin the generation time g and the onset distribution o to the nearest day, so that we

estimate the daily incidence I(t) and prevalence P (t) as

I(t) = Rt

∑
τ<t

I(τ)gt−τ , (2.3)

P (t) =
∑
τ<t

I(τ)ot−τ . (2.4)
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We parameterize all variants excluding Delta and Omicron as having generation time g

as having Gamma distribution with mean 5.2 and standard deviation 1.2, in line with the

estimates of [35]. Due to observed shorter serial intervals for Delta and Omicron, we instead

use a mean generation time of 3.6 for Delta and a mean of 3.2 for Omicron [6, 71, 74]. For all

variants, we parameterize the onset time o as having LogNormal with mean 6.8 and standard

deviation 2.0 in line with [21]. We note that the choice of generation time can have strong

effects on the inferred effective reproduction number and growth advantage under our renewal

equation model. The effect of generation time choice is quantifiable as shown in Figures A.2,

A.4 and Supplemental Appendix (see Relating epidemic growth rates to relative effective

reproduction numbers). Though converting the posterior effective reproduction numbers to

epidemic growth rates may be more robust to changes in generation time as can be seen in

Figure A.3.

This method of using delays to represent lags between infection and observation can be

extended to use multiple delays to better fit other data sources such as hospitalization or

deaths.

Modeling variant frequencies In the case of V variants co-circulating in a population,

we denote incidence of variant v at time t as Iv(t) and prevalence as Pv(t). In this case,

we can compute the frequency of variant v in the population at time t under the infection

process outlined above as

fv(t) =
Pv(t)∑

1≤v≤V Pv(t)
. (2.5)

Since we’ve defined the frequency in terms of the transmission dynamics, the variant-specific

effective reproduction numbers Rt,v and initial infections Iv(0) determine the frequency dy-

namics directly. Therefore, we do not need to impose a parametric form on fv(t) directly as

in other models of variant frequency.

Observation process for cases As most case time series in the United States and else-

where exhibit day-of-the-week biases, we estimate a reporting rate, which varies by day of
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the week, so that ρ = (ρ1, . . . , ρ7) as in [1]. We then define the observation likelihood using

a negative binomial distribution as follows

Yt ∼ NegBinom(ρ[t]P (t), α), (2.6)

where [t] = t mod 7 + 1, α is an over-dispersion parameter relative to the Poisson distribu-

tion, and NegBinom(µ, α) is the negative binomial distribution with mean µ and variance

µ + αµ2. In the case of multiple variants, we use P (t) =
∑

1≤v≤V Pv(t). The negative bino-

mial likelihood is often used for modeling observation noise for count data such as epidemic

time series which are often over-dispersed relative to a Poisson distribution. In order to

account for zero-counts due to a lack of observations, we also include zero-inflation on the

case counts.

Observation process for variant annotations If we suppose that we are tracking the

growth of V variants, our data for a given day t takes the form of daily counts Ct =

(Ct,1, . . . , Ct,V ) of sequences of each variant with daily total Nt =
∑

1≤v≤V Ct,v. We then as-

sume that the likelihood of observing these counts of each variant is described by a Dirichlet-

multinomial distribution, so that

Ct ∼ DirMultinomial

(
Nt, f(t) ·

(
1− ξ
ξ

))
, (2.7)

given variant frequencies f(t) = (f1(t), . . . , fV (t)) and over-dispersion parameter 0 < ξ < 1.

Here, we use a Dirichlet-multinomial distribution to account for possible over-dispersion in

the counts relative to the standard multinomial distribution.

Basis expansions of log effective reproduction numbers Instead of inferring Rt di-

rectly, we parameterize the logarithm of the effective reproduction number using a basis of

cubic splines. Each basis spline is written as a column in the design matrix X, so that

lnRt = Xβ, (2.8)
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where the β are to be estimated to parameterize the effective reproduction number. We

then use locally adaptive smoothing of order one with a Laplace prior on the coefficients

β to promote smoothness on the inferred Rt trajectory [32]. This method also allows one

to use other predictors such as vaccination proportion, intervention indicators, temperature,

humidity, etc.

Modeling variant-specific effective reproduction numbers To model the variant-

specific reproduction numbers, we can infer independent effective reproduction number tra-

jectories for each variant

lnRt,v = Xβv, (2.9)

where each variant v gets its own vector of parameters βv in this model. We use the same

prior structure as above to promote smoothness on inferred trajectories.

Modeling variant-specific growth advantages In order to use our model to infer

growth advantages for specific variants, we can instead parameterize the effective repro-

duction numbers as

lnRt,v = Xβ + δv, (2.10)

where the parameters β are shared between all variants and δv is the log-scale variant-specific

growth advantage of variant v. We consider ∆v = exp(δv) to be the variant-specific growth

advantage, which can be seen in Figure 2.4. This model is referred to as the “fixed growth

advantage model” throughout the paper.

Estimating time varying growth advantages In reality, the growth advantage of a

variant may vary in time due to factors like cross-immunity between variants, overall immune

escape, etc. This can additionally occur under variant generation time misspecification [62].

To combat these issues, we extend our model to allow for time-varying growth advantages.

We consider a growth advantage random walk model (GARW) in which the time-varying

variant growth advantage δt,v relative to a chosen “base” variant is modeled as a spline whose
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coefficients βv have a Laplace random walk prior,

lnRt,base = Xβbase, (2.11)

δt,v = Xβv, (2.12)

lnRt,v = lnRt,base + δt,v. (2.13)

This model is referred to as the GARW model throughout the paper and can be seen in

Figure 2.2

Estimating an average effective reproduction number for an epidemic Given

variant-specific effective reproduction numbers Rt,v and the frequency of variants in the

population fv(t), we define the average effective reproduction number to be

Rave
t =

∑
1≤v≤V

Rt,vfv(t), (2.14)

which is the sum of the variant-specific effective reproduction numbers weighted by their

frequency. This quantity can be seen in Figure 2.2.

Priors for Bayesian Inference For both models, we provide a Laplace random walk prior

on the spline coefficients β with scale parameter γ, which itself has a HalfNormal(0, 0.1)

prior distribution. In the fixed growth advantage model, only a baseline Rt trajectory is

parameterized by β and the variant advantages δv are given a Normal(0, 1) prior. For the

GARW model, the variant growth advantage spline coefficients are modeled with a Laplace

random walk with scale parameter γδ which has HalfNormal(0, 0.01) prior distribution. The

initial infected individuals for each variant have a uniform prior between 0 and 300,000.

The weekly reporting rates ρ[t] each follow a Beta(5, 5) prior, and the case observation over-

dispersion is given a HalfNormal(0, 0.05) prior on α
1
2 . Finally, the over-dispersion parameter

ξ is given a Beta(1, 99) prior to penalize high levels of over-dispersion in sequencing.

Inference The model is implemented in NumPyro [64] in Python and approximate Bayesian

inference was conducted using Stochastic Variational Inference [41] using the ADAM opti-
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mizer [49] with a learning rate of 0.01. For the analyses presented, all models are fit using a

full-rank Gaussian variational distribution / Multivariate Normal autoguide as implemented

in NumPyro [64], which approximates the posterior (with appropriate constraints on the

individual parameter spaces) as a multivariate normal distribution.

Models for each individual state in the United States variants data set were fit for 60,000

iterations, and 3000 posterior samples were produced under both the fixed growth advantage

model and the GARW model.

Data and code accessibility

Case counts and sequence data was obtained March 26, 2022. Case count data was obtained

from the US CDC using the ‘United States COVID-19 Cases and Deaths by State over

Time’ dataset available from data.cdc.gov. Sequence data including date and location of

collection as well as clade annotation was obtained via the Nextstrain-curated ‘open’ dataset

[40] that pulls from sequences shared to NCBI GenBank. Sequence metadata is available

from data.nextstrain.org. Clades in this dataset are assigned via Nextclade annotation [4].

Here, we subsetted to sequences with specimens collected from the USA between January 1,

2021 and March 1, 2022. We additionally filtered to sequences with known collection date,

assigned Nextstrain clade and dropped samples that were flagged as ‘bad’ by Nextclade QC.

This subsetting resulted in 1,906,759 sequences for analysis. However, we reduced dataset to

just the 34 states with more 12,000 sequences available in this time frame. Doing so reduced

the full dataset to 1,541,099 sequences for analysis.

Derived data of sequence counts and case counts, along with all source code used to ana-

lyze this data and produce figures is available via the GitHub repository github.com/blab/rt-

from-frequency-dynamics.
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Figure 2.2: Fitting the GARW model to Washington state data. (a) When assessing

epidemic growth rates, we often compute a single effective reproduction number trajectory

which is effectively an average over the all viruses in population. We show the posterior

smoothed incidence over time as well as the average effective reproduction number. Gray

bars are observed daily case counts, while black intervals are the posterior 50%, 80% and

95% credible intervals. (b-d) Epidemics are made of different variants which may differ in

fitness. We show the posterior variant-specific smoothed incidence (b) as well as the average

and variant-specific effective reproduction numbers (c-d). (e-f) Using case counts alongside

sequences of different variants allows us to understand the proportion of different variants in

the infected population.
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Figure 2.3: Inferred effective reproduction numbers from GARW model in 34

states show consistent trends of variants across states. Each panel shows a series of

34 trajectories, representing Rt through time for this variant across states. Shaded intervals

show 50%, 80% and 95% credible intervals.
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Figure 2.4: Using fixed growth advantage model, we infer growth advantages for

8 variants in 34 US states. (a) Growth advantages for variants of concern. Each point

is the median growth advantage inferred from a single state. (b) Same as (a) but with state

medians visualized by variant.
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Figure 2.5: Estimating variant growth advantages in 34 states using GARW model.

Each panel shows a series of 34 trajectories, representing ∆v through time for variants across

states. Histograms show the distribution of the variant’s growth advantage over time. Shaded

intervals show 50%, 80% and 95% credible intervals.
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Figure 2.6: Estimating growth advantages of Omicron sublineages relative to BA.1

in 33 US states. (a) Time-varying growth advantages for BA.2, BA.2.12.1, BA.4, and

BA.5 relative to BA.1 using the GARW model. Histograms denote the distribution of the

variant growth advantages across all times. (b) Fixed growth advantages for Delta and BA.2

relative to BA.1 using fixed growth advantage model. (c) Same as (b) but with state medians

visualized by variant.
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Chapter 3

FITNESS MODELS PROVIDE ACCURATE SHORT-TERM
FORECASTS OF SARS-COV-2 VARIANT FREQUENCY

Author summary

Over the course of the COVID-19 pandemic, SARS-CoV-2 evolved into many different genetic

variants such as the well known Alpha, Beta, Gamma and Delta variants in early 2021 and the

Omicron variant in late 2021. These genetic variants could more easily spread from person

to person and so outcompeted previous versions of the virus. Even if they aren’t being given

Greek letter names, new variants are still arising with recent waves of COVID-19 caused by

variants such as XBB and JN.1. Predicting which variants will increase in frequency and

which variants will decrease in frequency is important for public health, particularly in terms

of updating the formulation of the annual COVID-19 vaccine. In this paper, we investigate

statistical models that use observed frequencies of different variants in the past weeks to

estimate the frequency of different variants today and to forecast the frequency of different

variants in 30 days time. We find that in countries with sufficient amounts and timeliness of

genetic sequence data, these models forecast well and can be a useful tool for public health.

3.1 Abstract

Genomic surveillance of pathogen evolution is essential for public health response, treatment

strategies, and vaccine development. In the context of SARS-COV-2, multiple models have

been developed including Multinomial Logistic Regression (MLR), describing variant fre-

quency growth, as well as Fixed Growth Advantage (FGA) and Growth Advantage Random

Walk (GARW) parameterizations, describing variant Rt. These models provide estimates

of variant fitness and can be used to forecast changes in variant frequency. We introduce a
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framework for evaluating real-time forecasts of variant frequencies, and apply this framework

to the evolution of SARS-CoV-2 during 2022 in which multiple new viral variants emerged

and rapidly spread through the population. We compare models across representative coun-

tries with different intensities of genomic surveillance. Retrospective assessment of model

accuracy highlights that most models of variant frequency perform well and are able to pro-

duce reasonable forecasts. We find that the simple MLR model provides ∼0.6% median

absolute error and ∼6% mean absolute error when forecasting 30 days out for countries with

robust genomic surveillance. We investigate impacts of sequence quantity and quality across

countries on forecast accuracy and conduct systematic downsampling to identify that 1000

sequences per week is fully sufficient for accurate short-term forecasts. We conclude that

fitness models represent a useful prognostic tool for short-term evolutionary forecasting.

3.2 Introduction

The emergence of acute respiratory virus SARS-CoV-2 causing COVID-19 disease and its

subsequent circulating variants severely impacted global health and worldwide economies

[61]. Due to its rapid evolution, original SARS-CoV-2 strains were replaced by derived,

selectively advantageous variant lineages during 2021 [14], with Omicron, a highly trans-

missible and immune evasive variant becoming the dominant strain in early 2022 [83]. It

has become increasingly evident that monitoring the evolution and dissemination of these

variants remains crucial with SARS-CoV-2 continuing to evolve beyond Omicron [18]. Fore-

casting variant dynamics allows us to make informed decisions about vaccines and to predict

variant-driven epidemics.

Fitness models are a key framework for forecasting changes in variant frequency through

time. These models were first introduced for the study of seasonal influenza virus [55, 56, 42]

and have relied on correlates of viral fitness such as mutations to epitope sites on influenza’s

surface proteins. In modeling emergence and spread of SARS-CoV-2 variant viruses, the use

of Multinomial Logistic Regression (MLR) has become commonplace [5, 31, 60, 75]. Here,

MLR is analogous to a population genetics model of a haploid population in which different
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variants have a fixed growth advantage and are undergoing Malthusian growth. As such,

it presents a natural model for describing evolution and spread of SARS-CoV-2 variants.

Additionally, models introduced by Figgins and Bedford [34] incorporate case counts and

variant-specific Rt, but still can be used to project variant frequencies while Piantham et al

[66] does not incorporate them.

Here, we systematically assess the predictive accuracy of fitness models for nowcasts and

short-term forecasts of SARS-CoV-2 variant frequencies. We focus on variant dynamics dur-

ing 2022 in which multiple sub-lineages of Omicron including BA.2, BA.5 and BQ.1 spread

rapidly throughout the world. We compare across several countries including Australia,

Brazil, Japan, South Africa, Trinidad and Tobago, the United Kingdom, the United States,

and Vietnam to assess genomic surveillance systems with different levels of throughput and

timeliness. To assess the performance of these models, we used mean and median absolute

error (AE) as a metric to compare the predicted frequencies to retrospective truth. This

metric allowed us to evaluate the accuracy and reliability of the models and to identify those

that were most effective in predicting SARS-CoV-2 variant frequency. We also examined

aspects of country-level genomic surveillance that contribute to errors in these models and

explored the role of sequence availability on nowcast and forecast errors through downsam-

pling sequencing efforts.

3.3 Results

Reconstructing real-time forecasts

We focus on SARS-CoV-2 sequence data shared to the GISAID EpiCoV database [73]. Each

sequence is annotated with both a collection date, as well as a submission date. We seek

to reconstruct data sets that were actually available on particular ‘analysis dates’, and so

we use submission date to filter to sequences that were available at a specific analysis date.

We additionally filter to sequences with collection dates up to 90 days before the analysis

date. We categorize each sequence by Nextstrain clade (21K, 21L, etc. . . ) as such clades are
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generally at a reasonable level of granularity for understanding adaptive dynamics [11]; there

are 7 clades circulating during 2022 vs hundreds of Pango lineages. Resulting data sets for

representative countries Japan and the USA for analysis dates of Apr 1 2022, Jun 1 2022, Sep

1 2022 and Dec 1 2022 are shown in Fig. 3.1A, while Fig. B.1 shows data sets for Australia,

Brazil, South Africa, Trinidad and Tobago, the UK, and Vietnam. We see consequential

backfill in which genome sequences are not immediately available and instead available after

a delay due to the necessary bottlenecks of sample acquisition, testing, sequencing, assembly

and data deposition. Thus, even estimating variant frequencies on the analysis date as a

nowcast requires extrapolating from past week’s data. Different countries with different

genomic surveillance systems have different levels of throughput as well as different amounts

of delay between sample collection and sequence submission [13].

We employ a sliding window approach in which we conduct an analysis twice each month

(on the 1st and the 15th) and estimate variant frequencies from −90 days to +30 days

relative to each analysis date. We illustrate our frequency predictions using the MLR model

showing resulting trajectories for Japan and the US in Fig. 3.1B and showing trajectories for

Australia, Brazil, South Africa, Trinidad and Tobago, the UK, and Vietnam in Figs. B.2–B.7.

Sometimes we see initial over-shoot or under-shoot of variant growth and decline, but there

is general consistency across trajectories. Additionally, we retrospectively reconstructed

the simple 7-day smoothed frequency across variants and present these trajectories as solid

black lines. We treat this retrospective trajectory as ‘truth’ and thus deviations from model

projections and retrospective truth can be assessed to determine nowcast and short-term

forecast accuracy. Consistent with less available data, we observe that the model predictions

for Japan were more frequently misestimated compared to the United States with particularly

large differences for clades 22B (lineage BA.5) and 22E (lineage BQ.1) (Fig. 3.1B).

Model error comparison

We utilize five models for predicting the frequencies of SARS-CoV-2 variants. The simplest

of these models is Multinomial Logistic Regression (MLR) commonly used in SARS-CoV-2
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Figure 3.1: Reconstructing available data sets and corresponding predictions for

Japan and USA. (A) Variant sequence counts categorized by Nextstrain clade from Japan

and United States at 4 different analysis dates. (B) +30 day frequency forecasts for variants

in bimonthly intervals using the MLR model. Each forecast trajectory is shown as a different

colored line. Retrospective smoothed frequency is shown as a thick black line.

analyses [5, 31, 60, 75], which uses only variant-specific sequence counts and has a fixed

growth advantage for each variant. More complex models include the Fixed Growth Ad-

vantage (FGA) and Growth Advantage Random Walk (GARW) parameterizations of the
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variant Rt model introduced by Figgins and Bedford [34], which uses case counts in addition

to variant-specific sequence counts. The Piantham et al. model [66] operates on a similar

principle in estimating relative fitness, but differs in model details and does not use case

counts. We compare these four models to a naive model to serve as a reference for com-

parison. The naive model is implemented as a 7-day moving average on the retrospective

raw frequencies using the most recent seven days for which sequencing data is available. We

compare forecasting accuracy across different time lags from −30 days back from date of

analysis as hindcast, to +0 days from date of analysis as nowcast, and +30 days forward

from date of analysis as forecast.

We refer to the absolute error AEm,d
t for a given model m, data set d and time t as

the difference between the retrospective 7-day smoothed frequency and the model predicted

frequency (see Methods). We calculate median absolute error and mean absolute error across

datasets and across time lags to assess the relative performance of the models for the eight

countries (Fig. 3.2 and Table 3.1). As expected, we observe decreasing performance across

models as lags increase from −30 days to +30 days. For example, median absolute error

increases for the MLR model from 0.1–1.4% at −30 days, to 0.3–2.0% at 0 days and to 0.5–

1.9% at +30 days. Similarly, mean absolute error increases for the MLR model from 0.4–4.2%

at −30 days, to 2.2–8.6% at 0 days and to 5.8–12.0% at +30 days. All four forecasting models

perform better than the naive model, with all four models exhibiting similar performance.

We observe a larger decrease in performance as lags increase in terms of mean absolute error

compared to median absolute error. Absolute error varies substantially across predictions

for individual analysis dates and variants with most predictions having very little error,

while a subset of predictions have larger error (Fig. 3.3). This skewed distribution results in

the large observed differences between median and mean summary statistics. Thus, models

predict frequencies well most of the time, but are occasionally incorrect and the proportion

of incorrect predictions increases through time.

In addition to calculating median and mean absolute error, we estimate the coverage

of 95% posterior latent frequencies (Fig. B.8A) and posterior predictive sample frequencies
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Table 3.1: Median and mean absolute error across models, countries and forecast

lags Models with the lowest error for each country / lag combination are bolded for clarity.

Median Absolute Error Mean Absolute Error

Location Näıve Piantham MLR FGA GARW Naive Piantham MLR FGA GARW

-30 Lead from date of estimation

Australia 0.80% 0.20% 0.20% 0.20% 0.20% 2.10% 0.60% 0.60% 0.60% 1.80%

Brazil 3.50% 0.80% 0.70% 0.80% 0.60% 7.60% 2.50% 2.40% 4.60% 3.30%

Japan 0.40% 0.20% 0.20% 0.20% 0.20% 2.90% 1.40% 1.40% 1.90% 1.40%

South Africa 3.70% 1.00% 0.90% 0.80% 0.80% 5.50% 2.30% 2.50% 2.20% 2.20%

Trinidad and Tobago 12.50% 1.50% 1.40% 1.40% 1.40% 19.90% 4.20% 4.20% 4.20% 4.20%

USA 0.20% 0.10% 0.10% 0.10% 0.10% 1.30% 0.40% 0.40% 1.80% 0.20%

United Kingdom 0.20% 0.10% 0.10% 0.10% 0.10% 1.50% 0.40% 0.40% 0.50% 1.20%

Vietnam 10.40% 1.50% 1.30% 1.40% 1.40% 21.00% 4.00% 4.00% 7.80% 6.20%

0 Lead from date of estimation

Australia 1.80% 0.80% 0.60% 0.60% 0.70% 6.10% 3.20% 2.80% 2.70% 3.80%

Brazil 7.20% 1.10% 1.00% 0.90% 1.00% 18.30% 7.90% 5.90% 6.10% 6.80%

Japan 4.50% 0.50% 0.30% 0.50% 0.40% 10.10% 3.40% 2.10% 3.70% 2.90%

South Africa 9.30% 1.50% 1.60% 1.50% 1.30% 13.20% 4.30% 4.30% 4.00% 4.30%

Trinidad and Tobago 12.50% 1.90% 2.00% 1.70% 1.60% 27.50% 7.40% 7.30% 8.30% 9.50%

USA 0.60% 0.40% 0.40% 0.40% 0.40% 5.10% 2.30% 2.30% 3.00% 1.80%

United Kingdom 1.10% 0.50% 0.50% 0.40% 0.20% 5.70% 2.30% 2.20% 3.70% 2.40%

Vietnam 22.30% 1.50% 1.40% 1.20% 1.70% 25.60% 8.70% 8.60% 9.90% 10.30%

30 Lead from date of estimation

Australia 6.20% 1.60% 1.50% 1.50% 1.40% 15.90% 6.80% 6.20% 6.40% 7.10%

Brazil 13.40% 0.90% 1.20% 1.00% 1.20% 26.80% 8.90% 8.40% 9.70%

Japan 7.50% 0.50% 0.50% 0.50% 0.50% 17.50% 11.40% 7.30% 8.80% 5.80%

South Africa 15.80% 1.50% 1.60% 1.60% 1.40% 21.40% 6.90% 7.00% 6.40% 6.50%

Trinidad and Tobago 23.50% 2.00% 1.90% 1.60% 1.30% 38.60% 11.30% 12.00% 14.00% 16.10%

USA 2.00% 0.60% 0.70% 0.60% 0.60% 13.10% 6.30% 6.30% 5.80% 6.10%

United Kingdom 3.60% 0.80% 0.70% 0.60% 0.60% 13.90% 6.60% 5.80% 7.40% 5.80%

Vietnam 32.10% 1.60% 1.10% 0.80% 1.10% 33.20% 11.00% 11.60% 11.30% 13.30%

(Fig. B.8B) across models. We generate the posterior predictive coverage by sampling ran-

dom counts for each variant using their posterior latent frequencies conditioning on the total

sequences being those observed retrospectively. We find that the posterior predictive cover-

age is generally higher and a better fit for the models in question. Additionally, we find that

the coverage is lower in countries with the highest sequencing intensity like the US and UK,

suggesting that there may be over-dispersion in the sequence counts relative to binomial or

multinomial sampling. We also observe that coverage is higher for the GARW model that

allows for time-varying growth advantage than for the FGA or MLR models that enforce a

fixed growth advantage. As clades evolve and new subclades emerge we expect clade-specific
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growth advantage to change alongside.

In observing heterogeneity in prediction accuracy, we hypothesized that error is largest

for emerging variants that present a small window of time to observe dynamics and where

sequence count data is often rare. We investigate this hypothesis by charting how variant-

specific growth advantage estimated in the MLR model varied across analysis dates (Fig. 3.4).

Generally, we see sharp changes in estimated growth advantage in the first 1-3 weeks when

a variant is emerging, but then see less pronounced changes. Thus, it often takes several

weeks for the MLR model to ‘dial in’ estimated growth advantage, and accuracy will tend

to be poorer in early weeks when variant-specific growth advantage is uncertain.

Genomic surveillance systems and forecast error

Using the MLR model, we find that different countries have consistently different levels of

forecasting error with forecasts in Brazil and South Africa showing more error than forecasts

in the UK and the USA, while Trinidad and Tobago and Vietnam show more error than the

other six countries (Fig. 3.5A). We correlate broad statistics describing both quantity and

quality of sequence data available at different analysis time points and in different genomic

surveillance systems to forecasting error (Fig. 3.5B–E). Using Pearson correlations, we find

that poor sequence quality as measured by proportion of available sequences labeled as ‘bad’

by Nextclade quality control [4] correlates slightly with mean AE (Fig. 3.5B). We find that

good sequence quantity as measured by total sequences available at analysis has a moderate

negative correlation with mean absolute error (Fig. 3.5E).

These results show that South Africa with∼16k sequences collected in 2022 and median of

173 sequences available from the previous 30-days yields a mean absolute +30 day forecasting

error of 7.0% for the MLR model (Table 3.1), which is only slightly greater than the mean

absolute error of 6.3% for the US with ∼2.0M sequences collected in 2022 and of 5.8% for

the UK with ∼1.2M sequences collected in 2022. However, Vietnam with ∼6k sequences

collected in 2022 and median of 31 sequences available from the previous 30-delays yields

a mean absolute forecasting error of 11.6% and Trinidad and Tobago with ∼2.3k sequences
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collected in 2022 and median of 44 sequences available from the previous 30-delays yields a

mean absolute forecasting error of 12.0%. This suggests that genomic surveillance systems

with cadence and throughput greater than 50-100 sequences collected in the previous 30 days

yield sufficient timely data to permit short-term forecasts.

We follow up on this across-country analysis and subsample existing sequences from the

United Kingdom and Denmark to investigate what number of sequences need to be collected

weekly to keep forecast error within acceptable bounds. For context, we also computed

the mean weekly sequences collected for selected countries globally in 2022 (Fig. 3.6A).

We select the United Kingdom due to its large counts of available sequences, relatively

short submission delay, and low forecast error. Additionally, we include Denmark due to

its large counts of available sequences and to explore the possibility of stochastic effects due

to relative population sizes (Denmark has ∼9% the population of the UK). We simulate

several downscaled data sets by subsampling the collected sequences at multiple thresholds

for number of sequences per week and then fit the MLR model to each of the resulting data

sets to see how forecast accuracy varies with sampling intensity. In order to properly account

for variability in the subsampled data sets, we generate 5 subsamples per threshold, location

and analysis date.

From this analysis, we find that increasing the number of sequences per week generally

decreases the average error (Fig. 3.6B and C), as well as decreasing the proportion of out-of-

bounds predictions (Fig. 3.6D and E), but there are diminishing returns. Additionally, the

effect appears to saturate at different values depending on the forecast length. We find that

for +14 and +30 day forecasts sampling at least 1000 sequences per week is fully sufficient

to minimize forecast error, and 200 sequences per week is largely sufficient to curtail error.

We arrive at a similar threshold of 1000 sequences per week for both the UK and Denmark

(Figs. 3.6B-E).
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Comparing country-level and hierarchical short-term forecast models

In observing poor performance in initial period of variant emergence (Fig. 3.4), as well as poor

performance in countries with less intensive genomic surveillance (Fig. 3.5), we conclude lack

of data results in poor fitness estimates and so poor predictive performance. Joint modeling

of data from multiple countries has been proposed as a way to getting improved estimates

of variant growth advantages in general and also specifically improving frequency estimates

in low and middle income countries. Hierarchical or joint forecast models for short-term

frequency forecasts typically operate by pooling parameters between ‘groups’ in a model. For

our application, we pool the relative fitness of variants across countries, so that estimated

relative fitnesses are informed by not just the observed relative fitness within a location, but

also the relative fitnesses in other locations.

We compare the short-term forecast accuracy for individual models fit using MLR and this

hierarchical MLR model in Fig. 3.7. We find that overall the hierarchical MLR matches or

outperforms the single country models in all locations and at all forecast lengths. Perhaps as

expected the hierarchical MLR model matches MLR performance in countries with abundant

data like the US and UK, while countries with less data like Trinidad and Tobago and

Vietnam show a large performance advantage to hierarchical MLR.

3.4 Discussion

In this manuscript we sought to perform a comprehensive analysis of the accuracy of nowcasts

and short-term forecasts from fitness models of SARS-CoV-2 variant frequency. We observe

substantial differences between median and mean absolute error (Fig. 3.2 and Table 3.1)

with median errors generally quite well contained at 0.5–1.9% in the +30 day forecast, while

mean errors are larger at 5.8–12.0%. This difference is due to the highly skewed distribution

of model errors (Fig. 3.3) where most predictions are highly accurate, but a smaller fraction

are off-target. As expected, errors increase as target shifts from −30 day hindcast to +30

day forecast, but error increases more rapidly for mean absolute error than median absolute
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error. All four forecasting models explored here present a largely similar spectrum of errors.

We find that the Piantham, MLR, FGA and GARW models provide systematic and

substantial improvements in forecasting accuracy relative to a ‘naive’ model that uses 7-

day smoothed frequency at the last timepoint with sequence data (Fig. 3.2 and Table 3.1).

For the MLR model, at +30 days the improvement in median absolute error over naive

is 1.4–31.0% and the improvement in mean absolute error is 6.8–26.2%. This result sup-

ports the use of MLR models in live dashboards like the CDC Variant Proportions nowcast

(covid.cdc.gov/covid-data-tracker/#variant-proportions) and the Nextstrain SARS-CoV-2

Forecasts (nextstrain.org/sars-cov-2/forecasts/).

We also observe improvements in accuracy for the −30 day hindcast of modeled frequency

relative to naive frequency with the MLR model showing improvement in median absolute

error of 0.1–11.1% and improvement in mean absolute error of 0.9–17.0%. These improve-

ments were greatest in countries with lower cadence and throughput of genomic surveillance

(Trinidad and Tobago and Vietnam). Importantly, this suggests that fitness models are

useful for hindcasts in addition to short-term forecasts and that −30 day retrospective fre-

quency should not be taken as truth, ie it takes more time than 30 days for backfill to resolve

retrospective frequency.

However, we observe that coverage is generally lower than ideal with predictive coverage

under 50% for countries with the most sequencing (Fig. B.8B). We believe this may be due

to a combination of over-dispersion of sequence counts relative to the multinomial sampling

assumption as well as clade-level growth advantages changing through time as clades evolve.

The former could be addressed by including over-dispersion in the sequence observation

model and the latter could be addressed by implementing growth advantages that vary

through time in an auto-correlated fashion.

We find that variability in forecast errors is partially driven by data limitations. When

new variants are emerging, we lack sequence counts and lack time to observe growth dynamics

resulting in initial uncertainty of variant growth rates (Fig. 3.3). Relatedly, analyzing the

variation in nowcast error, we find that overall sequence quality and quantity at time of

https://covid.cdc.gov/covid-data-tracker/#variant-proportions
https://nextstrain.org/sars-cov-2/forecasts/
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analysis are associated with model accuracy (Fig. 3.5). Thus, as expected, sequence quality,

volume and turnaround time are all important for providing accurate, real-time estimates

of variant fitness and frequency. Subsampling existing data in high sequencing intensity

countries, we find that there are diminishing returns to increasing sequencing efforts and that

maximum accuracy is achieved at around 1000 sequences per week and substantial accuracy

is achieved at around 200 sequences per week (Fig. 3.6). This level of sequencing enables

robust short-term forecasts of pathogen frequency dynamics at the level of a country and

highlights the feasibility of pathogen surveillance for evolutionary forecasting. As observed in

Susswein et al. [76], pooling data across countries using a hierarchical fitness model improves

short-term forecasts for SARS-CoV-2 variant dynamics (Fig. 3.7).

In live MLR analyses at nextstrain.org/sars-cov-2/forecasts/, we have relied on the num-

ber of sequences available from samples collected in the previous 30-days as the key metric

for inclusion of a country in the analysis. Along these lines, for pragmatic guidance for

thresholds in which to trust MLR results, we observe that Trinidad and Tobago with 2.3k

sequences collected in 2022 and a median 30-day sequence count of 43 shows a mean ab-

solute forecasting error of 12%, that Vietnam with 6k sequences collected in 2022 and a

median 30-day sequence count of 30 shows a mean absolute forecasting error of 11% and

that South Africa with 16k sequences collected in 2022 and a median 30-day sequence count

of 170 shows a mean absolute forecasting error of 7%. This suggests that a threshold of 50

sequences in previous 30 days should be roughly consistent with a ∼10% forecasting error.

Keeping forecasting error under 10% seems like a reasonable target for public display of

frequency forecasts and would support targeting a threshold of 50 sequences from samples

collected in the previous 30 days.

In addition to differences in genomic surveillance, we expect countries may differ in variant

dynamics due to differences in absolute viral prevalence. We expect that variant frequencies

we more closely follow the MLR expectation when absolute prevalence is large, achieved

through a large host population and/or frequent repeated infection. Rapid continued evo-

lution of SARS-CoV-2 [51] suggests that we will continue to see widespread circulation of

https://nextstrain.org/sars-cov-2/forecasts/
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SARS-CoV-2 and thus we generally expect fitness-based models to provide an adequate de-

scription of variant frequency dynamics. Of note, in comparing the UK with 67M people

to Denmark with 6M people we observe similar levels of prediction error when sampling

sequences at similar intensities (Fig. 3.6). This suggests that stochastic effects from low ab-

solute viral prevalence were not strongly manifesting with a population size of 6M. However,

we do expect that at some smaller population size stochastic effects and repeated importa-

tions will cause a deviation in frequency dynamics from fitness model expectations.

Although these models appear largely accurate for short-term forecasts, they may be im-

proved by incorporating underlying biological mechanism. In general, the methods discussed

here are primarily statistical in nature and do not account for much of the biological or im-

munological knowledge that we have or could obtain. The incorporation of such knowledge

could increase the short-term and medium-term capabilities of these models. Additionally,

these fitness models do not account for future mutations and can only project forward from

circulating viral diversity. This intrinsically limits the effective forecasting horizon achievable

by these models. Future modeling work should seek to incorporate the emergence and spread

of ‘adjacent possible’ mutations for longer term forecasts on the order of several months or

years [46]. Without empirical frequency dynamics to draw upon, the fitness effects of these

adjacent possible mutations may be estimated from empirical data such as deep mutational

scanning [17, 39, 23]. Continued timely genomic surveillance and biological characterization

along with further model development will be necessary for successful real-time evolutionary

forecasting of SARS-CoV-2.

Methods

Preparing sequence counts and case counts

We prepared sequence count data sets to replicate a live forecasting environment using

the Nextstrain-curated SARS-CoV-2 sequence metadata [40], which is created using the

GISAID EpiCoV database [48]. To reconstruct available sequence data for a given analysis
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date, we filtered to all sequences with collection dates up to 90 days before the analysis

date, and additionally filtered to those sequences which were submitted before the analysis

date. These sequences were tallied according to their annotated Nextstrain clade to produce

sequence count for each country, for each clade and for each day over the period of interest.

Sequence counts were produced independently for the 8 focal countries Australia, Brazil,

Japan, South Africa, Trinidad and Tobago, the United Kingdom, the United States, and

Vietnam. We repeated this process for a series of analysis dates on the 1st and 15th of each

month starting with January 1, 2022 and ending with December 15, 2022 giving a total of

24 analysis data sets for each country. Since two models (FGA, GARW) also use case counts

for their estimates, we additionally prepare data sets using case counts over the time periods

of interest as available from Our World in Data (ourworldindata.org/covid-cases).

Frequency dynamics and transmission advantages

We implemented and evaluated multiple models that forecast variant frequency. These mod-

els estimate the frequency fv(t) of variant v at time t, and simultaneously estimate the variant

transmission advantage ∆v =
Rv

t

Ru
t

where Rv
t is the effective reproduction number for variant

v and u is an arbitrarily assigned reference variant with fixed fitness. We can interpret these

transmission advantages as the effective reproduction number of a variant relative to some

reference variant.

The four models of interest are: Multinomial Logistic Regression (MLR) of frequency

growth, two models of variant-specific Rt: a fixed growth advantage model (FGA) parame-

terization and a growth advantage random walk (GARW) parameterization of the renewal

equation framework of Figgins and Bedford [33], as well as another approach to estimating

relative fitness by Piantham et al [66]. We provide a brief mathematical overview of these

methods below.

The multinomial logistic regression model estimates a fixed growth advantage using lo-

gistic regression with a variant-specific intercept and time coefficient, so that the frequency

https://ourworldindata.org/covid-cases
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of variant v at time t can be modeled as

fv(t) =
exp(αv + δvt)∑
u exp(αu + δut)

, (3.1)

where αv is the initial frequency and δv is the growth rate of variant v, and the summation in

the denominator is over variants 1 to n. Inferred frequency growth fv can be converted to a

growth advantage (or selective coefficient) as ∆v = exp(δvτ) assuming a fixed deterministic

generation time of τ .

The model by Piantham et al [66] relies on an approximation to the renewal equation

wherein new infections do not vary greatly over the generation time of the virus. This

model generalizes the MLR model in that it accounts for non-fixed generation time though

it assumes little overall case growth.

The fixed growth advantage (FGA) model uses a renewal equation model based on both

case counts and sequence counts to estimate variant-specific Rt assuming that the growth

advantage ∆v of variant v is fixed relative to reference variant u [33]. The growth advantage

random walk (GARW) model uses the same renewal equation framework and data, but allows

variant growth advantages to vary smoothly in time [33].

The models used all differ in the complexity of their assumptions in computing the variant

growth advantage. Growth advantages presented in this manuscript are estimated relative to

the initial Omicron strain (clade 21L, lineage BA.1), providing a point of reference for com-

peting growth advantages and how median values change over time. Further details on the

model formats can be found in their respective citations. All models were implemented us-

ing the evofr software package for evolutionary forecasting (https://github.com/blab/evofr)

using Numpyro for inference.

As a baseline, we compared the four models above to a naive model which that the

forecast as the average of the last available frequencies.

Additionally, we implement a hierarchical variant of the model where multiple countries

are fit simultaneously with a Normal prior on the relative fitness of a given variant between

countries, so that δv,g ∼ Normal(δv, σ). Similar formulations of this hierarchical model have

https://github.com/blab/evofr
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been used for SARS-CoV-2 frequency forecasts previously. [76]

Evaluation criteria

We calculated the ‘absolute error’ (AE) for a given model m and data set d as the difference

between the retrospective raw frequencies and the predicted frequencies as

AEm,d
t =

1

n

∑
v∈V

∣∣∣fdv (t)− f̂m,dv (t)
∣∣∣ , (3.2)

where fdv (t) and f̂m,dv (t) are the retrospective frequencies and the predicted frequencies for

model m, data d, variant v and time t. The AE is the mean across individual variants for

a specific model, data set and time point. Additionally, we often work with the lead time,

which is defined as the difference between date of analysis for the data set and the forecast

date l = t − Tobs. We summarized median absolute error and mean absolute error across

multiple analysis datasets in Fig. 3.2 and Table 3.1.

Throughout this study, we primarily use the median and mean absolute error to evaluate

the accuracy of our point forecasts. We select the median absolute error as a measure of

central tendency on our forecast errors, reducing the influence of outliers and skewed data

distributions due to the contribution of forecasts which tend to diverge rapidly in forecast

lead. To balance this and account for the effect of outliers and rapidly divergent forecasts,

we also use the mean absolute error which is less sensitive to outliers than the mean square

error and has units in terms of frequencies directly.

However, these are not the only possible choices for error metrics. Our choice of metrics

is motivated by our decision to focus primarily on point forecasts of variant frequencies.

To supplement this analysis, we also address the coverage of probabilistic extensions of the

models discussed here.

Generating predictors of error

We explored four key variables to describe the effect of sequencing efforts on nowcast errors

and estimated Pearson correlations with the mean absolute nowcast errors. These variables



60

are defined as proportion of bad quality control (QC) sequences according to Nextclade

[4], fraction of sequences available within 14 days of the prediction time, total sequences

availability within 14 days of the prediction time and median delay of sequence submission.

To calculate these variables, we selected a 14-day window of data before each and every

analysis date and used the collection and submission dates to determine their availability.

Total sequence availability was calculated by dividing the sequences where submission date

was before the date of analysis by the total collected sequences and similarly fraction of

sequences at observation was estimated. Sequence submission delay was calculated by taking

the difference between the submission date and the date of collection. Bad QC sequence

proportion was estimated by dividing the sequences with bad QC classification by the total

collected sequences. Estimates were computed for all defined dates of analysis across all

countries.

Assessing coverage for short-term frequency forecasts

The main results of our analyses rely on mean and median absolute error as metrics. However,

there is much to gain by using probabilistic forecasts for variant frequency. To this aim, we

investigate the coverage of these different methods for forecasting variant frequency. Though

not all models described initially were designed with uncertainty quantification in mind, we

develop and fit Bayesian extensions of these models that are fit to the same data sets as

before using stochastic variational inference.

Downscaling historical sequencing effort

We analyze the effects of scaling back sequencing efforts to assess the effect of sequencing

volume on nowcast and forecast errors. Using the sequencing data from the United Kingdom

and Denmark, we subsampled existing available sequences at the time of analysis at a rate

of 100, 200, 400, 600, 800, 1000, 1200, 1400, 1600, 1800, and 2000 sequences per week of any

submission date. We then generated datasets for the same analysis dates and study period

used in the previous analyses, generating 5 replicate subsampled data sets of sequences
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available at each analysis date for each eventual sequencing rate, location, and analysis

date. Subsampling sequences per week before checking which sequences were available by

the analysis date ensures that we respect the availability of sequences by submission date

and submission delay in each country, so that countries with many sequences per week but

long delays will maintain these delays. Therefore, the selected sequencing rate sets an upper

limit on the number of sequences available per week at any analysis date and preserves the

decline in available sequences that we typically observe in recent weeks since we only include

sequences which are within our original subsample and available at the time of analysis. We

then fit the MLR forecast model to each resulting data set and forecast up to 30 days after

analysis date and compared these forecasts to the truth set in previous sections to compute

the forecast error for each model. To better understand how the forecast error varies with

sequencing intensity and forecast length, we computed the fraction of forecasts within an

error tolerance (5% AE) as well as the average error at different sequence threshold and lag

times.

Comparing forecasts using retrospective clade designations and real-time designations

The main analyses discussed in this manuscript rely on subsetting and filtering SARS-CoV-

2 sequence metadata accessed on a particular date. However, the clade designations used

throughout this manuscript may not have been the same as clade designations at the time

the data was available. To understand how this affects our evaluation of forecast error, we

compare the accuracy of models fit to the sequence counts from metadata at the time and

using the available Nextclade reference tree to those fit on the retrospective Nextclade refer-

ence tree used in the rest of the analyses in this paper. This compares lineage designations

that were available in real-time on the historical analysis date to lineage designations that

are retrospectively available. In particular, we focus on the timing of the designation of

lineage BQ.1 (corresponding to clade 22E) in October 2022 and show the accuracy of MLR

using the different data sets at different forecast leads. We compare the resulting MAE of

these analyses between Nextclade versions in Fig. B.9 and show trajectories from individual
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countries in Figs. B.10–B.17.

Data and code accessibility

Sequence data including date and location of collection as well as clade annotation was

obtained via the Nextstrain-curated data set that pulls data from GISAID database. A full

list of sequences analyzed with accession numbers, derived data of sequence counts and case

counts, along with all source code used to analyze this data and produce figures is available

via the GitHub repository github.com/blab/ncov-forecasting-fit.
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Figure 3.2: Absolute error across models, countries and forecast lags. (A) Median

absolute error and (B) mean absolute error across countries, models and forecast lags moving

from −30 day hindcasts to +30 day forecasts. For each county / model / lag combination,

the median and the mean are summarized across analysis data sets. Panel A uses a log y

axis for legibility while panel B uses a natural y axis.
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Figure 3.3: Absolute error across models, countries and forecast lags. Distribution

of absolute error on a log scale across models and across forecast lags. Each point represents

the absolute error for a data set / country combination. Solid lines show the median of these

distributions and dashed lines show the means of these distributions.

Figure 3.4: Growth advantage of variants across analysis dates. Growth advantage

is estimated via the MLR model and is computed relative to clade 21K (lineage BA.1).
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Figure 3.5: Sequence quantity and quality influence nowcasts error. (A) Absolute

error at nowcast for the MLR model across countries. Points represent separate data sets at

different analysis dates. Median and interquartile range of absolute errors are shown as box-

and-whisker plots. (B-E) Correlation of sequence quality and sequence quantity metrics with

absolute error. Points represent separate data sets at different analysis dates. Correlation

strength and significance are calculated via Pearson correlation and are inset in each panel.
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Figure 3.6: Increasing sequencing intensity reduces forecast error (A) Mean se-

quences collected per week for selected countries in 2022. Intervals are 95% confidence in-

tervals of the mean. Dashed lines correspond to sampling rates used in (B-E). (B, C) Mean

absolute error as a function of sequences collected per week colored by forecast horizon (-30

days, -15 days, 0 days, +15 days, +30 days) for the United Kingdom and Denmark. The

dash line corresponds to 5% frequency error. (D, E) Proportion of forecasts within 5% of

retrospective frequency as a function of sequences collected for week for the United Kingdom

and Denmark.
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Figure 3.7: Absolute error comparing standard MLR and hierarchical MLR across

countries and forecast lags. (A) Median absolute error and (B) mean absolute error across

countries, models and forecast lags moving from −30 day hindcasts to +30 day forecasts.

For each county / model / lag combination, the median and the mean are summarized across

analysis data sets. Panel A uses a log y axis for legibility while panel B uses a natural y axis.
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Chapter 4

FREQUENCY DYNAMICS PREDICT VIRAL FITNESS,
ANTIGENIC RELATIONSHIPS AND EPIDEMIC GROWTH

4.1 Abstract

During the COVID-19 pandemic, SARS-CoV-2 variants drove large waves of infections, fu-

eled by increased transmissibility and immune escape. Current models focus on changes

in variant frequencies without linking them to underlying transmission mechanisms of in-

trinsic transmissibility and immune escape. We introduce a framework connecting variant

dynamics to these mechanisms, showing how host population immunity interacts with viral

transmissibility and immune escape to determine relative variant fitness. We advance a se-

lective pressure metric that provides an early signal of epidemic growth using genetic data

alone, crucial with current underreporting of cases. Additionally, we show that a latent im-

munity space model approximates immunological distances, offering insights into population

susceptibility and immune evasion. These insights refine real-time forecasting and lay the

groundwork for research into the interplay between viral genetics, immunity, and epidemic

growth.

4.2 Main text

The COVID-19 pandemic was marked by the successive emergence of SARS-CoV-2 vari-

ant viruses, driving repeated epidemics globally [79, 85]. While these repeated large waves

occurred with the emergence of novel variants, the mechanism driving these variants’ suc-

cess changed over time. The spread of early variants such as Alpha, Beta, Gamma and

Delta were largely driven by increases in intrinsic transmissibility [19]. The Omicron variant

showed substantial immune escape [19] and subsequent derived lineages within Omicron in-
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cluding XBB, EG.5.1 and JN.1 appear to be driven by immune escape as evidenced through

molecular studies of neutralization using human sera [16, 15, 9, 45]. Since 2022, there has

been repeated replacement by subsequent Omicron-derived lineages. This rapid viral popu-

lation turnover is consistent with antigenic evolution and is observed in other viruses such as

seasonal influenza [8], although SARS-CoV-2 currently remains an outlier in terms of pace

of its evolution [51]. This transition from transmissibility-driven to immune escape-driven

success is a consequence of the interplay between population immunity and variant fitness.

With the increased temporal and geographical scale of sequencing alongside a detailed

genetic nomenclature [69] and bioinformatic tools for lineage assignment [80, 4], we have

gained more data for SARS-CoV-2 than for other circulating viruses giving a unique oppor-

tunity for insight into its evolution. Several models of variant frequency have been developed

to estimate the fitness of emerging SARS-CoV-2 variants [5, 65, 34, 76, 54, 2]. These models

estimate the relative fitness (or selective advantage) of circulating variant viruses from their

frequency in sequencing data, typically represented by counts of variant sequences over time

within a geographic region. Relative fitness in these models is often assumed to be constant

and intrinsic to the variant of interest. However, this may be an oversimplification of the

transmission process.

It has been shown that these transmission advantages differ geographically and tempo-

rally, suggesting that variant transmission advantages are not necessarily fixed and may be

informed by within-region population differences [34, 82]. In fact, heterogeneity in trans-

mission advantages may be well explained by regional differences in immune structure as

Dadonaite et al. [24] show deep mutational scanning estimates of immune escape are well

correlated with estimated variant growth advantages. Existing models that allow variant

transmission advantages to change in time generally do not have a mechanistic underpin-

ning for why transmission advantages exist and vary geographically and temporally [34, 76].

This lack of mechanistic grounding limits our ability to accurately predict variant dynamics,

especially in diverse geographic regions with varying levels of population immunity.

In response to this gap, we introduce a novel framework that links variant dynamics
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directly to transmission mechanisms using compartmental models of infectious diseases. By

modeling both intrinsic transmissibility and immune escape, we explain how shifts in pop-

ulation immunity shape the relative fitness of viral variants and select for immune escape

over intrinsic transmissibility with increasing past exposure. Furthermore, including these

mechanisms suggests that relative fitness varies in time, reflecting the evolving landscape of

population immunity and exposure regardless of the underlying mechanism.

Here, we present a novel non-parametric method for estimating time-varying fitness re-

gardless of the underlying transmission mechanism. Alongside this development we introduce

a “selective pressure” metric that quantifies the impact of variant turnover on population-

level epidemic growth rates, as well as a latent immunity model that we use to estimate the

underlying proportion of pseudo-immune groups within multiple geographies and pseudo-

immune escape rates for circulating variants. Overall, our framework bridges the gap be-

tween genetic data and transmission dynamics, offering a new way to predict and manage

viral outbreaks.

Variant dynamics and relative fitness in multistrain models

Multi-strain models of epidemics have been developed to understand the competition between

different viral strains that exhibit different levels of cross-immunity [36, 7]. These models

have typically been used to explain strain evolution in antigenically variable pathogens like

seasonal influenza virus [8] and seasonal coronaviruses [50, 28].

We begin by modeling a population of V exponentially growing variant viruses each with

prevalence Iv(t) and time-varying growth rate rv(t). By considering the difference in these

growth rates, we can define the relative fitness as λv,u(t) = rv(t)− ru(t). This relative fitness

determines the change in the frequencies of the variants in the population

fv(t) =
fv(0) exp

(∫ t
0
λv,v∗(s)ds

)
∑V

u=1 fu(0) exp
(∫ t

0
λu,v∗(s)ds

) , (4.1)

where v∗ is a chosen pivot variant that has relative fitness zero.



71

In order to better understand frequency dynamics of pathogens with multiple co-

circulating variants, we apply the above framework to compartmental models of epidemics,

which can be written as time-varying exponential growth (detailed in Supplementary Text

C.2.1). These models provide an intuition of how strain-level selection depends on the as-

sumed transmission mechanism of the underlying epidemic model. This framework also

generalizes several existing methods for relative fitness estimation and prediction (detailed

in Supplementary Text C.2.2). We summarize dynamics of a three-variant mechanistic trans-

mission model in Fig. 4.1, where we compare a transmission variant T with a 50% increase in

transmissibility (ρ = 0.5) to an escape variant E that infects 5% of hosts possessing wildtype

immunity (η = 0.05).

Our approach shows that relative fitness is often dependent on the past exposure of a

population (as discussed in Supplementary Text C.2.1 and extended to full immune history

models in Supplementary Text C.2.3). This suggests that serology, vaccination history, and

immunological data generally can be informative of relative fitness. Additionally, when

working with variant classifications, non-neutral evolution within a variant will cause the

relative fitness of that variant to change in time. However, even in the absence of external

data that can inform relative fitness, there is still hope.

We develop a method for using approximate Gaussian processes to model variant relative

fitness. Gaussian processes are probability distributions over functions, where the structure

and smoothness of these functions are defined by a kernel that encodes correlations in time.

These models are flexible and allow us to encode smoothness constraints, periodicity, and

other structures [37]. Gaussian processes allow us a non-parametric estimate of the relative

fitness for variants through time (see Materials and Methods).

Traditional Gaussian processes, while flexible, face challenges for large time series and

large data sets. Our approach overcomes this using a Hilbert Space Gaussian Process (HGSP)

approximation, making the framework scalable for many variants and long time periods [70].

This enables real-time variant fitness estimation and can be applied to any frequency data

regardless of the underlying mechanism. This model is used in Fig. C.1 to estimate the
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relative fitnesses of different variants through time based on simulated variant sequence

counts from frequencies shown in Fig. 4.1.

Later, we apply this model to empirical SARS-CoV-2 sequence data from 50 US states

and England from 2021 to 2022 to estimate relative fitness for variants circulating in that

period, but first we continue analytic investigation into fitness dynamics.

Determining the transmisibility-escape tradeoff

To understand the fitness trade-off between transmissibility and immune escape, we consider

dynamics with a wildtype virus W with ρW = 0 and ηW = 0, an increased transmissibility

variant T with ρT > 0 and ηT = 0 and an immune escape variant E with ρE = 0 and ηE > 0.

Following Equation C.22, we write relative fitnesses of the escape variant or transmissi-

bility variant as

λE,W = ηβϕW (t) (4.2)

λT,W = ρβS(t). (4.3)

In the simplest case where individuals are either susceptible or have wildtype immunity

(S(t) + ϕW (t) = 1), we can compute the critical immune fraction ϕ∗ at which λE,W (ϕ∗) =

λT,W (ϕ∗) as

ϕ∗ =
ρ

η + ρ
. (4.4)

For past exposure level greater than ϕ∗ escape variants have a higher relative fitness.

This trade off shows that increasing degree of escape entails that a lower proportion of past

exposure is needed for escape variants to be preferred (Fig. 4.2). Additionally, this shows that

when intrinsic transmissibility increases are limited escape is more likely to be a dominant

mechanism for variant turnover.

Initial growth rates insufficient for predicting short-term frequency growth

One question of interest is whether knowledge of mechanism meaningfully informs our ability

to forecast short-term frequency growth. The first step to addressing this is to understand
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how the relative fitness may change in time to understand the predictability of relative fitness

in the short-term.

We find that the mechanistic forms analyzed in this paper (Supplementary Text C.2.1)

can be represented as weighted combinations of B time-varying functions Υb(t) with weights

βb. We can think of each of these functions Υb as an immune background and the coefficient

βb as a transmission differential, so that

λv,u(t) =
∑

1≤b≤B

βbΥb(t). (4.5)

Even in the case of complete knowledge of the relative fitness and the underlying fitness

contributions in the present and past, we have that change in the relative fitness is determined

by

dλv,u
dt

=
∑

1≤b≤B

βb
dΥb

dt
(t). (4.6)

By considering a Taylor expansion of the relative fitness about the point of estimation t0, we

can approximate the relative fitness in the future as

λv,u(t) ≈ λv,u(t0) + (t− t0)
∑

1≤b≤B

βb
dΥb

dt
(t0). (4.7)

This suggests small differences in the form of λv,u(t) can lead to meaningful differences in

the future relative fitnesses through changes in the underlying immune backgrounds.

We investigate whether relative fitnesses vary predictably in the short-term regardless of

mechanism. To do so, we apply the two-variant model developed in previous sections for

different mechanisms of immune escape and increased transmissibility. We fix the relative

fitness of the novel variant at a prediction time t0 using Equation 4.4 and assess the change in

the relative fitness in the short-term. We find that although relative fitness trajectories share

the same decreasing shape, they may decline at different rates depending on the mechanism

(Fig. C.2). This can lead to substantial changes in the predicted incidence depending on the

assumed mechanism and affects to overall rate of turnover.
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Correlations insufficient for mechanism identification

Although correlations between vaccination uptake and variant growth advantage are often

observed, these alone may not be sufficient to identify the mechanism behind a variant’s

success. A variant’s fitness advantage may arise from increased transmissibility, immune

escape, or a combination of both. Even in the absence of immune escape, the relative fitness

of a variant depends on the proportion of the population that is susceptible to infection

and therefore changes with both past exposure and vaccine uptake (Supplementary Text

C.2.1). To illustrate this, we simulate the spread of a variant with increased transmissibility

in populations with varying initial vaccination levels.

In populations with lower vaccination levels, the variant’s prevalence peaks more sharply

and its relative fitness declines quickly as immunity accumulates within the population

(Fig. 4.3A-C). In contrast, higher vaccination levels constrain relative fitness, leading to

a delayed peak in prevalence and more stable relative fitness as the existing immunity limits

the variant’s spread (Fig. 4.3A-C). Even without immune escape, estimated growth advan-

tages for this variant decrease with increasing vaccination uptake near the beginning of an

epidemic (Fig. 4.3D). Later in the epidemic, this relationship reverses with estimated growth

advantages over the full period increasing with initial vaccination levels, which may be mis-

taken as signal for immune escape (Fig. 4.3E).

This analysis shows that correlation-based methods alone may struggle to identify the true

mechanisms driving a variant’s success especially under the assumption of a fixed growth

advantage. By explicitly considering how immunity and transmissibility interact within

populations, models that incorporate these dynamics may provide a stronger foundation for

understanding why certain variants spread.

Quantifying selective pressure

Although it is useful to quantify the relative fitnesses of individual variants, we are often

interested in quantifying the overall effects of selection in the population. With this in mind,
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we can derive a metric of overall selective pressure

ψ(t) = Ef(t)

[
dλv
dt

]
+ Varf(t)[λv] (4.8)

that describes the distribution of relative fitness in the population. This selective pressure

metric serves as an indicator for high fitness variants arising in the population as change.

High fitness variants rising from initially low frequency leads to large increases in the variance

of the fitness distribution and therefore increases in the selective pressure.

The selective pressure metric enables us to decompose changes in the average growth rate

in the population, dr̄/dt, to an evolutionary component ψ and a residual baseline growth

rate rW following
dr̄

dt
=
drW
dt

+ ψ(t). (4.9)

This shows that increased selective pressure through emerging high fitness variants can drive

waves of infection. Further, this suggests that differences between growth rates based on se-

lective pressure alone and observed rates are attributable to changes in baseline transmission

over time. This mirrors ideas of Fisher’s theorem of natural selection and its later inter-

pretations with the variance of fitness contributing directly to the change in transmission

rates (or fitness) [30, 29]. This definition of selective pressure captures how relative fitness

contributes to epidemic growth. This is similar to ideas quantifying rates of adaptation via

fitness flux [58].

In this case, the overall growth rate r̄ and relative incidence I(t)/I(0) can be written

directly

r̄(t) = r̄(0) + [rW (t)− rW (0)] + Ψ(t), (4.10)

I(t)

I(0)
= exp

(∫ t

0

[rW (s) + Ψ(s)]ds

)
, (4.11)

using the cumulative selective pressure Ψ(t) =
∫ t

0
ψ(s)ds. In addition to estimating the

relative fitness, metrics derived from these models can inform us of much more.

Our “selective pressure” metric allows us to model the contribution of evolution to changes

in the epidemic growth rate of a population and is independent of pivot choice for relative
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fitness estimation. This metric acts as an early warning system for variant-driven outbreaks,

especially in scenarios where case data are sparse or delayed. This metric can be computed

using any method that estimates variant frequency and relative fitnesses and serves as a sim-

ple tool for understanding the contribution of selection to the overall population dynamics.

The full derivation of this metric and its contribution to the overall growth rate can be

found in Supplementary Text C.2.4.

Predicting epidemic growth rates using selective pressure

Motivated by the relationship between epidemic growth rate and selective pressure demon-

strated above, we develop a predictive model of epidemic growth rate using estimates of

selective pressure. Using empirical SARS-CoV-2 case and sequence data from 50 US states

between January 2021 and November 2022, we estimate epidemic growth rates through time

in each state using case counts, and estimate selective pressure through time using our

approximate Gaussian process model on sequence counts (Fig. 4.4 A–C.) Here we group

variants at the granularity of Nextstrain clades [4] resulting in 28 distinct variants over this

time period. As expected we see that relative fitness increases through time and that se-

lective pressure corresponds to speed of clade turnover where the sweep of Omicron BA.1

(clade 21K) yields the strongest signal of selective pressure (Figs. C.3–C.7). We use these

estimates to fit a gradient-boosted regressor to predict epidemic growth rates using selective

pressure from the most recent 28 days, reserving data between July 2022 and November 2022

for testing (Fig. 4.4 D–I, Fig. C.8). This regressor is chosen via time series cross-validation

among model architectures and grid-search parameter tuning (Fig. C.9).

We observe a strong correspondence between observed epidemic growth rate and model

predictions with Pearson R2 in the training period of 0.576 and a weaker Pearson R2 in

the testing period of 0.077. As case reporting declined over this period, we expect weaker

correspondence between our predictions and epidemic growth rates computed from case data.

To address this, we sought to evaluate the out-of-sample fit on case data from other countries

e.g. South Africa, South Korea, and the United Kingdom, achieving an R2 of 0.196.
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To address the potential for this method under steady reporting rates, we validate this

method by predicting the epidemic growth rates in England derived from the Office for Na-

tional Statistics (ONS) Coronavirus Infection Survey between February 2022 and November

2022. The ONS Infection Survey represented a randomly sampled panel survey of house-

holds where nasal swabs were collected regardless of symptom status allowing for prevalence

estimates despite faltering case reporting [67]. Our model is able to replicate patterns seen

in epidemic growth rates in England derived from ONS data (Fig. 4.4 J–L), achieving a

coefficient of variation of R2 = 0.329 and mean absolute error of 0.026. Performance is sig-

nificantly better for the first two subsequent waves, falling off in accuracy for the fall 2022

BQ.1 (clade 22E) wave.

Although these predictions can be biased by non-evolutionary effects on the epidemic

growth, this approach provides a simple measure of epidemic growth in the absence of high

quality case counts using sequence data alone.

Latent factor model of relative fitness

The representation of relative fitness using discrete immune backgrounds suggests that there

may be low-dimensional structure to variant relative fitness. To generate pseudo-estimates

of this latent factors, we develop and implement our method for latent factors models of

relative fitness. This model assumes that variants intrinsically escape the immune responses

with particular groups and that differences in a variant’s relative fitness between geographies

is attributable to differences in immunity between populations. This enables us to estimate a

pseudo-escape rates for variants as well as pseudo-immunity groups within geographies over

time.

We generate Pango lineage-level sequence counts for 18 countries and 53 variants between

March 2023 and March 2024. These 18 countries were chosen based on availability of sequence

data. Small lineages that do not meet a count threshold are collapsed into their parent

lineages. This leaves us with a total of 53 variants, so that each variant met a threshold for

number of sequences available.
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Using these sequence counts, we apply our latent factor model to estimate the rela-

tive fitness of each variant over time in each country, pseudo-escape rates for each variant,

and pseudo-immunity for each country simultaneously for D = 10 pseudo-immune groups.

This model is significantly constrained relative to estimating the time-varying fitness inde-

pendently in each location, resulting in a model with 2,752 parameters compared to 7,488

parameters in the independent model.

The results of this model are visualized in Fig. 4.5 for several selected variants and

countries of interest. Our results show that closely related Pango lineages are often assigned

similar pseudo-escape values suggesting that this is capturing some evolutionary structure

to immune escape. Further, our model shows that these groups of lineages tend to target

particular immune groups such as clade 24A (JN.1, JN.1.1, JN.1.4) has high pseudo-escape

in dimensions 3 and 4. If immune escape is the dominant mechanism for relative fitness

difference, we expect that differences in immune response between variants from serological

data would mirror differences in our pseudo-escape space. Using human serological data

from Jian et al [45], we compute titer distances as average log2 differences in titer values

between pairs of variants. We compare these distances to distances in our pseudo-escape

space (Fig. 4.5G), finding the distances between distinct pairs in the pseudo-escape space

are correlated with these titer differences between variants (R2 = 0.402). We bootstrap

this analysis among 1,000 replicates to assess significance of this relationship (Fig. C.10,

p < 0.001). Additionally, we subset by exposure history and find that cohorts with only

very recent infection correlate more poorly than WT vaccine cohort or cohorts with more

complex exposure histories (Fig. C.11).

We chose D = 8 for our primary analysis by noting the point at which the loss function

seems to stagnate with increasing D, i.e., the “elbow” method (Fig. C.12A). Further, we

observe that Bayesian Information Criterion (BIC) is minimized between 7 and 9 groups

(Fig. C.12D). However, the exact choice of latent immune dimensionality is necessarily

somewhat arbitrary and we observe significant correlations with empirical titer data for

fewer dimensions as well, although D = 8 also maximizes this correlation (Fig. C.12B) and
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its significance is maintained for all dimensions D > 8 tested. Analogous figures showing

pseudo immunity and pseudo antigenic relationships across variants can be seen for D = 2

in Fig. C.13, D = 4 in Fig. C.14, D = 6 in Fig. C.15 and D = 10 in Fig. C.16.

This approach can be applied to other antigenically variable pathogens, such as influenza,

making it broadly applicable beyond SARS-CoV-2. In fact, there is more utility for pathogens

with larger geographic differences in immunity since this approach enables to estimate the

proportion of these latent immune pools in the population and how they vary geographically

and over time alongside variant difference. By approximating antigenic differences using

sequence data alone, this method offers for a deeper understanding of immune dynamics

and how they shape variant success in the presence of immune escape. This enables an

embedding similar to those from antigenic cartography but without the need for serological

data and based purely on observed variant fitness.

Conclusions, limitations, and future work

Our study demonstrates the utility of multi-strain mechanistic models in interpreting variant

frequency dynamics. This enables a more detailed picture of variant success in environments

with heterogeneous population immunity. Our mechanistic grounding of variant fitness al-

lows for investigations into trade-offs between intrinsic transmissibility increase and immune

escape, prediction of epidemic dynamics from sequence data alone and inference of antigenic

relatedness among variants from differences in success across geographies.

Despite these advances, there are limitations to our approach. Long-term forecasts remain

difficult, particularly as new variants with unknown fitness profiles emerge. This framework

suggests that considering both the escape against individual immune backgrounds and the

diversity in human immune escape is most useful for improving forecasts of relative fitness.

Additionally, our models, while powerful in estimating short-term variant dynamics, rely

on assumptions about transmission mechanisms that may not always hold across different

pathogens or contexts. In fact, as we’ve shown, it’s entirely possible for shifts in population

immunity to change the dominant transmission mechanism.
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Furthermore, the models considered here are deterministic in nature and do not explicitly

model the emergence of variant viruses only the dynamics after their successful introduction.

In reality, there are biological constraints on the types of variants that are produced in

nature and even if there is a ‘true’ fitness boost, the chance for stochastic extinction of

beneficial variants remains. These constraints present trouble for long-term forecasting as it

will require a model of mutation or emergence, tying the potential for a variant to emerge

with its potential to transmit in the current environment. Future work should focus on

improving the integration of real-time genomic data with serological and epidemiological

data, providing a more comprehensive understanding of variant dynamics over time.

In conclusion, our framework represents a significant advance in our understanding of

viral evolution and transmission dynamics. By linking variant fitness to specific transmis-

sion mechanisms, we provide a more nuanced and accurate prediction of how variants will

spread and impact population-level epidemic growth. The selective pressure metric and la-

tent immunity model offer new tools for public health agencies to monitor viral evolution in

real time, enabling proactive intervention and insight into the variant difference and wave

potential. While our work has been applied to SARS-CoV-2, the methods developed here are

broadly applicable to other evolving pathogens, offering a versatile approach for improving

epidemic forecasting, variant monitoring, and overall pandemic preparedness.
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Figure 4.1: Simulated variant dynamics in a mechanistic model. Mechanistic trans-

mission models constrain variant frequency dynamics by specifying a functional form for

relative fitnesses. Simulations of a three-variant model including wildtype W , an intrinsic

transmission variant T , and an immune escape variant E show the relationship between

population-level transmission and selection. We begin the simulation with initial wildtype

prevalence IW (0) = 1, effective reproduction number R0,W = 1.4, and duration of infec-

tion 1/γ = 3.0 days. We introduce transmissibility variant T at t = 20 with frequency

fT (20) = 10−5 and a 50% increase in transmissibility ρT = 0.5. We introduce escape variant

E at t = 70 with frequency fE(70) = 10−6 that infects 5% of hosts possessing wildtype

immunity ηE = 0.05. A. Prevalence I by variant. B. Exponential growth rate r by variant.

C. Variant frequency f . D. Fitness relative to wildtype λ. E. Underlying immune pools. F.

Effective reproduction number Rt by variant.
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Figure 4.2: Trade-off between degree of immune escape and increased transmis-

sibility. A. Relative fitness for a transmissibility increasing variant T with ρT = 0.2 and

an immune escaping variant E with ηE = 0.3 for R0,W = 2.8 and 1/γ = 3.0 days. The

intersection point shows that after 40% of the population has wildtype immunity, the escape

variant has higher fitness. B. The critical exposure proportion is shown for various escape

fraction and transmissibility increase. Above the critical exposure proportion, we expect

dominance of escape variants. C. The minimum escape fraction needed for second waves to

be comprised of escape variant assuming competition with transmissibility increase variants

and first wave with a given R0.



84

Figure 4.3: Relative fitness is correlated with vaccination levels in the absence

of immune escape. We simulate the growth of a pure transmissibility increased variant

at varying levels of vaccination. Darker colors represent lower vaccine uptake. We identify

an early growth period where relative fitness is at its highest; the cutoff for this period is

denoted with a vertical dashed line. A. Prevalence of variant, each line is its own simulation.

B. Frequency of variant. C. Relative fitness for variant over time. D. Estimated log growth

advantage using linear regression of log relative frequency of variant over wildtype using only

data before the early cutoff. E. Same as D. but using data from the entire period shown.
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Figure 4.4: Predicting epidemic growth rate using estimated selective pressure.

A. Variant frequency estimated using the Gaussian process relative fitness model between

January 2021 and November 2022 for sequence count data from Washington state. B. Case

counts from Washington state. C. Selective pressure computed using estimated variant

frequencies and relative fitnesses from Washington state. D-F. Predictions for empirical

growth rate from selective pressure for selected US states. The light gray period is the

training period and the darker gray is the testing period. G-I. Predictions for empirical

growth rate from selective pressure for countries South Africa, South Korea and the UK.

J. Prevalence estimates for England from ONS Infection Survey. K. Estimated selective

pressure in England. L. Empirical growth rates (gray) computed from prevalence estimates

and predictions from our model (green) computed from selective pressure.
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Figure 4.5: Latent factor models of immunity describe variant dynamics. We

fit the latent immunity factor model to recent SARS-CoV-2 sequence data globally. A.

Variant frequency. Lines are colored to show 4 variants of interest (of 53 total variants) with

the style of the line denoting 3 countries of interest (of 18 total countries). B. Estimated

relative fitness for selected variants and countries. C. Estimated pseudo-immunity cohorts

(PIC) over time for multiple countries ordered by decreasing share in the first geography

D, E. Dimensionality-reduced pseudo-escape rates using multidimensional scaling (MDS).

F. Estimated pseudo-escape rates for each variant relative to pivot variant. H. Comparing

pairwise distance between variants in the pseudo-immune space to observed distances in

human titer data.
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Chapter 5

FORECASTING SARS-COV-2 LINEAGE SUCCESS FROM
MOLECULAR DATA

In this chapter, we develop and discuss methods for predicting relative fitness using

molecular data. We intend to expand this chapter into a larger paper. This expanded paper

will include analyses on how long the predictive power of molecular data lasts as well as more

replicates of this idea for evolution post-BA.2 and post-JN.1.

5.1 Abstract

SARS-CoV-2 variants have driven global waves of infection, shifting from transmissibility-

driven success in Alpha and Delta to immune escape in Omicron and its descendants. Models

estimating relative fitness from variant frequencies provide short-term insights but often fail

in long-term forecasts due to dynamic fitness landscapes and neglect of evolutionary history.

Simulations reveal that this oversight inflates correlations between molecular phenotypes

and fitness, misattributing patterns to ancestry rather than mechanism. To address this,

we introduce a Bayesian framework that integrates molecular phenotypes, such as immune

escape and receptor binding, with phylogenetic structure. By leveraging innovation-based

regression priors, our method accounts for shared ancestry and fitness changes along lineages,

enabling robust out-of-sample predictions. This framework advances forecasting of SARS-

CoV-2 variant success and offers a generalizable tool for understanding and responding to

the evolution of rapidly mutating pathogens.
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5.2 Introduction

The COVID-19 pandemic has been characterized by the emergence of SARS-CoV-2 variants

that have driven successive waves of infection globally. Early variants like Alpha, Beta,

Gamma, and Delta achieved success largely through increases in intrinsic transmissibility.

However, the emergence of Omicron marked a shift towards immune escape became the

dominant driver of variant success, as demonstrated by molecular studies showing reduced

neutralization by vaccine and infection-derived immunity.

Subsequent Omicron-derived lineages, including XBB, EG.5.1, and JN.1, have further ex-

ploited immune escape to drive rapid turnover in the viral population. This shift underscores

the interplay between population immunity and variant fitness, where increasing exposure

selects for variants with immune escape. Understanding the molecular and evolutionary fac-

tors that shape the success of these variants is critical for anticipating outbreaks and guiding

vaccine design.

Currently, efforts to predict the success of viral variants rely heavily on models that

estimate relative fitness from changes in variant frequencies over time. [65, 34]. These models,

while valuable for short-term forecasting, often fail to generalize over longer time horizons due

by repeated variant emergence or time-dependence in relative fitness [2]. Theory predicts that

relative fitness should be a function of both escape against particular immune backgrounds

and the distribution of these backgrounds in the population (Chapter 4). This suggests the

improving forecasts of relative fitness will require integrating of molecular phenotypes to

improve long-term forecasting capabilities.

Experimental methods such as neutralization titer assays and deep mutational scanning

(DMS) provide valuable molecular estimates of immune escape. Although they have correla-

tions with population-level success, it remains unclear how these data can be used to predict

variant success [24]. Protein language models (PLMs) have recently emerged as tools to in-

fer molecular properties directly from sequences and have even been used to predict relative

fitness. However, both PLMs and traditional regression-based approaches share a critical
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weakness: they fail to account for the shared evolutionary history of variants. This oversight

inflates correlations between molecular phenotypes and fitness, with shared ancestry rather

than mechanistic relationships driving the observed patterns,

Using simulations, we show that naive tip-level regressions overestimate the strength of

associations between molecular phenotypes and fitness due to recent shared evolutionary

history. In contrast, innovation-based approaches better isolate meaningful relationships

between molecular phenotypes and fitness. These findings highlight a key limitation in

existing methods and suggest a need for evolutionarily-informed approaches.

To address these challenges, we introduce a Bayesian framework that integrates molecular

phenotypes, such as immune escape and receptor binding, with phylogenetic structure to

estimate and predict relative fitness. By leveraging innovation-based regression priors, this

method accounts for shared ancestry and fitness innovations between lineages, enabling out-

of-sample predictions of relative fitness.

5.3 Results

The evolutionary success of SARS-CoV-2 lineages is influenced by a combination of molecular

phenotype and population immunity. The interplay between these factor creates challenges

for accurately attributing changes in lineage frequency to specific phenotypic drivers, such

as immune escape. Recent shared evolutionary history additionally introduces confounding

effects that can obscure relationships between molecular phenotypes and fitness, particularly

when using naive regression approaches. These challenges necessitate a framework capable

of disentangling the direct contributions of molecular traits from the effects of evolutionary

relatedness.

We provide an overview of the evolutionary and phenotypic context used to quantify and

analyze fitness innovations in Fig. 5.1.

The evolutionary relationships among SARS-CoV-2 clades are often visualized by Pango

lineage and Nextstrain clade. These variant groupings allow us to easily classify and enu-

merate genetic variation in the population, creating nested structure in Pango lineages and
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enabling us to visualize their variant-parent relationships. These variant parent relationships

reflect Nextstrain clades (Fig. 5.1A). However, despite falling into the same clade, lineages

may vary in their molecular phenotypes such receptor-binding domain (RBD) immune escape

(Fig. 5.1B).

This phenotypic variation among lineages coexists with the temporal dynamics of se-

lection in SARS-CoV-2. Tracking the frequencies of Nextstrain clades from January to

November 2023 shows the rapid turnover of clades driven by shifts in fitness among lineages

(Fig. 5.1C).

Naive regression methods show that these molecular phenotypes poorly explain relative

fitness of variants (R2 = 0.03), suggesting that molecular phenotypes may not be useful for

predicting lineage success (Fig. 5.1D). However, accounting for evolutionary relationships

using variant-parent innovation (Fig. 5.1E) in relative fitness and phenotype reveal clearer

signal (R2 = 0.69).

By focusing on the changes along branches, we isolate the impact of molecular phenotypes

from correlations due to shared evolutionary history. These fitness innovations can be used to

identify phenotypic drivers of relative fitness and to enable forecasting of relative fitness for

yet unseen variants. Together, these results provide insights into the mechanisms underlying

lineage success and advance the ability to forecast the emergence of novel variants.

Shared evolutionary history generates spurious correlations In naive regression

methods, cumulative molecular phenotypes, such as immune escape, are directly correlated

with measures of fitness. This naive approach often fails to account for the nested structure

and shared evolutionary of lineages which can generate spurious correlations between fitness

and phenotype in closely related lineages.

Simulating phylogenetic trees under selection, we show that fitness increases over time

as more fit lineages reproduce in the population (Fig. 5.2A). Though we simulate this tree

assuming selection is independent of individual mutations or their number, we find that the

total number of mutations explains much of the variance in relative fitness (R2 = 0.76), as
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shown in Fig. 5.2B. This spurious correlation is due to shared evolutionary history creating

correlations between individual lineages in the population despite branch level innovations

being independent. In fact, we can see that the magnitude of the R2 increases with the varia-

tion in fitness between branches, i.e., the strength of selection in the population (Fig. D.1A).

This suggests that stronger selection amplifies the confounding effect of shared ancestry.

To address this challenge, we focus on fitness innovations, i.e., branch-specific changes

in relative fitness. Using innovations or changes in fitness and mutations across branches

within our regressions, we isolate the contributions of molecular phenotypes to fitness, ef-

fectively removing the confounding effects of shared ancestry (Fig. 5.2C). This relationship

between fitness innovations and mutation change is preserved across varying levels of selec-

tion strength (Fig. D.1B).

We show that this approach is similar to other approaches of dealing with confounding due

to shared ancestry such as phylogenetic generalized least squares in Supplementary Text D.1.

Using innovations enables us to better resolve drivers of fitness that are obscured by

recent evolutionary history. By isolating the contributions of molecular phenotypes to fitness,

this provides a robust foundation for identifying the specific drivers of relative fitness and

improving predictions of lineage success.

Estimating fitness innovations across lineages and clades To better understand the

variability in fitness changes across SARS-CoV-2 lineages, we apply the innovation idea to

an inference model nested within a multinomial logistic regression framework.

This innovation model estimates each lineages’ fitness relative to XBB.1.5 and its inno-

vation using the lineage-parent mapping in Fig. 5.1A.

For this analysis, we use a Normal distribution as a prior for the relative fitness innova-

tions. We fit this model to XBB.1.5-focused dataset spanning January to November 2023,

reflecting the evolutionary dynamics during this period and visualize estimated clade fre-

quencies in Fig. 5.1C, showing turnover in this period. These clade frequencies are generated

by summing the frequency over all Pango lineages within a clade.
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In Fig. 5.3C, we see that there is clear selection for clades like 23F (EG.5.1) and 24A

(JN.1). Despite this, we see that the overall distribution of innovations is near 0, though it

has a wide range with a slight positive skew (Fig. 5.3B). This reflects the effect of selection in

driving advantageous lineages to higher frequencies, but suggests that both adaptive events

and neutral evolutionary processes shaped SARS-CoV-2 evolution in this period.

When aggregated by Nextstrain clade, the fitness innovations present a granular view of

the evolutionary trends in SARS-CoV-2 (Fig. 5.3C). Generally, clades which appear before

23A (XBB.1.5) such as 22B (BA.5) and 22D (BA.2.75) have a median innovation near 0

which is consistent with neutral evolution. However, clades following 23A (XBB.1.5.) tend

to have positive fitness innovations over average, aligning with their observed growth and

dominance during this period.

This analysis shows that fitness innovations can be used to understand patterns of adap-

tation within a population or clade. The variability observed across lineages and clades

underscores the role of rare but impactful events in driving lineage success and driving out-

breaks.

Quantifying the relationship between molecular phenotypes and fitness innova-

tions To quantify the relationship between molecular phenotypes and fitness innovations,

we integrated deep mutational scanning data to predict lineage phenotypes.

For this analysis, we use “human sera escape relative to XBB.1.5” and “ACE2 binding

relative to XBB.1.5” [24] and “RBD ACE2 affinity relative to XBB.1.5”, “RBD expression

relative to XBB.1.5”, “RBD escape relative to XBB.1.5” [78] as phenotypes.

These phenotypes were calculated for each lineage as the sum of all mutation effects

relative to XBB.1.5 and lineage-parent differences in these phenotypes were computed to

serve as predictors in the innovation-based analyses.

Using the relative fitness innovations estimated previously (Fig. 5.4A), we use the changes

in these phenotypes across parent-child pairs to predict relative fitness with linear regres-

sion. Together, these phenotypes explain a large share of the variance in relative fitness
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(R2 = 0.79), showing the utility of these phenotypes for predicting changes in relative fitness

(Fig. 5.4B). To understand the contribution of each of these phenotypes to this regression,

we estimated the partial R2 of each phenotype (Fig. 5.4C). This is a form of the additional

variance explained by adding this phenotype to the model. Using this partial R2 approach

shows that RBD yeast-display escape relative to XBB.1.5 explains most of the variance

(R2
partial = 0.097). We repeat this analysis using each predictor individually to predict the

relative fitness directly (Fig. D.2) and the relative fitness innovations (Fig. D.3).

This analysis shows that molecular phenotypes are able to explain much of the variance of

fitness innovations within sample. Among the phenotypes, RBD yeast-display escape relative

to XBB.1.5 contributes the largest unique share to the variance. This result emphasizes the

role of immune escape and its molecular basis in shaping the success of SARS-CoV-2 lineages.

This suggests these molecular phenotypes may have utility for forecasting the relative

fitness of previously unseen SARS-CoV-2 lineages.

Using molecular phenotypes for out-of-sample relative fitness forecasts To as-

sess the predictive utility of molecular phenotypes, we implemented a regression prior for

the relative fitness innovation. This approach enables the prediction of fitness innovations

for out-of-sample lineages by leveraging their molecular phenotypes and the lineage-parent

relationships described previously. With these predicted fitness innovations, we can then

forecast relative fitness using the baseline fitness of its parent (Fig. 5.5C).

We validate that the regression prior fitness model estimates relative fitnesses that are

consistent with the relative fitness in the uninformed model (Fig. 5.5A), finding near perfect

alignment between the two models (R2 = 1.0). This suggests that our regression prior fitness

model is able to capture both the effect of predictors and estimate the residual between our

predictions.

We then sought to validate this model using its predictions for previously unseen variants.

We repeat the same relative fitness analysis, estimating relative fitness using the normal

prior model for the 6 months following the end of the original XBB.1.5 data set. Using all
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lineages for which we have available phenotypes but were not included in the original data

set, we predict their fitness and compare it to the estimated relative fitness in the future

data set (Fig. 5.5B). Our forecasted relative fitness align closely with the future relative

fitness though they differ in scale, and we find that our predictions explain a large share

of the variance (R2 = 0.67) in future relative fitness and are strongly positive correlated

(Spearman’s ρ = 0.72). This result highlights the ability of the regression-based fitness

model to generalize fitness predictions beyond the training set, effectively utilizing molecular

phenotypes as predictors.

The ability to predict fitness for previously unseen lineages provides a critical tool for

evolutionary forecasting. By combining molecular phenotypes with the innovation frame-

work, this approach offers a scalable solution for anticipating the success of novel variants in

real-time.

5.4 Discussion

This study addresses the challenge of predicting the success of unseen variants in rapidly

evolving populations. By integrating molecular phenotypes with relative fitness, we isolate

branch-specific fitness innovations while addressing confounding due to shared ancestry. Our

results suggest that molecular phenotypes, particularly immune escape, are strong predictors

of lineage success. Using a regression-based prior, we extend this approach to enable out-of-

sample forecasting of relative fitness, providing a scalable, mechanism-informed framework

for understanding and predicting the evolutionary success of emerging variants.

Immune escape emerges as the most significant phenotypic driver of relative fitness, align-

ing with prior studies suggesting weaker neutralization of emerging variants in hosts with

past exposure. Molecular phenotypes such as ACE2 binding affinity and RBD expression,

also contribute though to a lesser extent. These results emphasize that while immune escape

is a primary driver, transmissibility-related traits also play a role in shaping lineage success

of SARS-CoV-2.

The ability to predict relative fitness for unseen variants has significant public health im-
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plications. Linking molecular phenotypes to relative fitness enables longer-term forecasts of

lineage success, which can inform vaccine strain updates by prioritizing high-fitness lineages

for monitoring or use as candidate strains before they reach dominance.

Despite its strengths, this approach has several limitations. The focus on genomic data

from the United States may restrict the generalizability to regions with different immune

landscapes. For pathogens like influenza which have greater regional diversity, this consider-

ation becomes extremely important. Additionally, the assumption that molecular phenotypes

independently contribute to fitness innovations may oversimplify the interactions between

phenotypic traits, which may motivate more complex, data-informed prior models.

Our framework also relies on the quality and relevance of deep mutational scanning data,

which may not fully describe immune escape in all populations due to host-specific differences.

While molecular phenotypes derived from deep mutational scanning are powerful, they may

not fully capture complex interactions, such as epistasis. These limitations also suggest

future directions for expanding this framework.

Future work can refine this approach by incorporating larger datasets spanning diverse

regions and lineages beyond XBB.1.5, enabling evaluation of its generalizability across vary-

ing immune landscapes. Testing additional molecular phenotypes may improve prediction

accuracy and reveal novel drivers of fitness.

This study establishes a framework for forecasting relative fitness for SARS-CoV-2 us-

ing molecular phenotypes. By showing the utility of these phenotypes for predicting fitness

and enabling out-of-sample forecasts, our approach provides a practical tool for real-time

monitoring of emerging variants and informing vaccine strain selection. While focused on

SARS-CoV-2, the framework can be adapted to study other rapidly evolving pathogens,

extending its relevance beyond the current pandemic. These contributions provide a foun-

dation for advancing long-term evolutionary forecasting and guiding proactive responses to

pathogen evolution.
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5.5 Methods

Simulation of transmission trees with fitness-weighted offspring To investigate

how evolutionary history influences correlations between molecular phenotypes and fitness,

we simulated transmission trees using a discrete-generation model. Each tree begins with a

single ancestral lineage at generation 0, initialized with fitness λ0. At each generation t, the

total number of offspring Ot is sampled from a Poisson distribution with mean N t. These

offspring are then distributed among active lineages i are allocated using a multinomial draw

based on fitness-weighted probabilities, so that the offspring by lineage are given by

Oi,t ∼ Multinomial (Ot, pi) , (5.1)

pi =
exp(λi)∑
j exp(λj)

, (5.2)

where λi is the fitness of lineage i. We assume that the fitness of each offspring evolves from

its parent’s fitness according to a Brownian motion process

λoffspring = λparent + ψ, ψ ∼ Normal(0, σ2), (5.3)

where σ determines the variance in fitness evolution. Mutations accumulate along branches

with their counts drawn from a Poisson distribution with rate µ.

The simulation is run over a fixed number of generations, producing trees where fitness

influences both branching structure and phenotype evolution. These trees are then analyzed

to compare naive tip-level regressions with branch-level contrast regressions, providing insight

into how shared evolutionary history drives spurious correlations and demonstrating the

importance of evolutionary-aware statistical approaches.

Generating sequence counts We prepared sequence count data sets using the

Nextstrain-curated SARS-CoV-2 sequence metadata [40] which is created using the GISAID

EpiCoV database [48]. These sequences were counted according to their annotated Pango
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lineage [4], country of collection, and date of collection to produce sequence counts for each

variant, date, and country analyzed.

Multinomial logistic growth To estimate relative rates of growth between variants of

interest, we fit a multinomial logistic growth model to the sequence count data. This model

can be written as

ft,v =
exp(αv + λvt)∑V
u=1 exp(αu + λut)

, (5.4)

where αV = λV = 0.

We can then interpret λv as the relative fitness of variant v relative to variant V . Assuming

a fixed generation time τ additionally allows us to then write the relative Rt or growth

advantage for variant v over V as ∆v = exp(λvτ). To fit this model, we use a multinomial

likelihood with probabilities defined by the frequencies above, the vector of counts for each

variant at time t St, and the total count of sequences at time t,

St ∼ Multinomial(Nt, ft,·). (5.5)

Mapping variant-parent relationships In order to estimate rough branch-specific rel-

ative fitness innovations, we develop a data set mapping variants as parent-child pairs. For

each Pango lineage in our generated sequence counts, we iterate to its parent lineage until

the parent lineage is either in the sequence count file or there is no parent present. If there

is no parent present, we simply estimate the variant’s relative fitness and growth advantage

directly.

Relative fitness innovation model We can extend the previous model for the Multino-

mial Logistic growth to take into account for evolutionary relationships using the variant-

parent lineage mapping generated in the previous section.

This updated model is instead parameterized by the relative fitness difference between

variant v and its parent lineages ψv = λv−λparentv directly. Under this parameterization, we
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can also define the (approximate) growth advantage innovations Ψv from a variant lineage v

to its parent as

Ψv =
∆v

∆parentv

= exp(ψvτ).

Normal prior model We consider several prior models on the relative fitness innovation

ψv. The most basic of these models is a normal prior on the relative fitness innovations

ψv = (λv − λparentv) ∼ Normal(0, σ).

This induces a log normal prior on the growth advantage innovations Ψv.

Regression prior for growth advantage innovations To better explain the variation

in relative fitness innovations and enable prediction of relative fitness for new variants given

features and their parent lineage, we extend the above prior to be parameterized by various

features, so that

ψv = (λv − λparentv) ∼ Normal

(∑
p

θpxp, σ

)
. (5.6)

Using this model, we can then predict relative fitnesses and growth advantages out of

sample. For a given out-of-sample variant v, we need to only specify its set of predictors

xp and its in-sample parent parentv. First, we predict its innovation relative to its parent

and its total relative fitness by sampling using Equation 5.6 with the estimated θp. We

can compute the relative fitness of this variant by adding the predicted innovation to the

estimated relative fitness of its parent. This provides an out-of-sample estimate of the relative

fitness using a combination of molecular data and our knowledge of the evolutionary history

of the population.

Generating features for regression prior analysis We use mutation effects estimated

using pseudovirus deep mutational scanning and receptor binding domain (RBD) yeast-

display deep mutational scanning to predict phenotypes at the level of Pango lineage [24,

78]. The phenotype of each lineage is computed as the sum of all mutation effects relative
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to XBB.1.5. This gives us 5 molecular phenotypes: “spike pseudovirus DMS human sera

escape relative to XBB.1.5”, “spike pseudovirus DMS ACE2 binding relative to XBB.1.5”,

“RBD yeast-display DMS ACE2 affinity relative to XBB.1.5”, “RBD yeast-display DMS

RBD expression relative to XBB.1.”, “RBD yeast-display DMS escape relative to XBB.1.5”.

We also compute the variant-parent differences in the phenotypes for use as predictors

in the innovation-based analyses. These variant-parent differences are computed using the

variant-parent relationships described above for variants with an existing parent.

Analysing SARS-CoV-2 evolution post-XBB.1.5 emergence. To analyze selection

in SARS-CoV-2 after the emergence of XBB.1.5, we begin by generating Pango lineage-level

sequence counts for the United States between January 1st, 2023 and December 1st, 2023.

We collapse small lineages which do not meet a count threshold into their parent lineages,

forcibly including XBB, XBB.1.5, and XBB.2. Using these collapsed counts, we generate

the variant-parent relationships. We, then, estimate the relative fitness of each variant and

its innovation using these sequence counts and the innovation model with a normal prior on

the innovations.

Using these estimated innovations, we fit a standard linear regression between the relative

fitness innovation and the molecular phenotype innovations. To evaluate the contribution

of adding individual phenotypes to the relative fitness innovations, we conducted a partial

R2 analysis. We compute the partial R2 for each phenotype as the difference between the

R2 of the full model and the R2 of the model without the phenotype of interest. This

approach quantifies the proportion of variance in the dependent variable (relative fitness

innovation) explained by each phenotype when adding it to a model that already uses the

other phenotypes.

We also estimate the relative fitness of each variant and its innovation to its parent using

the regression prior on the innovations with the 5 molecular phenotypes as predictors. This

enables us to make predictors of the phenotype for out of sample lineages as long as we know

their parent and their phenotypes.
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Figure 5.1: Interplay between evolution, immune escape, and fitness among

SARS-CoV-2 variants A. Lineage and closest parent mapping of SARS-CoV-2 Pango

lineages, with nodes colored by Nextsrain clade, illustrating evolutionary relationships and

grouping of lineages. B. The mapping as A., now colored by receptor-binding domain (RBD)

immune escape, highlighting molecular phenotypes across evolutionary lineages. C. Tempo-

ral dynamics of clade frequencies in the global SARS-CoV-2 population from January to

November 2023. The figure highlights the rapid turnover of clades driven by changing fit-

ness landscapes. D. Naive correlation between RBD immune escape (x-axis) and relative

fitness (y-axis) shows weak association (R2 = 0.03), reflecting the confounding effects of

shared ancestry. E. Innovation-based correlation between immune escape contrasts and fit-

ness innovations shows a significantly stronger relationship (R2 = 0.69), demonstrating the

importance of accounting for evolutionary context to uncover true mechanistic drivers of

fitness.
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Figure 5.2: Shared evolutionary history causes spurious correlations between pre-

dictors and fitness. A. A transmission tree simulated with fitness-dependent branching.

Each branch represents the evolutionary descent of lineages, where fitness evolves through

Brownian motion. B. Naive regression of tip-level fitness on cumulative mutations. This ig-

nores the shared evolutionary history of tips, leading to spurious correlations. C. Regression

of branch-level innovations (changes in fitness versus changes in mutation counts). By ana-

lyzing innovations, we account for the shared evolutionary history and isolate the relationship

between predictors and fitness, revealing the true lack of direct association.
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Figure 5.3: Exploring fitness innovations across SARS-CoV-2 clades. A. Estimated

relative fitness for Pango lineages which reach at least 1% frequency. B. Histogram of overall

fitness innovations across all variants. C. Estimated fitness innovations by clade.
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Figure 5.4: Molecular phenotypes explain fitness innovations. A. Relative fitness

innovations for Pango lineages which reach at least 1% frequency. B. Observed versus pre-

dicted relative fitness innovations from the regression model (R2 = 0.72), demonstrating the

model’s predictive accuracy. C. Partial R2 values for molecular predictors, illustrating the

relative contributions of features such as immune escape, receptor binding, and expression

to fitness innovations.
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Figure 5.5: Predicting fitness with innovations. A. In-sample validation comparing

predicted relative fitness innovations with their estimated values. Predictions were generated

using the regression-based prior, incorporating molecular phenotypes as predictors. Points

represent individual lineages, with the diagonal dashed line indicating perfect agreement

between predicted and estimated values. B. Out-of-sample validation comparing predicted

relative fitness innovations with observed values for lineages not included in the training

dataset. C. Predicted relative fitness of top 25 lineages. D. Relative fitness lineages achieving

at least 2% frequency, relative fitnesses are estimated with data from the 6 months following

training period.
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Chapter 6

OPERATIONALIZING EVOLUTIONARY FORECASTS: evofr
AND forecasts-ncov

In this chapter, we develop and discuss two software tools evofr and forecasts-ncov

that simplify the development, application, and communication of variant fitness dynamics

and evolutionary forecasts.

6.1 Introduction

This dissertation emphasizes integrating theoretical and practical approaches and blending

mechanistic insights with statistical models. While earlier chapters focused on developing,

evaluating, and applying specific models, these methods were used in specific analyses moti-

vated by existing scientific problems. However, there is a common structure in the methods

described that enables us to simplify the workflow of using these kinds of models. In this

way, we move from scientific analyses to reproducible, scalable, and applied analyses that can

tackle broad questions in evolutionary forecasting. Having infrastructure for building, apply-

ing, and interpreting models allows us to iterate on our analyses, speeding up our responses

and addressing real-world challenges.

evofr consolidates and expands on the methods developed in this dissertation, enabling

reproducible data analysis within a modular structure that allows rapid testing and compar-

ison between models. This package serves as the computational backbone for the analyses

presented in this dissertation, integrating models from statistical tracking to mechanistic

forecasting and is the bridge between the theoretical insights developed in this dissertation

and their practical utility as an open-source tool.

forecasts-ncov incorporates evofr into an automated workflow and public-facing plat-
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form, translating research and applied forecasts into actionable insights for public consump-

tion. It continually retrieves publicly available sequence data to generate and visualize fore-

casts of SARS-CoV-2 variant frequencies for public consumption, providing forward-looking

approach to the evolution of SARS-CoV-2 as a companion to Nextstrain. [40] In this way,

forecasts-ncov serves as a first step to operationalized evolutionary forecasting in practice

and at scale.

Together, these software tools provide a basis for evolutionary forecasts as a dynamic

process and concrete problem, setting the stage for continued development of this practice

and scientifically-informed forecasts of pathogen evolution.

6.2 evofr: A toolkit for evolutionary forecasting

Evolutionary forecasting plays a critical role in understanding genetic changes in populations

over time, with direct applications in predicting the prevalence of infectious disease variants,

guiding vaccine development, and informing public health interventions.

Existing tools for understanding evolution often operate at the level of phylogenetic

tree estimation which is computationally expensive due to the large number of possible trees

(which grows super-exponentially in terms of the number of samples). Further, these methods

have shown difficulty scaling to large numbers of sequences, requiring approximation-based

methods at the pandemic scale. [26] Additionally, due to these large computational demands,

it can be difficult to iterate on these methods, making model development, testing, and

iteration time-consuming. In general, these methods are typically employed for historical

analyses, capturing past or currents trends in evolution without much concern for likely future

population change. That being said, there is no need to completely replace phylogenetic

analysis as it still forms an important backbone for our understanding of pathogen evolution

and enables us to group continuous genetic diversity in pathogen populations to variant

groupings that are evolutionarily meaningful.

This suggests a need to supplement phylogenetic analysis with fast, scalable, reproducible

methods for analyzing sequence data at a coarse scale that can be employed for both historical



108

and forward-looking analyses. To address these gaps, we have developed evofr.

evofr is a Python package built for evolutionary forecasting of genetic variants, address-

ing the growing need for robust tools to analyze and predict change in genetic variation

in real time. With applications in evolutionary biology, epidemiology, and public health,

evofr integrates data pre-processing, modeling techniques, intuitive visualization tools, and

a modular framework to empower researchers and scientists to understand and anticipate

the dynamics of genetic variation. It seeks to simplify bespoke analyses and allow easy

integration in standardized workflows, enabling reproducible and scalable analyses.

The package facilitates data preprocessing, evolutionary forecasting, and result visualiza-

tion, catering to complex datasets like those generated by genomic surveillance of pathogens

(e.g., SARS-CoV-2 and influenza). By leveraging modularity, evofr ensures scalability and

extensibility, enabling users to adapt the tool for varied biological and computational chal-

lenges. The key contributions of this package include:

• Forecasting dynamics of genetic variants: evofr allows users to estimate the

relative fitness and future prevalence of genetic variants using customizable modeling

approaches such multinomial logistic regression (MLR), renewal-equation based mod-

els, Gaussian processes, and latent factor models among others.

• Extensibility and Accessibility: evofr provides a user-friendly, open-source frame-

work that integrates seamlessly with Python’s ecosystem, encouraging contributions

and customization.

• Modularity and Reproducibility evofr promotes reproducible science by offering

a modular architecture that supports continued methods development, rapid iteration,

model comparison, and simple integration into forecasting workflows.
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6.2.1 Design and implementation

The design and implementation of evofr reflect its dual purpose as a research product and

public health tool. This section will describe the software’s architecture and key features,

highlighting its modular design, integration of diverse modeling approaches, interchangable

inference methods.

Modularity evofr is divided into distinct modules for data preprocessing (evofr.data),

modeling (evofr.models), inference (evofr.infer), and visualization (evofr.plotting).

Each module performs specific tasks and is designed to be interoperable. As an example, this

enables easily swapping between different models such as standard MLR, a Gaussian process-

based model on the same pre-processed data. These models can then be fit with any of the

inference methods in evofr.infer such as Markov Chain Monte Carlo (MCMC), Stochastic

Variational Inference (SVI), and maximum a posteriori (MAP) estimation. The results of

these models are stored in a standardized evofr.posterior object, which is compatible with

the various plotting methods stored in evofr.plotting.

Reproducibility Fundamentally, evofr seeks to make the kind of bespoke analyses that

are common in papers about SARS-CoV-2 and pathogen evolution reproducible. It contains

well-documented reproductions of several methods employed in research papers, to improve

the reach of these methods and enable easy replication of analyses with these papers.

While inference for these models typically involve stochastic processes, evofr includes

mechanisms to fix random seeds, ensuring that results are deterministic and consistent across

runs.

Additionally, all intermediates and outputs including preprocessed data, model configu-

rations and posterior samples can be stored in standardized formats like JSON and CSV.

This ensures that results can be reliably reproduced and shared.



110

Extensibility Users can extend evofr by adding new models, likelihoods, or priors to the

models module by developing a class that inherits from evofr.ModelSpec. The package’s

backend-agnostic design ensures compatibility with diverse computational frameworks (e.g.,

JAX, PyMC, NumPyro) since users can simply provide a log-posterior probability function

for their model to enable samplng or optimization via evofr’s inference methods. [12, 3, 64]

The plotting module (evofr.plotting) is built on top of matplotlib, but can be cus-

tomized or replaced to accommodate specific visualization needs, such as alternative plot

styles or integration with external tools. [43]

Generally, the open-source nature of evofr encourages contributions, enabling the tool

to evolve with user-driven innovations.

Scalability Due to most models working at the level of variant frequency, evofr is de-

signed to process genomic datasets containing thousands of sequences, with methods typ-

ically scaling with the number of variants and time-horizon for analysis. Efficient use of

computational resources and data reduction strategies ensures that analyses remain feasible

as data volumes grow. Further, integration with JAX enables just-in-time compilation and

GPU/TPU acceleration for computationally intensive tasks.

6.2.2 Discussion

evofr is a Python-based toolkit designed to address challenges in evolutionary forecasting.

Its modular structure and emphasis on flexible workflows enable researchers to analyze and

predict genetic variant dynamics. evofr is well-suited for genomic datasets generated by

real-time surveillance efforts, where understanding variant dynamics is essential for public

health decision-making and evolutionary monitoring.

Through its modular design, evofr supports rapid iteration on models and analyses,

offering tools for data preprocessing, modeling, inference, and visualization. By enabling

reproducible workflows and fostering extensibility, evofr has the potential to serve a broad

range of applications, from fundamental research to forecasting in practice.
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The core contributions of evofr include the wide range models implemented within the

package, which provide a robust foundation for exploring genetic variant dynamics under

both statistical and semi-mechanistic frameworks. By supporting customizable likelihoods

and priors, evofr also allows users to tailor models to specific research questions or datasets.

The package is designed to handle large genomic datasets efficiently, ensuring that evofr

can be applied to datasets with hundreds of thousands of sequences and extended time hori-

zons at the national and global scale, making it ideal for real-time evolutionary forecasting.

Additionally, evofr enables reproducible workflows with logging model configurations,

and storing results in common formats. These features ensure that analyses can be reliably

reproduced, shared, and extended.

While evofr provides many significant advantages, there are some points of limitation

as is. Bayesian inference methods such as MCMC can demand significant computational

resources, especially when dealing with large data sets and complex models. Though there

are alternative, faster but approximate methods for inference such as stochastic variational

inference and maximum a posteriori estimation available within the package, this still remains

an issue since all inference methods may not be computational feasible for a given data set

or model.

In general, the accuracy of these methods depends heavily on the quality and completeness

of the data set of interest. This means that unforeseen biases or gaps in the data can affect

the reliability of these models and their predictions. However, evofr’s extensibility will allow

motivated researchers to iterate on these models to improve their ability to address such data

issues.

This level of extensibility presents a potentially steep learning curve. Users with limited

experience in probabilistic modeling may face challenges using and extended this package as

is, but the documentation should provide a helpful guide for contributions looking to dive

deeper.

In the future, we hope to expand the capabilities of evofr and address the aforementioned

limitations. Further development should continue to design and implement hybrid models
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which combine mechanistic insight and statistical flexibility, expanding the range of questions

and forms of data that evofr can address and handle. This includes additional likelihood

functions and priors for extending existing models as well.

There is also a need to support contributions to evofr from the open-source community.

This includes adding more thorough documentation of the package as well as the development

of extended guide for contributors that is accessible to users. Going forward, the goal should

be expanding the package to meet the needs of the communities who would most benefit

from it: researchers and scientists in epidemiology, evolutionary biology, and public health.

evofr democratizes evolutionary forecasting by turning statistical methods developed for

research to a practical, scalable, and accessible tools for analysis. This positions evofr as a

useful for real-time applications in public, such as monitoring emerging variants or informing

vaccine development.

Beyond its immediate applications, evofr serves as a model for the development of mod-

ular, extensible tools in computational biology. Its design and implementation demonstrate

the utility of combining reproducibility, scalability, and user-centered design to address com-

plex challenges in research. By bridging the gap between theoretical models and practical

applications, evofr sets the stage for continued advancements in evolutionary forecasting

and beyond.

Code availability

evofr is an open source project. Its source code can be found

at https://github.com/blab/evofr. Its documentation can be found at

https://blab.github.io/evofr.

6.3 forecasts-ncov: Automated and public-facing forecasts for SARS-CoV-2

forecasts-ncov is an automated platform designed to provide real-time forecasts of SARS-

CoV-2 variant frequencies. As part of the broader Nextstrain project, it extends Nextstrain’s

genomic surveillance capabilities by offering a forward-looking perspective. [40] While

https://github.com/blab/evofr
https://blab.github.io/evofr
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Nextstrain’s phylogenetic inference provides detailed reconstructions of evolutionary histo-

ries, forecasts-ncov complements this by projecting future variant trajectories. This dual

approach ensures a comprehensive understanding of variant dynamics, bridging retrospective

insights with predictive capabilities.

This tool operationalizes evolutionary forecasting, translating genomic data into action-

able insights for public health. Its automated workflows, robust modeling framework, and

accessible visualization tools make it an essential resource for addressing rapidly evolving

public health challenges. By enabling real-time forecasting, forecasts-ncov can support

early detection of emerging threats, timely policy decisions, and informed vaccine updates.

6.3.1 Design and workflow

The forecasts-ncov pipeline integrates data ingestion, predictive modeling, and visual-

ization into a seamless, automated workflow. It is designed to operate at scale, updating

forecasts daily to provide consistent and timely insights.

Data ingestion is handled by workflows that retrieve and preprocess genomic data from

public repositories, such as GISAID and GenBank, using the Nextstrain ncov-ingest

pipeline. These workflows ensure high-quality, curated inputs by harmonizing metadata and

sequence information across multiple sources. This generates sequence count files at vari-

ous levels of genetic granularity (Nextstrain clade and Pango lineage), geographic resolution

(Global and the United States) from data.

Forecasting is performed using predictive models implemented in evofrṪhese models

estimate key parameters such as variant frequencies, growth rates, and fitness advantages,

generating forward-looking insights that complement traditional phylogenetic analyses. By

focusing on coarse-scale trends, the platform prioritizes actionable predictions over detailed

evolutionary reconstructions. Though compatible with any model from evofr live forecasts

rely on an in-house hierarchical multinomial logistic regression model.

The visualization component transforms model outputs into interactive, web-based vi-

sualizations that present variant trajectories in accessible formats. This web application
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allows users to explore the latest forecasts or upload local data for analysis. These visualiza-

tions provide intuitive representations of complex genomic data, making forecasts-ncov a

valuable resource for technical and non-technical audiences alike.

6.3.2 Contributions

As a component of Nextstrain, forecasts-ncov fills a critical gap by adding predictive

capabilities to the platform’s established phylogenetic tools. It provides continuously up-

dated forecasts that enable users to anticipate the trajectories of SARS-CoV-2 variants (Figs

6.1 and 6.2) as well as visualize the current growth advantages of variants at the level of

Nextstrain clade and Pango lineage (Figs 6.3 and Figs 6.4).

This forward-looking approach complements the retrospective focus of phylogenetic in-

ference, creating a comprehensive framework for understanding both past and future variant

dynamics.

By automating the forecasting process, forecasts-ncov ensures the timely availability

of results, which are stored publicly as JSON files on AWS S3. These outputs are stratified

by data provenance (e.g., GISAID, GenBank), variant classification (e.g., Nextstrain clades,

Pango lineages), and geographic resolution (e.g., global, USA). The integration of these

outputs with an interactive web application further enhances their accessibility, enabling

users to visualize variant trends dynamically. This functionality supports public health

efforts by providing actionable insights that inform decision-making at local, national, and

global levels.

6.3.3 Discussion

forecasts-ncov represents a significant advancement in operationalizing evolutionary fore-

casting, combining the predictive modeling framework of evofr with Nextstrain’s robust

infrastructure for genomic surveillance. By automating the end-to-end process—from data

ingestion to real-time forecast visualization—the platform offers a forward-looking comple-

ment to the phylogenetic analyses that form the foundation of Nextstrain. This dual ap-
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proach provides a more comprehensive understanding of variant dynamics, addressing both

retrospective and prospective dimensions of pathogen evolution.

The platform’s success lies in its ability to integrate predictive models seamlessly into a

scalable pipeline that produces actionable outputs. These forecasts have proven particularly

valuable for tracking SARS-CoV-2 variants, enabling public health agencies to anticipate

potential surges and prioritize interventions. By presenting outputs through intuitive visu-

alizations and accessible data formats, forecasts-ncov democratizes access to evolutionary

insights, fostering collaboration among researchers, public health professionals, and policy-

makers.

However, real-time forecasting brings unique challenges that merit consideration. The

reliance on external data sources, such as GISAID and GenBank, introduces dependencies

that can affect the timeliness and consistency of updates. Additionally, the variability in

global sequencing efforts can create gaps or biases in the underlying data, which in turn may

influence forecast accuracy. While the platform’s modular design supports customization

and iteration to address such issues, these constraints highlight the ongoing need for robust

data-sharing practices and equitable genomic surveillance.

Another area of consideration is the interpretability of forecasts. While visualizations sim-

plify complex data, conveying the uncertainties inherent in predictive models remains chal-

lenging, particularly for non-technical audiences. Enhancing these aspects would strengthen

forecasts-ncov as a tool for decision-making, ensuring that forecasts are not only accessible

but also actionable.

Looking ahead, the scalability and extensibility of forecasts-ncov provide a strong

foundation for future growth. The platform is well-positioned to expand its scope to other

pathogens, offering similar predictive capabilities for influenza, RSV, and other emerging

threats. Further development of its visualization tools could enable deeper engagement

with forecast data, while continued integration with Nextstrain’s ecosystem would create an

increasingly unified platform for genomic epidemiology.

Ultimately, forecasts-ncov exemplifies the potential of evolutionary forecasting to move
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beyond research applications and into the realm of real-world impact. By providing timely

and actionable insights, the platform underscores the value of combining computational

innovation with public health priorities, setting the stage for further advancements in genomic

surveillance and predictive modeling.

Code availability

forecasts-ncov is an open source project. Its source code can be found at

https://github.com/nextstrain/forecasts-ncov. The live SARS-CoV-2 forecasts can be found

at https://nextstrain.org/sars-cov-2/forecasts.

Figure 6.1: Live global SARS-CoV-2 frequency forecasts for Nextstrain clades.

https://github.com/nextstrain/forecasts-ncov
https://nextstrain.org/sars-cov-2/forecasts
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Figure 6.2: Live global SARS-CoV-2 frequency forecasts for Pango lineages.
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Figure 6.3: Live global SARS-CoV-2 growth advantage estimates for Nextstrain

clades.
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Figure 6.4: Live global SARS-CoV-2 growth advantage estimates for Pango lin-

eages.
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Chapter 7

CONCLUSION

This dissertation establishes evolutionary forecasting as a rigorous and dynamic process

by integrating insights from population genetics, mathematical epidemiology, and statistics.

Through systematic evaluation, this work identifies gaps in existing models and lays a foun-

dation for addressing them by integrating mechanistic insight with immunological, genetic,

and epidemiological data. Forecasting moves beyond tracking trends to become a dynamic

process that unites real-time analysis, biological insight, and long-term evolutionary pre-

diction. These advances rely on domain knowledge, statistical methodology, and data on

the biological and environmental forces shaping pathogen evolution. They enable new kinds

of predictions, such as variant-specific Rt, pseudo-immune representations, and epidemic

growth rates derived from selective pressure, enhancing our ability to anticipate and respond

to pathogen evolution.

This work presents several key contributions— mechanism-informed fitness models, fore-

casting evaluation methods, and data-informed fitness predictions— that deepen our un-

derstanding of pathogen evolution. These contributions are operationalized through tools

like evofr and forecasts-ncov. evofr serves as a flexible toolkit for real-time analysis

and forecasting while forecasts-ncov automates these methods to forecast in real-time,

transforming methodological detail into accessible, reproducible insights for public health

decision-makers. Together, these contributions interpret today’s dynamics while predicting

the evolution of tomorrow, turning theoretical advancements into modular, scalable systems

capable of addressing diverse epidemiological and evolutionary challenges.

By emphasizing modularity and scalability, this work ensures its contributions extend be-

yond SARS-CoV-2 to other pathogens such as influenza or emerging zoonotic threats. This
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adaptability, combined with interdisciplinary insights from genomics, immunology, epidemi-

ology, computational biology, and statistics, strengthens our approach by ensuring it is both

biologically meaningful and statistically robust. These contributions provide the scientific

and practical tools scientists and public health systems need to understand, interpret, and

act on the dynamics of emerging genetic variants.

This dissertation advances evolutionary forecasting by integrating mechanistic insights

and empirical data into models and tools that predict the dynamics of viral evolution. While

significant progress has been made, the field presents opportunities for further development,

particularly in capturing the complexity of viral evolution and ensuring the practical utility

of forecasts.

A critical avenue for future research is expanding the scope of data incorporated into

forecasting models. While this work demonstrates the power of genomic surveillance, viral

evolution is influenced by behavioral, clinical, and environmental factors that are not yet

fully integrated. Incorporating these dimensions would enhance the fitness-based models

developed here, offering a richer understanding of the factors shaping variant success and

public health outcomes.

The methodologies presented in this dissertation, though tailored to SARS-CoV-2, sug-

gest broader applicability to other rapidly evolving pathogens such as influenza and RSV.

Generalizing these models will require adapting them to the specific evolutionary and im-

munological dynamics of other viruses. This extension would establish evolutionary forecast-

ing as a universal framework for monitoring and predicting pathogen evolution.

At the same time, developing generative sequence models offers a promising direction.

Such models could simulate evolutionary trajectories, predicting not only which variants

may emerge but also their phenotypic traits while basing generation in our mechanistic

understanding of pathogen evolution. These capabilities would build on the fitness and

immune escape dynamics studied here, enabling long-term forecasting and preemptive public

health strategies.

Further refinement of population structure in these models is also essential. Selective
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pressures and fitness vary across populations due to differences in immunity, geography, and

temporal dynamics. Building on the latent factor models developed in this dissertation,

future work can better account for these variations, improving the precision of forecasts

across diverse contexts.

On a practical level, this dissertation demonstrates how tools like evofr and

forecasts-ncov can operationalize evolutionary forecasting. To maximize their impact,

future efforts should focus on making these tools more accessible to public health prac-

titioners through user-friendly interfaces and seamless integration into existing workflows.

Collaboration between evolutionary biologists, immunologists, virologists, and public health

experts will be critical for validating these models and ensuring their relevance in real-world

decision-making.

Finally, as forecasting tools become increasingly influential in guiding vaccine updates

and public health policies, their practical and policy consequences require careful considera-

tion. Future work should explore frameworks to ensure forecasts are used transparently and

equitably, addressing issues such as resource allocation and public communication.

The next phase of evolutionary forecasting lies in refining its scientific foundations while

expanding its practical applications. By integrating diverse data sources, adapting models to

new pathogens, and addressing the practical impact of these forecasts, the field can continue

to evolve, meeting the needs of both science and society.

In my opinion, this work offers a clear lesson beyond advancing forecasting or any single

pathogen. It has shown that pursuing a deeper understanding of dynamic systems and the

structures that drive them creates new opportunities for innovation. In that understanding

lies the potential to anticipate, to prepare, and to act.
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Appendix A

SUPPLEMENTARY MATERIALS FOR CHAPTER 2

A.1 Supplementary Text

Relationship to multinomial logistic regression

Other papers have tried to infer growth advantages of variants from sequence data alone,

we show that the multinomial logistic regression model typically used in these analysis is

roughly equivalent to our fixed growth advantage model, but that inferring relative effective

reproduction numbers between variants using multinomial logistic regression requires addi-

tional restrictions on the generation time. Multinomial logistic regression typically models

the probability of a given observation belong to class v at time t as

fv(t) =
pv exp(βvt)∑

1≤u≤V pu exp(βut)
. (A.1)

For our purpose, we can assume this probability is equivalent to the true frequency of variant

v in the population and in this case, pv is considered to be related to the prevalence on variant

v in the population at t = 0 and βv can be considered to be the growth advantage relative to

a pivot class u∗ which has βk∗ = 0. In order to see the connection between the above model

and ours, we return to the original renewal equation of the form

I(t) = Rt

∫ t

0

I(t− τ)g(τ). (A.2)

Assuming that g is a point mass at a mean generation time Tg, we have that

I(nTg) =

(
n∏
i=1

RiTg

)
I(0). (A.3)
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Assuming that there are several variants following these same dynamics, we have that the

frequency of a given variant v can be written as

fv(nTg) =
Iv(nTg)∑

1≤u≤V Iu(nTg)
. (A.4)

If we assume a constant growth advantage as in our model, we then have that Rt,v = ∆vRt,

so that

fv(nTg) =
∆n
vIv(0)∑

1≤u≤V ∆n
uIu(0)

. (A.5)

Writing ∆v = exp(δv) and t = nTg, allows us to see that

fv(t) =
Iv(0) exp( δv

Tg
t)∑

1≤u≤V Iu(0) exp( δu
Tg
t)
. (A.6)

By fixing one pivot class so that Iu∗ = 1 and δu∗/Tg = 0, we can identify our model with the

multinomial logistic regression by relating the parameters as

δv = βvTg (A.7)

Iv(0) = pv. (A.8)

This shows that the multinomial logistic regression functions similarly to our fixed growth

advantage model except with the additional assumption that the generation time is a point

mass at Tg. This assumption additionally allows us to relate the epidemic growth rate r

and the effective reproduction number as R = exp(rTg) [87]. Therefore, by further assuming

that the variant infections are exponentially growing with rates rv, we can then identify

βv = rv − ru∗ . This means that the relative effective reproduction number for any two

variants can be written as

ln

(
Rt,v

Rt,u

)
= (βv − βu)Tg.
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Figure A.1: Estimating variant growth advantages in various states using Multino-

mial Logistic Regression (a) Growth advantages visualized by state assuming generation

time Tg = 5.2.. (b) Same as (a) but grouped by variant.



135

Relating epidemic growth rates to relative effective reproduction numbers

An important relationship of interest is between the epidemic growth rate of an epidemic and

its effective reproduction number. In the case of our analysis, we are particularly interested in

the effect of generation time assumptions on estimated variant-specific effective reproduction

numbers. First, notice that the effective reproduction number and the epidemic growth rate

of an epidemic are related by

Rt =
1∫∞

0
exp(−rτ)g(τ)dτ

=
1

Mg(−r)

according to the Lotka-Euler equation [87] where r is the epidemic growth rate and Mg is

the moment-generating function of the generation time g.

This allows us to write the relative reproduction number of two variants v and u as a

function of their epidemic growth rates, so that

Rt,v

Rt,u

=
Mg(−ru)
Mg(−rv)

. (A.9)

We’ll consider three common generation time assumptions. First, we consider the case

where the generation time is a point mass at Tg. In which case, Mg(−r) = exp(−rTg) and

we recover the relationship

Rt,v = exp(rvTg). (A.10)

In this case, the relative effective reproduction number will depend on only the differ-

ence between the epidemic growth rates and therefore, is commonly used when converting

estimated growth advantages to relative reproduction numbers in the case of logistic growth

models.

Second, we consider the case where the generation time is an exponential distribution with

mean Tg. This assumption is often implicit and common in models of infectious diseases such

as ODEs and their stochastic variants. Using the corresponding moment-generating function,

we see that

Rt,v = 1 + rvTg (A.11)
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Next, we consider the Gamma distributed generation times with mean Tg and standard

deviation s. This is often used in models of infectious diseases via the chain trick in which

multiple compartments are chained together to obtain non-exponential generation times or

infectious periods. Re-parameterizing the Gamma distribution in terms of its mean and

standard deviation and using its moment generating function, we have that

Rt,v =

(
1 + rv

(
s2

Tg

))T 2
g /s

2

. (A.12)

From this equation, we can see that increases in the mean of the generation time of v

leads to decreasing estimates of Rt,v during epidemic decline (rv < 0) and increased estimates

during epidemic growth (rv > 0) assuming rv and s are fixed. Additionally, increases in the

standard deviation will generally lead to lower inferred variant advantages. This effect is

also visualized in Figure A.2.

Variant growth-advantages are sensitive to generation time In the case where we

have two variants u, v with Gamma-distributed generation times with means Tu, Tv and

standard deviations su, sv respectively, we can then write the relative effective reproduction

number of v over u as

Rt,v

Rt,u

=

[
1 + rv

(
s2v
Tv

)]T 2
v /s

2
v

[
1 + ru

(
s2u
Tu

)]T 2
u/s

2
u
. (A.13)

It follows that increases in the mean of the generation time of v leads to decreasing inferred

variant advantages during epidemic decline and increased advantages during epidemic growth

when all quantities are fixed. On the other hand, increases in the standard deviation will

generally lead to lower inferred variant advantages.

Taking a logarithm, we can also evaluate the sensitivity of our inferred growth advantages

from our fixed growth advantage model with respect to the generation time assuming it is

Gamma distributed as

δv = ln

(
Rt,v

Rt,0

)
=

(
T 2
g

s2

)
ln

1 + rv

(
s2

Tg

)
1 + r0

(
s2

Tg

)
 . (A.14)
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As the log of the relative effective reproduction number, the behavior here is analogous

to that discussed above when the mean Tg and standard deviation s are changed. This

effects of varying mean and standard deviation are illustrated in Figure A.4. Although the

effective reproduction number and the growth advantage appear to have strong dependence

on generation time parameters, we find that the epidemic growth rate r is more robust to

changes in generation time (see Figure A.3).

The cases of exponential and Gamma-distributed generation times highlight that for non-

deterministic generation times there is no guarantee that the relative effective reproduction

number depends on only the difference in epidemic growth rates. In fact, these estimates

based on the deterministic generation times correspond to the case in which the standard

deviation shrinks zero, they are likely overestimates of variant advantages given the observed

variation in the serial interval of SARS-CoV-2 infections.

Fixed growth advantages become time-varying under generation time misspeci-

fication We’ll now consider the case where there is a true fixed-variant growth advantage.

Suppose for a two-variant system that δ is the constant (log) growth advantage of the variant

virus over the wildtype under the variant generation time gT , so that δ = ln
(
RgT
t,v/R

gT
t,wt

)
.

Here subscripts denote the generation time used when computing Rt.

Under the misspecified variant generation time gM , we can then write the inferred growth

advantage as

δM = ln

(
RgM
t,v

RgT
t,wt

)
= ln

(
RgM
t,v

RgT
t,v

)
+ δ. (A.15)

In general, the term inside the log is non-constant meaning that fixed variant growth

advantages under one generation time become non-constant under generation time specifi-

cation.

A.2 Supplementary Figures
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Figure A.2: Sensitivity of effective reproduction number to changes in generation

time. (a) We vary the mean of Omicron generation time keeping a constant standard devia-

tion 1.2 and plot against effective reproduction number estimates for Omicron in Washington

state on February 1st, 2022 using our GARW model. (b) The same as (a), but we instead

vary the standard deviation of Omicron generation time keeping a constant mean 3.1.
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Figure A.3: Sensitivity of epidemic growth rates to changes in generation time.

(a) We vary the mean of Omicron generation time keeping a constant standard deviation 1.2

and plot against exponential growth rates for Omicron in Washington state on February 1st,

2022 using our GARW model and assuming a Gamma-distributed generation time. (b) The

same as (a), but we instead vary the standard deviation of Omicron generation time keeping

a constant mean 3.1.
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Figure A.4: Sensitivity of growth advantages to changes in generation time. (a)

We vary the mean of Omicron generation time keeping a constant standard deviation 1.2 and

plot against exponential growth rates for Delta in Washington state on July 1st, 2021 using

our fixed growth model. (b) The same as (a), but we instead vary the standard deviation of

Omicron generation time keeping a constant mean 3.2.
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Figure A.5: Fitting the GARW model to California data.
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Figure A.6: Fitting the fixed growth advantage model to California data.
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Figure A.7: Fitting the GARW model to Florida data.
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Figure A.8: Fitting the fixed growth advantage model to Florida data.
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Figure A.9: Fitting the GARW model to Michigan data.
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Figure A.10: Fitting the fixed growth advantage model to Michigan data.
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Figure A.11: Fitting the GARW model to New York state data.
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Figure A.12: Fitting the fixed growth advantage model to New York state data.
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Appendix B

SUPPLEMENTARY MATERIALS FOR CHAPTER 3

B.1 Supplementary Figures

Figure B.1: Reconstructing available data sets for Australia, Brazil, South Africa,

Trinidad and Tobago, the United Kingdom, and Vietnam. (A) Variant sequence

counts categorized by Nextstrain clade at 4 different analysis dates.
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Figure B.2: Reconstructing predictions for Australia (A) +30 day frequency forecasts

for variants in bimonthly intervals using the MLR model for Australia. Each forecast tra-

jectory is shown as a different colored line. Retrospective smoothed frequency is shown as a

thick black line.
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Figure B.3: Reconstructing predictions for Brazil (A) +30 day frequency forecasts for

variants in bimonthly intervals using the MLR model for Brazil. Each forecast trajectory

is shown as a different colored line. Retrospective smoothed frequency is shown as a thick

black line.
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Figure B.4: Reconstructing predictions for South Africa (A) +30 day frequency

forecasts for variants in bimonthly intervals using the MLR model for South Africa. Each

forecast trajectory is shown as a different colored line. Retrospective smoothed frequency is

shown as a thick black line.
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Figure B.5: Reconstructing predictions for Trinidad and Tobago (A) +30 day

frequency forecasts for variants in bimonthly intervals using the MLR model for Trinidad

and Tobago. Each forecast trajectory is shown as a different colored line. Retrospective

smoothed frequency is shown as a thick black line.
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Figure B.6: Reconstructing predictions for the United Kingdom (A) +30 day fre-

quency forecasts for variants in bimonthly intervals using the MLR model for the United

Kingdom. Each forecast trajectory is shown as a different colored line. Retrospective

smoothed frequency is shown as a thick black line.
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Figure B.7: Reconstructing predictions for Vietnam (A) +30 day frequency forecasts

for variants in bimonthly intervals using the MLR model for Vietnam. Each forecast trajec-

tory is shown as a different colored line. Retrospective smoothed frequency is shown as a

thick black line.
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Figure B.8: Posterior and predictive coverage for estimates across countries and

models (A) The proportion of estimates lying within the 95% confidence intervals (CIs) of

posterior latent frequencies across lag times (-30,-30). (B) The proportion of estimates lying

within the 95% confidence intervals (CIs) of posterior predictive sample frequencies across

lag times (-30,-30). We generate the posterior predictive sample frequencies by sampling

random counts for each variant using their posterior latent frequencies conditioning on the

total sequences being those observed retrospectively.
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Figure B.9: Comparing the accuracy of short-term forecast models under ret-

rospective vs real-time clade assignments. (A-H) Mean absolute error for MLR as a

function of days since date of estimation, starting from 30 day hindcasts to 30 days forecasts.

Intervals shown have width of two standard errors of the mean. We compare retrospective

Nextstrain clade assignments made today (‘Current Nextclade’) to Nextstrain clade assign-

ments available in Oct 2022 (‘Real-time Nextclade’). We find that errors are qualitatively

similar regardless of Nextclade version with errors being potentially higher for the current

Nextclade version.
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Figure B.10: Forecasts for Australia using clade designations under retrospec-

tive vs real-time clade assignments Forecasts from MLR fit to data generated using

retrospective Nextstrain clade designations (‘Current Nextclade’) (A) and Nextstrain clade

assignments available in Oct 2022 (‘Real-time Nextclade’) (B).

Figure B.11: Forecasts for Brazil using clade designations under retrospective vs

real-time clade assignments Forecasts from MLR fit to data generated using retrospective

Nextstrain clade designations (‘Current Nextclade’) (A) and Nextstrain clade assignments

available in Oct 2022 (‘Real-time Nextclade’) (B).
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Figure B.12: Forecasts for Japan using clade designations under retrospective vs

real-time clade assignments Forecasts from MLR fit to data generated using retrospective

Nextstrain clade designations (‘Current Nextclade’) (A) and Nextstrain clade assignments

available in Oct 2022 (‘Real-time Nextclade’) (B).

Figure B.13: Forecasts for South Africa using clade designations under retrospec-

tive vs real-time clade assignments Forecasts from MLR fit to data generated using

retrospective Nextstrain clade designations (‘Current Nextclade’) (A) and Nextstrain clade

assignments available in Oct 2022 (‘Real-time Nextclade’) (B).
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Figure B.14: Forecasts for Trinidad and Tobago using clade designations under

retrospective vs real-time clade assignments Forecasts from MLR fit to data generated

using retrospective Nextstrain clade designations (‘Current Nextclade’) (A) and Nextstrain

clade assignments available in Oct 2022 (‘Real-time Nextclade’) (B).

Figure B.15: Forecasts for United States using clade designations under retro-

spective vs real-time clade assignments Forecasts from MLR fit to data generated using

retrospective Nextstrain clade designations (‘Current Nextclade’) (A) and Nextstrain clade

assignments available in Oct 2022 (‘Real-time Nextclade’) (B).
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Figure B.16: Forecasts for United Kingdom using clade designations under ret-

rospective vs real-time clade assignments Forecasts from MLR fit to data generated

using retrospective Nextstrain clade designations (‘Current Nextclade’) (A) and Nextstrain

clade assignments available in Oct 2022 (‘Real-time Nextclade’) (B).

Figure B.17: Forecasts for Vietnam using clade designations under retrospec-

tive vs real-time clade assignments Forecasts from MLR fit to data generated using

retrospective Nextstrain clade designations (‘Current Nextclade’) (A) and Nextstrain clade

assignments available in Oct 2022 (‘Real-time Nextclade’) (B).



162

Appendix C

SUPPLEMENTARY MATERIALS FOR CHAPTER 4

C.1 Materials and Methods

Generating sequence counts We prepared sequence count data sets using the

Nextstrain-curated SARS-CoV-2 sequence metadata [40] which is created using the GISAID

EpiCoV database [48]. These sequences were tallied according to either their annotated

Nextstrain clade or Pango lineage [4] depending on the data set to produce sequence count

for each variant, for each day over the period of interest, and in each country analyzed.

Likelihood of sequence counts given frequencies The models discussed in this paper

use observed counts of variant sequences to inform the underlying variant frequency in the

population. This is accomplished using a multinomial likelihood, so that given count of

sequences Sv(t) of variant v at time t and total sequences N(t) collected at time t, we have

that

Sv(t) ∼ Multinomial(N(t), fv(t)), (C.1)

where fv(t) is the frequency of variant v at time t. This is a simple model of sequence

counts to frequencies and does not account for over-dispersion of sequence counts relative

to a multinomial. However, all models can be extended to estimate and account for over-

dispersion by replacing the above likelihood with a Dirichlet-Multinomial likelihood.

Approximate Gaussian processes for relative fitness estimation To generate

smooth non-parametric estimates of variant growth rates, we develop a Gaussian process

based model for relative fitnesses. That is, we model the relative fitness for each variant over

time λv(t) as a multivariate normal distribution:
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λv ∼ Normal(µ,Σ) (C.2)

Σs,t = Kθ(s, t), (C.3)

where Kθ is a potentially parameterized kernel function. This induces a structure on the

covariance of the relative fitness values over time points s and t.

For computational efficiency, we implement a Hilbert Space Gaussian Process (HSGP)

approximation instead of fitting V independent Gaussian processes. This approximation

allow us to share basis functions between variants [70]. Under this approximation, the

relative fitnesses are computed as

λv(t) ≈
m∑
j=1

Sθ(
√
µj)

1/2 · ϕj(t) · βj, (C.4)

where Sθ is the spectral density of the kernel Kθ, µj and ϕj are the eigenvalues and eigenfunc-

tions of the Laplacian, and βj ∼ Normal(0, 1) [70]. Since the eigenvalues and eigenfunctions

are shared across variants, this allows us to re-use values across variants, simplifying the

computation to a matrix multiplication as

λt = Φt

√
Sθβ. (C.5)

For the analyses in this paper, we use this approximate Gaussian process with a Matérn

5/2 kernel and shared hyperparameters across variants. We demonstrate this model for

simulated data from Fig. 4.1 and show resulting relative fitnesses through time in Fig. C.1.

Correlations are insufficient for mechanism identification To assess how vaccination

uptake affects the growth advantage of a variant with increased transmissibility, we simulate

the spread of a more transmissible variant across populations with different initial past

exposure and vaccination levels. This enables us to isolate the effects of transmissibility

within different immunity landscapes, examining how relative fitness and growth advantage

shift based on population vaccination coverage alone in the absence of immune escape. We
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begin with the 2-variant SIR model described in Supplementary Text C.2.1. We simulate

this model for 100 days with generation time τ = 1/γ = 3.0 days, R0,W = 1.4, IW (0) = 100

individuals, Iv(0) = 1 individual, a 50% transmissibility increase ρ = 0.5, and no immune

escape η = 0.0. We divide the period into early and late epidemic with the breakpoint being

t = 50. In Fig. 4.3D-E, we estimate the log growth advantage for the variant in the early

and full periods using a logit-linear model

log

(
fv(t)

1− fv(t)

)
= βt/τ + α, (C.6)

where we take the model slope β to be our log growth advantage.

We repeat these simulations for a range of vaccination levels starting from 0% and ending

at 65%.

Predicting epidemic growth rate from selective pressure The derivation of the

selective pressure metric shows that the selective pressure can be a useful tool in predicting

the epidemic growth rate. To develop a predictive model of epidemic growth rate using

selective pressure, we begin by generating estimates of selective pressure and epidemic growth

rate from a period with high sequencing and case surveillance.

We take sequence count and case count data from all states in the United States be-

tween January 2021 and November 2022. State-level daily case counts were obtained from

USAFacts downloaded on August 7, 2024 at https://usafacts.org/visualizations/coronavirus-

covid-19-spread-map/.

Using the sequence counts, we compute selective pressure estimates from relative fitness

and frequencies estimated with our approximate Gaussian process relative fitness model.

From the case data, we derive the empirical growth rate using a 14-day moving average on

case counts Ĉt and computing the empirical growth rate as r̂t = log(Ĉt) − log(Ĉt−1). We

then use the past 28 days of selective pressure to predict the empirical growth rate.

We use a gradient boosting regressor model which is fit using a mean absolute error

loss function. This model was selected as it achieved the minimal error via time series

https://usafacts.org/visualizations/coronavirus-covid-19-spread-map/
https://usafacts.org/visualizations/coronavirus-covid-19-spread-map/
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cross-validation averaged across 10 splits among candidate models (Fig. C.9). The can-

didate models include linear regression, ridge regression, Lasso regression, random forests,

and gradient-boosted trees as implemented in scikit-learn [63]. We additionally tune the

hyperparameters of this model using grid search cross-validation.

We validate our model by comparing our predicted epidemic growth rates to held-out case

data for US states, and additionally to estimates of the epidemic growth rates in England

derived from data from the Office for National Statistics (ONS) Coronavirus Infection Survey

[67]. Estimates of prevalence from the ONS Infection Survey were obtained for January 2022

to September 2022 from www.ons.gov.uk/peoplepopulationandcommunity/ healthandso-

cialcare/conditionsanddiseases/datasets/coronaviruscovid19infectionsurveydata. Epidemic

growth rates are computed on this data in the same way as the state-level analysis.

Latent immune factor model We show that relative fitness dynamics can be explained

by low-dimensional immunity when transmission dynamics are described with compartmental

models (Supplementary Text C.2.1). This motivates a model to learn this low-dimensional

structure that is inspired by latent-factor models. We start by assuming that the relative

fitness of variant v at time t and in geographic location g can be described by D latent

factors so that

λgv(t) =
D∑
d=1

ηv,d ϕ
g
d(t). (C.7)

As the structure here resembles Equation C.30, we call ηv,d “pseudo-escape” of variant v

from group d and ϕgd “pseudo-immunity” group d in geographic location g. To make this

more consistent with our intuition here, we model ϕgd to be in [0, 1] and model it as smoothly

varying in time. We model logit(ϕgd) using 4th order splines with 6 knots placed uniformly

over the time period modeled. Though we choose to model these latent factors with splines,

other models would work here. For example, one alternative would be the approximate

Gaussian processes described above. Additionally, in order to ensure identifiability of the

parameter estimates, we fix some base variant v∗ which fitness is defined relative to, so that

https://www.ons.gov.uk/peoplepopulationandcommunity/healthandsocialcare/conditionsanddiseases/datasets/coronaviruscovid19infectionsurveydata
https://www.ons.gov.uk/peoplepopulationandcommunity/healthandsocialcare/conditionsanddiseases/datasets/coronaviruscovid19infectionsurveydata
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ηv∗,d = 0 for all 1 ≤ d ≤ D. For the same reason, we fix the order of components, so that

the components are numbered in decreasing order by their share in the arbitrarily defined

base geography.

We apply this model to SARS-CoV-2 sequence counts in the period between March 2023

to March 2024 for 14 countries. To access the necessary number of immune dimensions, we

vary the number of immune dimensions between D = 2 to D = 12. Looking at the loss

for the latent factor model for increasing D, we choose D = 10 for our primary analysis

by noting the point at which the loss function seems to stagnate with increasing D i.e. the

“elbow” method (Fig. C.12).

We compare the distances between variant pairs in our estimated pseudo-escape space to

distances in log2 titer. Using human titer data from Jian et al [45], we compute neutralization

titer distances as the average of differences in log2 neutralization titers between pairs of

variants for a cohort of individuals. This analysis is repeated among 1,000 bootstrapped

samples to create a distribution of R2 values (Fig. C.10). Additionally, we subset this by

exposure history and repeat this analysis to find which exposure groups best explain distances

in pseudo-escape space (Fig. C.11).

Data and code accessibility

Source code used to generate figures, model implementations, and sequence count data are

available at github.com/blab/relative-fitness-mechanisms.

https://github.com/blab/relative-fitness-mechanisms
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C.2 Supplementary Text

C.2.1 Exponentially growing populations to frequency dynamics

We consider a viral population consisting of V exponentially-growing variant viruses each

with prevalence Iv. Defining the time-varying growth rate for the prevalence of variant v as

rv(t), we can model the prevalence using an ordinary differential equation

dIv
dt

= rv(t)Iv(t), v = 1, 2, . . . , V. (C.8)

The above differential equation has a known solution in terms of the integral of the

time-varying growth rate and initial prevalence,

Iv(t) = Iv(0) exp

(∫ t

0

rv(s)ds

)
, (C.9)

where Iv(0) is the initial prevalence of variant v.

Now turning to the frequency dynamics of the population, we write the frequency of

variant v in the population as fv(t) = Iv(t)/
∑V

u=1 Iu(t). This allows us to derive an ODE

for variant frequency in terms of the variant growth rates using the quotient rule for differ-

entiation

dfv
dt

= fv

(
V∑
u=1

[rv(t)− ru(t)]fu

)
(C.10)

= fv

(
rv(t)−

V∑
u=1

ru(t)fu

)
. (C.11)

This system of differential equations resembles a logistic growth equation and can be

shown to have the following solution in terms of the initial frequencies fv(0) and the variant

growth rates

fv(t) =
fv(0) exp(

∫ t
0
rv(s)ds)∑V

u=1 fu(0) exp(
∫ t

0
ru(s)ds)

. (C.12)
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The above representation of the variant frequency will serve as a centerpiece for many

of the arguments to follow. We see that by tracking the rate at which variant viruses are

spreading, we can construct the corresponding frequency dynamics without knowing the

absolute prevalence of any variant.

Relative frequency and relative fitness Using the above equation for the variant fre-

quencies, we can write the relative frequency of variant v over u as xv,u(t) = fv(t)/fu(t) to

see

xv,u(t) =
fv(t)

fu(t)
=
fv(0)

fu(0)
exp

(∫ t

0

[rv(s)− ru(s)]ds
)

(C.13)

= xv,u(0) exp

(∫ t

0

λv,u(s)ds

)
. (C.14)

Notice this relative frequency change depends on the initial relative frequencies and the

relative fitness λv,u(t) = rv(t)− ru(t) of v over u. This relative fitness has the same units as

the exponential growth rate (e.g. per day). Using the definition of relative fitness, we can

notice that

λv,u(t) = rv(t)− ru(t) =
d

dt
[log (xv,u(t))] = −λu,v(t). (C.15)

We can see that there is a symmetry in the relative fitnesses and that the associated

frequency dynamics depend on the differences between relative fitnesses. This suggests that

absolute fitness (in terms of the growth of infections) may not be inferable from frequencies

alone. This definition of relative fitness becomes essential in describing various existing

modeling approaches for frequency dynamic data and motivates possible extensions since we

can represent these models as having the form:

fv(t) =
fv(0) exp(

∫ t
0
λv,v∗(s)ds)∑V

u=1 fu(0) exp(
∫ t

0
λu,v∗(s)ds)

, (C.16)

where the growth rate of v is expressed as relative to an arbitrary pivot variant v∗.
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Cumulative relative-fitness and frequency change Above we saw that within our

framework frequency change over time intervals depends only on the cumulative relative

fitness over time intervals Λv,u(0, t) =
∫ t

0
λv,u(s)ds. We can then characterize approaches for

modeling frequency change in terms of how they represent, estimate, and forecast these rela-

tive fitnesses. This framework includes various existing methods for analyzing frequency data

such as the seasonal influenza forecasting models of Lässig and  Luksza [55] and Huddleston

et al [42], multinomial logistic regression for frequency estimation [5] and the SARS-CoV-2

mutational fitness model of Obermeyer et al [60].

Though this framework can be used to describe existing statistical methods for frequency

modeling, it is also applicable to traditional compartmental models of epidemics. In fact,

applying these ideas to compartmental models enables to see how mechanistic assumptions

on the transmission process determine relative fitness of variant viruses.

Two-strain SIR For simplicity, we will begin by analyzing a two-strain SIR model in which

a variant virus v can differ from wildtype virus wt by increased intrinsic transmissibility (via

ηT ) and immune escape against wild-type immunity (via ηE). This gives a system of 5

ordinary differential equations

dS

dt
= −βSIW − βρSIv, (C.17)

dIW
dt

= βSIW − γIW , (C.18)

dIv
dt

= β(1 + ρ)SIv + β(1 + ρ)ηϕW Iv − γIv, (C.19)

dϕW
dt

= γIW − β(1 + ρ)ηϕW Iv, (C.20)

dϕv
dt

= γIv, (C.21)

where IW denotes wild-type prevalence, Iv denotes variant prevalence and ϕW denotes im-

munity derived from wild-type infection. In this model, the variant virus can infect both

susceptible individuals S and individuals with immunity to wild-type virus ϕW . Increased
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intrinsic transmissibility increases the baseline transmission rate from β in wild-type to βρ

in the variant virus and immune escape increases the transmission rate against those with

wildtype immunity, so that the at-risk population is ηϕW .

Writing that rW (t) = βS − γ and rv(t) = ρβS + β(1 + ρ)ηϕW − γ, we can then write the

relative fitnesses as:

λv,W (t) = ρβS(t) + (1 + ρ)ηβϕW (t). (C.22)

From this representation of relative fitness, we can see that given fixed increases to overall

transmission (ρ > 0) or immune escape (η > 0), the observed fitness boost at the level of

variant relative fitness still depends on the proportion of the population at risk for infection.

n-strain SIR This model can also be extended to an n-strain SIR model where each variant

strain vi with 2 ≤ i ≤ n is described by its own advantage parameters θi = (ρ(i), η(i)) relative

to the wildtype (θW = θ1 = (0, 0))

dS

dt
= −βSIW − β(1 + ρ)SIvi (C.23)

dIW
dt

= βSIW − γIW (C.24)

dIvi
dt

= β(1 + ρi)SIvi + β(1 + ρi)ηiϕW Ivi − γIvi (C.25)

dϕW
dt

= γIW − β(1 + ρi)ηiϕW Ivi (C.26)

dϕvi
dt

= γIvi , i ∈ {2, . . . , n}. (C.27)

In this formulation, the variant viruses compete only for susceptible population and those

with previous wild-type infection. This formulation can be generalized to allow for compe-

tition between all variants for any exposure history and will be discussed in the following

sections. In Fig. 4.1, we implement and simulate a 3-strain model with wildtype as above, an

escape variant E with θ2 = (0, η), and a transmissibility increase variant T with θ3 = (ρ, 0).
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Models of immune escape against heterogeneous backgrounds We’ll now consider

a model where all hosts are assumed to fall into one of B immune backgrounds ϕb for

b = 1, . . . , B. We assume that infection by each variant v then leaves recovered hosts in

the corresponding immune background of the most recent infection bv. Variant transmission

then occurs via immune escape against a background leading to a matrix of escape rates

η = ηv,b for variants v and background b.

We can then write the system of ordinary differential equations as

dIv
dt

= β
∑

1≤b≤B

ηv,bϕbIv − γIv, v = 1, . . . , V (C.28)

dϕb
dt

= −β
∑

1≤v≤V

ηv,bϕbIv +
∑

v: bv=b

γIv. (C.29)

With this model, susceptible and recovered compartments in the standard SIR model

can be thought of as immune backgrounds. This allows us to represent the standard SIR

model as S = ϕS, I = IW , R = ϕW and ηW,S = 1, ηW,W = 0 and bW = W . We can

also think of the two-strain SIR with ρ = 1 as a special case of this model where we set

S = ϕS, ηW,S = 1, ηW,W = 0, ηv,S = 1, ηv,W = η and keep all other parameters the same.

With this formulation of immune escape, we can then write the relative fitnesses in terms

of the escape rates ηv,b and the immune background proportions ϕb as

λv,u(t) = β
∑

1≤b≤B

(ηv,b − ηu,b)ϕb(t). (C.30)

Under this model of immune escape, we can see relative fitness among variants can

be decomposed into differences in immune escape among immune backgrounds within a

population. Due to the dependence here on the proportion of each immune background in

determining fitness, this suggests that the overall distribution of susceptibility to strains is

potentially an important consideration when translating individual-level measures of immune

escape to population-level estimates of variant fitness. Understanding the size and complexity

of this immune space may therefore be useful for parameterization and forecasting of variant

frequencies. However, the extent to which modeling this complexity affects estimates of
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relative fitness also depends on how quickly the distribution of immune backgrounds change

i.e. dϕb

dt
.

Though the derivation above uses a simplified model of using most recent infection to sort

individuals into an immune group, we show that a more complicated model that accounts for

the entire exposure history of the host also gives a similar decomposition to relative fitness

in Supplementary Text C.2.3.

C.2.2 Revisiting existing models for frequency growth

Using the theory developed for exponentially-growing variant populations, we now re-visit

existing methods for modeling viral frequency dynamics.

Multinomial Logistic Regression We begin with multinomial logistic regression (MLR)

with fixed relative fitness. This model can be written as

fv(t) =
fv(0) exp(λvt)∑
u fu(0) exp(λut)

, (C.31)

where fv(t) is the frequency of variant v at time t and λv is the relative fitness of variant

v. This provides estimates of the relative fitness compared to some reference strain u∗ for

which λu∗ = 0. In this model, initial frequencies fv(0) and relative fitness λv are estimated

from frequency dynamics. Converting this estimate to an estimate of transmission advan-

tage (relative effective reproduction number) requires assuming a delta distribution of the

generation time [87].

Comparing this to equation C.22, we can see this model of fixed relative fitness results

from assuming that the at-risk populations are constant over-time. This assumption is useful

since it requires no outside knowledge of the at-risk population and relative infection rates,

though this may be less useful for longer forecasts or when there is large turnover in at-risk

populations due to infection.

Fitness models of seasonal influenza Motivated by the observed antigenic evolution

of seasonal influenza, Lässig and  Luksza [55] and Huddleston et al [42] approximate the
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cumulative relative fitness between influenza seasons on the level of individual strains as

Λv,u(t+ ∆t, t) = (β1xv,1 + · · ·+ βpxv,p)∆t = (β · xv)∆t, (C.32)

where the relative fitness is determined by strain-specific predictors xv and the regression

parameter βv are estimated.

This formulation fits neatly into the framework we’ve developed as the cumulative fitness

here can be written as the integral of a relative fitness λv,u = β · xv over the time period of

interest:

Λv,u(t+ ∆t, t) =

∫ t+∆t

t

λv,u(s)ds =

∫ t+∆t

t

(β · xv)ds. (C.33)

Therefore, these models can be thought as regression-based predictors of relative fitness

where frequency and external covariates contribute to estimated relative fitness.

C.2.3 Relative fitness for full immune history models

We show that the simple background model is consistent with an expanded immune history

model. Beginning with the model from Lazebnik and Bunimovich-Mendrazitsky 2022 [53],

we consider the differential equation for the individuals with strain infection history J and

current infecting strain i RJIi

dRJIi
dt

= −γJ,iRJIi + βJ,iRJ

∑
K∈P (M),i/∈K

RKIi. (C.34)

Here, infection can occur from any individual infected with strain i assuming their past

immune history does not include i and the infected are any recovered individual with immune

history J RJ . To compute the strain growth rate, we can sum over all possible immune
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histories for individuals infected with strain i, so that

dIi
dt

=
∑

J∈P (M),i/∈J

dRJIi
dt

(C.35)

= −γiIi +
∑

J∈P (M),i/∈J

βi,JRJ

∑
K∈P (M),i/∈K

RKIi (C.36)

= −γiIi +
∑

J∈P (M),i/∈J

βi,JRJIi (C.37)

=

−γi +
∑

J∈P (M),i/∈J

βi,JRJ

 Ii (C.38)

=

−γ + β
∑

J∈P (M),i/∈J

ηi,JRJ

 Ii. (C.39)

(C.40)

Assuming that the transmission rate can be decomposed as a base transmission rate β

and a strain i and immune history J specific escape rate ηi,J and that the recovery rate is

constant, we notice this is identical to our previous immune background model. Therefore,

our relative fitnesses simplify to

λi,j = β
∑

B∈P (M)

(ηi,B − ηj,B)RB, (C.41)

where for simplicity we define ηv,B = 0 if v ∈ B.

C.2.4 Selective pressure and contribution to epidemic growth rates

In this section, we derive our selective pressure metric ψ(t) and show how it contributes to

the overall epidemic growth rate in the population.

Beginning again from our assumption of inhomogeneous exponential growth, we can write

a differential equation for the total prevalence I(t) =
∑

v Iv(t),
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dI

dt
=
∑
v

dIv
dt

=
∑
v

rv(t)Iv(t) (C.42)

=

(∑
v

rv(t)fv(t)

)
I(t), (C.43)

where we’ve used that Iv(t) = fv(t)I(t). This allows us to see that r(t) =
∑

v rv(t)fv(t) is

the average growth rate of the prevalence. Re-writing the average in terms of some base

exponential growth rate and the relative fitnesses so that rv(t) = λv(t) + rW (t), we get that

r(t) =
∑

v λv(t)fv(t) + rW (t). We can simplify this by writing r(t) = λ(t) + rW (t) where

λ(t) =
∑

v λv(t)fv(t) is the mean fitness of the population. We can now look at the rate of

change in the average growth rate by taking its derivative

dr

dt
=
drW
dt

+
dλ

dt
(C.44)

=
drW
dt

+
∑
v

[
dλv
dt

fv(t) + λv(t)
dfv
dt

]
(C.45)

=
drW
dt

+
∑
v

[
dλv
dt

fv + λvfv(λv − λ)

]
(C.46)

=
drW
dt

+
∑
v

dλv
dt

fv(t) +
∑
v

λv(λv − λ)fv (C.47)

=
drW
dt

+
∑
v

dλv
dt

fv(t) +
∑
v

λ2
vfv − λ

∑
v

λvfv (C.48)

=
drW
dt

+ Ef(t)

[
dλv
dt

]
+ Varf(t)[λv]. (C.49)

Here, we’ve written the last line in terms of expectations relative to sampling according

to the frequency distribution. This shows us that the change in the average growth rate of

the epidemic can be written in terms of the growth rate of the pivot category, the mean rate

of change in the relative fitness, and the variance of the relative fitnesses. We will call terms

which can be computed in terms of quantities derived from frequencies alone the selective

pressure
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ψ(t) = Ef(t)

[
dλv
dt

]
+ Varf(t)[λv]. (C.50)

We can use this idea to directly write the prevalence in terms of the selective pressure

and the base growth rate. First, we define a cumulative selective pressure

Ψ(t) =

∫ t

0

ψ(s)ds. (C.51)

We can then use this to reconstruct the relative incidence

I(t)

I(0)
= exp

(∫ t

0

r(s)ds

)
(C.52)

= exp

(∫ t

0

[rW (s) + Ψ(s)]ds

)
. (C.53)
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C.3 Supplementary Figures
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Figure C.1: Estimating relative fitness with Gaussian processes. Gaussian processes

allow us a non-parametric estimate of the relative fitness for variants through time. This

figure uses Gaussian processes to model the 3 variant example shown in Fig. 4.1. A. Synthetic

sequence counts generated using a multinomial distribution with frequencies from Fig. 4.1C.

B. Frequencies and posterior frequencies according to Gaussian process model. Intervals show

the 80% credible interval. C. Relative fitnesses. Dashed line shows true relative fitnesses

from underlying mechanistic model.
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Figure C.2: Differences in fitness mechanisms impact frequency and prevalence in

the short-term. Comparing simulations from two independent two-variant systems with

either an escape variant E (orange) or a transmissibility variant T (purple). We fix the initial

relative fitness for the two variants using Equation 4.4 and simulate dynamics for 365 days. A.

The prevalence for the variants. B. The relative fitness from the variants. C. The cumulative

wildtype incidence as a function of the initial wildtype frequency. D. The difference between

the cumulative incidence between the escape variant and the transmissibility variant as a

function of wildtype incidence.
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Figure C.3: Estimated variant frequencies, relative fitnesses, and selective pres-

sure. Alabama through Georgia.
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Figure C.4: Estimated variant frequencies, relative fitnesses, and selective pres-

sure. Hawaii to Maryland.
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Figure C.5: Estimated variant frequencies, relative fitnesses, and selective pres-

sure. Massachusetts to New Jersey.
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Figure C.6: Estimated variant frequencies, relative fitnesses, and selective pres-

sure. New Mexico to South Carolina.
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Figure C.7: Estimated variant frequencies, relative fitnesses, and selective pres-

sure. South Dakota to Wyoming.
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Figure C.8: Predictions for empirical growth rate using selective pressure for all

locations.
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Figure C.9: Cross-validation error by model We compare the errors between models

fit on 10 time series cross-validation splits.
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Figure C.10: Bootstrapping pseudo-immune distance and human titer distance

analysis (Nreplicate = 1, 000).
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Figure C.11: Comparing pseudo-escape distance and titer distance between ex-

posure groups.
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Figure C.12: Comparing latent factor model by number of latent immune dimen-

sions. A. Maximum a posteriori loss by number of latent immune dimensions. B. Spearman

correlation between pseudo-immune and titer distance by number of latent immune dimen-

sions. C. Number of parameters by number of latent immune dimensions. D. Bayesian

Information Criterion (BIC) by number of latent immune dimensions.
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Figure C.13: Latent factor model with D = 2 pseudo immune dimensions.
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Figure C.14: Latent factor model with D = 4 pseudo immune dimensions.
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Figure C.15: Latent factor model with D = 6 pseudo immune dimensions.
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Figure C.16: Latent factor model with D = 10 pseudo immune dimensions.
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Appendix D

SUPPLEMENTARY MATERIALS FOR CHAPTER 5

D.1 Supplementary Text

Connection to phylogenetic generalized least squares

Due to shared evolutionary history among a population, the independence assumptions of

regression analyses are often violated. To address this, phylogenetic least squares (PGLS)

has emerged as a way of accounting for covariance in the traits between samples from a

population. In PGLS, we assume trait values x are assumed to have distribution:

x ∼ Normal(Xβ,Σ), (D.1)

where X is matrix of features, β is the regression coefficients, and Σ is a covariance matrix

derived from a phylogenetic tree, capturing the covariance due to shared evolutionary history.

We show that our approach of modeling innovations between parent-child lineage pairs

similarly captures this evolutionary structure.

When we directly model trait changes along branches using parent-child relationships,

we focus on the changes ∆xi = xchild,i − xparent,i. We assume that

∆xi = Ziγ + εi, (D.2)

where Zi is a vector of features for branch i e.g. branch length, γ is a vector of coefficients,

and εi is a random error term with mean 0 and variance σ2
i .

The trait xi at node i can then be written as the sum of changes from the root to that

node:
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xi = xroot +
∑

j∈path to i

(Zjγ + εj) (D.3)

= xroot +

( ∑
j∈path to i

Zj

)
γ +

∑
j∈path to i

εj. (D.4)

Simplifying it in this way allows us to easily analyze the covariance between the traits

for two variants

Σik = Cov(xi, xk) = Cov

( ∑
j∈path to i

εj,
∑

l∈path to k

εl

)
(D.5)

=
∑

j∈shared(i,k)

σ2
j . (D.6)

We can see that this covariance Σik is the sum of variances along the branches shared by

nodes i and k.

Using our model of growth advantage innovation, we derive an expression for xi that

naturally suggests an equivalent covariance matrix Σ under PGLS. This covariance arises

directly from the cumulative variances of changes along shared evolutionary paths, providing

a concrete connection between the two methods, reflect the shared evolutionary paths.

D.2 Supplementary Figures
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Figure D.1: Variance explained as a function of fitness variation. Relationship be-

tween fitness variation and the strength of regression (R²) for tip-level (A) and innovation-

level (B) analyses. Points represent the mean R2 for each fitness variation, while the shaded

regions show two standard deviations of the mean across 500 replicate simulations.
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Figure D.2: Naive regressions between molecular phenotypes and relative fitness
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Figure D.3: Innovation regressions between molecular phenotypes and relative

fitness
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