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In the early stage of a pandemic, social distancing effectively curbs the infection spread.
However, non-pharmaceutical interventions may also affect pathogenic evolution. This
is particular interesting in the context of the Covid-19 pandemic, as the evolution
of the SARS-CoV-2 virus is highly complex compared to influenza viruses. Using
a novel evolutionary-epidemiological model combining the classical SIR differential
equations with an agent-based approach, we investigate the impact of social distancing
interventions on the structural complexity of emergent phylogenetic trees. In our model,
interventions are connected to evolutionary complexity through their impact on non-
specific immunity in the population. For our analysis, we introduce tree complexity
metrics from multiple disciplines that have previously not been used in this context.
The novel model can replicate baseline viral evolution models of influenza and SARS-
CoV-2. Our results show that interventions can lead to increased viral evolutionary
complexity and suggest that this mechanism’s salience diminishes over time, as social
distancing measures are phased out. An empirical investigation of viral evolution
suggests that the evolution of influenza has been affected by the pandemic, supporting
our hypothesis. We find that the observed evolutionary complexity is not necessarily
the result of features specific to SARS-CoV-2 but may also arise in future pandemics

of highly mutable viral pathogens due to social distancing.
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1 Introduction

In contrast to the seasonal influenza viruses, where evolution has been rather gradual and linear (7),
SARS-CoV-2 has seen unexpected patterns of viral evolution that puzzled scientists (2, 3). This is
particularly true for the viral strains — known as variants — associated with the “Omicron” lineage,
which has proven to only be a distant relative to the previously dominating “Delta” variant (4).
Accordingly, variants from the Omicron lineage tend to evade immunity acquired from other
variants as well as (non-adapted) vaccinations (5). Hence, the non-linear evolution of SARS-CoV-2
could be a long-term public health problem.

As of this writing (March 2025), the main explanation for this phenomenon is that SARS-CoV-2
must have mutated for a prolonged period in reservoirs that were not under surveillance. Three main
hypotheses have been put forward to locate such reservoirs: i) the population of countries or regions
which are not sampled, i) immunocompromised hosts (such as HIV patients) who are subject to
a chronic Covid-19 infection, or iii) animal reservoirs (2, 3, 6). Empirical studies indicate some
support for the latter two hypotheses, as some studies suggest that a predecessor of Omicron has
developed in mice (7, 8), while other studies show that the virus is able to survive and evolve in some
HIV patients, which causes idiosyncratic patterns of viral evolution (9). There is also evidence that
immunosupressed who are treated with antiviral therapies may add to viral diversity (/0).

The aim of our paper is to develop and test a novel additional hypothesis for this phenomenon,
namely that social distancing may also have contributed to the complex viral evolution as observed
in SARS-CoV-2 in contrast to influenza viruses. We develop a novel evolutionary-epidemiological
model that illustrates how such a scenario can occur even if there are no hidden ‘reservoirs’
which interact infrequently with the general population. This insight is important, because social
distancing measures are eased over time, which could mean that the strong non-linearity and

evolutionary complexity of the SARS-CoV-2 virus could decrease over time.

2 Related literature

Interestingly, the absence of non-linear viral evolution in influenza viruses has already been studied

in detail, using an evolutionary-epidemiological agent-based model that represents each host, as
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well as their immune history, explicitly (/). This model was used to systematically investigate the
necessary conditions to reproduce the evolutionary patterns observed in various influenza viruses.
The authors show that they could only reproduce this pattern by introducing the assumption
that an infection with one influenza variant induces a short-lived perfect cross-immunity across
all strains (/), changing the resulting epidemiological dynamics drastically. Given an adequate
mutational adaption rate, the combination of high transmissibility and strain-transcendent immunity
causes an epidemiological pattern that is characterized by successive waves of infections (/7).
During each wave, many new variants are born, because a large number of hosts are infected and
prove to be breeding grounds for new mutations. However, due to the infection wave, all viral
strains ‘run out of hosts’, as almost all people have acquired strain-independent cross-immunity.
Hence, this mechanism introduces a ‘bottleneck’ as a natural barrier to continued viral evolution.
This is in stark contrast to a situation without perfect cross-immunity. In such a case, antigenic
diversity proves to be an evolutionary advantage. Widespread immunity against certain variants
cannot establish a bottleneck for viral spread as a whole, which leads to rapid speciation (/7). In a
two-strain model without perfect cross-immunity, the specific characteristics of immunity against
the infecting variant determine whether two strains co-circulate or whether they replace each other
as dominant variants (/2). The variant-specific immunity has been the main driver for SARS-CoV-
2’s evolution since the arise of the Omicron lineages in 2022 (/3). In a multi-strain model, the
epidemiological pattern resulting from an absence of short-lived perfect cross-immunity stabilizes
with a continuously high number of infected in the long run [see (/4)]. These dynamics resemble
a SIS model [see (/5)], in which infected simply become susceptible again after the end of their
infection.

These results are the starting point of our analysis. What if the viral transmission is curbed
due to non-pharmaceutical interventions, and the ‘natural’ longer-lasting bottleneck of strain-
transcendent immunity is replaced by artificial short-term bottlenecks introduced by lockdowns?
We would expect that such a change could give the virus more time and space to evolve, possibly

driving a more complex and non-linear path of viral evolution.
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3 Methods

3.1 Overview

There is a growing literature on models coupling evolutionary and epidemiological dynamics. For
reasons of tractability, these studies often focus on the case of two different variants [see (12, /6—22)]
or a linear strain space [see, €.g., (23)]. Our research agenda, on the other hand, naturally calls for a
model that allows for complex viral evolution with the potential for a much higher number of variants
than two. There are also several recent models which feature multi-strain evolution (/, 11, 24, 25).

To develop a suitable framework for our analysis, we combine an evolutionary-epidemiological
agent-based model developed for the Covid-19 pandemic (/4) (referred to as the SARS-CoV-2
reference model) and a multi-regional evolutionary-epidemiological agent-based model developed
to study influenza (/) (referred to as the influenza reference model). We combine the power of
equation-based and agent-based modeling by i) simplifying the modeling of the viral transmission
using ordinary differential equations which are derived from the well-known equation-based and
deterministic epidemiological model (26) and ii) preserving the stochastic nature of mutations by
modeling each virus variant as an agent containing variant-specific characteristics such as viral
infectiousness, as well as the compartments necessary to model the spread of each virus variant.

This approach reduces the computational power needed to analyze the complex evolutionary-
epidemiological dynamics, and hence allows us to engage in a detailed sensitivity analysis. Our
model simplifies the approach of the influenza reference model (/) by assuming that the population
within each region of this multi-regional model mixes homogeneously. This is a necessary change
due to our equation-based approach. Nevertheless, our model reproduces the results of the influenza
reference model (/) regarding linear evolutionary patterns (see Supplementary Text).

Like the SARS-CoV-2 reference model [see (/4)], we simulate detailed compartments (sus-
ceptible, exposed, pre-symptomatic infectious, symptomatic infectious, asymptomatic infectious,
recovered and dead), and incorporate mutations that cover both changes in the antigenic profile
of a virus as well as characteristics of its associated disease (such as lethality and infectiousness).
Both are key features of SARS-CoV-2’s evolution (27-29). In fact, we find that adding mutations in
disease characteristics is vital to reproduce the evolutionary patterns observed in SARS-CoV-2 (see

figure D.6) in our model. We simulate a multi-regional model with 20 different regions that are split
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to a Northern and a Southern hemisphere with corresponding seasonality affecting viral dynamics,
and base our mutation and cross-immunity model on stylized biological facts [see also (7)].

Apart from combining the models and making their computation more efficient, we further
implement intervention policies. In our model, non-pharmaceutical interventions are implemented
after surpassing a specific threshold 7, of deaths in the last 10 days. These policies reduce the viral
infectiousness through the factor ;. By varying the threshold, we can study how such interventions
could affect the direction of viral evolution. A hypothetical no-intervention baseline scenario can be
found by setting the parameters such that there are no interventions at all. In contrast to the influenza
reference model’s simulations, our scenarios deal with a novel pathogen. Thus, our simulations do
not start at an equilibrium.

We calibrate our model using the parameters given by the influenza and SARS-CoV-2 ref-
erence models (see Table S1) and explore multiple parameter configurations regarding the non-
pharmaceutical interventions.

Mutability is one of the core parameters in the influenza reference model’s analysis. We consider
mutation rates of 1 - 107, 2.5- 107 and 1 - 10> per-base per-infected host per-day. The reported
mutation rates of SARS-CoV-2 (30) and influenza A and B viruses (317) lie within this range. We
present our findings for the highest mutation rate of 1 - 107, To evaluate our model results, we
introduce a metric for tree linearity and utilize existing measures of structural tree complexity.
Our novel metric quantifies the linearity of a tree structure. A perfectly linear tree has a linearity
of 1. A tree root with an infinite number of attached leafs yields a linearity of ~ 0. In addition,
to quantify the structural tree complexity (32) we use a multi-disciplinary approach with the tree
degree entropy H*(T') of (33) stemming from computer science and the phylogenetic entropy index
H,, (34) rooted in biology. Here, a higher value indicates a higher structural complexity.

We then investigate how differences in the share of population exhibiting perfect cross-immunity
due to having recently recovered from an infection are correlated to these metrics. Importantly, social
distancing interventions create significant variation in the share of perfectly cross-immune people,
hence linking social distancing to viral evolution.

For brevity, we use Newton’s dot notation for differentiation and implicit notation of endogenous
time dependence. All compartments are endogenously time-dependent as they evolve according to

the ODE system. Exogenous time dependence of a variable is explicitly notated with a subscript ¢.
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For our compartmental model, we use the term compartment for those variables that are part of
the population’s mass balance. The term state variable is reserved for those variables that fall out

of the mass balance.

3.2 Epidemiological model

The ODE system, derived from the SARS-CoV-2 reference’s agent-based model [see (/4)], is a
SEPIARD model. Such a model extends the classic SIR model (26) with compartments for exposed
(E), pre-symptomatic (P), asymptomatic (A) and deceased (D) individuals that are necessary to
formulate more detailed intervention scenarios. We add an additional compartment for the short-
lived non-specific immunity of the influenza reference model [see (/)] and a state variable for
cross-immunity among virus variants.

Each compartment and state variable is a vector of 20 state variables, one for each geographical
patch. In total N individuals inhabit these patches, which are uniformly populated with N, hosts
per patch p. All compartments are subject to a death rate determined by the life expectancy L.
An exception to this rule is D; which tracks the deaths caused by a variant i. Two compartments
are variant-independent: The susceptible population S and the population that currently exhibits
a short-lived non-specific immunity F),. Individuals who are immune and get into contact with a
variant will observe a boost of their non-specific immunity and return to F), [see (1)]. If they were
immune due to their non-specific immunity, they restart their residence in F),.

Due to cross-immunity, the number of effectively susceptible individuals in each patch varies
per variant. Some cross-immune individuals may be infected with another variant j or experience
boosted non-specific immunity. In other words, C), ; may contain a sub-population which is currently
not part of S,,. This sub-population cannot be subtracted from the susceptible population. Let Cp, ; 1+
denote the cross-immune sub-population currently infected with another variant or experiencing
non-specific immunity due to a recent recovery from another variant. In addition, let C,; g hold
the cross-immune sub-population currently experiencing a boosted non-specific immunity. The

population that is susceptible to a variant i can then be defined as:

Sp,i = Sp - Cp,i + Cp,i,I+F + Cp,i,B (1)
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where p is the geographical patch, i is the variant in question, C), ; gives the number of cross-immune
hosts of i in p.

Due to the varying cross-immunity between strains, the sub-population sizes are specific to each
pair of variants. Thus, to calculate the sub-populations we add variant-specific helper state variables.
For a variant j the variable F), ; holds people who currently wield a non-specific immunity and have
recovered from j. The variable B, ; contains the population experiencing a boost in non-specific
immunity following a contact with j.

Using the variant-specific non-specific immune population F), ;, we can calculate Cp,; 4 as:

Cp7l
Cpig+r = Z (Epi+Ipi+Ppi+Api+Fp )1 = f(di)) 7~ 2)
j p

where f(d; ;) is the cross-immunity with d; ; as the antigenic distance between variants i and j (see
Section 3.3). Note that we sum over a population possibly including individuals without immunity.
We are, however, only interested in individuals cross-immune to variant i. Thus, we multiply our
result with the fraction of cross-immune individuals within the total population.

The number of cross-immune individuals currently experiencing a non-specific immunity boost

is given by:

Cpin =) Bpif(dij) 3)
J

These individuals’ chance to have been boosted increases with cross-immunity between i and j.
Since only immune individuals can be boosted, a scaling by the fraction of cross-immune individuals
as in Equation 2 would be incorrect.

We use a seasonality factor in each patch p of 5, = 1+ ¢, sin %. This seasonality affects the
infectiousness of the virus. A share of the population is mobile N}, = (1-/) %, meaning that it can
infect the inhabitants of other patches. This heterogeneous mixing between geographical patches is
governed by the homophily parameter 2 € [0, 1] (35). Setting & = 1 leads to no mixing between

patches, while 4 = 0 distributes the population of every patch to all others in every integration step.

Finally, the infectiousness of each virus variant depends on an innate variant-specific parameter
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Bw.i- Both By ; and the homophily / are set to resemble (/)’s basic reproduction numbers and given

in Table S1. Thus, the time-dependent adjusted contact rate b, ; for variant i can be defined as:

bpi = Boabwi |+ Np)spliopi+ Y NySqliong. )
q#p

with the fraction of infectious population Iy, , ; given by:

Ip,i + Pp,i + Ap,i
NP

&)

Itot,p,i =

The adjusted contact rate b, ; also acts as the point of leverage for the intervention model through
Br.: (see Section 3.4). It is directly used by the variant-independent susceptible compartment

derivative:

. N
Sp=—p+‘l'

S
; - Z bpiSp =~ 6)

Fp= Y byiFy
i

Following the influenza reference model (/), we assume that the birth rate is determined by the

life expectancy L and that the population stays constant, leading to a constant influx of susceptible
individuals. The susceptible compartment also grows through the decay of non-specific immunities
7. However, some non-specific immunities do not decay due to an immunity boost upon exposition
to a variant i. The last two terms express a loss of susceptible population. First, through new
expositions to variants i determined by their specific susceptible population S, ; and the number of
contagious contacts b, ; of individuals infected with i. Second, through natural death determined
by the life expectancy L.

As described above, each variant i holds the number of its recovered, non-specific immune hosts
in patch p in a state variable F), ;. Its influx is determined by the variant-specific gross recovery rate
R’,; defined in Equation 14. It expresses all novel recovered cases and differs from the net recovery
rate by excluding those recovered hosts that die from natural causes. With its decay governed by 7,

the derivative of the variant-specific non-specific immune population is given by:

Fp,i = R,p,i — Fp’i(T + L_l) (7)
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Note that individuals are only included in the cross-immunities C,; once their non-specific
immunity decays. Boosted non-specific immunities of cross-immune individuals caused by an
exposure to variant i in patch p are collected in B), ;. These are, by definition, already part of C,,;

and calculated from the non-susceptible hosts in S, and F):

. B,
Bpi=bpi(Sp=Spi) = T(Bpi=bpiBpi) = — (8)

The first term in the definition of B,; collects all susceptible individuals who came into contact

with variant /i but were cross-immune to it. This state variable only collects individuals whose
immunity is boosted due to cross-immunity. Hence, we do not include boosted immunities of the
non-specific immune population. Next, the decay of boosted immunities is considered. The non-
specific immunity of boosted individuals that were re-boosted does not decay. In the last term, the
death rate from natural causes is determined by the life expectancy L.

Both F),; and B, ; are necessary installments to facilitate the calculation of the variant-specific
number of susceptible hosts S, ;. The population in these state variables is not part of the total
stock’s mass balance, but helps to keep track of a separate amount of (potentially) cross-immune
hosts. In contrast, the variant-independent compartment of non-specific immunities is part of the

mass balance and contains all boosted and recently recovered non-specific immune hosts:

. i F
Fp = Z R'p,i + bp,i(Sp - SPJ) -7 Fp - Z bp’in B Tp ©
- i

In the first term, recovered individuals become non-specifically immune. Additionally, part of
the cross-immune population }; S, — Sp, i is exposed and receives a non-specific immunity. The
second term denotes the decay of non-specific immunity determined by 7. Non-specifically immune
individuals experiencing an immunity boost };; b, ;F, cannot lose it. In the final term, the life
expectancy L determines a decline due to natural deaths.

The other SEPIARD model compartments are specific to each variant i in the phylogenetic tree.
With the exception of D, ;, they are all part of the mass balance, just as S, and F),.
The exposure rate E p,i increases with the number of exposures that will lead to an infection

b,;Sp.i. Some exposures cannot lead to an infection due to cross-immunity. These exposures lead

10
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to a boost of non-specific immunity, as outlined above. Such exposures are not considered for this

compartment. Instead, this compartment captures people who are infected, but not yet infectious.

This period is called the latent period and its average duration is given by by «;.

Ep,i = bp,iSp,i - Ep,,-(ai + L‘l)

(10)

After the latent period, a pre-symptomatic period P follows. Its duration is determined by y;. In

this stage, individuals are infectious, but do not yet show any symptoms.

Pyi=aiEp;—Pyi(ui+L7")

(1)

After the pre-symptomatic period, some people exhibit symptoms and others stay asymptomatic.

The variant-specific parameter v; € [0, 1] describes the share of symptomatic infections. Regardless

of whether agents are symptomatic or not, they will cease to be infected after — on average — yi‘l

periods.

Ipi=piPpivi—Ipi(yi+ L")

Api=piPpi(1=vi) = Api(y; +L7")

(12)

(13)

For performance reasons, if the number of active hosts N, = E + P + I + A falls below 1079 we

assume a variant will not re-emerge and set these four compartments to 0. Since we still track all

immunities caused by these variants, this does not affect our model results.

Recoveries of symptomatic and asymptomatic infections are tracked in R. We define a gross re-

covery rate R’ p.i as an intermediate result that also determines the influx of non-specific immunities

(see Equation 9).

R/p,i =%i

(Ap’,' + IpJ' (/ll + (1 — /ll)lﬁ

11

R tor
NP

)

(14)
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Asymptomatic cases in A will not die from the disease and obtain a short-lived non-specific
immunity in addition to their strain-specific immunity. Symptomatic cases in / have a chance of
a lethal outcome of infection given by the viral lethality A;. Previous recoveries from any variant
Ry, 10t = 2.i Rpi yield a cross-protection against a lethal outcome, reducing the death rate by ¢ (14).

The net recovery rate can easily be defined by using the gross recovery rate R’ p.i and the natural

death rate following the life expectancy L as:

R, :
. . p’l
Ryi=R,; - 2

7 15)

The compartment for dead individuals D, ; only tracks variant-specific fatalities and is not influ-

enced by the death rate determined through the life span L.

Rp,zoz
NP

Dyi=vyilpi 1= 2+ (1= )y (16)

As mentioned above, we assume that only symptomatic cases can die from the disease and that
individuals gain cross-protection by recovering from a previous infection, which drastically lowers
the lethality of the virus.

This leaves us with only the cross-immunity derivative to be defined in the next subsection.

3.3 Mutation and cross-immunity model

A small number of genes seem to be particularly important to understand the direction of viral
evolution. For instance, for influenza type H3, more than one third of the mutations in the HAI
domain are limited to merely 18 out of 329 codons (/). Similarly, only a small number of non-
synonymous mutations in SARS-CoV-2 are driving an immune escape (36).

Thus, we base the cross-immunity between strains on the influenza reference model (7). Each
variant is accompanied by a simulated RNA strand divided into AC = 12 codons. A codon consists
of 3 nucleotide bases. Each codon can be translated to an amino acid using an RNA codon table.
An cross-immunity f(d; ;) € [6o, 1] between two strains i and j is then derived by comparing their

amino acid sequences. Any site with differing amino acids increments the difference d; ; € [0, 12].

12
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With f(d) = 1 for d; ; = 0 perfect cross-immunity is achieved among equal sequences. Then,
until a threshold n; the cross-immunity is determined by 6 giving f(d, ;) = 61 ford; ; >= n;. Below
n, the cross-immunity is given by f(d; ;) = 01+ (6o —61)(d;; —n;)/(AC—n;) for0 < d; ; < n; (1).

Thus, the genetic distance d; ; serves as a proxy for the probability of immune escape and gives

rise to the cross-immunity differential C:

. Cp.i
Cpi= ) f(dij)TFpj~ =1 (17)
J

Its influx is determined by the decay of non-specific immunity. The life expectancy L governs its
decrease due to natural death.

In contrast to the influenza reference model, our model collects cross-immunities per virus
variant and not per agent. An individual which was previously infected by two distinct strains 7, j
with d; ; = 12 would, therefore, retain a cross-immunity of 26 versus 6 in the influenza reference
model (/).

To counter this difference, we reduce 6y from 0.25 to 0.15 and verify its fit through reproduction
of the influenza reference model’s results (see Supplementary Text). For further details on the cross-
immunity model refer to (/) from which we also derive our parameters listed in Table S1.

Like in the SARS-CoV-2 reference model (/4) the strain-specific parameters of the epidemi-
ological model are also subject to mutation. For each parameter r; of variant i a random variable
x ~ N(0,0),x € (-1,1] determines its mutated value in an offspring j: r; = r;(1 + x). For
simplicity and in accordance with the influenza (/) and the SARS-CoV-2 (/4) reference models,
we disregard any potential functional links between the disease characteristics and the antigenic

profile, and simulate their mutations independently.

3.4 Interventions

A key component to test our hypothesis is the implementation of non-pharmaceutical interventions
against the viral spread. In public discourse, such interventions are commonly known as social dis-
tancing. During the Covid-19 pandemic, varying social distancing policies have been implemented.
Furthermore, individuals also engaged in voluntary social distancing beyond government mandates.

The common intent of social distancing was to reduce the contact rate 5. Our intervention model

13
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aims at capturing this effect regardless of concrete policies. It is rooted in the assumption that
interventions are a reaction to the perceived pathogenic severity in the recent history.

More precisely, interventions start as soon as the number of deaths per capita in the previous
10 days exceeds a certain threshold 7, > 0. In this case, the contact rate Sy ; of all strains i is
multiplied by a reduction factor 8, (¢) € [0, 1] in Equation 4, hence uniformly reducing the contact
between all population groups.

We further assume that interventions can be phased out altogether after some cut off day d.,

after which B8, (t) = 1 fort > d..

3.5 Vaccination

A prominent feature of the Covid-19 pandemic was also the rapid development of vaccines. In
many countries, interventions were only phased out after vaccines became widely available. We
incorporate this mechanism by adding a simple vaccination policy that assumes a certain fraction
0, of the population can be vaccinated per day. Only the susceptible and non-specifically immune
population is assumed to be able to benefit from vaccination. Respecting the already vaccinated

population in V), the vaccinated population increase Vp in a patch p is then determined by:

v, = ovN, foro,N, < S, +F, -V, (18)

max(0,S, +F, -V,) for6,N, > S,+F,-V,
The vaccination effect is two-fold: First, it delivers a short-lived non-specific immunity boost and
second a long term cross-immunity equal to an immunity against the initial strain. We assume
vaccinations start 100 days before the end of social distancing. Thus, a targeted vaccination rate of
1 % per day could protect the entire population. Similar vaccination rates were reached by the State

of Israel during the Covid-19 pandemic (37) and serve as an optimistic upper bound. We conduct

a sensitivity analysis to investigate the effect of failing to achieve such a rate.

3.6 Metrics of structural tree complexity

We use several metrics from multiple disciplines to evaluate the evolution of the virus in our

simulations quantitatively. First, like in the influenza reference model (/), we use pairwise diversity

14
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PD as a measure of genetic diversification. We use a weight function f,, that yields the current

infected hosts of a variant to find the diversity at each time step in the simulation.

Zi Zj fw(i)fw(j)di,f
Zi Zj fw(l)fw(J)

The pairwise diversity utilizes the genetic distance d; ; and sums it over all pairs of strains i, j to

PD =

19)

calculate a weighted mean.

To quantify the effects of interventions on the phylogenetic structure, we utilize tree-specific
entropy metrics. As a metric from the field of computer science, we use tree degree entropy
H* (33). This metric can be rooted in the literature and serves as a good proxy for structural

complexity (32, 33).

H* Z —< log - (20)

H* corresponds to a Shannon entropy using the ratios of the number of tree vertices with ¢ € N
children n, and the total number of vertices n as probability values. A weighted tree degree entropy
variant H; can be defined using a weight function f,, and substituting n and n. in 20 for sums of

vertex weights n,, and n,, .:

me =) fuli) 1)
Ny,c = Z fw(i) (22)

In addition, we utilize an entropy metric rooted in biology. The phylogenetic entropy index H), (34)
is derived from the Shannon index over tree branches b using the tree branch length /(b) and the

proportion of individuals, in our case infected hosts, in the community p(b) stemming from b as:

Hy == ) 1(b)p(b)Inp(b) (23)

b
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It combines the quantification of variant distances with the structural component inherent in the
phylogenetic tree (38).
Lastly, we introduce a metric targeted at the key feature of phylogenetic linearity. We base this
metric on the impact ¢(i) a variant i has within the phylogeny. Our quantification can use a weight
function f,, > 0, with f,,(i) > O for at least one variant. This impact ¢(i) is defined as the weight

of a variant and the sum of the impacts of all its descendants:

(i) = fu@) + D 1)) (24)

Jjec(
where ¢ covers all children of variant i. The mean linearity A can then be based on the ratio of

maximum child impact and total strain impact:

S A D ) + maxe () 1
A S A O+ S ) 2 =

In effect, A is defined in the interval (0, 1]. A linearity of 1 represents a tree where each node,

barring a single final leaf, bears exactly 1 child. In this case A is independent of the weight function
fw- In contrast, a low linearity can be achieved by distributing the weight uniformly among a large
number of children.

Structural changes in the phylogenetic tree are inevitably bound to its growth. Thus, there is a
correlation between tree growth and changes in our metric values. In tables S3 and S4 we quantify
the correlation between the tree size and our metrics both in absolute terms as well as in terms
of their dynamics. We find that H), exhibits the strongest correlation to tree size and its change.
The other indicators show a low correlation to the absolute size. The tree degree entropy H™ is
the only metric that is negligibly correlated to the tree size growth. H* also exhibits the highest
correlation to the peak non-specific immunity (see Fig. 2) indicating its usefulness in quantifying
structural tree complexity. The strong correlation of H), to tree size growth explains its response to
the pandemic phase in Fig. S12 which is the inverse of what would be expected of a measure of

structural complexity.
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3.7 Data analysis and figure details

All simulations for the main results were carried out 100 times with varying random number
generator seeding. Data analysis was performed using Python version 3.12.9 and the packages
“seaborn” version 0.13.2 (39) and “statannotations” version 0.7.1 (40) for the statistical plotting
and analysis. Box-plots show the quartiles as box limits and the median as center line within the
box. The whiskers denote the entire range of the data, covering all outliers. Line-plots depict the
standard deviation as a shaded area around the graph line that represents the mean. Violin-plots
depict the median and quartiles as lines through the distribution representation. To compare the
different phases of the pandemic and its effects on the tree measures statistically Welch’s t-test was
utilized. Linear regressions through the collected data points were performed using the “scipy”
package version 1.15.2 which alongside the regressions also calculated the values for Pearson’s r

stated in the relevant figures (41).

4 Results

Fig. 2 pane D shows the relationship between the peak non-specific immunity and the mean of
different metrics of phylogenetic complexity using a fixed intervention threshold of 7, = 107°.
Each circle depicts the mean result for the first two simulated years in one scenario combining
an intervention effect parameter 5, and individual pseudo random number generator seeding. The
colors indicate S, values. All entropy metrics show higher complexity as they increase when the
peak non-specific immunity decreases. This decrease in non-specific immunity is a direct cause of
the introduction of non-pharmaceutical interventions as can be gathered from the last sub-pane in
Fig. 2 pane D. Interestingly, the pairwise diversity [used by (/)] is not as sensitive to this increase
in complexity witnessed by the entropy metrics. The linearity metric introduced below shows a
similar response to the entropy scales. These results highlight the importance of taking the structural
properties of phylogenetic trees into account.

As visible in pane A of Fig. 2, we can categorize the intervention scenarios of different parameter
combinations of 7, and 3, into three broad categories. These categories lead to characteristic peaks
in the non-specific immunity compartment during the interventions and thereafter (see pane B

of Fig. 2). To gather a more detailed look into the complex dynamics we present an illustrative
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scenario for each category. Fig. 2 pane C shows the first four years of these examples including
one without interventions and one with vaccination. An example scenario for category C uses a
low threshold 7, = 10~ combined with a strong intervention effect 8, = 0.1. In this category of
intervention scenarios, the population is largely unaffected from infections. When the interventions
are artificially lifted after two years, however, the number of infections spikes due to a lack of built-
up immunity. This spike can be mitigated by introducing vaccinations. However, this prevents a
variant-induced bottleneck effect and increases the phylogenetic complexity. The example scenario
for category B raises the threshold to 7, = 2.5-107>. It represents a category where the interventions
lead to a rather slow building up of immunity within the population and the interventions can be
subsequently phased out. In contrast, the example scenario for category A retains the threshold
7, = 1076 but lowers the intervention effect to 60 % (8), = 0.4). The population gains immunity
quickly and the interventions are phased out. It bares the most resemblance to the scenario without
any interventions.

We refrain from reporting the mortality that would be associated with the particular scenarios,
as it is not the focus of our analysis and our model is not well-equipped to do so. In particular,
we do not consider the non-linear impact of the number of concurrent infections on the number of

deaths that may happen when the health care systems are overwhelmed [see (42)].

S Empirical validation

As a final step in our investigation, we want to explore our hypothesis empirically by analyzing
the empirical development of viral pathogenic evolution before, during and after the Covid-19
pandemic. Our hypothesis is that non-pharmaceutical interventions increase the structural com-
plexity of phylogenetic trees of viral pathogens such as influenza and SARS-CoV-2 due to the fact
that the population builds less widespread non-specific immunity. Due to the global nature of the
response, the pandemic presents a unique opportunity to study the impact of non-pharmaceutical
interventions on pathogenic development.

We study empirical phylogenetic trees from the nextstrain platform (43). To stabilize the tempo-
ral development, we use the ready made trees based on 12 years of influenza’s evolutionary history

for HA and NA genes respectively. For SARS-CoV-2 we use all available data, since it is only
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available for a much shorter period at the time of this writing. We prune the trees to their state
up to each month from January 2018 to December 2024. Compared to our synthetic phylogenetic
trees, the structure of these empirically observed trees cannot be determined with full certainty. In
particular, the early evolution of SARS-CoV-2 can only be inferred. This explains the initial low
linearity and higher tree degree entropy we find for its phylogenetic tree in Fig. S12 A.

Furthermore, the evolution of SARS-CoV-2 had been affected by non-pharmaceutical interven-
tions almost from the beginning. This is why SARS-CoV-2 represents a poor case to study our
hypothesis empirically and why we instead use a simulation approach to investigate this ‘what if?’
type question.

Since we have no information about the infection numbers for specific variants in these trees,
we can only use the unweighted versions of our metrics.

During the pandemic, tree linearity A and the tree degree entropy H* suggest a higher evo-
lutionary complexity in SARS-CoV-2 compared to the influenza samples. This matches reported
observations in the literature (2, 3). The metrics seem to respond to a seasonal development. This is
particularly evident in our linearity metric during the winters of 2020 and 2021. Qualitatively, H*
bears the most resemblance to our simulated vaccination example scenario. This metric also shows
the highest correlation to the peak non-specific immunity in our simulation study. The phylogenetic
entropy index H), shows a lower value for SARS-CoV-2 compared to influenza viruses. This is likely
due to its comparatively low tree size. In both entropy metrics, the development of SARS-CoV-2
appears to align with the phylogenetic trees of influenza viruses after the pandemic.

The analyzed trees represent a filtered subset of the full evolutionary picture. Thus, a quantitative
comparison of synthetic and observed phylogenetic trees is difficult. Nonetheless, our analysis
unveils characteristic changes in the pathogenic evolution (see Fig. S12 B). We test whether the
evolution is significantly different using monthly data on the change in each metric.

Starting in March of 2020, for influenza trees, the development of the phylogenetic entropy
index H), and our linearity metric stagnates. Furthermore, it returns, for almost all lineages that
we consider, to its previous trend (or closer to the previous trend). This is an important finding
which suggests that this is indeed due to the pandemic. These changes in the trend are significant
until the end of 2022. For H3N2, this effect is less prominent. A significant difference for the trend

in H, could only be established until October of 2021. Furthermore, the linearity metric shows
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no significant differences in post-pandemic development for the NA gene. Contrary to our other
findings, the NA gene of the influenza B victoria lineage exhibits an even stronger stagnation in its
development after the pandemic. Further research is necessary to explain these differences and to
investigate whether they will persist.

We observe a strong effect of the Covid-19 pandemic on the tree degree entropy metric H*.
From June 2020 until the end of 2022 we observe a significant mean increase of entropy in contrast
to a decrease before and thereafter. There are no significant differences between the pre- and post-
pandemic development, which again supports our hypothesis that the pandemic is the driving force
behind these results.

To conclude, our empirical analysis uses ready-made phylogenetic trees that are pruned to
specific dates. It shows that the phylogenetic tree structure metrics used in our analysis have a
potential to shed light on viral pathogenic evolution. Importantly, we find that the pandemic seems
to have affected influenza’s evolution, albeit this is likely of a temporary nature. While our empirical
analysis is not able to establish a causal link, our simulations point to social distancing as a driver
of these changes. Our findings highlight the essential link between social and natural systems and

may act as an important stepping stone for further research.

6 Discussion

In this paper, we developed a novel model capturing epidemiological and evolutionary dynamics
to study the impact of non-pharmaceutical interventions on the (non-)linearity of viral evolution
and viral heterogeneity. Our model draws on two agent-based models developed for influenza (/)
and the Covid-19 pandemic (/4), respectively and features a large number of virus variants that
are endogenously created by a mutation process. However, in contrast to the two reference models,
our approach captures the viral spread using equations which are based on the well-known SIR
approach. Hence, we do not model each individual host explicitly, but only each virus variant.
This approach drastically improves the efficiency of our evolutionary-epidemiological framework,
allowing us to compute a large number of simulations.

We showed that in a baseline calibration derived from the two models, non-pharmaceutical

interventions, such as lockdowns or voluntary social distancing, may trigger a more complex
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and non-linear evolution as an unintended consequence. While the complexity of viral evolution
becomes lower after lifting social distancing measures without vaccination policies, vaccinations
are able to preserve these dynamics over the longer term.

The driving assumption behind our results is that we assume that — similar to influenza [see
(1, 11)] — an infection with one variant creates short-lived broad cross-immunity against all other
variants (in addition to long-term cross-immunity against the same and highly similar variants).
This mechanism causes large infection waves to become evolutionary bottlenecks that inhibit other
variants to spread, therefore limiting the complexity of viral evolution. We thus illustrate a potential
explanation for the observed complexity in the SARS-CoV-2 phylogeny.

However, our results do not preclude explanations to the origins of Omicron based on hidden
human or animal reservoirs or immunocompromised human carriers, but merely illustrate that
they are not necessary to explain a highly non-linear viral evolution as observed in SARS-CoV-2.
Instead, we show that such a non-linearity can emerge endogenously through interventions common
during the Covid-19 pandemic.

Finally, a short empirical exploration using publicly-available data from the nextstrain platform
(43) using our metrics seem to broadly support our hypothesis that social distancing can have
an impact on phylogenetic complexity and linearity: First, the evolution of influenza has become
significantly less strongly linear during the pandemic for all six influenza trees analyzed, and more
strongly linear after the pandemic again for four out of six trees (we only observe a further significant
decrease after the pandemic for one tree).

Subsequent work is necessary to expand our understanding of the concurrent evolution of
competing viral pathogens and their interaction with socio-economic responses.

Importantly, our analysis should not be viewed as a basis for normative judgment about how to
best design social distancing policies, as this would require a much more complex model that takes

— among others — the health and economic impacts of each scenario better into account.
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Figure 1: Flow diagram of our model (A) and schematic representation of the non-specific
immunity component’s effect (B & C). (A) Population flow diagram for our model. The com-
partments for the susceptible and non-specific short-lived immune population are not specific to
variants. All other compartments are variant-specific. Black arrows show the population flow be-
tween compartments. Red arrows point out cause-effect relationships. The state variable for the
cross-immune population C is excluded from the mass balance as indicated by the plus signs next
to the blue influx arrows. (B) Schematic of the suppression of diversification as an effect of the
non-specific immunity effect [see (/)]. Infection waves caused by a virus variant boost the immunity
against all variants regardless of antigenic distance, thus, creating a bottleneck for diversification.
(C) Schematic showing how non-pharmaceutical interventions may drive the mutational dynamics
towards a more complex pattern. In contrast to B the interventions curb both the amplitude of

infection waves and their effect on widespread perfect cross-immunity.
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Figure 2: Non-pharmaceutical interventions drive the evolutionary complexity of our modeled
viral pathogen. (A) The intervention scenarios can be categorized into three types differentiated
by the emerging intervention prevalence. In category A short initial interventions are followed by a
non-restrictive phase. In category B the interventions slowly fade out while in C they last. (B) The
scenario categories exhibit characteristic non-specific immunity peaks during the intervention phase
and the year thereafter. A fourth category V shows the effect of vaccinations on the non-specific
immunity peak after interventions are lifted in category C. (C) The development of five example
scenarios in the initial four years reveals more qualitative differences between the categories.
Counter-intuitively, vaccinations in our model support a lasting high complexity by preventing a
variant-induced bottleneck effect and introducing evolutionary pressure to escape cross-immunity.
(D) The correlation between the peak non-specific immunity and various metrics of phylogenetic
complexity in 100 simulation runs with 9 different values for f,. Interventions and peak non-
specific immunity have a linear relationship. High mean entropy metrics during interventions and
our linearity metric correlate with a lower non-specific immunity. (E) Two entropy metrics in the

15th simulated year show a long-lasting vaccination effect on evolutionary complexity.
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7 Supplementary Text

7.1 Calculation of contact rate values

Our model is based on an influenza reference model (/) to describe the presence of low phylogenetic
diversification in influenza strains. This reference model utilizes an agent-based approach where
all individuals of the population are simulated individually. These agents are distributed uniformly
within M = 20 geographically distinct patches. This method is computationally expensive, if the
simulated number of people is large. We thus simplify this model to carry out the simulations in a
more efficient way: We assume homogeneous mixing within each geographical patch. This allows
us to model the spread of the virus using the well-known SIR equations. However, since we are
interested in tracking viral evolution, we also want to explicitly model a potentially large number of
virus variants. To do so, we use an agent-based approach where we model each variant as an agent
(instead of each person).

To account for the differences in the modeling approach, we have to carefully adjust the contact
rates in our model. The influenza reference model differentiates between local transmission with a
contact rate determined by Sy, mixing within a patch with Sy and contact between patches with
B. The reported basic reproduction number for transmission within local groups is Ry = 5. Within
a geographical patch, transmission is less likely with Ry = 0.4 and transmission in between patches
is given with Ry = 0.02.

We find our values for By o and the homophily parameter 4 using equations S1 and S2 (35):

1-nh 5.4
TR (S
0 0

Bw,o(h+

1-nh 0.02
Bwo—r = =7 (52)
Yo THo

The resulting parameter values are listed in Table S1. To gain an intuition for these equations, one can
rewrite their left-hand side (LHS) with M = 20. Equation S1’s LHS then reads as z—lo,Bw,o(19h +1).
It can be understood as the local transmission component. In a completely homophilic 2 = 1

scenario By o equals the right-hand side (RHS) of S1. For equation S2 the LHS can be rewritten as
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% Bw.o(1—h).Inascenario with homogenous mixing between all patches (i = 0), Bw o corresponds
to the RHS of S2. Intuitively, the homophily parameter /# regulates the balance between both

extremes.

7.2 Reproduction scenarios

Despite our methodological changes, our model can reproduce the results of the influenza reference
model [see (7)]. As listed above [see Methods in Section 3], all but one parameter are set to the values
of the reference model. Our method necessitates some changes to the immunity model. Therefore,
as described in our methods section, the cross-immunity’s minimal effect 6y was reduced.

Fig. S1 shows our reproduction of the influenza reference model’s results in two key scenarios
that follow the methodology of its source (/). A setting with low mutability and only cross-immunity
is compared to a scenario paring high mutability with an additional non-specific immunity. Both
scenarios were evaluated with each using 50 simulation runs over 30 virtual years.

Pane A of Fig. S1 shows the weekly incidence in the first geographical patch. Much like in the
influenza reference model’s associated report, the scenario excluding the non-specific immunity
peaks between 10, 000 and 15, 000 inhabitants in the first 15 years. The incidence for the scenario
including the non-specific immunity is lower. In the second half of the simulation, it peaks around
3,000 inhabitants, again resembling the reference result (/). The reference’s units are reported to
be per 100, 000 inhabitants (/). We find that this may be an error in these units, as the percentage
of infected inhabitants appears unrealistic. In any case, our model produces a similar difference
between both scenarios. More importantly, our observations for pairwise diversity match those
reported for the influenza reference model (7).

In pane B of Fig. S1 a lack of non-specific immunity proves to lead to rapid diversification.
Meanwhile, the added non-specific immunity component limits diversification drastically, despite
a tenfold increase in mutability. In both cases, the range of the pairwise diversity closely resembles

that reported for the influenza reference model (7).
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Equations of the reproduction model

Our model includes a pre-symptomatic phase and asymptomatic cases. In contrast, the influenza
reference model (/) uses a single mode of symptomatic infection. Furthermore, it does not consider
the possibility of a lethal infection outcome. Therefore, some equations listed in our manuscript’s
methods section can be simplified to reproduce this model.

The population that is cross-immune to variant i and currently within the compartments specific

to any variant can be calculated without the P, ; and A, ; compartments:

val
CpilsF = Z (Epi+1,;+F,;)(1- f(di,j))N_ (S3)
j p

We want to reiterate the intuition for this expression. For a variant i, the sum of the cross-immune
population needs to be scaled to reflect a good estimate. We assume a reasonably good mixing within
all compartments. Then, the fraction of the cross-immune individuals within the total population
%i can be used for the variant-specific cross-immunity compartments. However, the likelihood
of a cross-infection is inversely correlated to the cross-immunity. Thus, an additional scaling by
1 — f(d; ;) is necessary.

Due to the reduction of infection compartments the normalized contagious population /s, p

simplifies to a mere fraction of symptomatic individuals within the population:

Yy pii

N, (S4)

Itot,p,i =

Since there are no more pre-symptomatic and asymptomatic cases, the exposed population in E), ;

flows directly into 7, ;:

: I,

Iyi=aE,; —vyilp; — T (S5)
Likewise, the absence of lethal consequences simplifies the compartment outflow of / pi- Asinall
compartments, the life expectancy L governs the rate of natural death. Besides the natural deaths,
only y; regulates the outflow by determining the mean infection duration. Consequently, the net

recovery rate reduces to only the net flux out of the infected compartment:

S4



82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

R pi=vilp, (S6)

For the scenario excluding the non-specific immunity the model can be further simplified. In
this scenario the non-specific immunity compartment F), and the associated, variant-specific state
variable F),; can be excluded from the model. The component for the variant-specific susceptible

population S, ; can then be rewritten as:

Sp,,' = Sp - ij + Cp’,',l (S7)

It uses the cross-immune population currently infected by other variants C,,; ;. It is an alternative

to Cp.; 1+F that excludes the non-specific immunity compartment F),:

_ 1 Cp’i
Cpaa = 2 (Ep+ 1) (1= f (i) = (S8)
Excluding F), also changes the flux of recovered individuals. The recovered population flows

directly into the susceptible compartment, for which the derivative changes to:

N S,

Sp = Tp + (sumiyilp,,- - bp,iSp’i) — f (S9)

Without the non-specific immunity, recovered individuals directly contribute to the cross-immunity.

Therefore, the cross-immunity derivative is now given by:

. Cpi
Cpi= ) dij)yilpj 1= (510)
7

The influenza reference model (/) deals with the evolution of a pathogen with widespread antigenic
adaption in the population. Thus, simulations start “near the single-strain equilibrium” (7). To
reproduce this, we disable all mutations in the first 100 simulated years to arrive at the (dynamic)
single-strain equilibrium. Afterwards, we enable mutations. As in the influenza reference model,
in our reproduction model the epidemiological parameters are not affected by the mutation but

constant. The parameters used in the reproduction model are listed in Table S2.
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7.2.1 Our model under equilibration

The substitution of the host-agents with ODE:s is not the only difference the between the influenza
reference model (/) and ours. Due to the focus on a different, and novel, pathogen our method
introduces new compartments and the mutation of epidemiological parameters. In addition, the
scenarios in our study start before the single-strain equilibrium establishes itself. Arguably, there
is a large gap between the reproduction scenarios and our main study. To bridge this gap, we
additionally investigate a scenario of our novel model starting close to the single-strain equilibrium.
This scenario uses the main study’s base scenario parameters. There are no pharmaceutical or
non-pharmaceutical interventions. Note that these parameters do not differ drastically from the
reproduction model.

The additional compartments of the epidemiological model exhibit only a minor impact on the
population dynamics. The most notable difference to the reproduction scenarios appears to be the
quicker establishment of a dynamic equilibrium. This is likely the effect of the extended latent
period.

Our scenario includes a non-specific immunity component. Consequently, the pairwise diversity
is reduced. For the influenza reference model, one can show that functional constraints on the
viral evolution do not significantly impact the results (see Supplementary Material of (7)). Using
our model, which decouples the stylized RNA mutation from the evolution of epidemiological
parameters, we find that only after the first ~ 15 years the parameter mutation starts to impact the
pairwise diversity. We, therefore, conclude that the long term effects of the interventions in our

model should be investigated at the 15 year mark.

7.3 Sensitivity Analysis

To improve the insight into our model’s dynamics, we perform a sensitivity analysis beyond the
scenarios shown in Fig. 2. Each parameter combination is evaluated at least 50 times with varying
pseudo-random number generator seeding. The sensitivity analysis focuses on the state after 2 and
4 simulated years. Some parameter combinations, however, cover a time span of 15 or 30 years to

investigate the long term dynamics.
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7.3.1 Intervention model analysis and long term results

Our scenarios cover a large range of the two main intervention model parameters. In our main
results figure, we show the correlation of various metrics with the peak size of the non-specific
immunity population for a varying intervention effect 5,. The same analysis can be done for the
intervention threshold 7;. Fig. S3 shows these correlation plots using a fixed intervention effect 5,
of 90 %. Most R? values are lower compared to the main results pane D in our manuscript. Only
the pairwise diversity metric appears to react stronger when varying 7, with a fixed 8.

Due to a lack of space in our main results figure, only two entropy metrics show the results
after 15 years. In Fig. S3 we show the state of other key metrics in our study throughout the 15 th
year. We find that the pairwise diversity reaches a similar equilibrium in all scenarios. The size
of the population with non-specific immunity is, however, much larger in the scenario without
interventions. This is reflected in the entropy metrics which are lower in these scenarios. Contrary
to our intuition, without the interventions the linearity is lower than in any of the intervention
scenarios on average, even though the variance is higher. This could be a latent effect of the delayed
second infection wave.

In Fig. S4, we take a look at some exemplary phylogenetic trees. All example trees show the
500 variants with the largest recovered or infected population and their ancestry. The blue trees
show the phylogeny after 15 years without the interventions (A) and for a scenario of category C
(B). Significantly more diversification events are visible in the blue tree shown in B. This explains
the difference in the A values. Table S5 lists the associated metrics for the aforementioned trees.
It is easy to see, that the entropy measures and the tree linearity focus on the entire structure
of a phylogenetic tree. In contrast, pairwise diversity (PD) quantifies the temporary state. This
is especially noticeable in the values for the black trees which show the state after 30 years. An
additional example of a scenario with vaccinations is shown in pane C. At its right end this tree
shows more concurrently circulating variants the other examples in A and B. It exhibits a pairwise
diversity of 7.14. In comparison, this is significantly higher. This difference is not reflected in the
rest of our used metrics. This points to the complementary nature of these metrics and to the benefit
of their use in unison.

Our simulations end after a period of 30 years. The effects of the parameter mutation on the
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evolutionary patterns already explored in Fig. S2 can be revisited here. Fig. S4 D suggests that the
scenario lacking interventions may be more resilient to the effect of the parameter mutation. In
contrast to the other scenarios, its pairwise diversity is less elevated. This can also be seen in the

example trees (A - C) that show the phylogeny after 30 years.

7.3.2 Analysis of epidemiological and mutational characteristics

The main driver for the evolutionary dynamics in our focus is the intervention model. However,
there is a complex interplay between it and the other model parameters. We extend our analysis to
cover the parameters that had to be changed from the source values or were newly introduced. First,
we focus on the state after 2 years, i.e., the state immediately preceding the end of the interventions.
The model component parametrized based on the influenza reference model (/) differs in two
parameters from the source. The contact rate Sy uses a homogeneous mixing based estimate. The
minimal effect of the cross-immunity 6y was adapted to the differences in the cross-immunity
model.

The scenario category C covers the scenarios with the strongest effect of the non-pharmaceutical
interventions on our results. Thus, we model the interventions for this category with a threshold
of 7, = 107 and an intervention effect 8, of 90 %. All other parameters are chosen in line with
Table S1 of our manuscript with the exception of the singular parameters we vary for each analysis.
Our analysis in Fig. S5, shows that our main results are resilient to a change in either of the two
parameters. We attribute the small differences to a feedback from the intervention model.

Our model simulates the viral mutation in a two-fold process. The stylized RNA mutation
gives rise to new virus variants. This RNA mutability is governed by d. A new variant mutates
its individual epidemiological parameters that it inherited from its parent variant. This parameter
mutation distance follows a (limited) normal distribution that depends on o. The expected effect
of a lower RNA mutability is a reduced evolutionary complexity. Indeed, Fig. S5 shows this effect.
It also shows that reducing the parameter mutation range has a strong impact on the evolutionary
dynamics. By setting o = 0 we effectively disable the parameter mutation. The result is a strong
reduction of the pairwise diversity and all measures of entropy.

The effect of the parameter mutation cannot be attributed to a singular parameter. As shown in

Fig. S6 A the absence of the mutation of individual parameters exhibits only a minor effect. The
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biggest difference can be observed in a combination of the parameters directly affecting the basic
reproduction number Ry: 3, v and u. This, as shown in C, is not due to a rapid increase of the basic
reproduction number. Rather, a small differentiation in virulence is sufficient, albeit vital, to produce
the observed effect on the viral diversification. The simulated mutations cause R to reach a value,
shown in D, that is within the observed range for the Omicron variant of SARS-CoV-2 (45). Fig. S6
V depicts examples of the synthetic phylogeny after four years with and E without the parameter
mutation. As visible, a lack of the parameter mutation leads to an unrealistic diversification where
the ancestral variant remains the most potent pathogen across all recurring infection waves.

The lethality of our simulated disease interacts with the intervention model. In Fig. S7 we
explore this relationship. We consider the example scenarios for our three intervention scenarios
and compare them to versions with no initial lethality and no cross-protection. As expected, we find
that the initial survival chance A has a strong impact on the results. An initially low lethality tends
to reduce the phylogenetic complexity. This can be attributed to a reduction of the intervention
prevalence. In A showing the example of the scenario category A, however, we find the opposite
effect. Here, after four years the complexity is increased. The likely explanation is a larger susceptible
population left for the variants that are children of the ancestral strain. This exemplifies the complex
dynamics that unfold through the interplay of the epidemiological, social and evolutionary systems.

Due to the parameter evolution, a lack of the initial lethality does not entirely remove the in-
terventions. Contrary to our intuition, in our model A appears to evolve towards a higher lethality
(see Fig. S6) if the standard deviation of mutations is very high. This is likely because the initial
value of the ability of hosts to survive the disease is close to its upper bound of 1. Our model is
not suited to fully unravel the complexities of pathogens within human hosts. Usually, within hosts
a trade-off between contagiousness and host health emerges (46). What is more, since there are
no small host communities in our model, highly lethal variants may not go extinct as quickly as
expected. Nevertheless, our viral variants are subject to selective pressure due to the interventions
and the susceptible population size. Our results could point towards a trade-off on a global epidemi-
ological level where the lethality lowers the cross-immunity through differentiation but inhibits the
transmission due to the interventions. The induced delay between recovery and susceptibility due
to the non-specific immunity may limit the evolutionary impact of the lethality on the susceptible

host population size.
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In other words, the non-specific immunity in combination with the lethality dependent inter-
ventions may change the landscape of the evolutionary stable strategies such that pathogens benefit
from (a small) lethality.

The cross-protection against lethal infection outcomes ¢ shows less impact on our results. Its
damping effect on the lethality can be explored in Fig. S7 B. By removing the cross-protection
entirely, we find an increased complexity after four simulated years. With cross-protection, the
population’s adaption to a novel pathogen leads to less lethal cases. In turn, the intervention
prevalence drops. Removing this dynamic in the scenario category B leads to ongoing interventions
and an infection spike after their discontinuation. This drives the example towards the scenario

category C, which exhibits increased late stage complexity metrics.

7.3.3 Effects after four years

The intervention discontinuation after two years causes a significant change of the resulting phylo-
genetic complexity. In scenario category C, the infection peak that follows the end of interventions
is especially large. Therefore, we also analyze the sensitivity two years after the end of the non-
pharmaceutical interventions. Fig. S8 depicts the same analysis as above but two years after the
intervention discontinuation.

The infection wave following an intervention cessation appears to have little effect on the
qualitative analysis of our model’s sensitivity. The changed epidemiological model parameters
remain rather inconsequential to our results. Both mutational parameters continue to drive the
resulting complexity. While the entropy and linearity metrics may exhibit latent structural effects
of early differences, the pairwise diversity reflects a lasting impact of these parameters after four
years. The unweighted tree degree entropy H* exhibits an elevated value for the scenario without
the parameter mutation. This points to diversification events in child variants where the resulting
sub-variants remain unfit to compete against the ancestral strain. These events are likely the result

of the infection spike after the intervention discontinuation.

7.3.4 Effects in other scenario categories

The previous analysis focused on the scenario category C. In the other categories, the effect of the

non-pharmaceutical interventions on the phylogenetic complexity differs significantly. Hence, we
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extend our analysis to two example scenarios from the categories A and B. We use the same example
scenarios as in our main study. For the scenario category B we set the intervention threshold to
7, = 2.5 - 107 and the intervention effect 8, to 90 %. The example of the category A uses an
intervention threshold of 7, = 1 - 107 and an intervention effect B of 60 Y.

Figures S9 and S10 show the effect of various parameters on the non-pharmaceutical intervention
phase and thereafter for examples of the scenario categories A and B. Overall, the results remain
similar to the previous example of the category C. Again, the effect of the mutation parameters
is more pronounced. Especially the category A is characterized by a reduction of interventions.
Similarly, the effect of the parameter mutation on the phylogenetic complexity metrics is also
reduced, albeit still visible.

In both categories, the effect of the adapted epidemiological parameters becomes more pro-
nounced. This is especially evident in the results after four years. An initial Ry decrease appears to
leave more room for a later differentiation. As the interventions become less prevalent in category
B and, especially, A, the minimal cross-immunity parameter 8y becomes more important for the
epidemiological dynamics. Lowering 6y increases the resulting evolutionary complexity. This is
expected, since this parameter induces a long-lasting non-specific immunity. The larger recovered
population in these categories, thus, reduces the mutational complexity. In contrast, a lower re-
covered population reduces the impact of the cross-immunity on the dynamics in category C (see
figures S5 and S8). This emphasizes the fundamental impact of the non-specific immunity on the

pathogenic evolutionary complexity.

7.3.5 Vaccination model analysis

We model vaccinations to gauge the possible effect they could have on the progress of the phylo-
genetic complexity after the repeal of non-pharmaceutical interventions. Our vaccination model is
rather simple. A vaccination adds (cross-)immunity against the ancestral strain and a short-lived
non-specific immunity. The scenario shown in our main results is optimistic. In it, all citizens that
have not yet been infected can be vaccinated at a rate of 1% of the population per day.

In Fig. S11 B we also cover less successful scenarios with lower vaccination rates. One scenario
is aimed at vaccinating 81 % of the population and reaching the theoretical herd immunity for the

initial Rg value of 5.4. By the time the vaccine can be distributed, the R value has shifted due to
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the parameter mutation. In a pessimistic scenario we analyze the effect of a low vaccination rate set
to half of that in the optimistic scenario.

Unsurprisingly, the peak infections are lowest in the most effective vaccination scenario. Effects
of the vaccination rate on the phylogenetic complexity are visible. In our model, the pharmaceutical
interventions reduce the peak of the non-specific immunity that may follow a repeal of the non-
pharmaceutical interventions. As a result, the bottleneck effect is reduced.

Such a bottleneck effect may instead be inducible by distributing the vaccine at a very high
rate. However, our optimistic vaccination scenario already uses the highest achieved vaccination

rate during Covid-19 (37).
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Figure S1: Reproduction of the influenza reference model’s results [see (1)] using our model
with the assumption of perfect mixing withing geographical patches. Both panes show the mean
and standard deviation of 20 simulation runs comparing a scenario with low mutability but no non-
specific immunity component with a scenario using high mutability and a non-specific immunity.
(A) Incidences observed in the first geographical patch matching the reported numbers closely.
(B) Pairwise nucleotide diversity weighted by the case abundance. The effect of the non-specific
immunity component is evident in the low diversity exhibited despite a higher mutation rate in the

scenario with non-specific immunity.
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Figure S2: Starting simulation runs close to the single-strain equilibrium using our adapted
model without interventions shows a similar evolution to the influenza reference model [see (1)]
until approximately year 15. (A) The seasonality effects in the first geographical patch’s incidence
fade over time. (B) After some 15 years the effect of the parameter mutation drives our results
towards a higher pairwise diversity. As shown in our manuscript, it is vital to assess the impact of
the parameter mutation for a novel pathogen. However, our model does not set any limits to the

evolution of the epidemiological parameters beyond their defined range. We, therefore, conclude

that our long term analysis should focus on the model state after 15 years.
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Figure S3: The same correlation analysis exercised for the intervention effect 5, in our
manuscript’s main results can be extended to the intervention threshold 7. (A) The correlation
of most metrics is not as strong for this intervention parameter. Only the pairwise diversity metric
gives a stronger response than when varying the intervention effect which was set to 90 % for
this graph. (B) The state in year 15 of variables that were omitted in our main results for spatial
reasons. The long term effects of the interventions seem to increase our linearity metric. The
entropy metrics remain elevated. A possible explanation for this phenomenon is the increasing
number of diversification events and the comparatively late emergence of differentiation in the
scenario without interventions. The pairwise diversity appears to find a similar equilibrium in all
scenarios. The population with non-specific immunity is larger in the scenario without interventions.

In Fig. S4, we find that this difference reduced after 30 simulated years.
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Figure S4: In the 30th simulated year the complexity remains higher for scenarios with
interventions. There seems to be an increasing effect of the parameter mutation that drives diversity
in these scenarios. The scenario without interventions appears to remain more resilient to this effect.
(A) Example trees after 15 (blue) and 30 (black) years for a scenario without interventions. (B)
Synthetic phylogenetic trees for the scenario category C after 15 (blue) and 30 (black) years. (C) An
example tree for a vaccination scenario with 1 % vaccination rate after 30 years. For all phylogenetic
trees we only show the 500 variants with the largest recovered population and their ancestors. For
the sake of comparison, all trees are generated using the same random number generator seed. The
associated metrics for these trees can be found in Table S5. (D) The state of our focused metrics
after 30 simulated years. The entropy metrics are mostly differentiated through latent effects of
early diversification events. Pairwise diversity is driven higher in scenarios with interventions due

to the epidemiological parameter mutation.
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for the stylized RNA also used by the influenza reference model [see (/)]. A lower mutability leads
to less variant offspring and, thus, a reduction of the diversity and the opportunity for the epidemio-
logical parameters to diverge. The parameter mutation, shown in the third column, only takes effect

in new variants. Effectively disabling the parameter mutations by setting o = 0.0 strongly reduces

the effect of the interventions on all used metrics.
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Figure S6: The consequences of removing the parameter mutation cannot be explained by
a drastic impact on one singular parameter. Removing the mutation of singular parameters
does not show the same effect on the pairwise diversity. (A) Results of removing the mutation in
various combinations of epidemiological parameters. A Base scenario allows all the epidemiological
parameters to mutate. Only the absence of the mutation in all parameters affecting the basic
reproduction number (3, y and p) leads to a large drop of the pairwise diversity. (B) In the example
scenario for the category C, the Ry values mutate towards the range that could be observed for
the Omicron variant of SARS-CoV-2 (45). (C) Despite the large effect, the amplitude of these
mutations is not excessive. A visual comparison of the resulting phylogeny without (D) and with
(E) the parameter mutation underlines its effect and importance. In each tree we show the 200

variants with the most infections and recovered hosts and their ancestors in each tree.
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Figure S7: Raising the initial survival chance 1, to 100 % decreases the evolutionary complexity
by reducing the intervention prevalence. (A) Result of a scenario without lethality and one
without cross-protection for an example of the scenario category A. (B) The example scenario for
the scenario category B, where the impact of lethality is especially visible. (C) An example of the
category C, where this effect is also pronounced. In contrast, (A) shows that a lowered lethality can
increase the pairwise diversity. We attribute this to a smaller impact of the large first infection wave
on the susceptible population available to the variants emerging later. Overall the cross-protection
¢ against lethal infection consequences appears to have less impact. In (B) its removal slightly
increases the observed mutational complexity after four years. This is likely due to the damping
effect effect of the cross-protection on the lethality. The lack of this effect leads to prolonged
interventions and a larger impact of their discontinuation after two years. The base scenarios refer

to the category examples with interventions but unchanged lethality parameters.
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Figure S8: Two years after the discontinuation of the non-pharmaceutical interventions there
is no drastic change in the results of our sensitivity analysis. The adapted epidemiological
parameters continue to show little effect on the main results. In contrast, the mutational parameters
still show a strong effect on the results. Lowering the mutation rate, both for the parameter mutation
as well as for the stylized RNA mutation, reduces the evolutionary complexity. This effect remains
somewhat visible in the pairwise diversity which is less prone to the latent effects of early dynamics.
However, the unweighted tree degree entropy H™* shows an increased value for the lowest parameter
mutability. This hints at speciation events where child variants spawn offspring still unfit in their

competition against the ancestral strain.

S20



367

368

369

370

371

372

373

0.2 4 b 7 )
T UIBLSzes s | EEFE |__ £F %é |z = TF
*z 9 1 T b
G P T SARNET FARET . %? 5ot
0“1+ T T T B T T = T e T T
10" I?
T 1100_1 i-}-; 3% 2% 2 i%; =+ %'L =1 . % %‘% = =+
'}i 2.5 - a 7 ég )
2 olilmndld [Eldral | & O lsleads
UHARE [aa [ o [T
P, AT [T | T
4(1 4T5 5To 5?6 obs oﬁ15 ko25 oﬁo 065 O‘J % 2T5 16
Initial Rg Min. cross-imm. Param. mutability. RNA mutability
Year [ 12 @4 8o ° o1

Figure S9: In the scenario category B the observed effects after 2 years of non-pharmaceutical
interventions remain mostly unchanged. A slight reduction of the parameter mutation’s effect
can be attributed to the lower intervention prevalence. This is also (quantitatively) evident in the
results for a higher mutability. Lowering the initial Ry value seems to leave slightly more room for
a later differentiation. A reduced minimal cross-immunity also impacts the long term result. This

points to the reduced bottleneck effect of the non-specific immunity component in this scenario.
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Figure S10: For the scenario category A we observe a reduced impact of the mutational
parameters on the phylogenetic complexity. This can be attributed to a reduction of the non-
pharmaceutical intervention prevalence. The effect still remains visible, pointing to the lasting
effect of the initial interventions. The adapted epidemiological parameters show a noticeable effect
after the intervention phase. Like in Fig. S9, a reduction of the initial Ry value may leave more
space for a later differentiation. In the category A, the cross-immunity component’s effect is even

more pronounced. Reducing the minimal cross-immunity parameter 6y increases the phylogenetic

complexity after four years.
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Figure S11: Different vaccination rates affect the phylogenetic complexity by reducing the
effective peak size of the non-specific immunity. (A) An example of a synthetic phylogenetic
tree produced by a scenario with the highest vaccination rate. The vaccination mitigates a variant-
induced bottleneck effect and, thus, creates an equal playing field for all variants. This increases
the evolutionary complexity as it is quantified by our metrics. (B) The temporal development in
the first for years in three vaccination scenarios. The reduced bottleneck effect can be traced in
all indicators. A lower vaccination rate leads to a higher entropy, a slight increase of the pairwise
diversity and a decreased linearity. The vaccination rates were chosen based on three scenarios. In
the optimistic scenario, the population is vaccinated at a rate of 1 % per day. Not all citizens can be
vaccinated due to some having been infected recently. An additional scenario was chosen where the
theoretic herd immunity should be reached at 81 % of vaccinated citizens. Finally, the lowest rate

is set to half of the optimistic scenario in an attempt to model an insufficient vaccination progress.

S23



396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

A === B ns ns
e 100 A ns TrERk ns .n_s‘ ns sk
2 *okokok — * ns **k *
o —  xxxxO w —_— _
oo 7o = Tor =87
o L H0% B ok 5.8
0 T T T T T L
0.0100 4  ¥¥**
° K s ns *kkk
5 0.0075 1 yuw5 *kx * oy K
» —_— *k — —
2 0.0050 8 ol x* NS« o
5 — FkH * S [e)
2 0.0025 i i — —
0.0000 ﬁ % _8.8_
T T T T T T
ns
ns ns S ns kS
o 0.050 1 %% o K oy e ok
Q — — kK — . *
S 00254 * * — 5 -0
* - @ (o]
- o) g o i S e
-0.025 - o) :

T T T T T T T T
2018 2019 2020 2021 2022 2023 2024 2025

/\2\?‘ /é?‘ /\2\?‘ /ev I\Z\V /%V
- S8 &
Pathogen Tree .
— HINT  —— Bjvic -—- NA Timespan Bl pre-pandemic
H3N2 —— NCOV e HA 8 peri-pandemic I post-pandemic

Figure S12: Observed phylogenetic trees of influenza exhibit characteristic changes in the
development of entropy and linearity during the pandemic. (A) Temporal development of our
complexity metrics applied to phylogenetic trees of influenza viruses in comparison to SARS-CoV-
2 covering pre-pandemic to post-pandemic evolution. Our tree linearity metric A can observe the
higher complexity of SARS-CoV-2 described in the scientific literature. It also appears to show an
effect of the pandemic on the evolution of influenza viruses. Their tree degree entropy H™ exhibits
a rapid initial decline with the onset of interventions followed by a subsequent growth that may be
the result of reduced non-specific immunity. The tree degree entropy of SARS-CoV-2 peaks during
2020 and starts to align with influenza results after two years. The phylogenetic entropy index H),
of SARS-CoV-2 is lower due to its size. After the pandemic, the development approaches that of
influenza. All metrics exhibit seasonal effects with differing prominence. (B) The pandemic phase
significantly differs from its preceding and following development. However, different temporal
selections have to be made. For the phylogenetic entropy index H,, we find a slowed growth that is
likely due to the early, intended effect of interventions following March 2020, most probably due
to its correlation with tree size growth (see tables S3 and S4). Our linearity metric also exhibits a
slowed growth that lasts from March 2020 to the end of 2021. The tree degree entropy H* shows a
significant growth from June 2020 until the end of 2022. This trend follows an initial decrease that

is likely caused by the onset of interventions. <24



Table S1: The parameters used for the simulation study. Some parameters, such as the intervention

effect and threshold vary by simulated scenario and are not listed here.

Name Value Description Source
L 30 Agent lifespan. (1)
M 20 Number of geographical patches. @))]
N, % Number of inhabitants per patch p. (1)
a 0.25 Average latent period of 4 days. (14)
Bw.o % Infectiousness within a patch with Ry = 5.4. (1,35
h % Infectiousness across patches with Ry = 0.02. (1,35
Y0 0.5 Average 2 days of (a-)symptomatic period. (14)
Ao 0.99 Chance of survival. (14)
Ho 0.5 Average 2 days of pre-symptomatic period. (14)
10 0.7 Fraction of symptomatic infections. (14)
€p —0.25/0.25 | Seasonality, negative if patch p > M /2. (1)
/4 0.99 Cross-protection against death. (14)
T % Decay rate of non-specific immunity. (1)
o 0.05 Standard deviation of parameter mutation. (14)
0 107 - 107 | Mutation rate of nucleotide bases per infectious host per day. | (1)
6o 0.15 Minimum cross-immunity effect. (See Section 3.2)
0, 0.99 Maximum imperfect cross-immunity effect. (1)
ny 2 Antigenic distance thr§£1§)1d. @)




Table S2: The parameters used for the reproduction model. All parameters are derived from
the influenza reference model [see (/)]. The minimal cross-immunity effect 6 is adapted to the
differences in the the cross-immunity model. The contact rate By and the homophily & are

derived from the influenza reference model’s values as described in Section 7.1.

Name Value Description

L 30 Agent lifespan.

M 20 Number of geographical patches.

N, 12’0([)”& Number of inhabitants per patch p.

a 0.5 Average latent period of 2 days.
Bw.o % Infectiousness within a patch with Ry = 5.4.

h % Infectiousness across patches with Ry = 0.02.

Y0 0.25 Average 4 days of infected period.

€p —0.25/0.25 | Seasonality, negative if patch p > M /2.

T 570 Decay rate of non-specific immunity.

0 1076 - 10> | Mutation rate of nucleotide bases per infectious host per day.
6o 0.15 Minimum cross-immunity effect.

01 0.99 Maximum imperfect cross-immunity effect.

ny 2 Antigenic distance threshold.
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Table S3: Correlation between metrics and the phylogenetic tree size.

Tree size PD A H* H;, H,
Tree size | 1.000000 | -0.045520 | -0.216350 | -0.361966 | 0.326739 | 0.536647
PD -0.045520 | 1.000000 | -0.306345 | 0.343543 | 0.316502 | 0.250051
A -0.216350 | -0.306345 | 1.000000 | -0.427979 | -0.915686 | -0.628884
H* -0.361966 | 0.343543 | -0.427979 | 1.000000 | 0.424715 | 0.212379
H;, 0.326739 | 0.316502 | -0.915686 | 0.424715 | 1.000000 | 0.837813
H, 0.536647 | 0.250051 | -0.628884 | 0.212379 | 0.837813 | 1.000000

Table S4: Correlation between temporal

metrics differences and the phylogenetic tree

size

differences.
A Tree size APD AA AH* AH, AH,
A Tree size | 1.000000 | 0.394419 | -0.725089 | 0.102415 | 0.802855 | 0.894748
APD 0.394419 | 1.000000 | -0.309248 | 0.051063 | 0.391713 | 0.439709
AN -0.725089 | -0.309248 | 1.000000 | -0.098356 | -0.934172 | -0.780769
AH* 0.102415 | 0.051063 | -0.098356 | 1.000000 | 0.115777 | 0.107378
AH;, 0.802855 | 0.391713 | -0.934172 | 0.115777 | 1.000000 | 0.916460
AH, 0.894748 | 0.439709 | -0.780769 | 0.107378 | 0.916460 | 1.000000
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Table S5: Associated values for complexity metrics of the example trees shown in Fig. S4.

Year | Bp[%] | T | Oy [dia';] Scen. Category | A | PD H, H* | H;,
15 0 - - N 0.89 | 0.63 | 25.12 | 0.10 | 2.31
15 99 1076 - C 0.96 | 2.07 | 266.54 | 0.18 | 4.30
30 0 - - N 0.97 | 0.32 | 646.20 | 0.16 | 4.60
30 99 1076 - C 0.97 | 2.50 | 1004.85 | 0.16 | 5.13
30 99 10-¢ 1 % 0.99 | 7.14 | 1367.60 | 0.19 | 5.35
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