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Preface

An organism’s ability to reproduce across generations determines its
evolutionary success. This is called “fitness”, a quantitative measure of
reproductive success. Genotype (or phenotype) and the environment the
organism lives in shape its traits and functions that affect its fitness. To
illustrate how genetic and phenotypic differences affect fitness changes,
evolutionary biology often employs the concept of a fitness landscape. In
this metaphor, every possible genotype (or phenotype) corresponds to a
point in a multidimensional space, and each point is assigned a fitness
value. Plotting these values creates a landscape with peaks and valleys like
a mountain, where higher peaks represent genotype (or phenotype) with
greater fitness. In such a landscape, a population composed of multiple
organisms can evolve (seen as 'walks') and adapt (seen as 'climbs') toward

higher positions on the fitness surface.

Numerous studies across diverse fields have characterized fitness
landscapes in specific environments and identified their optima, exploring
how the peak can be reached through evolutionary dynamics. For example,
in evolutionary computation, an artificial agent learns to move forward and
backward in a planar environment by optimizing its body architecture.
Identifying a high-performing architecture involves searching the
parameter space that might govern joint angles or the number of limbs,
which process can be interpreted as exploring the fitness landscape.
Likewise in the virus, the viruses evolve and adapt their phenotypes
ranging from increased transmissibility against uninfected cells to evasion
of host immune responses. The fitness landscape defined by these
parameters can highlight accessible peaks for a viral population to persist

within a host and spread within a host population.

However, less effort has been devoted to how different environment



reshapes the optimal genotypic (or phenotypic) state of a focal organism.
The situation corresponds to an agent that encounters obstacles and needs
to re-construct the architecture to navigate around them, or to a virus that
prevails in a different host population. In addition, when one or more
environmental shifts occur during adaptive evolution, the location of the
optimum changes. As a result, the population experiences a decrease in
fitness and 1s forced to alter its adaptive trajectory, leading to a non-linear

evolutionary path.

This thesis aims to investigate how different environment shapes
distinct evolutionary consequences for populations, from theoretical
aspects focusing on two research areas (i.e., evolutionary computation and
virus evolution). Another critical objective is to examine how population
endure fitness declines due to environmental shift and how difficult it is for

the population to keep track of the moving optimum in a changing world.

The contents are summarized as follows.

Chapterl: Evolving neural networks through bio-inspired parent

selection in dynamic environments

Environmental variability often degrades the performance of algorithms
designed to capture the global convergence of a given search space. Several
approaches have been developed to challenge environmental uncertainty by
incorporating biologically inspired notions, focusing on crossover,
mutation, and selection. This study proposes a bio-inspired approach called
NEAT-HD, which focuses on parent selection based on genetic similarity.
The originality of the proposed approach rests on its use of a sigmoid
function to accelerate species formation and contribute to population
diversity. Experiments on two classic control tasks were performed to

demonstrate the performance of the proposed method. The results show



that NEAT-HD can dynamically adapt to its environment by forming hybrid
individuals originating from genetically distinct parents. Additionally, an
increase in diversity within the population was observed due to the
formation of hybrids and novel individuals, which has never been observed
before. Comparing two tasks, the characteristics of NEAT-HD were
improved by appropriately setting the algorithm to include the distribution
of genetic distance within the population. My key finding is the inherent
potential of newly formed individuals for robustness against dynamic

environments.

Chapter2: Contact-number-driven virus evolution: A multi-level
modeling framework for the evolution of acute or persistent RNA virus

infection

Viruses evolve in infected host populations, and host population dynamics
affect viral evolution. RNA viruses with a short duration of infection and a
high peak viral load, such as SARS-CoV-2, are maintained in human
populations. By contrast, RNA viruses characterized by a long infection
duration and a low peak viral load (e.g., borna disease virus) can be
maintained in nonhuman populations, and the process of the evolution of
persistent viruses has rarely been explored. Here, using a multi-level
modeling approach including both individual-level virus infection
dynamics and population-scale transmission, I considered virus evolution
based on the host environment, specifically, the effect of the contact history
of infected hosts. I found that, with a highly dense contact history, viruses
with a high virus production rate but low accuracy are likely to be optimal,
resulting in a short infectious period with a high peak viral load. In
contrast, with a low-density contact history, viral evolution is toward low
virus production but high accuracy, resulting in long infection durations

with low peak viral load. Our study sheds light on the origin of persistent



viruses and why acute viral infections but not persistent virus infection

tends to prevail in human society.

Chapter3: Isolation may select for earlier and higher peak viral load
but shorter duration in SARS-CoV-2 evolution

During the COVID-19 pandemic, human behavior change as a result of
nonpharmaceutical interventions such as isolation may have induced
directional selection for viral evolution. By combining previously
published empirical clinical data analysis and multi-level mathematical
modeling, I found that the SARS-CoV-2 variants selected for as the virus
evolved from the pre-Alpha to the Delta variant had earlier and higher peak
in viral load dynamics but a shorter duration of infection. Selection for
increased transmissibility shapes the viral load dynamics, and the isolation
measure 1is likely to be a driver of these evolutionary transitions. In
addition, I show that a decreased incubation period and an increased
proportion of asymptomatic infection are also positively selected for as
SARS-CoV-2 mutated to adapt to human behavior (i.e., Omicron variants).
The quantitative information and predictions I present here can guide future
responses in the potential arms race between pandemic interventions and

viral evolution.
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Chapterl

Evolving neural networks through bio-inspired parent

selection in dynamic environments

This study in this chapter was published in J. Sunagawa, R. Yamaguchi, S.
Nakaoka, “Evolving neural networks through bio-inspired parent selection

in dynamic environments.” Biosystems., 218:104686 (2022).



Introduction

Neuroevolution (NE) is an area of machine learning that develops
artificial neural networks (ANNs) using an evolutionary algorithm (EA) or
a similar bio-inspired stochastic search/optimization algorithm [1,2]. ANNs
originate from biological neural networks in the brain. They are generally
composed of interconnected neurons and weights to determine their
behavior. EAs evolve ANNSs to find suitable network parameters and
topology structures inspired by the principles of Darwinian evolution. The
concept of EA is to maintain a population of solution candidates through
the search space and process a stochastic search that has the advantage of
sampling many points simultaneously by selection, crossover, and
mutation. Thus, the population can avoid falling to the local optima,
leading to global optima. The potential of NE has been widely recognized
and applied in fields ranging from quantum physics [3] to video games [4]
and chemical reaction networks [5]; which are considered competitive with

deep learning [6].

One approach to gaining considerable attention in EA is the
neuroevolution of augmenting topologies (NEAT) algorithm [7]. NEAT
adopts a framework in which an ANN adapts to an environment by
evolution, owing to unique properties represented by “speciation”.
Speciation is an idea from biology that each ANN is regarded as an
individual in terms of genetic relationships. Genetically close individuals
(i.e., the same species) can cross over, while genetically distinct individuals
(i.e., different species) cannot. Speciation prevents the population from
losing innovative ANNs having near-global convergence in subsequent

generations.

In methods such as Genetic Algorithm (GA), speciation often

matches individuals to improve the performance of the algorithm. Various

10



selection rules have already been proposed for parent selection, such as
roulette wheel selection, tournament selection, and rank selection. These
well-known methods find parents with better fitness [8]. On the other hand,
in the field of natural ecology and evolution, various studies have argued
that the hybridization process between distinct individuals can significantly
affect the evolution of the population [9]. Empirical and theoretical studies
in biology have shown that hybridization between ecologically divergent
taxa results in a rise in genetic variation, allowing the hybrids to adapt to a
novel environment, thus forming a new species [10—12]. The introduction
of genetic relationships as a novel parent selection process would improve

the performance of GA.

In this work, we propose a new method called NEAT with
biological Hybridization for a Dynamic environment (NEAT-HD), which
extends NEAT by replacing the parent selection process of NEAT with a
bio-inspired operation based on the genetic distance. NEAT-HD allows the
population to crossover within a given species group and between
genetically distinct species. This property results in the emergence of a
hybrid individual, defined as offspring produced from parents of two
different species. Despite the low probability of emergence, we
demonstrate that a population including both interspecies and intraspecies
crossover effectively searches a search space in dynamic environments
where the solution changes over time. More specifically, we show that
NEAT-HD can achieve the suppression of considerable fitness reduction
and diversity preservation, referred to as fitness endurance contributed by

genetic diversity when the environment changes dynamically.

The remainder of this paper is organized as follows. Section 2
discusses previous studies on parent selection as a critical attribute of the
search for exploration and exploitation in GA and the NE methodology,

which includes parent selection and variability for dynamic environments.

11



In Section 3, we present and discuss the features of NEAT-HD. Section 4
explains our experimental methodology and our testing results and
discussion for a simple task. In addition, we examined the performance of
NEAT-HD against another more difficult task. Concluding remarks and

suggestions for future research are summarized in Section 5.
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Related works

Exploration and Exploitation in parent selection

To develop a successful algorithm, EAs, there is a need to address
the exploration and exploitation of a search space [13]. The former aims to
approach entirely new areas of search space to find better solutions. The
latter seeks to visit a search space of previously visited points to
sophisticate the solutions already found. As a rule of thumb, maintaining a
good ratio between exploration and exploitation is required to establish a
practical algorithm, that is, to control operators such as selection of
individuals that enable offspring, mutation, and crossover. Parent selection
is also among the significant components that influence the balance

between exploration and exploitation.

Parent selection in genetic algorithms

Fitness proportional-based methods such as roulette wheel
selection, tournament selection, and rank selection [8] are widely used for
parent selection. All these operators are based on the common assumption
that individuals with higher fitness are more likely to generate offspring
than those with lower fitness. Parents are chosen by non-uniform sampling,

which depends only on fitness.

Parent selection and diversity preservation

Some algorithms are designed to trigger innovation in search space
exploration by utilizing parent selection, allowing crossover between
different types of relatively dissimilar solutions. For instance, [14] and [15]
proposed algorithms in which one parent was chosen randomly from the

population. The second parent was selected from randomly chosen K
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individuals and chooses the most dissimilar one. This second parent is often
neither the most similar nor the most dissimilar from the first parent. It has

been reported to preserve the diversity of the whole population.

NeuroEvolution of augmenting topologies (NEAT)

NEAT is a highly sophisticated algorithm that finds the optimal
neural network structures that solve a wide range of tasks [3—6]. NEAT has
gained attention in the area of NE because it does not rely on a fixed neural
network structure. However, it allows the evolution of its topology
structures that perform significantly well. Compared to previous works,
NEAT has some efficiency, such as assigning an ID called historical
markings that avoids the loss of information embedded in the topology and
making a sub-group to prevent an innovative network from being excluded

from the population, called speciation.

Encoding

NEAT represents the phenotype directly from the genotype (Fig. 1).
The genotype contained two lists of genes. A node gene in the genotype
corresponds to a node in the network. A connection gene corresponds to a
connection between two nodes in the network. The historical markings
assigned to each gene make them distinguishable. Mutation and crossover

occur by adding a change to the list of genes.

Crossover

When comparing two individuals, the use of historical markings
helps to distinguish an identical gene (Fig. 2). Two lists of genes are lined

up, and identical genes are regarded as matching genes. Otherwise, the
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non-identical genes are regarded as disjoint or excessive, producing a
difference between the two individuals. The matching genes are always
inherited from the parents. Disjoint and excess genes are inherited
randomly. In this way, an offspring is generated that avoids the competing
convention problem. The competing convention problem is that the two
networks have an identical topology structure, although the genotype

representation is different, making them incompatible for crossover.

Mutation

Two types of mutations occur in the NEAT (Fig. 3). In the add node
mutation, a new node splits an existing old connection and re-assigns new
historical markings to new split connections (Fig. 3, top). The old
connection was disabled. A new connection connects the two existing old
nodes in the add connection mutation. It assigns a historical marking to the
new connection (Fig. 3, bottom). These mutations make the individual
innovative, which has never been seen previously. Although innovative
individuals are likely to die early in subsequent generations, speciation

saves innovation by dividing the whole population.

Speciation

Some new connections made by a mutation are added to an
individual that might become innovative. This individual is often likely to
die in subsequent generations because the weight of the newly added
structure is not maturely optimized for the network. A niching scheme,
called speciation, was introduced to protect these networks and expects
survival. Speciation divides the population into non-overlapping sets of

similar individuals based on their shared evolutionary history.
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To divide the population into species such that similar structures are
in the same species, speciation uses a compatibility function to determine
whether two individuals should be in the same species or not. Owing to the
historical marking, each gene is comparable to the difference between two
individuals. When comparing the genotypes of two selected individuals,
identical or non-identical genes were detected. Some genes are in excess or
disjoint. These genes are counted as their difference, converted to the
compatibility distance to express the relative similarity of the two selected
networks. The distance & between two individuals is a simple linear
combination of the number of excess E and disjoint D genes and, as well
as the average weight differences of matching genes W, including disabled

genes.

5= 4224 W, (1)

where ¢q, ¢y, and c3 are the adjusted coefficients, and N 1is the number
of genes in the larger genome. The distance measure § allows us to use a
compatibility threshold to divide the group into species. In each generation,
the individuals were sequentially placed into the species. Suppose the
distance between the focal individual and the representative individual of
the species is under the compatibility threshold. In that case, the focal
individual is assigned as a member of the species. Otherwise, if the
distance between the focal one and the representative individual of every
species 1s greater than the compatibility threshold, a new species originates

with the focal individual as its representative.

Having formed a new species, stagnation promotes species
extinction in which fitness is not updated within the species for some
generations. Apart from stagnation, species can also be extinct when none

of the individuals are assigned to that species because of the compatibility
threshold.
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Speciation and diversity in EC

In EC, speciation restricts access to other species, thus maintaining
diversity. As in the case of NEAT, the notion of preserving diversity is
helpful because it prevents pre-optimized individuals from being excluded,
which might be a novel solution later. Speciation strategies have been
developed in algorithms derived from NEAT, such as grouping the
population-based hidden neurons [16] or clades sharing a common ancestor
[17]. To develop diversity, Novelty Search (NS) performed well [18]. Its
primary strategy is not to set a fitness function related to the domain field
but rather to set it related to the individual's dissimilarity from the
population. NS has enabled the development of new quality diversity
algorithms (QDs) to generate large collections of diverse high-performance
solutions [19,20]. Additionally, these developments appear to be related to
open-endedness, which attempts to understand processes that continue to
generate exciting artifacts indefinitely in artificial life (Alife) [21,22]. One
recent study incorporates the idea of coevolution, in which both individuals
and environments evolve interactively and permanently [23,24]. While NS
or QD can actively produce novel individuals, our work aims to incorporate
an 1dea from a biological context. Although some controversy exists that
novel algorithms based on metaphors of natural processes lead the area
away from scientific rigor [25], still, special attention has been paid to
natural computations that copy the inherent advantages of different
behaviors observed in biological systems. Bio-inspired computation has

been explored to solve complex EC tasks [26].

Challenge to environmental variability

Many real-world optimization problems are subject to changing

17



environments. They have become one of the most active areas in the EC
field for decades [27,28]. That is, an algorithm not only finds the optimum
in the vast search space but also tracks it over time. Various techniques
have been developed to adapt to a dynamic environment, such as memory-
based [29-31], prediction-based [32—34], and diversity-based [35,36].
Memory-based methods retrieve archived historical information aimed at
convergence. Prediction-based methods collect archives from the past that
the population passes along and integrate them into various predictions of a
changing optimum. Diversity-based methods enhance population variations
for some individuals to address environmental changes. From the
perspective of diversity-based methods, one example is that an extension
algorithm of NEAT [37] which is capable of maintaining species size based
not only on the previous generation but also the arbitral past generations,
has shown significant performance over NEAT. The strategy used by the
authors involved maintaining the number of species and allowing long-life
species to form when the fitness of individuals dramatically changes
between generations. As a diversity-based method, we challenge
environmental variability by maintaining diversity by choosing parents

according to their similarities.
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Materials and methods
Approach: distance-based parent selection

We propose NEAT-HD to employ a parent selection operator,
allowing genetically distinct individuals to be chosen as parents (Fig. 4A).
From a biological perspective, genetically close ones (e.g., creatures
belonging to the same species) are likely to crossover and leave offspring.
Conversely, the more distinct the biological relationship between two
individuals, the less likely they are to be parents. Our approach generates a
small proportion of hybrid offspring. We demonstrate that NEAT-HD
preserves innovation through the speciation scheme and also makes the
population robust to dynamic environmental changes by hybrid offspring.
Algorithm 1 represents the pseudocode of the novel distance-based parent
selection (Fig. 4B).

The algorithm selects each species, excluding low-ranked
individuals from the population (Step 2 in Algorithm 1). At each iteration,
a set of first parent is generated within the species. For each parent, the
candidate of the second parent is selected through the population (Step 4).
In Step 5, genetic distances D between individual i and j are calculated
[38] as follows:

.. G —
D(l, j) = Clm + CZW, (2)

where G 1is the number of non-matching genes of the two individuals, and
W is the average weight difference of matching genes between individual
i and j. The normalization constant N’ is the number of added genes to
the minimal network of two individuals. ¢; and c, are the gene and
weight coefficients, respectively. In Step 6, GeneticIncompatibility [ is
calculated using the genetic distance using (2). Genetic incompatibility

refers to the difficulties faced by the offspring by mating two genetically
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distinct individuals. When genetic incompatibility increases, the probability
of creating offspring decreases. Herein, we used a sigmoidal function to
associate the genetic distance with genetic incompatibility, which reports a
high likelihood of speciation even while allowing hybridization [39].

1
1+exp (—a(-b+D))’ €)

I1G, j) =

where a and b are parameters that determine the steepness and
coordination of incompatibilities of 0.5, respectively. Finally, in Step 7, the

probability of being chosen as a parent is given by MatingProbability P:

PG, )=1-1, (4)

Using these metrics from (2) to (4), the mating pair is chosen from the

population based on the above mating probability.

We expect that utilizing this function will make hybrid offspring
more likely to maintain diversity, stability, and reactivity within the

population in changing environments.

The NEAT algorithm adopts speciation such that the genetic
distance between the representative of a species and each member of the
species is under the compatibility threshold defined by an optimizer. This
indicates that the genetic distance between two individuals within a species
might be greater than the compatibility threshold. Unlike this previous
approach, such as implicitly assuming the possibility of mating between
genetically distinct individuals, we test an explicit approach that calculates
the genetic distance between individuals. Therefore, it might have a chance
of crossover between different species. NEAT-HD is tested in two classic
control problems: single-cart pole swing-up and lunar lander experiments

in Sections 4.
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Results

We conducted two experiments, the cart-pole swing-up, and the
lunar lander tasks, using the same parameters (Table 1). NEAT was
executed for 50 runs of 300 generations, where 128 agents were the total
population using the code from [38]. NEAT-HD used the parameters a =
0.2, b =13 1in (3).

Cart-pole swing-up

Choosing a domain with simple input and a relatively small
network architecture is desirable to see how the population includes
individuals from the same species and different species. We tested the cart-
pole swing-up task as our first examination to validate the effectiveness of

NEAT-HD, one of the most classic and straightforward control problems.

The goal of the cart-pole swing-up task is to balance the pole
upright by moving the cart left and right (Fig. SA). The trained ANN has to
add nodes by mutation because the cart encounters nonlinear phases such
as swinging up the pole or balancing the pole. The cart has six inputs,
including the information of the cart and the pole; two of them are the
position and velocity of the cart, three are the sine and cosine of the angle
and angular velocity of the pole, and the other is the bias term. This setup is

identical to that employed by [38].

Fitness is evaluated by how long the pole is straight up from the cart
and how close the cart is to the optimal position in a fixed time. The fitness

is expressed as follows:

F = Fpole X Fearts (5)

cos0+1

Fpole =T, o (6)
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x—(optimal position)
2.4

Feare = X7, (7
where 6 is the angle from the perpendicular line of the ground to the pole,
x 1s the coordinate of the cart. Over 300 generations, the dynamic change
is set at the pre-specified 100" and 200" generations. The

optimal position at x = 0 remains until the first change to x = —1.5,
and finally, at the second change transition to x = 1.5 (Fig. 5B). We
intend to change the magnitude of the transition to observe the differences.
The second change was more severe than the first change because the
magnitude was more significant. Thus, the second change seems to greatly
influence the population, which is close to convergence significantly. Note
that the magnitudes of the first and second changes were comparable. The
first change has little effect on the second change due to the long-
generation pass after the first change, in which the population can re-

organize for convergence.

Parents are regarded as the same or different species by genetic
distance, proceeding with the algorithm. Here, utilizing a threshold can
determine the species identity, called the compatibility threshold, which
was initially introduced by [7]. When the genetic distance between a parent
is under the compatibility threshold, the two individuals are regarded as the
same species. As the compatibility threshold directly affects the parent
sameness, we changed the value of the compatibility threshold to some

extent and explored the difference within the range.

The following three performance metrics were employed to check
how the algorithm could endure a dynamic environment. We utilized and
modified the performance measures developed by [40] to this specific

study for that purpose.

-Accuracy indicates how the population can suppress dynamic changes that

occur suddenly. This metric can be measured by recording the best-fitness
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observed from the population at generation ¢ when the optimal position of
the cart changes. The accuracy at generation t is defined as:

Accuracy, = %, (8)
where Best; is the best-fitness at generation t, Max; is the possible
max-fitness value at generation t in the task, Min; is the possible worst-
fitness value at generation t in the task. The accuracy ranges from 0 to 1,

where 1 is the best possible value.

-Stability is the ratio of the number of iterations that successfully recovered
after the dynamic change at generation ¢t. It is counted as “recovered”
when the mean value of the accuracy after the dynamic change is greater
than or equal to the mean value of the accuracy before the dynamic change.

The stability at generation t is defined as:

(total number of iterations)

Stability, = Zi

(stabilityiteration=k) (9)
(total number of iterations) ’

Best ]
1 lf tSiSt+99(accuracyl) > 1
Stabllltyt = t_lg/i)e;zt_l(accuracyi) s (10)
0, otherwise
where Meqn (accuracy;) is the mean value of the
t—100<i<t—-1

accuracy between generations t — 100 and t — 1. This value corresponds
to the accuracy criterion before the dynamic change.

Best
t<i<t+4+99

t and t + 99. This value corresponds to the best value that an algorithm

(accuracy;) is the best accuracy value between generation

can increase from dynamic change. For both

Mean (accuracy;) and Best
t—100<i<t—1 Yi t<i<t+99

generations before and after the change are considered because of the

(accuracy;), 100

duration of 100 generations between two changes at the 100" and 200
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generations.

-Reactivity represents the speed at which the population adjusts their
strategies and recovers their fitness from the environmental change at
generation t. An assumption in this metric is that the iteration is regarded as
recovered in the stability metric. Measurements are applied, such as
recording how many generations take to catch up with the fitness before the
environmental change, the mean value of the accuracy. The reactivity at

generation t is defined as

accuracy;j

>1:U
M jiy
t—1ooes6£t—1(accumcy i) } (11)

Reactivity, = Min {(t’ —t)

{maxgen — t},
where t, t EN and t < t' < maxgen, with maxgen referring to the
total number of generations. Lower values indicate a better and faster

reaction to changes.

Application results of NEAT-HD on cart-pole swing-up task

First, it is necessary to verify that hybrid individuals are born, as
shown in Fig. 6. We can confirm that hybrids were formed more often in
NEAT-HD than in NEAT in the low region of the compatibility threshold.
This allows mating between genetically distinct parents. Fig. 7 shows an
overview of the best-fit values along each compatibility threshold. We
confirmed that the fitness dropped in both algorithms (NEAT and NEAT-
HD) at the 100" and 200™ generations, where the optimal position of the
cart-pole changes. In addition, it is observed that the drop at the 200"
generation is more significant than that at the 100™ generation because of
the significant dynamic change at the 200™ generation. When the
compatibility threshold is 0.5, and 0.9, the best fitness of NEAT-HD is
slightly below that of NEAT throughout the generation. As the
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compatibility threshold increased, both algorithms exhibited fewer
differences. In the high region of the compatibility threshold, the essential
difference between the two algorithms decreases, thus resulting in similar

trajectories.

We also investigated the three metrics to test the robustness of the
proposed algorithm to dynamic environmental changes (Fig. 8 and Table
2). The accuracies at the 100" and 200" generations are illustrated in Fig.
8A and B, respectively. When a small change occurred at the 100"
generation, no significant difference was observed between both
algorithms. At the 200" generation, on the other hand, some significance
was found at compatibility thresholds of 0.5, 0.9, and 1.3 (p < 0.05; Welch's
t-test). The difference between the two algorithms appears in the lower
region of the compatibility threshold, demonstrating that NEAT-HD
endures the dynamic change. These results indicate a trade-off between the
best-fitness trajectory and endurance against the change. In the case of
stability, it is determined whether the best-fitness recovers or remains after
the dynamic change (Table 2). Both algorithms have similar stability
because the best-fitness recovers after the dynamic change. More
specifically, at the lower region of the compatibility threshold, NEAT-HD
showed higher stability. However, NEAT was higher at the high region of
compatibility threshold as well. In the case of reactivity, it detected the
number of generations required to recover; the shorter the generations that
need to recover, the higher their reactivity (Fig. 8C and D). At both the
100™ and 200™ generations, in the low region of the compatibility
threshold, significant differences are found so that NEAT-HD only requires

a short duration to recover from dynamic change.

To determine the diversity of the population through simulations,
the number of species was calculated, as shown in Fig. 9. At a

compatibility threshold of 0.5, the species number is significantly affected
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when dynamic changes occur, as the species number falls suddenly. When
the threshold was increased, the effect was relaxed. At the compatibility
thresholds of 1.3 and 1.7, the decrease in species number stopped after
some generations in response to the change, such as the 160" and 260"
generations. This 1s identical to the stagnation duration of approximately 60
generations (see Table 1 for the parameters used) that species hold their
individuals when fitness has not been updated. In some cases (e.g.,
compatibility threshold of 1.3, 1.7), NEAT-HD contributed to maintaining
the diversity compared to NEAT, as NEAT-HD holds more species in terms
of the mean value. In the other region, it is difficult to say that the
contribution of NEAT-HD is greater than that of NEAT.

The numbers of newly formed and extinct species are shown in Fig.
10. In the lower region of the compatibility threshold, the number of newly
formed and extinct species was higher in NEAT-HD than in NEAT. As the
threshold increases, the difference decreases toward disappearance. Fig. 11
shows another consequence for observing a significant difference in the
species' duration between NEAT-HD and NEAT at the compatibility
threshold 0f 0.5, 0.9, 1.3, and 1.7 (p < 0.001; Welch's t-test). This result
implies that the cycles of the current model from formation to extinction
are shorter due to the high rate of species formation and extinction. Fig. 8C
and D, 10, and 11 show the sigmoid effect proposed in [39]. More
specifically, as a new species is generated, the species becomes extinct
shortly after that, and another new species is formed. This short cycle
constantly generates new species during the speciation process of NEAT-
HD. As species formation is rapid in NEAT-HD, species extinction is fast,
resulting in a decrease in the species number in the compatibility threshold
of 0.5 (Fig. 9 A).

Fig. 12 depicts the number of novel networks observed through the

generations, which were not observed in previous generations. We defined
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“novel” as to whether the topology of the focal network was ever seen
before in the whole prior generations. The weights on the edges between
nodes are neglected to determine the pure difference in the topological
architecture. Over generations, the number of novel networks increased in
both models. In the last 300™ generation, NEAT-HD was significantly
higher than NEAT at the compatibility threshold of 0.5, 0.9, 1.3, and 1.7 (p
< 0.05; Welch's t-test), indicating the effect of forming hybrid individuals

from different species.

From the overall results, as the compatibility threshold decreases,
the properties of NEAT-HD have been increasingly highlighted, such as the
formation of hybrid offspring, the acceleration the emergence of new
species, and the extinction with short species duration, all of which
influence the endurance in terms of accuracy. We note one disadvantage of
NEAT-HD, which affects the best-fitness to decrease to some extent, as

shown in Fig. 7.

Lunar-Lander

Difficult domains include more inputs that are given more
information about the environment. Another concern is that the domains
that can be dynamic are desired in this study, where the optimal position
varies across generations. We adopted a Lunar-Lander task as a challenge, a
control task often used in machine learning, and a toolkit from Open Al
[41]. In this task, a lander aiming to land on the moon's surface in a realistic

physics simulation was controlled by ANNs (Fig. 13A).

The task is as follows. The lander is set at a certain height pre-
specified and starts to land smoothly using three engines. The engine can
adjust its position above the surface and stability of the rotation, with one

throttle pointing downward and the other two pointing in the left and right

27



directions. The lander has nine inputs, including the information of the
lander and whether the lander is attached to the surface; four of them are
the x- and y-axes of the position and velocity, two of which are the angle
and angular velocity of the lander, two are for attachment to the surface,
and the other is the bias term. The possible output actions are to fire the left
orientation engine, fire the main orientation engine, fire the right
orientation engine, and do nothing. The task ends if the lander crushes,
receiving a penalty reward or rest for a while receiving an additional

reward.

Fitness is given as the sum of the rewards using an addition and
subtraction method. As mentioned above, if the lander is crushed, the
minus reward is assigned, and if the lander rests on the pad for a while, the
plus reward is assigned. Additionally, some elements give the lander better
rewards through the landing, such as maintaining a stable posture and using
less engine fuel. Around the landing pad, the presence of an attachment on
the ground provides a reward. We set this task to be dynamic as well as the
cart-pole task by changing the optimal position for some generations. By

default, the optimal position, the center of the landing pad, is at coordinates
(0, 0). We changed the position to (— 5, 0) at the 100™ generation and (5, 0)

at the 200" generation, respectively, over 300 generations (Fig. 13B).

Similar to the cart-pole task, the second change was set to be severe. We
tested this task, which was more difficult because of the increased input
data; thus, the algorithm must find the optimal solution in the expanded

search space compared to the cart-pole task.

Application results of NEAT-HD on the Lunar-Lander task

The number of hybrid individuals is shown in Fig. 14. Similar to

the cart-pole task, we confirmed that hybrids were formed more often in
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NEAT-HD than in NEAT in the low region of the compatibility threshold.

Over 50 iterations, the trajectory of the best-fitness is plotted in Fig.
15. The mean of the best-fitness seemed to show a similar result, as shown
in Fig. 7. In the lower region of the compatibility threshold, NEAT
performs negligibly better than NEAT-HD. As the threshold increased, the

difference decreased.

The accuracy shown in Fig. 16A and B indicates that some
significant differences were observed at the 100" generation (compatibility
threshold of 0.9, and 1.7, p < 0.05; Welch's t-test). In addition, at the 200
generation, significant differences were observed (compatibility threshold
of 2.1, p < 0.05; Welch's t-test). In all cases where differences were
significant, the mean value of best-fitness in NEAT was higher than in
NEAT-HD. A trade-off observed in the cart-pole task was not apparent here.
The stabilities were all 1.0 for each compatibility threshold and the 100"
and 200" generations (Table 3). Fig. 16C and D illustrates the reactivity at
the 100™ and 200™ generations. At the 200" generation, NEAT-HD showed
high reactivity, which was significant compared to NEAT at the
compatibility threshold of 0.5, 0.9, and 1.7 (p < 0.05; Welch's t-test). These
results indicate that NEAT-HD exhibited low endurance in terms of
accuracy when dynamic changes occurred, although it recovered quickly in

reactivity.

The species number in Fig. 17 as a diversity metric shows similar
results for the two tasks compared with Fig. 9. At the compatibility
threshold of 0.5, as shown in Fig. 17A, the number decreases soon after a
sudden rise, similar to Fig. 9A. Fig. 18 illustrates the total number of
species and the number of extinctions. Fig. 18 implies that NEAT-HD
generates more species and extinctions, especially in the low region of the
compatibility threshold. As the threshold increased, both algorithms

overlapped, showing minor differences. Fig. 19 shows the duration of each
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species. At the low region of compatibility threshold (e.g., 0.5, and 0.9),
significant differences were found in the sense that species generated by
NEAT-HD have a shorter duration until extinction than NEAT (p < 0.001;
Welch's t-test). Similar to the cart-pole task, a short cycle from the
formation of new species to extinction is observed. In addition, at a
compatibility threshold of 0.5 (Fig. 17A), the decrease in the species

number can be attributed to the rapid formation of species and extinction.

The novel networks that emerged over generations are summarized
in Fig. 20. Comparing the last 300 generations, hybrid offspring are
generated significantly more often at the low region of compatibility
threshold of 0.5, 0.9, and 1.7 (p < 0.05; Welch's t-test).

In this task, from the perspective of species-cycle, the short duration
from species formation to extinction affects the diversity, thus expecting to
help the endurance against dynamic change. However, the accuracy metrics
show the opposite results. We need to determine the distribution of the

population diversity that crucially affects the fitness evaluation.
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Conclusion

This article proposes NEAT-HD, an algorithm that adapts a dynamic
environment with a population including offspring from different species.
This method attempts to preserve genetic/species diversity by forming
hybrid offspring between genetically distinct parents to adapt to
environmental changes. An essential advantage of NEAT-HD is that it
employs the sigmoid function to determine the probability of mating, as
supported by a study in which speciation was accelerated [39]. We argue
that some offspring from distinct parents can help endure environmental

changes.

We compared NEAT-HD with NEAT for two control tasks: (1) a
single cart-pole swing-up task and (2) a lunar lander task. We tested how
NEAT-HD behaves in these tasks under various compatibility thresholds.
Our results showed two different results. One showed endurance in terms
of accuracy when a dynamic change occurred. In addition, the contribution
to the diversity was observed in the sense that the production of new hybrid
individuals drastically accelerated the formation of species. However, one
of the major pitfalls of this study is that the best-fitness is relatively low in
NEAT-HD compared with NEAT at the complementary expense for
endurance in terms of accuracy. Moreover, in some cases, diversity did not
influence endurance in terms of accuracy. Our continued efforts will be

made to implement and evaluate new approaches derived from this study.

In future work, it will be necessary to combine NEAT-HD with
other diversity-preserving methods, especially in dynamic environments.
More specifically, other methods, such as NS or QD, are subject to testing
within the same task. For example, the method proposed by [23] and [24]
uses a mutation-only NS that spreads behavioral diversity. Our distance-

based scheme can also be applied. Thus, diversity measurements must be
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unified in the study to compare them appropriately. Furthermore, it is
interesting to employ the idea of genetic incompatibility with HyperNEAT
[42], an extended version of NEAT. HyperNEAT can treat very large neural
network topologies. Thus the impacts on distance-based crossover are
expected to be significant. Another concern is the use of our proposed
algorithm in the area of multimodal optimization problems. In multimodal
optimization problems, approaches that utilize species such as species
conservation [43] are thought of an effective way to capture many global
optimums. Our approach also has an expectation of improving the
population diversity so that the population can handle multiple solutions
within a single run. For future improvement of our proposed method, we
must consider the criterion of the algorithm. In this study, genetic distance
represents the difference between the two ANNs. Other metrics, such as
behavioral representation, might be an alternative option that contributes to

the population diversity used in the field of evolutionary robotics [44].

Code availability

The source code is available in Python using NEAT-HD
(https://github.com/j-s9vcp/NEAT-HD).
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Figures

Figure 1: Example of mapping from genotype to phenotype.

Genome(Genotype)
Node Node1 Node2 | Node3 | Node4 | Node5
Genes Input Input Input Output | Hidden
In1 In2 In3 In2 In5 In1 In4
. Out 4 Out 4 Out 4 Out 5 Out 4 Out 5 Out 5
Connection Weight 0.7 Weight-0.5 | Weight 0.5 Weight 0.2 Weight 0.4 Weight 0.6 Weight 0.6
Genes Enabled Disabled Enabled Enabled Enabled Enabled Enabled
No.Innov 1 No.Innov 2 No.Innov 3 No.Innov 4 No.Innov 5 No.Innov 6 No.Innov 11
Q,
Network(Phenotype)

‘5
oo

N .3/

For one genotype, two genes were listed: node genes and connection genes.
The numbers (1, 2, ...) and the type (Input, Output, Hidden) are assigned in
the node genes. In the connection nodes, the direction of the connection

(e.g., In 1-4), and the weight are assigned. Additionally, the genes allocated
as “Disabled” were not expressed in the phenotype. The historical markings

are assigned to each gene to identify each gene (e.g., No.innov 1).
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Figure 2: An example of the crossover between two individuals (parent
A and parent B).

Parent A Parent B

1 2 3 4 5 8 1 2 3 4 5 6 7 9 10
14 24 34 25 54 1-5 14 24 344 25 54 56 64 35 1-6
Disabled Disabled Disabled

disjoint

1 2 3 4 5 8
Parent A 14 24 34 225 54 145
Disabled disjoint disjoint excess excess

1 2 3 4 5 6 7 9 10
Parent B 14 244 34 2.5 54 56 64 3.5 1-6
Disabled Disabled

) 1 2 3 4 5 6 7 8 9 10
Offspring 1-4 546 64 15 35 1-6

24 54
Disabled Disabled

The top number of the genes is the historical markings. Although the
structures of the individuals are different, each gene is aligned. Thanks to
historical markings, the identical genes, called matching genes, are aligned
together. Matching genes are directly inherited to offspring. For the non-
identical genes such as disjoint and excess are randomly inherited to
offspring. The offspring illustrated is an example when all genes are

inherited.
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Figure 3: Two types of mutations, add connection mutation (top) and
add node mutation (bottom).

1 2 3 4 5 6 1 2 3 4 5 6 F
14 24 34 25 54 1-5 1-4 24 34 25 54 15 3-5
Disabled Disabled

Mutate Add

Connection I
1 2 3 4 5 1 2 3 4 5 6 8 9

6
1-4 24 34 25 54 1-5 1-4 24 34 25 54 1-5 36 64
Disabled Disabled Disabled

Mutate Add

Node |

For the add connection mutation, a new connection 1s added between
selected two nodes, and a new historical marking is assigned to the new
connection. For the add node mutation, a new node splits the already-
existing connection into two new connections. The new two connections

are assigned new historical markings, and the old connection is re-defined
as “Disabled”.
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Figure 4: The concept and process of biological hybridization.

A B

.
L

probability
of being a parent
[—
||

species A species B

parent A candidates of parent B

Fig. 4. (A) The concept of biological hybridization. In most major cases,
crossover happens within the same species (e.g., only species A or species
B, represented by small black arrows). However, in a rare case, crossover
happens between different species (e.g., species A and B, represented by a
large black arrow) that are genetically distinct and generate hybrid
offspring. (B) The process of selecting a pair to generate offspring. Select
one parent (parent A), and calculate the mating probability through all
possible pairs (represented by black arrows) from the whole population.
Then choose the other parent (parent B) by non-equal sampling. Though
the most possibilities are that individuals within the same species get
parents, some rare cases happen so that parents from different species

generate offspring.
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Figure 5: Overview of the cart-pole swing-up task.

A B
optimal point
A
1.5
0
2.4 2.4
x -1.5
b
optimal point 100 200 300
(x=0)

generation

(A) The goal is to balance the pole upright by moving the cart left and
right. (B) The trajectory of the optimal point.
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Figure 6: The number of hybrid offspring through generation at each
compatibility threshold.
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Figure 7: Best-fitness through generation at each compatibility

threshold in the cart-pole task.
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Figure 8: Accuracy and reactivity.
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Figure 9: The species number through generation at each compatibility
threshold.
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Figure 10: The relationship between the total number of the species

and the number of species extinction counted through the run at each

compatibility threshold.
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Figure 11: Duration of species at each compatibility threshold.
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Figure 12: The number of novel networks through generation at each

compatibility threshold.
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Figure 13: Overview of the lunar lander task.
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Figure 14: The number of hybrid offspring through generation at each

compatibility threshold.
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Figure 15: Best-fitness through generation at each compatibility

threshold in the lunar lander task.
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Figure 16: Accuracy and reactivity.
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Figure 17: The species number through generation at each

compatibility threshold.
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Figure 18: The relationship between the total number of the species

and the number of species extinction counted through the run at each

compatibility threshold.
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Figure 19: Duration of species at each compatibility threshold.
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Figure 20: The number of novel networks through generation at each

compatibility threshold.
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Supplementary Tables

Table 1: The parameters used in this study.

parameter value
Generation 300
Population size 128
Generations to trigger stagnation 64
Number of repetition when evaluating individuals 2
Type of speciation ("neat" or "none" "neat"
Percentage chance of applying second objective when using 0.0
Multi Objective Optimization '
Activation function for hidden nodes 5
Probability of adding connection 0.15
Probability of adding node 0.1
Probability of crossover 0.8
Probability to enable disabled connection 0.01
Probability of changing node activation function 0.0
Probability of mutating connection weight 0.8
Probability of enabling each initial connection 1.0
Precent of individuals to remove from parent pool before 01
selection '
Precent of individuals to pass on to next generation unchanged 0.1
How to scale individual rank ("exponential" or "linear") "exp"
Number of competitors in each tournament 2
Species threshold 1.3
Weighting of non-matching genes in compatibility distance 1
calculation

Weighting of weight differences in compatibility distance 0.5

calculation
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Table 2: The stabilities of both algorithms (NEAT and NEAT-HD) at

each compatibility threshold in cart-pole swing-up task.

Compatibility 0.5 0.9 1.3 1.7 2.1
threshold
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Table 3: The stabilities of both algorithms (NEAT and NEAT-HD) at

each compatibility threshold in lunar lander task.

Compatibility 0.5 0.9 1.3 1.7 2.1
threshold
z Z Z Z |\ Z Z Z zZ | zZ | Z
t t t t t t t t t t
> > > > > >
Type =538 38 3 08385
an an an an an
w w w w w
Generation=100 2 2 2 2 2 2 2 2 2 g
Generation=200 2 2 ; 2 2 2 ; 2 2 ;

60



Chapter2

Contact-number-driven virus evolution: a multi-level
modeling framework for the evolution of acute or persistent

RNA virus infection

This study in this chapter was published in J. Sunagawa, R. Komorizono,
H. Park, WS. Hart, RN. Thompson, A. Makino, K. Tomonaga, S. Iwami, R.
Yamaguchi, “Contact-number-driven virus evolution: a multi-level
modeling framework for the evolution of acute or persistent RNA virus
infection.” PLoS Comput. Biol., 19.5: e1011173. (2023).
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Introduction

Because they lack proofreading activity in their RNA-dependent
RNA polymerase, RNA viruses exhibit extremely high mutation rates,
generating 107® to 10~* substitutions per nucleotide, orders of magnitude
greater than those of most DNA-based life forms [1-3]. The accuracy (or
inaccuracy) of the polymerase is the source of intra-host viral diversity and

determines viral propagation and virulence in vivo [4,5].

In general, acute infectious RNA viruses, such as SARS-CoV-2, are
highly proliferative and release large numbers of progeny viral particles
[6]. From an epidemiologic point of view, acute infectious RNA viruses are
highly pathogenic [7,8]. Infections with most non-retroviral RNA viruses
result in the characteristic symptoms and signs of acute illness. On the
other hand, persistent viral infection is a different strategy. The properties
of RNA viruses vary widely, among which non-retroviral RNA viruses can
often be broadly classified according to acute infection and persistent
(chronic) infection. Some non-retroviral RNA viruses, such as hepatitis C
virus, coxsackievirus, and borna disease virus, establish persistent infection
and replicate in the host for long periods [9]. Whereas acute infectious
viruses are eliminated by the immune response within a few weeks,
persistent infectious viruses are maintained in the host for at least several
months or even years. In most cases, patients are mildly symptomatic or
asymptomatic during persistent infection. Given the multiple viral and host
factors involved in viral pathogenesis, it is not easy to discern the causes of
mortality in the course of a viral infection. Many acutely infectious RNA
viruses cause fatal disease soon after infection (e.g., rabies virus, Nipah
virus), whereas some persistent infectious RNA viruses cause nonfatal
disease after infection (e.g., Borna disease virus, Pegi virus) [10]. A
persistent infectious virus can coexist with the host by reducing the amount

of progeny virus released from the infected cells, slowing down the
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replication rate, decreasing the evolutionary rate, or evading the host’s
immune system to use the host as its own reservoir until the next
opportunity to infect [11-15]. These different viral phenotypes of acute and
persistent infection express different strategies in the host population,
ranging from intracellular replication rates and innate immune response to

inter-individual transmission dynamics [9].

For gaining a better understanding of how viral properties are
optimized, the lifestyles of the host organisms are of critical importance.
Different host behaviors provide different environments, with some
environments favoring particular viral characteristics. Human activities in
the Anthropocene have greatly affected the global environment, increasing
the frequency of human-animal contact and various human-induced
evolutionary changes in animals [16]. Traditionally, it is considered that
acute infection evolved because of population-level transmission potential,
that 1s, the potential for many susceptible hosts to come into contact with
an infected individual [17]. This suggests the question, “Why did persistent
infectious RNA viruses evolve?” Commonly, the population-level
transmission potential is characterized by the (basic) reproduction number
[8]. However, the environmental conditions in the aspect of contact history
that favor the evolution of persistent infectious RNA viruses have not yet
been explored. In addition, in terms of the within-host virus life cycle, it is
unclear how viral properties such as the proliferation rate and the accuracy
of viral replication affect virus evolution under different environmental
conditions. Another unresolved issue is why acute infections are generally
more prevalent than persistent infections in the current profile of viral

diversity in human populations [11].

To tackle these challenges, we employed a multi-level modeling
approach including both individual-level virus infection dynamics and

population-scale transmission. Because we aimed to seek an optimal
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strategy across a broad range of viruses rather than explain the properties of
a specific virus, we simply assume that an optimization occurs at an
epidemiologic equilibrium (i.e., we focus on equilibrium solutions).
Although elaborate discussions are made possible by considering the
(basic) reproduction number and balance with other high-level population
criteria like lifespan of the host in models specific to each virus (e.g.,
[18,19]; also see [20] as an example for limitations to the idea that natural
selection will always maximize the number), we examine the long-term
equilibrium evolutionary outcome in the context of stable endemic diseases
which solely maximizes “transmission potential” as the reproduction
number (i.e., the total number of secondary cases generated throughout the
infectious period). Our simplification is valid unless considering the
situation where pathogens often showing non-equilibrium dynamics such
as antigenic escape from host immune defenses through evolution [21].
Under different environments characterized by different contact numbers in
populations, we evaluated how measures of the proliferation rate and
accuracy in the viral life cycle affect population-level transmission

potential and therefore RNA virus evolution.
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Results

Virus evolution in different contact scenarios

To explore how virus evolution is influenced by the environment,
we first developed a probabilistic multi-level model to characterize
population-level transmission potential, Rrp. Using a genetic algorithm
(see Materials and Methods for further details), we investigated the
evolution of the proliferation rate and the accuracy of replication in the
viral life cycle, p and &, respectively. Our model [Egs (7-8)] calculates
Rrp as the sum of secondary cases generated throughout the infectious
period by a primary case (see Fig. 1A, Materials and Methods in detail).
Calculating Ryp means that we investigate the virus evolution as a long-
term equilibrium (i.e., population-level transmission potential) here rather
to explore non-equilibrium co-evolutionary dynamics with host individuals.
The duration of the infectious periods D (Viyeq;) is assumed to depend on
the total viral load. Specifically, the duration of the infectious period
decreases with the cumulative viral load. In each parameter combination
(i.e., p and €), D(V;prqr) is calculated by Eqgs (5-6) based on the virus
infection model [Eqgs (1—4)] with other fixed parameters (see Table A). The

calculated infectious period for each parameter pair is described in Fig. 1B.

To evaluate how the proliferative ability and accuracy of replication
of viruses are optimized to increase the transmission potential, we assumed
that environments are characterized by the number of contacts per day. We
made two categories of contact history with daily numbers of contacts
sampled from the negative binomial distribution (see Materials and
Methods in detail). The first category is one with large mean and small
variance, in which the contact number is always around the mean
throughout the contact history and does not decrease too low or increase

too high (Fig. 1C, top). The other has small mean and large variance, in
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which the contact number 1s usually 0 but is sometimes very high (Fig. 1C,
bottom). For contact numbers with large mean and small variance, k = 100
and 6 = 0.03 (the mean number is 3) are fixed to generate the contact
history. In the history with small mean and large variance, k =0.12

and 8 = 10 (the mean number is 1.2). Here k and 6 represent the shape
parameter and scale parameter of the negative binomial distribution,

respectively.

Given a contact history generated from the negative binomial
distribution, as described above, we searched for the optimal point in the
fitness landscape (i.e., the largest Ryp), that is, the optimal combination
of p and &, by using a genetic algorithm for each contact number
(see Materials and Methods in detail). For the contact history with large
mean and small variance (i.e., high-density contact history: (k, 8) = (100,
0.03), Fig. 1C, top), optimal fitness involves high virus production but low
accuracy, which results in a short duration of infectious period with high
peak viral load (we call this the acute infection phenotype) (Fig.
2A and 2D). In contrast, for the contact history with small mean and large
variance (i.e., low-density contact history: (k, 8)=(0.12, 10), Fig. 1C,
bottom), the virus is more likely to be optimized toward low virus
production but high accuracy, resulting in a long infection duration with
low peak viral load (we call this the persistent infection phenotype) (Fig.
2C and D). The white dots in Fig. 2A and 2C correspond to the coordinates
of the combination of p and ¢ that maximize Rpp with a given contact

pattern.

With 500 independent iterations of this process with the same
parameter sets, the evolutionary endpoint of each iteration is distributed as
shown in Fig. 2B and 2D. The white dots in Fig. 2B and 2D correspond to
the evolutionary endpoint in each single simulation run, Fig. 2A and Fig.

2C, respectively. The white crosses indicated by the black arrows in Fig.
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2B and 2D correspond to the median parameter set of p and ¢ after

evolution under the given environment sequence of the contact history.

In addition to these contact histories, we considered the evolution of
viral phenotype under other contact histories in scale-free networks and
small-world networks. In the analysis on networks, we interpret the
evolutionary consequences of the phenotypes similarly. Under networks
where hubs exist or where individuals are in contact with each other evenly
and with high frequency, the average value of the contact history is stable
at a high value, and the acute infection type is likely to be optimal, and vice
versa (Fig. E and F). As described in the next section, we investigated how

the trend of virus evolution changes under the different environments.

Virus evolution depending on the difference in mean contact number

We explored the optimal properties of the virus (proliferation rate
and accuracy of replication, p and &, respectively) for transmission by
gradually changing the mean number of daily contacts in the contact
history. To represent various contact histories, we explored a total of 441
patterns of contact histories ranging from 0.01 to 100. That is, we used the
following parameter sets: shape parameter k ranges from 1071, 107,
10798,...,10%°, 10" (sum up to 21 points), as is also the case with scale
parameter 6, and each contact history is made by the combination of each
k and 6. We conducted a total of 500 independent iterations for each
parameter set of (k, 8) and determined the evolutionary consequences of

the median parameter set of p and e.

We found that viruses are optimized toward low production but
high accuracy (the persistent infection phenotype) in regions of low-density

contact history (the mean contact number from 0.01 to 1) regardless of the
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variance in daily contacts (white dots 3 and 4 in Fig. 3A and 3B). As
discussed above, these optimized virus infection dynamics showed a longer
duration of infectious period with low peak viral load (white dots 3 and 4 in
Fig. 3C and 3D). In contrast, in the region of a highly dense contact history
ranging from 30 to 100, viruses were optimized with high production but
low accuracy (white dots 1 and 2 in Fig. 3A and 3B), representing the
acute infection phenotype with the shorter duration of infectious period and
high peak viral load (white dots 1 and 2 in Fig. 3C and 3D). In addition, it
is noteworthy that large variance in daily contacts can select for greater
accuracy/lower proliferative capacity (Fig. 4A and 4B). Viruses that
adapted to the highly variable environment were characterized by a
persistent infectious phenotype and a low transmission potential, especially
under a small mean contact number (Fig. 4C and 4D). With respect to the
transmission potential, Rrp, a logarithmic increase is observed as the mean
contact number increases (Fig. 3E). Note that some of the persistent
infection phenotypes evolving under the low-density contact history (white
dot 4 in Fig. 3A, 3B, 3D and 3E) might have a low transmission potential

characterized by Rrp < 1 (see Discussion).

Importantly, we demonstrated that, if the contact history is of
intermediate density (with mean contact numbers ranging from 1 to 30),
viruses can be optimized toward either acute or persistent infection,
showing a critical transition on the virus infection phenotypes (Fig. 3D).
This bistable-like pattern may appear by chance owing to the stochasticity
of contact number history, even when drawn from the same distribution.

Further discussion is provided below.
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Discussion

In this study, we investigated the impact of the proliferation rate and
the accuracy of replication on viral evolution by considering optimal
combinations for transmission under different contact histories of a host
organism. Specifically, assuming an epidemiologic equilibrium, we
developed a probabilistic multi-level model that characterizes population-
level transmission potential based on individual-level virus infection
dynamics. The result presented above show that, depending on host density,
acutely infectious viruses acquire a phenotype of a high mutation rate and a
high replication rate, whereas persistently infectious viruses acquire a
phenotype of a low mutation rate and a slow replication rate. A similar
phenomenon has been observed in relation to the characteristics of actual
RNA viruses. Borna disease virus (BDV), a persistent infectious RNA
virus, has been reported to have a suppressed intracellular replication speed
and a very slow evolutionary rate [22,23]. The number of virus particles
released from BDV-infected cells is also extremely low [24]. Moreover,
when coronaviruses shift their phenotype to persistent infectivity through
the accumulation of mutations, translation efficiency and replication speed
are markedly suppressed [25,26]. Similarly, bovine viral diarrhea virus
(BVDV) strains that establish persistent infection evolve at a slower rate
than acutely infectious strains. The acutely infectious strain of BVDV is a
highly virulent strain that replicates more rapidly, has a higher viral load,
and is more virulent than persistently infectious strains [27-31]. Therefore,
the phenotypic shift in RNA viruses defined in this study has been
confirmed in epidemiologic studies. As with many evolutionary biological
models, our general model can be applied across many taxa to interpret
effects on the diversity of shape of viral load. It should be noted that some
existing studies have already addressed within- and between-host(s)

dynamics. There are, however, several differences between our model and
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previous ones.

First, although we explicitly defined the duration of infectious
period as a function of viral load (Eqgs (5-6)), some previous pieces of
research considered the relationship between viral load and viral duration
of infection under the invasion-persistence trade-off (e.g., [19,32]; also see.
[33] for immuno-epidemiologic multi-scale models that mechanistically
capture the relationship). Those previous studies discussed a continuum of
evolutionarily stable pathogen strategies. Pathogens evolve to greater
acuteness to maximize between-host transmission in large well-mixed
populations at one end, and selection favors less acute pathogens, which
achieve enhanced between-population transmission when the host
population is broken into many small populations at the other end [20,34].
This study, without considering population structure of hosts, employs
modelling of continuous evolution and phenotypic shifts of pathogens
depending on mean and variance of contact rates, demonstrating the
flexibility of adaptive evolution of pathogens that is observed in

epidemiology in practice.

Second, research considering contact histories as an arena of virus
evolution did not assume stochasticity [35] or extreme rare events [32].
There is a growing list of literature on the evolution of acuteness, especially
shedding light on the importance of critical community size, which is
approximately the population size above which pathogen extinction is not
observed, implying an unbroken within-population chain of transmission
(e.g., [36]). However, the previous research rarely considered variation in
population size as a time series pattern. We adopted a negative binomial
distribution to generate various contact histories, which corresponds to a
broad range of host species’ behavior. Using the current multi-level model,
we especially focused on the condition where persistent viruses evolve.

This study provides a detailed trace of how RNA viruses adapt to variable
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environments through the rare but significant events of beneficial
mutations, which alter the phenotype and are inherited to the next
generation of progeny viruses in a stochastic manner. As these mutations
subsequently spread into the host population, they become fixed in the viral
population, thereby shedding valuable insight into the complex stochastic

process of viral evolution.

The acute and persistent infection phenotypes are classified in terms
of the duration of the infectious period and the peak viral load, which i1s
determined by the combination of the accuracy of genome RNA
replication, &, and its production rate, p. The acute infection phenotype
(with a short infectious period and high peak viral load) is achieved in the
parameter range where the production rate of virus particles is high and the
replication accuracy is low. Although our model does not explicitly include
the mutation process by which new viral phenotypes are generated (cf.
[32]), this corresponds to a scenario with a low accuracy of replication in
the current model, which is the case for influenza viruses with around 90%
of noninfectious activities [37,38]. On the contrary, for the persistent
infection phenotype, a long infectious period with a low peak viral load is
obtained when there 1s high fidelity of viral replication and a low rate of
genome replication. The properties characterized in this parameter region

correspond to pathogens such as bornaviruses [39,40].

Our main finding is that the acute infection phenotype is optimal
under conditions of a contact history involving frequent contacts between
hosts (Fig. 2AB and 3). In this environment, the virus does not need to stay
in the infected host for a long time, because the focal infected individual
can quickly obtain another opportunity to infect (called a “leaving-home”
strategy in [41]). Therefore, an effective strategy is to sustain a high peak
viral load and adopt an increased probability of infection even for a short

period of time (Fig. D). On the other hand, in an environment with a small
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mean and a large variance in contact history, since there is a possibility that
no contact will occur at all in a short period of infection (Fig. 2CD and 3),
the virus must stay in the infected host for a long time (called the “stay-at-
home” strategy in [41]). Hence, Rrp increases by maintaining an
infectious period with a long duration while suppressing the peak viral load
(Fig. D). This corresponds to the evolution of the persistent infection
phenotype. Thus, the contact history of infected hosts determines the
direction of viral evolution balanced between the duration of infectious
period and peak viral load. That is, persistent-acute infection phenotype

switching is induced depending on the environment.

In this study, one of the parameters that influenced the infection
phenotype was the replication accuracy &. The RNA-dependent RNA
polymerase encoded by RNA viruses lacks proofreading activity, unlike
DNA viruses. Owing to this low fidelity of viral polymerase, the genome
sequence exists as diversified “quasispecies” in infected individuals [42—
44]. These intra-host quasispecies are involved in viral fitness in vivo and
affect the virulence and transmission ability of a virus [4,42,45].
Interestingly, low-fidelity mutants of coxsackievirus B3, which primarily
infects the heart muscle, have lost the ability to establish persistent
infection in vivo [14]. This result on the relationship between the fidelity of
viral polymerase and persistent infection in vivo are consistent with our
study and support the model that replication accuracy & determines the

establishment of the persistent infection phenotype.

Note that we can also easily extend our interpretation of € by
including multiple factors such as the accuracy of virion assembly, the rate
of virus particle aggregation, and others, in addition to the main factor of
the accuracy of replication (see Eqs (1-4)). From the assumption that the
virus is optimized to increase its transmission potential, the genetic

algorithm heuristically searches for the optimal Ryp as a population-based
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method with a group of solutions made up of combinations of p and €. In
other words, pel(t) in our model represents “infectious virus production”,
meaning the parameter € can include the multiple above-mentioned

factors.

From an evolutionary perspective, organisms, including viruses,
adapt to the environments they experienced in the past, and their traits are
optimized accordingly [46]. Our exhaustive simulations with the multi-
level model suggest that the acute infection phenotype is more likely to be
optimal when individuals live in high densities or when there is a highly
connected network of hosts (as is often the case for humans and other
social animals). On the other hand, the persistent infection phenotype may
be optimal in organisms that do not form groups and where the
environmental variance for the virus is largely dependent on their life
history; for example, if the contact rate increases only during the breeding
season. The unpredictability of the presence of any individual, which is
referred to “biotic drift”, can influence evolutionary consequences [47].
The current model can be extended to analyze the seasonal (periodic)
forcing in contact rates without loss of generality by assuming that the

average value in the contact history is a periodic function.

Our simulations also show that the evolutionary endpoints of Ryp
are larger in the acute infection phenotype than in the persistent infection
phenotype (Fig. 3E). For example, with low-density contact histories
ranging from 0.01 to 0.57, Ryp decreases below 1, meaning that viruses
with the persistent infection phenotype are unlikely to be sustained from
the perspective of population-level transmission, even though the virus
phenotype adapts to the low-density contact histories. This implies that
acute virus infection, such as with SARS-CoV-2, will easily prevail in
human society. BDV, an RNA virus that can establish persistent infection

without cytopathic effects for a long time, has been observed as an endemic
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disease in Germany but has not reached a large-scale epidemic [22,48,49].
On the other hand, even if viruses with the persistent infection phenotype
are not transmitted among individuals in the context of low-density contact
history, an increase in contact numbers may lead to an optimized virus with
the acute infection phenotype, increasing transmission potential within a
host population. In fact, many acute infectious viruses that infect humans
have been proposed to have been optimized through continuous mass
infection after the formation of highly dense human communities for

cultural reasons, such as for agriculture [50-53].

Large-scale genome sequencing and phylogenetic analysis of
SARS-CoV-2 during the epidemic further the conclusions of this study.
Epidemiologic studies have shown that SARS-CoV-2 evolved from pre-
alpha to alpha, beta, and delta variants via host-to-host transmission [54].
These variants of concern (VOCs) transmit more quickly in the host
population compared to background, suggesting that they may have shorter
intrinsic generation times [55]. Moreover, the molecular clock modeling
using the GISAID database and Bayesian analysis suggested that the
substitution rate of SARS-CoV-2 is increasing with the emergence of VOCs
relative to the background [56]. In the above, it can be inferred that the
continuous chain of infection within the host population facilitates viral
evolution and contributes to the establishment of further acutely infectious

viral phenotypes.

In terms of evolutionary biology, maximizing “fitness” like Rzp is
used as a metric for evaluating the direction of evolution. For the sake of
simplicity, in the current study, we considered only the evolution of the
virus at an epidemiologic equilibrium. We ignored the evolution of the host
for simplicity, although we expect this to be reasonable because the
generation time of a virus is much shorter than that of the host organism.

However, to capture a long-term non-equilibrium evolution, it may be
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necessary to consider coevolutionary dynamics between hosts and viruses.
A recent study [21] showed that pathogens often showing antigenic escape
from host immune defenses evolve through non-equilibrium dynamics,
indicating that Rrp 1s no longer the measure to understand a viral
evolutionarily stable strategy. Evolutionary game theory might be able to
predict an evolutionarily stable strategy under the stochastic environmental

scenario presented in this paper [57,58].

In addition, our approach has several limitations. For example, we
do not explicitly include a host immune response or antiviral treatment,
both of which may affect the duration of the infectious period and peak
viral load. However, we do not expect this to change our qualitative
conclusions, as these effects may be mimicked by changing the values of
the parameters of our model. For example, the effect of cellular and
humoral immune responses are implicitly included in the death rate of the
infected cell (i.e., § in Eq (3)) and the virus infection rate (i.e., f in Eqgs
(1-2)), respectively. In our mathematical model, the viral propagation is
limited by target cell availability rather than these immune responses. In
fact, it seems that the target cell limitation is particularly important for
infectious diseases in which the host’s immune response can reduce
symptoms or negative health outcomes but does not effectively suppress

viral replication.

Our mathematical model for population-level transmission, Eqs (7—
8), does not account for “a transmission chain”, that is, we focused only on
the sum of secondary cases generated throughout the infectious period by a
primary case, Rrp. If entire chains of transmission are considered, it may
be necessary to consider stochastic effects that may lead to particular viral
phenotypes failing to become established in host populations. This would
happen particularly in the region of a low-density contact history (the mean

contact number from 0.01 to 1) for which Ryp = 1 [59]. Future studies
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may explore this further by nesting a viral dynamics model within a
stochastic population-scale transmission model (using, for example, a
stochastic adaptation of the multi-scale epidemiologic modeling framework
proposed by [60]). Furthermore, explicitly considering transmission mode,
host heterogeneity and detailed life history may also impact the outcomes

of viral evolution qualitatively.

Overall, we anticipate our study to be a key advance in modeling
theory that associates the type of virus optimized to the host environment.
We face emerging respiratory acute virus infections such as SARS-CoV-2,
and host environments continue to change as transportation networks are
developed and urban areas expanded. In particular, the frequency of
contacts between people has increased yearly. As we showed here, such an
environment favors acute viral infections. To prevent such emerging
infectious diseases, it is crucial that infectious disease surveillance systems
be strengthened, particularly in locations with high contact densities. In
such a way, extracting the contact history of a host allows us to extract the
predict and understand the evolution of future viruses and introduce
interventions quickly to prevent the transmission of novel viruses and

variants. This is of clear benefit for public health.
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Materials and methods

To understand the dependence of viral evolution on the
“environment”, we employed a multi-level population dynamics model
(i.e., coupling a population-level virus transmission model and an
individual-level virus infection model) and evaluated how the proliferative
ability and accuracy of replication of viruses optimized to increase the
transmission potential, Rrp (see Fig. 1A). For the sake of simplicity, we
considered an epidemiologic equilibrium. We assumed that environments
are characterized by the number of contacts per day (i.e., contact numbers
among populations), and that an infected individual has a probability of
infection (per contact with a susceptible individual) that depends on viral
load. Note that the “noninfectious” period of infected individuals has not
been directly accounted for in the infection probability (see below). We
assumed that a newly infected individual has the potential to spread the
infection to others immediately after infection, although the probability of
infection is very small during this period. Below, we describe the details of

the model as separate sections.

Virus infection dynamics

We employed a simple mathematical model for virus infection

dynamics considering the accuracy of viral replications [61]:

daT(t)

—— == BTOVi(t) — uT (), (1
£ = BT©Vi(e) - 81(D), ()
d%@ = pel(t) — cV(t), G)
LaonD = p(1 = I(t) = Vpon (1), (4)
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where the variables T(t), I(t), V;(t) and Vj,,(t) are the number of
uninfected target cells, infected target cells, and the amount of infectious
virus (i.e., infectious viral load) and noninfectious virus at time t since
infection, respectively. The parameters [, 6, p, and cc represent the rate
constant for virus infection, the death rate of infected cells, the per-cell
viral production rate (i.e., proliferative ability of virus), and the per capita
clearance rate of the virus, respectively. In addition, we assumed a fraction
¢ of the produced virus is infectious but 1 — ¢ is noninfectious (the value
of ¢ represents the accuracy of replication). To mimic viral

cytopathogenesis depending on the viral replication level, we defined § =

Omax #, that is, an increasing Hill function of p. The parameters &,
50

and pg, are the maximum value of § and the viral production rate

amax

satisfying § = , respectively. We fixed the parameter values (except

for p and ¢) and initial values to correspond to biologically reasonable
values or ranges (see below and Table A). The sensitivity analysis on § is

provided in Fig. G.

Duration of infectious period as a function of viral load

To describe the relation between the duration of infectious period
and the viral load across a broad range of viruses (i.e., from acute
phenotypes to persistent phenotypes) rather to explain properties of a
specific virus, we assumed the duration of infectious period depends on the
total viral load (i.e., the cumulative viral load) as observed for several
pathogens [62,63]:

DmaxVDK

50 5
DK DK ’ ( )
VSO +Vtotal

D (Vtotal) =
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Dmax
Viotal = fo Vi(t)dts (6)

where D,,q, 1S the maximum duration of the infectious period, Vg, is
the viral load at which the duration is half of its maximum, and Dy is the
steepness at which duration decreases with increasing viral load [63]. We
also conducted a sensitivity analysis on the duration of the infectious
period, using different function shapes instead of assuming Eq (5) (Fig. H,
I, and J). Note that other functions may be suitable to evaluate only a
specific acute phenotypic virus, such as influenza virus or SARS-CoV-2,

because the infected individual no longer sheds viruses after recovery or
death.

Probability of infection

To evaluate the daily transmissibility of an infected individual
through the duration of infectious period, we assumed that for any given
contact, each 10-fold increase in infectious viral load will lead to an r-fold
increase in infectiousness [64]; thus, the probability of infection p at time t

is described by:

p(t) = b - regu(Vi®) (7)

where b is the basilar probability of infection immediately after being

infected with the virus.

Number of encounters

79



To mimic a daily contact history, we assume the number of contacts
on any day is drawn from a negative binomial distribution [65]. Since a
negative binomial distribution is identical to a Poisson distribution where
the mean parameter A follows a gamma distribution, the daily contact
numbers C(t) ofa focal infectious individual at time t are generated by

sampling from the following distributions (see Fig. 1C as examples):

A~gamma(k, ),

where k and 6 are the shape parameter and the scale parameter,
respectively. We note that k influences the skewness, and 6 influences
the variance of the distribution, respectively. The mean contact number
through the history is the product of k and 6, thatis, k6.

As a supplementary analysis, we also considered a different
approach for generating the contact numbers C(t), by considering a
contact scenario on different networks: the Barabasi—Albert (BA) scale-free
network model and the Watts—Strogatz (WS) small-world network model
(see the following sections: Virus evolution based on network-generating
contact Table B, Fig. E, and F). The BA model generates a network such
that a graph of n nodes is grown by attaching new nodes, each with m
edges, that are preferentially attached to existing nodes with high degree
[66]. The WS model generates a network such that starting from a ring over
n nodes, which is connected with its g nearest neighbors, shortcuts are
created by replacing some edges with probability p [67]. Contact numbers
on a generated graph are calculated by counting the number of nodes that
are connected with the one randomly chosen node on the network at each

time step.
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Transmission potential and fitness landscape

We calculated the total number of secondary cases generated
throughout the infectious period of a primary case (Ryp). On each day, the
number of secondary cases is considered as the multiplication of the
number of encounters (i.e., the contact number) and the probability of

infection. Thus, Rpp 1is calculated as below:

Rpp = X2 otad(C(0)p(t)), (8)

where D (Viytq1) 1s the duration of infectious period of an infected
individual defined by Eq (5). Once fixing the daily contact number, Ryp is
dependent on the parameters appearing in the mathematical model for the
virus infection dynamics, Eqs (1-4). We hereafter focus on the dependence
of the rate of proliferation and accuracy in the viral life cycle, p and e,
respectively. We calculate Rpp in various patterns of (p, €), and thus the

fitness landscape of Rpp 1is constructed as a function of p and e.

Evolution of virus to increase the transmission potential

One simple assumption is that the viral population will eventually
be dominated by the virus with the largest Ryp. From this perspective, a
genetic algorithm [68], a population-based method of evolutionary
computation, is implemented to search for the optimal point in the fitness
landscape (i.e., maximizing Rrp) regarding the combination of p and e.
The genetic algorithm heuristically searches for the optimal R;p with a

group of solutions made up of combinations of p and ¢ (see Alg.1 and
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Table B for details). Initially, solutions are randomly placed around the
fitness landscape (Initialize) and are assigned Rpp as fitness (Evaluate).
Over successive iterations, the combinations of p and & with higher Ryp
are selected to build the next solutions (selectSolutions) in a fitness
proportionate manner where the solution with higher Rrp has a greater
chance to be chosen for the next iteration. Note that the two highest-
performing solutions are always chosen for the next iteration (Elitism). To
find better combinations of p and &, solutions are recombined
(crossover), and each parameter is slightly altered by adding a random
variable drawn from a Uniform distribution with a pre-determined range
(Mutate). Finally, the algorithm searches for a better solution with the
expectation of finally converging to the combination of p and & with the
highest Rrp. These iterations can be considered as the virus "evolving" its
properties of p and ¢ toward an optimal solution so that the virus can

increase its own fitness in the evolutionary history.

Virus evolution based on network-generating contact history

We investigate how the properties of a virus evolve based on
contact history generated from the following well-established network
models: Barabasi-Albert scale-free network model (BA model) and Watts-
Strogatz small world network model (WS model). The contact number of a
contact history is the number of nodes connected to a node chosen at
random from all nodes in the network (see Table C for the parameters
used). As shown by 50 independent iterations, a virus under the contact
history generated by both the BA model and the WS model evolves high
virus production but low accuracy (Fig. EC and FC), which corresponds to

the characteristics of the acute infection phenotype.
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Algorithm 1: Genetic Algorithm
Input: P(t =1) = {sl, s2, ..., sj}, population of solutions in iteration 1
t <« 0;

Initialize (P(t = 0)) with random p and &;
Evaluate (P(t = 0));

while not termination do

P(t). «— Elitism (P(t));

P(t), < selectSolutions (P(t));

P(t)c < crossover (P(t)e +P(t)p);

Mutate (P(t).);

Evaluate (P(t).);

P(t+1) < P(t)c;

t—t+1;

end while
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Figures

Figure 1: Schematic illustration of multi-level disease transmission.
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A schematic of our model is depicted in (A). The probability of infection
p(t) of susceptible individuals from an infected hosts depends on their
viral load V;(t). At each time step (i.e., day), the focal infected individual
has contacts with multiple susceptible individuals. Here the contact
numbers C(t) are assumed to follow a negative binomial distribution,
which does not depend on the viral load. The sum of newly infected
individuals (i.e., [number of contacted individuals per day] x [probability
of infection per contacted individual]) during the infectious period is
calculated as Ryp. The duration of the infectious periods for each
parameter combination (p and ¢) characterizing the proliferative ability
and accuracy of viruses are calculated in (B) based on the virus infection
model. The left panel corresponds to an infectious period of 713 days with
a relatively low viral load, and the right panel represents an infectious
period of 200 days with a high viral load. Examples of generated daily
contact numbers characterizing environmental conditions are shown in (C).
The contact numbers under a negative binomial distribution with k = 100
and 6 = 0.03 (the mean and variance are 3.0 and 3.1) and k = 0.12 and
6 = 10 (the mean and variance are 1.2 and 13.3) are shown in the top and

bottom panels, respectively.
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Figure 2: Virus evolution in a given environment.
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The optimal parameter combinations (p and ¢) that maximize Rpp are
calculated for a parameter set of k = 100 and 6 = 0.03 in (A). The
white dot represents the optimal point of Rrp in a single simulation. Using
the same parameter set, 500 optima based on independent contact histories
are calculated in (B). The kernel plots illustrated alongside the top and right
parts are the marginal distributions of p and &, respectively. The white dot
exactly corresponds to the optimal point shown in a single simulation in

(A). The white cross indicated by the black arrow corresponds to the
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median of optimized parameter set of p and ¢ based on the 500
simulation runs. In a similar manner, the parameter set of k = 0.12 and

6 = 10 1is used to calculate the optimal parameter combinations (p and ¢)
in (C). Using the same parameter sets, 500 evolutionary consequences for
independently drawn contact histories are shown in (D). The white dot and
white cross correspond to the optimal point of the parameter set and the

median point, respectively.
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Figure 3: Virus evolution in various scenarios of contact history.
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A total of 441 contact history patterns are explored to determine the viral
evolution to an optimal R;p in a given environmental scenario. 500
iterations of each parameter combination of k and 6 are conducted to
determine the optimized parameter set of p and ¢ characterizing final
virus infection dynamics (i.e., different viral infection phenotypes). The
median of the optimized parameter set of p and & based on the 500
simulation runs is shown against the mean contact number of histories
(with logarithmic increase) determined by each parameter set of k and 6.
The combination of p and ¢ is plotted in (A) and (B), separately. Colors
represent the degree of the mean contact number: blue corresponds to a low
mean contact number, whereas red corresponds to a high mean contact
number. How virus infection dynamics vary with the mean contact number
is shown in (C). Several examples of the virus infection dynamics are

shown to represent the difference in the infectious period and the peak viral
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load. Numbers 1, 2, 3, and 4 in (C) are the corresponding dynamics
illustrated as white dots in (A), (B), (D), and (E), respectively. The duration
of the infectious period and Rrp varied with the mean contact number are
plotted in (D) and (E), respectively. In (E), the vertical dashed line
separates the area of mean contact number by an index, Ryp = 10°(= 1).
The corresponding dashed line is also illustrated in (A), (B), and (D).
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Figure 4: Virus evolution in various scenarios of variance in daily

contacts under three different mean contact numbers.
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Each color represents the mean contact numbers of 3.98, 0.79, 0.16,
respectively, corresponding to the colored dots in Fig. 3 in the main text.
We used the following parameter sets: the scale parameter 8 ranges from
0.5,1.0, 1.5, ..., 14.5, 15.0 (30 points in total), and the shape parameter k
ranges to keep the specific mean contact number. We conducted a total of
500 independent iterations for each parameter set of k and 6, and showed
the mean values. For different variance in daily contact numbers shown in

the horizontal axis, the optimal parameter combination of p and ¢ that
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maximizes Rpp is plotted in (A) and (B), separately. The duration of the
infectious period and R;p based on the parameters determined above are

plotted in (C) and (D), respectively.
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Supplementary Tables

Table A: Parameters used for virus infection dynamics in the main text

parameter value
Number of uninfected target cells at initial

_ 1000
time, T(t = 0)
Number of infected target cells at initial

: 0
time, I(t = 0)
Amount of infectious virus at initial time, 1
Amount of noninfectious virus at initial 0
time, Vyon(t = 0)
Initial number of uninfected cells, A 10
Rate of virus infection, f 0.0001
Death rate of noninfectious cells, u 0.01
Death rate of infectious cells, & Omax P/ (@ + pso)
Maximum value of &8, 8ax 1
Viral production rate satisfying &yax/2, 1000
Pso
Clearance rate of the virus, ¢ 10

Proliferative ability of virus, p
Accuracy of virus replication, &

Maximum duration of the infectious period,
Dmax

Viral load at which the duration is half of its
maximum, Vg

Steepness at which duration decreases with
increasing viral load, Dy

Basilar probability of infection immediately,
b

r-fold increase in infectiousness for each 10-
fold increase 1n infectious viral load, r

98

[0, 100, 200, ..., 9900]
(100 points in total)
[0.0,0.01, 0.02, ..., 0.99]
(100 points in total)

1000

1.0 x 10°
7.5

9.8 x 1078

25



Table B: Parameters used in GA Algorithm

parameter value
The size of the population 100
The number of iterations 100
The number of elitism 2
The probability of selection 1.0
The probability of crossover 0.7
The probability of mutation 0.1
The pre-defined range of p in mutation 200
The pre-defined range of &€ in mutation | 0.2
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Table C: Parameters used for the network models

model | parameter value

BA number of nodes, n 100
number of edges to attach from a new node to 1
existing nodes, m

WS number of nodes, n 100
nearest nodes which are connected, k 2
the probability of rewiring each edge, p 0.5

BA: Barabasi-Albert scale-free network model

WS: Watts-Strogatz small world network model
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Supplementary Figures

Figure D: Relation between duration of infectious period and peak

viral load.
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In each independent iteration, viruses evolve for the duration of the
infectious period and the peak viral load depending on the contact history:
high-density contact history (red) and low-density contact history (blue),
respectively. The black arrows correspond to the median values
representing the evolutionary endpoints. The parameter sets of shape and
scale used are as follows: (k, 8)= (1000, 0.002) for high-density contact
history, and (k, 8)=(0.12, 10) for low-density contact history,

respectively. For both contact histories, the distributions of duration of
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infectious period are illustrated as kernel plots above the main Figure. Also
shown to the right of the main Figure are the distributions of viral load
peak through virus infection dynamics. For the high-density contact history,
virus evolution results in a short duration of infectious period (5 days) with
a high viral load (1.0x10%). In contrast, for low-density contact history,
virus evolution results in a long duration of infectious period (672 days)
with a low viral load (2.5x10%). 500 simulations were run for each contact

history parameter set.
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Figure E: Evolution of virus on a contact history generated from the

Barabasi-Albert scale-free network model.
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An example graph of the BA model is illustrated in (A). Contact numbers
are calculated by counting the number of nodes that are connected to a
single node chosen at random (purple). In this example, the contact number
is 8 (orange). Iterating this process generates a contact history. An example
of a given contact history is plotted in (B) (only 100 days is shown).
Optimal parameter combinations (p and ¢) to increase Rpp are calculated
for a given contact history generated from the BA model in (C). Color

represents the degree of Rpp : blue corresponds to lower values of Ryp,
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and red corresponds to higher values of Ryp. The white dot represents the
optimal point that increases Rrp 1in a single simulation (see the
corresponding white dot in (D)). Using the same parameter set, 50 optima
based on independent contact histories are calculated in (D). The kernel
plots illustrated at the top and right of the Figure are the distribution of p

and ¢, respectively.
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Figure F: Evolution of virus on a contact history generated from the

Watts-Strogatz small world network model.
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An example graph of the WS model is illustrated in (A). Contact numbers
are calculated by counting the number of nodes that are connected to a
single node chosen at random (purple). In this example, the contact number
is 2 (orange). Iterating this process generates a contact history. An example
of a given contact history is plotted in (B) (only 100 days is shown).
Optimal parameter combinations (p and ¢) to increase Rpp are calculated
for a given contact history generated from the WS model in (C). Color

represents the degree of Ryp: blue corresponds to lower values of Rpp,
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and red corresponds to higher values of Ryp. The white dot represents the
optimal point that increases Rrp 1in a single simulation (see the
corresponding white dot in (D)). Using the same parameter set, 50 optima
based on independent contact histories are calculated in (D). The kernel
plot illustrated at the top and right of the Figure are the distribution of p

and ¢, respectively.
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Figure G: Virus evolution in various scenarios of contact history.
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Each row represents a single parameter set of (8,4, and psg), that is (A),
(B), (C) for (1.0, 500), (1.0, 2000), and (2.0, 2000), respectively. A total of
441 contact history patterns are explored for each parameter set of (8,45
and psg) to determine the vial evolution to optimize Rpp in a given
environmental scenario. We conducted a total of 500 independent iterations
for each parameter combination of k and 6 as well as in Fig..3 in the
main text. Numbers 1, 2, 3, and 4 in the panels of viral load are the
corresponding dynamics illustrated as white dots in the columns of p, ¢,
the duration of infectious period, and Rpp, respectively. In the panels of
Rrp, the vertical dashed line separates the area of mean contact number by
anindex, Rrp = 10°(= 1) described by the horizontal dashed lines. The
corresponding dashed line is also illustrated in the panels of p, ¢, and the

duration of infectious period.
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Figure H: Different function types in the duration of infectious period

assumed to depend on the cumulative viral load.
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The black line represents the sigmoidal relationship calculated by Eq.(5)

shown in the main text, and the function shape is exactly the same as that
used throughout the paper (i.e., using the parameters provided in Table A).
For elucidating the monotonically decreasing relationship, we define the
linear (blue line) and the exponential (red curve) relationship as follows:
Diax — MViotar and Do grexp(—mVigrar), respectively. We have assumed
that the maximum duration of the infectious period is the same (1000)
among all the functions. For testing robustness in the results of the current
model using the linear and exponential relationship, see the following Fig. I
and J. Parameters include m = 5.0 X 107 and n = 3.0 x 1076,
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Figure I: Virus evolution in various scenarios of contact history where
a monotonically decreasing linear relationship is assumed between the

duration of the infectious period and the cumulative viral load.
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A total of 441 contact history patterns are explored to determine the viral
evolution to an optimal R;p in a given environmental scenario. 500
iterations of each parameter combination of k and 6 are conducted to
determine the optimized parameter set of p and ¢ characterizing final
virus infection dynamics (i.e., different viral infection phenotypes). The
median of the optimized parameter set of p and ¢ based on the 500
simulation runs is shown against the mean contact number of histories
(with logarithmic increase) determined by each parameter set of k and 6.
The combination of p and ¢ is plotted in (A) and (B), separately. Colors
represent the degree of the mean contact number: blue corresponds to a low
mean contact number, whereas red corresponds to a high mean contact

number. How virus infection dynamics vary with the mean contact number
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is shown in (C). Several examples of the virus infection dynamics are
shown to represent the difference in the infectious period and the peak viral
load. Numbers 1, 2, 3, and 4 in (C) are the corresponding dynamics
illustrated as white dots in (A), (B), (D), and (E), respectively. The duration
of the infectious period and Rrp by the mean contact number are plotted
in (D) and (E), respectively. In (E), the vertical dashed line separates the
area of mean contact number by an index, Rrp = 10°(= 1). The
corresponding dashed line is also illustrated in (A), (B), and (D).
Concerning the actual function shape for the duration of infectious period,

see Fig. H.
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Figure J: Virus evolution in various scenarios of contact history where
a monotonically decreasing exponential relationship is assumed
between the duration of the infectious period and the cumulative viral
load.
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A total of 441 contact history patterns are explored to determine the viral
evolution to an optimal R;p in a given environmental scenario. 500
iterations of each parameter combination of k and 6 are conducted to
determine the optimized parameter set of p and ¢ characterizing final
virus infection dynamics (i.e., different viral infection phenotypes). The
median of the optimized parameter set of p and ¢ based on the 500
simulation runs is shown against the mean contact number of histories
(with logarithmic increase) determined by each parameter set of k and 6.
The combination of p and ¢ is plotted in (A) and (B), separately. Colors
represent the degree of the mean contact number: blue corresponds to a low

mean contact number, whereas red corresponds to a high mean contact
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number. How virus infection dynamics vary with the mean contact number
is shown in (C). Several examples of the virus infection dynamics are
shown to represent the difference in the infectious period and the peak viral
load. Numbers 1, 2, 3, and 4 in (C) are the corresponding dynamics
illustrated as white dots in (A), (B), (D), and (E), respectively. The duration
of the infectious period and Rrp by mean contact number are plotted in
(D) and (E), respectively. In (E), the vertical dashed line separates the area
of mean contact number by an index, Ryp = 10°(= 1). The corresponding
dashed line is also illustrated in (A), (B), (D). Concerning the actual

function shape for the duration of infectious period, see Fig. H.
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Chapter3

Isolation may select for earlier and higher peak viral load but

shorter duration in SARS-CoV-2 evolution

This study in this chapter was published in J. Sunagawa, H. Park, KS. Kim,
R. Komorizono, S. Choi, LR. Torres, J. Woo, YD. Jeong, WS. Hart, RN.
Thompson, K. Aihara, S. Iwami, R. Yamaguchi, “Isolation may select for
earlier and higher peak viral load but shorter duration in SARS-CoV-2
evolution.” Nat Commun 14, 7395 (2023).
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Introduction

The human impact of population densities and activities on the
global environment has increased so dramatically that the current
geological era has been termed the Anthropocene [1]. Human-mediated
selection constitutes one of the most significant and pervasive selective
pressures on Earth, changing at a pace that requires rapid evolution of
adaptive responses by all organisms [2]. COVID-19-related restrictions and
the resultant changes in human activities created a phenomenon termed
“anthropause,” that is, a considerable global slowing of human activities

and the effects of human activity on nature [3].

Human history has always been interwoven with viruses. Viruses
debilitate many people and can have large-scale demographic effects on
human populations according to immunity and prior disease exposure [4].
On the other hand, humans are an essential arena in which viruses evolve.
Changes in human population size, immunity, and behavior based on public

health policy can facilitate the rapid evolution of viruses [5].

We are facing the ongoing rapid emergence and adaptation of
SARS-CoV-2. The virus was initially discovered in Wuhan, China, in late
December 2019 (B lineage, strain Wuhan-Hu-1) and spread worldwide.
Virus bearing the D614G substitution on the surface of the spike protein
emerged in 2020 and became dominant among the circulating SARS-CoV2
variants [6]. The Alpha variant (B.1.1.7), first detected in the UK at the end
of 2020, displayed a 43—90% higher reproduction number than pre-existing
variants [7]. Interestingly, however, Alpha faded away with the rise of the
more transmissible Delta variant (B.1.617.2) [8,9], which was first
documented in India in October 2020. Then, the Omicron variant
(originally B.1.1.529), which was first isolated in South Africa on October
2021, spread aggressively. A range of Omicron subvariants (BA.1, BA.2,
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BA .4, and BA.5S) eclipsed the Delta variant, and the Omicron variant
became the predominant variant worldwide after February 2022 [10].
Currently, several new Omicron subvariants (BQ.1, XBB, and others) are
emerging and are reported to be more transmissible and resistant to
immunity generated by previous variants or vaccinations [11]. Collectively,
these observations indicate that SARS-CoV-2 has continuously been
evolving and variants have continued to emerge to replace existing viral

strains worldwide, as observed with influenza [12].

An understanding of the epidemiological and clinical characteristics
of current and future emerging infectious diseases is important for
developing adaptive treatments, including antivirals and vaccinations, and
screening and isolation strategies. Thus, evaluating and predicting how
viral dynamics changes throughout infection through evolution is essential
[5,13—16]. An unprecedentedly large volume of high-quality data have
accumulated during the COVID-19 pandemic, and here we analyze the data
on SARS-CoV-2 variants to benefit preparedness for future pandemics. As
we discuss elsewhere [15—18], quantifying and comparing the timing and
height of peak viral load and the duration of viral shedding among SARS-
CoV-2 variants are of critical importance. In addition, understanding the
driving forces behind viral evolution is also required, given the different
selective pressures acting on the virus [5]. In general, the infection- and/or
vaccine-induced immune response to antiviral drugs (i.e., pharmaceutical
interventions: Pls) leads to virus evolution. The strongest evidence for
selection based on human intervention is the rapid evolution of immune-
escaping mutations in the Omicron variant, which often occur in parallel
and can be predicted ahead of time [19]. In contrast, nonpharmaceutical
interventions (NPIs), such as isolation, quarantine, social distancing, and
wearing a face covering, efficiently prevent close contact, in particular, in
symptomatic patients, given that most cases are the result of community

transmission. NPIs have proven effective in reducing the spread of SARS-
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CoV-2 in many contexts [20—25]. The introduction of strong selection
pressure by NPIs and the evolutionary impact of this has been the focus of
much attention [26—28], but how viral load dynamics are altered in vivo has
not yet been explored. We were thus interested in the role of isolation as a
strong NPI and explored the possible impact of such human behavioral

changes on SARS-CoV-2 evolution.

So far, statistical analyses have shown that SARS-CoV-2 viral
kinetics are mainly dominated by individual-level variation [29], but the
kinetics may be partly determined by immunity and variant [30]. Here, to
explore the isolation-driven viral evolution, we first quantified the viral
dynamics from existing data on the viral load over the course of SARS-
CoV-2 infection for the pre-Alpha (non-variants of interest/variants of
concern [VOI/VOCs] types) [14,31], Alpha, and Delta variants (i.e.,
individual-level virus infection model) considering both individual and
variant-specific variations in kinetics. Then, to explain and predict the
evolutionary patterns of SARS-CoV-2 variants in terms of the time-series
pattern of viral load, we developed a multi-level population dynamics
model by coupling a population-level virus transmission model with the
individual-level virus infection model. Under different clinical phenotypes
for COVID-19 patients, defined here as the incubation period and the
proportion of symptomatic infections, we evaluated how the time-series
patterns of viral load and, therefore, SARS-CoV-2, evolve under isolation
of infected individuals. We interestingly demonstrate that NPIs may select
for earlier and higher peak viral load but shorter duration of infection in
SARS-CoV-2. Although there are multiple ways to cause the recent
evolutionary trajectory, the concepts and variables that affect the current
transition can be anticipated. We discuss the potential evolution of SARS-
CoV-2 as it adapts to maximize transmissibility in the presence of a human

behavior change.

116



Results

Characterizing the time-series pattern of viral load for SARS-CoV-2

variants

We analyzed the viral load of SARS-CoV-2 for the pre-Alpha (non-
VOI/VOCs) [14,31], Alpha [31,32], and Delta variants [31,32] using a
simple mathematical model describing viral dynamics [15-18] (see Table
S1 and METHODS). To consider inter-individual variation in the patients’
viral loads, we employed nonlinear mixed effect models to estimate the
parameters. The estimated population parameters are shown in Table S2.
The typical behavior of the mathematical model, Egs. (4, 5), using these
parameters is shown in Fig. 1A and Fig. S1 for the pre-Alpha (black),
Alpha (blue), and Delta variants (red), respectively. Note that the time of
infection (i.e., t = 0) is estimated in our model fitting by using fixed initial
values [33] (see METHODS). These quantified virus infection dynamics
highlight how the properties of the virus differ variant by variant.

To characterize and compare the infection dynamics of these SARS-
CoV-2 variants, we quantified the distributions of the peak viral load, peak
time, and duration of viral shedding, D, (Fig. 1B-D). Here duration of
viral shedding indicates the time for which the viral load is detectable. We
found that peak time did not differ significantly between the pre-Alpha and
Alpha variants (Fig. 1C). The peak viral load also was not significantly
different between the Alpha and Delta variants (Fig. 1B, D). However,
interestingly, we found that the peak viral loads for the Alpha and Delta
variants were higher than for the pre-Alpha variants (p = 2.9 X 1077 and
8.8 x 107% by the Mann-Whitney-Wilcoxon test, respectively) (Table 1).
The peak time and duration of viral shedding for the Delta variant were
shorter than those for the pre-Alpha and Alpha variants (for the peak time:

p-values are less than 2.2 X 1071® for the duration of viral shedding: p =
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1.4 x 10715

and 1.1 X 107® by the Mann-Whitney-Wilcoxon test, respectively)
(Table 1). Taken together, our results highlight that the duration of viral
shedding was shortened and the peak viral load was increased and
advanced as SARS-CoV-2 evolved. This implies that SARS-CoV-2 is
evolving to a more “acute phenotype” [34], mainly characterized by an
advanced peak time and a shorter duration of viral shedding compared with

the pre-Alpha variants.

To further characterize the time-series pattern of viral load for
SARS-CoV-2 variants during evolution of the virus (i.e., the Alpha variant
emerged during the spread of the pre-Alpha variants, and the Delta variant
emerged after the spread of the Alpha variant), we first investigated the
relation between the duration of viral shedding, D, and the cumulative log-
transformed viral load, V.4, defined as the area under the curve (i.e.,
AUC [log;, viral RNA copies/ml X days]) (Fig. 1E). We found Va1
increased as D increased (i.e., positive correlation) (see METHODS).
Interestingly, there was also a trend that V;,.,; decreased as SARS-CoV-2
evolved: Vi,tq; for the Delta variant was smaller than that for the pre-
Alpha and Alpha variants (p = 1.1 X 10”7 and 9.4 X 10~® by the Mann-
Whitney-Wilcoxon test, respectively). In addition, to understand the
epidemiological consequences of these variants, we also calculated the
transmission probability of each variant depending on the time after
infection (see Fig. 1F and METHODS). We found that the transmission
probability of the Alpha variant remained a high transmission probability
for a longer period of time than the pre-Alpha variant. Furthermore, the
transmission probability of the Delta variant peaked at 3.0 days after
infection [9] but decreased to almost 0 by 8.0 days, suggesting that
evolutionary process promotes effective and rapid transmission within

human populations (see below for details).
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Prediction on time-series pattern of viral load of SARS-CoV-2

evolution with NPIs

In the comparison of viral shedding dynamics, the Alpha variant
showed a higher peak viral load than the pre-Alpha variants (Fig. 1B).
Although the duration of viral shedding for the Alpha variants was less than
that for the pre-Alpha variant (Fig. 1D), the transmission probability of the
Alpha variants remained higher for a long time (Fig. 1F). Note that a
similar difference between the pre-Alpha and Delta variants can be
observed (Fig. 1B, D, F). These findings demonstrate that the Alpha-like
and the Delta-like variants showed a high peak viral load but a relatively
short duration of viral shedding as the virus evolved among human

populations.

In contrast, in a comparison of the Alpha and Delta variants, the
selective force to facilitate the evolution of the Delta-like variant is not
trivial. This is because the peak viral load and the duration of viral
shedding were similar between the Alpha and Delta variants (Fig. 1B, D),
and therefore the highest transmission probability maintains almost the
same level and length for these variants (Fig. 1F). The difference between
the Alpha and Delta variants is the peak time, that is, the peak time of the
Delta variant was significantly earlier than for the Alpha variant (Fig. 1C).
Our hypothesis is that the Delta-like variants showing an earlier peak time
but similar peak viral load and duration of viral shedding (i.e., acute
phenotype) had a general advantage under human-mediated selection
pressures (i.e., earlier infections result in more descendants). COVID-19
patients show both symptomatic and asymptomatic infection, and the
incubation period and the proportion of asymptomatic patients are
decreasing and increasing, respectively, as SARS-CoV-2 evolves [35,36].

To prevent the chain of transmission, patients showing symptoms are
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usually isolated or hospitalized or subjected to other NPIs [37,38].
Symptomatic patients primarily generate secondary infections prior to
symptom onset, that is, during the pre-symptomatic period. On the other
hand, asymptomatic patients can be infectious during the whole duration of
viral shedding. Below we show that a strong NPI, defined as the isolation
of symptomatic infected individuals after symptom onset, could be a
driving force for SARS-CoV-2 evolution. Note that although we can easily
incorporate variant-specific virological characteristics such as infectivity
per virus by changing the probability of transmission (see METHODS),

we ignore these differences here for simplicity.

NPI-driven SARS-CoV-2 evolution

Using the probabilistic multi-level model, which considers both
individual-level virus infection dynamics and population-scale
transmission, as shown in Eqs. 1-3, 6, and the genetic algorithm (GA),
which mimics virus phenotypic evolution [34], we explored how the time-
series patterns of viral load evolved under NPIs. The schematic diagram of
our multi-level modeling is described in Fig. 2, and a detailed explanation
is provided in the METHODS.

Briefly, from the assumption that the virus evolves to increase its
“transmission potential”, defined as R;p (i.e., the total number of
secondary cases generated throughout the infectious period), we calculate
Rrp under various patterns of infection rate, [, and virus production rate,
p. Thus, the transmissibility fitness landscape of Ryp is constructed as a
function of (B, p), given the incubation period (i.e., time from infection to
symptom onset), T, and the proportion of symptomatic patients, f. Note
that the transmissibility fitness landscape of Rpp 1s constructed as a
function of only B and p, because the other parameters or initial values

are estimated or determined (see METHQODS). Under this analysis, we
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considered the (additional) effect of isolation, which is only applicable to
symptomatic individuals and which assumes that isolation always perfectly
prevents the transmission chain (i.e., perfect isolation; T* < t). In other
words, the (baseline) effect of isolation, which is applicable to all
individuals regardless of symptomatic or asymptomatic infection (e.g.,
wearing a face mask, social distancing), is assumed to be involved in the

parameters in our multi-level model without loss of generality.

In the absence of symptomatic infection (i.e., all patients are
asymptomatic: f = 0), we analyze SARS-CoV-2 evolutionary dynamics
by exploring the optimal set of § and p, which characterizes the time-
series pattern of viral load, with GA (see Table S3, S4 and Algorithm S1).
Without symptomatic infection, there is no effect of symptom-dependent
isolation on the transmission chain at all. The optimal sets of (S, p), the
transmissibility fitness landscapes, the trajectories of Rpp along the course
of GA, and its distribution are described in Fig. S2A—C, respectively. The
time-series patterns of viral load with the optimal parameters and the
corresponding timing of peak viral load (i.e., peak time) are described in

Fig. S2D, E, respectively.

In contrast, in the absence of asymptomatic infection (i.e., all
patients are symptomatic; the fraction of symptomatic infection is f = 1),
all individuals lose their transmissibility by NPIs after symptom onset
(T* < t). Depending on the incubation period, T, the distributions of
optimal sets of (B,p) are located in different parameter ranges, and the
corresponding transmissibility fitness landscapes are altered (Fig. S3A, B).
Because isolation can prevent the transmission chain before the focal
infected individuals became highly infectious, given a small T* such as
T* = 1.0 day (i.e., almost no transmissions occur during the pre-
symptomatic period), Ryp with the optimal parameters is basically less
than 1 (Fig. S3B). On the other hand, given a large T* (e.g., T* = 10.0

121



days), isolation is delayed, and therefore the transmissions are allowed
during the pre-symptomatic period. Thus, R;p increases as T* increases
(Fig. S3B). Note that the effect of isolation is weak for T* = 10.0 because
the viral load already drops to a very low level at the moment when
isolation is applied to the symptomatic patients, and thus the transmission
probability is low. In fact, the virus evolution shows similar patterns
observed in the absence of symptomatic infection (f = 0) (Fig. S2A-C vs.
Fig. S3A-C for T* = 10.0, for example). The time-series patterns of viral
load and the corresponding timing of peak viral load are also described in
Fig. S3D, E, respectively. Interestingly, compared with the case where all
patients are asymptomatic (f = 0), acute phenotypes showing an earlier
peak but similar peak viral load and duration of viral shedding are selected
(i.e., isolation-driven evolution). Thus, in the absence of asymptomatic
infection, selection generated by isolation 1s maximized and drives
convergent evolution of viral load dynamics (Fig. S3D). Additionally,
because of smaller transmission potential (i.e., secondary [focal] infectious
individuals may not be effectively generated and sometime less than one),

isolation-driven evolution might be unlikely to occur under this situation.

In the realistic situation, there are both asymptomatic and
symptomatic infections (i.e., 0 < f < 1), and only symptomatic patients
interfere with secondary infection by isolation after symptom onset. We
next evaluated virus evolution under the different incubation period of T*
with the fixed fraction of f = 0.3 (i.e., 30% of infected individuals show
symptoms). Note that there is substantial uncertainty in the value of f, and
we conduct supplementary analyses for different values of f (see below).
As described in Fig. 3A, the optimal sets of (8, p) are widely distributed
for T* = 1.0 and T* = 3.0 days, but those are narrowed for T* = 6.0
and 10.0 days. This is because the transmissibility fitness landscapes of
viruses differ between asymptomatic and symptomatic patients in the case

of relatively small incubation periods, whereas the difference is small for
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large periods (Fig. 3B). We note that having a higher peak viral load while
maintaining a rather long duration favors an increase in Ryp, and viral
dynamics with this characteristic are achieved when £ is low and p is
relatively high, such as optimal sets of (f,p) for the asymptomatic case

(or in the absence of isolation) in Fig. 3B.

In the search for the optimal parameter set by GA, depending on the
type of focal infectious individual (who is stochastically chosen), directions
of virus evolution stochastically change so that neither peak of the
transmissibility fitness landscape can be unreachable (compare the colored
dots in Fig. 3A with the white dots in Fig. 3B for T* = 1.0 and 3.0)
unless the evolutionary rate is extremely fast. Thus, an intermediate
parameter set becomes the equilibrium state. Moreover, we calculated Rpp
for each infected individual: the trajectories of Ryp with the optimal
parameters vary around 1, especially with short incubation periods (Fig.
3C), because Rrp depends on the types of focal infectious individual and
Rrp for the symptomatic individuals is basically smaller than that for the
asymptomatic individuals (sometimes less than 1) because of isolation
(Fig. 3B).

As observed in the absence of asymptomatic infection, the time-
series patterns of viral load (Fig. 3D) with the optimal parameters (Fig. 3E)
also depend largely on the incubation period T* because of isolation. Of
note, in the realistic situation with 0 < f < 1, because (secondary)
infectious individuals are mainly maintained via transmissions by
asymptomatic individuals, isolation-driven evolution for relatively small
incubation periods may occur, and the peak viral load is advanced. Fig. 3D,
E also demonstrate that faster peak time is associated with larger value of
the product of p and p. This is due to the combined effect of larger p
and [ values, resulting in both rapid and increased amount of virus

production during an early phase of infection. For our sensitivity analysis,
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we conducted the same simulations for f = 0.5,0.6,0.7 and obtained

similar conclusions (see Fig. S4).

We have thus far assumed ‘perfect isolation’ in our results, where
transmission 1s completely halted once patients become symptomatic.
However, we understand that in practice, i1solation is sometimes imperfect,
leading to continued virus transmission. To account for this, we introduced
a factor &, modifying the contact numbers post symptom onset (C*(t) =
C(t) x &), with & representing incomplete isolation probabilities of 0.1
and 0.3. In general, this extension yielded consistent outcomes with our
initial findings (Fig. S5). However, it indicated that incomplete isolation
leads to a less pronounced evolution towards an earlier, higher peak in viral
load dynamics at a small T* (suchas T* = 1: it is unreasonably small in
the context of COVID-19 and therefore we may exclude this situation
thought) (Figs. S5-1). Even in cases where T* is small, and it
significantly drives virus evolution, the deterministic selective pressure is
weakened due to the probabilistic failure of i1solation. This situation is
analogous to a scenario where all patients have asymptomatic infections as
a result, making advancing the peak viral load no longer beneficial because
of the short pre-symptomatic period. The trend becomes more prominent
when the probabilistic failure of isolation occurs frequently (e.g., £ = 0.3
in Figs. S5-2).

As we confirmed in Figs. 3, Fig. S2, S3, and S4, the higher
proportion of symptomatic infection enhances the selection pressure for
virus evolution via isolation. Taken together, these results suggest that
while isolation inhibits the chain of transmission from symptomatic focal
infectious individuals after symptom onset, in the realistic situation, SARS-

CoV-2 evolves toward the acute phenotypes.

Effect of prior immunity on NPI-driven SARS-CoV-2 evolution
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Considering another modeling assumption, our initial mathematical
model did not account for the influence of COVID-19 vaccinations or prior
infections. Given the widespread infection and vaccination leading to high-
level population immunity worldwide, this factor could have a profound
impact on the evolution of the virus. Some studies suggest that COVID-19
vaccinations may affect the SARS-CoV-2 infection dynamics [32,39].
Accordingly, we conducted further analysis to investigate the impact of

prior immunity caused by vaccinations or prior infections on our findings.

We first reanalyzed SARS-CoV-2 infection dynamics in Fig. S6,
including additional 68 participants (14 and 54 patients for the Alpha and
the Delta variants, respectively), who were excluded due to prior infections,
and obtained the consistent statistical trends in line with our findings
described in Fig. 1A, reinforcing the robustness of our conclusions.
Specifically, we observed that the duration of viral shedding keeps
decreased in evolution. The peak time did not exhibit significant
differences between the pre-Alpha and Alpha variants, and the peak viral
load did not significantly differ between the Alpha and Delta variants.
However, the peak viral loads for both the Alpha and Delta variants were
higher compared to the pre-Alpha variants (p = 0.002 and 3.3 X 1077,
respectively). Moreover, Delta variant exhibited a shorter peak time in
comparison to both the pre-Alpha and Alpha variants (p = 2.2 X 10716 for
both cases) (Fig. S6). These confirmed that the statistical trend for SARS-

CoV-2 evolution 1s remained regardless of the prior infections.

Furthermore, we extended our in silico analysis to incorporate a
vaccinated population, considering vaccination rates set probabilistically at
50% and 80%. For those vaccinated, we increased the clearance rate (&) by
1.5 times. This assumption for clearance rate shortened the viral shedding
period by about 3 days, and this is larger than the previously reported

shortening period of 2 days [32]. Thus, a 1.5-fold increase in clearance rate
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is sufficient to account for an increase in clearance rate caused by the
vaccination. The incorporation of this stochastic environment led to a
modest increase in the variance of optimal virus parameters. However, it is
essential to note that these changes in the model maintained our main
conclusion. The mean values derived remained consistent with our original
findings: viruses were selected for had an earlier peak and higher viral load
dynamics, but a shorter duration of infection (Fig. S7). The selective
pressure for increased transmissibility shapes the viral load dynamics, and
isolation measures are likely to be a critical driver of these evolutionary

transitions even considering the prior immunity.

Validating SARS-CoV-2 evolution with Omicron variants

The Omicron variant (originally B.1.1.529) was first isolated in
South Africa in October 2021 [10,40]. After that time, of the identified
Omicron subvariants, the BA.1 subvariant rapidly spread worldwide and
became the most prevalent SARS-CoV-2 variant in many countries (Fig.
4A). Here, we consider simply the situation that BA.1 emerged during the
spread of the Delta variant, which was the most predominant variant
worldwide before BA.1, under NPIs.

To validate our hypothesis that isolation may be a selection pressure
to further drive the evolution of viral phenotypes, we additionally used the
longitudinal viral load of SARS-CoV-2 from the BA.1 subvariant in 49
infected patients [29] (Table S1), and similarly analyzed those data
together with the same data for the Delta variant (see METHODS in
detail). The individual viral loads for the Delta variant (red) and BA.1
subvariant (green) are described in Fig. S8, and the estimated population
parameters are shown in Table S5. We found that the time-series pattern of
viral load for the BA.1 subvariant differed from that for the Delta variant as

described in Fig. 4B. We further characterized and compared the
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distributions of the peak viral load, peak time, and duration of viral
shedding in Fig. 4C. Interestingly, while we found almost the same peak
time for the BA.1 subvariant viral load with a similar duration of viral
shedding (p = 0.09 and 0.48 by the Mann-Whitney-Wilcoxon test,
respectively), the comparison of peak viral load suggested a lower peak for
the BA.1 subvariant than for the Delta variant (p = 1.3 X 107 by the
Mann-Whitney-Wilcoxon test). On the other hand, as we expected, the
BA.1 subvariant showed an earlier peak time and shorter viral shedding
compared with the pre-Alpha and Alpha variants (see Fig. 1A-D vs. Fig.
4B, C). Altogether, these results imply that SARS-CoV-2 evolution toward
an earlier peak viral load was maintained but slowed down. Interestingly,
similar evolutionary trends were confirmed in a non-human primate model
infected with different VOCs of SARS-CoV-2 [41], obviously without NPIs
in these cases. We discuss a mechanism behind those convergent
phenotypic changes in detail later (see Discussion). Our quantitative
empirical clinical data analysis based on our hypothesis could support that
SARS-CoV-2 variants have evolved their acute phenotypes via a human-

mediated selection pressure such as isolation.
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Discussion

Understanding the entire arc of a virus’s impacts on an outbreak
requires knowledge of how the virus and human populations interact and
placing the relationship within not only immunological but societal and
cultural contexts. Here we quantified the infection dynamics of the SARS-
CoV-2 variants from the patients’ longitudinal viral load data. In the
process of evolutionary transitions among the pre-Alpha, Alpha, Delta, and
Omicron variants, we found the durations of viral shedding were shortened,
except for the Omicron variant, and the peak viral load was increased (from
the pre-Alpha to Alpha variants) and advanced (from the Alpha to Delta
variants) (Fig. 1A-D). Increasing peak viral load (unless individuals
become so sick that they do not circulate) is obviously advantageous for
virus evolution because it effectively increases transmission probability
(Fig. 1F). In contrast, we interestingly demonstrated that the advantage of
the advancing peak viral load may depend on clinical phenotypes (i.e., the
incubation periods: T* and the proportion of symptomatic: f) for virus
variants and the community environment (i.e., with/without isolation) (Fig.
3, Figs. S2 and S3). Hence, using quantitative empirical data analysis and
the multi-level population dynamics model, we suggested that isolation
potentially plays the role of a human-mediated selection pressure for
SARS-CoV-2 evolution.

A higher proportion of asymptomatic infection and a longer
incubation period than for other acute respiratory viruses are notable
features of COVID-19 and are major factors increasing the basic/effective
reproduction number [42,43]. The proportion is reported to be around 30%
[44,45], and the incubation period is 2 to 12 days [46]. Because
transmission via symptomatic individuals is usually prevented by isolation
(and other PIs/NPIs), SARS-CoV-2 is mainly transmitted during the

asymptomatic and pre-symptomatic periods, implying that advancing the
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peak viral load can effectively generate more secondary infections. As we
explained in Fig. 3, under isolation, early peak viral loads such as for the
Delta and Omicron variants are beneficial to variants having a shorter
incubation period, because the effect of isolation on reducing transmission
probability is mitigated and therefore Rrp increases (see Fig. S9). Thus, in
addition to PIs, isolation could be one of the driving forces promoting virus
evolution as the Delta variant dominated after the spread of Alpha. In fact,
broken down by VOC:s, the incubation period of COVID-19 was 6.65 days
for the pre-Alpha, 5.00 days for the Alpha, 4.50 days for the Beta, 4.41
days for the Delta, and 3.42 days for the Omicron variants [36,47]. The
incubation period decreased as SARS-CoV-2 mutated, implying the
selection pressures by NPIs enhanced virus evolution, as we confirmed in
Fig. 3.

In contrast, when comparing the recently emerged Omicron variant
with other variants, it has been reported that the Omicron variant is
evolving to show a higher proportion of asymptomatic infection [35].
Whereas a shorter incubation period enhances an earlier peak viral load as
discussed above, a higher proportion of asymptomatic infection impairs the
driving force of virus evolution, meaning a simple one-directional virus
evolution (i.e., earlier and higher peak viral load) does not occur.
Interestingly, these trends are observed for the subvariant BA.1 in Fig. 4B,
C, that 1s, decreasing the peak viral load. From the perspective of virus
evolution, which maximizes the basic/effective reproduction number (or an
average of the transmission potential for symptomatic and asymptomatic
infection Ryp in this study, for example), the evolution of a higher
proportion of asymptomatic infection is always favored because
transmissions are not limited when those infected individuals are not
isolated. This means that once the higher proportion of asymptomatic
infection evolves, other viral phenotypic changes designed to avoid

isolation will be suppressed. In other words, viral phenotypes showing
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slower and/or lower peak viral load can evolve (see Fig. S9). This
perspective grounded on the assumption that the evolution of virus
phenotype and the evolution of clinical phenotype may often be decoupled.
While we believe that this assumption can be accepted [48,49], we also
acknowledge that it should be noted that a consensus applicable to all cases
has not been established [48,50,51].

A reasonable expectation during the COVID-19 pandemic is that
the virus could evolve to develop increased transmissibility, reflecting
adaptations to propagation in the new human host [5] and the rapidly
changing environments by PIs and NPIs. Taken together, as described in
Fig. S9, we found there are at least two antagonistic forces enhancing and
mitigating the earlier and higher peak viral load evolution via isolation
during the process of SARS-CoV-2 evolution from the pre-Alpha to the
Omicron variants via the Alpha and Delta variants: decreasing the
incubation period and increasing the proportion of asymptomatic infection,
respectively. Although both forces may increase transmissibility, the
balance between these two forces mitigates or stops the evolution of SARS-
CoV-2 phenotypes defined as the time-series patterns of viral load. There is
a possibility that the strength of NPIs per se could be weakened worldwide
as interest in COVID-19 drops off, and therefore the mitigated selection
pressure by NPIs allows the observed trend of the lower peak viral load of
the BA.1 subvariant (which provides benefits at the host individual level
such as evading host immunity) in Fig. 4B, C. However, the current
framework of our multi-level model cannot explain the evolution of a
“stealth” phenotype showing a decreased peak viral load with a high
proportion of asymptomatic infection. A further detailed analysis is
required once numerous datasets of different Omicron subvariants, such as
BA.2, BA.4, BA.5, BQ.1, and XBB, become available.

Our study acknowledges certain limitations. Firstly, we assumed
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that the incubation period, T*, and the proportion of symptomatic infected
persons, f,are given as “environment” parameters, meaning we ignored
the relation between virus evolution and clinical phenotypes. We expect
that this is a reasonable assumption because recent SARS-CoV-2 human
challenge clearly showed no quantitative correlation between patients’
time-series pattern of viral load and symptoms [49]. Second,
coevolutionary dynamics between hosts and viruses may result in long-
term non-equilibrium evolutionary dynamics. A recent theoretical study
revealed that viruses that often show antigenic escape from host immunity
evolve through non-equilibrium dynamics [52], indicating that
transmissibility fitness Ry p is no longer the appropriate measure to
understand patterns of virus evolution. Although the current framework
does not consider such coevolutionary dynamics explicitly, we successfully
captured transmission in viral load dynamics throughout the pandemic,
which suggests that in our case transmissibility potential is a useful proxy.
This may be because SARS-CoV-2 mutates slowly enough (on average,
SARS-CoV-2 evolves 3-4 times slower than influenza virus [53]) to
consider the long-term evolutionary equilibrium as in the classic context of
endemic diseases. Third, our empirical data analysis and the multi-level
simulation model do not explicitly account for the influence of population-
level immune status on the evolution of SASR-CoV-2. Our additional
analysis (Figs. S6 and S7), taking into consideration individuals with prior
immunity, can alleviate concerns that individual host immune status
significantly affects infection dynamics. However, the collective immune
status at the population level can also shape the environment in which the
virus evolves [54,55]. While strictly demonstrating the influence of
population-level immune status on viral evolution through empirical data
analysis may pose challenges, we maintain that our research offers
significant insights into the potential interplay between human behavior

changes and viral evolution.
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The last but not least caveat for our modeling is the possibility that
the evolutionary speed of SARS-CoV-2 and other potential selection
pressures could generate the same evolutionary pattern presented here. The
speed of evolution of a viral pathogen depends not only on the background
mutation rate but also the virus generation time, the duration of infection,
the number of variants that develop during the infection of an individual,
etc [5]. If mutations occur too slowly, the virus prevalence decays prior to
the appearance of a beneficial mutation that makes transmissibility higher.
On the other hand, if mutations occur too rapidly, the pathogen evolution
becomes volatile and, once again, the virus fails to spread [56]. Thus,
mutation-selection balance is not negligible when discussing the
evolutionary and epidemic outcomes in the future. We assumed that
isolation truncated transmissibility time-series so that an earlier peak was
selected for in a plausible way. However, there may be another selection
pressure to increase the number of secondary infections by increasing the
initial slope of viral load dynamics, which also leads to an earlier peak. In
general, which functional mutations can occur, how frequently they can
occur, and how favorable they are compared with other strains should all be
combined to predict the future trajectory of COVID-19.

In conclusion, using longitudinal viral load data, we demonstrated
that an earlier and higher peak viral load but a shorter duration were
selected for during SARS-CoV-2 evolution. We hypothesized that this
evolution of SARS-CoV-2 infection dynamics might be associated with
non-pharmacological interventions. However, it was challenging to strictly
substantiate this hypothesis with current available data. Thus, we designed
a probabilistic multi-level model, and our simulations using this model can
inform hypotheses about the mechanisms that underlie virus evolution
under isolation according to clinical phenotypes. Because NPIs are among
the best ways of controlling a pandemic when a vaccine is not yet

available, isolation as a strong NPI might be the first choice for a primary
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mitigation strategy for current and future emerging infectious disease. The
impact of human behavior change on patterns of virus evolution must be
considered when evaluating future scenarios of COVID-19. It would also
be essential to investigate evolution considering economically preferred
interventions, such as social distancing and mask-wearing, as well as
isolation and combinations of these measures [57]. Although several types
of COVID-19 vaccine are now available, many breakthrough infections are
still being observed. Therefore, NPIs still play an important role in
controlling the COVID-19 pandemic. It is also expected that new variants
of concern after Omicron will become dominant. Thus, assuming that new
variants and other pathogens will emerge in the future, it is important to
consider the evolution of pandemic viruses when shaping public health

strategies.
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Methods
Study data

We searched for longitudinal viral load data from COVID-19
patients categorized with pre-Alpha, Alpha, Delta, and Omicron variants in
PubMed and Google Scholar. Data meeting the following criteria were used
to estimate parameters of the viral dynamics model: (1) viral loads were
assessed at two time points or more and (2) samples were collected from
the upper respiratory tract, such as from the nose or pharynx. Because all
the data were extracted from published papers, ethics approval was not

required in this study.

Four papers were identified that met the inclusion criteria. In total,
viral load data from 86 patients infected with pre-Alpha variants (non-
VOI/VOCs types), 59 Alpha variant patients, 80 Delta variant patients, and
49 Omicron (BA.1) variant patients were used for parameter estimation of
the viral dynamics model. Three studies were from the USA and the other
was from the UK (Table S1). First, viral load data from two previously
published papers were used [14,31]. All patients” SARS-CoV-2 infections
were by pre-Alpha variants. One case was reported from the USA and the
other was from the UK. The original number of patients was 68 from the
USA and 49 from the UK. Among those, data for 29 patients from the USA
and 2 from the UK were excluded because of insufficient data points. For
the second dataset consisting of the Alpha variant, two published papers
were used [31,32]. For those studies, data for 22 patients from the USA and
37 from the UK were accepted; data from 14 patients in the USA and 2 in
the UK were not included because of insufficient data points. Third, data
for 64 patients from the USA [29,32] and 16 from the UK [31] were used
for the Delta variant analysis. Originally, 26 additional data were in the

USA dataset, but these were not used because there were two data points or
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fewer. Lastly, data from 49 patients collected in the USA [29] were used for

the Omicron variant analysis.

Modeling SARS-CoV-2 infection dynamics

To describe SARS-CoV-2 dynamics among susceptible target cells,
we used a simple mathematical model for virus infection dynamics to

define viral load for each patient:

dT(t)

—BT()V (1), (1)
2D = pr(vyv () - 8I(t), )
P = p1(t) - eV (©), 3)

The variables T(t), I (t), and V(t) are the number of uninfected target
cells, virus-producing infected cells, and the amount of virus at time t since
infection, respectively. The parameters [, §, p, and c¢ represent the rate
constant for virus infection, the death rate of infected cells, the viral

production rate, and the clearance rate of the virus, respectively.

To estimate the parameter values from the longitudinal viral load
data of COVID-19 patients, we further simplified Eqs. (1-3). Since the
clearance rate of the virus (¢ = 20 is fixed here) is typically much larger
than the death rate of the infected cells in vivo, we made a quasi-steady
state (QSS) assumption, dV (t)/dt = 0, and obtained V(t) = pI(t)/c,
which yields I(t) = cV(t)/p. Then, substituting this equation into Eq. (2),

we have

d‘;it) - @T(tw(t) SV (D)
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Furthermore, we replaced T(t) by the proportion of target cells remaining
at time t, thatis, f(t) = T(t)/T(0), where T(0) is the initial number of
uninfected target cells. Accordingly, we obtained the following simplified

mathematical model [15—-18], which we employed to analyze the viral load

data in this study:

YO — BV (D), 4)

dat

yf@©V(E) -6V (e), (5)

where y = pfT(0)/c corresponds to the maximum viral replication rate

dt

under the assumption that target cells are continuously depleted during the
course of infection. Thus, f(t) is equal to or less than 1 and continuously

declines.

Nonlinear mixed effect model and test of the model fit

In our analyses, the variable V(t) in Eq. (5) corresponds to the
viral load for SARS-CoV-2. We separately analyzed two viral load datasets
including the pre-Alpha, Alpha, and Delta variants and the Delta and
Omicron variants because of different phases of virus evolution (see
above). Note that the data for the Delta variant are common. We fixed
values V(t) and T(t) atthe time of infection as 10™2 and 1.33 x 10°,
respectively [33]. To fit the patient’s viral load data, we used MONOLIX
2021R2 (www.lixoft.com), implement maximum likelihood estimation of
parameters in nonlinear mixed effect model. The nonlinear mixed effect
model allows a fixed effect as well as interpatient variability. This method
estimates each parameter 6;(= 0 X e') for each individual where 6 isa
fixed effect, and 7; is a random effect, and which obeys a Gaussian
distribution with mean 0 and standard deviation (2. Here we used

lognormal distributions as prior distributions of parameters to guarantee the
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positiveness (i.e., negative values do not biologically make sense). In
parameter estimation, since time 0 on the original data set is the peak viral

load time, we also estimated time from infection to peak viral load
(corresponding to T, in Table S2 and S5) along with other parameters. We
used the SARS-CoV-2 variants as a categorical covariate in estimating the
parameters 8, 8, y (as wellas p = yc/BT(0)), and T, which provide

the lowest AIC. Applying a stochastic approximation expectation-
approximation algorithm and empirical Bayes method, the population
parameters and individual parameters were estimated, respectively. The
estimated fixed parameters and the initial values are listed in Table S2 for
the pre-Alpha, Alpha, and Delta variants, and in Table S5 for the Delta and
Omicron variants, respectively. The viral load curve using the best-fit
parameter estimates for each individual is shown with the data in Figs. S1
and S8.

Multi-level modeling for virus evolution

We explored how the time-series patterns of viral load, including
the duration of viral shedding and the amount and timing of peak viral load
of COVID-19 patients, which are all characterized by SARS-CoV-2
infection dynamics, change during the process of SARS-CoV-2 evolution.
To this purpose, we here developed a probabilistic multi-level population
dynamics model by coupling a population-level virus transmission model

and the individual-level virus infection model (e.g., ref. [34]).

First, as an individual-level virus infection model, we employed
Egs. (1-3) instead of Egs. (4, 5). This is because all parameters in Egs. (1-
3) can be estimated from the data fitting of Egs. (4, 5) to the longitudinal
viral load of SARS-CoV-2 for each variant. We interestingly found a
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positive correlation between the estimated death rate of infected cells, &,
and the viral production rate p (see Fig. S10). To mimic viral
cytopathogenesis depending on the viral replication level, we defined § =
OmaxP/ (P + Ps0), that is, an increasing Hill function of p. The parameters
Omarx and p are the maximum value of 6 and the viral production rate
satisfying & = 8,4, /2, respectively, and are estimated as summarized in
Table S3. The dynamics of viral load calculated by this individual-level
virus infection model will be translated into a probability of transmission

and used in the following population-level model.

Next, as the population-level virus transmission model, we
calculated the total number of secondary cases generated throughout the
infectious period (corresponding to the duration of viral shedding, D) as
Rrp, called “transmission potential”. One simple assumption is that the
viral population will eventually be dominated by the virus with the largest
Rrp. On each day, the number of secondary cases is considered as the
multiplication of the number of encounters (i.e., the contact number, C(t))
and the transmission probability, p(t), and therefore Ryp is defined as

below (and explain its formulation below) (see Fig. 2):

Rrp = 2E-o(C(H)p (1)), (6)
To mimic a daily contact history in Eq. (6), we assume the number of
contacts on any day is drawn from a negative binomial distribution. Since a
negative binomial distribution is identical to a Poisson distribution where
the mean parameter A follows a gamma distribution, the daily contact
numbers C(t) of a focal infectious individual at time t are generated by

sampling from the following distributions [58]:
A~gammal(k,9),
C(&)~P, (D),
where k and 6 are the shape parameter and the scale parameter,
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respectively (see Table S3). We note that k influences the skewness, and
6 influences the variance of the distribution, respectively. The mean

contact number through the history is the product of k and 6, thatis, k6.

Once fixing the daily contact number, Rrp (i.e., Eq. (6)) is
dependent on p(t) and D, meaning the parameters appearing in Eqgs. (1—
3). To evaluate the daily transmissibility of an infected individual through
the duration of viral shedding, we assumed that a probability of
transmission (per contact with a susceptible individual), p(t), depends on
viral load. As reported in [59], we simply employed the step function as the

range of viral load; thus, the transmission probability p(t) attime t is
described by

0.00, if log1gV(t)<s5,

p(t) — {0.12, if 5<log1oV(t)<7,

0.15, if 7<log1oV(t)<10,
0.24, if 10<log1oV (),
For example, p(t) for SARS-CoV-2 variants are calculated based on Eq.
(3) in Fig. 1F.

In addition, since there is a positive correlation between the
duration of viral shedding (D) and the cumulative log-transformed viral
load (Viotqr) for COVID-19 patients observed in Fig. 1E, we defined

D
= Dnligal ™)
V50K+Vto{'{al
TpL
Viotar = J, logo V(t)dt, (8)

where Tp; is the time for the viral load to reach the detection limit (DL =
1 is fixed as an arbitrary value). The parameters D,,q,, V5o and Dy are
the maximum duration of viral shedding, the total viral load at which the
duration is half of its maximum, and the steepness at which duration
increases with increasing viral load, respectively, and are estimated as

summarized in Table S3.
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We hereafter focus on the dependence of the rate constant for virus
infection [ and the viral production rate p in Egs. (1-3), since the death
rate of infected cells § is function of p and the other parameters or initial
values are fixed or common as explained above. We calculate Rp in
various patterns of (S,p) by Egs. (1-3, 6), and thus the transmissibility

fitness landscape of Rpp is constructed as a function of £ and p.

Evolution of virus to increase transmission potential

When calculating the transmission potential Ryp, the focal
infectious individuals are assigned one of two properties: symptomatic or
asymptomatic, which is randomly assigned by a constant probability f or
1 —f. Weassume f to be independent of the viral load dynamics, because
there is no significant difference in viral load between asymptomatic and
symptomatic infection as discussed in [60,61]. We here simply assumed the
transmission chains from the focal infectious individuals are perfectly
inhibited by isolation after symptom onset. That is, if the focal infectious
individual is symptomatic, we stopped calculating the cumulative number
of secondary cases at symptom onset. Symptom onset starts after T* days
of infection, which represents the incubation period. Otherwise, Rpp is
calculated using the whole duration of viral shedding of the focal

asymptomatic infectious individual.

We analyze the virus evolutionary dynamics on the transmissibility
potential landscape. The set of the value of (f,p) are explored in the
sense of maximizing Rpp, using a genetic algorithm, GA [62] (see
Algorithm S1 and Table S4 for parameters used in GA). Initially, GA
starts with an arbitrary set of parameters (f,p) and initial values
(Initialize), and calculates Ryp as transmissibility fitness (Evaluate). Over
successive iterations, the values of (f,p) with higher R;p are selected to

produce the next solutions (selectSolutions). Also, the two highest-
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performing solutions are always chosen for the next iteration (Elitism). To
find better values of (f3,p), solutions are recombined (crossover), and each
parameter is slightly altered by adding a random variable drown from a
Uniform distribution with a pre-determined range (Mutate), which
corresponds to the rate of evolutionary change of the virus. Finally, by
varying T* and f, we explore a better set of values (5,p) that
maximizes Rpp. Note that the set of values at the end of the GA run is not
necessarily a global optimum. These iterations can be considered as the
virus “evolving” its properties of f and p toward an optimal solution so

that the virus can increase its own fitness in the evolutionary history.

Data availability

All viral load data that support the findings of this study are available at
Zenodo [63] (https://zenodo.org/records/10031081).

Code availability

All analyses were performed with the software Python (version 3.10) and R
(version 4.3.0). The analysis using nonlinear mixed effects model
(including the algorithms for parameters estimation, such as Stochastic
Approximation Expectation Maximization and Markov Chain Monte
Carlo) was performed on MONOLIX 2021R2 (www.lixoft.com). Our code
is publicly available at Zenodo [63] (https://zenodo.org/records/10031081)
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Figures

Figure 1: Quantification of evolving SARS-CoV-2 infection dynamics.
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Viral load data from upper respiratory specimens (i.e., nose and pharynx)
of 86 patients infected with the pre-Alpha (non-VOI/VOCs) variant, 59
Alpha variant patients, and 80 Delta variant patients were used for
parameter estimation of the viral dynamics model. (A) The inferred viral
dynamics for pre-Alpha (black), Alpha (blue), and Delta (red) variants are
plotted. The solid curves correspond to the solution of Egs. (4, 5) using the
best-fit population parameters, and the error bands represented as shadow
regions indicate the 95% interquantile range of the inferred viral load
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interval for all individuals at each time point. The distribution of the peak
viral load, peak time, and duration of viral shedding for each patient are
also shown in (B), (C), and (D), respectively. Solid bars are their mean
values. (E) The relation between the duration of viral shedding and the
cumulative log-transformed viral load is shown. The gray curve is the best-
fitting curve for Eq. (7). The distributions illustrated alongside the top and
right parts are for the cumulative viral load and the duration of viral
shedding, respectively, and the bars are their mean values. (F) The time-
dependent transmission probability of each variant is calculated. In all
panels, pre-Alpha, Alpha, and Delta variants are colored in black, blue, and
red, respectively.
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Figure 2: Schematic of multi-level disease transmission.
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A schematic of the multi-level population dynamics model is depicted.
Virus transmission occurs from an infected individual to susceptible
individuals depending on the infected individual’s infectivity, which
depends on their viral load. At each time step (i.e., day), the focal infected
individual has contact with multiple susceptible individuals. Here the
contact numbers are assumed to follow a negative binomial distribution,
which does not depend on the viral load. The shape parameters k and 6 for
this binomial distribution are presented in Table S3. The sum of newly
infected individuals (i.e., [c(t): number of contacted individuals per day
(everybody is susceptible)] x [p(t): transmission probability per contacted
individual]) during the infectious period is calculated as Rrp, called the
“transmission potential”. Note that the focal infectious individuals are
assigned one of two properties: symptomatic or asymptomatic. Whether
being symptomatic or asymptomatic is randomly assigned by a constant
probability f or 1 — f, respectively. It is assumed that the transmission
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chains from the focal symptomatic infectious individuals are perfectly
inhibited by isolation after symptom onset, T* < t. Otherwise, Rrp is
calculated using the whole duration of viral shedding of the focal
asymptomatic infectious individual. Thus, Ryp for the symptomatic and
asymptomatic individuals are different here.
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Figure 3: SARS-CoV-2 evolution in silico (f = 0.3).
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(A) Genetic algorithm (GA) exploring the evolutionary trajectories on the
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(B,p) plane until the generation of 300 is applied, depending on different
values of the incubation period, T*. Here [ and p are the infection rate
and the virus production rate, respectively. All symptomatic individuals
lose their transmissibility by isolation after symptom onset (T* < t). The
white dots represent the endpoint of 100 independent simulation runs, and
the contour lines are the kernel density estimation of their distribution. The
colored dot in each panel 1s the mean value of the white dots, which
represents the set of evolutionary outcomes of (,p) under the parameters
we used. The colors used here are independent to them in Fig. 1. The black
line is the mean trajectory of the GA through 300 generations. (B) The
mean transmissibility fitness landscapes aggregated solely from the
asymptomatic (top row) and symptomatic (bottom row) individuals are
described, respectively, using 100 runs of GA. The white dot represents the
maximum value of the mean transmissibility fitness, Ryp. Note the
asymptomatic individuals have larger transmissibility fitness than
symptomatic cases on average, regardless of T *values. (C) The trajectories
of Rrp along the course of GA with different T* are calculated. The gray
dotted lines are the mean trajectory over 100 trials of colored lines. (D) The
time-series patterns of viral load with the optimal parameters of (3, p)
with different T*, which were obtained in (A), are shown. (E) The contour-
plot for the timing of peak viral load (i.e., peak time) is shown. Each curve
is colored accordingly. The gray region is the parameter range satisfying
Rrp < 1.
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Figure 4: Quantification of SARS-CoV-2 BA.1 subvariant infection

dynamics.
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(A) An overview of frequency changes in SARS-CoV-2 variants based on
data from CoVariants.org is shown. The left and right panels show the trend
in the United States and the United Kingdom, respectively, as examples
(because the data we used here were from the USA and UK). See the labels
for each color curve corresponding to each VOC. (B) The estimated viral
dynamics using our model and publicly available data for the BA.1
subvariant (green) are described along with the Delta variant (red) using the
best-fit population parameters. The solid curves correspond to the solution
of Egs. (4, 5) using the best-fit population parameters, and the error bands
represented as shadow regions indicate the 95% interquantile range of the
inferred viral load interval for all individuals at each time point. (C) The
distributions of the peak viral load, peak time, and duration of viral
shedding for each patient are shown with their mean values (vertical solid
bars). A statistically significant difference between two groups was found
only for peak viral load (p-values by the two-sided Mann-Whitney-
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Wilcoxon test are 1.3 X 107° for peak viral load, 0.09 for peak time, and
0.48 for duration).
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Supplementary Tables

Table 1: Summary of viral load properties for SARS-CoV-2 variants

variant | peak viral load peak
time

duration
of viral
shedding

Cumulative
log-
transformed
viral

load (Vo¢q1)

5.5(3.9
~9.1)
5.5(3.9
~10.7)
3.6(2.7
— 4.2)¢

pre_alpha 107.0a(104.8 _ 108.6)b

alpha 107.7(105.8 _ 109.1)6

delta 107.6(104—.8 _ 109.4—)6

aMean value.

YMin-Max value.

21.1(14.6
—34.1)
18.2(12.1
— 36.9)¢
15.1(9.5
—30.0)¢

78.3(39.8
—139.3)
74.4(37.8
—141.1)
60.4(24.7
~110.8)¢

“Statistically different from pre-Alpha variant (p = 0.01 by the Mann-

Whitney-Wilcoxon test
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Table S1: Summary of the study data

country number of cases specimens detection limit references
pre-alpha
Upper 2.66 log10
USA-1 39 ) bp g @)
respiratory tract (copies/ml)
Upper 1.49 log10
UK 47 ) bp g 2)
respiratory tract (copies/ml)
alpha
Upper 2.66 log10
USA-2 22 ) PP g 3)
respiratory tract (copies/ml)
Upper 1.49 log10
UK 37 ) PP g 2)
respiratory tract (copies/ml)
delta
Upper 2.66 log10
USA-2 10 ) bp g 3)
respiratory tract (copies/ml)
Upper 2.66 log10
USA-3 54 ) PP g 4
respiratory tract (copies/ml)
Upper 1.49 log10
UK 16 ) PP g 2)
respiratory tract (copies/ml)
omicron
Upper 2.66 log10
USA-3 49 ) bp g 4
respiratory tract (copies/ml)
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Table S2: Estimated fixed parameters for SARS-CoV-2 pre-Alpha,
Alpha, and Delta variants

parameters symbol unit pre-alpha | alpha delta
Maximum rate
constant for viral Y day! 5.34 6.31" 8.51%
replication
Rate constant for 8 (copies/m = 2.33 4.74 X 1.03 x
virus infection L) !day! x 1077 1078# 1077#
Death rate of
. 1) day’! 1.11 1.57% 1.53"
infected cells Y
Death rate of

Tp days 7.49 6.49% 4.81%

infected cells
#Statistically different from pre-Alpha variant (the Wald test).
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Table S3: Fixed parameters for multi-level population dynamics model

parameters symbol value reference
The nur.nl.)ctr of uninfected target T(0) 133000 | (5)
cells at initial time
The clearance rate of the virus c 20 (6)
The fraction of uninfected target
cells compared with that at initial | £(0) 1 (6)
time
The amount of the virus at initial
. ! v(0) 001 (5)
time
. Estimated
The maximum value of § odmax 1.57 stHmate
from data
Thf: .Vlral production  rate 50 100 Estimated
satisfying § = dmax/2 from data
The maximum duration of viral Estimated
. Dmax 80
shedding from data
The t.otaI. viral loa.d at Wl’%lch the V50 198.58 Estimated
duration is half of its maximum from data
The steepness at which duration :
. o : . Estimated
increases with increasing viral Dk 1.17
from data
load
The shape parameter of gamma I 15 Estimated
distribution ' from data
The scale parameter of gamma p T Estimated
distribution ' from data
Estimated
1 5.0 x 1077
The maximum value of § fmax from data
Th I lue of max 1.0 x 10° Estimated
e maximum value of p p : from data
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Table S4: Fixed parameters for genetic algorithm (GA)

parameters value
The population size 100
The number of iterations 300
The number of elitism 2
The probability of selection 1.0
The probability of crossover 0.2
The probability of mutation 0.7

The predefined range of § in mutation 0.5 X 1077

The predefined range of p in mutation = 0.1 x 10°
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Table S5: Estimated fixed parameters for SARS-CoV-2 Delta and

Omicron variants

parameters symbol unit delta omicron

Maximum rate

constant for viral 4 day! 7.83 7.21%
replication
Rate constant for (copies/mL) _7 5.38 x

. . B 1.23 % 10 ~,
virus infection lday! 10~7#
Death rate of 5 dav! 160 149
. a . .
infected cells Y
Death rate of

T, days 4.96 5.46

infected cells
#Statistically different from pre-Alpha variant (the Wald test).
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Algorithm S1. Procedure of genetic algorithm (GA)

genetic algorithm

Input: si, solution i of combinations of £ and p
Input: P(t =1) = {sl, s2, ..., sj}, population of solutions in iteration 1
t <« 0;
Initialize (P(t = 0)) with random S and p;
Evaluate (P(t = 0));
while not termination do
The scale parameter of gamma distribution
P(t). «— Elitism (P(t));
P(t), « selectSolutions (P(t));
P(t)c « crossover (P(t)c +P(t)p);
Mutate (P(t).);
Evaluate (P(t)c);
P(t+1) < P(t);
t—t+1;
end while
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Figure S1: Viral load trajectory for individual patients infected with

pre-Alpha, Alpha, and Delta variants.
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the observed data (closed dots) are depicted using the best-fit parameter
estimates. Pre-Alpha, Alpha, and Delta variants are shown in black, blue,
and red, respectively.
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Figure S2: SARS-CoV-2 evolution in silico without symptomatic
infection (f =0 and T* = 1).
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(A) Genetic algorithm (GA) exploring the evolutionary trajectories on the
(B,p) plane until the generation of 300 is applied. Our choice of the
incubation period, T*, does not affect the calculation because no
asymptomatic individuals change their transmissibility by isolation (i.e., no
individual is applied to isolation). The white dots represent the endpoint of
100 independent simulation runs, and the contour lines are the kernel
density estimation of their distribution. The colored dot in the panel is the
mean value of the white dots, which represent the optimal set of (5,p)
under the parameters we used. The black line is the mean trajectory of the
GA through 300 generations. (B) The mean transmissibility fitness
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landscape aggregated from asymptomatic individuals (i.e., no symptomatic
individuals due to f = 0) is described, using 100 runs of GA. The white dot
represents the maximum value of the mean transmissibility fitness, Rrp. (C)
The trajectories of Rrp along the course of GA are calculated. The gray
dotted lines are the mean trajectory over 100 trials of colored lines. (D) The
time-series patterns of viral load with the optimal parameters of (f,p),
which were obtained in (A), are shown. (E) The counter plot for the timing
of peak viral load (i.e., peak time) is shown. The gray region is the
parameter range satisfying Rrp < 1.

168



Figure S3: SARS-CoV-2 evolution in silico without asymptomatic
infection (f = 1).
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100 independent simulation runs, and the contour lines are the kernel
density estimation of their distribution. The colored dot in each panel is the
mean value of the white dots, which represents the optimal set of (f,p)
under the parameters we used. The black line 1s the mean trajectory of the
GA through 300 generations. (B) The mean transmissibility fitness
landscapes aggregated from symptomatic individuals (i.e., no
asymptomatic individuals due to f = 0) are described, using 100 runs of
GA. The white dot represents the maximum value of the mean
transmissibility fitness, Rrp. (C) The trajectories of Rrp along the course of
GA with different T* are calculated. The gray dotted lines are the mean
trajectory over 100 trials of colored lines. (D) The time-series patterns of
viral load with the optimal parameters of (f,p) with different T*, which
were obtained in (A), are shown. Each curve is colored accordingly. (E)
The counter plot for the timing of peak viral load is shown. Each dot is

colored accordingly. The gray region is the parameter range satisfying Rrp
<1
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Figure S4-1: Sensitivity analysis of the proportion of symptomatic
infection (f = 0. 5).
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(A) Genetic algorithm (GA) exploring the evolutionary trajectories on the
(B,p) plane until the generation of 300 is applied, depending on different
values of the incubation period, T*. All individuals lose their
transmissibility by NPIs after symptom onset (T* < t). The white dots
represent the endpoint of 100 independent simulation runs, and the contour
lines are the kernel density estimation of their distribution. The colored dot
in each panel is the mean value of the white dots, which represent the
optimal set of (5,p) under the parameters we used. The black line is the
mean trajectory of the GA through 300 generations. (B) The mean
transmissibility fitness landscape aggregated solely from the asymptomatic
(top row) and symptomatic (bottom row) individuals, respectively, are
described, using 100 runs of GA. The white dot represents the maximum
value of the mean transmissibility fitness, Rrp. (C) The trajectories of Rrp
along the course of GA with different T* are calculated. The gray dotted
lines are the mean trajectory over 100 trials of colored lines. (D) The time-
series patterns of viral load with the optimal parameters of (S,p) with
different T*, which were obtained in (A), are shown. Each curve is colored
accordingly. (E) The counter plot for the timing of peak viral load is shown.
Each dot is colored accordingly. The gray region is the parameter range
satisfying Rrp < 1.
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Figure S4-2: Sensitivity analysis of the proportion of symptomatic
infection (f = 0. 6).
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Same explanation for (A-E) is applied as in Figure S4-1.
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Figure S4-3: Sensitivity analysis of the proportion of symptomatic
infection (f = 0. 7).
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Same explanation for (A-E) is applied as in Figure S4-1.
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Figure S5-1: Sensitivity analysis of the impact of Incomplete Isolation
on Viral Load Dynamics (f = 0.3 and £ =0. 1).
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(A) Genetic algorithm (GA) exploring the evolutionary trajectories on the
(B,p) plane until the generation of 300 is applied, depending on different
values of the incubation period, T*. All individuals lose their
transmissibility by NPIs after symptom onset (T* < t). The white

dots represent the endpoint of 100 independent simulation runs, and the
contour lines are the kernel density estimation of their distribution. The
colored dot in each panel 1s the mean value of the white dots, which
represent the optimal set of (5,p) under the parameters we used. The black
line is the mean trajectory of the GA through 300 generations. (B) The
mean transmissibility fitness landscape aggregated solely from the
asymptomatic (top row) and symptomatic (bottom row) individuals,
respectively, are described, using 100 runs of GA. The white dot represents
the maximum value of the mean transmissibility fitness, Rrp. (C) The
trajectories of Rrp along the course of GA with different T* are calculated.
The gray dotted lines are the mean trajectory over 100 trials of colored
lines. (D) The time-series patterns of viral load with the optimal parameters
of (B,p) with different T*, which were obtained in (A), are shown. Each
curve is colored accordingly. (E) The counter plot for the timing of peak
viral load 1s shown. Each dot is colored accordingly. The gray region is the
parameter range satisfying Rrp < 1.
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Figure S5-2: Sensitivity analysis of the impact of Incomplete Isolation
on Viral Load Dynamics (f = 0. 3 and & = 0. 3).
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Same explanation for (A-E) is applied as in Figure S5-1.
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Figure S6: Quantification of SARS-CoV-2 infection dynamics with

patients who have prior immunity.

1010.
10”1
10°1
10”1
10°1
10° 1
10”1
10° 1

Viral RNA load (copies/ml)

1021
10"
10° 1

0 4 8 12 16 20 24 28 32 36 40
Days after infection

The inferred viral dynamics of 293 COVID-19 patients with and without
prior immunity. It contains 225 patients without prior immunity (86 with
pre-Alpha variant, 59 with Alpha variant and 80 with Delta variant), and 68
patients with prior immunity by vaccination or pre-infection (14 with Alpha
variant and 54 with Delta variant). The solid curves correspond to the
solution of Egs.(4-5) using the best-fit population parameters, and the
shadow regions are the 95% interquantile range of the predictive interval
using the estimated parameters for each patient. The black, blue, and red
colors indicate the pre-Alpha, Alpha, and Delta variants, respectively.
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Figure S7-1: Sensitivity analysis of effects of vaccination rates on

optimal viral parameters (f = 0. 3 and vaccination rate = 0. 5).
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(A) Genetic algorithm (GA) exploring the evolutionary trajectories on the
(B,p) plane until the generation of 300 is applied, depending on different
values of the incubation period, T*. All individuals lose their
transmissibility by NPIs after symptom onset (T* < t). The white dots
represent the endpoint of 100 independent simulation runs, and the contour
lines are the kernel density estimation of their distribution. The colored dot
in each panel is the mean value of the white dots, which represent the
optimal set of (5,p) under the parameters we used. The black line is the
mean trajectory of the GA through 300 generations. (B) The mean
transmissibility fitness landscape aggregated solely from the asymptomatic
(top row) and symptomatic (bottom row) individuals, respectively, are
described, using 100 runs of GA. The white dot represents the maximum
value of the mean transmissibility fitness, Rrp. (C) The trajectories of Rrp
along the course of GA with different T* are calculated. The gray dotted
lines are the mean trajectory over 100 trials of colored lines. (D) The time-
series patterns of viral load with the optimal parameters of (f,p) with
different T*, which were obtained in (A), are shown. Each curve is colored
accordingly. The upper row represents the case for unvaccinated
individuals, while the lower row demonstrates the case for vaccinated
individuals (with & increased by 1.5 times). (E) The counter plot for the
timing of peak viral load is shown. Each dot is colored accordingly. The
gray region 1s the parameter range satisfying Rrp < 1. The upper and lower
rows are the same as in (D).
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Figure S7-2: Sensitivity analysis of effects of vaccination rates on

optimal viral parameters (f = 0. 3 and vaccination rate = 0. 8).

A T*=1.0 days T* =3.0 days T* = 6.0 days T*=10.0 days
x10° x 10° x10° x10°
1.00 1.00 1.00 1.00
0.75 0.75 0.75 0.75
Q 0.50 Q 0.50 Q 0.50 Q 0.50
0.25 0.25 0.25 0.25
0.00 0.00 0.00 0.00
01 2 3 4 5 0 1 2 3 4 5
B 1.00 1.00 1.00 1.00 5.0
© 4.0
® 075 0.75 0.75 0.75 3.0
g 20
| 2 0.50 Q 0.50 Q 0.50 Q 0.50 R
IS 10 P
> 025 0.25 0.25 0.25
<
0.00 0.00 0.00 o.oo o0
2 3 45 '
x 10
1.00 1.00 1.00 1.00 5.0
o 40
s 075 0.75 0.75 0.75 3.0
1S
£ 2 050 Q 0.50 Q 0.50 Q 0.50 20 R
Q 10 P
(% 0.25 0.25 0.25 0.25
0.00 0.00 0.00 0.00 0.0
01 2 3 4 5 1 2 3 4 5
B x107 x107
C 6.0 6.0 6.0 6.0
5.0 5.0 5.0 5.0
4.0 4.0 4.0 4.0
m& 3.0 tt& 3.0 0.:‘& 3.0 n':E 3.0
2.0 2.0 2.0 2.0
1.0 1.0 1.0 1.011M|
0.0 0‘0 0.0 0.0
0 100 200 300 100 200 300 100 200 300 0 100 200 300
Generation Generation Generation Generation
1.00 7%
o
/
grh 0.75
©50
5 2 0.50
o
522 0.25
3 0.0
: 0.00
0 5 10 15 20
Days after infection
e 1.00
©
g TR / 0.75
$50
5 Q 0.50
o
< 2.
520 0.25
3 0.0
; 0.00
0 5 10 15 20

Days after infection

184



Same explanation for (A-E) is applied as in Figure S6-1.
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Figure S8: Viral load trajectory for individual patients infected with

Delta and Omicron variants.
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The estimated viral load for each individual patient (solid lines) along with

the observed data (closed dots) are depicted using the best-fit parameter
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estimates. Delta and Omicron variants are shown in red and green,
respectively. The data for the delta variant are same as in Figure S1.
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Figure S9: Possible mechanisms of adaptive virus response under

isolation.
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Selection pressures mediated by isolation (left panel) and general
evolutionary trends (right panel) are described. The solid circular arrow in
the left panel represents that isolation can be a substantial selective force
only when a focal patient is symptomatic. In this case, the advanced viral
peak evolves to mitigate the selection pressure. However, asymptomatic
infection is always favored from a perspective of virus evolution that
maximizes the number of secondary infectious individuals because
1solation does not limit transmissions. Thus, the dashed circular arrow in
the left panel shows that no selective force is generated by isolation when
the focal patient is asymptomatic. In the right panel, the possible general
evolutionary trends show that a more extended incubation period (i.e.,
larger T*) and/or a higher proportion of asymptomatic infection (i.e.,
smaller f) may generally evolve to mitigate the selection pressure of
isolation. The black trajectory represents evolutionary transitions among
the pre-Alpha, Alpha, Delta, and Omicron variants of SARS-CoV-2 in our
analysis. The incubation period decreases as SARS-CoV-2 mutates,
implying the selection pressure by isolation, and therefore the peak viral
load 1s advanced as observed in the Delta variant. In addition, a high
proportion of asymptomatic infections has recently evolved. It is also
noteworthy that once the higher proportion of asymptomatic infection
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evolves, other viral phenotypic evolution, such as slower and/or lower peak
viral load, may be allowed to evolve as observed in the Omicron variant.
These multiple evolutionary outcomes may be counterbalanced during viral
evolution under human behavior change (see the main text for further
details).
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Figure S10: Relation between viral production and death rate of

infected cells.
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Each dot shows the estimated values of p and 6 for each individual for
infection with the pre-Alpha, Alpha, and Delta strains. The solid line is the
best-fitting curve for § = dmaxp/(p + p50), whose root mean square error
(RMSE) is 0.4. Pre-Alpha, Alpha, and Delta variants are colored in black,
blue, and red, respectively.
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