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Abstract

Computational tools for studying viral antigenic evolution

Zorian T. Thornton

Chair of the Supervisory Committee:

Professor Frederick A. Matsen IV, Ph.D.

Public Health Sciences Division, Fred Hutch Cancer Center

RNA viruses like influenza and SARS-CoV-2 evolve rapidly under selection from host immunity, accu-

mulating mutations that enable escape from antibodies elicited by prior infection or vaccination. However,

viral evolution is constrained by the requirement that surface proteins must remain functional: they must

fold properly, express on the virion, and bind host cell receptors to mediate entry. Understanding how muta-

tions affect these molecular phenotypes alongside immune evasion is essential for predicting viral evolution

and designing effective vaccines.

This dissertation presents three computational tools for modeling genotype-phenotype relationships in

viral proteins and for simulating viral evolution at the population level. These tools share a common em-

phasis on biological interpretability while leveraging modern statistical and machine learning methods to

analyze high-throughput experimental data or benchmark viral surveillance methods.

The first tool, torchdms, suggests a framework to jointly model multiple phenotypes from deep

mutational scanning experiments using biophysically motivated neural network architectures. We apply

torchdms models to data from a deep mutational scan of the SARS-CoV-2 receptor binding domain,

demonstrating accurate prediction of variant phenotypes and recovery of biologically meaningful mutational

effects.

The second tool, polyclonal, models how mutations enable viral escape from polyclonal antibody

responses. The model decomposes serum activity into epitope-specific components and quantifies mutation



effects at each epitope, capturing the nonlinear patterns of escape that arise when antibodies target multiple

sites on a viral antigen.

The third tool, antigen-prime, is a forward-time epidemic simulator that models the coupled genetic

and antigenic evolution of viruses under selection from host population immunity. We use antigen-prime

to simulate 30 years of influenza-like evolution and benchmark methods for variant assignment and growth

rate inference, revealing a previously undocumented failure mode in growth rate inference models.
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Chapter 1

Introduction

Viruses like influenza and SARS-CoV-2 evolve rapidly under selective pressure from host immunity, accu-

mulating mutations that enable escape from antibodies elicited by prior infection or vaccination. Under-

standing how mutations affect viral fitness and predicting which variants will spread requires connecting

molecular phenotypes to immune recognition and population-level transmission dynamics.

This dissertation develops computational methods for studying how mutations to viral protein sequences

affect phenotypes across these scales. Chapters 2 and 3 share a common modeling framework: interpretable

models that represent mutational effects as additive contributions to latent phenotypes, transformed through

nonlinear functions to capture the complexities of protein biophysics and immune recognition. Chapter 4

connects these molecular-level insights to population dynamics through simulation and uses the simulated

data to benchmark computational methods for viral surveillance.

The following sections introduce the biological and computational background underlying this work,

progressing from viral antigenic evolution and experimental methods for measuring mutational effects,

through the fitness landscape and epistasis concepts that motivate our modeling approaches, to the immuno-

logical and epidemiological contexts in which viral evolution occurs. A detailed overview of each chapter’s

contributions appears in Section 1.6.
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1.1 Viral antigenic evolution

RNA viruses evolve rapidly due to error-prone replication machinery that generates mutations at rates or-

ders of magnitude higher than DNA-based organisms [1]. This high mutation rate, combined with large

population sizes and short generation times, enables viral populations to explore sequence space and adapt

to selective pressures on timescales relevant to individual infections and public health.

Antigenic drift is the gradual accumulation of mutations in viral surface proteins, which are the primary

targets of host antibody responses [1]. As mutations arise that reduce antibody binding, viruses carrying

these escape mutations gain a selective advantage in hosts with prior immunity. Over time, this process

drives the viral population away from previously circulating strains, eroding the protection conferred by

past infection or vaccination.

Influenza and SARS-CoV-2 exemplify the public health consequences of antigenic evolution. Seasonal

influenza undergoes sufficient antigenic drift that vaccine strains must be updated annually, and vaccine

effectiveness varies depending on the match between vaccine and circulating strains [2, 3]. SARS-CoV-2

has generated a succession of variants of concern: Alpha, Delta, Omicron and its sublineages, each with

mutations in the spike (S) protein that enhance transmissibility, alter receptor binding, or enable escape

from antibodies elicited by earlier variants or vaccines [4, 5, 6].

Understanding how mutations affect viral phenotypes such as protein expression levels, host receptor

binding affinity, and immune escape is essential for predicting viral evolution and designing durable vac-

cines. The methods developed in this dissertation address different facets of this challenge: from quantifying

mutational effects on molecular phenotypes (Chapter 2), to modeling escape from polyclonal antibody re-

sponses (Chapter 3), to simulating viral evolution under host population immunity (Chapter 4).

1.2 Deep mutational scanning

Deep mutational scanning (DMS) is an experimental technique that measures the functional effects of mu-

tations across hundreds of thousands of protein variants in high throughput [7, 8, 9, 10]. A typical DMS

experiment begins by creating a library of variants containing mutations to a gene of interest, expressing

these variants, and selecting for a phenotype such as protein expression, ligand binding, or antibody es-
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cape. By coupling selection with deep sequencing, researchers can quantify how each mutation affects the

phenotype of interest.

Traditional DMS experiments focus on single-mutant libraries, where each variant contains exactly one

amino acid substitution from the wildtype sequence [9, 11, 12, 13]. This design makes it straightforward

to infer individual mutational effects on phenotype. However, single-mutant libraries provide limited in-

formation about how mutations interact when combined in the same protein. Recent advances in library

construction have enabled DMS experiments that assay variants containing multiple mutations, providing

deeper sampling of sequence space and enabling the study of epistatic interactions between mutations [5].

DMS has proven particularly valuable for studying viral proteins and immune proteins. When applied to

viral surface proteins, DMS can reveal which mutations enhance receptor binding, enable antibody escape,

or compromise protein stability [5, 14, 15]. This information is crucial for understanding viral evolution,

predicting which variants may emerge in circulating populations, and designing vaccines that target con-

served epitopes.

Despite its power, analyzing DMS data presents computational challenges. Variants with multiple muta-

tions are sparsely sampled relative to the vast combinatorial space of possible sequences, and the nonlinear

interactions between mutations, epistasis, make it difficult to predict the phenotype of unseen variants from

observed data alone [16, 17, 18, 19, 20, 21]. These challenges have motivated the development of statistical

and machine learning methods for inferring genotype-phenotype maps from DMS experiments, a topic we

return to in Chapter 2.

1.3 Fitness landscapes and epistasis

A central goal of molecular biology is to understand how a protein’s amino acid sequence determines its

function. This relationship is formalized as a genotype-phenotype (G-P) map: a function that assigns each

possible amino acid sequence a quantitative phenotype such as enzyme activity, binding affinity, or protein

stability. The fitness landscape metaphor extends this concept by associating each sequence with a fitness

value, where fitness often reflects the virus’s ability to replicate and transmit. Understanding the shape of

fitness landscapes is essential for predicting viral evolution, as antigenic drift drives populations toward

fitness peaks and valleys.
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If mutations combined additively or independently to phenotype, fitness landscapes would be smooth

and predictable. However, mutations often interact: the phenotypic effect of a mutation depends on which

other mutations are present in the sequence [22, 20, 21]. When these interactions are present, they can create

rugged fitness landscapes with multiple peaks and valleys. Epistasis can be classified by its form, some

examples include: magnitude epistasis, which occurs when the effect size of a mutation changes depending

on genetic background, while sign epistasis occurs when a mutation is beneficial in one background but

deleterious in another [18].

Several biophysical mechanisms can generate epistasis [16, 21]. Stability-mediated epistasis arises be-

cause a protein must fold before it can function [23, 17]. As a result, destabilizing mutations may be

tolerated in a stable background but lethal when combined with other destabilizing mutations. Similarly,

binding affinity may saturate at high levels, causing diminishing returns for affinity-enhancing mutations.

These sources of nonlinearity create the rugged landscapes that shape evolutionary trajectories of proteins.

The global epistasis framework provides a tractable approach to modeling these nonlinearities [24].

Rather than attempting to fit pairwise or higher-order interaction terms, which is statistically intractable for

the combinatorial space of possible sequences and can yield uninterpretable coefficients [19], global epis-

tasis models assume that mutations contribute additively to a latent phenotype, which is then transformed

through a nonlinear function g() to produce the observed phenotype. This framework preserves interpretable

per-mutation effect coefficients while capturing the nonlinear relationship between latent and observed phe-

notypes [24, 5]. This global epistasis framework underlies the methods developed in Chapters 2 and 3.

1.4 Antibodies and B cell immunity

The adaptive immune system defends against pathogens through both cellular and humoral responses. B

cells are central to humoral immunity, generating a diverse repertoire of antigen-binding B cell receptors

(BCRs) and their secreted antibody forms. Naive B cells, those that have not yet encountered their cognate

antigen, become activated upon binding an antigen that fits their BCR, typically during initial exposure via

infection or vaccination [25].

Following activation, B cells migrate to germinal centers in lymph nodes and undergo affinity mat-

uration: repeated rounds of somatic hypermutation and selection that refine BCRs for improved antigen
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binding [26, 27]. This process represents the host side of an evolutionary arms race: as pathogens evolve to

escape existing antibodies, the immune system can generate new antibody variants with improved binding

to the mutated antigens.

Antibodies recognize specific regions on antigens called epitopes. A single antigen typically presents

multiple epitopes, and the antibody response to infection or vaccination is polyclonal, meaning the serum

contains antibodies from many B cell lineages targeting different epitopes. This contrasts with monoclonal

antibodies, which derive from a single B cell clone and bind a single epitope.

Not all antibodies that bind a viral antigen prevent infection. Neutralizing antibodies are those that block

viral entry, typically by binding epitopes on surface proteins that mediate receptor attachment or membrane

fusion [28, 29, 30].

Identifying which epitopes are targeted by the antibody response and how mutations affect antibody

binding at each epitope is crucial for vaccine design. Some epitopes tolerate mutations readily and present

pathways for immune escape; others are functionally constrained and represent potential vaccination tar-

gets. Technologies such as phage immunoprecipitation sequencing (PhIP-Seq) enable mapping of epitopes

recognized by serum antibodies [31, 32], and when combined with deep mutational scanning, these methods

can quantify how mutations affect binding at each epitope [33, 34].

Because polyclonal responses target multiple epitopes simultaneously, viral escape typically requires

mutations at several sites. This creates complex patterns of antigenic epistasis, where the fitness benefit of

an escape mutation depends on which other mutations are present, a theme we return to in Chapter 3.

1.5 Epidemiological modeling

Epidemiological models provide a mathematical framework for understanding how infectious diseases spread

through populations [35]. The classic susceptible-infected-recovered (SIR) model partitions a population

into compartments: susceptible individuals who can be infected, infected individuals who can transmit the

pathogen, and recovered individuals who have cleared the infection and gained immunity. The dynamics

of disease spread depend on transmission rates, recovery rates, and the fraction of the population in each

compartment.

A key quantity derived from the SIR model is the effective reproduction number Rt, which reflects
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the average number of secondary infections caused by a single infection [36, 37]. When Rt > 1, the

number of infected individuals increases; when Rt < 1, the epidemic declines. In the special case where

the population is fully susceptible, this quantity is called the basic reproduction number R0: the average

number of secondary infections caused by a single individual in an otherwise naive population.

For antigenically variable pathogens like influenza or SARS-CoV-2, Rt depends not only on intrinsic

viral transmissibility but also on how well the virus can evade existing immunity in the population [38, 39].

A variant that is antigenically distinct from previously circulating strains effectively encounters a larger

susceptible pool, increasing its Rt relative to other co-circulating variants. This creates a coupling between

viral molecular evolution and population-level epidemiology: mutations that enable immune escape at the

individual level translate to increased transmission at the population level.

Modeling this coupling requires integrating molecular-level information about genetic sequences and

antigenic phenotypes with population-level models of transmission and immunity. In Chapter 4, we develop

a simulator that combines these three types of information, enabling us to study how viral populations

evolve under selection from host population immunity and to benchmark viral surveillance methods against

ground-truth evolutionary dynamics.

1.6 Overview of chapters and contributions

This dissertation develops computational methods for modeling how mutations to viral protein sequences

affect molecular phenotypes, and how these phenotypic effects shape viral evolution under immune selec-

tion. Chapters 2 and 3 share a common modeling framework: both represent mutational effects as additive

contributions to latent phenotypes that are then transformed through nonlinear functions to produce observed

phenotypes. Chapter 4 moves to the population level, modeling how viral populations evolve under selec-

tion from host immunity and benchmarking methods for analyzing viral surveillance data. These chapters

progress through increasing levels of biological organization: from molecular phenotypes of individual pro-

teins, to immune selection acting on single viral variants, to viral populations evolving under pressure from

host population immunity.

Chapter 2: torchdms. This chapter operates at the level of molecular phenotypes, modeling how

mutations affect protein folding and receptor binding. Deep mutational scanning experiments increasingly
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measure multiple phenotypes simultaneously, such as protein expression and ligand binding. We introduce

torchdms, a Python package that extends the global epistasis framework to jointly model multiple phe-

notypes. The Generalized Global Epistasis (GGE) architectures maintain interpretable mutational effect

coefficients while capturing nonlinear and conditional dependencies between phenotypes, i.e., encoding the

constraint that a protein must fold before it can bind. We apply these models to SARS-CoV-2 receptor

binding domain data, demonstrating accurate prediction of held-out variants and recovery of biologically

meaningful mutational effects.

Chapter 3: polyclonal. This chapter moves from static molecular phenotypes to the more complex

setting of immune selection, where antibody pressure creates fitness landscapes that depend on host im-

mune responses. Polyclonal antibody responses target multiple epitopes on viral antigens, creating complex

patterns of escape where mutations at different epitopes combine synergistically. We present a biophysical

model that decomposes polyclonal antibody activity into epitope-specific components and quantifies mu-

tation effects at each epitope. The model captures antigenic epistasis. Mutations contribute additively to

binding affinity at each epitope, but their effects on overall escape are nonlinear. This nonlinearity arises

from the Hill curve relating affinity to fraction bound and the product across epitopes. We implement this

model in the polyclonal Python package and validate it on simulated deep mutational scanning data.

Chapter 4: antigen-prime. This chapter scales up to the population level, examining how vi-

ral populations evolve to evade immunity across entire host populations over epidemiological timescales.

Computational methods for influenza surveillance, including variant assignment and growth rate inference,

are difficult to benchmark because natural viral populations lack known ground-truth values. We present

antigen-prime, a forward-time epidemic simulator that jointly models the genetic and antigenic evolu-

tion of viruses under selection from host population immunity. We use antigen-prime to simulate 30

years of H3N2-like evolution and benchmark methods for assigning viral sequences to antigenic variants

and inferring variant-specific growth rates. The benchmarks reveal that sequence-based clustering methods

effectively recover antigenic groupings, and identify a previously undocumented failure mode in growth rate

inference models.
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Chapter 2

Inferring mutational effects from

multi-mutant DMS data with torchdms

Deep mutational scanning (DMS) is a high-throughput experimental technique for measuring the effects

of thousands of mutations on protein function. These experiments can provide measurements of multiple

phenotypes for the library of variants, such as protein expression and ligand binding. However, it is difficult

to attribute observed phenotypes to specific mutations when most variants contain multiple mutations, and

nonadditive interactions between mutations make it challenging to predict phenotypes for unobserved vari-

ants. In this chapter, we describe torchdms, a Python package that extends the global epistasis framework

to jointly model multiple phenotypes from DMS data. We introduce Generalized Global Epistasis (GGE)

architectures that maintain interpretable mutational effect coefficients while capturing nonlinear and condi-

tional dependencies between phenotypes. We apply torchdms to a published DMS dataset characterizing

the effects of mutations in the SARS-CoV-2 receptor binding domain (RBD) on both protein expression and

ACE2 binding affinity, demonstrating accurate predictions on held-out variants and recovery of biologically

meaningful mutational effects.
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2.1 Introduction

Understanding how mutations affect protein function is essential for interpreting disease-associated variants,

predicting pathogen evolution, and engineering proteins with desired properties [9, 16]. Deep mutational

scanning experiments now routinely measure the functional effects of thousands of protein variants, provid-

ing unprecedented views of sequence-function relationships. However, variants containing multiple muta-

tions are sparsely sampled relative to the vast combinatorial space of possible sequences, making it difficult

to predict phenotypes for unseen variants from observed data alone.

Computational models that infer genotype-phenotype (GP) maps from DMS data fall along a spectrum

of interpretability and predictive power. At one extreme, linear models assume mutations act additively

on phenotype, yielding directly interpretable coefficients for each possible amino acid substitution. These

models capture the dominant effects of most mutations but fail to account for epistasis: the nonlinear in-

teractions between mutations that arise from biophysical constraints such as protein stability thresholds and

binding saturation [40, 41, 23]. At the other extreme, deep learning approaches, including protein lan-

guage models, can achieve strong predictive performance by learning complex representations of sequence

space [42, 43, 44]. However, these models function as “black boxes” whose internal parameters lack clear

biophysical meaning, limiting their utility for understanding which mutations drive observed phenotypes.

The global epistasis (GE) framework provides a middle ground between these extremes [24]. GE mod-

els assume that mutations act additively on an unobserved latent phenotype, which is then transformed

through a nonlinear function to produce the observed phenotype. This formulation captures key sources of

nonlinearity, such as fitness thresholds and diminishing returns from beneficial mutations, while preserving

interpretable coefficients for individual mutational effects. The signs and magnitudes of these coefficients

indicate whether mutations are generally beneficial or deleterious across genetic backgrounds, and the shape

of the nonlinear transformation reveals how the latent phenotype maps to observed fitness [24, 45].

Several software packages implement variants of the GE framework. The original GE model was demon-

strated on single-phenotype DMS data, using Gaussian process regression for the nonlinear transforma-

tion [24]. MAVE-NN extends this approach by using neural networks and an information-theoretic training

objective, enabling inference of more flexible nonlinearities [46]. The dms-variants package provides

utilities for processing DMS data and fitting simple GE models to multiphenotype DMS experiments [5].
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However, these implementations share a key limitation: they model each phenotype independently, prevent-

ing joint inference when DMS experiments measure multiple related phenotypes, such as protein expression

and ligand binding.

Recent DMS experiments increasingly measure multiple phenotypes simultaneously [5], motivating

models that can capture dependencies between phenotypes. For instance, a protein must fold properly be-

fore it can bind a ligand, so binding affinity measurements reflect both folding stability and intrinsic binding

capacity. Modeling these phenotypes independently discards information about their relationship and may

yield misleading estimates of mutational effects.

In this chapter, we introduce torchdms, a Python package that extends the GE framework to accommo-

date multiple phenotypes through what we term Generalized Global Epistasis (GGE) models. torchdms

uses PyTorch [47] to implement flexible neural network architectures that can model dependencies between

phenotypes while preserving interpretable mutational effect coefficients. We apply torchdms to published

data on the SARS-CoV-2 receptor binding domain, demonstrating accurate predictions on held-out variants

and recovery of biologically meaningful mutational effects.

2.2 Results

2.2.1 Generalized Global Epistasis models

We extend the global epistasis framework to accommodate multiple phenotypes through what we term

Generalized Global Epistasis (GGE) models. The GGE framework computes one or more latent phenotypes

as additive functions of mutational effects, then maps these through a flexible neural network to predict

multiple observed phenotypes:

ŷ = g(ϕ(x)) (2.1)

ϕ(x) = βwt +
L
∑

i

βi,ai (2.2)

where βwt is a wildtype offset, βi,ai is the effect of amino acid ai at position i, and g is a neural network that

maps the latent phenotype(s) to one or more observed phenotypes ŷ ∈ R
d. This generalizes the standard GE
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framework: when d = 1 and the latent space is one-dimensional, GGE reduces to the original GE model.

By allowing multiple latent dimensions and multiple output phenotypes, GGE can capture shared structure

across phenotypes through a common latent representation.

The independent GGE (iGGE) and conditional GGE (cGGE) models address specific experimental de-

signs where phenotypes may be independent or conditionally dependent. The independent GGE (iGGE)

model maintains separate latent spaces for each phenotype, with no information shared across phenotypes:

ŷp = gp(ϕp(x)) (2.3)

ϕp(x) = βwt,p +
L
∑

i

βi,ai,p (2.4)

Each phenotype p has its own set of mutational effect coefficients βi,ai,p and nonlinear transformation gp.

This architecture is equivalent to fitting separate GE models for each phenotype, which may be appropriate

when phenotypes arise from independent biophysical processes.

The conditional GGE (cGGE) model captures dependencies between phenotypes by allowing one phe-

notype’s latent space to inform predictions for another. This is particularly relevant for DMS experiments

measuring both protein expression (or folding) and ligand binding, where binding requires proper folding:

ŷfold = gfold(ϕfold(x)) (2.5)

ŷbind = gbind(ϕbind(x), ϕfold(x)) (2.6)

The binding prediction network receives input from both the binding latent space and the folding latent

space, allowing it to learn that adequate expression is required for binding. We additionally define the

conditional sequential GGE (csGGE) model, which extends cGGE with a sequential training approach: the

folding components are trained first and then frozen while the binding components are trained. This prevents

information from the binding phenotype from influencing folding predictions during optimization.
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2.2.2 SARS-CoV-2 Receptor Binding Domain

To assess the ability of models implemented in torchdms to capture complex genotype-phenotype rela-

tionships in real DMS data, we applied our framework to a dataset measuring the effects of mutations in the

SARS-CoV-2 receptor binding domain (RBD) on both protein expression and ACE2 binding affinity [5].

This dataset contains measurements for almost all possible single amino acid substitutions in the RBD, as

well as a large number of variants with multiple mutations. Variants were assigned an expression score

reflecting the amount of expressed RBD on the surface of yeast cells and a binding score reflecting the

binding affinity of the expressed RBD to the ACE2 receptor, measured using Tite-Seq [48]. The full library

contains 195,081 variants; after filtering for variants with measurements for both phenotypes and restricting

to variants with at most six amino acid substitutions, the dataset contained 137,768 variants.

We divided the dataset into training, validation, and test sets using stratified splitting to ensure that

each set contains an equal proportion of variants with different numbers of mutations. The training set

contains 99,338 variants, the validation set contains 15,010 variants, and the test set contains 15,000 variants.

Individual amino acid sequences are represented as one-hot encoded vectors x ∈ {0, 1}L×|A|, where L =

201 is the length of the protein sequence and A is the amino acid alphabet of size 20.

We trained five model architectures on this dataset: a linear baseline, the shared-latent space GGE model,

and the three two-track models. All models used a single hidden layer of 25 neurons and were trained for

up to 500 epochs with early stopping (patience of 10 epochs), using L1 loss and three independent random

initializations.

2.2.3 GGE models accurately predict held-out variant phenotypes

To compare how well each architecture captures genotype-phenotype relationships, we assessed predictive

performance on the held-out test set by computing the coefficient of determination (R2) between observed

and predicted expression and ACE2 binding affinity (Figure 2.3). Linear models serve as a baseline for

additive mutational effects, while the GGE and two-track models capture increasing levels of complexity.

The linear model achieved moderate performance, with R2 values of 0.67 for expression and 0.53 for

binding, indicating that additive effects capture a substantial portion of the variance but leave room for im-

provement. Notably, the linear model fails to capture the nonlinear relationship between mutational effects
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and ACE2 binding, which serves as the main motivation for the GE and GGE frameworks (Figure 2.3).

The shared-latent GGE model improved performance substantially, achieving R2 values of 0.86 for

expression and 0.70 for binding, demonstrating the importance of modeling nonlinearities in the genotype-

phenotype mapping. However, binding predictions remain less accurate than expression predictions, sug-

gesting that a single shared latent dimension cannot fully capture both phenotypes.

The two-track models (iGGE, cGGE, csGGE) further improved performance, particularly for binding.

By maintaining separate latent phenotypes for expression and binding, these architectures allow each phe-

notype to have its own additive representation while still modeling their interactions through the nonlinear

network. The iGGE model achieved R2 values of 0.94 for expression and 0.87 for binding, while the

cGGE model achieved 0.93 and 0.85, respectively. The csGGE model achieved the best binding predic-

tion (R2 = 0.89) while maintaining strong expression performance (R2 = 0.94), likely because its skip

connection allows the model to capture the dependency of binding on expression.

Despite these improvements, all models struggle to predict expression scores for variants that fail to

express, visible as a cluster of points with low observed expression but variable predicted values in Fig-

ure 2.3. This limitation reflects the inherent difficulty in modeling the sharp transition between functional

and nonfunctional proteins.

2.2.4 Inferred mutational effects correlate with published estimates

To assess the biological interpretability of the learned β coefficients, we compared them against the single-

mutant effects reported by Starr et al. [5] (Figure 2.4). The published effects were inferred using independent

global epistasis models fit to each phenotype via the dms-variants package, providing an independent

benchmark for our multiphenotype models.

The linear model achieved R2 values of 0.79 for expression and 0.61 for binding (Figure 2.4, first

column), reflecting that a purely additive model recovers coefficients similar to those from independent GE

fits.

The shared-latent GGE model showed reduced agreement, with R2 values of 0.68 for expression and

0.44 for binding (Figure 2.4, second column). This drop likely reflects the constraint of mapping both phe-

notypes from a shared two-dimensional latent space: the model must find β coefficients that simultaneously
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2.3 Methods

2.3.1 Data preparation

Individual amino acid sequences are represented as one-hot encoded vectors x ∈ {0, 1}L×|A|, where L is

the length of the protein sequence and A is the amino acid alphabet. We distinguish variants with n amino

acid substitutions from wildtype as n-mutants. For each sequence xi, we have measured DMS phenotype(s)

yi ∈ R
d, where d is the number of measured phenotypes (e.g., ligand binding, protein expression). The

dataset is defined as D = {(xi, yi)}
N
i=1

, where N is the number of sequences in the DMS library.

We split DMS data into training, validation, and test sets for hyperparameter tuning and model evalua-

tion. To ensure that identical amino acid sequences are not present in multiple sets, we group all identical

sequences together before assignment. We define a stratum as the set of all n-mutants for a given n and

perform stratified splitting to ensure each subset contains an equal proportion of n-mutants. Users can op-

tionally group all single mutants into the training set, though this is not recommended for libraries with

many higher-order mutants.

2.3.2 Model architectures

The GGE framework and its variants (iGGE, cGGE, csGGE) are described in Section 2.2.1. All architectures

share a common structure: a linear embedding layer that computes latent phenotypes ϕ(x) from one-hot

encoded sequences via learned β coefficients, followed by a nonlinear network g that maps latent phenotypes

to observed phenotypes. The nonlinear network consists of one or more fully connected hidden layers with

ReLU activations. For the RBD experiments, we used a single hidden layer of 25 neurons for all models.

2.3.3 Model training and loss functions

We train models using the Adam optimizer with a batch size of 500 variants. A learning rate scheduler

reduces the learning rate by a factor of 0.5 if the validation loss does not decrease for a specified number of

epochs. Early stopping halts training when validation loss fails to improve, preventing overfitting. Models

are trained with multiple independent random initializations to ensure results are not sensitive to initial

conditions.
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torchdms supports several loss functions: mean squared error (MSE), mean absolute error (MAE/L1),

Huber loss, and root mean squared error (RMSE). MAE is preferred for robustness to outliers, which are

common in DMS datasets due to measurement noise.

2.3.4 Regularization and constraints

L1 regularization L1 regularization prevents overfitting by penalizing large coefficient values. torchdms

supports L1 (lasso) regularization on both the β coefficients and the weights of the nonlinear network g. The

regularization penalty is added to the loss function:

Lreg = λβ∥β∥1 + λg∥Wg∥1 (2.7)

where λβ controls the regularization strength on the latent phenotype coefficients and λg controls the regu-

larization on the nonlinear network weights Wg.

Low-rank approximation When many mutations are unobserved in the training data, the β coefficient

matrix may overfit to noise. torchdms offers low-rank regularization via truncated singular value decom-

position (SVD) applied after each gradient step. The β coefficients are reshaped into a matrix B ∈ R
|A|×L

where rows correspond to amino acids and columns to positions. We compute the SVD B = UΣV ⊤ and

reconstruct a rank-r approximation:

Br = UrΣrV
⊤
r (2.8)

where Ur, Σr, and Vr contain only the top r singular vectors and singular values. This low-rank constraint

encourages the model to learn smooth patterns across positions and amino acids, improving generalization

to unobserved mutations.

Monotonicity constraints The original GE framework assumed a monotonic relationship between latent

and observed phenotypes. torchdms supports this constraint by restricting all weights in the nonlinear

network g (excluding bias terms) to be nonnegative. After each gradient step, negative weights are clamped

to zero:

w ← max(w, 0) (2.9)
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Combined with monotonic activation functions (e.g., ReLU), this ensures the mapping from latent to ob-

served phenotype is monotonically increasing (or decreasing, depending on a sign parameter). Monotonicity

constraints are optional and may be relaxed when the data suggest non-monotonic relationships.

2.3.5 Gauge-fixing

Gauge-fixing constraints ensure interpretable coefficients by removing degrees of freedom in the latent

space. Without these constraints, the β coefficients in GGE models are not identifiable: any constant added

to all coefficients at a position can be absorbed by the nonlinearity g. We apply gauge-fixing constraints

after each gradient step. LetM denote the set of mutations observed in the training data. For each latent

dimension, we set coefficients for wildtype amino acids and unobserved mutations to zero:

βi,ai = 0 if ai = awt
i or (i, ai) /∈M (2.10)

We then project the remaining coefficients to have mean zero at each position:

βi,ai ← βi,ai −
1

|Mi|

∑

a∈Mi

βi,a (2.11)

whereMi is the set of observed mutations at position i. This ensures that coefficient values reflect deviations

from the average mutational effect at each position, with wildtype serving as the reference.

2.3.6 Evaluation metrics

Model predictive performance is evaluated using the coefficient of determination (R2) on held-out test data:

R2 = 1−

∑

i(yi − ŷi)
2

∑

i(yi − ȳ)2
, (2.12)

where yi are observed phenotypes, ŷi are model predictions, and ȳ is the mean observed phenotype.

To assess the biological interpretability of inferred mutational effects, we compare the learned β coeffi-

cients to published single-mutant effect estimates when available. For the RBD dataset, we compare against

the single-mutant effects reported by Starr et al. [5], which were inferred using independent global epista-
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sis models fit to each phenotype via the dms-variants package. We compute the Pearson correlation

between the torchdms-inferred β values and the published estimates.

2.4 Discussion

This chapter presented torchdms, a software package that extends the global epistasis framework to jointly

model multiple phenotypes from deep mutational scanning data. A key feature of the Generalized Global

Epistasis models is that they maintain interpretable mutational effect coefficients (β) while allowing flexible

nonlinear mappings to observed phenotypes. The two-track architectures (iGGE, cGGE, csGGE) enable

modeling of phenotype dependencies—such as the requirement that a protein must fold before it can bind a

ligand—while preserving phenotype-specific additive representations.

We demonstrated torchdms on the SARS-CoV-2 RBD dataset from Starr et al. [5], where two-track

models achieved strong predictive performance (R2 > 0.85 for both expression and binding) and recovered

mutational effects that correlate well with independently published estimates. The visualization of learned

nonlinearities revealed interpretable structure: expression predictions depend primarily on the expression

latent phenotype, while binding predictions depend on both latents, capturing the biological constraint that

proteins must fold before they can bind.

The models make several simplifying assumptions that warrant discussion. First, the additive latent

phenotype representation assumes that mutational effects combine linearly before nonlinear transformation,

which may not hold for proteins with strong pairwise or higher-order epistasis. While torchdms supports

prelatent interaction layers to capture pairwise effects, these substantially increase model complexity. Sec-

ond, the gauge-fixing procedure that centers coefficients at each position makes the β values dependent on

which mutations were observed in the training data; coefficients are not directly comparable across datasets

with different mutation coverage. Third, predictions may become less accurate for variants with many mu-

tations relative to the training distribution, as the model has limited opportunity to learn higher-order effects.

The GGE framework relates closely to other global epistasis implementations. The original global

epistasis model [24] used I-spline basis functions to guarantee monotonic nonlinearities, a more princi-

pled approach than torchdms’s weight clamping. MAVE-NN [46] and dms-variants include explicit

noise models and information-theoretic metrics that quantify how much sequence variation is captured;
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torchdms does not model measurement noise and relies on standard loss and R2 metrics. The multiphe-

notype extensions in torchdms resemble fuzzy logic models that encode multiple biophysical traits [49]

and connect conceptually to the multi-epitope polyclonal model described in Chapter 3. In both cases, an

underlying additive genotype-phenotype map is transformed through nonlinear functions that capture how

phenotypes combine.

Several limitations of torchdms could be addressed in future work. We hypothesized that the cGGE

and csGGE architectures would outperform iGGE by capturing the interdependence between expression and

binding, but this did not pan out for prediction: iGGE achieved the best predictive performance. However,

csGGE did recover mutational effects most accurately, suggesting that modeling conditional dependencies

may be more important for coefficient interpretation than for prediction. The lack of an explicit noise

model prevents decomposition of variance into measurement error versus biological variability; incorpo-

rating measurement models similar to MAVE-NN would enable prediction intervals and better uncertainty

quantification. torchdms is also not suitable for inferring mutational effects across DMS libraries created

with different wildtype backgrounds, as the gauge-fixing procedure relies on a single wildtype reference.

multidms, a similar software package, has since been developed to address this challenge by inferring

shifts in mutational effects across different genetic backgrounds [50]. Finally, while the cGGE and csGGE

architectures are designed to model conditional dependencies between expression and binding phenotypes,

validating these models would require datasets where phenotypes are measured independently: a constraint

not satisfied by the RBD data, where binding is only measured for variants that pass an expression threshold.

2.4.1 Code and data availability

The torchdms source code is archived at https://github.com/matsengrp/torchdms. This

project is no longer actively maintained.
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Chapter 3

A biophysical model of viral escape from

polyclonal antibodies

Understanding how mutations combine to escape polyclonal antibodies is critical for predicting viral evolu-

tion, as polyclonal responses can target multiple distinct epitopes on a viral antigen. This chapter presents

a biophysical model that decomposes polyclonal antibody activity into epitope-specific components and

quantifies mutation effects at each epitope. We implement this model in polyclonal, a software pack-

age that infers these parameters from deep mutational scanning data. Validation on simulated deep mu-

tational scanning experiments demonstrates that the software accurately recovers underlying biophysical

parameters and predicts escape by arbitrary mutation combinations. The software is available at https:

//jbloomlab.github.io/polyclonal.

3.1 Introduction

Many viruses evolve antigenically to escape polyclonal antibody responses elicited from vaccination or

prior infection [51, 52, 53, 54]. Understanding how viral mutations affect antibody escape is critical for

interpreting viral evolution and predicting vaccine efficacy. Neutralization assays remain the gold standard

for assessing how viral variants escape immune responses, but they are limited to retrospective analyses

of a relatively small number of viral variants of interest [55, 56]. Genomic epidemiology enables real-
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time tracking of viral evolution through public sequence databases, but cannot directly assess the antigenic

phenotypes of emerging variants [57, 58, 59, 4].

Deep mutational scanning (DMS) experiments bridge this gap by systematically measuring how large

libraries, often hundreds of thousands, of viral protein variants affect antibody binding and neutraliza-

tion [12, 13, 60, 6, 61, 62]. A critical insight from DMS studies is that polyclonal antibody responses

typically target multiple distinct epitopes on a viral protein, with antibodies targeting different epitopes hav-

ing differing neutralization potencies [61]. This epitope heterogeneity means that escape from polyclonal

sera requires mutations at multiple sites, and the phenotypic effect of combining mutations depends on

whether they target the same or different epitopes.

However, the expansive sequence space of viral proteins makes it infeasible to experimentally mea-

sure all possible mutation combinations. This motivates the development of computational models that can

predict how combinations of mutations affect antibody escape. Existing approaches include basic trans-

formations of DMS data [63], models integrating phylogenetic and antigenic data [64], sequence-based

prediction methods [65, 66], and neural networks trained on either DMS [44] or sequence data [42, 43].

While these methods have proven useful, many lack biophysically interpretable parameters that connect to

the underlying biology of antibody-antigen interactions.

In this chapter, we present a biophysical model of viral escape from polyclonal antibodies. This model

decomposes polyclonal sera into distinct epitope classes, each with interpretable parameters describing an-

tibody activity and mutation escape effects. The model can be fit to DMS data and used to predict how

combinations of mutations would be neutralized by the sera used to generate the experimental data [67].

We also describe polyclonal, a software package implementing this model, and validate it using both

simulated and experimental data.

3.2 Results

3.2.1 Conceptualizing antibody epitopes

Viral antigens can be partitioned into distinct epitopes based on patterns of antibody escape. Classic exper-

iments on influenza tested viral mutants against large panels of monoclonal antibodies [68, 69, 70]. Viral
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topes, where Antibody 1 has higher functional activity than Antibody 2. A single mutation escaping Anti-

body 1 causes marked escape from the overall mixture since the more active antibody no longer contributes

(Figure 3.2A). A single mutation escaping Antibody 2 but leaving Antibody 1 intact has little effect on the

overall mixture, since the more active Antibody 1 can still bind (Figure 3.2B).

This framework makes distinct predictions about the effects of multiple mutations depending on whether

they are in the same or different epitopes. If a variant has two mutations in Antibody 1’s epitope and one

mutation already escapes binding by Antibody 1, the second mutation has a largely redundant effect (Fig-

ure 3.2C). Multiple escape mutations in the same epitope have diminishing returns;even when all Antibody

1 molecules are unbound, Antibody 2 can still bind. However, if a variant gains mutations in the epitopes of

both antibodies, both antibodies are escaped and the polyclonal mixture has no activity (Figure 3.2D).

Grouping antibodies by epitopes is a simplifying approximation. Two antibodies targeting a similar

epitope may be escaped by slightly different mutations, and some antibodies bind idiosyncratic regions

outside or between major epitopes [28, 73, 74, 61, 62]. In Figure 3.1, Antibodies 6 and 12 are grouped into

the same epitope, even though some viral mutants only escape one of these two antibodies. Nonetheless, the

concept of epitopes provides a valuable framework for interpreting polyclonal antibody escape and forms

the basis of the quantitative model we present here.
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3.2.2 A biophysical model of polyclonal antibody escape

Here we formalize the epitope-based model of polyclonal antibody escape in terms of experimental mea-

surables and biophysical quantities. Let p(v, c) be the fraction of viral variant v that escapes a mixture of

polyclonal antibodies at concentration c, a quantity measurable from neutralization assays. Suppose the

antibodies bind to one of E epitopes on the viral antigen, and let Ue(v, c) be the fraction of variant v with

an unbound epitope e at concentration c. Assuming antibodies bind independently without competition, the

overall escape fraction is the product of unbound fractions across epitopes:

p(v, c) =
E
∏

e=1

Ue(v, c). (3.1)

The fraction unbound at each epitope follows a Hill equation [75] with coefficient one:

Ue(v, c) =
1

1 + c exp(−ϕe(v))
, (3.2)

where −ϕe(v) represents the functional activity of antibodies targeting epitope e against variant v. More

positive values of −ϕe(v) indicate higher functional activity. The activity ϕe(v) depends on both antibody-

intrinsic factors such as binding affinity and extrinsic factors such as antibody concentration in the mixture.

We express ϕe(v) in terms of mutation effects by assuming mutations have additive effects on free

energy of binding for antibodies at each epitope [24, 45]:

ϕe(v) = −awt,e +
M
∑

m=1

βm,eb(v)m, (3.3)

where awt,e is the functional activity of antibodies binding epitope e on the unmutated antigen, βm,e is the

extent to which mutation m reduces antibody binding at epitope e, b(v)m is one if variant v has mutation m

and zero otherwise, and M is the total number of possible mutations. Larger values of awt,e indicate stronger

antibody activity targeting the epitope, while larger values of βm,e correspond to greater contribution to

antibody escape.

This model captures a key feature of antigenic epistasis: mutations have additive effects on binding

affinity at each epitope but manifest non-linear effects on overall escape due to the Hill curve (Equation 3.2)
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and the product across epitopes (Equation 3.1). Multiple mutations in the same epitope therefore show

diminishing returns, while mutations across different epitopes combine synergistically(Figure 3.2).

3.2.3 Validation of polyclonal with a simulated deep mutational scanning dataset

We validated our software by simulating a hypothetical polyclonal antibody mixture targeting three major

neutralizing epitopes (class 1–3) on the SARS-CoV-2 RBD [62] (Figure 3.3A). We assigned each epitope

a pre-mutation functional activity (awt,e) based on the typical hierarchy of neutralizing activities in human

polyclonal serum (class 2 > class 3 > class 1) [62] (Figure 3.3B). We assigned βm,e values using prior deep

mutational scanning studies that measured effects of all single RBD mutations on escape from prototypical

monoclonal antibodies targeting each epitope (Figure 3.3C). The site of greatest total escape is 417 for class

1, 484 for class 2, and 444 for class 3.

We then computationally simulated a realistic deep mutational scanning dataset containing 30,000 RBD

variants with an average of two amino acid mutations per variant. We calculated the true p(v, c) for each

variant using our biophysical model at three concentrations representing IC97.5, IC99.9, and IC99.998

against the unmutated RBD. We added Gaussian noise (σ = 0.05) to the p(v, c) measurements, truncated

values to be between 0 and 1 to reflect experimental errors, and built in a 1% probability of adding or

subtracting a mutation from a variant to simulate sequencing errors [67].

We found that polyclonal successfully inferred the underlying properties of our hypothetical poly-

clonal mixture when fit to the noisy, simulated data. The predicted awt,e values closely matched the true

values (Figure 3.4A), indicating that we can deconvolve the dominance hierarchy of epitopes targeted by

a polyclonal mixture. The predicted βm,e values strongly correlated with the true values (Figure 3.4B;

R2 = 0.60 for class 1, R2 = 0.96 for class 2, and R2 = 0.95 for class 3), indicating that we can learn the

effects of mutations on antibody escape at each epitope. The lower correlation for class 1 can be attributed

to its relative subdominance: mutations to a subdominant epitope manifest little effect on the functional ac-

tivity of the overall mixture when immunodominant epitopes remain unaffected (Figure 3.2B), and so only

have measurable effects in the subset of mutants with mutations in more dominant epitopes.

We used the fit model to predict escape by variants not seen in our experiments. We simulated an

independent deep mutational scanning dataset with a higher number of mutations (three) on average per

45





variant. We found that our fit model could predict the IC90 (the concentration required for p(v, c) = 0.1) of

each variant in the independent dataset with high accuracy (Figure 3.4C; R2 = 0.97). Thus, polyclonal

can make predictions over all variants with mutations observed in the deep mutational scanning library.
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3.3 Discussion

This chapter presented a biophysical model that captures how mutations combine to escape polyclonal an-

tibodies. This model is implemented in polyclonal, a software package that infers epitope-specific

parameters from deep mutational scanning data. A key feature of the model is that its formulation allows for

natural modeling of antigenic epistasis: mutations have additive effects on binding affinity at each epitope,

but the Hill curve relating affinity to fraction bound and the product across epitopes produce non-linear

effects on overall escape. This results in mutations in the same epitope showing diminishing returns while

mutations across different epitopes can combine synergistically to escape polyclonal serum.

The model makes several simplifying assumptions that warrant discussion. First, grouping antibodies

by discrete epitopes approximates the continuous landscape of antibody binding; in reality, each antibody

is unique and two antibodies targeting a similar epitope may be escaped by slightly different mutations.

Despite this simplification, decades of experimental work have demonstrated that epitope-based represen-

tations provide a useful framework for interpreting viral escape [71, 72, 29]. Second, the model does not

account for the fact that multiple antigens decorate each virion, instead modeling escape as the state where

no antibodies bind a single idealized antigen. Third, the model assumes antibody binding at one epitope

does not influence affinity at other epitopes. These assumptions could be relaxed in future versions of the

model, though we expect them to hold reasonably well for variants with modest numbers of mutations. Pre-

dictions may become less accurate for variants with many mutations relative to the parental strain used in

the deep mutational scanning experiment.

The single-epitope version of our model relates closely to global epistasis models used for interpreting

other types of deep mutational scanning data [24, 46] (see also Chapter 2). In both cases, an underlying

additive genotype-phenotype map is transformed through a non-linear function to produce the observed

phenotype. The multi-epitope version extends this framework and resembles fuzzy logic models that encode

multiple biophysical traits [49].

Following publication of this work, the polyclonal software has been applied to deep mutational

scanning studies of both SARS-CoV-2 and influenza, enabling predictions of viral escape that correlate well

with traditional neutralization assays [76, 77, 78, 79, 80]. These applications have contributed to under-

standing which mutations drive immune evasion and helped predict the evolutionary success of circulating
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viral clades. More broadly, this work demonstrates how biophysical models can translate high-throughput

experimental data into actionable predictions for viral surveillance and vaccine design.

3.4 Methods

3.4.1 Model fitting

The goal is to estimate the biophysical model parameters that best predict the deep mutational scanning

escape measurements under biologically motivated constraints. We define a loss function robust to outliers:

L =
∑

v,c

hδloss(p(v, c)− p̂(v, c)), (3.4)

where p(v, c) is the actual escape fraction for variant v at concentration c, p̂(v, c) is the predicted escape

fraction, and hδ(x) is a scaled Pseudo-Huber function:

hδ(x) =
δ2
(

√

1 + (x/δ)2 − 1
)

δ
. (3.5)

The parameter δ controls when the loss transitions from quadratic (L2-like) to linear (L1-like) behavior.

When the residual x is small, the loss is approximately L2; when x is large, the loss becomes L1-like, making

it robust to outliers. A default δloss = 0.01 was used in all fitted models. To minimize this loss function, we

use the gradient-based L-BFGS-B method implemented in scipy.optimize.minimize [81].

3.4.2 Regularization

We implement penalty terms to regularize parameters under biologically motivated constraints. We regular-

ize the escape values (βm,e) using a Pseudo-Huber function, based on the assumption that most mutations

should not mediate escape:

Rescape = λescape

∑

m,e

hδescape(βm,e), (3.6)

where λescape is the regularization strength and δescape is the Pseudo-Huber delta parameter. Default param-

eters λescape = 0.02 and δescape = 0.1 were used.
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We also regularize the variance of escape values at each site, based on the assumption that mutations at

a site involved in escape will exhibit similar effects:

Rspread = λspread

∑

e,i

1

Mi

∑

m∈i

(

βm,e −
1

Mi

∑

m′∈i

βm′,e

)2

, (3.7)

where λspread is the regularization strength, i ranges over all sites, Mi is the number of mutations at site i,

and m ∈ i indicates all mutations at site i. The default parameter λspread = 0.25 was used.

We regularize the pre-mutation functional activities (awt,e) using a Pseudo-Huber function, as these

should be less positive (or even negative) unless there is clear evidence to the contrary:

Ractivity = λactivity

∑

e

hδactivity(awt,e) if awt,e ≥ 0, (3.8)

where λactivity is the regularization strength, δactivity is the Pseudo-Huber delta parameter, and Ractivity = 0

when awt,e < 0. Default parameters λactivity = 1.0 and δactivity = 0.1 were used.

3.4.3 Determining the number of epitopes

Fitting the model requires specifying the number of epitopes a priori, but the true number of epitopes targeted

by antibodies in polyclonal serum is unknown in practice. Our approach is similar to the “elbow method”

commonly used to determine the optimal number of clusters in k-means clustering. We start by fitting a

model with one epitope and iteratively fit models with an increasing number of epitopes. At some point,

the N th epitope becomes redundant, evidenced by a highly negative awt,e value (indicating that antibodies

against this epitope would never be bound) and all near-zero βm,e values. This indicates that the previous

fit model, containing N − 1 epitopes, best describes the polyclonal mixture. An example of this approach

applied to the simulated RBD data is available at https://jbloomlab.github.io/polyclonal/

specify_epitopes.html.

3.4.4 Simulating deep mutational scanning libraries

We computationally simulated deep mutational scanning libraries based on the hypothetical polyclonal anti-

body mixture shown in Figure 3.3. All libraries contained 30,000 variants but differed by their mutation rate,
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with variants containing an average of one, two, three, or four mutations following a Poisson distribution.

Variant escape was simulated under six concentrations representing IC91.443, IC97.488, IC99.441, IC99.9,

IC99.985, and IC99.998 against the unmutated RBD antigen. For more details on how these experiments

were simulated, see https://jbloomlab.github.io/polyclonal/simulate_RBD.html.

To compare model fitting across experimental conditions, models were fit with identical parameters ex-

cept for the variable of interest: library mutation rate, library size, or antibody concentration. To determine

the impact of library mutation rate, models were fit to simulated datasets containing one, two, three, or four

mutations on average, all containing 30,000 variants measured at three concentrations. To determine the

impact of library size, models were fit to different-sized subsets of variants randomly sampled from a library

with three mutations on average per variant. To determine the impact of antibody concentration, models were

fit to a library measured at one or multiple antibody concentrations. For more information on these experi-

mental design simulations, see https://jbloomlab.github.io/polyclonal/expt_design.

html.
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Code to reproduce analyses and figures is available at: https://github.com/zorian15/phd-

thesis-analysis/
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Chapter 4

Simulating influenza sequences under a

model of host cross-immunity with

antigen-prime

This chapter presents antigen-prime, a forward-time epidemic simulator that jointly models the genetic

and antigenic evolution of viruses under selection from host population immunity. While previous chapters

focused on modeling mutational effects from experimental data, this chapter addresses the challenge of

simulating realistic viral evolution to benchmark computational methods used for influenza surveillance and

vaccine strain selection. The simulator enables generation of ground-truth data for evaluating methods that

assign viral sequences into variants and estimate variant-specific growth rates—tasks that are difficult to

benchmark using natural data where true values are unknown.

4.1 Introduction

Influenza virus infects about one billion and kills hundreds of thousands of people globally each year [2].

Vaccination provides the primary method of prevention, but the virus undergoes rapid antigenic evolution,

necessitating annual vaccine updates [1]. To track the virus’s evolution, laboratories worldwide sequence

thousands of influenza genomes each year, sharing data through public databases [58, 82]. Public health
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agencies also monitor influenza spread through case counts and hospitalizations.

It is of interest to develop computational methods to use the above sources of data to help guide vaccine

updates [83]. One goal of such methods is to partition observed viral sequences into groups (i.e. “variants”)

with similar antigenic phenotypes. Another goal is to estimate variant-specific growth rates, helping to

quantify variant fitness in the present and forecast future variant abundance.

For seasonal influenza virus, two main computational methods exist for variant assignment. One method

involves building a phylogenetic tree of observed sequences and then partitioning the tree into clades

that correspond to unique variants [84]. This method can incorporate prior knowledge about which mu-

tations are most likely to impact the virus’s antigenicity. Another method involves computing pairwise

distances between observed sequences, and then using dimensionality reduction to embed sequences in a

low-dimensional space. Clustering of sequences in this space can then be used to identify unique vari-

ants [85]. Both methods have proven useful for interpreting real-time influenza surveillance data [85, 86].

A variety of methods exist for estimating variant-specific growth advantages from viral surveillance

data. Some only consider variant-specific frequencies over time, such as the fitness model by Luksza and

Lässig [87] or multinomial logistic regression approaches [88, 89, 90]. Others also consider observed num-

bers of case counts over time, such as the fixed growth advantage (FGA) and growth advantage random walk

(GARW) models from the evofr framework [91].

Although these methods are widely used, it is challenging to benchmark their accuracy. That is because

natural populations lack known ground-truth variant assignments and growth advantages. Experiments such

as neutralization assays or hemagglutination inhibition assays can be used to quantify antigenic phenotypes

of influenza viruses in a laboratory setting. However, it can be difficult for experiments to fully capture anti-

genic selection in nature due to the high level of heterogeneity in human immune responses to influenza [92].

A complementary approach is to simulate viral evolution under defined selective pressures and then

use the simulated data, and associated ground-truth quantities, to benchmark the above methods. Doing

so would require a simulator that models three key aspects of influenza evolution: (1) genetic sequence

evolution through a biologically realistic mutation processes, (2) coupled antigenic evolution where muta-

tions in epitope regions alter a virus’s antigenic phenotype, allowing escape from host immunity, and (3)

sustained viral transmission in a large host population, with case counts tracked over time. While numer-
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ous pathogen-evolution simulators exist [93, 94, 95, 96], none fully integrate all three of these components.

SANTA-SIM [93] models genetic sequence evolution, but not antigenic phenotypes or transmission dy-

namics. Conversely, antigen [94] models transmission dynamics and antigenic evolution, but does not

model genetic sequence evolution. FAVITES [95] models contact network transmission without antigenic

evolution, while virolution [96] models within-host evolution without population-level antigenic drift.

4.2 Results

4.2.1 Summary of antigen-prime

We sought to build a simulator that integrates all three components of influenza evolution listed above.

We achieved this by extending the antigen simulator [94], which already models transmission dynamics

and antigenic evolution. We updated antigen to include explicit genetic sequences that evolve through

mutation and drive antigenic change. We call this updated simulator antigen-prime.

The original antigen implements a deme-structured SIR model to simulate viral transmission dy-

namics and antigenic evolution under selective pressure from host immunity. Each infected host carries a

single virus object that is associated with coordinates that represent the virus’s location in a two-dimensional

antigenic space. The Euclidean distance between two viruses in this space approximates their antigenic sim-

ilarity, that is, the degree of immune cross-reactivity between them, with smaller distances corresponding

to greater cross-reactivity. Mutations to the virus move it in this space. Individual hosts maintain immune

memory as a collection of antigenic coordinates from previous infections. When an infected host comes

in contact with a susceptible host, the minimum Euclidean distance in antigenic space between the virus

from the infected host and viruses from the susceptible host’s immune memory determines the infection

risk, with smaller distances conferring greater protection. Selection to escape immune memories in the host

population drives viral antigenic evolution. However, viruses in antigen are not associated with genetic

sequences as they exist only as points in antigenic space.

In antigen-prime, we updated the virus object to include not only the virus’s coordinates in anti-

genic space, but also a nucleotide sequence of a protein-coding gene (Figure 4.1A). Simulations initialize

with a single virus with a defined sequence, and this sequence evolves as the virus replicates and spreads in
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set to match empirical observations in influenza [98, 99]). Specifically, mutation events randomly select a

nucleotide site and assign a new nucleotide by drawing from the K80-model probability distribution. We

model purifying selection by rejecting a subset of mutations based on their properties. Mutations that intro-

duce stop codons are rejected. Nonsynonymous mutations are probabilistically either accepted or rejected

according to a user-defined “acceptance rate”, with separate acceptance rates for epitope and non-epitope

sites. In this chapter, we use acceptance rates of 0.75 and 0.2 at epitope and non-epitope sites, respectively,

which we tuned to reproduce empirical H3N2 mutation statistics [100]. The higher acceptance rate at epi-

tope sites reflects their greater tolerance of amino-acid change, consistent with positive selection for immune

escape, whereas the lower rate at non-epitope sites reflects stronger purifying selection, as mutations there

more often disrupt hemagglutinin function.

The antigenic effect of a nucleotide mutation depends on if and how it changes the protein sequence

(Figure 4.1B). Synonymous mutations do not alter the virus’s antigenic coordinates. Nonsynonymous mu-

tations at epitope sites cause large movements in antigenic space with step sizes drawn from a gamma

distribution with mean 0.6 antigenic units (analogous to the original antigen). Nonsynonymous muta-

tions at non-epitope sites cause very small movements with step sizes drawn from a gamma distribution

with mean 1× 10−5 antigenic units. The direction of movement (θ) is random for both types of mutations.

Thus, in antigen-prime, antigenic evolution is mostly driven by nonsynonymous mutations at epitope

sites, while other mutations accumulate with little-to-no antigenic impact. Because the step direction is

drawn independently for each mutation event, the same epitope substitution arising in different sequence

backgrounds generally produces different antigenic displacements rather than a single, convergent antigenic

effect, a design choice inherited from the original antigen [94]. antigen-prime also optionally sup-

ports fixed, pre-defined antigenic vectors for specific amino-acid changes, which would instead make a given

substitution produce a consistent antigenic displacement. However, constraining mutations to fixed vectors

reduces the diversity and variance of antigenic coordinates across the viral population, so we disabled this

feature for our long-term simulation and note that it may be better suited to shorter-term simulations. Con-

sequently, data generated under the random-direction model are best suited for benchmarking methods that

do not rely on convergent antigenic evolution.

In summary, the main difference between antigen and antigen-prime is that virus objects in

57



antigen-prime have sequences. In antigen, mutation events directly result in changes to the virus

object’s location in antigenic space. In antigen-prime, mutation events first act on the virus’s sequence,

which in turn can result in changes to the virus’s location in antigenic space. Other aspects of the simulator

are the same, including antigenic selection on viruses to escape immune memory in the host population.

Related to antigenic selection, we have also updated antigen-prime to record population immunity

over time. This feature enables benchmarking of variant-assignment methods by providing explicit fitness

values for viruses. Every t days, the simulator samples n hosts and records the centroid of the most recent

entry in each host’s immune history, representing the average antigenic profile of recent infections. These

immunity centroids enable fitness calculation for sampled viruses by computing infection risk based on the

host centroid values at that time.

4.2.2 Simulating long-term influenza evolution using antigen-prime

We used antigen-prime to simulate 30 years of H3N2 seasonal influenza evolution. We initialized

simulations with the full-length HA sequence from A/Beijing/32/1992. Each simulation comprised three

geographical demes: the Northern hemisphere, Southern hemisphere, and tropics, each with 30 million

hosts. We ran 30 parallel replicate simulations to quantify variability in outcomes.

As with the original antigen, antigen-prime simulations reproduced influenza-like phylogenetic

structure and rates of antigenic evolution. In natural H3N2 evolution, the average time between two con-

temporaneous sequences and their most recent common ancestor is expected to be ∼3.22 years [101], re-

flecting influenza’s spindly phylogenetic structure. The average rate of antigenic change is expected to be

∼1.6 antigenic units per year, as quantified using experimental data from hemagglutination-inhibition as-

says [51, 102]. Many antigen-prime simulations resulted in values close to these numbers (Figure B.1).

antigen-prime simulations also reproduced influenza-like mutational patterns. As an empirical

reference, we considered a phylogenetic tree that Huddleston et al. made using seasonal H3N2 influenza

HA sequences collected over 25 years [100]. For this tree, and for each of our simulated trees, we counted

the number of epitope and non-epitope mutations observed along the branches of the tree, separately doing

so for trunk branches and side branches, and using the set of epitope sites from Luksza and Lässig [87].

Many of the simulated trees had counts similar to the empirical tree (Figure B.2). Table 4.1 shows counts
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Mutation Characteristic Empirical Value Scaled Value Simulation Value

(25 years) (30 years) (30 years)

Trunk Mutations

Epitope mutations 50 60 66
Non-epitope mutations 32 38 49
Ratio (epitope:non-epitope) 1.56 1.56 1.35
Side Branch Mutations

Epitope mutations 485 582 1254
Non-epitope mutations 1177 1412 3294
Ratio (epitope:non-epitope) 0.41 0.41 0.38

Table 4.1: Comparison of mutation patterns between an empirical phylogeny and the simulated phylogeny
used for downstream analysis. The table shows counts of mutations occurring in epitope and non-epitope re-
gions along the trunk vs. side branches. Empirical values are derived from 25 years of H3N2 HA sequences
from Huddleston et al. [100], with trunk and side branch annotations following the methodology of Bedford
et al. [103]. Scaled values extrapolate empirical counts to 30 years (×1.2) for comparison with simulation
values. Simulation values are from a 30 year simulation.

for a single simulation that reproduced realistic influenza-like dynamics in terms of mutational patterns,

phylogenetic structure, and antigenic movement, and which we describe below in more detail. On the

trunk, the simulated and empirical trees have similar mutation counts, and similar ratios in counts between

epitope and non-epitope mutations. On side branches, the mutation counts are substantially higher for the

simulated tree because this tree has substantially more sequences (this high sampling density was useful

for downstream benchmarking purposes). However, the ratio of counts between epitope and non-epitope

mutations, which is not sensitive to sampling density, is similar between the simulated and empirical trees.

Given the complexity of natural influenza evolution and the simplifying assumptions in our model, we expect

approximate rather than precise agreement with empirical values.

In the following sections, we use the simulation characterized in Table 4.1 to benchmark methods for

analyzing influenza sequences. This simulation reproduced various aspects of influenza evolution. A phy-

logenetic tree of viruses sampled from this simulation exhibits a characteristic ladder-like structure (Fig-

ure 4.2A). Case counts across the three demes display realistic seasonal patterns, with Northern and Southern

demes exhibiting opposite seasonal peaks and the tropics showing more constant transmission (Figure 4.2B).

The distribution of sampled viruses in antigenic space reveals distinct antigenic clusters that show sustained

antigenic evolution over time (Figure 4.2C). Epitope mutations accumulate approximately linearly over

time, beginning from the roughly 10 mutations carried over from the discarded 10-year burn-in period (Fig-

ure 4.2D). Global variant frequency dynamics show sequential variant emergence-and-replacement patterns
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observed in the original antigen [94] (Figure 4.2E). Panels A, B, C, and E confirm that antigen-prime

recapitulates antigenic and epidemiological dynamics already demonstrated by the original antigen [94],

whereas panel D reflects a capability unique to antigen-prime: epitope mutations accumulating at a

measurable rate that is tied to the underlying genetic sequence evolution.

4.2.3 Benchmarking variant-assignment methods

We sought to use the above antigen-prime simulation to benchmark methods for grouping viral genetic

sequences into variants with similar antigenicity, with the simulation providing ground-truth coordinates

of each virus in antigenic space. We evaluated three methods. The first method uses k-means clustering of

viruses by their ground-truth antigenic coordinates, providing a baseline for comparison. The second method

uses Neher’s clade suggestion algorithm [84] to cluster viruses based on a phylogenetic tree built from their

sequences. This approach defines variants by considering tree topology, overall genetic divergence, and

amino acid changes at epitope sites, and has been applied in efforts to guide seasonal influenza vaccine

composition [86]. We parameterized this method using the same set of 49 epitope sites that we used in

the simulation. The third method uses pathogen-embed [85] to compute pairwise Hamming distances

between viral sequences, then use those data to project sequences into a low-dimensional space using t-SNE,

and cluster sequences in that space using k-means. We configured the antigenic and sequence-based methods

to produce 30 variants, and the phylogenetic method to produce approximately 30 variants (resulting in

31) for comparison. When visualized in antigenic space, all three methods create largely distinct clusters

(Figure 4.3A-C), even though the latter two approaches use only genetic data. As expected, the first approach

results in strictly non-overlapping clusters. The latter two approaches result in clusters that are mostly

separated, but have some overlap, reflecting the inherent difficulty in cleanly resolving antigenic boundaries

from genetic data alone.

We quantified method performance using the following three metrics. First, we quantified the number

of circulating variants per year. We tuned each method to produce approximately three per year to reflect

real-world influenza dynamics [86]. Each method resulted in similar traces of this quantity over time (Fig-

ure 4.3D).

Second, we quantified the variance in antigenic fitness among viruses assigned to a given variant (Fig-
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ure 4.3E). Specifically, for each year, we used the annual host population immunity centroid from that year

to calculate the fitness of each sampled virus from the entire simulation, where fitness represents infection

risk and is a function of the distance between a virus and the immunity centroid in antigenic space. For

each variant, we then computed the variance in these fitness values among viruses assigned to that variant,

and then averaged these variances across all variants. The blue line from Figure 4.3E shows the perfor-

mance of the first variant-assignment method, which clusters viruses by their ground-truth coordinates in

antigenic space, and which we use as a baseline for evaluating the other two methods. The blue line is

close to zero for all years, indicating low variance in fitness values and thus high performance. The other

two methods also result in low variance (see the orange and green lines), as expected from their ability

to effectively cluster viruses in antigenic space (Figure 4.3B/C). However, the variance of these methods

is ∼3-10-fold higher than the blue baseline, reflecting the observation that there is some overlap between

clusters. The sequence-based method shows consistently lower variance, and thus higher performance, than

the phylogenetic method.

Third, we quantified the extent that the sequence- and phylogenetics-based assignments agreed with

the ground-truth assignments from k-means clustering in antigenic space (Figure 4.3F,G). We quantified

agreement using the normalized information distance (NID) [104]; a distance metric ranging from 0 to 1

where lower values indicate more agreement between two variant assignments and higher values indicate

less agreement. Both the sequence-based and phylogenetic-based methods resulted in assignments with high

overlap with ground-truth assignments, with the former method showing better overlap (NID = 0.226) than

the latter (NID = 0.322).

Overall, this benchmark indicates that both the sequence-based and phylogenetic-based variant-assignment

methods are effective at grouping viruses into antigenically similar variants, with the former method showing

higher performance. The success of these approaches also helps validate that antigen-prime success-

fully implements the fundamental coupling between genetic sequences and antigenic phenotypes that drives

influenza evolution.
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4.2.4 Benchmarking methods for inferring variant-specific growth rates

Next, we sought to use the simulated data to benchmark the ability of models to infer variant-specific growth

rates. Natural data on SARS-CoV-2 has been used to benchmark the ability of MLR models to perform this

task [105]. But, previous studies have not benchmarked the more sophisticated FGA and GARW models.

To derive ground-truth growth rates from the simulated data, we divided the 30 years of data into over-

lapping one-year windows staggered every six months, capturing influenza seasons in both Northern and

Southern demes. We further divided the simulated data by North, South, and Tropics demes. Then, for each

window from each deme, we computed variant-specific frequencies and growth rates in weekly time bins,

using variant assignments from k-means clustering of viruses in antigenic space. Specifically, we defined

the empirical growth rate of variant v as the per-bin change in its log incidence,

rv(t, d) =
log Iv(t, d)− log Iv(t−∆, d)

∆
, (4.1)

where Iv(t, d) = fv(t, d)C(t, d) is the incidence of variant v in deme d, given by the product of its frequency

fv(t, d) and the total case counts C(t, d), and ∆ is the spacing between time bins in days. Because this

growth rate reflects the change in absolute variant incidence rather than relative frequency, a variant can

have a negative growth rate while still increasing in relative frequency, as occurs when overall incidence

declines during a seasonal trough but the variant declines more slowly than its competitors. We omitted

some variants at some time points due to insufficient case or sequence count data to accurately derive growth

rates.

We then tested the ability of the FGA and GARW models from evofr to recover these growth rates.

We separately fit each model to each window of data from each deme. As input, the models take the

total number of reported cases amongst the host population and the observed counts for each variant in the

sampled viral population. They then use a Bayesian approach to estimate probability distributions of variant-

specific growth rates and frequencies over time. To analyze model predictions, we sampled 500 times from

the inferred posterior distributions for variant growth rates and report the median values and 95 % highest

posterior density (HPD) intervals. For each analysis window, we then calculated the mean absolute error

(MAE) between predicted and ground-truth growth rates.
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Below, we mostly focus on results from the GARW model as it allows growth advantages to vary

smoothly over time, accommodating situations where the fixed-advantage assumption made in the FGA

model may break down: for instance, due to shifting population immunity or cross-immunity between

variants [91]. Results for the simpler FGA model show comparable performance and are available in the

supplement (Figure B.3, Figure B.4).

The performance of the GARW model varied across analysis windows. For many windows, the MAE

values are low near zero, indicating accurate growth-rate predictions (Figure 4.4). Figure 4.4B provides a

detailed view of one such window, which shows good agreement between variant-specific frequencies and

growth rates inferred by the model (see the lines) and those directly derived from the simulated data (see the

circles).

However, for several other windows, the MAE values are substantially higher, pointing to inaccurate

growth-rate predictions. Examining these windows revealed a failure mode that has not been documented

in previous studies. Figure 4.4C-E provides three examples of this failure mode. In each case, there is

one variant that initially predominates and then begins to decline in frequency as one or two low-frequency

variants start increasing in frequency. The model accurately predicts the frequency trajectory of each variant.

However, in many weekly time bins, the model does not accurately predict variant-specific growth rates,

especially in bins near the middle or end of the window when the initial predominant variant begins to

substantially decline in frequency. Often, the prediction error is larger than the estimated model uncertainty

(observed growth rates fall outside the HPD interval). Strikingly, there are multiple examples where the

predicted and observed growth rates have opposing signs, like in Figure 4.4D where the pink variant is

predicted to have a positive growth rate in several time bins where it actually has a negative growth rate,

or in Figure 4.4C where the opposite is true for the purple and red variants. In general, in time bins with

enough data to quantify growth rates for multiple variants, when the predicted growth rate is inaccurate for

one variant, it tends to be inaccurate for the other variants by roughly the same amount and in roughly the

same direction, indicating systematic bias. This bias may stem from an underlying assumption in both the

GARW and FGA models that variant-specific growth rates tend to change in a concerted manner.

In all, this benchmark indicates that the GARW and FGA models are largely effective at predicting

variant-specific growth rates from the simulated data. However, it also revealed potential problems with
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these models that motivate additional investigation.

4.3 Discussion

We have presented antigen-prime, a simulator that jointly models the genetic and antigenic evolution

of viruses under selection from host population immunity. We showed that antigen-prime can be used

to simulate H3N2 seasonal influenza-like dynamics over long timescales. The dynamics are influenza-

like in terms of their phylogenetic structure, antigenic evolution, and sequence-level mutation patterns,

with mutations at epitope sites driving antigenic change. We then used the simulated data to benchmark

computational methods that are currently used to interpret influenza surveillance data, and have relevance

for public-health decision-making.

Our work helps address a fundamental challenge in evaluating these computational methods: the lack

of ground-truth data in natural viral populations makes it difficult to assess whether the methods accurately

capture the biological processes they aim to model. Simulated data with known ground-truth values can be

used to benchmark methods. But, the field lacks simulators of pathogen evolution that model both genetic

and antigenic evolution under selection from host population immunity. antigen-prime fills the gap,

enabling benchmarking of the methods we analyzed in this chapter.

The benchmarking results update our understanding of the efficacy of these methods. The benchmark

on variant assignment showed that both the sequence-based and phylogenetic-based methods were effective

at grouping viruses with similar antigenic properties even without explicit access to fitness or antigenic

information. Interestingly, the sequence-based approach performed better than the phylogenetic one. The

reason for this is not immediately evident to us, and could warrant future exploration. Future work could

also benchmark variant assignment over shorter evolutionary time scales relevant for interpreting real-time

influenza evolution. We note that performance on this benchmark is probably higher than expected for

natural viral populations, since predicting phenotype from genotype is more challenging in nature due to

factors not captured in antigen-prime, such epistasis between mutations and variable immunity in the

host population.

The benchmark on growth-rate inference showed that the GARW and FGA methods performed well in

most time windows, but also revealed windows where model predictions dramatically differed from ground-
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truth. While the GARW method is conceptually more flexible, this additional flexibility did not provide

substantial advantages over the simpler FGA method in our benchmark. Investigating low-performance

windows identified a previously undocumented failure mode. Thus, these results helped identify limitations

to these methods, and could be used to help guide future method development. We focused this benchmark

on the FGA and GARW models because they infer growth rates from variant frequencies together with case

counts, the same quantities from which we derive our ground-truth growth rates, and because they reflect

approaches currently used in influenza surveillance. We did not directly benchmark the fitness model of

Luksza and Lässig [87], despite its conceptual influence on antigen-prime, because that model predicts

clade frequencies from a sequence-based fitness function rather than consuming case counts; adapting it to

recover the case-count-based growth rates evaluated here would require re-deriving the model, which we

leave to future work. In the future, antigen-prime simulated data could also be used to benchmark

the ability of methods to forecast influenza evolution, which is also highly relevant to developing effective

vaccines.

Despite capturing many features of viral evolution under immune selection, antigen-prime makes

several simplifying assumptions that limit its biological realism. The fitness of simulated viruses is de-

termined solely by their antigenic phenotype. However, other models of influenza evolution also model

potential fitness costs of mutations at non-epitope sites [87], where mutations can disrupt HA’s ability to

mediate viral entry. Additionally, the model maintains static epitope sites throughout the simulation, and

employs a simple mutation model without epistatic interactions. The antigenic space itself is also a simplifi-

cation. We represent antigenic phenotype in two dimensions, following the antigenic cartography of Smith

et al. [51], which showed that influenza antigenic relationships are largely captured in two dimensions;

higher-dimensional representations that might capture finer antigenic structure are a direction for future

work. Furthermore, because antigenic relationships are measured as Euclidean distances, cross-reactivity in

our model is necessarily symmetric, so that immunity to one virus protects against a second exactly as much

as the converse; cross-reactivity measured in nature, for example by hemagglutination-inhibition assays, is

often asymmetric. Relaxing this symmetry assumption is another avenue for future work.

Our representation of host immunity is similarly simplified. Each host’s immunity is a set of discrete

antigenic coordinates recorded from its prior infections, and susceptibility to a new virus is governed by the
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single nearest prior infection (the minimum antigenic distance; Equation 4.2), rather than by the cumulative,

broadly cross-reactive antibody landscapes that characterize real influenza immunity [106, 107]. Hosts retain

all prior infections indefinitely, so the model does not represent waning of immunity, and it likewise omits

immune imprinting, whereby a host’s first childhood exposure shapes subsequent responses and creates

systematic differences across birth cohorts [108, 109, 110, 111], as well as vaccination, which is a dominant

driver of population immunity in the settings the benchmarked methods target. These simplifications are

inherited from the antigen framework [94] as a deliberate tradeoff toward tractability. Together with the

antigenic-space assumptions above, they likely make the simulated immunity landscape smoother and more

predictable than its natural counterpart, so the benchmarking results reported here are best interpreted as

performance bounds under a simplified immunity landscape rather than as estimates of performance on real

surveillance data. Incorporating waning, vaccination, and imprinting is a goal of future work.

In all, antigen-prime provides a powerful framework for simulating seasonal influenza evolution,

enabling researchers to benchmark and guide development of methods for interpreting influenza surveillance

data. In the future, antigen-prime could be tuned to simulate evolutionary dynamics of other viruses,

helping to benchmark methods for a variety of pathogens related to human health.

4.4 Methods

4.4.1 Data and code availability

The antigen-prime simulator source code is available at https://github.com/matsengrp/

antigen-prime. Analysis scripts, simulation outputs, and code to generate all figures are available at

https://github.com/matsengrp/antigen-forecasting.

4.4.2 Publication and acknowledgments

The material in this chapter is pending review at Virus Evolution [112]. Thien Tran contributed to updating

the Java software. John Huddleston, Marlin Figgins, and Hugh Haddox provided useful discussions of

forecasting models and variant assignment methods.
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4.4.3 Implementation of antigen-prime

antigen-prime is implemented as a Java program forked from the original antigen simulator [94].

The software is compiled using Maven and requires Java 11 or higher, with dependencies specified in the

project’s pom.xml file. The complete source code is available at https://github.com/matsengrp/

antigen-prime.

Two major extensions distinguish antigen-prime from the original simulator: (1) explicit genetic

sequence evolution with site-specific mutation effects on antigenic movement, and (2) periodic sampling of

host population immunity to enable fitness calculations for downstream analysis.

The core simulation algorithm follows the discrete-event SIR (Susceptible-Infected-Recovered) frame-

work described in Bedford et al. [94], with key extensions to couple genetic and antigenic evolution. The

simulation proceeds through discrete time steps, modeling viral transmission dynamics across structured

host populations (demes) while tracking both genetic sequences and antigenic coordinates for each virus.

At each time step, the algorithm processes infection events based on host susceptibility and viral fitness, ap-

plies stochastic mutations to viral genomes according to the K80 model, updates antigenic coordinates based

on mutation type and location, and samples host immunity profiles periodically to calculate population-level

immunity centroids.

The risk that host h is infected upon contact with virus v is a piecewise-linear function of d⋆v,h, the min-

imum Euclidean antigenic distance between v and the antigenic coordinates stored in h’s immune memory:

ROIh,v(t, d) = min
(

1, max
(

1− ω, s d⋆v,h
))

, (4.2)

where s is the slope converting antigenic distance into infection risk (the smithConversion parameter)

and ω is the immunity conferred by an antigenically identical prior infection (the homologousImmunity

parameter). A host with no relevant prior immunity (large d⋆v,h) is therefore fully susceptible (ROIh,v = 1),

whereas a host previously infected by an antigenically identical virus retains a residual infection risk of

1− ω. We used s = 0.07 and ω = 0.95, matching the original antigen model [94].

In this chapter, we use an overall viral mutation rate of µ = 10−3 mutations per virus per day. Epitope

sites comprise ∼9% of the sequence (49/566 sites) and have an acceptance rate of 0.75, resulting in an
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effective mutation rate of µ× 0.065 mutations per virus per day at epitope sites. Non-epitope sites comprise

the remaining ∼91% of the sequence and have a lower acceptance rate of 0.2, reflecting greater purifying

selection at these sites, resulting in an effective rate of µ×0.183 mutations per virus per day. We tuned these

acceptance rates to reproduce mutational patterns observed in seasonal influenza in nature (Figure B.2).

4.4.4 Simulation parameterization and host population immunity sampling

We simulated 40 years of influenza evolution across three demes, and discarded the first 10 years as burn-

in. We parameterized mutation step-size distributions to reflect the differential antigenic impact of epitope

versus non-epitope mutations. Non-epitope sites used rne ∼ Gamma(α = 1, β = 0.0001) while epitope

sites used re ∼ Gamma(α = 2.25, β = 0.267). All mutations received a step direction θ ∼ Uniform(0, 2π).

We sampled 150,000 viruses over the course of the simulation, proportionally by prevalence across

demes and time, yielding approximately 4,400 unique nucleotide sequences to provide adequate count data

for downstream growth-rate inference. To track population-immunity dynamics, we calculated and saved

the antigenic centroid from the most recent infection stored in the immune memories of 10,000 hosts from

each deme every 365 days. The host population immunity centroid at time t is calculated as:

Ht =
1

|H|

∑

h∈H

(ag∗
1
, ag∗

2
)h (4.3)

where H is the set of all sampled hosts across demes, |H| is the total number of hosts sampled, and

(ag∗
1
, ag∗

2
)h represents the two-dimensional antigenic coordinates of the most recent infection for host h.

This centroid represents the average antigenic position of the host population’s immunity at time t and is

used to calculate virus fitness values in the downstream variant assignment benchmark.

4.4.5 Simulation selection for benchmarking applications

We applied three criteria for selecting simulations suitable for benchmarking: (1) realistic epidemiological

dynamics with seasonal epidemic patterns in the temperate demes and year-round transmission in the tropics,

(2) summary statistics matching empirical A/H3N2 HA genetic and antigenic evolution, and (3) sufficient

viral diversity for robust benchmarking of methods for variant assignment and growth-rate inference.
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To achieve the first criterion, we maintained the same antigenic and epidemiological parameter values

from the original antigen paper by Bedford et al. [94]. We also set the overall mutation rate to µ = 10−3

mutation events per individual per day. For the second criterion, we ran 120 total simulations with four

different parameter configurations for epitope and non-epitope mutation acceptance rates (epitope: 0.75

or 1.0; non-epitope: 0.1 or 0.2), using 30 replicates for each configuration. All 120 simulations ran to

completion without viral population extinction (Figure B.1, Figure B.2).

We define the mean pairwise genealogical diversity πG as the average total branch length between ran-

domly sampled virus pairs:

πG =
1

n

n
∑

i=1

[

(tvi
A

− tMRCAi) + (tvi
B

− tMRCAi)
]

(4.4)

where n is the number of sampled pairs, tv is the birth time of virus v, and tMRCA is the birth time of the

most recent common ancestor for each pair. We then applied a filtering criterion to focus on “flu-like” sim-

ulations: πG ≤ 9.0 years. This filtering reduced the dataset from 120 to 83 qualifying simulations. For

downstream variant assignment and growth rate inference benchmarking, we selected a single simulation

with epitope acceptance rate of 0.75 and non-epitope acceptance rate of 0.2. This simulation had a sim-

ulated πG of 3.6 years and TMRCA of 3.4 years, and average antigenic movement of 1.6 units per year,

closely matching empirical observations. The mutation summary statistics reported in Table 4.1 represent

this selected simulation. Final selection involved confirming that phylogenetic trees and antigenic space

distributions exhibited realistic influenza-like dynamics by visual inspection. Phylogenetic trees were in-

spected to ensure they displayed ladder-like structures, and case count dynamics were examined to confirm

seasonal epidemic patterns in temperate demes and year-round transmission in the tropics.

4.4.6 Variant assignment for antigen-prime simulations

Three variant-assignment methods were applied to the 5,900 unique sequences: antigenic clustering (ground

truth), sequence-based clustering, and phylogenetic variant assignment. Antigenic variants were defined by

k-means clustering (k = 30) on two-dimensional antigenic coordinates. Sequence-based variants were

assigned using pathogen-embed [85]: (1) sequence alignment with MAFFT via augur align, (2)

pairwise Hamming distance calculation, (3) t-SNE embedding in 2D space, and (4) k-means clustering
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(k = 30) on embeddings. The k = 30 parameter for both methods reflects empirical influenza dynamics of

approximately three variants per year over the 30 year simulation.

Phylogenetic variants were assigned using the Neher clade assignment algorithm [84] following phy-

logeny reconstruction and ancestral inference. The algorithm was configured to use the same epitope sites

defined by Luksza and Lässig [87] that are used in the antigen-prime simulation. Phylogeny inference

used IQ-TREE via augur tree with augur refine refinement. Ancestral reconstruction applied

augur ancestral and augur translate with default parameters. Clade assignment used param-

eters: bushiness branch scale 1.0, divergence scale 2.0, branch length scale 2.0, minimum clade size 22

sequences, targeting approximately 30 variants (resulting in 31). All variant assignments were re-labeled

chronologically by average birth date of constituent viruses.

Within-variant fitness variance was calculated to evaluate how well each method grouped viruses with

similar fitness. We computed fitness for all viruses annually using the host population immunity centroid

(Equation 4.3), then calculated average within-variant fitness variance for each assignment method.

WSS(t) =
1

|V |

∑

v∈V

Var(ωt,v) (4.5)

where V is the set of all variants assigned by a method, |V | is the total number of variants, and ωt,v represents

the fitness values of all viruses in variant v at time t.

Agreement between variant assignments was quantified using the normalized information distance (NID) [104]:

NID(X,Y ) = 1−
I(X,Y )

H(X,Y )
(4.6)

where I(X,Y ) is the mutual information between assignments X and Y , and H(X,Y ) is their joint entropy.

NID ranges from 0 (identical assignments) to 1 (completely independent assignments).

4.4.7 Inferring variant growth rates with evofr forecasting models

We implemented two forecasting models from the evofr [91] framework to infer variant growth rates from

simulated surveillance data. The Fixed Growth Advantage (FGA) model implements a renewal equation

approach where each variant has a fixed multiplicative growth factor, while the Growth Advantage Random
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Walk (GARW) model allows variant growth advantages to vary smoothly over time using a random walk

prior.

Data preparation involved extracting weekly variant-specific sequence counts and case counts from sim-

ulation outputs for each analysis timepoint. Data were separated by deme with analysis dates representing

both in-season and out-of-season periods across different epidemic contexts. The retrospective observation

window was limited to 365 days from each analysis date.

Model fitting used the evofr software package for both FGA and GARW models. Model-specific hy-

perparameters were initialized with spline basis functions of order 4 with 10 knots to model time-varying

parameters. Generation time and reporting delay distributions were defined for the renewal equation mod-

els, with generation times parameterized as gamma distributions: g(τ) ∼ Gamma(mean = 3.0, std = 1.2).

Sequence count data used Dirichlet-Multinomial likelihood with concentration parameter 100, while case

count data used Negative Binomial likelihood with dispersion parameter 0.05. Variational inference ap-

proximated posterior distributions of model parameters using full-rank variational inference with 50,000

iterations and learning rate of 0.01, generating 500 posterior samples per model. We focused on the inferred

variant growth rates in this work.

4.4.8 Benchmarking growth rate inference performance

Empirical growth rates (rdata,v) were calculated from simulated surveillance data using spline-based smooth-

ing to reduce noise. For each variant v and location d, sequence data processing used univariate spline

interpolation by log-transforming sequence counts to handle data skew and stabilize variance, applying a

cubic univariate spline (degree k = 3) with smoothing factor s = 1.0 to the log-transformed data, then

transforming the smoothed values back to the original scale.

After obtaining smoothed sequence counts, we calculated variant-specific incidence by multiplying total

case counts by variant frequencies, then computed empirical growth rates as the change in log-transformed

variant incidence over time:

rdata,v(ti) =
ln(Cd(ti) · fv,d(ti))− ln(Cd(ti−1) · fv,d(ti−1))

∆t
(4.7)

where Cd(ti) represents the total case counts in location d at time ti, fv,d(ti) represents the smoothed
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frequency of variant v in location d at time ti, and ∆t is the time difference between observations. This ap-

proach scales the total disease burden by variant-specific frequencies, providing a representation of variant-

specific growth rates.

Data filtering ensured reliable growth-rate estimates by excluding time points with smoothed sequence

counts below 10 sequences (due to high sampling variance), variant frequencies below 1% of the total

population (to avoid stochastic effects in rare variants), and variant incidence below 50 cases on any given

day (to ensure sufficient case data). We required a minimum of 3 consecutive valid time points for a variant

to be included in the growth-rate benchmarking analysis.

Performance on growth-rate inference was evaluated using mean absolute error (MAE) between the

medians of the inferred growth rate posteriors (rmodel,v) and empirical (rdata,v) growth rates for each variant:

MAEv =
1

n

n
∑

i=1

|rdata,v(ti)− rmodel,v(ti)| (4.8)

where n is the number of time points for variant v. We report log(MAE) for each variant to facilitate

comparison across the small error ranges typically observed. The identification of analysis windows with

unforeseen pathologies was done by tediously looking at many analysis windows with exceptionally high

errors. Complete results, including detailed performance metrics for all analysis windows, are available at

https://github.com/matsengrp/antigen-forecasting/notebooks/.
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Chapter 5

Conclusion

This dissertation presents three computational tools for studying the molecular and antigenic evolution of

rapidly evolving viruses like influenza and SARS-CoV-2. A primary motivation for this work was to de-

velop methods for analyzing data produced by relatively new experimental techniques such as deep muta-

tional scanning of viral proteins and for benchmarking computational methods used in viral surveillance and

forecasting. These tools leverage domain knowledge from protein biophysics, immunology, and epidemi-

ology alongside modern machine learning methods to model complex genotype-phenotype relationships

while maintaining biological interpretability. They enable flexible yet rigorous analysis of high-throughput

experimental data and provide a framework for evaluating methods that inform public health decisions.

All three tools are implemented as open-source software packages with documentation and tutorials to

facilitate adoption by the research community. Beyond the specific applications presented here, each tool

is designed to be flexible enough for broader use. torchdms provides a general framework for inferring

genotype-phenotype maps from deep mutational scanning data and can be applied to any protein system

where multi-mutant DMS data are available, not only viral proteins. polyclonal can model antibody

escape for any viral surface protein given appropriate deep mutational scanning measurements, and has

already been applied to study immune escape in both SARS-CoV-2 and influenza. antigen-prime is

parameterizable for different pathogens and could be tuned to simulate the evolutionary dynamics of other

antigenically variable viruses such as RSV or seasonal coronaviruses, enabling benchmarking of surveil-

lance methods across diverse epidemiological contexts.
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The global epistasis framework underlying torchdms assumes that mutations combine additively be-

fore nonlinear transformation, which may not hold for proteins with strong pairwise or higher-order epistatic

interactions. Prediction accuracy also degrades for variants with many more mutations than those in the

training data, reflecting the inherent challenge of extrapolating beyond the observed sequence space. Ad-

ditionally, all models struggle to capture sharp transitions between functional and non-functional proteins

and the boundary between folded and unfolded states proves difficult to predict on the RBD data used.

The current implementation also lacks an explicit noise model, forgoing decomposition of variance into

measurement error versus biological variability and preventing proper uncertainty quantification. Future

extensions could incorporate measurement error models to enable prediction intervals, as in MAVE-NN. The

related multidms package already addresses one limitation by enabling inference of mutational effects

across DMS libraries constructed on different wildtype backgrounds.

The polyclonal model makes several simplifying assumptions about antibody-antigen interactions.

It groups antibodies into discrete epitopes, but in reality two antibodies targeting similar regions may be

escaped by slightly different mutations, and some antibodies bind idiosyncratic regions outside or between

major epitopes. The model also assumes that antibody binding at one epitope does not influence binding

at other epitopes, and that escape can be modeled for a single idealized antigen rather than accounting

for the multiple antigens decorating each virion. Furthermore, the number of epitopes must be specified

a priori, though the true number is often unknown in practice. These assumptions are expected to hold

reasonably well for variants with modest numbers of mutations, but predictions may become less accurate

for highly mutated variants. Mutations to subdominant epitopes also proved difficult to characterize: their

effects on overall escape are masked when immunodominant epitopes remain intact. Despite these limita-

tions, polyclonal has already been applied to study immune escape in both SARS-CoV-2 and influenza,

demonstrating how biophysically motivated models can translate high-throughput deep mutational scanning

data into predictions relevant for viral surveillance and vaccine design.

antigen-prime makes several simplifying assumptions to enable tractable simulation of viral evolu-

tion over epidemiological timescales. The fitness of simulated viruses is determined solely by their antigenic

phenotype, which is primarily driven by mutations made at epitope sites, omitting potential fitness costs of

mutations at non-epitope sites that may constrain evolutionary trajectories in nature. The model also main-
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tains static epitope sites throughout the simulation and employs a simple mutation model without epistatic

interactions between sites. As a result, model and method performance on our benchmarks are likely higher

than would be expected for a natural viral population, where predicting phenotype from genotype is com-

plicated by things like epistasis and variable immunity in the host population. However, our benchmarks

also revealed a previously undocumented failure mode in growth rate inference models: when one variant

initially predominates then declines as low-frequency variants rise, the models accurately predict frequency

trajectories but fail to predict growth rates, often producing estimates with the opposite sign of the true

values. This systematic bias may stem from an underlying assumption that variant-specific growth rates

change in a concerted manner. Future work could use antigen-prime to benchmark methods over

shorter timescales more relevant to real-time surveillance, or to evaluate forecasting methods that predict

which variants will dominate in the future.

Together, these tools illustrate how computational methods that integrate domain knowledge with flexi-

ble statistical and machine learning frameworks can address questions about viral evolution spanning molec-

ular to population scales. The progression from modeling mutational effects on individual proteins, to

quantifying escape from polyclonal antibodies, to simulating viral evolution under population immunity re-

flects the multi-scale nature of viral antigenic evolution itself. By making these tools openly available and

documenting their limitations, we hope to contribute to the broader infrastructure for understanding and

responding to the evolution of viruses that threaten human health.
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Chapter A

Supplementary Material for torchdms

A.1 Conditional Dependencies and Parameter Interpretability

The cGGE and csGGE architectures both incorporate a skip connection from the fold latent phenotype

(ϕf ) to the binding nonlinearity (gb), encoding the biophysical prior that protein folding influences binding

capacity. However, these architectures differ in their training procedures, with important consequences for

parameter interpretability.

A.1.1 Skip Connections in cGGE

The cGGE architecture’s skip connection allows binding predictions to depend on folding, but joint training

may compromise interpretability. The binding nonlinearity receives two inputs:

ŷb = gb(ϕb(v), ϕf (v)), (A.1)

where ϕb(v) = β⊤
b xv and ϕf (v) = β⊤

f xv are the latent phenotypes computed from the binary encoding xv

of variant v. This skip connection allows the model to capture the dependency between folding and binding:

variants that fail to fold properly cannot bind effectively, regardless of mutations in the binding interface.

During joint training on both phenotypes, gradients from the binding loss Lb propagate through two

paths:

• Binding pathway: Lb → gb → ϕb → βb
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• Skip connection: Lb → gb → ϕf → βf

The second path means that βf is optimized not only to predict folding phenotypes but also to provide

information useful for binding prediction. This gradient interference can compromise the interpretability of

βf as a pure representation of mutational effects on folding.

A.1.2 Sequential Training in csGGE

The csGGE architecture addresses this interpretability concern through sequential training:

• Phase 1: Train the fold pathway (βf , gf ) on folding data alone.

• Phase 2: Freeze the fold pathway and train only the binding pathway (βb, gb) on binding data.

By freezing βf before introducing binding gradients, the fold coefficient matrix remains a pure repre-

sentation of mutational effects on protein stability. The skip connection still provides ϕf as input to gb,

preserving the biophysical dependency, but gradients cannot flow back to modify βf .

96



Chapter B

Supplementary Material for

antigen-prime
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