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“The enigmatic oneness of the living organism, has as its corollary the fact that bodily
traits are not merely physical, nor mental traits merely psychic. The continuity of nature
knows nothing of those antithetical distinctions which the human intellect is forced to set

up as aids to understanding.”
(Carl Jung)



RESUMO

A evolucao do repertdrio de recursos dos consumidores desempenha um papel rele-
vante em nossa compreensao sobre as populacdes naturais. Eventos como o surgi-
mento de doencas infecciosas, a diversificacdo de patdégenos e o resgate de popu-
lagbes ameagadas estdo relacionados aos mecanismos subjacentes as interagdes
consumidor-recurso. A maioria dos estudos tem focado sua atengdo em como as
flutuacdes ambientais podem mudar o contexto ecolédgico dessas interacdes e, como
consequéncia, promover mudancgas no repertorio de recursos. Por outro lado, fatores
como a dinamica interna das populacoes, trade-offs de histéria de vida e flexibilidade
comportamental receberam relativamente menos atencao. Aqui, pretendemos abordar
esses fatores para entender como eles se relacionam com a evolu¢do de consumidores.
Para tanto, exploramos um conjunto de modelos matematicos que descrevem as intera-
coes hospedeiro-patdgeno e predador-presa. Esta tese é composta por trés capitulos.
No primeiro, investigamos como a dinamica interna de populag¢des polimérficas de
patdgenos pode explicar pulsos de surtos de doengas em hospedeiros alternativos.
No segundo capitulo, exploramos como as taxas de contato heterogéneas entre os
hospedeiros se relacionam com a diversificagcao de patdégenos com trade-offs de his-
téria de vida. No terceiro capitulo, avaliamos se a flexibilidade comportamental pode
estabilizar a evolugdo da polifagia (generalismo). Nossos principais resultados sao:
1) a dindmica interna dos patégenos pode promover oscilacbes na composicao das
cepas. Essas oscilagbes mudam o repertério de hospedeiros de uma maneira que
pode gerar pulsos de transbordamento de patdgenos. 2) Por si s6, taxas de contato
heterogéneas sao suficientes para diversificar o ambiente seletivo experimentado por
patdgenos. Essa diversificacdo ocorre mesmo quando o microambiente interno de
diferentes hospedeiros € idéntico. 3) A dindmica comportamental produz uma superficie
de aptidao dinamica que aprisiona a populacao de consumidores dentro de uma regiao
de generalismo. Nossos resultados indicam que, dentro dessas regides, o0 consumo
generalista pode evoluir mesmo quando os especialistas tém maior aptiddo. Discutimos
a implicacdo de nossos resultados para a teoria atual e como eles podem melhorar
nossa compreensao sobre ecologia e evolugéo.

Palavras-chaves: Ecologia tedrica, teoria de jogos, dindmica do replicador, redes,
parasitas.



ABSTRACT

The evolution in the resource repertoire of consumers plays a relevant role in our un-
derstanding about natural populations. Events such as the emergence of infectious
diseases, pathogen diversification and the rescue of endangered populations are related
the mechanisms underlying the consumer-resource interactions. Most studies have
focused their attention on how environmental fluctuations can shift the ecological context
of these interactions, and, as a consequence, promote changes in the resource reper-
toire. Conversely, factors such as the internal population dynamics, life-history trade-offs
and behavioral flexibility have received relatively less attention. Here, we aim to address
these factors to understand how they relate to the evolution of pathogens and predators.
To this end, we explore a set of mathematical models describing host-pathogen and
predator-prey interactions. This dissertation is composed by three chapters. In the first,
we investigated how the internal dynamics of polymorphic populations of pathogens
may explain pulses of disease outbreaks in alternative hosts. In the second chapter, we
explored how heterogeneous contact rates among hosts relate to the diversification of
pathogens with life-history trade-offs. In the third chapter, we aimed to evaluate whether
behavioral flexibility can stabilize the evolution of polyphagy (generalism). Our main
results are: 1) the internal dynamics of pathogens can promote oscillations in the strain
composition. These oscillations shifts the host range of pathogens in a manner that
can generate pulses of pathogen spillover. 2) Alone, heterogeneous contact rates are
sufficient to diversify the selective milieu experienced by pathogens. This diversification
occurs even when the internal micro-environment of different hosts are identical. 3)
Behavioral dynamics produces a dynamical fitness surface that traps consumer pop-
ulation within a region of generalism. Our results indicate that, within these regions,
generalist consumption may evolve even when specialists have a greater fitness. We
discuss the implication of our results to the current theory, and how they may enhance
our understanding about ecology and evolution.

Key-words: Theoretical ecology, game theory, replicator dynamics, networks, parasites.
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1 INTRODUGAO GERAL

O principal objetivo da ciéncia é possibilitar a compreensao dos fenémenos
naturais (McCain 2016). Para fazer isso, os cientistas sdo treinados para seguir um
processo sistematico que comega com o reconhecimento de um determinado fené-
meno e termina com algum tipo de conclusao sobre ele. De um modo geral, esse
processo envolve dois tipos de atividades (Pickett; Kolasa; Jones, 2007). A primeira € a
observacao, pela qual as informagdes sobre o0 mundo externo podem ser reconhecidas
pelo cientista. O segundo tipo de atividade € o raciocinio, que pode ser pensado como
o processamento da informacéo que foi adquirida pela observacdo. Durante todo o
processo de compreensao, essas atividades estdo necessariamente entrelacadas.

Enquanto as observagdes sao responsaveis por adquirir informagoes de fené-
menos naturais, o raciocinio é responsavel por contextualizar essas informacdes para
dar sentido a elas. Tal contextualizag&o pode ser vista como a organizagdo de uma
construcao conceitual (Pickett; Kolasa; Jones, 2007; Vellend, 2013; Jost, 2017). Isso
nao pode ser feito apenas pela légica por pelo menos duas razdes. A primeira é o fato
de que, como membros da mesma espécie, nosso pensamento € influenciado por nos-
sos 6rgaos sensoriais, assim como nossa percepg¢ao (Kokko, 2017). Isso faz com que
a logica evolua de acordo com nossas experiéncias, que sao ampliadas pelos adventos
da tecnologia e pelas discussoes filosoficas e metafisicas (Menzel, 2011; Gershenson,
2018). A segunda razao € que 0os mecanismos causais dos fendmenos naturais séo
distribuidos de forma heterogénea no tempo e no espago. Como consequéncia, as
informagdes coletadas em um evento de observagao muitas vezes sao insuficientes
para permitir que a logica, sozinha, complete a atividade de raciocinio. Por esta razao,
o exercicio do raciocinio requer légica associada ao conhecimento. E por isso que
desenvolvemos teorias

Em ciéncia, uma teoria € um conjunto de proposi¢cées organizadas de uma
maneira especifica para que possam fornecer uma explicacao para um determinado
fendmeno (Craver, 2008). Nas palavras de Pickett, Kolasa & Jones (2007),

"Uma teoria é um sistema de construgbes conceituais que organiza e explica
os fenémenos observaveis em um determinado dominio de interesse."
-(Pickett; Kolasa; Jones, 2007).

Por construcées conceituais, os autores se referem a natureza abstrata, sistematizada
e contextual das teorias cientificas. Isso porque os simbolismos usados dentro de uma
teoria s6 tém sentido se interpretados ao longo da narrativa a partir da qual essa teoria
foi construida (Otto; Rosales, 2020). Por exemplo, a teoria do forrageamento 6timo
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fornece uma construcao conceitual que permite entender como os animais gastam
seu tempo em busca de comida em funcao da distribuicao de recursos (Pyke; Pulliam;
Charnov, 1977). O significado da palavra "étimo"nesta teoria refere-se a ideia de que
consumidores otimizam seu forrageio de acordo com o custo-beneficio de diferentes
recursos (Okasha, 2011; Marquet et al., 2014). Sem a perspectiva de que ha uma
quantidade a ser maximizada, a construgdo conceitual da teoria do forrageamento
6timo nao tem significado preciso.

Uma maneira de formalizar teorias € traduzir suas preposi¢cées e conexdes
para uma linguagem matematica. Isso € comum em ciéncias exatas, como fisica
e quimica, nas quais as representacdes matematicas tém um poder preditivo forte
e preciso (Griesemer, 2013). Isso significa que os modelos matematicos tém uma
conexao clara com a realidade e podem ser usados pragmaticamente. A biologia,
no entanto, € uma ciéncia inexata. Assim, suas teorias e formulagcdes matematicas
estdo mais preocupadas com a compreensao do que com a realizagao de previsoes
precisas. I1sso ndo quer dizer que ndo haja teorias ou formaliza¢gées matematicas. Na
verdade, a biologia tem um repertério elegante de teorias matematizadas (Pearson,
1903; Page; Nowak, 2002; Takeuchi; Iwasa; Sato, 2007; Otto; Day, 2007; Queller, 2017).
Provavelmente, os campos matematicos mais completos em biologia sédo a demografia
e a evolucgao.

Demografia € o campo que estuda a estrutura, tamanho e dindmica das po-
pulagdes (Xie, 2000). Apesar de ser muitas vezes considerada um ramo das ciéncias
sociais (Sear, 2015), a demografia costuma ser abordada de forma interdisciplinar. Por
exemplo, a famosa obra do economista Thomas Robert Malthus, 'Um ensaio sobre
o principio da populacéao’, é o estudo dos padrdes demograficos na perspectiva da
economia e da filosofia. Em seu trabalho, Malthus argumenta que o crescimento geo-
métrico da populagdo humana junto com o crescimento aritmético da disponibilidade
de recursos levaria a um colapso econdmico (Malthus, 1798). Parte da fundamentacao
matematica da demografia inspirou 0 campo da ecologia teérica (May; Mclean, 2007;
Case, 2000), que leva em conta qualquer fator que afete a persisténcia populacional.
Estes vao desde fatores ecoldgicos como agressao/cooperacao (White; Lewis; Murray,
1996; Teixeira Alves; Hilker, 2017; Berestycki; Zilio, 2019), fenologia (Bewick et al., 2016)
e histérias de vida (Roos, 2018); bem como elementos organismicos como genotipos
(Schreiber; Patel; Terhorst, 2016), fisiologia (Durinx; Metz; Meszéna, 2008) e cognicao
(Anderson, 1995; Olsson; Brown, 2010).

A teoria da evolucao pode ser vista como uma teoria unificadora em biologia
(Smocovitis, 1992). Essa propriedade unificadora pode ser justificada em duas pers-
pectivas. A primeira é a ideia de que a diversidade de forma, funcao, comportamento e
padrdes de distribuicdo s6 pode ser compreendida a luz da evolugao. Este é o argu-
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mento principal do artigo seminal de Theodozius Dobzhansky 'Nada em biologia faz
sentido exceto a luz da evolugdo’ (Dobzhansky, 1973). Nessa perspectiva, a evolugéao
unifica a biologia porque tem uma relagcado causal com os padrbes observaveis da
natureza. A segunda perspectiva na qual a evolugao unifica a biologia é a observagao
de que os processos evolutivos sdao onipresentes nos sistemas bioldgicos. Independen-
temente da escala do sistema, os elementos da dindmica evolutiva sao intrinsecos a
biologia (Smith, 2018; Kordium, 2021). Isso significa que qualquer sistema bioldgico
evolui se o0 observarmos por um periodo de tempo suficiente. Isto é valido para sistemas
em diferentes escalas bioldgicas. Nesta segunda perspectiva, a propriedade unificadora
da evolugéo é fenomenoldgica.

A interacao entre demografia e evolugao é reconhecida desde os primérdios do
pensamento evolutivo. Em A Origem das Espécies’, Charles Darwin e Alfred Wallace
afirmam claramente que as ideias de Malthus justificam a ocorréncia do que eles
chamam de “a luta pela existéncia’:

"It is the doctrine of Malthus applied with manifold force to the whole animal
and vegetable kingdoms; for in this case there can be no artificial increase
of food, and no prudential restraint from marriage. Although some species
may be now increasing, more or less rapidly, in numbers, all cannot do so,
for the world would not hold them." - (Darwin; Wallace, 1859) pp 64-65.

Darwin & Wallace (1859) sugerem que, no caso da populacédo de animais e plantas,
0 Unica solucao sugerida por Malthus (producéo artificial de alimentos e reproducao
controlada) nédo se aplicaria. Consequentemente, isso levaria a uma inevitvel escassez
de recursos, o que fundamenta os mecanismos que geram a luta pela existéncia:

"Hence, as more individuals are produced than can possibly survive, there
must in every case be a struggle for existence, either one individual with
another of the same species, or with the individuals of distinct species, or
with the physical conditions of life.- (Darwin; Wallace, 1859): page 64.

Dada essa conexao entre demografia e evolugédo, muitos esforgos foram direci-
onados para entender as conexdes ldgicas entre esses campos. Estudos puramente
tedricos também sdao uma contribuicao necessaria para o desenvolvimento de nossa
compreensao. Estudar problemas que envolvem a matematica da interacao entre enti-
dades com significado biolégico também € uma forma de ’fazer biologia’. A razao para
isso é simplesmente porque a teoria pura também promove a compreensao. Além disso,
tratamentos analiticos de modelos matematicos que descrevem a dinamica evolutiva
podem nos ajudar a desenvolver modelos mais precisos. Isso ndo € um exercicio
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matematico puro, mas sim um estudo teérico puro. A diferenca é que o segundo requer
conhecimento sobre o corpo tedrico da biologia, enquanto o primeiro nao.

Nesta tese, 0 nosso principal objetivo foi investigar alguns dos mecanismos teé-
ricos subjacentes a evolucdo na gama de recursos. Especificamente, exploramos como
interacGes intra-especificas, padrdes de histéria de vida e dindmicas comportamentais
influenciam as trajetorias evolutivas em populagdes naturais de consumidores. Aborda-
mMos nosso objetivo por meio de modelos matematicos que descrevem as interacdes
entre os consumidores e seus recursos. Usamos ferramentas analiticas e simulagdes
numéricas para analisar a dinamica ecoldgica e evolutiva de nossos modelos. Todos os
modelos analisados nesta tese s&o baseados em equacgdes diferenciais e fortemente
fundamentados na teoria das populacdes, ecologia tedrica, epidemiologia e biologia
evolutiva.

Esta tese € composta por trés capitulos principais. No primeiro capitulo, intitu-
lado Game dynamics as a driver for pathogen spillover pulses, focamos no papel da
dinamica interna dos patégenos (por exemplo, interacdes intra-especificas) para as
oscilacbes da gama de hospedeiros do patégeno. Basicamente, demonstramos como
as interacbes de cepa dentro de uma populacdo de hospedeiro reservatério podem
conduzir pulsos de transbordamento de patdégenos. Tais eventos de transbordamento
sao representados por surtos de doencgas na populacao de um hospedeiro acidental.
Modelamos a interacdo entre cepas como uma rede de superinfeccao e realizamos um
conjunto de analises tedricas de jogos para o0 modelo. Este capitulo ja foi publicado na
revista Ecological Modelling.

No segundo capitulo, Emerging patterns in heterogeneous contact networks,
estudamos o papel de redes de contato heterogéneas para a diversificacao de paté-
genos com trade-offs de histéria de vida. Para tanto, desenvolvemos e analisamos
um modelo de patégeno multi-hospedeiro no qual as populagbes hospedeiras sdo
acopladas por uma rede de contato. Em seguida, analisamos a dindmica adaptativa de
patdgenos residentes em diferentes populagdes hospedeiras.

No capitulo trés, The adaptive dynamics of a behaviorally flexible generalist,
avaliamos como a dindmica comportamental pode moldar a superficie de aptidao de
consumidores generalistas. Para abordar isso, analisamos uma versdo modificada do
classico modelo predador-presa Lotka-Volterra, no qual os predadores (consumidores)
podem ajustar seu esforco de forrageamento sobre as presas disponiveis (recursos).
Esse ajuste depende da rentabilidade e abundéancia dos recursos no ecossistema. Em
seguida, avaliamos a dinamica adaptativa dos consumidores para entender quando a
selecao da vantagem aos generalistas.



15

REFERENCIAS

ANDERSON, R.W. Learning and evolution: A quantitative genetics approach. Journal
of Theoretical Biology, v. 175, n. 1, p. 89-101, 1995.

BERESTYCKI, H.; ZILIO, A. Predator-Prey Models with Competition: The Emergence
of Territoriality. The American Naturalist, v. 193, n. 3, p. 436-446, 2019.

BEWICK, S. et al. How Resource Phenology Affects Consumer Population Dynamics.
The American Naturalist, v. 187, n. 2, p. 151-166, 2016.

CASE, T. J. An lllustrated Guide to Theoretical Ecology. New York: [s.n.], 2000, 449
p.

CRAVER, C. F. (2002). Structures of scientific theories. In P. K. Machamer & M. Silbers-
tein (Eds.), Blackwell Guide to the Philosophy of science (pp. 55-79). Blackwell.

DARWIN, C.; WALLACE, A. R. On the Origin of Species. Eletronic. Hazleton, PA
18202-1291: Eletronic Classic Series (2001). The Pennsylvania State University, 1859.
448 p.

DOBZHANSKY, T. Nothing in Biology Makes Sense except in the Light of Evolution. The
American Biology Teacher, v. 35, n. 3, p. 14, 1973.

DURINX, M.; METZ, J. A. J.; MESZENA, G. Adaptive dynamics for physiologically
structured population models. Journal of Mathematical Biology, v. 56, n. 5, p. 673—-742,
2008.

GERSHENSON, C. Information in Science and Buddhist Philosophy: Towards a non-
Materialistic Worldview. Preprints, n. December, 2018.

GRIESEMER, J. Formalization and the Meaning of “Theory” in the Inexact Biological
Sciences. Biological Theory, v. 7, n. 4, p. 298-310, 2013.

JOST, J. Knowledge. Theory in Biosciences. v. 136, p. 1-17, 2017.

KOKKO, H. Give one species the task to come up with a theory that spans them all:
what good can come out of that? Proceedings of the Royal Society B: Biological
Sciences, v. 284, p. 1-8, 2017.

KORDIUM, V. A. Defining life and evolution: Essay on the origin, expansion, and evolution
of living matter. BioSystems, v. 209, n. July, p. 104500, 2021.

MALTHUS, T. R. An essay on the principle of population. 1998, elec. ed. [S.l.]:
Electronic Scholarly Publishing Project, 1798. 588 p.

MARQUET, P. A. et al. On theory in ecology. Bioscience, v. 64, n. 8, p. 701-710, 2014.

MAY, R. M.; MCLEAN, A. Theoretical ecology: Principles and applictions. 3. ed.
[S.l.]: Oxford University Press, 2007.



16

MCCAIN, K. (2016). Knowledge in a Scientific Community. In: The Nature of Scientific
Knowledge. Springer Undergraduate Texts in Philosophy. Springer, Cham.

MENZEL, C. Knowledge representation, the World Wide Web, and the evolution of logic.
Synthese, v. 182, n. 2, p. 269-295, 2011.

OKASHA, S. Optimal choice in the face of risk: Decision theory meets evolution. Philo-
sophy of Science, v. 78, n. 1, p. 83—104, 2011.

OLSSON, O.; BROWN, J. S. Smart, smarter, smartest: Foraging information states and
coexistence. Oikos, v. 119, n. 2, p. 292-303, 2010.

OTTO, S. P; DAY, T. A Biologist’s Guide to Mathematical Modeling in Ecology and
Evolution. Princeton, N.J.: Princeton University Press, 2007. 886 p.

OTTO, S. P; ROSALES, A. Theory in service of narratives in evolution and ecology. The
American Naturalist, v. 195, n. 2, p. 290-299, 2020.

PAGE, K. M.; NOWAK, M. A. Unifying Evolutionary Dynamics. Journal of Theoretical
Biology, v. 219, p. 93-98, 2002.

PEARSON, K. I. Mathematical Contributions to the Theory of Evolution.-Xl. On the
Influence of Natural Selection on the Variability and Correlation of Organs. Proceedings
of the Royal Society of London, v. 69, p. 451-458, 1902.

PICKETT, S. T. A.; KOLASA, J.; JONES, C. G. Ecological understanding: the nature
of theory and the theory of nature. Oxford, [S.I.: s.n.], 2007. 233 p.

PYKE, G. H.; PULLIAM, H. R.; CHARNOV, E. L. Optimal Foraging: a Selective Review
of Theory and Tests. The Quarterly Review of Biology, v. 52, n. 2, p. 137-154. 1977.

QUELLER, D. C. Fundamental Theorems of Evolution. The American Naturalist, v.
189, n. 4, p. 345-353, 2017.

ROOS, A. M. de. When individual life history matters: conditions for juvenile-adult stage
structure effects on population dynamics. Theoretical Ecology, p. 1-20, 2018.

SCHREIBER, S. J.; PATEL, S.; TERHORST, C. Evolution as a coexistence mechanism:
Does genetic architecture matter? The American Naturalist, v. 191, n. 3, 2016.

SEAR, R., 2015. Evolutionary Demography: A Darwinian Renaissance in Demography.
In: James D. Wright (editor-in-chief), International Encyclopedia of the Social &
Behavioral Sciences, 2nd edition, v. 8. Oxford: Elsevier. p. 406—412.

SMITH, K. C. Life as Adaptive Capacity: Bringing New Life to an Old Debate. Biological
Theory, Springer Netherlands, v. 13, n. 2, p. 76-92, 2018.

SMOCOVITIS, V. B. Unifying biology: The evolutionary synthesis and evolutionary
biology. Journal of the History of Biology, v. 25, n. 1, p. 1-65, 1992.



17

TAKEUCHI, Y.; IWASA, Y.; SATO, K. Mathematics for Life Science and Medicine.
[S.1.]: Springer-Verlag Berlin Heidelberg 2007, 2007.

TEIXEIRA ALVES, M.; HILKER, F. M. Hunting cooperation and Allee effects in predators.
Journal of Theoretical Biology, v. 419, n. February, p. 13-22, 2017.

VELLEND, M. Conceptual Synthesis in Community Ecology. The Quarterly review of
biology, v. 85, n. 2, p. 183-206, 2013.

WHITE, K. A.; LEWIS, M. A.; MURRAY, J. D. A model for wolf-pack territory formation
and maintenance. Journal of Theoretical Biology, v. 178, n. 1, p. 29-43, 1996.

XIE, Y. Demography : Past , Present , and Future. Journal of the American Statistical
Association, v. 95, n. 450, p. 670-673, 2000.



18

2 CAPITULO I: GAME DYNAMICS AS A DRIVER FOR PATHOGEN SPILLOVER
PULSES



Ecological Modelling 473 (2022) 110095

Contents lists available at ScienceDirect O e

Ecological Modelling

journal homepage: www.elsevier.com/locate/ecolmodel

Check for
updates

Game dynamics as a driver for pathogen spillover pulses
Pedro B. Mendes ", Walter A. Boeger ®>¢

2 Programa de Pés-Graduagdo em Ecologia e Conservagdo, Universidade Federal do Parand, Curitiba, PR, Brazil
b Biological Interactions, Universidade Federal do Parand, Curitiba, PR, Brazil
¢ Researcher, National Council for Scientific and Technological Development, Brasilia, DF, Brazil

ARTICLE INFO ABSTRACT

Keywords:

Cyclic dominance
Cross-infection

Emerging infectious diseases
Multi-host pathogens

Understanding the underlying mechanisms for pathogen spillover is a main quest in epidemiology. Given the
complexity of multi-host systems, several factors may play a relative role in spillover dynamics. A relatively less
studied factor is the internal dynamics of pathogens that result from inter-strain competition. The competitive
interactions among strains can cause deterministic changes in the population dynamics of pathogens. Such
changes may affect the potential host-range of pathogens, influencing the probability of pathogen spillover.
Here, our main goal is to show how an evolutionary game played by coexisting strains may induce pulses of
pathogen spillover. To this end, we build a multi-host-multi-strain mean field model in which strains residing in
a reservoir host have different capacities to explore an incidental host. We modelled inter-strain competition as
a superinfection network and apply a game-theoretical analysis to it. The results indicate that game outcome
depends on how reservoir hosts deal with the superinfection process (if superinfection is lethal, results in
competitive exclusion or in coinfection). Our analysis suggests that game outcome can produce cycles in the
strain composition that are cryptic in relation to the epidemiological dynamics of reservoirs (cycles in strain
frequency composition cause small or no effect in the reservoir population). This suggests that relying solely on
reservoir distribution and prevalence may subestimate the chance of pathogen spillover. Moreover, pulses of
spillover can rely on the standing variation of pathogens, with no need for the emergence of novel mutations
that increases pathogen host-range.

1. Introduction

In multihost systems, pathogens circulate from one species to an-
other depending on the transmission route offered by each host (Wool-
house et al., 2001). As a consequence, disease outbreak in one species
can be initiated by pathogens propagules that spill over from one host
species to another. As in other studies (Daszak et al., 2000; Power and
Mitchell, 2004; Borremans et al., 2019; Cross et al., 2019), we use the
term “pathogen spillover” as a reference for this process. Given the
complexity involved in multihost systems, there are many ecological
factors driving events of spillover (Plowright et al., 2017). If the host—
pathogen interaction produced by the spillover process is not stable,
natural fluctuations in these ecological drivers may give rise to pulses
of pathogen spillover (Plowright et al., 2016).

Host species that are able to stably sustain pathogen populations
are called reservoir species (Haydon et al., 2002; Ashford, 2003).
Given the stability of their interactions, reservoirs play a key role in
promoting spillover events in multi-host communities (Wasik et al.,
2019; Letko et al., 2020). In addition, many reservoir species seem to
sustain high diversity of pathogen strains with no apparent change in

the severity of the disease (Baum et al., 2012; Van Brussel and Holmes,
2022). A possible reason for this is that different strains may trigger
the same immunological response in some hosts (Mandl et al., 2015).
Another explanation is that reservoirs may be capable of producing
a variety of antibody responses that confer host tolerance to a wide
range of pathogens (Roy and Kirchner, 2000; Baum et al., 2012).
Either way, the fact that different strains have similar epidemiology
in reservoirs does not mean that their capacity to explore alternative
hosts are equal (Morris et al., 2019). Instead, several studies suggest
that increasing strain diversity in reservoirs may also increase the
chance of spillover (Dennehy et al., 2010; Olival et al., 2017; Brooks
et al., 2019; Letko et al., 2020; Remien and Nuismer, 2020; Feronato
et al., 2021). This is because the region that a host occupies in the
fitness landscape of a pathogen may vary depending on the pathogen
strain (Smith-Tsurkan et al., 2010).

Besides being host-dependent, the fitness landscape of pathogens
may also vary with the composition of their own population (Newton
et al,, 1998). This is because the within interactions among differ-
ent strains may have alternative outcomes depending on the fre-
quency composition (Kirkup and Riley, 2004; Andrade-Dominguez
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et al., 2014). Superinfection is one type of inter-strain competition
in which a secondary strain infects an already infected host (Nowak
and May, 1994). After superinfection, the outcome of the inter-strain
competition may be either host death (Hamid et al., 2002), competitive
exclusion from the within-host environment (Duncan et al., 2018), or
strain coexistence (Leverich et al., 2008). Except in the case that is
lethal to the host, superinfection can maintain pathogen diversity in the
host population (Nowak and May, 1994; Mosquera and Adler, 1998).
If strains have different capacities to explore novel hosts, the strain
diversity maintained by the process of superinfection may increase
the probability of pathogen spillover. If that is the case, spillover
would be facilitated by the internal dynamics of pathogens, rather than
by fluctuations on the external factors. However, we are unaware of
studies about the role of superinfection to the dynamics of pathogen
spillover.

Evolutionary game theory is one way to study the internal dy-
namics of populations. This is because it is centred in scenarios of
intraspecific interactions among different phenotypes in a given pop-
ulation (Nowak and Sigmund, 2004). Depending on how interactions
occur within the game, evolutionary dynamics yields to alternative
population states (Kerr et al., 2002; Kirkup and Riley, 2004). More-
over, game dynamics may produce deterministic population cycles
which maintains population polymorphism in a relatively predictable
manner (Claussen and Traulsen, 2008; Laird, 2014; Szolnoki et al.,
2014). In this sense, game dynamics may be a mechanism that bridges
superinfection dynamics and events of pathogen spillover.

Here, our main goal is to show how game dynamics in inter-
strain interactions can drive pulses of pathogen spillover. To this end,
we build and analyse a set of mean field equations representing the
epidemiological dynamics of a multi-host-multi-strain system in which
different strains have different capacities to explore other hosts. Our
analysis indicates that, if different strains have no differential effects to
the reservoir host, the game dynamics may become cryptic in relation
to the epidemiology of reservoirs (large fluctuations in the frequency
composition of strains but small or absent fluctuations in the infected
class of reservoir; see Mougi (2012) for an example of cryptic cycles
in eco-evolutionary dynamics of predator-prey systems). The outcome
of this game is mainly defined by whether inter-strain competition
results in competitive exclusion, coinfection or host death. Then, pulses
of pathogen spillover emerge whenever the game dynamics produces
oscillations in the frequency composition of strains.

2. Models and analysis

Here, we present and analyse a multi-species version of the classical
susceptible-infected—susceptible (S71.5) model (Brauer et al., 2008).
The model is composed by a set of ordinary differential equations
(ODE’s) describing the temporal change in the density of susceptible
and infected classes during disease epidemics (the term ‘density’ is used
as a reference for the fact that increasing the number of individuals also
increases population crowding (Begon et al., 2007)). We consider two
host species, namely a reservoir host and an incidental host (Ashford,
2003). The reservoir host sustains a polymorphic pathogen population
composed by a diversity of strains. The frequency of each strain in the
reservoir population depends on the inter-strain competition, which we
describe as a superinfection evolutionary game. We assume that the
incidental host cannot stably sustain the epidemics and thus outbreaks
are always started by a spillover process. Only a particular strain is
capable of infecting the incidental host. Consequently, the chance of
spillover depends on the encounter between individuals in the sus-
ceptible class of the incidental host and reservoirs infected with that
particular strain. The rate at which this encounter occurs is directly
proportional to the frequency of that strain in the reservoir. Then,
because the superinfection game affects the frequency composition in
the pathogen population, patterns of spillover depends on the game
outcome.
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This section is organized as follows. First, we describe the epidemio-
logical model in terms of their specific variables and parameters. Next,
we show how the superinfection can be described by a competition
network and how game dynamics can be derived from this network.
Then, we use analytical treatments to derive the game outcomes and
point out the conditions required for the emergence of cyclical out-
breaks. We summarize our results with numerical simulations and their
interpretations. The full R script used in our numerical analysis can be
found in the Github repository (https://github.com/pbolanhom/gdsp).

2.1. Epidemiological dynamics

Consider a host community composed by a reservoir host and an
incidental host. Hereafter, we use subscripts r and i to denote the
variables and parameters of reservoir and incidental hosts, respectively.
Let their population density be N,(r) = S.() + I.(t) and N;(r) =
S;(t) + I;(1), where S(r) and I(r) are the densities of susceptible and
infected classes in their populations. We assume that the reservoir host
is initially infected with n pathogen strains p = 1, ..., n. Let these strains
be contained in the set P = { P}y Then, let 1, , be the population
density of reservoirs that are infected with strain p. Thus, the overall
density of the infected class of reservoir is the sum of the densities
of classes infected by each strain, I, = Z; I, ,. The incidental host is
only susceptible to infection by strain p = 1. For both hosts, Greek
letters a, f and y denote the epidemiological parameters for virulence,
transmission rate and recovery rate, respectively. Assuming that hosts’
populations grow logistically and transmission is direct (transmission
depends on the direct contact between individuals), the system can be
described by the following set of ODE’s:

dS n n
—L=bN, + X eplip =S, [d, +LN+ Y ﬁ,y,,],y,,] , (1a)
p=1 p=1
dlrp
dt = Ir,p |:ﬂr,pSr - Fr,p + Z Ir,q (epq - geqp):l s VP e, (1b)
qelP
ds,;
d_tl =b;N;+vy1; = S; [di+liNi+ﬂiIi+ﬂriIr,l]’ (19
dl;
d_; = 1; [Sifi = I] + SiByil,..- ad

Where symbol Vp € P reads ‘for all p within set IP’. Parameters b and
d stands for hosts’ intrinsic born and death rates, respectively. / is the
density-dependent mortality of hosts. This parameter reflects the intra-
specific competition in hosts populations. Note that both infected and
susceptible individuals contribute to the born rate (the term bN = bS +
bI), which implies that infection does not impairs host reproduction.
Also, note that newborn hosts are allocated to the susceptible class
(the term bN only appears in Egs. (1a) and (1c)), indicating that
there is no vertical transmission of pathogens. I' = d + IN + a + y
is the removal rate of the infected classes. The parameter f,; is the
rate of cross-transmission between the hosts. Note, however, that cross-
transmission only occurs from reservoirs to incidental hosts and is thus
unidirectional. Also, note that g,; multiplies I,, in Egs. (1c) and (1d),
which reflects the fact that I; is only susceptible to strain p = 1. Fig. 1
depicts the motif describing the dynamics of model (1).

The term ¥ .p I, (qu - goqp) in Eq. (1b) describes the superin-
fection process in the reservoir population (where index ¢ represents
another strain within the set IP that is interacting with strain p € P).
The upper limit in this summation term is omitted for simplicity (the
subscript ¢ € P already indicates that the summation is over all the
n elements of P). Parameter 0,, denotes the rate at which strain p
superinfects another strain ¢, while 6,, denotes the opposite direction.
Parameter g represents a phenomenological class-transfer coefficient.
This parameter describes how superinfected individuals move across
the infected classes I, ,. The range of this parameter is 0 < g < 2
and different modes of transference emerge depending on its value
interval. There are three possibilities. If g = 1, the superinfectant
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Fig. 2. An example of the superinfection network. Different nodes represent different
strain and the arrows among the nodes denote the direction of the superinfection
dynamics (e.g. strain 1 superinfects strain 2). The superinfection rate 6, is the weight
of these links.

strain causes the competitive exclusion of the previous strain with
no cost for the host. In this case, class transfer occurs immediately
after superinfection and is the classical form of superinfection mod-
els (Nowak and May, 1994). In the case that 1 < g < 2, the quantity
of individuals that is removed from the superinfected class is larger
than the quantity incremented in the superinfectant class. Thus, for this
parameter interval, superinfection imposes a mortality cost for hosts. A
comprehensive study on this type of process can be found in Mosquera
and Adler (1998). The last case occurs when 0 < g < 1. A g value
within this interval means that less individuals leave one class than
are incremented in the next. This means that some individuals remain
coinfected with the two strains after superinfection.

2.1.1. The superinfection network

We use a network-theoretical approach to describe the superinfec-
tion dynamics. Consider a network in which nodes represent different
strains and weighted directed links stands for the direction of superin-
fection. For example, if there is an arrow departing from node 1 towards
node 2 it means that strain p = 1 superinfects strain p = 2. The weight
of these links is denoted by the rate of superinfection 6,,. Fig. 2 depicts
an example of a superinfection network.

Mathematically, the link structure of any network can be described
by its adjacency matrix, A. The entries of A are the weights of links
between connected nodes (Newman, 2004). Here, the adjacency matrix
of the superinfection network is

A=]|: . (2a)

nn

Note that the entries of matrix A are in the form 6,,. To get the values
of 0,, we simply evaluate the entries of the transposed matrix AT, We
define the following function for the value of ¢,,

0 (2b)

_J B, e, if alink exists from p to ¢
pa 0, otherwise.

Where parameter e is the rate to which superinfection occurs in relation
to primary infections. This parameter have the same interpretation as
parameter s in the seminal paper of Nowak and May (1994). Thus,
if we build the superinfection network as if more virulent strains
superinfect less virulent strains, and assume that /, = y,, = 0 (no
density dependence and no recovery rate), and that 5, N, = B, (constant
immigration rate of uninfected individuals) Egs. (1a) and (1b) goes
back to exactly the same system developed and analysed in Nowak and
May (1994).

2.2. Game dynamics

In this sub-section, we apply an evolutionary game analysis to the
superinfection network. As depicted in the motif of Fig. 1, the game
dynamics in model (1) is part of the dynamics of the infected reservoir
class (Eq. (1b)). Thus, we start by showing how to evaluate any game
dynamics in the superinfection network. Then we use this approach
to analyse a rock-paper-scissors game and derive its outcome and
relationships with pulses of pathogen spillover.

Evolutionary game theory describes the change in the frequency
of players (or strategies) in a given population (Ray-mukherjee and
Mukherjee, 2016; Cressman and Tao, 2014). The players of the su-
perinfection game are the n strains p = 1,...,n that coexist in the
reservoir host. Let f, ,(t) = I, ,()/1,(t) be the frequency of each strain
in the reservoir (where I (t) = Zﬂ B p(t)). Then, after taking the time
derivative of Srp@® (see Appendix A), we get the following replicator
equation describing the temporal dynamics of frequencies:

dfep [dI,,,, dr,
dt I,dt  1dt

Where the first and second terms within the brackets of the above equa-
tion are the per capita growth rate of strain p and the per capita growth
rate of the overall reservoir infected class. Under the assumption of
well-mixed populations, which is an implicit assumption in mean field
models (Morozov and Poggiale, 2012), these per capita growth rates
are equivalent to the fitness of strains and of the overall population
fitness (McPeek, 2017), respectively.

We assume that strains have no differential epidemiological param-
eters to the reservoir host. Thus, let the epidemiological parameters of
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Fig. 3. The superinfection network with intransitive competition among n = 3 pathogen
strains. Different nodes represent different strains and the arrows among the nodes
denote the direction of the superinfection dynamics (e.g. strain 1 superinfects strain 2).
0, stands for the value of a given link. This graph has exactly the same configuration
of the network describing the RP.S game.

each strain in the reservoir be, for all p € P, f,, = §,, @
Yrp = ¥»- This yields to the following replicator equation:

af,
dlp = fr,pIr Z fr,q (epq

qelP

wp = @ and

n

- 80,,) - Zfrwp Z Fra (0pg—805,) [ (3
p=1 qelP

The entire derivation of Eq. (3) can be found in Appendix A.

In evolutionary game theory, each player receives a payoff for
playing the game with a specific opponent. Biologically, this payoff
composes the reproductive success of those players (Nowak, 2006).
If a strain p plays the superinfection game with another strain g, p
receives a reproductive value that is a balance between how many
infected individuals are incorporated into the class p and how many
individuals leave the class p. Thus, the replicator Eq. (3) indicates that
0,, —89,, is the payoff coefficient of any strain p playing the game with
a given strain g. Remember that the values of 6,, are the entries of
superinfection network adjacency matrix A, while the values of 6,, are
the entries of A”. Therefore, any game that can be described by the
replicator Eq. (3) have the following payoff matrix:

P=A-gAT
(911 _ggll) (eln_ggnl)
- : : , )
(enl _geln) (enn _genn)

Where P in Eq. (4) is a nxn matrix with the payoff coefficients 6, —g6,,
in its entries. The entries of each row represents the payoff that a player
(in the row) get for playing the game with a given opponent. Eq. (4)
also shows the connection between the superinfection network (which
have the adjacency matrix A) and game dynamics. This connection
allows us to analyse a variety evolutionary games among strains by
drawing their network representation. To show this, we analyse the
rock—paper-scissors (RP.S) game (Zhou, 2016), a famous game that has
relevant biological applications (Kerr et al., 2002; Kirkup and Riley,
2004; Szolnoki et al., 2014; Mark Rowland et al., 2017).

2.2.1. The RPS game

The RPS game describes a closed loop of intransitive competi-
tion (Gallien et al., 2017) in which rock beats paper, paper beats scissor,
and scissor beats rock. To incorporate the RP.S game in our model,
we simply assume an analogous network structure (intransitive loop
among n = 3 strains) to the superinfection network. This configuration
is depicted in Fig. 3.

Then, we take the adjacency matrix of the network in Fig. 3 and use
Eq. (4) to calculate the payoff matrix of the game. This yields to:

0 O,  —g0s
P=|-g0), 0 03 | 5)
03 —g0y 0

The row entries of matrix (5) denote the costs and benefits of a given
strain (in each row), playing the game against their opponents (in each
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column). Positive values denote that the player/strain receives a benefit
for playing against that opponent, while negative values denote a cost.

Generally speaking, there are two types of contests in this game,
a tie or a win-lose contest (Zhou, 2016). The tie contest occurs when
the two players pertain to the same strain. Because the payoff matrix
(5) is hollow (the diagonal entries are zero), a tie outcome is always
zero. The win-lose outcome of each player is the sum of all other
entries of each row (except for the diagonal element). Here, this sum is
always f,e(1 — g). Selection may give advantage to different population
compositions depending on which contest provides a higher payoff.
Whether a higher outcome comes from a tie or a win-lose contest
depends on the signal of (1 — g). We discuss the implications of this
to our results further in the text.

2.2.2. Game outcome and its relationship with spillover pulses
The frequency composition f, = (f,,f,,, f,3) of pathogen strains

reaches its equilibrium at f. = f, (whenever the superscript * appears
in this paper it indicates that the quantity below it is evaluated at the
interior equilibrium of model (1)). It is known that the RPS game
has a unique interior equilibrium that is given by the homogeneous
composition f, = (1/3,1/3,1/3) (Nowak, 2006; Cressman and Tao,
2014; Zhou, 2016). Here, fr is always sEable, which means that if the
initial frequency composition is exactly fr, the system remains at its in-
terior equilibrium. If, however, the initial composition is heterogeneous
(frp # frgl ji,yp > 0,Vp), system dynamics depends on the asymptotic

stability of f, Following Nowak (2006), the asymptotic stability (and
thus the game outcome) can be evaluated by analysing the signal of the
determinant det(P) of the payoff matrix (5):

det(P) = 0,,05305, (1 - g°) (6a)
= (e8) (1-¢"). (6b)

Note that, because parameters ¢ and f, must be positive numbers,
the signal of det(P) depends only on the value of parameter g. If 0 <
g < 1, det(P) is positive, indicating that the interior equilibrium f; is
asymptotically stable. This means that the trajectories of the replicator
system (3) oscillate around the interior equilibrium until they converge
to a stable state at f; (bottom row of Fig. 4a and Fig. 4b). In the
case that g = 1, det(P) = 0 and thus f, is asymptotically unstable.
In this case, the replicator dynamics will give rise to stable limit cycles
(middle row of Fig. 4a and Fig. 4b). Under the g = 1 scenario, the
superinfection term vanishes from the dynamics of the overall infected
class 1, (the term (6,,—g0,,) vanishes; see Eq. (A.5) in Appendix A). As a
consequence, the strain dynamics becomes decoupled from the overall
infected class of reservoirs. Hence, while the game dynamics produces
large oscillations in the strain composition, there is no signature of
these oscillations on the dynamics of I.. We call these ‘cryptic cycles’
as a reference to the cryptic cycles in the eco-evolutionary dynamics
of predator-prey interactions in which cycles in predator population
produce almost no change in the population dynamics of preys (Mougi,
2012; Kinnison et al., 2015).

If, however, g falls within the interval 1 < g < 2, the determinant
det(P) is negative. As in the previous case, a negative determinants
also indicates that the interior equilibrium is asymptotically unsta-
ble. However, the oscillations that emerge from system dynamics are
non-periodic and unstable. The trajectories starting at any non-zero
heterogeneous composition oscillate around f; in periods that con-
tinuously increases (top row of Fig. 4a and Fig. 4b). This type of
dynamical behaviour is called heteroclinic cycles and is a known result
in superinfection dynamics (Nowak and May, 1994). Theoretically, as
noted in May and Leonard (2003), heteroclinic cycles never lead to the
total extinction of either one or two players of the RP.S game. Even for
the case in which t+ — oo, the frequency of the non-dominant players
will never reach zero without an arbitrary decision or a rounding
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Fig. 4. The role of g in the game outcome. Parameter g (depicted at the left side of the panel) represents the manner at which infected hosts move across the infected classes

of reservoirs, I, ,

due to superinfection. Different rows in the panel shows the simulations for specific values of g. If g > 1 (top row), a fraction of superinfected individuals dies

before changing their class. In this case, game outcome is depicted as heteroclinic cycles with increasing periods; If ¢ = 1 (middle row), superinfection does not cause mortality
and class change occurs immediately after superinfection. This game outcome produces limit cycles that stably oscillates around an unstable interior equilibrium; If g < 1 (bottom
row), some individuals remain coinfected with two strains for a given fraction of time and thus remain in both classes simultaneously. In this case, the game outcome is a stable
state. (a) The simplex projection produced by the game dynamics; (b) the dynamics of frequencies of different strains in the reservoir host described by the replicator Eq. (3)
(the different of colours represent different strains); and (c) the dynamics of infected (red lines) classes of both reservoir (dashed lines) and incidental (solid lines) hosts. Initial
conditions are S, = 0.5, I, =0.5, S, =1, I, =0, f,; =09, f,, =005, f,3 = 0.05. Common parameter values are: b, = 1.5, d, =d; = 0.2, [, =1, =0.25, b, =2, f, = 0.1, ¢ = 0.8,

@ =a,=03=05F,=Fr=PF3=L7,=02=03=05 =1, =01,y =005

error (Nowak, 2006; Vandermeer, 2011). However, because these fre-
quencies represent biological populations, it is plausible to expect lower
limits of frequencies in which that population is driven to extinction
(e.g. Allee effects, environmental fluctuations). For this reason, the
biological interpretation of the heteroclinic cycles in Fig. 4 is that they
eventually lead to monomorphic pathogen populations.

At the interior equilibrium, the density of the infected class of the
incidental host is:

(S0, = 1) = @ + o+ 7)) +3/1d, + o + 7, = S8, = P +40,5,8,1,1,,
21

i

1($) =
™)

In the Appendix B, we show the calculation of Eq. (7) and that it is an
increasing function of f, ;. The incidental host may or may not stably
sustain the epidemics in absence of the reservoir. This depends on the
value of the reproductive ratio of the pathogen in the incidental host,
Ry,

Ry; = %

i

®

The derivation of R; follows Lion and Metz (2018) and can be found in
Appendix C. R; measures how many secondary infections is produced
by each infected individual. The condition for stable maintenance of
epidemics requires that R,; > 1. Here, we set our parameter values
so that R,; < 1. Therefore, stable epidemics on the incidental host is
necessarily maintained by spillover from reservoirs. This means that,
if the equilibrium composition f, is not reached, the density of the
infected class of the incidental host I; follows the oscillatory trajectory
of the replicator dynamics. This can be seen in Fig. 4c. Note how
the density of infected incidental hosts (solid red lines in column
c) abruptly increases following the increases in f,; (purple lines in
column b). This sudden increases are analogous to pulses of spillover
since they produce outbreaks that are started (and maintained) by the

reservoir population (Power and Mitchell, 2004). Because oscillations
in the frequency composition are caused by the shape of the payoff
matrix, game dynamics has an indirect causal effect in these pulses of
pathogen spillover.

3. Discussion

Given the complexity of epidemiological systems containing mul-
tiple host species, several factors can be evoked in order to study
causal pathways involved in spillover events. Here, we have shown
that pulses of pathogen spillover may be a consequence of oscillations
in the frequency composition of pathogen strains. These oscillations
are deterministic and happens as the outcome of an evolutionary RPS
game played by different strains that coexist in a reservoir population.
Our analysis suggests that pulses of spillover does not necessarily
depends on seasonal fluctuations of environmental conditions, nor on
the emergence of new mutations that increases potential host-range of
pathogens. Instead, they can be caused by the internal game dynamics
of a pathogen population.

The outcome of the evolutionary RP.S game was driven by pa-
rameter g. In terms of game theory, g defines whether the pathogen
population mostly benefits from a tie or from a win-lose outcome
(see Zhou (2016)). In the RPS game analysed here, the tie outcome
is always 0, whereas the win-lose outcome is approximately 1 — g. Our
results suggests that selection gives advantages to alternative popula-
tion compositions depending on the balance between these outcomes. If
g > 1, then 1—g < 0 and thus the tie outcome is greater. This means that
the overall fitness of pathogen population is higher if the game is played
between individuals of the same strain. In accordance, our simulations
have shown that, in this case, system dynamics generates heteroclinic
cycles which eventually produces monomorphic populations (Nowak,
2006). If, however, g < 1, 1 — g > 0, indicating that a win-lose
outcome is greater. This is coherent with our results in which trajecto-
ries converge towards a polymorphic composition with homogeneous
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frequency distribution. This homogeneous distribution minimizes the
probability that the game will be played by two individuals of the same
strain. Finally, if g = 1, 1 —g = 0, both outcomes are equal. In this case,
heterogeneous polymorphism is maintained by stable limit cycles. A
possible interpretation is that the limit cycles alternates the dominance
of each outcome.

In terms of epidemiology, g describes how inter-strain competition
affects the superinfected hosts. This means that g is likely to vary with
host traits since that tolerance to superinfection may be related to host
physiology (Mosquera and Adler, 1998; Cronin et al., 2010; Portugal
et al., 2011; Mandl et al., 2015; Irving et al., 2021). Therefore, host
traits can modulate pathogen diversity even when different strains have
no differential effect to the host. This has some interesting implications
to the evolution of host-pathogen interactions. First, if hosts tolerate
superinfection, pathogen diversification may occur even in pathogens
considered highly fit to their hosts. The reason is that, if diversification
occurs in pathogen traits that has no differential effect to the host, their
lineage can be maintained by superinfection. Second, these lineages
may have different capacities to explore novel host species through
spillover processes (Mandl et al., 2015). Then, even if novel hosts are
unable to sustain the interaction, parameter g of the novel host may
give opportunity to the emergence of new variants in that host (Wasik
et al,, 2019). In this sense, spillover can be seen as a process by
which pathogens explore their repertoire of potential host species.
This idea suggests that the emergence of infectious diseases in novel
host—pathogen interactions may actually be the rule rather than the
exception in the evolutionary dynamics of pathogenic species.

We find that superinfection affects reservoir demography for the
parameter interval 1 < g < 2. This is not surprising since that, for
this interval, inter-strain competition is lethal for some hosts. Conse-
quently, host death causes small declines in the infected class even
though strains have no differential virulence to the reservoir (a, 1,). This
happens because whenever a rare strain rises in frequency, it does it
by superinfecting host individuals, causing their death. Then, because
there is no vertical transmission in our model, newborn individuals are
rapidly added to the susceptible class, maintaining the stability of the
overall population density N,. Whenever the rising strain is strain p = 1,
these demographic effects on the reservoir matches the spillover pulses.
Studies have shown that replacing infected by susceptible individuals
may increase pathogen circulation (Peel et al., 2014; Field et al., 2015).
As noted in Plowright et al. (2016), increased circulation may cause
pathogen shedding to other populations, augmenting the chance of
spillover. This implicates a causal relationship between cohort replen-
ishment and pathogen spillover. In our model, however, that is not the
case since replenishment and spillover are correlated process with no
direct causality between them. In fact, both are driven by oscillations in
the strain composition associated with the partial lethality of the inter-
strain competition. That is not to say that such a causality does not
exist. Rather, it is to point out that the internal dynamics of pathogens
may naturally change its potential host-range even when the current
host-pathogen system is considered stable.

Other studies have focused on the role of internal dynamics to
the emergence of cyclic outbreaks. Although not the only relevant
factor, cross-immunity seems to be a key element for the emergence
of these cycles (Andreasen et al., 1997; Kamo and Sasaki, 2002; Zhang
and Cao, 2014; Zhang, 2016). Cross-immunity occurs when infection
by one strain confers total or partial host protection against other
strains (Gill and Murphy, 1977). Often in superinfection models, cross-
immunity is inversely proportional to parameter ¢ (Nowak and May,
1994). If ¢ = 0, it means that cross-immunity is total and thus hosts
infected with a given strain becomes immune to infection by another
strain. As the value of ¢ increases, cross-immunity decreases and thus
infected hosts are susceptible to secondary infections by other strains.
In the scenario studied here, however, cyclic outbreaks occurs to the
incidental host, which is susceptible to the infection by a single strain
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and thus cross-immunity does not play a role in this cycles. Instead, the
cycles are caused by oscillations in the frequency of reservoirs infected
by different strains.

The realism of the model analysed here can be enhanced in several
ways. For example, our model only encompasses one reservoir species
and one incidental host. In nature, however, host—pathogen interactions
may involve several other species (Woolhouse et al., 2001; Legget et al.,
2013). In a more complex environment, spillover may be followed
by spillback events (Auld et al., 2017). One possible problem of this
limitation is that, since our incidental host is only susceptible to strain
p = 1, spillback events may cause an additional insertion of strain 1
back to its original host. Depending on which point of the dynamics
this occurs, the other strains may be excluded from the reservoir host.
In such a case, Strain p = 1 may become dominant in the reservoir and
pulses would stop. Furthermore, this may occur with other strains and
other host species. Thus, it would be interesting to evaluate our results
in a more complex host community. This can be done by evaluating the
reservoir system (Egs. (1a) and (1b)) coupled with a more complex host
community. Another possibility is to evaluate the result of other game
dynamics. For example, the Hawk-Dove game (Sigmund and Nowak,
1999) can be used to study the evolution of mutualistic interactions
among strains. This can be done by assuming a superinfection network
which produces the payoff matrix that describes the Hawk-Dove game.

As we have shown, the internal dynamics of pathogens within
reservoir populations may change the risk of spillover with no apparent
signatures in the epidemiological dynamics of reservoirs. This means
that changes in strain composition may occur cryptically in relation
to the size of the infected class. This suggests that evaluating only
the distribution of reservoirs and their seroprevalence may subestimate
the probability of pathogen spillover. Furthermore, such changes in
frequency composition can occur rapidly since they rely on the standing
variation of pathogen population. In this paper, we have assumed that
spillover does not results in host exploitation by the pathogen since that
the incidental host cannot self-sustain the host-pathogen interaction.
However, in terms of evolutionary trajectories, the spillover process can
represent a window of opportunity for the pathogen to evolve in an
alternative fitness landscape This can lead to a further diversification
process (Braga et al., 2018). To conclude, we emphasize that changes in
pathogen frequency distribution due to its internal game dynamics may
be a key mechanism underlying the emergence of new host-pathogen
interactions.

CRediT authorship contribution statement

Pedro B. Mendes: Conceptualization, Data curation, Formal analy-
sis, Funding acquisition, Investigation, Methodology, Project adminis-
tration, Resources, Software, Validation, Visualization, Writing — orig-
inal draft, Writing — review & editing. Walter A. Boeger: Concep-
tualization, Funding acquisition, Investigation, Project administration,
Resources, Supervision, Writing — original draft, Writing — review &
editing.

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared to
influence the work reported in this paper.
Data availability

No data was used for the research described in the article.

Acknowledgement

We thank the Coordination for the Improvement of Higher Ed-
ucation Personnel (CAPES; process 88887.352828/2019-00) and the



P.B. Mendes and W.A. Boeger

National Council for Scientific and Technological Development (CNPg;
process 302708/2020-0) for the financial support.

Appendix A. Deriving the replicator equation

The frequency f, ,(r) of strain p in the reservoir population is

1, (1)
[AON
Where I,(t) = ZL] I, ,(t) is the overall density of the infected class in
the reservoir population. To evaluate the temporal dynamics of f, ,(t)
we apply the quotient rule from calculus, which yields to the following
general form of the replicator equation:

Jrp®) = (A1)

dl,, dl
dfep, =" =15

dt 12
i, , d]r]

e "dr

|
~
~|—
—_—
~
4
~

[ ey _ dl, ] ) A.2)

P |1,,dr Ldt

The first term between the brackets in the right-hand side of Eq. (A.2)
can be obtained by dividing both sides of Eq. (1b) by 1/1,, and
replacing the remaining I, , by I, f, ,. Thus,

dl

rp
7 =PrpSr—Lp + Z Tq (05 — 26,)
’-P qelP
=B pSe =Lyt 1, Y fry (0, — 20,,) - (A.3)
qelP

Since that I, = ZP \ I, the second term between the brackets in
the right-hand side of (A.2) can be obtained by adding the n equations
dl, /1, ,dt:

i, 1 w41,

I.dt I,p=1 dt
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Under our assumption that strains do not differ in their epidemio-
logical parameters in the reservoir population we have that a, , = a,,
B, =P, and y, , = y,, Vp € P. This assumption leads to the following

simplification of Eq. (A.4):

- ggqp)]

~| X~
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Then, replacing (A.5) and (A.3) into (A.2) and simplifying it yields to
dfrp dl,, dI, ]

de P |1,,dt Idt

=t [ﬂ,,,,S, —L,+1 Z Tra (913!1 - geqp) = BepSe + 1y
qePlP
_I Zfrpzfrq _geqp):|
qelP

-1, Zfr,,Zf“, )]

=Jrp [Ir Z frq (qu - qup
qelP

qelP
=fr,p1r [zfr,q(gpq Zfrpzfrq Pq qp)]'
qelP qelP
(A.6)

Which is exactly the replicator equation depicted in Eq. (3).

Appendix B. The equilibrium density of the infected class of the
incidental host population

Assuming that reservoir variables are constant, we can write the
following model for the incidental host

ds;
d_tl =b;N; +vl; = S; [di+liNi+ﬂiIi+ﬂriIr,1] (B.1)
dl;
' [S Bi— (di + N +a; + 71')] +SiBil,,- (B.2)

At the equilibrium, the per capita growth rate of I, must be zero.
Thus, setting dI;/I,dt = 0 and rearranging the terms leads to the
following second degree polynomial:

i, S;
Idt =S8 — (di +;N; + +71) + TiﬂriIr,l =0
Si
=88 — (d; +1;S; + LI +a; +7;) + Tﬁ,,.I,,1 =0
i
Si
=88 — (d; +1;S; + I +a; +7;) + Tﬂ,,-I,f,,l =0
i

= I,-zli +1; [di +a;+y, =S (ﬁi - li)] + (_Siﬂrilrfr,l) =0. (B.3)

Then, using the quadratic formula to solve (B.3) for I; yields to

[Sf(ﬂi —lp)—-U+a+ Vi)] = \/[d:‘ +ao;+y =SB = IDP + 41,01, 1,
= 2 ‘

(B.4)

Note that Eq. (B.4) has two versions. One in which the square root term
is negative, and one in which it is positive. Our numerical simulations
indicates that the interior equilibrium I, is the positive version:

. (86, ~ 1) — @ + a4 7] +/ld, + 47— S8, — LDP + 4,881, 1,
- 2,

i

(B.5)

where the superscript " denotes equilibrium values. Because the density
of S, is also evaluated at its equilibrium, it is also a function of the
strain frequency S (fy.1)- For this reason, it is not clear from Eq. (B.5)
how 1, varies as a function of f, ;. Fig. B.1 shows a numerical analysis
to understand how Jf; varies with f,; for a range of transmission rates.

Note that, for all the evaluated values of f;, I; is an increasing
function of f, ;.

Appendix C. Deriving the reproductive ratio in Eq. (8)
The reproductive ratio R); can be derived from the per capita

growth rate % (Lion and Metz, 2018). The reproductive ratio of
pathogens is a quantity used to describe how many individuals is
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Fig. B.1. The relationship between f,(S‘,) (in the y-axis) and f,, (in the x-axis) for
different g, values (the different red lines). g; values range from 0.1 (the line with the
lightest shade of red) to 1 (the line with the darkest shade of red). Initial values are
S; =1 and I, = 0. Common parameter values are: I, = 1, [, = 0.25, b, =2, d; =02,
B, =01, a =1, y, =0.05.

infected by each already infected individual within a given population.
Eq. (1d) incorporates the infections caused by the reservoir host. In
this sense, in order to do the derivation, we first need to set the
cross-infection term to zero, f,;1,;, = 0. This leads to

dl,

Tdi =8B~ (di +;N; +a; +v,).
1

=S - 1T, (C.1)

r,

Now, the above quantity describes the per capita growth rate of the
incidental host in absence of the reservoir population. This quantity is
the difference between the rate of which individuals that are inserted
into the infected class S;4;, and the rate at which they are removed I.
Then, following Lion and Metz (2018), the reproductive ratio can be
written as the ratio between these terms:

S.B.

Ry = —'Fﬂ'- (C.2)
i
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Abstract: Several studies have shown that heterogeneous contact rates among groups

of individuals strongly affect the epidemiological and evolutionary dynamics of pathogens.

We propose a theoretical mechanism which we call the heterogeneous contact rates
(HCR) hypothesis. This hypothesis states that heterogeneous contact rates, alone, are
enough to diversify pathogen evolution. We develop a theoretical framework to study
the epidemiological and evolutionary dynamics of pathogens that are inserted in com-
munities composed of host populations. Our results show that the heterogeneity in
the network describing the contact rates among host populations interplay with the
density of susceptible classes in order to diversify the fitness surfaces of pathogens.
This suggests that the subsequent evolutionary trajectory of pathogens occurring in
multi-population systems can generate a diversity of pathogenic strains, even if hosts
only vary in terms of their contact rates. Furthermore, we found a source-sink dy-
namics in which some host populations cannot self-sustain epidemics, but stability is
reached by propagule pressure coming from other populations. Whether a popula-
tion of host is a source or a sink depends on its position within the contact network.

We discuss the implications of our analysis for understanding pathogen emergence.

Introduction

The rate at which disease epidemics spreads among host populations (or sub-populations)

affects both the ecology and evolution of pathogens. For directed transmitted pathogens,

transmission rates can be modeled as the product of three factors: the infectiousness
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of infected individuals; the susceptibility of susceptible individuals; and the contact
rate between infected and susceptible individuals (McCallum et al. 2001). Host infec-
tiousness and susceptibility relate to the capacities built by the evolutionary history
of hosts and pathogens (Cronin et al. 2010, Park et al. 2018, Braga et al. 2018, Farrell
& Davies 2019, Brooks et al. 2019). Contact rates, on the other hand, represent the
ecological opportunity of pathogens to access hosts that are available within a given
environment (Slingenbergh et al. 2004). This is because contact rates emerge from
ecological processes that structure groups of individuals according to factors such as
their social and/or spatial structure (Craft et al. 2011, Wang et al. 2013), diet (Simp-
son et al. 2012, Malmberg et al. 2021), behaviour (Borg et al. 2017) and microhabitat
preference (Brooks et al. 2006); although contact may also vary with the organismic
nature of the host-pathogen interaction (Franz et al. 2018).

Especially for pathogens with obligate parasitism, transmission dynamics is also
a relevant property of their life-histories. Generally speaking, there are three main
phases in the life-history of pathogens, namely, in the words of Smith (1904): "[1]the
entry into the host, [2] the temporary multiplication therein, and lastly, [3] the escape to
another host”. While phase [1] and [3] are part of the transmission dynamics, phase [2]
relates to the interactions in the within-host environment (Antia et al. 1996, Refardt
2011). Often, life-history traits are pleiotropic and may affect both pathogen trans-
mission and its within-host performance (Templeton 1980, Ordon & Trewler 2000).
For example, within-host replication rate may increase transmission but also increase
host mortality (e.g. the virulence-transmission trade-off; Crossan et al. 20074, Acevedo
et al. 2019). Thus, depending on the relative contribution of transmission and within-
host performance on fitness, pathogens may evolve towards alternative trajectories.

The theory of epidemiology predicts that the long-term persistence of pathogens
depends on the number of secondary infections produced by infected individuals
(André & Day 2005, Heffernan et al. 2005, Day et al. 2020). This means that trans-
mission must occur at a greater rate than host death (Heesterbeek” & Dietz 1996,
Diekmann et al. 1990). Since contact rates constrain transmission, they may alter the
actual value of host survival for pathogen persistence. For example, if contacts are
rare, opportunity to infect is scarce and thus the death of the current host may be

the deadline of a pathogen lineage (although long-living propagules can maintain
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the risk of infection after host’s death; Bonhoeffer et al. 1996). If, however, contacts
are frequent, pathogen persistence can be secured before host succumbs and hence
becomes less constrained by host survival (Combes 1997). This dependence of persis-
tence on host survival influences several aspects of epidemics (e.g. prevalence, final
epidemic size) and, as a consequence, influences the selective milieu experienced by
pathogens (Lion & Metz 2018). If pathogen evolution is constrained by life-history
trade-offs (André & Day 2005, Crossan et al. 2007a), selection may give advantage to
alternative life-history strategies of pathogens depending on the current context. This
suggests that, alone, heterogeneity in contact rates among hosts is enough to diversify
evolutionary trajectories of pathogens. This is what we call the heterogeneous contact
rate hypothesis (hereafter HCR hypothesis; see Box 1).

Here, our main goal is to investigate the theoretical foundations of the HCR hy-
pothesis. Specifically, we aim to investigate the role of heterogeneous contact rates in
the selective milieu experienced by pathogens. To this end, we build and analyze an
epidemiological model in which host populations are coupled by a contact network.
Then, we analyze the adaptive dynamics of a pathogen’s quantitative trait to under-
stand how the structure of the network shapes its evolution. Our analysis reveals that
heterogeneous contacts have the potential to diversify pathogen evolution even when
hosts are identical. Moreover, a source-sink epidemiological dynamics emerges from
the network structure. We discuss the implications of our findings for the emergence
of infectious diseases and how the HCR may help to understand the epidemiological

consequences of habitat fragmentation.



Box 1: The HCR hypothesis

The mechanism of the HCR hy-
pothesis is as follows. Ecological
pleiotropy in life-history traits af-
fects both pathogen transmission dy-
namics and its within-host perfor-
mance. This generates life-history
trade-offs that constrain pathogen
evolution. Depending on the environ-
mental context, these trade-offs will
have different solutions. Then, selec-

tion gives advantage to phenotypes

that are closer to the trade-off solu-

Transmission
dynamics

Pleiotropic
trait
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Within-host
perfoermance

causal path of contact heterogeneity.

Heterogeneous

tion. Meanwhile, heterogeneous con-
tact rates produce variability in the
cost of host death. In other words,
the value of host survival varies de-
pending on the environmental con-
text in which that host is embedded.
As a consequence, the environmental
context of pathogens also variegates
and so does the solution of their life-
history trade-offs. The result is then

an increase in the diversity of strains

with selective advantage.
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Figure B1.1: Illustration of the HCR hypothesis. Arrows with red contour mark the
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Models and analysis

Our analysis is based on a multi-host version of the susceptible-infected-susceptible

(SIS) model (Brauer et al. 2008). The model is composed by a set of ordinary dif-

ferential equations (ODE’S) describing the temporal dynamics in the densities of sus-

ceptible and infected classes of each host population. We assume that the dynamics
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of these populations are coupled by a contact network in which nodes represent host
populations and links are the contact rates among them. In our system, the life-history
trade-off of pathogens is represented by a correlation between transmission and vir-
ulence. This trade-off is produced by a pleiotropic trait that relates to pathogen’s
replication rate (Acevedo et al. 2019). To investigate the role of contact heterogene-
ity, we analyze how the network structure affects the evolution of the replication of
pathogens. Except for their contact rates, all hosts have the same parameter values.
In this sense, any effect on the stability of the system is due to the structure of the
contact network.

This section is organized as follows. First we describe the SIS model with its vari-
ables and parameters. Then, we describe the life-history trade-off and the properties
of the contact network. Next, we show how a source-sink transmission dynamics
emerges from heterogeneous structure of the contact network. Finally, we perform
an invasion analysis to evaluate the adaptive dynamics of pathogens and show how
graph heterogeneity can lead to pathogen diversification. The full R script used in

our numerical analysis is available at github.com/pbolanhom /hcr.

The model

Consider a set H = {i}} containing n host populations with identity i = 1,...,n.
The overall population density of each host is N; = S; 4 I;, where S; and I; are the
density of the susceptible and infected classes in the ith host population. Let let-
ters b and d be theirs intrinsic birth and death rates, respectively. We also assume a
density-dependent mortality that decelerates population growth at a rate I. Infected
individuals face an additional mortality which is quantified by pathogen’s virulence
a(z) (Thomas & Elkinton 2004). z is a pathogen’s quantitative trait that defines its
intrinsic within-host per capita growth rate (Alizon & van Baalen 2005). Hosts that
survive infection recovers from disease at a rate . In the model, the transmission
rate from a given host i to j (direction i — j) is the product B;; = 7(z)C;;. Where
Cij is the ijth contact rate (the rate at which an infected i effectively encounters a sus-
ceptible j). T(z) is pathogen’s transmissibility, calculated as the product between the
ith infectivity and jth susceptibiility (O’Regan et al. 2015). We show the full deriva-

tion of the transmissibility function 7(z) in the Appendix I. Given these assumptions,
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the epidemiological dynamics of our system can be described by the following set of

ODE's:

ds;

T =bN;+yI; — S; |d+ IN; + T(Z) Z CJII] , (1a)
t .
jeEH
dl;
= = Sit(2) ) Cili = Li[d+INi +a(z) +1], VieH (1b)
jeH

Notation Vi € H reads “for all hosts i within set IH”. The term bN; in Eq.1a means
that newborns are always incorporated at the susceptible class. In this sense, model
1 assumes that there is no vertical transmission of pathogens. Furthermore, there
are no other interaction between hosts except for their contact rate. Thus, in absence

of pathogens, all host populations grow to their respective carrying capacities K; =

(b—d)/L.

The virulence-transmission trade-off

To incorporate the virulence-transmission trade-off, we follow Alizon et al. (2009) and

assume that both «(z) and 7(z) are increasing functions of z:

a(z) = )z + 04(2)22, (2a)
T(Z) = T(0) + T(1)Z- (2b)

Where a(q) and a(y) are scaling parameters that weigh the influence of trait z in
the virulence. 7(g) and 7y are the intercept and the scaling parameter of transmis-
sibility, respectively. These functions state that, while the transmissibility increases
linearly with trait z, the virulence increases quadratically. In other words, increasing
z increases both the rate at which pathogens are transmitted, and the rate at which
pathogens causes the death of their hosts. In the appendix I, we detail the derivation

Eq.2 from the within-host dynamics.

The contact network

Here, a contact network (CN) is a weighted directed graph in which nodes represent
the populations of hosts and links are the contact rates between them. The fact that

the graph is directed means that node degree (the number of links connected to it)
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is composed by the links arriving at the node (in-degree) and those departing from
it (its out-degree), deg(i) =indeg(i)+outdeg(i). Here, we only analyze networks in
which indeg(i) = outdeg(i) = deg(i)/2. These graphs are known as balanced directed
graphs (Euler & Bridges 2011). Information about the structure of any graph can be
found in its adjacency matrix (Newman 2010). The adjacency matrix of the contact

network has the form:

Ci -+ Cun
Ac= |+ . . 3)
Cnl e Cnn

c33

Figure 1: An illustration of a contact network describing the contact dynamics between n =
4 nodes. Each node represents a host population (i = 1,2,3,4). Arrows are the directed
weighted links indicating the direction i — j of pathogen transmission. The C;;’s values are
the weights of those links and stands for the contact rates of model 1. Note that increasing
node neighborhood dilutes node contact rates (depicted as the thickness of the departing
arrows). In the example, Cll = Clz = 613 = C]4 = 1/4, 621 = sz = 1/2, C31 = 633 = C34 =
Cy = Cy3 =Cyy =1/3.

The weight of an edge departing from node i towards node j is given by the contact

rate C;;, which is defined as:

1/k;, if an edge exists from i to j
Ci]' = . 4)

0, otherwise
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Letter k; = outdeg(i) in Eq.4 is the out-degree of node i (the amount of edges de-
parting from i). Note that function 4 implies that YjcH Cij = 1 for all nodes. Thus,
function 4 assumes that the weight of an edge i — j decreases as k; increases. In
other words, we assume that the rate at which an infected i effectively encounters j
decreases as i effectively encounters other hosts. In a sense, this incorporates a di-
lution effect in transmission dynamics: increasing the diversity of edges dilutes the
contact rate with the other nodes in the neighborhood. The neighborhood of each
host is the sub-graph that is directly connect to it (Green et al. 2018). We use IN; as a
reference for the ith neighborhood.

To measure graph heterogeneity, we use the index proposed in Estrada (2010).
The index is based on the irregularity of each node (the squared difference between
the inverse of the square root of the degree of two adjacent nodes). The irregularity
measures how much two adjacent nodes differ in terms of their degree (Estrada 2010).

The index has the form:

2
(CN) = =T )
' ;;[fki wg]

Instead of using node degree, we use node out-degree k;. However, since the graph
is balanced, k; is just deg(i) /2. The heterogeneity index p(CN) is 0 for homogeneous

graphs and increases with node irregularity.

Pathogen fitness

In a single population epidemiological model, pathogen fitness can be evaluated by
analyzing the per capita rate of increase in the infected class (Day & Gandon 2006).
This yields to a quantity that increases with the density of susceptible class (see ap-
pendix II). In a multihost model such as eq.1, the ith per capita quantity dI;/I;dt only

varies with the density of the ith susceptible class, S;:

dl; S;
) L — —'ZT(Z) Z C]lI] — [d + lNl‘ + LK(Z) + ’)/] .
Ldt L A

This cannot be regarded as pathogen fitness because we know that the susceptible

class of any other population in the neighborhood of node i, IN;, must affect the
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titness of pathogens within host i (Crossan et al. 2007b). To incorporate this, we
derive pathogen fitness as follows.
Consider an overall infected class with density I =} ;. I;. The temporal dynam-

ics of I is then given by

dl dl;

a = ZEZIH E (6a)
z) Z S; Z C]'ilj — Z I;[d+IN; + a(z) + 7] (6b)
ieH jeH icH
z) Y L) CySi— Y Li[d+IN;+ a(z) + 9] (6¢)
icH jeH ieH
= Z Ii T(Z) 2 C1]S] — (d + lNi + IX(Z) + ’)’) (6d)
icH jeH

Note that, in equation 6b the contact rate C;; describes the contact rate in the direction
j — i. Then, after rearranging the terms in 6c, it appears in the form C;;, which
describes contacts in the direction i —> j. We can also write the above equation in

terms of its per capita rate:

Idt Z gi )]_EZ]HCijsj— (d+IN; +a(z) +7) (6e)
Where g; = [;/I is the relative abundance host i to the overall infected class I. The
term between the brackets in equation 6e measures the contribution of the ith infected
class to the per capita rate of increase in the overall infected class I. Here, we argue
that this term can represent pathogen fitness because it quantifies the reproductive
success of pathogens in a given host i accounting for the fact that pathogen’s offspring
may develop in another host j. Thus, replacing C;; by 1/k; (according to equation 4)
we get the fitness F; of pathogens occupying host i:

Fi(z,S,N;) = Zs d+IN;+a(z) +9], VieH. 7)

]eIN
Where S in the left-hand side of equation 7 is a vector with the densities S =
(S1,..,5x)T. Note that, replacing C;; by 1/k; requires writing the summation term

over the neighborhood IN;, instead of over the overall pool of hosts H as in eq.6e.
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The emergence of a source-sink epidemiological network

At the appendix II we show that, for small graphs, the interior equilibrium of model

1 is approximately the equilibrium for homogeneous graphs:

18,0~ SOEO e —ld e +1) &)
A b+d+a(z)[1+1]+2y VA
Si(2) = P "
27(z) YjeH Cii 2 [T(Z) LjeH Cﬁ} 2

With A; = 7(2) Ljen Cji [T(Z) Yien Cjilr — a(2)]? + 2a(2)1[b + d + a(z) + 27]} +a(z)?2.
Superscript " stands for equilibrium densities. For homogeneous graphs, all nodes
have the same Z}-q Cji = 1. Then, the interior equilibrium becomes the same as if
only loops were allowed (C;; = 1), which is exactly the interior equilibrium of single-
population models (appendix II). Thus, if contacts are homogeneous, the interior equi-
librium of system 1 can be fully described by the equilibrium densities of a single-
population model.

In heterogeneous graphs, nodes vary in degree. This causes the sums Z}q Cji in
8 to vary depending on node i, variegating in the interior equilibrium of each host.
However, the interior equilibrium of small heterogeneous graphs, eq.8 yields a value
close to the numerical simulations. As the graph increases in number of nodes, the
effect of network structure also increases. At this point, eq.8 no longer describes its
interior equilibrium. We go back to this further in the text.

As a consequence of contact heterogeneity, the fitness of pathogens F;(z, S, N;) also
varies. Still, the equality ¥;¢;Fi(z, S, N;) = 0 must be satisfied at a stable state. Since
that g; is a proportion and thus is constrained within the interval 0 < g; <1, only a
summation of positives and negative values of the F;(z, S, N;) terms can result in zero.
In other words, under heterogeneous contact networks (in which node neighborhoods
are variable), the interior equilibrium of system 1 produces fitness values that must
vary from negative to positive values, depending on the node.

Nodes in which F;(z, S, N;) > 0 represent host populations that self-sustain the in-
fection within the network context. In analogy to the theory of metapopulations, these
nodes act as “sources” of pathogen transmission because they can export propagules

to the remaining of the network. Nodes in which F;(z,§,N;) < 0, pathogen’s pop-
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ulation cannot be sustained and thus are called ”sink” nodes. In these sink nodes,
stable epidemics are possible but are necessarily maintained by propagules that are
imported from the source nodes. Figure 2 shows the emergence of the source-sink
dynamics. Note that, although the approximation 8 differs from the numerical simu-

lations, both produced the same source-sink pattern.

o fg}‘ - i ki ?:1 le' gi(sim/calc) ‘i’i P,'(Z, S, NI)
i )": . 1 2 0700 4979/4867 0123 —0.249
N 2 2 0700 4979/4867 0.123 —0.249
o e 3 2 0700 4979/4867 0.123 —0.249
\"C;{"f i 4 2 0750 4.441/4479 0.126 0.089
\ 5 2 0833 3926/3949 0.129 0.141
b:‘ 6 3  1.083 2930/2.898 0.131 —0.450
; 7 4 1283  2444/2381 0.129 —0.273
\.4-:;, 8 5 1950 1.369/1.478 0.116 0.900
5
a) b)

Figure 2: The emergence of a source-sink epidemiological dynamics. a) The contact network
with n = 8 nodes. Dark and light colored nodes are the source and sink host populations,
respectively. Numbers in each node stands for their identity i. b) Table with the information
referent to the aside network. 7 is host identity, k; is the ith out-degree, } i Cj; is the weighted
sum of the ith in-degree, S; is the susceptible class density (simulated/calculated with ap-
proximation 8); q; = I;/I is the ith relative abundance within the overall infected class; and
F(z,S,N;) is pathogen fitness. Common parameters are: b = 2, d = 0.2, = 0.15, v = 0.2,
z = 2.533773, a(1) = 0.248, w(y) = 0.2, 7p) = 0.004 and T1) = 0.4. Initial conditions: S; = 0.5,
I; =0.5.

A general interpretation of the source-sink pattern

For the parameter values that we have used, all nodes can sustain infection when
disconnected from the contact network. This indicates that the source-sink pattern is
an emergent property of the graph structure. As we have shown, source nodes have a
positive fitness, while sink nodes have negative fitness. However, the fitness function
also incorporate information about other properties of the system besides the network
structure. In appendix III we show that the actual effect of the graph structure can be

written as:

1 1
Mij=—y —~ (9a)
Z ki ]E;\Tz EgeNj Cg]
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Where ¢ in dele stands for the nodes within the jth neighborhood. We call this
quantity M; to emphasize that is relates to the meta-population (or source-sink) state
of node i. A node will be a source (positive fitness) whenever the following criteria is

true:
M; > 1. (9b)

If the above inequality is reversed, pathogen fitness is negative and thus represents a
sink. Equation eq.9a points out how the source-sink dynamics is an emergent prop-
erty of the graph structure. This is because is clarifies that the value of M, varies not
only with its own out-degree, but also with the out degree of the of the nodes g within
the neighborhood of nodes j within the neighborhood i (C¢; = 1/kg). Moreover, M;
only incorporate information about the network, being independent of system param-
eters. Still, it can predict which nodes behave as a source of pathogens, and which

behaves as a sink. This emphasizes the emergent property of the source-sink pattern.

Evolutionary dynamics

Here, we apply the theoretical framework of the Adaptive Dynamics toolbox (Dieck-
mann & Law 1996, Dieckmann 2002). Let z,, ; be the trait value of a rare mutant strain
that emerges in host i. If we assume that this strain emerges after system 1 reaches
its interior equilibrium, its increase in frequency depends on its ability to invade the
environment promoted by the resident strain with trait z (the stable state of 1 given
the trait value z of the resident pathogen). This can be evaluated by analyzing the
ith invasion fitness F;(z,z,, ;) of the rare variant. Based on the resident fitness 7 and

following Brannstrom et al. (2013), the invasion fitness of our model is:

Fi(z,zmi) = T(zmi) Y CijSi(z) — [d+ INi(z) + a(zpm;) + 7] - (10)

jeH
Note that, in 10, both transmissibility and virulence are functions of the trait value
of the mutant strain, 7(z,,;) and a(z, ;). These functions have the same format as
in 2 but are evaluated for z = z,,;. Then, the shape, strength and direction of the

selective pressures acting over the emergence of the rare strain can be captured by its
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selection gradient, which describes the curvature of the fitness surface for a given trait
value (Lehtonen 2017, Lion 2017). The selection gradient is calculated as the partial
derivative of the invasion fitness with respect to the mutant trait z,, ;:

0Fi(2, Zm,i

Nz ) = T(l) Z Cljgj(z) — 20((2)27”,1' — 06(1). (11&)
m. jeH

There is a singular point Z; for which the natural selection vanishes:

a-Fz (Z/ Zm,i)

e = 0. (11b)

Zmi=%i

and solving 11b for the Z; reveals that the singular point is given by the quantity

. T Ljen GiiS(2) —aq)

;= 12
2 T (12)
Then, because the second derivative,
92 F: ,
azm i 5
’ Zm,i=2=%{

is always negative, we know that the singular point 12 is an evolutionary stable strat-
egy (ESS).
Following Doebeli & Ispolatov (2010), the singular point is also a convergent stable

strategy (attracts trajectories towards the ESS) if:

aZE(Z, Zm’j) 4 a2‘E(zl Zm,i) <0 (14&)
azaszi Z,i=Z=2; az%%i Z i=2=5;
Which, in our model, yields
9S;(z
T(l) Z Cl] ali ) — 20((2) < 0. (14b)
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The differential invasibility of rare variants

The singular point in equation 12 can be rewritten as

Tye Yien. S z,IN:;) —«
5, — T Zjen; 5= Nj) = ) (15)
206(2)

This format shows that, Z; is indirectly affected by the contact network. This effect
is indirect because if all S; values in eq.15 are forced to be identical, there is no di-
versification in despite of graph heterogeneity. This happens because, in case, the
summation term becomes kliZjENi S}(z, IN;) = %kiSi = S;. If, on the other hand, the
graph is homogeneous but susceptible classes differ, diversification occurs because
the sum klizjelN,- §j(z, IN;) varies with node position. In this sense, the evolutionary
effect of heterogeneity depends on the feedback between the contact network and the
actual availability of hosts.

In system 1, however, heterogeneous graphs necessarily produce variability in the
susceptible classes $;(z) and thus the sum kll X Cij§j(z) varies with node position. In
this sense, if there are no other forces holding the densities at a specific value, hetero-
geneous contact rates are enough to diversify the ESS’s. This produces a ”differential
invasibility” of rare strains throughout the network: the invasion ability of a given
strain depends on node position.

Figure 3 shows the differential invasibility promoted by the heterogeneous con-
tact rates. The panel shows Barabasi-Albeirt network models with different powers of
preferential attachment (Barabdasi & Albert 1999). Decreasing the power of preferential
attachment increases the variance in degree distribution (appendix IV) and increases
graph heterogeneity (Estrada 2010). Graphs with the same number of links but differ-
ent topologies produce different ESS compositions. This is evident when we compare
panel a) and b) in figure 3. Both networks have the same number of links. But, while
link distribution is homogeneous in a), it is heterogeneous in b). As shown, this is
enough to diversify the fitness surfaces of pathogens. The curves and dots in figure 3
were produced with the interior equilibrium produced by the numerical simulations
(actually solving the temporal dynamics of system 1 and picking up the densities at
the stable state). Nonetheless, the interior equilibrium in 8 is a good approximation

for small graphs and produces similar patterns.
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d)

12 0

Trait value

Figure 3: The invasion fitness of pathogens in different hosts as a function of the contact
network structure. Curves are the parametric curve [z, ;, F;| of each node and the black dots
over them are the ESS of each node (the z,,; = Z; given by 12). Dark and light colored nodes
and curves are the source and sink host populations, respectively. Horizontal dashed lines
indicates the region where F; = 0. Vertical solid lines denotes the ESS for the homogeneous
network scenario and the resident trait value (panel a). All networks have n = 22 nodes, but
they differ in their number of links and heterogeneity (calculated with index 5): a) E = 374,
p(CN) = 0; b) E = 374, p(CN) = 0.476; ¢) E = 244, p(CN) = 2.387; d) E = 64, p(CN) =
11.930. Common parameters are: b = 2,d = 0.2, = 0.15, v = 0.2, z = 2.533773, aq) = 0.248,
ap) = 0.2, mg) = 0.004 and meay = 0.4. Initial conditions: S; = 0.5, I; = 0.5.

Discussion

In the model, the stability of system 1 is insensible to node degree when the network
is homogeneous. In such a case, the densities of infected and susceptible classes are
described by the interior equilibrium of a single-host system. This is due to the condi-
tional function 4, which causes the out-degree of a given node to dilute the weight of
the links departing from that node. This function reflects our assumption that the sec-
ondary infections of pathogens varies with host availability but not with the amount
of routes for infection. Using any other function is likely to introduce modeling ar-

tifacts in the fitness of pathogens. If transmission is not constrained by 27:1 Cij=1
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(as imposed by function 4), the number of secondary infections would increase with
node out-degree. Although this has evident biological explanation (Franz et al. 2018),
it generates a problem of order-sensitivity in the transmission dynamics: the effect of
link diversity is not solely driven by changes in link distribution, but also by changes
in the actual number of links (Moisset de Espanés et al. 2021). As a consequence,
the actual effect of the graph structure would be inflated by node out-degree. This
means that, two homogeneous graphs with different number of links would produce
different attractors, confounding the actual effect of graph structure. Under function 4
any variation in the equilibrium densities is necessarily caused by the heterogeneous
structure of the contact network.

The main outcome of contact heterogeneity is the variability in host availabil-
ity. Here, host availability is the amount of susceptible individuals available for a
pathogen residing in a given host population (the quantity } -, S; in the fitness func-
tion 7). Then, as we have shown, a source-sink epidemiological dynamics emerges
from the variability in host availability. In this emerging pattern, epidemics in sink
populations are stable, but necessarily maintained by the sources. This, however, does
not indicates that isolating sink nodes will deplete pathogen prevalence. In fact, all
hosts can maintain the epidemics when they are isolated from the network and thus
the source-sink pattern is necessarily an emergent property of the graph structure.
This differs from the case studied by Okano et al. (2020), for example, in which preva-
lence is depleted in sink populations when they are isolated from the network. One
way to interpret this dependence of sinks in our model is that their local outbreaks
are driven by what is known as ”stuttering chains” of host individuals (Blumberg &
Lloyd-Smith 2013). Following Dalziel et al. (2014), stuttering chains may be produced
by either variation in contact rates, or by the poor compatibility between pathogens
and some hosts. Carefully, Dalziel et al. (2014) also noted that both processes may
occur simultaneously. Indeed, our model indicates that, not only they do occur si-
multaneously, but also have a relationship of causality. There is, variation in contact
rates may actually diversify the compatibility of the host-pathogen interaction.

The source-sink pattern that emerges at the interior equilibrium is a property of
the fithess measure that we have used (see appendix III). Usually, pathogen fitness

is either measured as the reproductive ratio Ry (Gilligan & Van Den Bosch 2008)
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or by the per capita rate of increase in the infected class dI;/I;dt (Day & Gandon
2007). While the former accounts for reproductive success per generation, the latter
is continuous in time (Day & Gandon 2006). Likewise the latter, our approach is
continuous in time, but it does not measures the rate of increase in the infected class.
Instead, function F;(z, S, N;) measures the contribution of pathogens in a given node i

to the rate of increase in the overall infected class (Z—{ =Yy %). The main difference is

i
that at the non-trivial equilibrium, quantity dI;/ I;dt is necessarily null, but F;(z, S, N;)
is not. As we have shown throughout our analysis, this property of Fi(z,S,N;) is
the main driver of the source-sink pattern. Furthermore, fitness function 7 does not
affect the epidemiological dynamics, but rather emerges from it. This is because
the actual dynamics of the system is given by the SIS model, which depends on
per capita rates. This allows the derivation of F;(z, S, N;) for other epidemiological
and/or ecological scenarios involving multi-host pathogens. Unsurprisingly, different
systems may generate alternative source-sink patterns. Yet, the pattern may emerge
whenever the transmission dynamics variegate the size/density of the susceptible
classes.

Our results indicates that the fitness of pathogens residing in sink nodes may be
negative even for optimal trait values. This means that, if optimal strains emerge
in a sink it could not persist since these nodes cannot self-sustain epidemics. As
a consequence, evolution by natural selection in sink hosts depends on strains that
emerge elsewhere. After reaching the sink, strains with greater fitness may vanish in
a slower rate than their residents. Then, as long as strains are continuously imported,
we expect an increase the prevalence of adapted strains in despite of their negative
titness. Likewise, meta-population dynamics predicts that sink patches evolve more
due to gene flow then by the local emergence of variants (Kawecki 2004).

In this study, pathogen diversification is due to the interplay between host avail-
ability and the virulence-transmission trade-off. Whilst the trade-off inserts convexity
to the fitness function, host availability determines the trait value that maximizes it.
Then, as heterogeneous contact rates variegate host availability, the fitness maxima
in each host diversifies. In terms of the Adaptive Dynamics framework that we have
used (Diekmann 2004), this means that the ability of a given rare variant to invade

the resident pathogen depends on the host position within the contact network. This
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differential ability to invade different nodes is what we call the ”differential invasibil-
ity” of rare strains. A direct consequence of differential invasibility is that it increases
the diversity of emerging variants. Apparently, this contrasts with the results of Lev-
enthal et al. (2015) in which contact heterogeneity actually decreases the invasibility
of rare variants. However, Leventhal et al. (2015) evaluated strain ability to invade
whole clusters of nodes in the contact network. In such a case, invading strains are
those compatible with the average requirements of that cluster, consequently decreas-
ing the space in which invasion is feasible. Here, on the other hand, we are interested
in the invasibility per node and independently of its persistence throughout the net-
work. Whether or not the variant persists after a successful invasion depends on
how it interacts with the resident strain and on its ability to resist the environmental
change caused by its emergence (e.g. change in the density of infected and susceptible
classes). Notwithstanding, a sudden increase in the frequency of a given variant may
be sufficient to promote disease outbreaks in both humans and wildlife (Brooks et al.
2019).

The virulence-transmission trade-off is related to the pace-of-life of pathogens.
This means that, depending on the trade-off solution, pathogens may evolve towards
slower or faster life-histories (Franco et al. 1996, Oli 2004, Salguero-Goémez et al. 2016).
The link between pathogen life-history and the virulence-transmission trade-off is the
within-host replication rate (Alizon & van Baalen 2005). If the benefit of high trans-
mission rates are greater then the costs of higher virulence, selection favors pathogens
with higher rates of replication and thus fast life-histories. If, however, the costs of
virulence are higher then the benefits of transmission, advantageous phenotypes are
those with lower replication rates and thus slower life-histories. As a consequence, the
evolution of replication rate is sensible to host availability. Even in the absence of qual-
itative differences in the selective milieus (e.g. behavioural differences between hosts
occupying different nodes), the heterogeneous distribution of contact rates promotes
differential opportunity to access the overall pool of susceptible hosts. A similar result
was found by Crossan et al. (2007b), in which pathogen life-history rapidly evolved
along a fast-slow continuum depending on the availability of hosts. Likewise, Poulin
(2003) found that increasing host mortality can accelerate the development in a trema-

tode parasite. Indeed, the evidence shows that virulence and transmission rates are
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not always correlated (Acevedo et al. 2019, Hector & Booksmythe 2019), and when
they are, within-host replication rate may not always be a pleiotropic trait (De Roode
& Altizer 2010). Nonetheless, we argue that heterogeneous contact rates can diversify
pathogens selective milieu whenever selection over the evolving trait is sensible to
host availability.

The HCR hypothesis states that heterogeneous contact rates can diversify the evo-
lutionary trajectories of pathogens with life-history trade-off’s. As we have shown,
the underlying mechanism for diversification is composed by two consecutive phases:
(1) heterogeneous contacts variegates host availability; and (2) life-history trade-oft’s
produce differential invasibility. Phase (2) can take place after any other ecological
process have shifted host availability (Ebert & Mangin 1997, Johnson & Thieltges 2010,
Hamback et al. 2014, O'Regan et al. 2015). Nevertheless, the temporal scale of disease
outbreak is often faster then that of most factors driving the population dynamics
of hosts (May & Anderson 1979, Penczykowski et al. 2016, De Meester et al. 2019).
Hence, effects of contacts may appear earlier in host availability than most ecological
processes do. This give some insights about the effect of habitat fragmentation on
pathogen evolution. For instance, the role of habitat fragmentation on contact rates
(and thus on host availability) may be immediate, but its influence on host population
dynamics can take longer (Gibbs 2001, Ewers & Didham 2006, Fletcher et al. 2018).
Then, differential invasibility may appear almost immediately after fragmentation.
A similar mechanism is proposed by Zohdy et al. (2019) as the ”“coevolution effect
hypothesis”. This hypothesis states that the increased isolation promoted by habitat
fragmentation produces “coevolutionary engines” (sets of hosts and pathogens) with
diverging evolutionary trajectories. Although there is no coevolution in our model,
the diversification of pathogen’s ESS corroborates with the idea that these ”coevolu-
tionary engines” would take diverging trajectories after fragmentation. Conversely,
however, the HCR hypothesis has more to do with how patches remain connected to
each other after fragmentation than to how they become isolated as in the coevolu-
tion hypothesis. That is not say that the two hypotheses are antithetical, but rather
complementary.

Our model incorporates heterogeneity in the contact rates between host popula-

tions, but assumes that the contacts between individuals are homogeneous. Such an
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homogeneity is a simplifying assumption that facilitates the analytic tractability of
epidemiological models, but it often fail to predict disease dynamics in their full dy-
namics (Bansal et al. 2007). Hence, a possible expansion to our model is to use the
network approximations in Newman (2002) to incorporate individual heterogeneity.
This would be interesting to test whether the within-node dynamics of sink popula-
tions are formed by stuttering chains. Another interesting expansion is to assume a
meta-population dynamics among host populations (e.g. allowing the migration of
hosts from one node to another). This is likely to increase the realism of the model
since that same species populations that are close enough to share pathogens may
also have other demographic interactions (Craft et al. 2011, Craft & Caillaud 2011).
Although deterministic, the dynamics of our model occurs as an emergent prop-
erty of the network structure. By definition, emergent properties cannot be reduced
to the individual behavior of system’s elements (Regenmortel 2004, Fisher & Pruitt
2020). In the model analyzed here, host populations have identical parameter values
and thus produces the exactly same fitness surface when isolated. When hetero-
geneously connected, on the other hand, the interior equilibrium idiosyncratically
diversifies according to the graph structure. This happened because, although de-
terministic, the systems attractor depends on the net-effect of pathogen circulation
throughout populations. Thus, although the observed pathogen diversification is lo-
calized, it is not the outcome of local pressures. This suggests that natural selection
driving the local adaptation of pathogens are not necessarily limited by the selective
pressures operating at the local scale (Buckee et al. 2004). Probably, this happens
because the actual state of a node varies with its neighborhood. Since that contact
networks are naturally heterogeneous (Leventhal et al. 2015, Craft & Caillaud 2011),
the differential invasibility may be a common mechanism driving the emergence of

pathogenic variants.
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Appendix I: Within-host dynamics

Here, we follow the method and model proposed in Alizon & van Baalen (2005) in
order to derive functions virulence and transmission from the within-host dynamics.
Let P; and L; be the ith within-host population density of pathogens and lymphocytes,
respectively. P; increases with its intrinsic growth rate z and decreases with a lym-
phocyte killing rate 6. v and ¢ stands for lymphocyte’s baseline production and death
rate, respectively. The presence of pathogens increases the production of lymphocytes

at a rate p. Hence, the within-host system can be written as:

dp;
T~y yp— oL, (AL1b)

The interior equilibrium of the above system Al1 is

P(z) = 1 (zé — 1/) , (Al2a)

(AL2b)

Where superscript * stands for equilibrium densities. Note that, since we assume
that all hosts have the same within-host parameter values, and node position does
not affect within-host dynamics, all hosts i = 1, ...,n have exactly the same interior
equilibrium described in AL2.

Following Alizon & van Baalen (2005), the virulence and transmission rate are
functions of the interior equilibrium AI2. Virulence, as the the disease-induced mor-
tality of hosts, increases with the replication rate of pathogens uzP(z),where u is the
rate at which pathogen replication rate increases death rate. Also, there is a side-effect

w of lymphocyte load which may also increases pathogen virulence. Thus, virulence
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function becomes:

«(z) = uzP(z) + wl(z)

u_(522+ Yw — puv

= z
Yu Yu
= 1)z + Dé(Z)ZZ. (AL3)
Where a (1) and « ) reads
wy = (Al4a)
yu
ué
Qi) = —. (AL4b)
() il

For the transmission rate, we understand that what Alizon & van Baalen (2005)
called ”transmission”, is more likely to reflect the infectiousness of i. This is because
their derivation does not account for the susceptibility of susceptible individuals. In
their paper, this is not a problem since they have focused on a single-host population
with monomorphic parameter values. Nonetheless, theory predicts that transmission
rate f;; is the product of the ith infectiousness 4;, the jth susceptibility ¢; and the
contact rate ¢;; (O'Regan et al. 2015), B;; = 1;{jc;j. However, because we are interested
in the effects of the structure of the contact network, rather then in the variation of
host parameters, we have assumed that all hosts that the same infectiousness 1; =
and the same susceptibility {; = { = 1. This allows us to set pathogen transmissibility
as 1(z) = 1(z)¢ and thus the transmission rate as f;; = T(z)c;;. Then, to derive the
function t(z) from the within-host dynamics we use the same idea that Alizon & van
Baalen (2005) have used for transmission rate. Thus assuming that transmissibility

increases with the pathogen load at a rate a:

1(z) = aP(z)
ad av
= —Z — —
yu y

= T(o) + T(1)2 (ALD)
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Where
av
T = ——, (Al.6a)
(0) y
ad
Ty = —. (AL6b)

Equations AL3 and ALS5 are exactly equations in 2 in the text.
In our simulations, the parameter values of the within host dynamics that pro-
duces the desired values of a1, ap, pand fy are: 6 =1, v =001, pu =1,y =5u =1,

w=0.25and a = 2.

Appendix II: Interior equilibrium of the homogeneous

case

By definition, nodes have identical degree in homogeneous graphs. Thus, k; =
ki Vi,j € N. Given our function for the contact rate C;; in 4, homogeneous graphs
also imply in identical contact rates Cji = 1/k; Vi,j € IN. Then, we also know that,
since all parameters are identical, all hosts should have the same population density
N; and prevalence p; (and thus the same =N, pi) at their interior equilibrium. This
means that the size of the infected class connected to a given node i is k; times its
own density I;. Thus, for homogeneous graphs, the transmission term in 1 can be

simplified to

SiT(Z) ZC],I] = SiT(Z)Ci]' ZI] (AH.l)
] ]

= SiT(Z)CijkiI,' (AH.Z)

= S,‘T(Z)%kili (AH.3)

= SiT(Z)IZ'. (AH.4)
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Hence, replacing the transmission term AlIl.4 in 1 yields the following model:

% = DN; + vl = S; [d + IN; + () I}] (AlL5a)
dl;
= =ST@L—L[d+INi+a(z) +9], VieN (AIL5Db)

the above model describes the single-host epidemiological dynamics. The interior

equilibrium of the susceptible class S; can be found by setting the per capita quantity

% = 0 ans solving for S;, which leads to

A

. d+IN: + a(z) +
Si(Nj) = it alz) £y

T(z)

(AIL6a)

To find for the interior equilibrium of I;, we also use the per capita quantity % =
1

However, we write it evidencing that N; = S; + I;:

dl;
I-dlt =S5;t(z) — [d+1(Si+ ;) +a(z)+v] =0 (AIL6b)
1
Then, solving for I yields
18 = S(T(z)—l)—(d+oc(z)+’y). (AIL60)

l

Now, we need to solve for the overall population density N;. To do it, we can

rewrite our system in terms of overall population density and prevalence:

djl\t]i = N;[r — IN; — a(z)p;] (AIL7a)
dp; _, [dli _ dN;
dr P Ldt  Ndt

=p;[(1—p)(t(z2)N; —a(z)) —b—1], VieN (AIL7b)

the prevalence equation is a replicator equation that results from differentiating pi(t) =

Ii(t)/Ni(t) in respect to time t. We then set % = 0 and % = 0 and solve for N;
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and p;, respectively. This results in the following interior equilibrium:

Ni(pi) = F“f(z)ﬁi (AILSa)
pi= LETT “(2202 ((;)(522_ DIE VA, (AIL8b)

With A; = ©(z) [t(z)[r — a(z)]? + 2a(2)I[b + d + a(z) + 27]] + a(z)?I?. Then, replac-
ing AIL8 in the susceptible and infected equilibrium densities leads to the following

interior equilibrium for the homogeneous situations:

B(8,2) = Si(z)[t(z) = 1] l— [d+a(z) + ’Y]’ (AIL92)
sy bHdta@)1+1]+2y VA
5i(z) = 27(2) T (AIL9D)

Now, the product 7(z) ¥jc Cji is the ith rate at which an individual in class S; is
allocated to I; following an encounter with a infected individual in its infected neigh-
borhood. Our simulations shown that using 7(z) ¥jcp Cji in AIL9 leads to an approx-
imation for heterogeneous graphs (quantities 8). These approximations assumes that
the density of the neighborhoods have no differential effect and thus only depends on
graph structure. The approximations can predict equilibrium accurately under small
networks. Increasing the size of the graph, however, increases the net-effect of the

system, causing their densities to change idiosyncratically with graph structure.

Appendix III: Deriving the general condition for the

source-sink state of nodes

At the interior equilibrium, the fitness of pathogens occupying the ith node can be

written as

A A 1 A ~
Fi(z, S N;) = r(z)E Y Si— [d+IN;+ a(z) + 7] (AIIL1)
LjeN;
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Now, if we take the interior equilibrium of the single population dynamics in eq.All.6a

and replace at the fitness function, we get that the following quantity

T(Z)k— y d+IN; +a(z) +

— [d+IN; 4+ a(z) + 7] . (AIIL2)
i jeEN; T(Z) ZgG]Nj Cg] [ ( ) ]

Where ¢ € IN; stands for the nodes g that pertain to the neighborhood of node j.
Assuming that all hosts have the same parameter values implies that, when decoupled
from the contact network, they reach the exactly same interior equilibrium. This

allows us to perform the following algebra:

1 d+IN; + a(z) + v .
wWz) — |d+IN; +a(z) + 7| =
( )kl ]6;\[1 T(Z) ZgE]N]- Cg] [ 1 ( ) ]
1d+IN;+a(z) + 1 .
=T z)k— j et oo [d+IN; 4+ a(z) + 7] =
i 7(2) jeN; LgeN; Cgj
1 1

(d+lNi+DC(Z) +’)’) Z —C
jEN; delN; 8J

- 1 1
=@d+INi+aiz)+7) |- ) == 1| =
l ki jeZH;\Ii deN; Cej

- —[d+IN;+a(z) +7] =
1

=(d+IN; + a(z) +7) [M; — 1]. (ATIL3)

Where M; is an approximation of the effect of the network structure to the meta-

population (or source-sink) state of the fitness function. Its value, is:

1 1
M; = -

S (AIIL4)
ki jeN; EgeN; Cej

Appendix I'V: Relationship between the power of

preferential attachment and degree distribution

Here, we show that the power of preferential attachment decreases the variance in
node degree (figure). This happens because increasing. the power of preferential
attachment in a Barabasi-Albeirt model increases the chance of a new node make
a connection with more connected nodes. Then, increasing this power ultimately

produces a star graph in which 1 central node connects with all other nodes.
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Power of preferential attachment

Figure 4: The relationship between the variance in node degree and the power of preferential
attachment in Barabasi-Albeirt graphs. Dots are the value of node degree in different net-
works. The red line is a tendency line.
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Abstract: Foraging behavior is a specific type of organism plasticity that affects both
the ecology and evolution of consumer populations. Some evidences indicate that
increasing the diet range of consumers also increases their repertoire of foraging be-
havior. This suggests that the ability to behaviorally optimize foraging activity may
be specially relevant for polyphagous consumers (generalists). Yet, the mechanistic
connection between behavioral flexibility and the evolution of generalist consump-
tion is still obscure. In this paper, our main goal is to investigate the relationship
between flexible foraging behavior and the evolution of generalism. To do so, we ana-
lyze a modified version of the classical Lotka-Volterra consumer-resource system. The
model is composed by a consumer that must distribute its foraging effort over its two
potential resources depending on their availability and profitability. We then analyze
how foraging behavior affects the evolutionary dynamics of consumer digestibility.
We found that generalism can be both evolutionary stable and convergence stable, in-
dicating that selection may give advantage to polyphagous consumption even when
specialism confers a greater fitness. Also, our analysis indicate that generalism can
represent branching points in the fitness surface of consumers. These points of fitness
minima act as attractors even when consumers are optimal specialists. We discuss the
implications of our results for the role of behavior in evolution and how it can provide

insights on the classical idea that evolution always leads to specialization.
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Introduction

Understanding the role of plasticity in the evolutionary trajectory of populations is
at the frontiers of ecology and evolution (Miner et al. 2005, Sutherland et al. 2013).
Plasticity is the manifestation of different phenotypes depending on the interaction
between organism development and the environmental context in which development
occurs (Schlichting 1986). Plastic traits can either be neutral, reduce or increase the
rate of adaptation (Wyles et al. 1983), and also either deviate or canalize the trajecto-
ries of populations towards ecological and evolutionary attractors (Miner et al. 2005).
This inserts uncertainty to the biological system, hampering our ability to understand
and predict evolutionary dynamics. Behavioral dynamics is a class of plasticity that
is known to influence the evolution of ecological interactions (Lima & Dill 1990, Dall
et al. 2004, Chang et al. 2017). Differently from other plastic traits, however, behavioral
change is more reversible than developmental plasticity (Sih et al. 2004). Behavioral
change is rapid and is only manifested given specific environmental cues. The conse-
quence of behavioral reversibility is that they insert a greater uncertainty in the actual
repertoire of activity of a given organism then plastic traits which are based on level
of genetic expression (Duckworth 2009).

The interest in the role of individual behaviour to the evolutionary trajectory
of populations have a long history in evolutionary ecology (Bogert 1949, Dill 1983,
Arnold 1988, Wcislo 1989, Lima & Dill 1990, Dall et al. 2004, Chang et al. 2017). Since
evolution emerges from the interplay between the nature of the organism and the
nature of the conditions (Darwin & Wallace 1859), behavior is what mediates the in-
tensity of such interplay (Duckworth 2009, Chang et al. 2017). For example, the use
of a specific resource may increase the fitness of a population by promoting a set of
selective pressures that gives advantage to a certain phenotype. However, adaptation
may be hindered if individuals are not motivated to use that resource (even when the
resource is available; Parent et al. 2014). As a consequence, the fitness landscape ex-
perienced by organisms is a function of how individuals behaves and perform in their
environment. In theoretical studies, the interest on behaviors associated with foraging
activities (e.g. foraging effort, optimal give-up time, predator avoidance) produced a
repertoire of mathematical expressions as an attempt to describe behavioral flexibility

(Abrams 1982, McNair 1982, Olsson & Holmgren 2000, Kondoh 2003, McKane 2004,
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Beckerman et al. 2006). Generally speaking, these models trace behavioral distribu-
tions as a function of the payoff received for behaving in a certain manner. Together,
they form the great area optimal foraging behavior (Pyke et al. 1977). This theory
predicts that consumers will optimize their foraging effort over a given resource in
order to maximize their overall energy intake (Krivan & Sikder 1999). This theory is
considered one of the efficient theories in ecology given its simplicity and predictive
power (Marquet et al. 2014).

Foraging behavior seems to be specially relevant to species that are resource gener-
alists. This is because generalists often face a cost of being inferior competitors when
compared to specialists (Futuyma & Moreno 1988, Dall & Cuthill 1997). Then, ad-
justing their behavior may dampen the costs of generalism (Bogert 1949). Moreover,
generalist species are usually able to display a greater repertoire of behavior (Ducatez
et al. 2015, Rosati 2017, Daniels et al. 2019), indicating that such a flexibility may play
a relevant role in the evolution of generalism. For example, Komatsu et al. (2009) note
that, while specialist crickets were able to avoid host recognition, generalists could
not. However, generalists displayed alternative behaviors that circumvent the prob-
lem of being detected. This raises questions such as: is foraging behavior a cause
or a consequence of evolution? How does behavioral dynamics affects the evolution
of consumers? Some authors already explored these questions (Rueffler et al. 2007,
Overington et al. 2008, Duckworth 2009). Yet, the mechanistic foundations connecting
behavior flexibility and the evolution of generalism consumption are still unclear.

The nature of generalist strategies is a core theme in both theoretical ecology and
evolutionary theory (Jaenike & Selander 1978, Lapchin 2002, Dennis et al. 2011, Lox-
dale et al. 2016, Clarke 2018). The word ”generalism” does not describes the absolute
properties of organisms activities (e.g. niche width, fitness spaces). Rather, it describes
the range of capacities that are manifested within a given ecological dimension (e.g.
habitat, diet). Such a description must be relative with a plausible reference such as
the relative range of resource that a species of a given taxonomic group is able to use
(Leggett et al. 2013). Moreover, a consumer may be specialist in terms of resource
species but generalist in terms of resource phenology. For example, some bruchid
species are highly specialized in species of Fabaceae but may consume fruits in differ-

ent phenological phases, while others may be specialized in a given phase (Johnson



67

& Romero 2004). Here, we use the word generalism as a proxy for polyphagy.

There are two main narratives to elucidate the evolution of generalism. In the
tirst, generalism is thought to be a transient state that invariably evolves towards a
specialist strategy (Loxdale et al. 2011). This is based on the classical idea that “the
jack-of-all-trades is the master of none” (MacArthur 1972), which implies that gen-
eralists often face a fitness cost when compared to specialists. Hence, adaptation
would drive species towards resource specialization. The second narrative is that the
evolution of generalism requires temporal fluctuations in resource quality that cancel-
out the selective pressures driving the process of specialization (Lapchin 2002, Frank
2011). As a consequence, generalism would evolve not as an adaptation, but as a
by-product of multiple selective pressures acting over a given trait. Theoretically, in-
stantaneous measures of fitness (e.g. arithmetic fitness) will favor specialist strategies
whenever generalism is not a global maxima (e.g. the generalist is not a master-of-all;
Hellgren et al. 2009). In this later case, the evolution towards generalism only occurs
under long-term measures of fitness such as the geometric mean fitness (Lande et al.
2009, Starrfelt & Kokko 2012). This points out to a theoretical gap that hinders our
understanding on how generalists can evolve in relatively stable environments. Here,
we argue that behavioral decisions can serve as a mechanism to fill this gap.

In this study, our main goal is to explore the role of behavioral dynamics in the
evolution of generalist strategies. To do so, we study the ecological, behavioral, and
evolutionary stability of a mathematical model describing the interaction between a
consumer and its two resources. We use both analytical treatments and numerical
simulations to evaluate the general conditions driving the evolution of generalism.
We found that behavior can stabilize the evolution of generalist strategies in stable
environments even when the jack-of-all-trades is the master-of-none. Basically, our
results indicate that behavioral flexibility produces a dynamical fitness surface that
traps the consumer population in a generalist region. Moreover, the analytic tractabil-
ity of the model allows for insights on the role of generalist consumers to the stability
of communities. We discuss the insights provided by our analysis to the influence of

behavior in evolutionary trajectories of consumer populations.
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Models and analysis

Our analysis is based on a two-resource version of the classical Lotka-Volterra predator-
prey system (Berryman 1992). This version describes the interaction between the pop-
ulation of a consumer and its two resources. We incorporate two types of trade-off
constraining the consumer-resource interaction. The first is a behavioral trade-off
in which consumers can adjust their foraging effort over each resource in order to
maximize fitness. This adjustment occurs by accommodating the proportion of time
they spend searching for each specific resource according to its availability and prof-
itability. We assume that resources co-occur at the same environment. This means
that, while consumers spend no time changing patches to forage for the other re-
source, they only find the resource they are searching for. Biologically, this can be
interpreted as the formation of a search image, so that while foraging for a given
resource consumers are unable to find the other (Uchida et al. 2007). The second
trade-off is represented by a physiological constraint. We assume that the digestibil-
ity of each resource depends on a consumer quantitative trait. Then, the performance
of consumers in digesting a given resource depends on its trait value. Since different
resources require different trait values, it is impossible to have an optimal digestion
for both resources. In the model, whether the consumer is a generalist or a specialist
depends on how the system solves these two trade-offs. For example, the solution of
the behavioral trade-off may promote a generalist behavior, but subsequent trait evo-
lution may promote specialism. Alternately, as we will show, the behavioral trade-off
may promote a specialist behavior, but further adaptation produces generalism. Then,
we use the adaptive dynamics framework (Brannstrom et al. 2013) to evaluate how
consumer foraging behavior affects the evolution of digestibility and how this relates
with the evolution of generalists.

This section is organized as follows. First, we present the population and be-
havioral dynamics of the model together with the interpretation of its variables and
parameters. Then, we evaluate the stability of model’s interior equilibrium. Next,
we show how to find (when there is one) the generalist strategy in our model, here
themed the generalist singularity. Finally, we perform an invasion analysis to under-
stand the possibles evolutionary outcomes for a consumer population that resides in

the generalist singularity. The full R script used in the numerical simulations of this
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paper can be found in the github repository (http://github.com/pbolanhom/abeg)

The model

Population dynamics: Consider a community composed by a consumer and n = 2
resources i = 1,2, each of which with population density C, Ry and R;, respectively.
Let the foraging effort of the consumer over resource 1 be denoted by p. This foraging
effort is measured as the proportion of time spent foraging for 1 in relation to the
total foraging time (Uchida et al. 2007). This produces a linear constraint in which
the sum of the time spent foraging for each resource must equal 1. Thus, (1 — p) is
the foraging effort over resource 2 (p + (1 — p) = 1). Moreover, we assume that the
conversion efficiency of consumers differs depending on the resource it consumes.
Thus, let e; be its conversion efficiency for each resource i. Assuming that consumer’s
functional response is linear (also known as Holling type I functional response; Case

2000) with attack rate a, the system can be described by the following set of ODE's:

dC

= C[e1paRy 4 e2(1 — p)aRy, — d|, (1a)
% = Ry [r1 — IRy — Cap], (1b)
dR
cl_t2 = Ry [r — IRy — Ca(1 — p)]. (1)

Where d in 1la is the intrinsic death rate of consumers. The quantities e;paR; and
e2(1 — p)aR, are known as the numerical response of consumers (the amount of con-
sumers produced per prey consumed; Gotelli 2008). Note that these numerical re-
sponses are linear in relation to the density of each resource. Letters r; and [ in
eq.1b and eq.1c are the intrinsic growth rate and density-dependent mortality of each
resource, respectively. This means that, in absence of consumers, resources grow lo-

gistically until densities stabilizes at their carrying capacities K; = r;/1.

Behavioral dynamics: We assume that consumers can behaviorally adjust their for-
aging efforts over each of its resources depending on its profitability. We use the
replicator-based adaptive behavior framework (Uchida et al. 2007, Valdovinos et al.

2010) to describe the temporal dynamics of p. The framework describes the dynamical
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change in a given foraging effort p; as

dpi _ |9 (€N _y-, 0 (dC
ar [api (Cdt) Zplapi (Cdt)] ‘

i=1

Which, in our case, leads to the following ODE for the temporal change in p:

d
F = pafear - Ry, (1d)

Where the Greek letter T in the above equation represents the time scale of behavioral
change in relation to the population dynamics. Because behavioral change happens
much faster then population dynamics, T must be always greater than 1. Since that p

is a proportion, it is constrained between the interval 0 < p < 1.

Consumer digestibility: In order to evaluate the evolutionary dynamics of con-
sumers we need to assume an evolving trait. Thus, we assume that consumers have
a quantitative trait z that represents the digestibility of resources. To incorporate a
trade-off between the optimum digestibility for each resource, let x; and x; be the
optimum value of z for the consumption of resource i = 1 and i = 2, respectively.
Then, to incorporate these assumptions, we assume that the conversion efficiencies
(the e; quantities in eq.1a) are Gaussian functions of z with optimum values at their

respective x; values:

()

x1 —2z)2 Xy — z)2
1 2

Where the variances o7 are inversely proportional to the strength of the selective

pressures from each resource as the z value get far from their optimum values. In

other words, increasing the variances decreases the strength of selection.

The ecological stability of generalism

System 1 may reach its equilibrium at either a generalist (0 < p < 1) or a specialist

(p = 0 or p = 1) scenario. In the generalist scenario, the foraging effort p finds its
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equilibrium at

ex(erary — 1d)
616261(1’1 + 1’2) — ld(@l + 62) '

p= (3a)

Where superscript " denotes equilibrium values. The above quantity leads to the fol-

lowing equilibrium densities for consumers, resource 1 and resource 2, respectively:

rtr ld(er + ep)

C= 3b
a aeiex(r1 +12) (36)
A d
Ry = ae;’ (3c)
A d
Ry = o (3d)

We show the full derivation of eq.3 in appendix I. It is well known that the instability
of the interior equilibrium of classical predator-prey models requires a saturating
functional response (e.g. Holling type II functional response; Holling 1959, Abrams &
Matsuda 1997, Case 2000). Since that we have assumed a linear functional response we
conclude that, if feasible, the interior equilibrium of the generalist scenario is always
stable.

The feasibility of eq.3 requires the the densities of resources to stabilize bellow their
carrying capacity K; = r;/l. This condition is also valid for classical Lotka-Volterra
predator-prey model (Abrams 2000) and can be written as the inequality

. d 1

R <K; or — <

ae; [ @

As long as inequality eq.4 is true, consumers behave as generalists. This holds even
if their digestibility is at its optimal value for a specialist consumption (z = x;). This
suggests that, under the assumption of adaptive behavior, even specialist consumers
can behave as ecological generalists as long as resource density stabilizes bellow their
respective carrying capacities (Robinson & Wilson 1998).

Any parameter that reverts inequality 4 for one of the two resources causes the

consumer the behave as a specialist (p = 0 or p = 1). In such case, the interior
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equilibrium is the fixed point for the classical Lotka-Volterra system:

észﬁ[l— dl } (5a)
a e;ar;

d

S — _
Ri = 2e; (5b)
R = % — K (5¢)

Where superscript s in eq.5 denotes for the specialist scenario. Subscript i and j
denotes for the consumed and non-consumed resource, respectively. Note that the
non-consumed resource j reaches its carrying capacity K; = r;/1 and has no effect to
the population dynamics of consumers and the consumed resource i. This happens
because we assume no direct interaction between the two resources. As a conse-
quence, the non-consumed resource has effect in the community (see appendix I).
This indicates that, in our model, consumers behaving as generalists can maintain the

flow of information throughout the community.

Evolutionary dynamics

To evaluate the evolutionary dynamics of the consumer population we apply the clas-
sical Adaptive Dynamics (AD) framework (Geritz et al. 1997, Dieckmann & Doebeli
1999, Brannstrom et al. 2013). The AD is a set of analytical tools useful to study the
long-term evolution of quantitative traits. Given its analytical property, this frame-
work is adequate to study relatively simple ecological models such as model 1. The
main assumptions of the AD is that mutations are rare and evolution is slow (Lion
2017). This means that, whenever a mutant emerges in the population, the resident
population is at its ecological equilibrium. This means that there is no feedback be-
tween trait adaptation and populations dynamics. This makes no difference in our
model since that, as we will show further in the analysis, a behavioral-evolutionary
teedback loop emerges in our model. This feedback leads to exactly the same result as
if an eco-evolutionary feedback were considered. Another common assumption in AD
is that the resident population is monomorphic for a given trait value; although some
studies already have expanded the analysis for polymorphic populations (Doebeli &
Ispolatov 2010, Champagnat & Méléard 2011).
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Following Doebeli & Ispolatov (2010) and Lion (2017), the AD assumes that the
rate of change in the trait z of a monomorphic population can be described by the
following canonical equation:

dz oF
7 = M=) (6)

7=z

Where 2’ is the mutant trait, and function M(z) describes the rate of mutation. This
functions is assumed to be a scalar in 1-dimensional traits such as in our case. The
partial derivative term in the right-side of equation 6 is the gradient of selection.
This term indicates the direction, strenght and shape of natural selection acting over
the evolving population (Lehtonen 2017). Letter F within this term is the individual
fitness. The z’ = z subscript indicates that the gradient of selection is evaluated at the
point where the mutant trait is equal the resident trait. Evaluating at this point will
inform how selection acts over residents.

In order to apply the AD toolbox, one must have information of about the z value
for which the gradient of selection vanishes. This point is known as evolutionary sin-
gular points (Geritz et al. 1998). Since that we are interested in how selection behaves
when residents are generalists, we first need to understand whether our model have

an evolutionary singularity that corresponds to a generalist.

The evolutionary singularity of generalism

The first step to evaluate the evolutionary dynamics of consumer digestibility z is to
find a proper measure of individual fitness. In mean field models such as system
1, populations are assumed to be well-mixed (Morozov & Poggiale 2012). In such
case, theory predicts that fitness can be described by the per capita rate of increase
of the evolving population (McPeek 2017). Here, this leads to the following quantity

describing the individual fitness F = dC/Cdt of consumers:
F(Z/ p, R) =a [61 (Z)PRl + 32(2)(1 — P)Rz] —d. (7)

Where R = (Ry, Ry) is a vector containing the densities of resources.
We can use the fitness function 7 to evaluate the properties of natural selection

acting over individuals. These properties are described by the gradient of selection,
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which is calculated by taking the partial derivative of the population fitness in relation
to the evolving trait (Lehtonen 2017). This leads to
dF(z,p,R) (x1 —z2)

= =a pa—lzel (z)R1+ (1 —p) 2 e2(z)Ry | . (8a)

Note that conversion efficiency functions (equations 2) maintain their original form
after taking the derivatives. As a consequence, the numerical responses (quantities
e1aR; and epaR;) appears in the selection gradient eq.8a. Given the form of the behav-
ioral dynamics that we have assumed (eq.1d), we already know that e;aR; = exaR,
when system 1 reaches the ecological equilibrium at the generalist scenario (equations
3). This causes the numerical responses to cancel-out when natural selection vanishes
(the gradient of selection 8a is null) at the generalist scenario. The z value for which
the gradient of selection vanishes is known the evolutionary singular point (Geritz et al.
1998). Hence, in such a case, there is a z = z* value to which the following quantity

must be true:

L (x1 —z7%) o (2 —2%)
———+(1-p)————= =0. 8b
2z (1-p) 2 (8b)
Then, solving 8b for z* we get
hx102 4 (1 — b 2
P px10; + ( p)xzal . (8C)

po3 + (1— p)o?

z* can only be regarded as the evolutionary singularity if consumers with trait value
z = z* behaves as p(z*) = p(z). However, since that we have assumed adaptive
behavior, consumers with trait z* may behave differently. Simply replacing p(z*)
(eq.3a) in eq.8b and solving for the z* is not straightforward given the fact that p is an
exponential function of z. If, however, we replace p in eq.8c and rearrange it, we get a

function {(z):
e1(z)ex(z) [r1x107 + rax207] — 1d [e1(2)x207 + e2(2)x10%]

e1(z)ex(z) [r105 + 10?] — 1d [e1(2)0F + ex(2) 03] o

¢(z) =
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Then, we iterate
2 =27, (9b)

where the superscript ° is the iteration number and thus z° is the oth iteration of
¢. If the generalist singularity exist, a sufficient large ° will lead to the following

convergence:
0 (P
z — Z". (9C)

Where z? is the fixed point of the iteration and is also the generalist singularity. We
call {(z) the behavioral update function, which represents a behavioral-evolutionary
feedback loop. Since that it does not depends on population densities, it indicates
that an eco-evolutionary model would lead to the same result as iterating this func-
tion. This means that, in the model analyzed here, foraging behavior obscures eco-
evolutionary feedback loops.

The existence of the fixed point z# indicates whether adaptive behavior promotes
the evolution of specialists or generalists when generalism is ecological stable (0 <
p < 1 and system 1 interior equilibrium is described by equations 3). Figure 1 shows
both cases. In 1a) the fixed point z# does not exists and thus the feedback between
trait adaptation and behavioral dynamics drives the consumer population towards
specialization. In such a situation, there is no generalist trait to which natural selection
vanishes. In 1b), on the other hand, z? exists and thus the feedback promotes the
evolution of generalism. Panel 1b) bottom row suggests that adaptive evolution may
drive the population towards the generalist singularity even when consumers are

initially optimal specialists for resource i = 1 (z = x; = —1).
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Figure 1: The role of adaptive behavior in the evolution of consumer digestibility. Red and
black curves represent the fitness surface of consumers (the parametric curve [z, F(z, R)]) be-
fore and after iterating the behavior update function {(z°). The vertical dashed line stands
for the z value that generated the red curve: a generalist trait (z = 0) in top row and for a
specialist trait (z = x7) in the bottom row. In a) x; = —1.5 and z? is not the fixed point of
{(z°) thus evolution leads to specialism (marked by the triagules). In b) x; = 1 and z? is the
fixed point and thus adaptation promotes generalism (marked by the dots). Initial conditions:
C =05 R =1 Ry =1, p=05 Common parameter values are: x, =1,a =1,d = 04,
r1 :1’2:1,0'1 :0.8,0’2:1,120.25,1':2.

The existence of z#, however, does not indicates whether a resident population that
is monomorphic for generalism is evolutionary stable. To understand this, z# must
be uninvadable by rare phenotypes with trait value near z#. Next, we perform an

invasion analysis to access this information.

Invasion analysis

The invasion analysis is part of the Adaptive Dynamics framework (Brannstrom et al.
2013). The goal of this analysis is to evaluate whether or not a resident population that
is monomorphic for a given trait z can be invadable by a rare mutant with a trait value
z' (we use primes to indicate the mutant trait). First part of the analysis is to derive

the invasion fitness function, which is the fitness of the rare mutant trying to invade



77

the resident population. Assuming that rare mutants emerge after the ecological and
behavioral system reaches its interior equilibrium, we write the following expression

for the invasion fitness:

A

Fl(z,7') = e1(Z)p(z)aR1(z) + ex(z)[1 — p(z)]aRy(z) — d. (10)

Note that, in the invasion fitness F(z,z’), the foraging effort is is a function of the
resident trait. This is because we focus in understanding if there is another trait value
that can increase the population fitness for a given foraging effort. Assuming that
p(z") would obscure the evolutionary stability of the resident behavior.

The natural selection experienced by rare mutants can be captured by the gradient
of selection, which is the first derivative of the invasion fitness in relation to the

mutant trait z’:

0F(z, 7 . x1—2' . . Xy — 7' R
Zlaz) _, [;a(z)%a ORi) + (1 - p) 2 @) | 1a)
z o3 s
Which, evaluated at the generalist singularity (z = z?) yields
0F (z,2') _d | e(z?)(ea(zP)ary —1d)[(x1 — 2%)03 — (x2 — 2%)07] o g
02 |yaee 03 | Ger(Z)ea(zP)alry +12) —ld(er(2F) +ex(27))] '
(11b)

The conditions for the generalist trait z# to be an an evolutionary stable strategy
(ESS) requires that the second derivative of the invasion fitness AlIl.1b with respect to
the mutant trait and evaluated at the singular point to be negative:

0°F(z,7)

=5 <0, (12a)

zl=z=29

Even if the generalist is evolutionary stable, it does not means that near trajectories
converge towards it. There is, if selection gives advantage to phenotypes that are near
z#. To understand if generalism is a convergent stable strategy (CSS), the following
condition must be true:

02F(z,7) . 0°F(z,7)

0z0z' 0z'2 <0 (12b)

zl=z=29 2! =z=2z9
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In the appendix II, we show the calculations necessary to evaluate the above condi-
tions.

If both conditions in eq.12 are met, then z? is both and ESS and a CSS. This in-
dicates that the population moves along its fitness surfaces towards the generalist
strategy and, once there, remains there. If, on the other hand, z% is a CSS but not an
ESS, the population escalates the surface towards z? but, once there, the population
can be invaded by near mutants and then departs from generalism. This phenomena
is known as evolutionary branching points (Geritz et al. 1997).

Figure 2 shows these possible evolutionary outcomes depending on the strenght
of selection ¢Z and 03. The top row of figure 2 shows the pairwise invasibility plots
(PIP’s), which are the classical numerical simulations for AD (Brannstrom et al. 2013).
PIP’s shows the trait space for which residents can be invaded by mutants. Black
regions demarks the area to which the resident is invadable. The bottom row of these
tigures shows the respective evolutionary outcomes from the perspective of fitness
surfaces. If selection is weak (e.g. ¢ = 01 = 02 = 1.1), generalism is both convergent
and evolutionary stable (figure 2a). Increasing the strength of selection (decreasing
o), generalism becomes evolutionary unstable but is still convergence stable, produc-
ing evolutionary branching points in figure 1b). If, however, selection is too strong
(e.g. o = 0.91), even the condition for the CSS 12b is reversed. In such such a case,
generalism is an evolutionary repellor (figure 1c). This means that, although the be-
havior update function (z°) converges to the singularity, a resident population that
is monomorphic for z# will not stay there if near mutants arrive. However, the fact
that the singularity exists indicates that adaptive behavior causes repellors to act as
branching points in our model. This is because the repellor point is formed after the

population reaches that point, similar to the dynamics of branching points.
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Figure 2: Evolutionary outcomes depending on the resident trait value. Top row how the
pairwise invasibility plots (PIP’s). The dark regions are the parameter space in which the
resident population can be invaded by rare mutants. The vertical dashed lines in the PIP’s
shows the generalist singularity. The bottom row shows the fitness surfaces. Dashed curves
are the fitness surfaces generated by residents that are not at the generalist singularity and
solid curve is the surface promoted by the generalist singularity. Black dots are z values that
are evolutionary stable, while white dots are not. Dots over the curves are the z values that
generated each curve. Black and white dots stands for values that are evolutionary stable and
unstable, respectively. The value of the points are: A:-1.5; B:-1; C:-0.5; D:0; E:0.5; F:1; G:1.5.
Blue regions show the trait space that generates a specialist singularity. Blue and black arrows
shows the direction of evolution for specialists and generalists, respectively. (712 = (722 = ¢?in
all panels. a) z? is both an ESS and a CSS (¢ = 1.1); b) z? is a CSS but not a ESS, forming
branching points (62 = 0.93); c) z? is neither an ESS nor a CSS, forming a repellor (02 = 0.91).
Initial conditions: C = 0.5, Ry = 1, R, = 1, p = 0.5. Parameter values are: x; = —1, xo =1,
a=1,d=04,r=r=1,1=0257=2.

The bottom row of figure2 shows the fitness surfaces produced by consumers with
different trait values (the dots over the lines). Note that, if the trait value is not z = z?
(the central filled dot marked by letter D), the surface produced indicates that the
population is not at the peak. This means that selection would push the population in
the direction of increasing its fitness. However, consumers adopt alternative foraging
efforts p depending on their trait value. Then, optimal foraging effort inserts a dy-
namical property to the fitness surface, dampening its slope. Such a dampening effect

continues until the population reaches the generalist singularity. This however, only
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occurs if the singularity exists (the update function converges). If the population have
a trait value withing the blue region, foraging optimization would lead to specializa-
tion. As a consequence, the singularity would occur at the specialist phenotypes. Due
to this dynamical property, evolutionary trajectories converges towards the singular-
ity (if it exists) even when they are repellors. This means that, in our model, repellors

may function as evolutionary branchings.

Discussion

We have studied the role of behavioral dynamics to the ecological and evolutionary
stability of generalism (polyphagy). In the model, generalism can be ecologically sta-
ble even when consumers are optimal specialists (z = x;). This depends on whether
the optimal specialist falls within the region for which system trajectories are attracted
by the generalist interior equilibrium. This suggests that, depending on system pa-
rameters, specialists can behave as ecological generalists. The counter-intuitive idea
that phenotypic specialists can behave as generalists is not new. While studying the
diet composition of cichlid fishes, Liem (1980) noticed individuals with morphologi-
cal features that are compatible with specialist consumption still incorporates a wide
variety of other items in their diet. This lack of congruence between trait specializa-
tion and foraging behavior was known as the 'Liem’s paradox’ (Liem 1990, Binning
et al. 2009). Robinson & Wilson (1998) proposed a solution to this paradox by ar-
guing that specialists may benefit of non-optimal resources that are ”easy to use”,
and thus behave as generalists in certain circumstances. Such an explanation can be
evoked as an interpretation of our results. In our model, as the phenotype-specialist
consumer depletes its preferred resource, the relative abundance of the non-preferred
resource increases. In well-mixed models such the one analyzed here, shifts in rela-
tive abundances can be interpreted as shifts in encounter rates (Morozov & Poggiale
2012). Hence, an increase in the abundance of non-preferred resource also increases
the chance that consumers encounter them. Consumers then increase their overall
energy intake by balancing their foraging behavior towards a generalist consump-
tion strategy. This suggests that optimal specialists may behave as generalists when

opportunity is presented (increase in relative abundance) and the payoff is worthy
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(net-effect energy intake).

In addition to the ecological stability of generalists, we have demonstrated that
generalism can be also an evolutionary attractor even for phenotypic specialists. Mainly,
this relates to the dynamical nature of the fitness surface when adaptive behavior is
considered. As natural selection drives the population towards the fitness peak, be-
havioral dynamics accommodates consumer foraging effort to the availability and
profitability of each resource. Such an accommodation weakens selection. This weak-
ening continues until the consumer population finds itself in the evolutionary sin-
gularity of generalism (z%). In a sense, this process is similar to the one described
in the seminal paper of Abrams et al. (1993). The paper points out how frequency-
dependent selection (FDS) promotes a dynamical surface that traps the population in
a region of fitness minima. FDS occurs whenever individual fitness depends on the
frequency composition of genotype/phenotype within the current population (Ayala
& Campbell 1974, Rueftler et al. 2006, Brisson 2018). As stated in Abrams et al. (1993),
FDS “reverses the direction of increasing fithess” whenever the population is not at
the stable minima. Here, adaptive behavior functions in a similar way. Behavior
causes a rapid change in the fitness surface so that the direction of fitness increase
reverts after the population passes through the generalism singularity. Worth note
that, here, generalism may be either a fitness minima (z¢ is a branching point or a
repellor) or a fitness maxima. It is, however, always a master-of-none when compared
to specialists. This, associated with the fact that generalism attracts trajectories even
when consumers are optimal specialists, suggests that adaptive behavior can promote
the evolution in the specialism—:generalism direction.

The dynamism of fitness surfaces promoted by foraging behavior indicates that be-
havior can be view as both a cause and a consequence of trait evolution. At one hand,
the fitness surface experienced by consumers is shaped by the environmental context,
which is generated by its current behavior. This produces a set of selective pressures
that gives selective advantage to phenotypes that increase individual fitness. This
means that behavior plays a causal role in evolution. On the other hand, consumers’
with different trait values behave differently. Thus, as the population moves across
the fitness surface, different behaviors may be displayed. In this perspective, behav-

ior is a consequence of trait evolution. This is similar to the behavioral-environment
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teedback loop proposed by Duckworth (2009). In such a feedback, individual be-
havior is a consequence of the environment. In turn environment is modified due
to a given behavioral pattern. The new environment, then, may require alternative
behaviors, closing the feedback loop. It is worthy noting that, although changes in
trait due to evolution may also represent shifts in environment (Baalen & Huneman
2014), changes in environment does not necessarily drive evolution (Pfennig 2021).
As we have shown, the Gaussian function that we have chosen vanishes with the
effect of population dynamics in the singularity. This singularity is the same as if
an eco-evolutionary feedback loop were considered, suggesting the occurrence of an
evo-behavioral feedback loop. In this sense, an evo-behavioral feedback loop is more
accurate to describe the role of behavioral in the evolutionary dynamics of our model.
This type of feedback is evident in the behavioral update function of our model.

A core conundrum about the role of behavior is whether it promotes or stagnates
evolution (Duckworth 2009). In our model, this can be evaluated by iterating the
behavior update function (z°). At one hand, if z% is not the fixed point of {(z°),
our analysis shown that behavioral dynamics leads to resource specialization. On the
other hand, situations in which z? is the fixed point implies that natural selection van-
ishes for the generalist trait value. Hence, behavior promotes evolution if the initial z
is a specialist and the generalism singularity exists, or if the initial z is a generalist and
the singularity does not exist. Conversely, behavior stagnates evolution if the initial z
is a specialist and the singularity does not exist, or if the initial z is a generalist and
the singularity exists. In a study, Huey et al. (2003) observed that thermogulatory be-
havior is likely to hinder physiological adaptations in Anolis cristatellus lizards. They
themed the phenomena the “Bogert effect” after Charles Bogert, which started the
discussion on the inhibitory role of behavior in evolution (Bogert 1949). Likely in our
model, the Bogert effect is mainly discussed as the outcome of the interplay between
physiological traits and behavioral dynamics, but it can be extended to morphologi-
cal properties (Mufioz 2022). The main idea is that behavior buffers the evolving trait
against the selective pressures. In our model, this is represented by the dynamism of
the fitness landscape that is promoted by foraging behavior. In the case of a general-
ist that is evolving towards a specialism, this dynamism stagnates consumers in the

generalism singularity.
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The fact that adaptive behavior allows the existence of singularities that corre-
sponds to generalism implies that, at this point, polyphagous consumers experience
no natural selection in despite of the fact that specialism promotes a higher fitness
values (the jack-of-all-trades is a master-of-none). If selection is relatively weak, the
generalism singularity can be both convergence and evolutionarily stable. In such
cases, a consumer population that is monomorphic for the generalist singularity can-
not be invaded by any other alternative strategy that maintains the ecological stability
of generalists (z? cannot be invaded by any other z’ for which criteria eq.4 is main-
tained). Conversely, Rueffler et al. (2007) found that selective behavior (polyphagous
foraging) always leads to specialization. However, this results is a consequence of the
non-stable polyphagous behavior of their model. This is not the case in our model
since that selective behavior is stable under asymmetrical consumption. This is a prop-
erty of the adaptive behavior framework that we used in association with the coupled
consumer-resource equations. As explained in Uchida et al. (2007), a generalist be-
havior can only be achieved in asymmetrical cases (p # 0.5) if resource dynamics
is coupled with consumer dynamics (as oppose to constant resource availability). In
another study, Peacor et al. (2006) found that plasticity may increase the evolutionary
stability of residents. This indicates that plasticity may dampen natural selection. Al-
though behavioral dynamics is a special case of plasticity (see Duckworth 2009), they
are analogous mechanisms in our model.

Detecting evolutionary branching in simple ecological models is one of the core
advantages of the adaptive dynamics framework (Geritz et al. 1997, Dieckmann &
Doebeli 1999). Branching points are not only trait values for which phenotypic diver-
gence occurs, but they are also evolutionary attractors. This means directional selec-
tion drives trait adaptation towards the singularity and, once the population reaches
it, selection becomes disruptive and pushes the population away from the singularity
(Waxman & Gavrilets 2005). Here, we have shown that generalism may represent evo-
lutionary branching points under moderate selection. This happens when generalism
is convergence stable (condition 12b is met) but not evolutionarily stable (condition
12a is reversed). As we already discussed, behavior dynamics can promote evolution
in the specialism — generalism direction. However, if generalism is a branching

point, the direction may be reversed (generalism — specialism direction). A simi-
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lar phenomena is described by Janz & Nylin (2008) as the oscillation hypothesis. This
hypothesis proposes a mechanisms for the diversification of phytophagous insects
(and further applied to pathogens; Brooks et al. 2019) that is based on the continuous
expansion (generalist strategies) and contraction (specialist strategies) of their host-
ranges. Given the fact that geographical expansion is a core element in the oscillation
hypothesis, it is probably more appropriate for processes of parapatric speciation
(although it can be also evoked to explain sympatry). The process of evolutionary
branching such as the suggested in our model, is often related to sympatric specia-
tion (Waxman & Gavrilets 2005). If, nonetheless, we replace the geographic expansion
of the oscillation hypothesis by behavioral change, both processes may become very
similar. But whether adaptive behavior can generate resource range oscillations must
be evaluated by implementing a few model extensions, which we discuss bellow.
From our analysis, we already know that generalism is a CSS (z% is convergence
stable) when the population is monomorphic for specialism. In order to understand
whether oscillations of the type specialism<+—generalism indeed arise in our model,
one must evaluate whether the disruptive selection that occurs at the branching point
drives the population towards the specialist phenotype (z = x;). If so, this would indi-
cate that evolutionary branching leads the population to the initial point (specialism),
and then, as we have shown, is again attracted towards generalism, closing the oscil-
lation dynamics (Dennis et al. 2011). The theory of Adaptive Dynamics (AD) (Abrams
2005) is an analytical framework that relies on several simplifying assumptions (e.g.
mutations are rare, evolution is slow, populations are monomorphic). For this reason,
evaluating the dynamical outcome of the predictions provided by the AD must usu-
ally be verified with numerical simulations of analogous models. To this end, one may
need to either incorporate a mutation rate so that the population can evolve by small
mutational steps. This can be either incorporated in the current model (Lion 2017), or
by building an analogous model with individual based models (Doebeli & Ispolatov
2010). Another possibility is to write a replicator-based polymorphic version of our
model. This would incorporate shifts in the composition of a polymorphic population
without the necessity of mutation events (Cressman et al. 2017, Lion 2017). Then, it
would be possible to numerically analyze the evolution of consumers by tracking the

change in the frequency composition. An oscillation may emerge if the frequency of
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specialist and generalist phenotypes shifts in cyclic dynamics.

Searching for absolute reasons to call an organism a generalist will undoubtedly
lead to claims against the existence of such a strategy. Claims such as “evolution
always leads to specialism” (Loxdale & Harvey 2023) are misleading for at least two
reasons. The first is that adaptation is not evolution and natural selection is only one
of the forces driving evolutionary changes (Lande 1976). Hence, even if adaptation is
considered synonym of specialization there is no reason to believe that specialization
is the inevitable outcome of long-term evolution. Second, natural selection vanishes
for any population residing at the evolutionary singularity, this serves for both spe-
cialists and generalists. As we have shown, adaptive behavior plays a relevant role
in generating these singularities. Given the fact that behavioral change occurs much
faster then evolutionary dynamics, behavior accommodations can dampen (and even
vanish) with the selective pressures over adaptive traits. We are aware of the sim-
plicity of our model an thus our conclusions must be interpreted with cautiousness.
More complex environments may indeed hinder the stability of generalism. Yet, evo-
lutionary singularities may appear in the generalist region whenever behavioral opti-
mization generates a dynamical fitness surface. That is not to say that generalism is
as common in nature as specialism. Rather, we argue that generalism can be an adap-
tation that is both evolutionarily and convergence stable, and it does not necessarily
depends on environmental fluctuations. In fact, it may only require resource diversity

and behavioral accommodation, two factors that are relatively ubiquitous in nature.
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Appendix I

Let fi(t) = R;(t)/(¥X}_1 Ri(t)) be the frequency of resource i in the community pool
of resources. Then, by the chain rule from calculus, one can easily show that the

temporal dynamics of f; is described by the following replicator type equations:

dfi . |dR; &, dR;
o L R;dt ;flRidt
i n
= fl i — ZRI — Zfl (7’1' - ZRI) (AIla)
L i
Then, at the point where df;/ f;dt = 0, the f; is
Yz fi(rj — IR;)
fi=1- IR, . (AL1b)

Now, if we replace R;j=K; = rj/ [ in the above, it can be shown that f; = 1. There is,
the relative abundance of i is unity in despite of the fact that j is not extinct. However,
since that j has no effect on either 7 or in the specialist consumer, it becomes isolated
from the rest of the community.

This indicates that consumers behaving as generalists can maintain the flow of
information throughout the interacting species within the community. This is clear in
the fact that, if consumers behave as generalists, the actual frequency of each resource
can be calculated by replacing Ry = fR and Ry = (1 — f)R, setting equation 1d to zero

and solving for f, which leads to the following quantity for the interior equilibrium
of f:

€2
e1+er

f= (AL2)

Then, replacing Ry = fR and R, = (1 — f)R in the consumer dynamics (eq. la),

setting it to zero and solving for the overall resource dynamics R leads to

d
erfp+ea(l—f)(1—p)]

RU£P) = o1 (AL3)
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Next, we set eq. 1b to zero and solve for C:

_n—IRf

o (AL4)

C(R, f.p)

To find the p = p for which the consumers behave as generalist we first write the
temporal dynamics of the overall density of resources R = R; + Rp considering that
Ry = fR:

IR _dRy dRy
dt dt dt
=R[F—IR(fP+0-f?) =Cal(fp+(1-p)a-f)]. (AL

Where 7 = Y ! fir; = fr1 + (1 — f)rp. Then, solving AL5 for p yields
i g Py

1 r —IR(f, )P+ (A -£) _ (1— f)} (AL6)

Ia(R/C'f):f_ﬂ_f) aC(R, f,p)

Now, we do the following: (1) replace f in R(f,p), 2) R(f,p) and f in C(R, f, p),
and (3) plugin them all in p(R,C, f) leads to

e_n + 172 [1 _ ld(er +e) } ’ (AL7a)
a aeiex(r1 +12)
Ry = i, (AL7Db)
aeq
R, = i. (AL7c¢)
aen
p= ex(erary — 1d) (AL7d)

erepa(ry +ry) —ld(eg +e3)

Which is the interior equilibrium of the generalist behavior.

Appendix II

Assuming population homogeneity allows us to describe individual fitness by the

per capita rate of increase of the consumer dynamics. Thus, the fitness of resident
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consumers is given by

dcC

F(Z,p,R) = @

=e1(z)paRy + ex(z)(1 — p)aRy, — d (AlL1a)

Then, assuming that rare mutants emerge after the ecological and behavioral system
reaches its interior equilibrium, we write the following expression for the invasion

titness:
F(z,7) = e1(Z)p(z)aRy(z) + ex(2')[1 — p(z)]aRy(z) — d. (AIL1b)

The natural selection experienced by rare mutants can be captured by the gradient of

selection, which is the first derivative of the invasion fitness in relation to the mutant

trait z':
0F(z,7' . x1— 2 . . Xy — 2/ R
LEACLYSY [p(z)%m i) + (1 pe) 2 s Rale) | (A120)
z o3 o3
Which, evaluated at the generalist singularity (z = z?) yields
0F (z,7') _d | e(z?)(ea(zP)ary —1d)[(x1 — 2%)03 — (x2 — 2%)07] P
02 |yl 03| Rler(@ea(za(ry +12) — ld(er(29) +e2(z9)] 0 |
(AIL2b)

Now, to evaluate the curvature of the invasion fitness surface we calculate the second

derivative of the invasion fitness with respect to the mutant trait:

2 2 2
0z o3 0y

0> F(z,2") N PPN (2R (2) [ (x1 —2')? B B er(2)Ry(2) [ (x0 —2')?
L E) — g | plz) L) +[1-p(2)]
(ATL3a)

Which, again, evaluated at the generalist singularity (z = z?) leads to

92 F(z,7')
0z'2

1 1 )

(AIL3b)

B R

_1)].
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The last quantity we need to evaluate relates to the criteria for the CSS. That is:

PF(z,7) _ | =2 9 [Rip] | (x2— Z) 0 [Ra(1—p)]
029z’ (712 19z 03 2 0z

(AlL4a)

Where the partial derivatives within the brackets of the above can be calculated by

the product rule from calculus, yielding:

N (z—xp)e (z—xq)e
d [Rlla] _ d61 (Z - Xl) dl + (dl€1 - 111’1) _ dl (dlel - arl) < (7222 ‘o (7121 1>
0z a(dl(ey+e)—1y—11) o? (dl (ex+e1) — 12 —11) (z — x1)
(AIL4Db)
and
0 [Ra(1—p)] dea(z— x2) [dl + (dley — 12+ (a — 1) 1y)
oz - a [ 0,22 (dl (62 + 61) iy — 7’1) (AllL4c)
dl (dley —rp + (a—1)r1) ((Z_;f)gz - (Z_(le)gl>
- > i } (AIL4d)
(dl(ea+e1) —1ra—11)" (2 — x2)
Lastly, one need to evaluate at the point
0°F(z,7')
0z0z' P (AH4€)
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5 CONSIDERACOES FINAIS

Nesta tese, formalizamos alguns argumentos relativos a evolugdo da gama de
recursos dos consumidores. De forma geral, esses argumentos estao relacionados
a como ocorre a diversificagao do consumo sem mudangas aparentes no ambiente.
Como discutimos durante os capitulos, isso tem algumas implica¢des interessantes
para o surgimento de surtos de doencas. Na natureza, essas emergéncias podem
ser percebidas como inesperadas quando interpretadas sem considerar alguns dos
mecanismos que investigamos.

No capitulo |, nosso principal argumento € que mudancas na composi¢cao de
cepas dentro de uma populacédo de patégenos nao requerem mudancgas nas condi-
¢bes ambientais nem a ocorréncia de novas mutagdes. Em vez disso, eles podem ser
conduzidos pela dindmica interna dos patégenos (por exemplo, interagdes intrapopu-
lacionais). Assumindo que diferentes cepas podem ter diferentes capacidades para
explorar hospedeiros alternativos, mudangas na composigdo produzem eventos de
expansao e retragdo de sua gama de hospedeiros. Nesse sentido, mostramos que,
quando a dinamica interna é regida por uma dinamica de jogo evolutivo, a composicao
de cepas sofre oscilagdes que podem ser estaveis (ciclos limites) ou instaveis (ciclos
heteroclinicos). De qualquer forma, essas oscilagdes ndo podem ser previstas pelo
monitoramento da prevaléncia da doenca em populacdes de hospedeiros reservatorios.
Em vez disso, deve-se dar atencéo a diversidade e composicao de patégenos a fim de
entender se suas frequéncias estao seguindo algum tipo de oscilacdo deterministica.
Ao monitorar esse tipo de informacao, surtos causados por eventos de transborda-
mento de patégenos podem ser antecipados e contidos. Além disso, 0 modelo que
desenvolvemos também faz parte da inovacao deste capitulo. Nosso modelo aceita
qualquer tipo de dindmica de jogo entre cepas de patdgenos. A dindmica do jogo
pode ser facilmente descrita por uma rede de interagdao. Além disso, incorporamos
um parametro fenomenoldgico que descreve se a superinfec¢ao é letal, resulta em
exclusdo competitiva ou em coinfeccdo. Como mostramos, o resultado da superinfeccao
desempenha um papel relevante na geracao das oscilagcdes e, portanto, na evolugao
da gama de hospedeiros do patégeno.

No capitulo I, propomos 0 que chamamos de hipétese das taxas de contato
heretogéneo (HCR). Essa hipdtese afirma que, isoladamente, a HCR é suficiente para
diversificar o meio seletivo vivenciado pelos patégenos. Entdo, dada a heterogeneidade
natural das redes de contato do mundo real, a diversificacao de patégenos pela se-
lecdo natural pode ser considerada a regra, e nao a excecao. O Unico requisito para
a hipétese da HCR é que os patdégenos apresentam trade-offs de histéria de vida.
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De acordo com nossas expectativas, nossas simulagdes indicam que o aumento da
heterogeneidade de contato também aumenta a variabilidade de meios seletivos entre
as populacdes hospedeiras. Este efeito ndo requer variabilidade em nenhum outro
parametro do hospedeiro. Isto €, mesmo que os hospedeiros sejam clones idénticos e
fornecam exatamente o0 mesmo microambiente, a diversificagdo ainda ocorre. O princi-
pal mecanismo subjacente a este fendmeno € a variabilidade na oportunidade ecoldgica
promovida pela HCR. Ainda neste capitulo, mostramos que um padrao epidemiol6gico
fonte-dreno emerge da estrutura da rede de contatos. Esta propriedade emergente
tem implicagOes para a gestdo de surtos de doengas e programas de vacinagao em
todas as paisagens. Outra sugestao interessante do nosso modelo € que as pressdes
seletivas locais que promovem a diversificagdo sao o resultado da estrutura da rede.
Isso significa que a adaptacao local pode ndo ser impulsionada por pressées que atuam
localmente, mas sim como uma propriedade emergente de toda uma paisagem.

No capitulo I, nosso principal argumento € que a dindmica comportamental
promove a estabilidade evolutiva do generalismo (polifagia). Como mostramos por meio
de modelos matematicos, o comportamento do consumidor produz uma superficie de
aptidao dinamica que aprisiona a populagcdo em uma regiao que favorece a evolugao do
generalismo. Isso indica que os generalistas podem evoluir como resultado da selegéo
natural em ambientes estaveis. Isso vai contra as perspectivas anteriores de que a
evolucao generalista requer flutuagdes ambientais, ou sédo apenas estados transitérios
que invariavelmente evoluem para a especializagdo. Em nosso modelo, isso nao ocorre,
pois, em certas circunstancias, os especialistas étimos evoluem para o generalismo. De
um modo geral, este capitulo enfatiza que a selecao natural pode expandir o repertério
de recursos dos consumidores mesmo quando isso significa uma reducao na aptidao
geral. Isso parece contraditério, mas explicamos que as decisdes comportamentais
produzem uma superficie de aptidao diferente daquela que prevemos sem considerar o
comportamento.

Para concluir, esta tese aponta como os organismos podem lidar com sua luta
pela existéncia aproveitando a oportunidade ecoldgica. Isso ndo quer dizer que eles
parem de lutar. Em vez disso, sugere que a persisténcia depende da manifestacao
de capacidades ocultas. Por esta razdo, compreender que os repertérios de recursos
sao maiores do que os observados e que as superficies/paisagens de fitness sao
intrinsecamente dindmicas é crucial para prever trajetérias evolutivas e seus resultados.
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