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Thesis Abstract

Hosts, their collection of commensal and pathogenic microbes, and the environment are all
interlinked in a disease pyramid. Their interactions contribute to host fitness, particularly
relevant in the context of a changing world. Climate change is leading to higher average
temperatures as well as shifting the global distribution of infectious diseases, posing great
risk to wildlife, ecosystem biodiversity, and human health. Host microbiomes are
increasingly regarded as conferring extended phenotypes, potentially buffering host
organisms against abiotic and biotic stressors. In this thesis, | combine meta-analytical and
experimental approaches to explore the impact of warming temperatures and infection on
ecological dynamics (i.e., microbiomes, infection disease outcomes) and evolutionary
dynamics (i.e., host gene-based resistance). Firstly, | used a meta-analytic approach to
investigate whether and how experimental temperatures altered host microbiome
structures, across a wide range of host species. | found that experimental warming and
cooling drove microbiome diversity loss, with the magnitude affected more by host habitat
and experimental protocols, rather than host biological traits. | then extended this work to
empirically include a biotic factor — pathogen infection — to investigate changes in
Caenorhabditis elegans microbiome composition. | revealed that warming and infection
could destabilize microbiome communities within hosts, but their effects were not additive.
Focusing more on the impact of warming to host-pathogen interactions, | subsequently
used a meta-analytic approach to tackle the relationship between warming and disease
outcomes across ectothermic animals. | found that experimental warming drove higher
mortality of infected hosts, with larger temperature increases associated with more host
deaths. The magnitude of these effects varied by pathogen taxonomy and their evolutionary
history within the host. Lastly, | zoomed out to empirically capture the possible host
evolutionary paths for resistance to pathogens due to warming. | competed two C. elegans
genotypes (susceptible wild-type vs. resistant mutant) across 10 host generations, varying

in pathogen presence and the timing of warming during their development. | detected a loss

Vi



of genetic-based resistance under periodic warming despite infection. | revealed that such
host evolutionary trajectories could be driven by the combination of fitness constraints on
genetic-based resistance, temperature-mediated host protection, infection severity, as well
as the dilution of pathogen cells by resistant hosts. Work in this thesis is a timely contribution
to our understanding of the diversity of consequences of warming to host-microbe
interactions across the mutualist-parasite continuum. Biologists seeking to refine
predictions of biodiversity amidst climate change should strongly consider the relationships

of animals with their resident and attacking microbes.
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Chapter 1

Introduction



Introduction

1.1 Host-microbe interactions

Virtually all plants and animals are ubiquitously associated with microorganisms (Overstreet
& Lotz 2016). These microorganisms can be bacteria, archaea, virus, and fungi, with
bacteria being the most abundant taxonomic group and mostly studied (Gonzalez & Elena
2021). Microbial associations, or ‘symbiosis’, can be harmful, beneficial, or neutral to the
host organism, with rapid transitions possible across the mutualist-parasite continuum

(Drew et al. 2021).

Mutualisms can occur when microbial symbionts engage in mutually beneficial relationships
with their host. Microbial mutualists can play essential roles in host biology (Su et al. 2013).
Historically, research on mutualistic relationships has focused on the interactions between
hosts and their individual symbionts (Moran et al. 2008; Werren et al. 2008). However, this
view has been broadened in recent years as symbiotic microbes can exist within a
community harboured by the host, called the microbiome (Blaser 2014). Microbiomes can
feed on host nutrients, and play important roles in host nutrient absorption, energy harvest,
immunity, and defence against pathogen infection (Clemente et al. 2012; Nicholson et al.
2012; Marchesi et al. 2016). Moreover, host microbiomes can impact host physiology and
adaptation abilities (Alberdi et al. 2016; Kohl & Carey 2016; Fontaine & Kohl 2020). A
general change in microbiome compositions in response to perturbations can sometimes
be described as a state of “imbalance” or “dysbiosis”, indicating negative effects on host
health (Hooks & O'Malley 2017). However, there is no robust association between
unhealthy host conditions and microbial variations, nor has “dysbiotic” microbiota been

clearly defined (Hooks & O'Malley 2017; Olesen & Alm 2016).

Microbial associations can also be harmful for the host. Pathogens (or parasites) can exploit
host resources to cause harm. Some pathogens cause mild symptoms in their hosts, such

as Equine herpesvirus type 1, which normally give horses mild to moderate respiratory



disease and a fever (Goehring et al. 2005). By contrast, other pathogens, such as the
fungus Batrachochytrium dendrobatids, can cause chytridiomycosis in amphibians. This
disease is thought to be a major player in global declines and extinctions of amphibian
populations (Voyles et al. 2009, Wilber et al. 2017). Furthermore, the same pathogen can
have highly variable effects on different hosts. The fungus, Batrachochytrium dendrobatids,
kills some frog species within weeks, but only has mild negative effects on others (Skerratt

et al. 2007).

The fitness outcome of host-microbe associations is not necessarily fixed. Host-
associated microbes can shift along a mutualistic-parasitic continuum in ecological or
evolutionary time, as the relative benefits and costs change (Drew et al. 2021). Abiotic
factors, such as temperature (Baker et al. 2018), carbon and nitrogen availability (Hom &
Murray 2014), and biotic factors, such as species interactions within the community (Oliver
et al. 2003; Bates et al. 2021), can drive these transitions. For example, a parasitic microbe
can shift from parasitic to mildly helpful and protective during coinfections with a more
virulent pathogen (Kieran et al. 2021). Microbes can also rapidly adapt to their biotic and
abiotic environments, fueling movements along the continuum (Sachs et al. 2011; King et

al. 2016; Gibson et al. 2015).

1.2 The effect of temperature on host and microbes

Climate change is increasing average global temperatures and leading to more extreme
thermal events. Temperature, as a crucial abiotic environmental factor affecting all levels
of biology, directly or indirectly impacts the physiology and life-history for all organisms
(Lagerspetz 1987). At an individual level, an organism's response to changes in body
temperatures can depend on its thermal tolerance curves, which consisted of several key
parameters, including the critical thermal maximum, minimum and optimum - the upper,
lower and optimal temperatures at which it cannot function (Chown et al. 2010; Hoffmann

et al. 2003; Huey et al. 2012). Thus, organism performance increases with temperature to



an optimum and declines after reaching the thermal maximum (Chown et al. 2010;
Kingsolver & Buckley 2017). Typically for multicellular ectothermic species, these curves
are often used to assess their vulnerability to climate warming, as warming directly changes
their body temperatures, influencing their physiological sensitivity and fithess (Huey et al.
2012). The difference between ectotherm’s thermal maximum and the temperature it
regularly experiences is defined as heat safety margins (Sunday et al. 2014). Heat safety
margins often increase with latitude (Deutsch et al. 2008). Ectothermic hosts from tropical
areas are thought to have relatively narrow heat safety margins, implying their higher
vulnerability to climate warming than their temperate counterparts (Deutsch et al. 2008;
Hoffmann et al. 2012; Huey et al. 2009; Pinsky et al. 2019). Endothermic hosts can maintain
constant body temperature mainly by physiological adjustment under diverse
environmental conditions, under warming they may alter physiological functions such as
increasing evaporative cooling (Boyles et al. 2011). As sessile organisms, plant hosts can
modify their metabolism in response to temperature rise, given that most plants cannot

regulate heat production (Zhu et al. 2023; Guihur et al. 2022).

Microbes are highly sensitive to temperatures. Temperature can influence bacterial motility,
exotoxin production, nutrient acquisition, and host attachment (Lam et al. 2014).
Temperature also directly mediates pathogen virulence and transmission (Blanford et al.
2003; Laine 2007; Vale and Little 2009; Kimes et al. 2012). For example, higher water
temperatures can enhance the virulence of the coral pathogen Vibrio coralliilyticus by
upregulating the expression of virulence factors (Kimes et al. 2012). For complex microbial
communities, the effect of temperature can be mediated by altered physiology of individual
microbes, and/or microbe-microbe interactions within the community (Burman &
Bengtsson-Palme 2021). For host microbiomes, the effect of temperature can be indirect
and through altered host-microbe interactions (Hague et al. 2022). It has been shown that,
across a wide range of host species, experimental temperature change can disturb host

microbiome compositions and decrease microbiome diversity (Li et al. 2023).



1.3 The disease pyramid

The disease outcome induced by pathogen infection can depend on the dynamic
interactions between the host, the pathogen, and the environment (Stevens et al. 1960;
Snieszko 1974; Allen & Little 2011; Agha 2018; Wolinska & King 2009). Outcome of such
dynamic tripartite interactions is illustrated by a “disease triangle” (Stevens et al. 1960). The
disease triangle was initially formalized in plant systems (Stevens et al. 1960) and is also
useful for understanding the disease dynamics in animal hosts amidst climate change
(Bernardo-Cravo et al. 2020). Periods of extreme heat can suppress components of animal
host immunity, facilitating the occurrence of infections (Moriyama & Ichinohe 2019; Regnier
et al. 1981; Lecchi et al. 2016; Lacetera et al. 2005). Pathogen infection can reduce host
thermal maxima, by causing host stress and disrupting homeostasis (Hector et al. 2023).
Host and pathogens can differ in their abilities to acclimate or adapt to thermal changes.
Pathogens often have shorter generation times and faster metabolisms than hosts. They
might thus adapt more rapidly to temperature shifts than their hosts. This discrepancy might

increase pathogen growth within hosts and worsen infection outcomes (Gillooly et al. 2001).

Accumulating evidence has shown that microbiomes could mediate host tolerance to
extreme temperatures, across a diversity of animal species (Chevalier et al. 2015; Hector
et al. 2022; Moghadam et al. 2018). Specifically, microbiomes are associated with improved
host thermal tolerance, potentially aiding host adaptation to warmer environments
(Moghadam et al. 2018; Posadas et al. 2022; Fontaine et al. 2022 Ziegler et al. 2017). The
microbiome can also influence disease outcomes. Microbiomes can interact directly with
infecting pathogens (i.e. resource competition or interference competition), or modulate
host immunity and defense responses (Kamada et al. 2012; Louca et al. 2016; Gonzalez &
Elena 2021). Conversely, the host microbiome might enhance pathogen infection and
worsen disease severity, through modifying within-host environment and/or cross-feeding
the invading pathogens (Stevens et al. 2021). As the microbiome is considered part of the

extended phenotype of host defenses, it is now incorporated into the three-edged disease
5



triangle, making it a four-edged disease pyramid (Figure 1) (Bernardo-Cravo et al. 2020).
Current climate-induced changes in species interactions are highlighting a timely need for
the application of the disease pyramid. This disease pyramid enables the investigation of
interactions among the host, host microbiomes, pathogen and the external environment (i.e.
temperature). In sections below, | will introduce and illustrate the multi-way interactions

shown by the disease pyramid (Figure 1).

Environment

Pathogen

Q

Host microbiome

Figure 1. The disease pyramid, adapted from Bernardo-Cravo et al. 2020. The disease pyramid
shows that the interactions among host, host microbiomes, pathogen and the environment
together contribute to disease outcomes.

1.4 The role of temperature in structuring host microbiomes

Host microbiomes can be shaped by a diversity of abiotic environmental factors, such as
nutrient availability, chemicals, and temperatures (Wang et al. 2018; Messyasz et al. 2021;
Li et al. 2023; Zaneveld et al. 2016). For example, nutrient enrichment can increase both
coral microbiome richness and community variations (Messyasz et al. 2021). The effects of
temperature on microbiomes and the resulting fitness impacts on host have been tested
more widely, given its close relevance to species persistence under climate change

(Fontaine et al. 2022; Li et al. 2023).



Temperature stress can induce disturbance to microbiome structures or loss of microbiome
diversity (Hylander & Repasky, 2019; Sepulveda & Moeller, 2020), which can be associated
with diminished host health (Doering et al. 2021; Jaramillo & Castafieda, 2021). One study
showed that experimentally depleting diversity in the tadpole gut microbiome—through
environmental water sterilization—reduced tadpole acute thermal tolerance to both heat
and cold (Fontaine et al. 2022). Another has revealed that microbiome transplantation from
heat-tolerant Drosophila melanogaster to recipient flies could confer heat tolerance
(Moghadam et al. 2018). In corals, higher abundances of particular bacterial taxa have been
correlated with host fithess during short-term heat waves (Hartman et al. 2019; Ziegler et
al. 2017). Microbiomes thus might be important for host thermal tolerance, and disruption
of those microbiomes induced by thermal change can affect host key functions (Doering et

al. 2021; Jaramillo & Castarneda, 2021).

As hosts and their microbiomes are constantly interacting (Foster et al. 2017), microbiome
changes under different temperatures can also be mediated by host-related factors (Kers
et al. 2018; Woodhams et al. 2020; Etemadi et al. 2018). Several hypotheses can be
developed. The thermal safety margins of ectotherms are shaped by their adapted thermal
environments (Hector et al. 2020; Kelly et al. 2012; Yampolsky et al. 2014), which may
affect the microbiome changes. Thus, ectotherms from tropical areas may be more stressed
and have more disrupted microbiomes under climate warming, given their relatively narrow
heat safety margins (Deutsch et al. 2008; Hoffmann et al. 2012; Huey et al. 2009; Pinsky
et al. 2019). Microbiome colonization site might affect the relative impact of temperature on
microbiome structures. Compared with host internal microbiomes, external microbiomes
(i.e. skin microbiomes) directly interact with external temperatures and might be more
influenced by environments (Woodhams et al. 2020). The extent to which microbiomes
change in response to temperatures are impacted by variable host and environmental
factors may be important for predicting host performance under global change, which |

tackle in Chapter 2.



1.5 The impact of temperature on host-pathogen interactions

Infectious diseases are affected by climate warming and increasingly regarded as great
risks to human and wildlife (Altizer et al. 2013, Cavicchioli et al. 2019). Infection outcomes
in any host-pathogen systems might be associated with fithess changes in both partners,
under rising temperatures. Such fitness changes likely depend on their thermal tolerance
(Chown et al. 2010; Kingsolver & Buckley 2017). A mismatch in host and pathogen thermal
optima can change infection outcomes, such that cold-adapted pathogens might be less
harmful in a hot-adapted host at higher temperatures (Cohen et al. 2017; Cohen et al. 2020).
This situation could facilitate host jumping and worsening disease as pathogens expand
their ranges under climate change (Roberts et al. 2018). Shifting global temperatures are
changing the geographic distribution of both host and pathogens (Jones et al. 2008; Liang
& Gong 2017), generating novel transmission opportunities (Roberts et al. 2018).
Pathogens may expand or contract their host ranges, under changing global temperatures
(Roberts et al. 2018). Transmission for a pathogen to become established in a new host
species can lead to intensified disease outbreaks. For example, some of the deadly human
pathogens including Ebola virus and SARS coronavirus, have been linked to the host switch
from wild animal reservoirs to humans (Leroy et al. 2014; Pimentel et al. 2020; Villordo et

al. 2015; Musso et al. 2014; Caminade et al. 2014; Tsetsarkin et al. 2011).

The infection outcomes and host persistence under changing temperatures can also
depend on host resistance to pathogens. Resistance is broadly defined as host ability to
suppress or eliminate the invading pathogens, including defenses such as physical barriers,
behavioural avoidance, or rapid immune responses (Raberg et al. 2009). Within host
populations in nature, individuals can vary in their resistance to infection (Thrall & Burdon
2000; Altermatt & Ebert 2008; Thrall et al. 2012; Laine 2004). Resistance is under continual
selection by pathogens due to reduced relative fitness of infected individuals (Anderson &
May 1982). Thus, resistance is not a fixed trait for host populations, instead it is constantly

evolving, eventually impacting species outlook under infectious diseases and the changing
8



environments (Bérénos et al. 2009; Duffy & Sivars-Becker 2007). Virulent pathogens can
strongly select for resistance, but fixation of resistance in host populations rarely happens
in nature (Allen et al. 2004; Laine 2004). The persistence of susceptible hosts in the
presence of pathogens can be explained by multiple mechanisms, such as loss of
resistance due to selection against costly resistance (Koskella 2018). Genetic-based
resistance commonly carries fithess cost (i.e. reduced fecundity), compared with
susceptible individuals in the absence of infection (Sheldon & Verhulst 1996, Kraaijeveld &

Godfray 1997).

Host resistance can be shaped by both biotic and abiotic factors. Biotic factors such as
previous microbial exposure or infection history are shown to impact host resistance to
secondary infection, through regulation of host immunity (Salgame et al. 2013; Desai et al.
2021; Mabbott 2018). Abiotic factors such as nutrition, can affect host resistance, such as
that acute food deprivation prior infection can reduce resistance of American Robin (Turdus
migratorius) to West Nile virus (Owen et al. 2021). Temperature, which shapes host
physiological and immune responses, can impact host resistance to infection (Angilletta
2009; Elliot et al. 2002; Mitchell et al. 2005; Vale et al. 2008; Garbutt et al. 2014; Manzi et
al. 2019). Warming can change the body temperatures of ectothermic hosts, influencing
their physiological sensitivity and fitness (Huey et al. 2012; Deutsch et al. 2008), rendering
them more susceptible to infections (Ben-Horin et al. 2013). For endothermic hosts that can
maintain constant body temperatures under different conditions, under warming they may
need to invest more energy in maintaining their internal temperature, thus investing less in
anti-pathogen defenses (Rohr et al. 2013). Conversely, infection has also been shown to
interfere with host responses to thermal stress (Sherman 2008; Bates et al. 2011;
Linderman et al. 2012; Greenspan et al. 2017; Gehman et al. 2018), reducing host fitness

under these dual stressors.



Temperatures experienced during host development can cue plastic responses in
resistance. In C. elegans, early-stage heat stress confers resistance to infection later in life,
likely due to heat stress activating the heat shock protein transcription and production, part
of the host multi-pathogen defense pathways (Singh & Aballay, 2006; Prithika et al. 2016).
The protective effect of early-stage heat exposure has been found in other host organisms,
from broiler chickens to plants (Liew et al. 2003; Janda et al. 2019; Lee et al. 2012). For C.
elegans, inheritable multigenerational plasticity has also been established (Moore et al.
2019; Palominos et al. 2017; Burton et al. 2020; Wibisono & Sun, 2023; Legue et al. 2022;
Baugh & Day, 2020). It was shown that previous pathogen exposure could lead to acquired
pathogen avoidance behaviour and resistance, which transmitted across nematode
generations (Baugh & Day, 2020; Ghildiyal & Zamore, 2009; Fire et al. 1998). Such
nongenetic inheritance was via histone modifications and small non-coding RNA regulation
in progeny gene expression (Ghildiyal & Zamore, 2009; Fire et al. 1998). It is however not
clear whether warming could induce inheritable epigenetic phenotypic change to infection
(Baugh & Day, 2020). It is largely unclear how infection outcomes and the evolutionary
dynamics of host resistance will be shaped by warming which | tackle in Chapter 4 and

Chapter 5.

1.6 The impact of pathogen infection on host microbiomes

When evading the host, pathogens are also interacting with the colonised microbiome
(Pallen 2011). Host microbiomes generally confer protection against pathogen infection.
Such microbiome-mediated protection has been widely found across multiple host species,
through mechanisms such as resource competition (Kamada et al. 2012; Louca & Doebeli
2016; King et al. 2016) and modulation of host immune responses (Rooks & Garrett 2016;
Brown et al. 2013). However, these benefits might decrease when the microbiome directly
or indirectly facilitate pathogen infection and worsen disease severity (Broderick et al. 2006;
Wei et al. 2017). For example, the pathogen might benefit from exploiting the metabolites

produced by the microbiomes (Roman & Wagner 2018).
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Reduced host fitness induced by infection can correlate with perturbation in the
microbiomes, causing transition of beneficial or commensal microbes to become harmful to
the host (Broderick et al. 2006; Wei et al. 2017). In humans, infection-induced perturbation
of gut microbiomes has been associated with chronic diseases ranging from gastrointestinal
inflammatory to respiratory illnesses (Sun & Jia, 2018; Durack & Lynch, 2019). Changes in
microbiome structure as a result are increasingly recognized as meaningful indicators to
altered host health under infection (Jani & Briggs 2014; Muletz-Wolz et al. 2019; Hill et al.

2012; Duvallet et al. 2017).

Pathogen infection can alter microbiome diversity, with the direction of change varying
across species and context (Gaulke et al. 2019; VI¢kova et al. 2018; Leung et al. 2018;
Chang et al. 2008; Muletz-Wolz et al. 2019). For example, Clostridioides difficile infection
in the human gut can decrease microbiome diversity (Chang et al. 2008), so is infection of
Batrachochytrium dendrobatidis on red-backed salamanders (Plethodon) skin microbiomes
(Muletz-Wolz et al. 2019), while Mycobacterium tuberculosis or helminth infection has the
opposite effect on human gut microbiomes (Maji et al. 2018; Luo et al. 2017; Lee et al.
2014). Increased microbiome alpha diversity under infection is hypothesized to be caused
by an altered gut immune environment with prominent inflammation (Gaulke et al. 2019;
Lee et al. 2014; Broadhurst et al. 2012). Apart from altering host microbiome diversity,
pathogen infection can also disrupt microbiome compositions and destabilize the
community, through direct interactions with individual microbiomes or induced inflammation
within host (Borton et al. 2017; Ma 2020). Destabilization can be characterized by increased
interindividual variability in microbiome compositions, termed dispersion. Such a pattern
normally indicates a loss of or lowered host ability to regulate community composition under
stressful conditions (Zaneveld et al. 2017; Ma 2020; Lesser et al. 2016). It has been

established in human and animal gut microbiomes that dispersed microbiome compositions
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are more likely to occur in infected individuals than healthy individuals (Ma 2020; Lesser et

al. 2016; Dey et al. 2013; Giongo et al. 2011).

1.7 Temperature X infection effects on host microbiomes

Stressors, biotic or abiotic, can be temporally and spatially variable in nature, but also occur
simultaneously. Under current climate change, the pressures of temperature extremes,
pollution and overexploitation can have cumulative effects to devastate biodiversity
(Butchart et al. 2010; Barnosky et al. 2011). The cumulative effects of multiple stressors
can be magnified by synergistic interactions, accelerating biodiversity loss (Coté et al. 2016;

Brook et al. 2006).

Similarly, hosts and their microbiomes are often faced with multiple stressors. For example,
marine invertebrates-associated microbiomes are under global stressors such as climate
warming and local stressors such as pollution or overfishing (Lesser et al. 2016; McDevitt-
Irwin et al. 2017; Zaneveld et al. 2016; Wang et al. 2018). Only a few studies empirically
tested the individual and combined effects of multiple stressors on host microbiomes.
Previous studies showed that the effects of multiple stressors (i.e. nutrient pollution
(Zaneveld et al. 2016), simulated predation (Maher et al. 2019), overfishing (Zaneveld et al.
2016) and warming (Maher et al. 2019)) on coral tissue loss/mortality or microbiomes acted
in a non-additive or ‘opposing’, rather than a synergistic or additive fashion (Zaneveld et al.
2016; Maher et al. 2019). Non-additive effects of infection and temperatures have also been
observed in studies on skin microbiomes of red-backed salamanders (Plethodon) (Muletz-

Wolz et al. 2019) and hemolymph microbiomes of Pacific oysters (Lokmer & Wegner 2015).

Animals are constantly faced with the dual threat of climate change-induced warming and
infectious diseases, with warming also interacting with infection to shape host fithess
consequences (Lafferty & Mordecai 2016). As host microbiomes play important roles in
both host thermal tolerance (Jaramillo & Castafieda 2021; Doering et al. 2021) and

pathogen resistance (Stevens et al. 2021; King et al. 2016), they might be critical in
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mediating host responses to multiple stressors (Fontaine et al. 2022). Changes in the
dynamics and composition of host microbiomes under warming and infection might thus be
meaningful indicators for predicting host persistence under climate change and outbreaks
(Jani & Briggs 2014; Ribas et al. 2023; Astudillo-Garcia et al. 2019). | investigate the extent

to which warming and infection interact to shape host microbiomes in Chapter 3.

1.8 Experimental system

In this thesis, | conducted experimental work using the model host organism Caenorhabditis
elegans and its natural pathogen Leucobacter musarum sp. nov. subsp. musarum subsp.
nov strain CBX152T (L. musarum). The host microbiome | used was CeMbio community.

Each component in this experimental system is elaborated in sections below.

1.8.1 Caenorhabditis elegans as a model animal host

Caenorhabditis elegans is a free-living nematode species that is normally found in soils or
rotting compost (Kurz & Ewbank 2000). The nematodes are simultaneous hermaphrodites
capable of self-fertilization, and only <0.2% of the progeny are males under lab conditions
(Hodgkin & Doniach 1997). This trait enables easy maintenance of homogenous lines of C.
elegans hermaphrodites in lab. The nematode has rapid life cycle, composed of six distinct
stages (Figure 2, egg, L1-L4 larve stages, and adult), which occurs in around 3.5 days at

20°C (Brenner 1974; Hope 1999).
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Figure 2. Caenorhabditis elegans life cycle. C. elegans hermaphrodite develop from eggs to adults
producing their own fertilized eggs in approx. 3 days at 22°C (wormbook.org). The first larval stage
(L1) can arrest their development if insufficient food is available and enter into a stress-resistant
larval stage known as the dauer stage (Golden and Riddle 1984). With sufficient food (normally
Escherichia coli strain OP50), L1 nematode then goes through 3 more larval stages (L2, L3 and
L4) each lasting around 8-12 hours before becoming an adult. Adults can live for several weeks.
In the figure, 0 hours represents fertilization, and the blue numbers correspond to the duration of
each developmental stage. The body length of nematode is noted in brackets. The image is taken
from wormatlas.org.

Wild nematodes eat bacteria in their natural environments (Schulenburg & Félix 2017).
Under lab conditions, C. elegans are typically fed E. coli strain OP50 bacteria on Nematode
Growth Media (NGM) petri dish, which has a well-established recipe (wormbook.org). The
gut of C. elegans can be colonized by a wide variety of microbial species, which affect host
life history traits, making it a good animal host for studying host-microbiome interactions
(Clark & Hodgkin 2014; Kumar et al. 2020). C. elegans can be infected by several species
of pathogens, which are mostly culturable and easily maintained in lab (Schulenburg & Félix
2017). Naturally associated bacterial pathogens can either infect host by cuticle attachment
and rectal invasion such as Leucobacter spp (Hodgkin et al. 2013), or colonization of the
gut lumen such as Pseudomonas aeruginosa (Tan & Ausubel 2000) and Bacillus
thuringiensis (Schulte et al. 2011). Host intestinal damage can occur from gut accumulation
of pathogenic bacteria, which excreted toxin producing spores (Schulenburg & Félix 2017;
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Kurz et al. 2003) and expressed virulence factors (Tan & Ausubel 2000), eventually kill the
nematode host. Fungal pathogens such as Drechmeria and Harposporium can infect C.
elegans by ingested spores or hyphae adherence to host cuticle (Engelmann et al. 2011).
Moreover, viruses such as Orsay virus (Félix et al. 2011), and microsporidia, Nematocida
patrisii, can infect C. elegans by injecting DNA or RNA through the intestinal cells resulting
in loss of host gut structure (Balla et al. 2015). Numerous C. elegans mutants with mutations
in surface-affecting genes were shown to be resistant to various bacterial pathogens
(O'Rourke D et al. 2023). For example, the N2-mutant srf-2 (CB6850 = ccls4251 srf-
2(yj262)), which has altered surface glycosylation, is resistant to M. nematophilum and L.

musarum.

Caenorhabditis elegans has been extensively used to study host-pathogen interactions and
the evolutionary dynamics with opportunistic pathogens, such as Staphylococcus aureus
(Ford et al. 2017) and Enterococcus faecalis (Ford et al. 2016) in lab experiments. The
mechanisms of C. elegans immune or cellular responses under pathogen attack, have
provided useful insights into immune functions of more complex animals, which are
otherwise difficult to measure (Schulenburg et al. 2004; Gray & Cutter 2014). Such
experiments are normally carried out on the canonical lab strain N2, but there are over 150
different wild strain isotypes and genetic mutants, archived by the Caenorhabditis Genetics
Center (CGC). The wild nematode strains are collected globally and thus adapted to

different environmental conditions.

Temperature, in particular, can impact C. elegans fitness (Aprison & Ruvinsky 2014) and
evolution (Hoang et al. 2021), as well as their susceptibility to pathogens (Zhou et al. 2019).
Nematodes are normally reared at 15-20°C. N2 worms are heat-stressed at 25°C and
above with reduced fecundity (Gouvéa et al. 2015). When temperature increases to 27°C,
nematode fertility drops dramatically which makes long-term maintenance becomes

impossible (Petrella 2014; Begasse et al. 2015). Temperatures within the 15-25°C
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cultivation range also have major effects on worm developmental time or longevity (Xiao et
al. 2013; Klass 1977). For example, N2 worms completes the life cycle in around 5 days at
15°C, whereas at 25°C worm has faster development and compete life cycle in around 2.5
days. Similarly, compared to worms maintained at 20°C, the mean life span of C. elegans
extends by 60% at 16°C or shortens by 50% at 24°C (Klass 1977). Moreover, temperature’s
effect on worm longevity can depend on worm lifestage under exposure (Zhang et al. 2015).
For example, nematode exposure to low temperatures 15°C during adult stage prolongs
lifespan whereas low temperatures at the larval stage reduces lifespan, compared to
standard cultivation temperature 20°C (Zhang et al. 2015). Besides lab N2 strain, some
other wild C. elegans have been isolated from tropical areas where the maximum annual
mean temperature can reach up to 25°C, which may enable different climatic adaptability
of these isolates (Andersen et al. 2012). Together, this host animal will enable us to
investigate the impact of warming, infection, and host background on host microbiome

assembly, using controlled lab experiments.

1.8.2 Worm microbiome

In nature, Caenorhabditis elegans nematodes feed on bacteria which proliferate on
decaying organic matter. The interactions of wild C. elegans with associated microbiomes
were characterized for the first time in 2016 (Berg et al. 2016; Dirksen et al. 2016; Samuel
et al. 2016). These studies showed that bacterial taxa such as Enterobacteriaceae,
Pseudomonaceae, Xanthomonodaceae (in Gammaproteobacteria) and
Sphingobacteriaceae, Weeksellaceae, Flavobacteriaceae (in Bacteroidetes) dominated
associated microbiome communities of C. elegans. Rare taxa like Acetobacteriaceae were
also consistently found. C. elegans microbiota have been shown to enhance host growth
and resistance to both abiotic and biotic stressors including temperatures, osmotic stress
and pathogen infection (Dirksen et al. 2016; Samuel et al. 2016). Moreover, the microbiome
composition can impact C. elegans population sizes in natural habitats (Samuel et al. 2016).

For example, communities rich in Alphaproteobacteria (e.g. several Acetobacteriaceae)
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can promote C. elegans population growth, while Bacteroidetes or pathogenic bacteria
were associated with non-proliferating nematode populations (Samuel et al. 2016). Thus,
the associated microbiome community is likely a key determent of C. elegans life history,

impacting a variety of nematode physiological and adaptation functions.

A community of 12 bacterial isolates found naturally associated with C. elegans has been
assembled (CeMbio kit) (Dirksen et al. 2020). The CeMbio community is a simplified core
microbiome derived from a previous meta-analysis on wild C. elegans (Zhang et al. 2017),
based on data from the three studies (Berg et al. 2016; Dirksen et al. 2016; Samuel et al.
2016). Each CeMbio species is readily culturable, with its full genome sequenced (Dirksen
et al. 2020). These species can colonize the worm gut individually or comprise a robust
community during host development and potentially affect nematode life-history (Dirksen et
al. 2020). No pathogenicity was observed for any of the CeMbio strains. Exposure to the
CeMbio community has been shown to accelerate C. elegans development, compared with
the food OP50. Whether or how the CeMbio community could impact host resistance to

pathogen infection has not been tested explicitly.

1.8.3 Pathogen — Leucobacter musarum

The gram-positive bacterium, L. musarum sp. nov. subsp. musarum subsp. nov strain
CBX152" (Verde2), is a natural pathogen isolated from wild Caenorhabditis collected on
rotting banana trunks, on the island of San Antao, Cape Verde (Republic of Cape Verde)
(Hodgkin et al. 2013; Clark & Hodgkin 2015). The genus Leucobacter consists of 25 gram-
positive, rod-shaped bacterial species. Species in this genus have been isolated from
diverse environments including the bovine rumen, phyllosphere and nematodes (Bates &
King 2021). Leucobacter species are globally distributed spanning free-living and host-
associated niches. When associated with hosts, Leucobacter spp. can be parasitic or
commensal (Bates et al. 2021). For example, L. musarum and another species, L. celer

CBX151" (Verde1), both cause mortality to nematodes, whereas Verde1 infection could
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also confer protection for host against Verde2 (Hodgkin et al. 2013; Bates et al. 2021). A
recent experimental evolution study also showed that the interactions between these two
Leucobacter species and C. elegans can shape host resistance evolutionary trajectory to

infection (Bates et al. 2021).

Parasitic Leucobacter spp. can exhibit different levels of virulence in C. elegans hosts
(Hodgkin et al. 2013; Clark & Hodgkin 2015; Bates & King 2021). Leucobacter musarum is
particularly virulent. It causes lethal rectal infections in C. elegans, by inducing vacuole
formation in host body cavity and subsequent lysis of internal structures (Hodgkin et al.
2013). The virulence of this pathogen species can vary across abiotic factors, such as
moisture of substrates and temperatures. Whilst in liquid environments, the pathogen is not
harmful, at higher temperatures (25°C) on solid media, L. musarum causes the highest
level of mortality exhibited (Hodgkin et al. 2013). It kills most young adult worms exposed
within 36h at this temperature (Hodgkin et al. 2013). Alteration in C. elegans surface
glycosylation (in srf-2 knock-out) can confer resistance to this bacterial pathogen (O'Rourke

et al. 2023).

1.9 Thesis outline

In this thesis, | will develop on above themes. Specifically:

In Chapter 2, | investigate the general effects of experimental warming and cooling on host
microbiomes. | analysed 16S sequencing data from published studies across a diversity of
host species and regions. As a result, | find decrease in host microbiome phylogenetic
diversity and alteration of microbiome compositions under both experimental warming and
cooling. | show that the host habitat and experimental factors affected microbiome changes
more than host biological traits. The extent to which microbiome respond to changing
temperatures impacted by different factors can help predict persistence of variable host

species under climate warming.
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I then extend work in Chapter 2, by including a biotic factor — pathogen infection, to address
the effects of warming and infection dual stressors on host microbiomes. In Chapter 3, |
took an experimental approach to investigate the alteration of host microbiomes under
warming and infection. | included several wild C. elegans isolates spanning a range of
latitudes, upon warming and infection treatments. | find that host microbiome diversity
decreases, and dispersion increases over time, with the former more prominent in
uninfected hosts and the latter more so during infection. | further reveal that infection and
warming during infection, individually increased microbiome dispersion, indicating
destabilized microbial communities under stressors. However, exposing infected hosts to
warm temperatures does not have an additive destabilizing effect on their microbiomes,
indicating the two stressors interacting in a non-additive way. Investigation on the
interactive effects of abiotic and biotic factors on microbiomes sheds light on animal

performance amidst climate change and epidemics.

In Chapter 4, | continue to focus on temperature, but solely on host-microbial pathogen
relationships. Using a meta-analytical approach, | find broad evidence that experimentally
increased temperatures drove higher pathogen-induced host mortality. Though the
magnitude of these effects is not impacted by host life-stage or immune complexity, and
consistent across variable experimental protocols, it is affected by pathogen type and host-
pathogen evolutionary history. | show that the severity of established bacterial infection
might be exacerbated the most by warming. Together, | suggest that global warming could
cause excess deaths in infected animal populations, but with the effects differing by

pathogen type.

Given our finding that higher temperatures can lead to more harmful infection outcomes, |
test the selective impacts of warming on the evolution of host resistance to infection in
Chapter 5. | experimentally passaged susceptible and resistance lines of C. elegans

nematodes and tracked their frequencies across different warming and infection regimes. |
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find that warming during host development, then continuing into maturity during infection
selected for genetic-based host resistance. Periodic warming within host lifetime drove the
loss of genetic-based resistance, despite pathogen presence. Moreover, warming during
host development resulted in plastic temperature-mediated protection which weakened the
selection for more costly genetic-based resistance, upon cooling to ambient levels. These
findings improve our understanding of the evolutionary implications for patterns of infection

and host persistence, during global temperature change.

Finally, in Chapter 6, | summarise the main findings from Chapters 2-5. | discuss the wider
implications of investigating the impacts of biotic and abiotic factors on host microbiomes,
as well as host persistence amidst climate change and epidemics. | conclude by suggesting

future research directions.
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Chapter 2:

Experimental temperatures shape host
microbiome diversity and composition

This Chapter has been published in Global Change Biology.
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Abstract

Global climate change has led to an increase in extreme thermal events. Plants and animals
harbour diverse microbial communities which may be vital for their physiological
performance and help them survive stressful climatic conditions. The extent to which
microbiome communities change in response to warming or cooling may be important for
predicting host performance under global change. Using a meta-analysis of 1377
microbiomes from 43 terrestrial and aquatic species, we found a decrease in ASV-level
microbiome phylogenetic diversity and alteration of microbiome composition under both
experimental warming and cooling. Microbiome beta dispersion was not affected by
temperature changes. We showed that host habitat and experimental factors affected
microbiome diversity and composition more than host biological traits. In particular, aquatic
organisms — especially in marine habitats — experienced a greater depletion in microbiome
diversity under cold conditions, compared with terrestrial hosts. Exposure involving a
sudden long and static temperature shift was associated with microbiome diversity loss, but
this reduction was attenuated by prior-experimental lab acclimation or when a ramped
regime (i.e., warming) was used. Microbial differential abundance and co-occurrence
network analyses revealed several potential indicator bacterial classes for hosts in heated
environments and on different biome levels. Overall, our findings improve our
understanding on the impact of global temperature changes on animal and plant
microbiome structures across a diversity of habitats. The next step is to link these changes
to measures of host fitness, as well as microbial community functions, to determine whether

microbiomes can buffer some species against a more thermally-variable and extreme world.

Keywords: Global warming, host microbiome, temperature, species persistence, thermal

tolerance, microbiome disturbance, meta-analysis

23



Introduction

Managing the impacts of climate change is one of the biggest challenges of the 21% century.
Climate change has led to an increase in extreme thermal events, from heat waves to cold
shaps, causing population decline and local extinction of animals and plants (Maxwell et al.,
2019). Extreme heat and cold have consequences across all levels of biology, including
physiology (Guschina and Harwood 2006; Beker et al., 2018), behaviour (Taylor et al., 2021;
Sformo et al., 2009), reproduction (Hansen 2009; Tong et al., 2018), and evolution
(Chakravarti and van Oppen 2018; Mesas et al., 2021; Sinclair et al., 2003). Moreover, an
organism’s response to temperature can depend on their thermal tolerance limits, which is
quantified by the upper and lower temperatures at which they cannot function (Hoffmann et

al., 2003, Chown et al., 2010; Huey et al., 2012).

A role for the microbiome in the ability of animals to tolerate extreme temperatures is
emerging across a diversity of species (Hector et al., 2022; Moghadam et al., 2018;
Chevalier et al., 2015). Host microbiomes are important for host physiological functions and
overall health, and many studies show that disturbance or loss of microbiome diversity can
be associated with diminished host health (Mohajer et al., 2018). A recent study found that
experimentally depleting diversity in the tadpole gut microbiome — through environmental
water sterilization — reduced tadpole acute thermal tolerance to both heat and cold
(Fontaine et al., 2022). Another found that microbiome transplantation from heat-tolerant
Drosophila melanogaster to recipient flies could confer heat tolerance (Moghadam et al.,
2018). Moreover, in corals, the abundances of particular bacterial taxa have been
correlated with host fithess during short-term heat waves (Hartman et al., 2019; Ziegler et
al., 2017). Microbiomes seem to be important for host thermal tolerance, and disruption of
those microbiomes induced by thermal change can affect host key functions (Jaramillo and

Castafieda 2021; Doering et al., 2021).
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Environmental temperatures can directly cause changes in a host’s microbiome structure
(eg., Hylander & Repasky 2019; Sepulveda & Moeller 2020), but whether general changes
in microbiome composition then feed-back into mediating host thermal responses remains
unclear. Given host and resident microbes are likely constantly interacting (Foster et al.,
2017), perhaps differences in microbiome structure at different temperatures are driven by
both host biological and environmental factors (Woodhams et al., 2020; Kers et al., 2018).
The strength of these respective factors may vary. For example, it has been shown that
hosts with adaptive immune systems have higher microbiome diversity than hosts with only
innate immunity (Woodhams et al., 2020), suggesting different levels of host control over
the microbiome in the two groups. Microbiome site may additionally affect the relative
impact of environmental temperature as a structuring force. Compared with host internal
microbiomes, external microbiomes directly interact with environmental temperatures and
are therefore less influenced by host factors (Woodhams et al., 2020). Host biology and
environment, not only have separate impacts, but may also interact to shape the
microbiome. The ambient temperature and thermal variation can affect the adaptive thermal
tolerance of organisms (Kelly et al., 2012; Yampolsky et al., 2014; Hector et al., 2020).
Hosts from tropical areas may be more stressed under climate change (Hoffmann et al.,
2012; Pinsky et al., 2019; Deutsch et al., 2008; Huey et al., 2009; Sunday et al., 2014;
Janzen 1967; Stevens 1989, Scholander et al., 1950), given their relatively narrow thermal
safety margins (the difference between a species’ maximum tolerance to heat and its
current regularly experienced temperature as defined in Sunday et al., 2014). Consequently,
they will have more disrupted microbiomes at thermal extremes. Similarly, marine
ectotherms have smaller thermal safety margins than terrestrial ectotherms (Pinsky et al.,
2019), potentially leaving them more susceptible to disturbed microbiomes under thermal

changes.

Using a formal meta-analysis, we assessed how experimental warming and cooling altered

the diversity, composition, and stability of host microbiomes and the generality of their
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effects. We searched the published literature for experimental studies and established a
standardized metabarcoding analysis pipeline to re-analyze the sequencing data to assess
the degree to which host microbiome diversity and composition change across thermal
regimes. With the associated metadata, we tested whether host biological traits,
environmental variables, and experimental approaches were associated with host
microbiome responses to temperature change. We hypothesized that experimental
warming and cooling would be associated with a decrease in host microbiome diversity and
stability, thereby indicating a disturbed community in a stressful environment (Zaneveld et
al., 2017). We additionally tested the moderating effects of host thermal buffer capacity (i.e.,
endothermic vs. ectothermic, aquatic vs. terrestrial), thermal characteristics of host habitat,
as well as experimental opportunity for host and microbiome acclimation (i.e., ramping vs.
static) on effect sizes. Finally, we assessed the presence of microbiome species enriched
in thermal treatment groups, across hosts and in different biomes, their potential importance
in the corresponding microbial co-occurrence network, and whether any predicted
functional pathways were enriched in microbiomes across thermal treatments.
Understanding the generality of these effects across the tree of life is important for
projections of species persistence in an increasingly thermally-variable world (Hector et al.,
2022; Sepulveda & Moeller 2020). If warming and cooling towards thermal maxima
generally cause microbiome diversity loss or disturbance, microbiome characteristics could

help predict the impacts of climate change on host health and survival.

Materials and Methods

Literature search and Data collection

A literature search was performed on Web of Science, Google Scholar, and the National
Center for Biotechnology Information (NCBI) PubMed databases using the following search
terms: “host microbiome/microbiota”, “temperature”, “16S” and “TOPIC: (microbio*) AND
TOPIC: (16S sequenc*) NOT TITLE: (soil) NOT TITLE: (food) AND TOPIC: (temperature)

”. We then performed forward and backward reference searches on papers of interest. The
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same search terms were used to search in NCBI BioProject databases, the European
Nucleotide Archive (ENA) database (Leinonen et al., 2011), and Qiita (Gonzalez et al., 2018)

to retrieve any relevant datasets and associated studies.

We then filtered and kept studies from the search that fitted the following criteria: (i)
published in the last 10 years (between 2010 and 2021), a period of time when high-
throughput sequencing methods have been fairly standardized and commonly used to
measure microbial structure and composition; (ii) measured microbial composition by 16S
or shotgun sequencing at different temperature levels with other variables controlled; (iii)
were experimental studies conducted in a lab, constituting controlled tests of the effect of
temperature; (iv) used lllumina next generation sequencing (NGS); and (v) had sequencing

data and associated metadata available publicly or shared by the author by June 2021.

Studies that fulfilled criteria for the meta-analysis were evaluated for confounding variables.
For studies that manipulated multiple variables besides temperature (pH, humidity, etc.),
only samples/data arising from the temperature manipulation were retained, and all other
samples were discarded. For longitudinal studies, only start/baseline and endpoint samples
were analyzed. For studies that had multiple temperature levels, we only included data from
the extreme (highest or lowest) treatment group and control group. This allowed us to
capture the greatest microbiome alteration under temperature change. All studies included
herein investigated the impact of temperature and host microbiomes using controlled
experiments. Compared to observational field studies, experiments can control for

confounding factors and allow for more confident inference from the results.

Sequence processing per study

To make each published dataset fully comparable, we downloaded and processed raw
sequencing reads using a standardized pipeline on each study separately. Data were
downloaded from the Sequence Read Archive (SRA) in NCBI (Sayers et al., 2020), ENA

(Leinonen et al., 2011), and/or Qiita repositories (Gonzalez et al., 2018). 16S sequencing
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data were processed following the standard operating procedure suggested by Quantitative
Insights into Microbial Ecology (QIIME2 2020.11 distribution) (Bolyen et al., 2019) and
sequences were resolved to amplicon sequence variants (ASVs) using the Deblur workflow
(Amir et al., 2017). Taxonomy was assigned to ASVs using a classifier trained on the full-
length 16S rRNA gene SILVA v138 database and phylogenetic trees were built using SEPP
(Quast et al., 2013). Shotgun sequencing data was aligned with a 16S rRNA database using
SortMeRNA (Kopylova et al., 2012), before extracted 16S rRNA reads were processed in
the same way as 16S sequencing data. Sequencing region for 16S rRNA sequences that
were extracted from shotgun reads was labeled as “full length” when comparing them with
16S sequencing data. A detailed description of the bioinformatic pipeline can be found in

Supplementary methods.

Sample metadata and predictor variables

For each study, we collated information on a comprehensive set of abiotic and biotic
moderator variables, take either directly from the original paper or from publicly available
databases (Supplementary Table 1). Several variables were specific to either terrestrial or
marine hosts respectively. We classified these moderator variables into three categories:
host-related biological variables (including host higher rank taxonomy, host body site,
thermal type (ectotherm or endotherm), host lifespan, host immune type (innate only or
adaptive and innate)), environmental variables (including host habitat, host region, mean
and range of annual temperature within host region), and experimental variables
(experimental exposure time, lab acclimation, newly collected or lab-reared, experimental
temperature change, ramping or static) on microbial alteration under warming and cooling

exposures. Full details are in the Supplementary methods.

Diversity analysis
Unless specified, all analyses were conducted in R4.1.0 (RStudio 1.4.1717). We performed

alpha and beta diversity analysis within each individual study. To generate alpha diversity

28



metrics, we rarefied data. We selected a minimum sampling depth at which estimated
diversity had plateaued in rarefaction curve, which in most cases was the lowest sample
depth within each study. Four alpha diversity indices (Shannon’s index, Richness,
Evenness and Faith’s phylogenetic distance, Faith’s PD) were computed in package
phyloseq (McMurdie and Holmes 2013). Since Faith’s PD is not statistically independent of
species richness, to obtain a measure of phylogenetic diversity that is independent of
species richness, we calculated PD values corrected for unequal richness across samples
(Ses.pd). For beta diversity analysis, community distance matrices of weighed and
unweighed UniFrac, CLR Euclidean distance (Euclidean distance between zero
replacement CLR-transformed compositions), Bray-Curtis dissimilarity, and PhILR
Euclidean distance were calculated using package vegan (Dixon 2003). Permutational
analysis of variance (PERMANOVA) was conducted with 9999 replications on each
distance metric to evaluate differences in microbiome structure and composition between
treatments. For each beta diversity metric, beta dispersion was calculated using the

betadisper function in the vegan package.

Effect size calculation and meta-analysis

Effect sizes were calculated from warming-control comparisons (in warming exposures)
and cooling-control comparisons (in cooling exposures) separately. And the meta-analysis
was conducted on warming and cooling data separately. For each alpha diversity metric,
effect size Hedge’'s g was calculated as the standardized mean difference (SMD) in
diversity between temperature treatments. We used Hedge’s g because it has better small
sample properties than Cohen’s d. This metric is also more suitable for our data type as the
sample sizes of some studies were low (Hedges 1981). For beta diversity, we used the
omega-squared (w?) from PERMANOVA (adonis function in R) as the effect size, which
estimated the variation in microbiome composition that can be explained by temperature
treatment. We tested the difference in microbiome dispersion between treatments using

Tukey's ‘Honest Significant Difference’ method (TukeyHSD). Then Hedge’s g was used as
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the effect size and quantified the difference between average distance to median in different
treatment groups. To increase the robustness of our results, we performed both frequentist
multi-level meta-analysis models and Bayesian hierarchical meta-analysis models using
rma.mv (metafor package, Viechtbauer 2010) and brm functions (brms package, Birkner
2017), respectively. Study was used as a random factor. We did not include host species-
level phylogenetic tree in the random factor as the phylogeny was not resolved for 11 out
of 43 species. We then classified host species to higher taxonomic rank and tested its effect
in moderator analysis. Full details of effect size calculation and modelling are in

Supplementary methods.

Moderator analysis

We kept the most relevant temperature-related climatic variables (annual mean
temperature and annual temperature variation) among all the retrieved climatic metadata
(Supplementary Table 1). We assessed the multicollinearity of categorical variables by
calculating the generalized variance inflation factor (GVIF, VIF function in ‘regclass’ R
package v1.6, GVIFA(1/(2*Df)) > 2 indicated collinearity) (Supplementary Table 3). We
tested the influence of moderator variables using univariate mixed effect models. Due to
the limited number of effect sizes, model selection did not support including all the relevant
moderators together. Linear mixed-effects models with a study-level random effect were
built using rma.mv for Hedge’s g and Imer function for w? (Ime4 package, Bates et al., 2015),
and statistical analysis was carried out in R 4.1.0 using the appropriate functions (with prior
distribution checked and p <=0.05 as significant). All statistic models and summary results

are in Supplementary Table 3.

Tests for differentially abundant taxa and functions
Within each study, we performed non-parametric Wilcoxon rank-sum test on taxa between
treatment and control groups using ALDEx2 package (Fernandes et al., 2014) and ANCOM

(Mandal et al.,, 2015) in R (details in SI Methods). Though different tools can identify
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different numbers and sets of significant ASVs, these two methods were previously shown
to be the most reliable (Nearing et al., 2022). We used PICRUSt2 (Douglas et al., 2020),
which is a widely used functional prediction tool on 16S sequencing data (Bharti & Grimm
2021; Zhang et al., 2019; Ashton et al., 2017), to predict the metagenomic function of the
microbiomes within each study and identified differential abundant functions using two-
sided Wilcoxon rank-sum test (wilcox.test function). We obtained consensus results based
on multiple differential analysis methods (Nearing et al., 2022). We only kept significant
differential bacterial taxa and pathways that were found more than twice in the same
treatment group, across different studies/species. To evaluate the importance of differential
ASVs in the microbial community network, we established microbial network using Sparse
Correlations for Compositional data (SparCC, Friedman and Alm 2012) in different

treatment groups. Details are in Supplementary methods.

Results

Summary of included studies and samples

From the 75 highly relevant studies yielded from literature search, we incorporated data
from 41 studies which contained data available meeting our inclusion criteria. These data
covered 43 host species, ranging from mammals to corals and insects (Fig. 1,
Supplementary Table 1). Apart from animals, algae and plant hosts have also been
included in our analysis. Both aquatic and terrestrial habitats consisted of a variety of host
species (Fig. 1d). We analyzed a total number of 1377 microbiome samples out of 4038

samples (details in Supplementary Results and sample metadata in Supplementary Table

1).
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Fig. 1: Study and sample characteristics. (a) Geographical locations of field-collected hosts (map
lines delineate study areas and do not necessarily depict accepted national boundaries). Shape
represents different host taxonomy, color represents warming or cooling exposures. (b) Number
of samples for different host types (aquatic vs. terrestrial; newly collected from the wild or reared
in lab). (c) Number of samples for different host body sites (internal or external) from ectothermic
and endothermic hosts. (d) Number of samples from different host taxa in aquatic or terrestrial
habitats.

Warming and cooling alter microbiome phylogenetic diversity

In total, from 57 warming-control comparisons and 39 cooling-control comparisons, we

calculated 462 effect sizes (ESs) (Hedge's g, five alpha diversity metrics, used to quantify
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microbiome diversity change) for microbiome alpha diversity, 320 effect sizes for beta
dispersion (Hedge’s g, four beta diversity metrics, used for assess change in microbiome
stability) and 336 effect sizes for beta diversity (w? four beta diversity metrics, used for
evaluate microbiome compositional change). To test for small-study bias, we fitted a
multilevel meta-regression with sample size as the moderator. We did not observe a
significant effect of sample size in both alpha and beta diversity effect sizes (meta-analytic
model, p>0.2 in all models, Supplementary Table 3). However, effect sizes from beta
dispersion were influenced by sample size (p<0.0033 for two metrics in warming and
cooling, Supplementary Table 3). We thus added sample size as a random factor in the

subsequent moderator analysis.

We coded the data such that negative Hedge’s g indicated thermal manipulation (warming
or cooling) decreased host microbiome diversity. We observed a heterogeneous
distribution of effect sizes for alpha diversity across studies, and summary effect sizes were
negative but close to zero (Fig. 2). Across all studies, summary effect sizes for the impact
of warming and cooling on microbiome alpha diversity were consistently negative
(Supplementary Table 2), with phylogenetic diversity measures decreasing significantly -
Faith’s PD under warming and Ses.pd under cooling (summary Faith’s PD ES in warming:
-0.398, 95% C.I. (-0.768, -0.028); summary Ses.pd ES in cooling: -0.531, 95% C.I. (-1.003,
-0.059)). These results suggested a decrease of host microbiome diversity under warming
and cooling, but for some alpha diversity metrics the degree of loss did not pass the
significance threshold. Visual inspection of forest plots did not indicate strong variation in

effect size across host taxa (Fig S1).
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Fig. 2: Forest plots of Hedge’s g calculated for five alpha diversity metrics. (a) Warming vs. Control,
vertical panels are different alpha diversity metrics; (b) Cooling vs. Control, vertical panels are
different alpha diversity metrics. Circles and error bars indicate individual Hedge’s g and 95% Cls,
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and different colors indicate different host thermal types. Summary effect sizes are shown at the
bottom of forest plots (filled diamonds, significant summary ES is labeled as filled red star). All
summary ESs are negative, indicating decreased microbiome alpha diversity under thermal
manipulation.

Warming and cooling affect microbial community composition rather than

dispersion

Beta diversity w? were calculated as the variation of microbiome composition that can be
explained by thermal treatment, thus w? were positive values with a range of (0, 1). We
found the summary median and mean w? were both around 0.1, for all four beta diversity
metrics (Fig. 3c), showing medium to large effects of microbiome compositional change

under thermal manipulation.

For beta dispersion analysis, we coded the data such that positive Hedge’s g indicated that
warming/cooling increased microbiome dispersion. The summary Hedge's g for beta
dispersion was not significantly different from 0, under both warming and cooling (Fig. 3a,

3b), meaning that microbiome dispersion was not distinct under thermal manipulations.
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Fig. 3: Effect sizes for beta dispersion and beta diversity in warming and cooling exposures, data
were calculated from four beta diversity metrics. (a) Beta dispersion effect sizes (Hedge’s g) under
warming exposure. (b) Beta dispersion effect sizes (Hedge’s g) under cooling exposure. Bold
black point with 95% confidence interval represents summary effect size, and individual Hedge’s
g are displayed as jittered points. Jittered points are colored by host thermal type. Hedge’s g not
different from 0 meant that beta dispersion was not distinct under thermal treatments (Hedge’s g >
0: greater microbiome dispersion under cooling; Hedge’s g < 0: greater microbiome dispersion
under control treatment). Point size indicates sample size of the study from which the individual
effect size was calculated. (c) Beta diversity effect sizes (w2) under warming and cooling
exposures. Higher effect sizes indicated greater microbiome compositional change under thermal
treatments. Point size indicated sample size of the study from which the individual effect size was
calculated.

Experimental design affects the impact of temperature on microbiomes

Experimental studies included in our analysis varied in protocols such as prior experimental
host acclimation in the lab and experimental exposure time. We found that prior-
experimental lab acclimation time influenced how microbiome richness responded to
warming, with Hedge’s g significantly larger under long acclimation time (more than a year)
than that under short-time lab acclimation (days), meaning smaller decrease in microbiome
diversity under warming for hosts acclimated in lab for longer time (Fig S5A, p=0.004).
However, longer lab acclimation was associated with increased microbiome dispersion
under warming (Fig S5B, p<0.0001). We further found that longer-acclimated hosts in the
lab had significantly lower baseline microbiome diversity (for four alpha diversity metrics),
even without treatment, compared with newly collected hosts (Fig S6, p<0.009 for four

metrics).

Apart from acclimation time, we found that ramping or static thermal regime, which often
had a substantial influence on thermal responses (John et al., 2011), also impacted host
microbiome changes under warming. Host microbiome diversity showed a small reduction
under ramped warming compared to static warming treatments (Fig. 4a, p=0.001 for
Richness, p=0.002 for Faith’s PD, p=0.047 for Ses.pd). Similar effects of ramping regimes
were observed in one metric under cooling (Fig S2, p=0.001 for Richness). Though the rate
of temperature change was important for host microbiome richness, the temperature range
(the difference between warming/cooling and control temperature) was less important for

host microbiome diversity (Supplementary Table 3, no significant effect of temperature
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range on alpha diversity Hedge’s g was observed: p>0.2 for all metrics). When static
thermal regime was used, we found that longer exposure time was associated with greater
microbiome diversity loss (Fig. 4b, warming: p=0.03 for Shannon, p=0.034 for Evenness;
cooling: p=0.036 for Richness, p=0.019 for Faith’s PD, p=0.032 for Shannon), but this trend

was not observed for ramping regimes (Fig S3, p>0.054 for all metrics).

Compared to microbiome diversity, the scale of microbiome compositional change was
more robust to static and ramping regimes (Fig S4, beta diversity effect sizes, NS for 3
metrics in warming, and NS for all 4 metrics in cooling). We nevertheless found that larger
beta diversity effect sizes were associated with longer exposure time, specifically greater
microbiome compositional change with longer warming exposures (Fig. 4c, p=0.003 for

Aitchison, p=0.039 for PhILR, p=8.43e-5 for Weighted Unifrac).

38



(a) Warming Exposure

Richness Faith's PD Ses.pd | Shannon H Evenness |
p=0.004 ** . p=0_992 * e° | p=0.060 NS . 9=0.672 NS
(o)) °
.g ot -
)]
8 .
< Sample size
P 4 e 20
.Q' .0 e o . 40
g L] o ® 60
© ® 80
£ . -
2
<
.o X}
rambing static rambing static rambing static rambing static rambing static

(b) Static warming/cooling regime

20 Cooling Exposure Warming Exposure
10 Coef=-0.0014, p=0.036 * p=0.296 NS g
0] ~—ap—asg - "y N %
3 : ' ‘
o Coef=-0.0015, p=0.019 * p=0.071 NS |g&'
o 10 5
) 20y P a PR 7
o)) ) T . ]
33 : =
£ 10 p=0.117 NS p=0.137 NS |, Group
- @
DO v—tp—p i s - —t 5| = Cooling Exposure
() '}8 S| — Warming Exposure
? 0 Coef=-0.0009, p=0.032 * Coef=-0.0001, p=0.030 * |@
QO
EI- 0] ev—vhp—oag—\ + : N 3 =
< g : : . |8
fo : p=0.371 NS Coef=-0.0001, p=0.034 * | T
0 .—.-a-;l—-v-o-'—.-. + o 22 i g
°® . @
-10 @
6 8 10 6 8 10
log(Experimental Exposure Time)
(c)
) 00[ Cooling Exposure H Warming Exposure
0751 p=0.159 NS Coef=4.72¢-06, p=0.003** |»
0.50+ S
0.25- L4 e . : * |2
0.001 o . o5 0 ¢ .o =1
e p=0.772NS| Coef=5.59e-06, p=0.039 * | |
N t . e
i G e B
>0.254 LA MY BT
"é 0.00+ eTed e ; todmio.d ° o Z Group
o .
S 1.00 - _ — Cooling Exposure
B 0.751 p=0.536 NS p=0.136NS|S| _ Warming Exposure
0501 L. . . 5
@ 0.25- - 1 PO S
@ .00 b et e an o g
1.00 ; pr
0.751 . p=0.912 NS Coef=1.13e-05, p=8.43e-05 ****% =
050, R el £
0.251 = Vi . - F
0.004 '—:Tr‘:':-_: M 2
3 6 9 3 6 9

log(Experimental Exposure Time)

Fig. 4: Experimental variables influenced microbiome diversity and composition response to
warming and cooling. The significance level (p value) is shown on the top right corner of each
faceted plot: NS (p > 0.05); * (p < 0.05); ** (p < 0.01). Coefficient value is shown on (b) and (c)
when there is a significant association. (a) Impact of ramping and static regimes on host
microbiome alpha diversity with warming. Vertical panels are different alpha diversity metrics.
Points are individual effect size (Hedge’s g), with sizes indicating sample size used for Hedge’s g
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calculation. Points under the red dotted line means Hedge’s g < 0: decreased alpha diversity under
warming treatments. (b) Association between experimental exposure time and change of host
microbiome alpha diversity under static warming and cooling regimes. Vertical panels are different
thermal exposure, and horizontal panels are different alpha diversity metrics. Exposure time on x-
axis was log-transformed for clearer visualization. Points are individual effect size (Hedge’s g),
and blue (under cooling exposure) or red (under warming exposure) smooth lines show a positive
or negative association between exposure time and microbiome alpha diversity change. Positive
association: longer exposure was associated with less microbiome diversity loss; Negative
association: longer exposure associated with greater microbiome diversity loss. (c) Association
between experimental exposure time and host microbiome compositional change (beta diversity
effect sizes). Horizontal panels are different beta diversity metrics. Points are individual effect
sizes (w2), and blue (under cooling exposure) or red (under warming exposure) smooth lines
show a positive or negative association between exposure time and microbiome compositional
change. Positive association: longer exposure was associated with greater microbiome
compositional change; Negative association: longer exposure associated with less microbiome
compositional change.

Host habitat impacts microbiome responses to temperature

We did not observe a significant effect of host-related traits (host taxonomy, body site of
microbiomes, host lifespan, host immune complexity) on microbiome responses to thermal
changes (Supplementary Table 3, p>0.05 for all metrics, alpha and beta diversity effect
sizes of plant and rotifer showed dubious significance under cooling with few effect sizes in
each group). Overall, there was little evidence that changes of microbiome alpha and beta
diversity varied strongly according to the mean temperature and temperature range of the
environment from which a host was collected (Supplementary Table 3). We only found
significant effect of temperature range on one alpha diversity metric under cooling (Fig S8,
p=0.0268), indicating less diversity loss with wider habitat temperature range. We did not
observe a consistent effect of mean temperature or temperature range on microbiome beta

dispersion, across different metrics (Supplementary Table 3).

We found that aquatic hosts experienced more microbiome diversity loss under cooling,
compared with terrestrial hosts (Supplementary Table 3, p=0.0027 for Richness, p=0.0063
for Faith’s PD, p=0.0035 for Shannon). Among the three habitat types on which we focused
— freshwater, marine, and land — we found that marine hosts had the greatest microbiome
loss (though there were only two effect sizes in marine group), followed by hosts living in
freshwater habitats. Terrestrial hosts had the least altered microbiome diversity (Fig. 5,
p<0.0019 for all sea vs. freshwater and terrestrial vs. freshwater comparisons). Similar
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results held for ectotherms across these habitats (Fig S7, p<0.024 for all sea vs. freshwater

and terrestrial vs. freshwater comparisons).
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Fig. 5: The impact of host habitat on the response of host microbiome alpha diversity to thermal
change. Points are individual Hedge’s g, with sizes showing sample size used for Hedge’s g
calculation. Points below the blue (under cooling exposure) or red (under warming exposure)
dotted line mean Hedge’s g < 0: decreased alpha diversity under warming or cooling treatments.
Vertical panels are different thermal exposures, and horizontal panels are different alpha diversity
metrics. The significance levels for freshwater vs. sea and freshwater vs. terrestrial are shown
above respective brackets (NS: p>0.05; *: p<0.05; **: p<0.01; ***: p<0.001).

Differential analysis and functional analysis

An average of 27 differential ASVs were identified per warming-control comparison and an
average of 14 per cooling-control comparison, with numbers of differential ASVs ranging

from 1-99 in warming-control comparisons and 2-52 in cooling-control comparisons. Phyla

41



Proteobacteria, Bacteroidota and Firmicutes had the largest proportion of differential ASVs
(Fig S9). Most of the differential ASVs belong to one of the four classes
Gammaproteobacteria, Alphaproteobacteria, Bacterodia, and Bacilli (Fig S10A, B). We
found that more differential bacterial taxa were enriched in marine host compared with
terrestrial hosts under warming, but under cooling more differential taxa were enriched in
terrestrial hosts (Fig S10E, F). However, the numbers of host species included from both
habitats were not high (less than five). We evaluated the importance of these differential
ASVs by assessing their centrality in the microbial co-occurrence network. We found that
these ASVs enriched under warming or cooling treatment did not show higher degree or
betweenness centrality in the corresponding microbial networks (Fig S11). This result
indicated little altered importance in the microbiome community under either warming or
cooling. However, in certain hosts (Aiptasia corals (strain CC7, H2), Notophthalmus
viridescens newts), we found differential ASVs from classes Myxococcia and Polyangia
were not only enriched under warming, but also showed a higher degree and betweenness
centrality in microbial networks under warming (Fig S10C, Fig S11A). For the newts,
differential ASVs from Polyangia showed significant enrichment in the cooling group (Fig
S10D, Fig S11B). Differential functions identified were mostly associated with metabolism
such as glycolysis and amino acid biosynthesis. We found that more functional pathways
were enriched in warming in terrestrial, compared with aquatic (freshwater, sea) host
microbiomes, while more functions were enriched in cooling in aquatic than terrestrial host

microbiomes (Fig S12C, D). Details can be found in the Supplementary Results.

Discussion

Climate change can affect the fitness and geographic distribution of a species (Malhi et al.,
2020). Increasingly, microbiomes are being revealed as critical to their animal and plant
host’s ability to withstand thermal stress (Hector et al., 2022; Moghadam et al., 2018).

Studying the general response of resident microbiomes to temperature changes could thus
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shed light on the resilience of different host species to a changing world (Chevalier et al.,

2015; Moghadam et al., 2018; Rosado et al., 2019).

Microbiome diversity and compositions are distinct across species. Despite some variation
across studies and systems (higher temperatures, decreases in diversity: Bestion et al.,
2017, Zhu et al., 2019, Fontaine et al., 2018; higher temperatures, no change in diversity:
Tajima et al., 2007; Kohl and Yahn 2016), our meta-analysis found broad support for a
reduction in host microbiome phylogenetic diversity under experimental warming and
cooling. Reduced microbiome diversity has been associated with detrimental effects on
host health, with accumulated evidence from human gut microbiomes (Pickard et al., 2017;
Kriss et al., 2018; Valdes et al., 2018). The similar dysbiotic effect of thermal stress on host
microbiome diversity could be an indicator of diminished host health under global change
(Mohajer et al., 2018). We also detected a general microbiome compositional change
induced by experimental warming and cooling. As our meta-analysis involved short-read
16S sequencing data (the most widely used microbiome characterization method), we were
unable to resolve warming/cooling-enriched bacterial species to strain level, and
heterogenous functional roles were identified for bacteria within the same class (e.g.,
Alphaproteobacteria, Bacteroidia). However, we observed that more differential bacterial
taxa, but not more functional pathways, were enriched in marine hosts compared with
terrestrial hosts under warming, but the contrary under cooling. Though challenging, future
studies using metagenomic sequencing will help resolve common indicator taxa to
species/strain level. This in-depth approach is key for predicting general host performance
under temperature stress, as well as the functional capacity of the community. It will further
aid the discovery of probiotic microbial species for use in improving species thermal
tolerance as climate change progresses (Rosado et al., 2019; Morgans et al., 2020; Doering

et al., 2021).
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Our meta-analysis showed that across systems, there was no significant increase on
microbiome beta dispersion under either warming or cooling. This finding contrasts with the
Anna Karenina Principle. This principle, which was adapted from the opening line of Leo
Tolstoy’s book Anna Karenina “all happy families are alike; each unhappy family is unhappy
in its own way”, was used to predict consequences for animal microbiomes with dysbiosis
(Zaneveld et al.,, 2017). Zaneveld et al., (2017) proposed that perturbations induced
stochastic changes in microbiome compositions and therefore transited microbiome
community from stable to unstable states. Essentially, dysbiotic individuals have more
dispersed (or less stable) microbial community composition than the microbiomes of
healthy individuals, with supporting evidence from disease-associated human gut
microbiomes (Giongo et al., 2010; Gilbert et al., 2012; Dey et al., 2013). However, studies
testing this hypothesis on non-human animals revealed diverging results (Ahmed et al.,
2019; Lavrinienko et al., 2020). While Ahmed et al., (2019) showed evidence supporting
the Anna Karenina effect of long-term temperature stress on coral microbiomes,
Lavrinienko et al., (2020) found no effect after radiation exposure on microbiomes of bank
voles. However, in moderator analysis, we found that compared with newly collected hosts,
lab-acclimated hosts — with an already lower baseline microbiome richness — exhibited
dispersed microbiomes under warming exposure. Lower microbiome diversity has been
associated with a dysbiotic status (Pickard et al., 2017; Kriss et al., 2018; Valdes et al.,
2018) and was shown to be the most important factor associated with microbiome instability
(Frost et al., 2021). Thus, a stress-induced Anna Karenina effect might be context-
dependent. Here, hosts with low initial microbiome diversity are more likely to exhibit
structures in support of the Anna Karenina effect. Species with less diverse microbiomes
could be disproportionately vulnerable under global warming if the increased instability of
their microbiomes contributes to diminished host health (Zaneveld et al., 2017; Giongo et

al., 2010; Gilbert et al., 2012; Dey et al., 2013).
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We found that, across the tree of life, microbiome changes under thermal treatments were
likely to be determined by host habitat and not by host biological traits. That said, the sample
size for some host types was relatively low or some samples were collected from a single
study (e.g., zooplankton), which might limit our ability to detect any significant effect of host
traits. Endotherms experienced a similar level of decrease in microbiome diversity as
ectotherms with temperature changes. It is predicted that marine organisms have narrower
thermal safety margins, which increase their susceptibility to global warming compared with
terrestrial organisms (Pinsky et al., 2019). Our results focusing on marine host microbiome
support this prediction. In general, we find that aquatic hosts (and marine hosts to a greater
extent) experience more reduction in microbiome diversity under cooling. As reductions in
microbiome diversity can indicate dysbiosis with accompanying detriments to host health
(Pickard et al., 2017; Kriss et al., 2018; Valdes et al., 2018), our result suggests aquatic
species might be less tolerant to extreme cooling. If so, global change driving colder
extremes may hinder host ability to expand their range towards new habitats in polar
regions (Hastings et al., 2020). Hosts collected from less thermally variable habitats
(regions with smaller annual temperature variation) also showed greater loss of
microbiomes under cooling. The natural environments (aquatic or terrestrial ecosystems;
temperature variation in the environment) to which hosts are adapted play a big role in the

degree of microbiome perturbation under thermal change.

A significant challenge in assessing general patterns in host microbiomes is the variety of
experimental designs used, even among studies on the same species. For example, among
coral microbiome studies, the length of thermal acclimation ranged from 10 days to two
years across 3-7°C differences (Hartman et al., 2019; Ziegler et al., 2017; Gajigan et al.,
2017; Ahmed et al., 2019). We found a longer lab acclimation period before experimental
warming led to a lower baseline microbiome richness and better maintenance of
microbiome richness. It remains unclear whether longer lab acclimation facilitates adaptive

evolution within host microbiomes, with the outcome of helping hosts cope better with
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thermal stress. Similarly, we found that ramping temperature treatments resulted in less
microbiome diversity loss than static warming. This result suggests a gradual and longer
time for host acclimation (John et al., 2011) can aid microbiome stability. Future global
change studies aiming to mimic natural temperature variation should consider using
ramping rather than static temperature treatments unless the goal is to simulate heat shock
(Terblanche et al., 2007). We are unsure whether longer ramped thermal treatments will
result in similar declines in microbiome diversity, or rapid microbiome adaptation will
ultimately overcome the environmental shifts (Voolstra & Ziegler 2020). Longitudinal
studies, within and between seasonal time scales, are needed to elucidate relevant
microbiome dynamics with host health status in response to climate change (Levy et al.,

2020).

Assessing microbiome changes in populations might prove a promising factor in predicting
their persistence, and for informing microbiome-based interventions for increasing species
resilience during global climate change (Rosado et al., 2019; Morgans et al., 2020; Doering
et al., 2021). However, our work has revealed that the range of temperatures and host
species utilized in tackling the connection between host microbiomes and temperature
should certainly be expanded. Whilst evidence has accumulated on the thermal effect on
microbiomes in ectothermic and aquatic animals (Moghadam et al., 2018; Posadas et al.,
2022; Fontaine et al., 2022; Hartman et al., 2019; Ziegler et al., 2017), there is a gap in our
understanding of the temperature-microbiome relationship in endotherms, terrestrial
species, and plants (Etemadi et al., 2018; Chevalier et al., 2015; Zhu et al., 2019). Moreover,
among the empirical studies we surveyed, few explored the causal relationship and
mechanisms underpinning host microbiomes and thermal tolerance. Microbiome
transplantation, the process of transferring the microbiome of a healthy or thermal-tolerant
donor to a diseased/stressed individual, has been invaluable for the treatment of some
human infectious diseases during the last decade (Ooijevaar et al., 2019; Zhang et al.,

2018). In non-human hosts, such an approach has been established in corals (Rosado et
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al., 2019; Morgans et al., 2020; Doering et al., 2021) and Drosophila melanogaster fruit flies
(Moghadam et al.,, 2018) — both showing an increase in host heat tolerance. Lastly,
microbiome transplantation has also been used in mice to establish a protective role against
cold stress (Chevalier et al., 2015). Future experimental work using microbiome
transplantation might help with conservation of hosts during global climate change (Guo et
al., 2020). Lastly, while controlled experiments as analysed here provide the best evidence
for causal effects of temperature change on microbiomes, their lab-based nature means we
cannot be certain how well these findings will translate to the real world, where
environments are more complex. Future experimental warming studies in semi-natural

settings will useful in this context.
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Fig S1. Forest plots of individual Hedge's g calculated for five alpha diversity metrics. (A)
Warming vs. Control; (B) Cooling vs. Control. Hedge’s g and 95% Cls are defined as circles and
error bars. Vertical panels are different alpha diversity metrics. Different colors indicate different
host taxa.
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cooling. Vertical panels are alpha diversity metrics. Points are individual effect size (Hedge’s
g), with sample sizes used for Hedge’s g calculation indicated. Points under the blue dotted
line mean Hedge's g < 0: decreased alpha diversity under warming treatments. The
significance level (p value) is shown on the top right corner of each faceted plot: NS (p > 0.05);
*(p <0.05); ** (p <0.01).
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Fig S3. Association between experimental exposure time and change of host microbiome alpha
diversity under ramping warming and cooling regimes. Vertical panels refer to different thermal
exposures, and horizontal panels show different alpha diversity metrics. Exposure time on x axis
is log-transformed for clearer visualization. Points represent individual effect sizes (Hedge’s g),
and a blue (cooling exposure) or red (warming exposure) smooth line is added to show a positive
or negative association between exposure time and microbiome alpha diversity change. Positive
association: longer exposure is associated with less microbiome diversity loss; Negative
association: longer exposure is associated with greater microbiome diversity loss.
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Fig S4. Impact of ramping and static regimes on host microbiome beta diversity in warming and
cooling. Vertical panels are thermal exposure type and horizontal panels are beta diversity
metrics. Points represent individual effect sizes (w2), with sample sizes used for w2 calculation
indicated. The significance level of the difference between ramping and static treatments is shown
on the top right corner of each faceted plot: NS (p > 0.05); * (p < 0.05); ** (p < 0.01). Only one
metric under warming reveals that static regime is associated with larger microbiome
compositional change (p=0.019).
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Fig S5. Impact of experimental lab acclimation on host microbiome diversity and dispersion. The
significance level is shown on the top right corner of each faceted plot: NS (p > 0.05); * (p < 0.05);
**(p < 0.01). (A) Impact of host acclimation time (New: newly field-collected; Lab: maintained and
acclimated in lab for generations) on host microbiome richness. Points under the blue (cooling
exposure) or red (warming exposure) dotted line mean Hedge’s g < 0: decreased alpha diversity
under treatments. (B) Impact of host acclimation time (New: newly field-collected; Lab: maintained
and acclimated in lab for generations) on host microbiome dispersion (PhILR metric). For all
figures, vertical panels show different thermal treatments. Points represent individual effect sizes
(Hedge’s g), with sample sizes used for Hedge’s g calculation indicated. Points above the blue
(cooling exposure) or red (warming exposure) dotted line mean Hedge’s g > 0: microbiomes more
dispersed under treatments.
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Fig S6. Impact of prior-experimental lab acclimation on host baseline microbiome diversity in
control groups (without warming or cooling treatments). Each plot presents results for an alpha
diversity metric. Vertical panels in individual plots show different thermal exposure. Points
represent individual alpha diversity measures, with sample sizes indicated. New: newly field-
collected; Lab: maintained and acclimated in lab for generations. The significance level of
difference between New vs. Lab is shown on the top right corner of each faceted plot: NS (p >
0.05); * (p < 0.05); ** (p < 0.01). The results are consistent across all alpha diversity metrics except
for Ses.pd.

Cooling Exposure, ectotherms

oo [ Richness Faith's PD Shannon
i p=0.024 * o o p<.0001 *** p<.0001 ***

o125 p=0.004 ** p<.0001 *** =0.0002 ***
-g o’ ‘ I o
° ) .
2o . Sample size
> * 20
= ® 40
g ® 60
5" ® 80
(1]
L
Q.
< .5.0-

= ==

freshwater sea terrestrial freshwater sea terrestrial freshwater sea terrestrial

54



Fig S7. Impact of host habitat on the response of ectothermic host microbiome alpha diversity to
thermal change. Points represent individual Hedge’s g, with sample size used for Hedge's g
calculation indicated. Points below the blue dotted line mean Hedge’s g < 0: decreased alpha
diversity under warming or cooling treatments. Vertical panels show different thermal exposure,
and horizontal panels show different alpha diversity metrics. The significance levels for both sea
vs. freshwater and terrestrial vs. freshwater comparisons are shown on the top middle of pairwise
boxes (NS: p>0.05; *: p<0.05; **: p<0.01; ***: p<0.001).
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Fig S8. Association between the annual temperature variation (Tvariation) of host native habitat
and host microbiome alpha diversity (Ses.pd) under cooling. Points represent individual Hedge’s
g, with sample size used for Hedge’s g calculation indicated. A blue smooth line is added to show
that larger Hedge’s g is positively associated with greater Tvariation. The coeffient and
significance level of the association are shown on the top right corner of the plot (coef=0.039,
p=0.027).

Supplementary Methods

Sequence processing per study

Downloaded files were converted to match a format that was compatible with QIIME2
(zipped FASTQ files with specified names). FastQC (Andrews 2010) and MultiQC (Philip et
al. 2016) were used for initial visualization of read quality, adapters or/and primers (if not
already removed) were removed using Cutadapt (Martin 2011). Additional requests for raw
sequencing data were made to the authors of studies where the forward and reverse reads
were already joined. Where paired reads were available, reads were joined using vsearch

(Rognes et al., 2016). If > 50% of reads could be overlapped, the merger was carried
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forward for analysis; otherwise, where low reverse quality led to too few reads remaining,
only the higher-quality forward reads were used. All low-quality reads were then filtered
using default quality thresholds before starting Deblur workflow to denoise and classify
sequences into ASVs. Within Deblur, trimming length was determined by manually viewing
the quality plot for each study.

Within each study, taxonomy of the resolved ASVs was assigned using a classifier trained
on the full-length 16S rRNA gene SILVA v138 database. Then, ASVs taxonomically
assigned as “mitochondria” and “chloroplast”, and those not identifiable at the Kingdom
level were removed, or present at a cumulative abundance of 10 or fewer within individual
study were removed. Within individual study, the phylogenetic tree of the remaining ASVs

were built using SEPP with a reference phylogeny (sepp-refs-gg-13-8).

Sample metadata and predictor variables

Whenever possible, data on moderator variables of interest was obtained from information
from NCBI. When not possible, this information was obtained from the BioSample
accessions and publications, and in a few cases, by directly asking the authors. To test
some of our hypotheses, we also added metadata categories not in the original studies: (i)
host habitat was classified as terrestrial or aquatic, with aquatic habitats further classified
as freshwater or marine; (ii) whether host species was collected from the wild, purchased
from a commercial institute, or from standardized lab stock. Collected host species were
further classified into “collected”, meaning collected shortly before conducting the
experiments, “lab_with_known_source”, meaning collected and maintained in the lab for a
long time prior to experiments with source known. (iii) Host body site: whether the host
microbiome was sampled from an internal body site (eg. intestinal tract, tissue, etc.), an
external site (skin) or the whole body; (iv) Immune complexity: whether the host species
has both innate and adaptive immunity or innate immunity only; (v) Host thermal type:
whether the host species was ectothermic or endothermic; (vi) Thermal regime: whether

the temperature change was ramping or static; (vii) elevation data, region and climate
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information from the host native habitat were extracted using FreeMapTools
(https://www.freemaptools.com/about.htm) with the latitude and longitude of where host
was originally collected. Furthermore, for terrestrial hosts, bioclimatic variables
representing temperature and precipitation (2.5 km resolution) of host native habitat were
extracted for each unique host original geographic location from the WorldClim database
(extract function in raster package R 3.6). For marine hosts, we extracted marine and
geophysical variables from the MARSPEC database (Sbrocco and Barber 2013). For those
with data missing in the MARSPEC database, associated max, min and mean temperature
was extracted from Bio-ORACLE database (Tyberghein et al. 2011). We classified host into
“corals”, “reptiles”, “mammal”, “amphibians”, “fishes”, “Arthropoda”, “sponges”, “birds”,

” ”

“rotifers”, “mollusca”, “dinoflagellates”, “algae” and “plant” based on taxonomy of the hosts.

Effect-size calculation and meta-analysis
We performed microbiome diversity analysis within each study using a standardized

pipeline and calculated effect-sizes using methods below.

For alpha diversity analyses, to calculate the effect size Hedge’s g, we calculated the mean
of each alpha diversity metric and its standard deviation for each treatment. We then
calculated the standard mean difference between groups using the escalc function (metafor
package). For studies that had three treatment groups (warming, cooling and control), two
effect sizes were calculated from each study: one for the difference between warming vs.
control and the other from cooling vs. control. Multi-level mixed effect meta-analysis model
and Bayesian hierarchical meta-analysis model were built using rma.mv (metafor package)
and brm functions (brms package). For the latter method, we visually evaluated chain
convergence and also made sure that Rhat was 1. Since the results from the frequentist
mixed effects model and Bayesian hierarchical model were similar (possibly due to the fact
we did not have enough evidence to support a strong prior and thus used a less informative

prior), we presented summary effect sizes from the former model in the main text. We
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focused on the less computationally intensive frequentist method in subsequent moderator
analysis.

For beta dispersion, we also used Hedge’s g as the effect size. Hedge’s g was calculated
to quantify the difference between average distance to median in different thermal
treatments. Multi-level mixed effect meta-analysis model was built using rma.mv (metafor

package).

For beta diversity analyses, effect sizes were calculated to quantify microbiome
compositional change under thermal treatment. From each warming vs. control or cooling
vs. control comparison, we used omega-squared for PERMANOVA as the effect sizes
(adonis_OmegaSq function from https://github.com/Russel88/MicEco/). Effect sizes were
calculated from four different beta diversity metrics - weighted UniFrac, unweighted UniFrac
and Bray-Curtis. Before effect size calculation, we first evaluated whether sample sets
could be merged for multiple host genotypes or multiple sampling body sites (eg. variable
gut parts) within individual study when sample size for each genotype/sampling body site
group was small (two samples in each group, which means it was hard to compare them
statistically). We assessed the microbiome compositions between different
genotypes/sampling body sites by performing PERMANOVA (adonis function, vegan R
package) on all the four beta diversity dissimilarity metrics and merged sample sets if p-

value was larger than 0.05 for all the metrics.

Tests for differentially abundant taxa and functions

We performed differential species analysis at both ASV and class level using ALDEx2 (clr
based method) and ANCOM (alr based method), both methods used non-parametric test
but had different normalization strategies. Within each study, the differential analysis was
either performed on ASV level or on collapsed Class level, depending on the resolution of
taxonomic classification. We performed non-parametric Wilcoxon rank-sum test on each of

the taxa between the two treatment groups using aldex.ttest in ALDEX2 package in R. Taxa
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with Benjamini & Hochberg (BH) adjusted p-value < 0.05 was considered to be differently
enriched between groups. Then the aldex.effect function was used to calculate the
expected value of the difference between distributions of each treatment group (median
log2 difference), the expected value of the pooled group variance (median log2 dispersion)
and the standardized effect size on the taxa abundance difference between two treatment
groups. Taxa with effect-size > 0.3 was considered to have a large difference between the
two groups. The cutoff of W value in ANCOM was set 0.6. Within each study, differentially
abundant KEGG (Kanehisa and Goto 2020) orthologs (KOs), enzymes (Enzyme
Commission Number, EC) and MetaCyc (Caspi et al. 2020) pathways between the
treatment and control group were identified using Wilcoxon rank-sum test (wilcox.test
function, BH adjusted p value <=0.05). Identified differential taxa and functional pathways

were compared between studies as well as grouped by moderator variables.

Network analysis

By establishing the microbial network and calculating the centrality metrics for each node
(or bacterial species), we quantified the potential importance of each bacterial member in
the microbial community in both treatment and control groups. We established microbial
co-occurrence network (on both ASV and class level) of each experimental group (warming
group, cooling group and control group) within each study using SparCC program wrapped
in SpiecEasi R package, which is robust to any distribution of community abundances.
Threshold for SparCC correlation matrix was set as 0.3 and spurious links were removed
from the network. Nodes in each network correspond to ASVs/Class and edges correspond
to direct signed interactions between ASVs given treatment group. We then assessed the
node degree, betweenness centrality and closeness centrality of the differential taxa
identified. We extracted the property information of the differential ASVs and summarized

it to class level.

Supplementary Results
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Summary of included studies and samples

The search yielded 75 potential studies for inclusion. Of these 75 studies, 14 did not have
sequencing data of appropriate fastq format available, four lacked sample metadata, two
had evaluated mixed effects of temperature and other variables, and 12 did not use lllumina
NGS for sequencing. Forty-three studies remained for inclusion in our meta-analysis
(details in Supplementary Table S1). Thirty-eight had data available in the public database,
whilst for five we requested data directly from the authors. After standardized processing,
Aydogan et al. 2020 and Zietak et al. 2016 were removed before further analysis due to
only 1 or no sample retained in the treatment or control group. As studies varied in technical
considerations such as sequencing region, sequencing depth, sample size and
metabarcoding pipelines, we downloaded and processed the raw reads on per study basis
using a standardized Deblur workflow, the parameters used for primer removal, quality

filtering and trimming within each study can be found in Supplementary Table S1.

Differential taxa in warming and cooling

We tested for a set of indicator species useful for predicting host microbiome responses to
warming and cooling for each study. Using ALDEx2 (Wilcoxon rank sum test, significance
level: p-value < 0.05), we identified 438 differential ASVs from fourteen comparisons in
warming exposure and 226 differential ASVs from nine comparisons in cooling exposure.
Using ANCOM (W cutoff = 0.6), we identified 577 differential ASVs from 30 comparisons in
warming exposure and 279 differential ASVs from 19 comparisons in cooling exposure.
The identified species were similar between the two methods (347 overlapped ASVs in
warming, and 128 overlapped ASVs in cooling). We thus focused on differential species
that repeatedly identified using both methods in the subsequent analysis. We summarized
differential ASVs to class level for better visualization. Overall, we found that most
differential ASVs were from the prevalent bacterial phyla (such as Proteobacteria,

Bacteroidota and Firmicutes), and there was only a small proportion of differential ASVs in
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these bacterial phyla (Fig S9). Most ASVs did not change significantly in abundance under

either warming or cooling.
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Fig S9. Proportion of differential ASVs in individual bacterial phylum under both warming and

cooling. (A) Number of ASVs per bacterial phylum under warming. Each stacked bar is filled by a

combination or different colors — red indicates enrichment in warming group, dark blue indicates
enrichment in control group, and grey represents ASVs that were not differentially enriched in
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either group. (B) Number of ASVs per bacterial phylum under cooling. Each stacked bar is filled
by a combination or different colors — light blue indicates enrichment in cooling group, dark blue
indicates enrichment in control group, and grey represents ASVs that were not differentially
enriched in either group.

We found that the distribution of differential ASVs were highly heterogeneous in the four
common classes Gammaproteobacteria, Alphaproteobacteria, Bacterodia, and Bacilli.
Nearly half the ASVs in each class were enriched in warming or cooling groups and the
other half enriched in control group (Fig S10A,B). When we mapped the pattern of
differential taxa to individual host species, we found that enriched taxa were highly
heterogeneous across hosts (Fig S10C,D). Though pacific and hybrid abalone showed
quite similar differential taxa in their microbiomes, they were from the same study (Wang et
al. 2020) and may be subject to study or author bias. When grouped by biome (terrestrial,
sea, freshwater), we found that more differential bacterial taxa were enriched in marine
rather than terrestrial host microbiomes under warming, while under cooling, more
differentia bacteria were enriched in terrestrial hosts (Fig S10E, F). Freshwater host
microbiomes did not show a more similar pattern of differential taxa with marine hosts,
under either warming or cooling. These results revealed the challenges in identifying

common indicator taxa used to predict host performance under temperature stress.
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Fig S10. Differentially enriched bacterial classes under warming and cooling, across different
hosts. (A) Bacterial class-level classification of ASVs that were differentially abundant in warming
comparisons. Red indicates enrichment in the warming group, grey indicates enrichment in the
control group. (B) Differential ASVs in each class-level taxonomic group in cooling exposure. Blue
indicates enrichment in cooling group, grey indicates enrichment in control group. (C) Heatmap of
differential taxa across hosts in warming exposure. Shade indicates the abundance difference of
the differential taxa between warming and control groups, which is shown by the effect. (D)
Heatmap of differential taxa across different hosts in cooling exposure. (E) Heatmap of differential
taxa across different biome in warming exposure. (F) Heatmap of differential taxa across different
biome in Cooling exposure.

Differential taxa in the microbial network
We further assessed the centrality measures of differential taxa in the microbial co-

occurrence network. We found that differential ASVs from the most prevalent classes
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Gammaproteobacteria, Alphaproteobacteria, Bacterodia and Bacilli did not change greatly
in their degree or betweenness centrality in the microbial networks under either warming or
cooling (Fig S11). This finding might suggest that generalists in the microbial community
changed in a stochastic way under temperature perturbation, but did not become more
important in the microbial communities. However, differential ASVs in two less prevalent
classes Myxococcia and Polyangia — highly enriched in the warming compared to the
control group (Fig S10C) — also showed a higher degree and betweenness centrality in the
warming group. These taxa become more abundant under warming, but also could
potentially play more important roles in the microbial communities as “hubs” or keystone
taxa. When grouping the differential taxa by host region, we found that these two potential
‘hub” taxa were shown as hubs in tropical and subtropical regions, but not temperate

regions under warming (Fig S11C), indicating their environmental adaptability.
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(C) Warming Exposure
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Fig S11. Degree centrality and betweenness centrality of differential taxa in microbial network
under both warming and cooling exposures. (A) Centrality measures of differential ASVs on class
level. Red and grey nodes are ASVs enriched in warming and control, respectively. (B) Degree
centrality and betweenness centrality of each differential taxa in microbial network in cooling and
control groups. Blue and grey nodes are ASVs enriched in cooling and control, respectively. (C)
Centrality measures of differential ASVs (in warming exposure) on class level. Figure facetted by
different host region (tropical, subtropical and temperate). (D) Centrality measures of differential
ASVs (in cooling exposure) on class level. Figure facetted by different host region (subtropical

and temperate).

Differential predicted functional pathways
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We identified 619 differential MetaCyc pathways from eleven comparisons in warming
exposure, with 243 pathways enriched in warming group and 376 enriched in control group.
We have identified 682 differential MetaCyc pathways from nine comparisons in cooling
studies (adjusted p-value < 0.05). It is worth noting that the functional analyses are
predictive and the performance might degrade outside of human datasets, as shown in Sun

et al. 2020.

After filtering differential pathways that have spurious results, we found that three pathways
— starch degradation V (PWY-6737), glycogen degradation | (GLYCOCAT_PWY) and
glycogen biosynthesis | (from ADP-D-Glucose) (GLYCOGENSYNTH_PWY) — were
significantly enriched in both warming and cooling groups compared with controls. Results
on differential pathways showed heterogeneity between hosts (Fig S12A, B), but we found
that more functional pathways were enriched under warming in terrestrial host microbiomes,
compared with that in marine or freshwater hosts. And in cooling, more functional pathways
were enriched in aquatic (especially marine) host microbiomes rather than terrestrial hosts

(Fig S12 C, D).
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Fig S12. Differential functional pathways across hosts and distinct habitats. (A) Differential
MetaCyc functional pathways under warming exposure. Filled tiles indicate pathway enrichment
in either warming (red) or control groups (grey). (B) Differential MetaCyc functional pathways
under cooling exposure. Filled tiles indicate pathway enrichment in either cooling (blue) or control
(grey) groups. (C) Different functional pathways across host habitats (sea, freshwater, terrestrial)
under warming. (D) Different functional pathways across host habitats under cooling.
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Supplementary Table 1: Summary of studies included in the meta-analysis

Study Host Taxa | Latitude | Longitude | Habitat | Bioproject | stress | acclimati | temp | gradual | exposure | lab_or_co
name on diff time llected
Hartman20 | Exaiptasia | coral | -18.15 147.483333 | Marine PRJINA576 | heat 10d 7 Yes 14d collected
19 diaphana 764 stress
Ziegler201 | Acropora coral | - -169.6 Marine PRJNA319 | heat 17month | 6 Yes 6h collected
7 hyacinthus 14.18333 637 stress
3
Gajigan201 | Acropora coral | 16.29127 | 120.012278 | Marine PRJNA341 | heat 7weeks 5 No 10d collected
7 digitifera 78 929 stress
Ahmed201 | Aiptasia coral | 19 -155 Marine PRJINA497 | heat NA 7 No 2years collected
9 host1 709 stress
Ahmed201 | Aiptasia coral | 35 -79 Marine PRJINA497 | heat NA 7 No 2years collected
9 host2 709 stress
Ahmed201 | Aiptasia coral | 20.08277 | 40.133056 | Marine PRJINA497 | heat NA 7 No 2years collected
9 host3 8 709 stress
Camp2020 | Symbiodini | dinofl | - 146.842356 | Marine PRJNA565 | heat 14d 6 Yes 10d lab
aceae agell | 19.13586 838 stress
ates | 4
Maher2019 | Pocillopora | coral | - -149.82642 | Marine PRJNA549 | heat 24h 3 Yes 21d collected
meandrina 17.49056 489 stress
7
Horlick202 | Seriola fish -32 152 Marine PRJINA492 | heat NA 4 Yes 21d lab/collect
0 lalandi 935 stress ed
Fontaine20 | Plethodon amp | 37 -80 Terrestri | PRINA477 | heat 4weeks -5 No 5d collected
18 cinereus hibia al 306 and
n cold
stress
Etemadi20 | Arabidopsis | plant | 62 34 Terrestri | PRINA399 | cold 42d - No 56d collected
18_host1 al 644 stress 14~1
6
Etemadi20 | Arabidopsis | plant | 61.1 34.5 Terrestri | PRINA399 | cold 42d - No 56d collected
18_host2 al 644 stress 14~1
6
Etemadi20 | Arabidopsis | plant | 55.75 37.35 Terrestri | PRINA399 | cold 42d - No 56d collected
18_host3 al 644 stress 14~1
6

70




Etemadi20 | Arabidopsis | plant | 54.9 23.54 Terrestri | PRINA399 | cold 42d - No 56d collected
18 host4 al 644 stress 14~1
6
Etemadi20 | Arabidopsis | plant | 52.73 15.15 Terrestri | PRINA399 | cold 42d - No 56d collected
18_host5 al 644 stress 14~1
6
Etemadi20 | Arabidopsis | plant | 28 -15.3 Terrestri | PRINA399 | cold 42d - No 56d collected
18_host6 al 644 stress 14~1
6
Etemadi20 | Arabidopsis | plant | 34.1 -4.12 Terrestri | PRINA399 | cold 42d - No 56d collected
18_host7 al 644 stress 14~1
6
Etemadi20 | Arabidopsis | plant | 40 -8.25 Terrestri | PRINA399 | cold 42d - No 56d collected
18_host8 al 644 stress 14~1
6
Etemadi20 | Arabidopsis | plant | 40.48 -3.22 Terrestri | PRINA399 | cold 42d - No 56d collected
18_host9 al 644 stress 14~1
6
Etemadi20 | Arabidopsis | plant | 40.5 -2 Terrestri | PRINA399 | cold 42d - No 56d collected
18_host10 al 644 stress 14~1
6
Wessels20 | Lobophytu | coral | -18 146 Marine PRJNA350 | heat 2weeks 4 Yes 12d collected
17 m 227 stress
pauciflorum
Moghadam | Drosophila | insec | 55.94512 | 10.2125861 | Terrestri | PRJEB145 | heat NA -0.8 | Yes eggs to collected
2018 melanogast | t 78 al 35 and eclosed
er PRJEB184 | cold flies
74
Moeller202 | Sceloporus | reptil | 35.3 -120 Terrestri | PRJEB390 | heat 3din lab 10 No >7 days collected
0 occidentalis | e al 05 stress | and 7din
constant
temperatu
re at 25
Chevalier2 | Mus mam | NA NA Terrestri | PRINA299 | cold NA NA No 4 weeks lab
015 musculus mal al 679 stress
Kohl2016 Lithobates | amp | 42.92299 | -88.8377 Freshwa | PRINA289 | warm NA No from collected
pipiens hibia | 72 ter 102 and embryo to
n cool, approxim
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no ately
stress Gosner
stage 25
Bestion201 | Zootoca reptil | 44.26415 | 3.71220278 | Terrestri | https://doi.p | heat +2~3 early june | collected
7 vivipara e 56 al angaea.de/ | stress 2012 to
10.1594/PA may 2013
NGAEA.87
4404
asked
Zhu2019 Gallus bird 33.32274 | 120.529903 | Terrestri | PRINA476 | heat NA lab/collect
gallus 44 al 844 stress ed
Huyben201 | Oncorhync | fish 59.81606 | 16.91101 PRJNA408 | heat 7 Yes 6 weeks lab/collect
8 hus mykiss 116 stress ed
Zare2018 Drosophila | insec | NA NA Terrestri | PRINA435 | cold -7 No until get lab
melanogast | t al 961 stress F2
er generatio
n flies
Kokou2018 | Oreochromi | fish NA NA Freshwa | PRINA431 | cold NA -12 Yes ~14d lab
S aureus ter 528 stress
Raimondi2 | Hermetia insec | 44.38944 | 7.547778 Terrestri | PRINA573 | heat NA - No the whole | lab
020 illucens t 2 al 042 and 1.16 rearing
cold 7 phase
stress
Vargas202 | Lendenfeldi | other | NA NA Marine PRJEB359 | heat 4d 5.6 Yes 5 days lab
0 a invert 27 stress
chondrodes | ebrat
e
Ramsby20 | Cliona other | - 146.493333 | Marine PRJINA407 | heat 17d 9 Yes 4 months | collected
18 orientalis invert | 18.62777 695 stress
ebrat | 8
e
Thapa2018 | Ixodes other | NA NA Terrestri | PRINA471 | heat and cold No 10 days lab
scapularis invert al 905 stress
ebrat
e
Strand2017 | Geodia other | 60.0608 5.815 Marine https://qiita. | heat 2 weeks + | 0.1 Yes 79d (65d | collected
barretti invert ucsd.edu/d | stress | 5d recovery
ownload_ra
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ebrat w_data/105 period at
e 33 7)
Tian2020 Anas bird 30.16 120.12 Terrestri | PRINA592 | heat 20d under | 10 Yes 15d commerci
platyrhynch al 979 stress | conditions al
os of natural
light and
at 25
degrees
Bricker202 | Daphnia plank | NA NA Freshwa | https://drive | heat minimum | -2 NA ~6 weeks | lab
0 magna tonic ter .google.co | and of 2 (3
crust m/drive/fold | cold weeks generatio
acea ers/TUvKn | stress | (acclimate ns)
n GedL0GjzP d to the
d1TTQPmP experime
wDO62zqCg ntal
Hiw temperatu
re)
Fontaine20 | Lithobates | amp | 41.6427 -80.4277 Freshwa | PRINA601 | heat 2 weeks 5 NA 10d collected
20 clamitans; hibia ter/Terre | 186 stress
Lithobates n strial
catesbeian
us
Li2019 Xenopus amp | 30.67 104.07 Freshwa | PRINA497 | heat NA 5 NA from eggs | collected
tropicalis hibia ter/Terre | 428 stress to 3 days
n strial after post-
metamorp
hosis
(froglet)
Aydogan20 | Arrhenather | plant | 50.52666 | 8.695 Terrestri | PRINA578 | heat NA 2 NA 6 years collected
20 um elatius; 67 al 545 stress
Galium
album
Aydogan20 | Galium plant | 50.52666 | 8.695 Terrestri | PRINA400 | heat NA 2 NA 6.5 years | collected
18 album 67 al 850 stress
Wang2020 | Haliotis other | 24.53 118.6 Marine PRJNA530 | heat NA NA NA 3 months | lab
discus invert 882 and
hannai ebrat cold
e stress
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Mensch202 | Fucus algae | 54.45415 | 10.1977461 | Marine PRJNA321 | heat NA 5 NA 1 year collected
0 vesiculosus 31 820 stress
Beirinckx20 | Zea mays plant | NA NA Terrestri | PRINA524 | cold NA 0.44 | NA 5 weeks lab
20 al 079 stress 4
Yifeng2019 | Mytilus other | 38.75 121.216667 | Marine PRJNA541 | heat 1 week 6 Yes 7 days collected
galloprovin | invert 804 stress
cialis ebrat
e
Zhong2019 | Capra mam | 34.27211 | 108.084732 | Terrestri | PRINA491 | heat 30d NA 16*5d lab/collect
aegagrus mal 7 al 591 stress ed
hircus
Mensch201 | Fucus algae | 55.02838 | 8.43316667 | Marine PRJNA310 | heat NA 5 NA >11 collected
6 vesiculosus 89 780 stress weeks
Bo2019_ex | Lasiopodo | mam | NA NA Terrestri | PRINA555 | cold NA 19 No 8 weeks collected
periment1 mys mal al 499 stress
brandtii
Bo2019_ex | Lasiopodo | mam | NA NA Terrestri | PRINA555 | cold NA 19 No collected
periment2 mys mal al 506 stress
brandtii
Krisko2020 | Mus mam | NA NA Terrestri | PRINA589 | heat 4 weeks Yes (for cold lab
musculus mal al 879 and exposure)
cold
stress
Greenspan -22.8316 | -46.9651 PRJUNA613 | heat
2020 682 stress
Zietak2016 | Mus mam Terrestri | PRINA321 | heat and cold No 4 weeks lab
musculus mal al 010 stress
Carter2021 | Notophthal | amp | 35 -84 requested no 1 week 45-90d minus 1 week
mus hibia from author | stress
viridescens | n
Eckert2021 | Lecane zoopl | 45.93 8.55 Freshwa | PRINA655 | no 75d No 1 month lab
inermis ankto ter 592 stress
n
Posadas20 | Neopetrosi | spon | 16.296 120.014 Marine PRJNAG89 | NA 7 days 4 Yes 7 days collected
21 host1 a compacta | ge 294
Posadas20 | Leucetta spon | 16.296 120.014 Marine PRJNAG89 | NA 7 days 4 Yes 7 days collected
21_host2 chagosensi | ge 294

S
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Supplementray Table 2 Modelling details for alpha-diversity and beta-dispersion effect-sizes

Multi-level mixed effects meta-analysis model

(random factor: study)

Metric Variance SMD xmin xmax Group
Richness 0.0416 -0.274 -0.6738  0.125763 Warming
Shannon 0.0321 -0.328 -0.6792  0.023163 Warming
Faith's PD 0.0356 -0.398 -0.7678  -0.02819 Warming
Evenness 0.0202 -0.266 -0.5446  0.012568 Warming
Ses.pd 0.0324 -0.109 -0.4618  0.2438 Warming
Richness 0.222 -0.117 -1.0405  0.806491 Cooling
Shannon 0.0553 -0.229 -0.6899  0.231913 Cooling
Faith's PD 0.14 -0.5 -1.2334  0.233365 Cooling
Evenness 0.0385 -0.283 -0.6676  0.10158 Cooling
Ses.pd 0.058 -0.531 -1.003 -0.05897 Cooling
Bayesian Hierarchical meta-analysis model

(priors: c(prior(normal(0,1), class = Intercept),

prior(cauchy(0,1), class = sd)); iter = 4000;

random factor: study)

Metric Estimate Est.Error 1-95% Cl u-95% CI Group
Richness -0.26 0.21 -0.68 0.15 Warming
Shannon -0.31 0.18 -0.68 0.04 Warming
Faith's PD -0.37 0.19 -0.76 0.01 Warming
Evenness -0.26 0.15 -0.55 0.02 Warming
Ses.pd -0.1 0.18 -0.46 0.25 Warming
Richness -0.09 0.43 -0.9 0.8 Cooling
Shannon -0.2 0.24 -0.7 0.27 Cooling
Faith's PD -0.43 0.35 -1.15 0.26 Cooling
Evenness -0.27 0.2 -0.69 0.12 Cooling
Ses.pd -0.5 0.24 -0.99 -0.02 Cooling
Beta dispersion

Metric Estimate Est.Error 1-95% Cl u-95% CI Group
Euclidean 0.102 0.4809 -0.8405  1.0445 Warming
on PhILR

Unweighted 0.0021 0.1169 -0.227 0.2312 Warming
Unifrac

Weighted -0.1598  0.172 -0.4968  0.1773 Warming
Unifrac

Aitchison -0.4542  0.7087 -1.8432  0.9349 Warming
Euclidean 0.1175 0.3652 -0.5983  0.8333 Cooling
on PhILR

Unweighted 0.2815 0.4374 -0.5759  1.1388 Cooling
Unifrac

Weighted -0.0035  0.1737 -0.334 0.337 Cooling
Unifrac

Aitchison 1.5379 1.2456 -0.9034  3.9792 Cooling
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Supplementary Table 3 Modelling details for moderator analysis.

Test for multicolinearity
Alpha diversity effect sizes

Moderators tested Type of Metric GVIF*(1/(2*Df))>2(indicating Group
moderators multicollinearity)
Host thermal type + body site + host categorical Richness body site, host lifespan Warming
lifespan + habitat + region + Ramping + Shannon body site, host lifespan
Collected_or_lab + immune_complexity Faith's PD host lifespan
Evenness body site, host lifespan
Ses.pd host lifespan
Richness body site, host lifespan, immune Cooling
Shannon complexity
Faith's PD
Evenness
Ses.pd
Beta-diversity effect sizes
Moderators tested Type of Metric GVIF*(1/(2*Df)) > 2 (indicating Group
moderators multicollinearity)
Host thermal type + body site + host categorical Aitchison host lifespan Warming
lifespan + habitat + region + Ramping + Euclidean on PhILR
Collected_or_lab + immune_complexity Weighted Unifrac
Unweighted Unifrac
Aitchison host lifespan, immune complexity, Cooling

Euclidean on PhILR
Weighted Unifrac
Unweighted Unifrac

body site
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Beta-dispersion effect sizes

Moderators tested Type of Metric GVIF*(1/(2*Df)) > 2 (indicating Group
moderators multicollinearity)
Host thermal type + body site + host categorical Aitchison host lifespan Warming
lifespan + habitat + region + Ramping + Euclidean on PhILR

Collected_or_lab + immune_complexity Weighted Unifrac

Unweighted Unifrac
Aitchison host lifespan, immune complexity, Cooling
Euclidean on PhILR body site
Weighted Unifrac
Unweighted Unifrac

Host microbiome alpha diversity

Moderator Type of Levels Metric estimate se pvalue Group random factor
moderator
sample size continuous  NA Richness -0.0061 0.0094 0.5155 Warming study
Shannon 0.0036 0.0082 0.664

Faith's PD -0.0067 0.0084 0.4268
Evenness 0.0053 0.0062 0.3941

Ses.pd -0.0095 0.008 0.2361
Richness -0.0078 0.0223 0.7247 Cooling
Shannon -0.0007 0.0112 0.9494

Faith's PD -0.0006 0.0176 0.9748
Evenness 0.0024 0.0092 0.791

Ses.pd 0.0088 0.0112 0.4328
Host taxonomy categorical algae, Richness 0.8141 Warming study
(higher rank) amphibians, shannon 0.8155
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Host thermal type

Host body site

categorical

categorical

Arthropoda,
birds,
corals,

dinoflagellat
es, fishes,

mammal,
mollusca,
plant,
reptiles,
sponges

ectotherms
(ref),

endotherms

, plant

internal,
external,

whole_body

Faith's PD
Evenness
Ses.pd
Richness

Shannon
Faith's PD

Evenness

Ses.pd

Richness
Shannon
Faith's PD
Evenness
Ses.pd
Richness
Shannon
Faith's PD
Evenness
Ses.pd
Richness
Shannon
Faith's PD
Evenness
Ses.pd

NS for all levels, so put
the p-value from "Test
of Moderators"

only 1 level showed
difference
only 1 level showed
difference
only 1 level showed
difference

NS for all levels, so put
the p-value from "Test
of Moderators"
NS for all levels, so put
the p-value from "Test
of Moderators"
NS for all levels

two levels sig
NS for all levels
NS for all levels

0.6797
0.3358
0.7597
0.2178

<.0001

0.0018

0.1086

0.5866

0.8848
0.5907
0.676

0.4771
0.7102
0.8968
0.3598
0.8656
0.0076
0.1171
0.4077
0.8194
0.7676
0.8645
0.2278

Cooling

Warming

Cooling

Warming

study

study, host_taxa,

host habitat

study

78



Richness 1 level sig 0.0004 Cooling study, host_taxa,
Shannon NS for all levels 0.4287 host habitat
Faith's PD 1 level sig 0.0003
Evenness NS for all levels 0.5155
Ses.pd 0.7812
Amplicon region categorical  full length Richness 1 level sig 0.3191 Warming study
(ref), V1-V2,  ghannon NS for all levels 0.8524
x;:xi’ xi Faith's PD NS for all levels 0.7784
V4-V5, V5- Evenness 1 level sig 0.0791
V6 Ses.pd NS for all levels 0.9026
V1-V3(ref), Richness 1 level sig 0.0069 Cooling study, host_taxa
V3, V3-V4,  shannon NS for all levels 0.192
va Faith's PD NS for all levels 0.8564
Evenness 1 level sig 0.0102
Ses.pd NS for all levels 0.8941
Host immune categorical innate, Richness 0.2867 0.3853 0.4568 Warming study
complexity adaptive Shannon -0.3028  0.3496 0.3864
(ref) Fait's PD  0.3399 03557  0.3394
Evenness -0.3132 0.3233 0.3327
Ses.pd 0.2461 0.3495 0.4813
Richness -0.7282 1.5965 0.6483 Cooling study, host_taxa
Shannon -0.5914 0.9782 0.5455
Faith's PD -0.8737 1.5366 0.5696
Evenness -0.4194 0.5094 0.4103
Ses.pd 0.3122 0.5047 0.5362
Host habitat categorical  terrestrial, Richness 0.0834 0.4266 0.845 Warming study
aquatic (ref)  shannon -0.3717  0.3788 0.3265
Faith's PD -0.0607 0.4079 0.8818
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Host native region

Annual
temperature

categorical

mean continuous

continuous

tropical,
subtropical,
temperate

subtropical
(ref),
temperate

NA

NA

Evenness
Ses.pd
Richness
Shannon
Faith's PD
Evenness
Ses.pd
Richness
Shannon
Faith's PD
Evenness
Ses.pd
Richness
Shannon
Faith's PD
Evenness
Ses.pd
Richness
Shannon
Faith's PD
Evenness
Ses.pd
Richness
Shannon
Faith's PD
Evenness
Ses.pd
Richness

-0.5425
0.0124
2.3149
1.128
1.4845
0.2185
0.8263

NS for all levels, so put
the p-value from "Test

0.3165
0.3856
0.7715
0.3863
0.5439
0.4049
0.466

of Moderators"

-0.4542
-0.1505
0.221
0.0674
0.0277
0.0163
0.0187
0.0194
0.0056
0.0065
0.0354
0.0141
-0.0043
-0.0198
-0.0176
-0.0078

0.4978
0.3915
0.4799
0.3045
0.3792
0.0253
0.0206
0.0235
0.0165
0.0245
0.0395
0.035
0.04
0.0223
0.0305
0.0168

0.0865
0.7478
0.0027
0.0035
0.0063
0.5894
0.0762
0.7243
0.5721
0.4505
0.7196
0.9754
0.3616
0.7007
0.6451
0.8249
0.9418
0.52

0.3643
0.4084
0.7358
0.7909
0.3694
0.6875
0.9137
0.3742
0.5632
0.6434

Cooling

Warming

Cooling

Warming

Cooling

Warming

study, host_taxa

study

study, host_taxa,
host habitat

study

study, host_taxa,
host habitat

study
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Annual temperature
range

Experimental continuous  NA

exposure time

Experimental continuous  NA

temperature span

Shannon
Faith's PD
Evenness
Ses.pd
Richness
Shannon
Faith's PD
Evenness
Ses.pd
Richness
Shannon
Faith's PD
Evenness
Ses.pd
Richness
Shannon
Faith's PD
Evenness
Ses.pd
Richness
Shannon
Faith's PD
Evenness
Ses.pd
Richness
Shannon
Faith's PD
Evenness

0.0002
-0.0103
0.0033
-0.0084
0.0188
0.0196
0.051
0.022
0.039

-0.0001

-0.0001

-0.002
-0.0007
-0.0017
-0.0001
-0.0008
-0.0596
-0.035
-0.064
-0.0373
0.0326
0.0387
-0.0037
-0.0106
0.04

0.0133
0.0152
0.0102
0.0156
0.0301
0.0233
0.0288
0.0133
0.0176

0.9905
0.4999
0.7425
0.5897
0.5315
0.402

0.0766
0.0995
0.0268
0.4668
0.0262
0.1061
0.0363
0.2104
0.0077
0.135

0.0043
0.7564
0.0524
0.361

0.551

0.2887
0.4038
0.5757
0.6406
0.9099
0.8574
0.2499

Cooling

Warming

Cooling

Warming

Cooling

study, host_taxa,
host habitat

study

study, host_taxa,
host habitat

study

study, host_taxa,
host habitat
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Experimental categorical
temperature change

rate

Prior experimental categorical
lab acclimation

Host lifespan categorical

ramping
(ref), static

short (newly

collected

host and

maintained

in lab for a
few days,
ref), long

(acclimated

in lab for

years)

month (ref),

year
day (day),
month, year

Ses.pd
Richness
Shannon
Faith's PD
Evenness
Ses.pd
Richness
Shannon
Faith's PD
Evenness
Ses.pd
Richness
Shannon
Faith's PD
Evenness
Ses.pd
Richness
Shannon
Faith's PD
Evenness
Ses.pd
Richness
Shannon
Faith's PD
Evenness
Ses.pd
Richness
Shannon

-0.0239
-0.9853
-0.6202
-0.9846
-0.1308
-0.7184
-3.2633
-0.5978
-0.9121
0.6871
0.3517
0.9284
0.0457
0.3781
-0.0949
0.0063
0.6922
-0.0874
-0.1095
-0.22
-0.3125
-1.0314
0.1585
-0.2926
0.4057
0.6885

NS for all
levels, so

0.0431
0.309
0.3302
0.3214
0.3085
0.361
1.0185
0.557
1.7366
0.3785
0.58
0.3193
0.2364
0.3517
0.2192
0.4976
1.1924
0.4264
0.327
0.3636
0.5568
0.5963
0.4757
0.6449
0.4316
0.539

0.5793
0.0014
0.0604
0.0022
0.6715
0.0466
0.0014
0.2832
0.5995
0.0695
0.5442
0.0036
0.8467
0.2823
0.665

0.9899
0.5616
0.8376
0.7377
0.5451
0.5746
0.0837
0.7391
0.6501
0.3472
0.2015
0.1157
0.8826

Warming

Cooling

Warming

Cooling

Warming

Cooling

study, exposure
time

study, host_taxa,
host habitat,

experimental time

study, exposure
time

study, host_taxa,
host habitat,

exposure_time

study,
time

exposure
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Faith's PD put the p- 0.0025 study, host_taxa,
Evenness value from 0.377 host habitat,
"Test of exposure_time
Ses.pd Moderator 0.3005
s"
Host microbiome beta dispersion
sample size continuous  NA Aitchison -0.0083 0.0391 0.832 Warming study
Euclidean on 0.0032 0.021 0.8795
PhILR
Weighted -1.2396 0.0047 <.0001
Unifrac
Unweighted  -2.9697 0.0074 <.0001
Unifrac
Aitchison -0.0666 0.0631 0.2918 Cooling
Euclidean on -0.011 0.0239 0.6468
PhILR
Weighted 0.06 0.0072 <.0001
Unifrac
Unweighted  0.0173 0.0059 0.0033
Unifrac
host taxonomy categorical algae, Aitchison NS for all levels, so put 0.9929 Warming study
(higher rank) amphibians, Eyclidean on the p-value from "Test (gg37
Arthropoda, ppILR of Moderators"
birds, Weighted 0.491
corals, Unifrac
dinoflagellat  ynweighted 0.0715
es, fishes, ynifrac
mammal,
mollusca,
plant,
reptiles,
sponges
Aitchison 0.2721 Cooling
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host thermal type

Host body site

categorical

categorical

amphibians
(ref),
Arthropoda,
fishes,
mammal,
mollusca,
plant,
rotifers
ectotherms,
endotherms
, plant

internal,
external,
whole body

Euclidean on
PhILR

Weighted
Unifrac
Unweighted
Unifrac

Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison
Euclidean on
PhILR
Weighted
Unifrac

NS for all levels, so put
the p-value from "Test
of Moderators"

rotifer different from ref

NS for all levels

NS for all levels

0.5673

0.0007

<.0001

0.9439
0.9831

0.6616

0.9963

0.9247
0.9601

0.7865

0.8029

0.9234
0.7175

0.5035

0.9821

0.6771
0.8538

0.0501

Warming

Cooling

Warming

Cooling

study

study, sample size

study
study, sample
size, host

taxanomy (higher
rank)
study

study, sample size

study
study, sample
size, host
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Amplicon region categorical
host immune categorical
complexity

host habitat categorical

full  length
(ref), V1-V2,
V1-V3, V3,
V3-V4, V4,
V4-V5, V5-
V6

V1-V3(ref),
V3, V3-V4,
V4

innate,
adaptive
(ref)

Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac

Aitchison

NS for all levels

1 level sig

NS for all levels

-0.1775
1.2995

-0.0491

0.3969

3.2686
0.9504

0.7837

1.9627

0.9415

1.5356
0.9271

0.4051

0.6935

2.4259
0.6659

0.5386

1.4419

1.5346

0.6007

0.9916
0.0006

0.6969

0.5913

0.0006
0.2962

0.4405

0.461

0.908
0.161

0.9035

0.5671

0.1779
0.1535

0.1456

0.1734

0.5395

Warming

Cooling

Warming

Cooling

Warming

taxanomy (higher
rank)
study

study, sample size

study
study, sample
size, host
taxanomy (higher
rank)
study

study, sample size

study
study, sample
size, host

taxanomy (higher
rank)

study
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host native region

Annual
temperature

categorical

mean continuous

terrestrial,
aquatic (ref)

tropical,
subtropical
(ref),
temperate

subtropical
(ref),
temperate

NA

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac

Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison
Euclidean on
PhILR
Weighted
Unifrac

0.179 0.9666
-0.4156 0.4268
-0.018 0.7547
2.4686 2.5705
0.9255 0.6778
0.2411 0.3187
0.3982 0.7835

NS for all levels, so put
the p-value from "Test
of Moderators"

both temperate and
tropical different from
subtropical

tropical differnet from
subtropical

NS for all levels, so put
the p-value from "Test
of Moderators"

0.86 0.052

0.187 0.0223
-0.0347 0.1058
-0.0461 0.0758
-0.1205 0.0023

0.8531

0.3301

0.981

0.3369
0.1721

0.4492

0.6113

0.1498
0.8741

<.0001

<.0001

0.06
0.2595

<.0001

<.0001

0.7427
0.5429

<.0001

Cooling

Warming

Cooling

Warming

study, sample size

study
study, sample
size, host
taxanomy (higher
rank)
study

study, sample size

study
study, sample
size, host
taxanomy (higher
rank)
study

study, sample size
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Annual temperature continuous

range

experimental

exposure time

continuous

NA

NA

Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR

0.0425

0.0606
0.0104

0.0457

-0.0473

0.0175
-0.0021

0.0975

-0.0263

-0.1534
-0.0831

-0.0656

0.0162

-0.0009

0.0058

0.1993
0.0814

0.0009

0.0017

0.0682
0.0517

0.0014

0.004

0.1267
0.0634

0.0026

0.001

0.0001
0.0001

0

0

0.0021
0.0015

<.0001

0.7612
0.8986

<.0001

<.0001

0.7978
0.9678

<.0001

<.0001

0.2259
0.1897

<.0001

<.0001

0.7852
0.6721

0.3107

0.9024

0.6707
0.9743

Cooling

Warming

Cooling

Warming

Cooling

study
study, sample
size, host

taxanomy (higher
rank)
study

study, sample size

study
study, sample
size, host
taxanomy (higher
rank)
study

study, sample size

study
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experimental continuous
temperature span
experimental categorical
temperature change
rate

categorical

NA

ramping
(ref), static

Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

0.0006

0.0004

0.0004
-0.038

0.0215

-0.0216

-0.0299
-0.0671

-0.0429

-0.0532

-2.4061
-1.6806

-0.4116

-0.1729

-4.7917
-0.32

0.1565

-1.3496

0.4773

0.0002

0.0009

0.2552
0.1331

0.0575

0.0391

0.2418
0.1031

0.0254

0.0671

1.2819
0.8643

0.4098

0.72

3.076
0.8485

0.4273

0.832

0.9921

0.0004

0.6569

0.9988
0.7751

0.7083

0.5801

0.9015
0.5154

0.0913

0.4279

0.0605
0.0518

0.3153

0.8103

0.1193
0.7061

0.7141

0.1048

0.6304

Warming

Cooling

Warming

Cooling

Warming

study, sample
size, host
taxanomy (higher
rank)
study

study, sample size

study
study, sample
size, host
taxanomy (higher
rank)
study

study, sample size

study
study, sample
size, host

taxanomy (higher
rank)
study
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prior experimental
lab acclimation

Host lifespan categorical

short (newly
collected
host and
maintained
in lab for a
few days,
ref), long
(acclimated
in lab for
years)

month (ref),
year

day (day),
month, year

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR

Weighted
Unifrac
Unweighted
Unifrac

2.7059 0.6954
0.6426 0.5109
0.4991 1.0762
4.18 3.9715
0.5254 1.5596
0.4612 0.9601
1.9377 2.4949
-1.5196 1.648

-2.6455 0.549

0.6796 0.6717
-0.5176 1.2729

NS for all levels, so put
the p-value from "Test
of Moderators"

NS for all levels, so put
the p-value from "Test
of Moderators"

all levels different from
ref

all levels different from
ref

<.0001

0.2085

0.6428

0.2926
0.7362

0.631

0.4374

0.3565
<.0001

0.3117

0.6843

0.1956

0.1359

<.0001

<.0001

Cooling

Warming

Cooling

study, sample size

study
study, sample
size, host
taxanomy (higher
rank)
study

study, sample size

study
study, sample
size, host

taxanomy (higher
rank)

Host microbiome beta diversity (no variance data for the ES, using Imer rather than rma.mv for multilevel models)

Moderator Type of Levels Metric estimate se tvalue Group random factor
moderator
sample size continuous  NA Aitchison 0.0004641 0.0008297 0.559 Warming study
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host taxonomy categorical

(higher rank)

algae,
amphibians,
Arthropoda,
birds,
corals,
dinoflagellat
es, fishes,
mammal,
mollusca,
plant,
reptiles,
sponges
amphibians
(ref),
Arthropoda,
fishes,
mammal,
mollusca,
plant,
rotifers

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR

Weighted
Unifrac

Unweighted
Unifrac

Aitchison
Euclidean on
PhILR

Weighted
Unifrac

-0.00102

0.0004764
0.0005002

0.0005044
-0.002213
-0.003881
0.0009867
NS for
F=0.7876

NS for
F=1.5888

NS for
F=1.0088

NS for
F=0.6736

NS for
F=0.6793

NS for
F=1.085

NS for
F=0.302

0.001367
0.0015604
0.0008994
0.001146
0.002036
0.003383
0.0019888

all levels,

all  levels,

all levels,

all levels,

all levels,

all levels,

all levels,

-0.746
-0.305
0.556
-0.44
-1.087
-1.147

-0.496

0.076,1.94
3)
(_
0.533,1.55
5)

0.061,2.08
4)

0.08,1.92)

(_
0.529,1.46
)

0.246,1.13
7)

0.043,1.04
5)

Cooling

Warming study

Cooling
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host thermal type

Host body site

categorical

categorical

ectotherms,
endotherms
, plant

internal,
external,
whole body

Unweighted
Unifrac

Aitchison

Euclidean on
PhILR
Weighted
Unifrac

Unweighted
Unifrac
Aitchison

Euclidean on
PhILR

Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR

NS for all
F=0.4998

NS for all levels

1 level sig

NS for all levels

1 level sig

NS for all levels

NS for all levels

levels,

0.202,1.30
3)
pvalue

>0.0591 Warming

>0.254

plant:es=0
.32521,se

=0.15804,

pval=0.04

55

>0.306

>0.97924
plant:es=0
.15123,se
=0.06508,
pval=0.02
71
>0.7701

Cooling

>0.62

>0.84768
>0.33894

Warming

>0.58994
>0.3254

>0.606
>0.939

Cooling

study

study
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Amplicon region

host
complexity

host habitat

categorical

immune categorical

categorical

full  length
(ref), V1-V2,
V1-V3, V3,
V3-V4, V4,
V4-V5, V5-
V6

V1-V3 (ref),
V3, V3-V4,
V4

innate,
adaptive
(ref)

Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

NS for all levels

V1-V3 es>0

V1-V3 es>0

0.03529 0.03087
0.03581 0.05146
0.06185 0.05642
0.02873 0.03346
0.04215 0.04081
0.09353 0.06549
0.1195 0.1377
0.07999 0.07674
-0.01995  0.03293

>0.311

>0.676

>0.377
>0.515

>0.507

>0.534

>0.1537
>0.414

0.00054

0.000162

1.143
0.696

1.096

0.858

1.033
1.428

0.868

1.042

-0.606

Warming study
Cooling
Warming study
Cooling
Warming study
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host native region

Annual
temperature

categorical

mean continuous

terrestrial,
aquatic (ref)

tropical,
subtropical
(ref),
temperate

subtropical
(ref),
temperate

NA

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac

-0.03813
0.009184
-0.01742

-0.01692
0.06397

0.1904

0.0006126

0.05483

0.059936

0.03545

0.04585
0.07359

0.1356

0.0839674

NS for all levels

0.01861
0.0987

0.184
0.02211
0.0005002
0.001054

-0.001685

0.04669
0.08498

0.1065

0.06837

0.0022271

0.003701

0.004363

-0.695
0.153
-0.491

-0.369
0.869

1.404
-0.007

(-1.563,-
1.613)
(-1.119,-
0.56)
(-0.501,-
0.149)
(-1.801,-
1.705)
0.399

1.161
1.727
0.323
0.8237
0.7779

0.7019

Cooling

Warming

Cooling

Warming

study

study
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Annual temperature continuous

range

experimental

exposure time

continuous

NA

NA

Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR

0.0009338
0.002741

0.0007988
-0.001935

0.004731

6.52E-04
5.08E-04

0.001389
4.56E-04

-0.003523
-0.001439

-0.003221
-0.005641

4.72E-06
5.59E-06

1.13E-05
2.69E-06

5.16E-05
1.98E-05

0.0024879

0.003616
0.0067617

0.008783

0.005153

1.40E-03
2.35E-03

0.002735

1.56E-03

0.002064
0.004207

0.005426

0.003096

1.48E-06
2.61E-06

2.54E-06

1.77E-06

3.48E-05
6.72E-05

0.7098

0.458
0.908

0.828

0.369

0.6446
0.82996

0.615
0.7724

0.10551
0.736

0.5589
0.08214

3.186
2.146

4.424

1.526

1.484
0.294

Cooling

Warming

Cooling

Warming

Cooling

study

study
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experimental continuous
temperature span

experimental categorical
temperature change
rate

categorical

NA

ramping
(ref), static

Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

Euclidean on
PhILR
Weighted
Unifrac
Unweighted
Unifrac
Aitchison

-1.37E-05

4.28E-05

0.003369
0.005935

-0.002865

0.005527

-0.000673
0.005276

-0.001744

-0.001838

0.07528
0.04056

0.0776

0.05449

0.01494
0.12955

-0.2289

-0.1668

0.02523

1.21E-04

6.69E-05

0.005465
0.009052

0.010495

0.005917

0.003732
0.006729

0.011593

0.006558

0.0305
0.05285

0.06258

0.03537

0.05783
0.08678

0.1942

0.1134

0.03781

-0.113

0.64

0.617
0.656

-0.273

0.934

-0.18
0.784

-0.15

-0.28

2.468
0.767

1.24

1.54

0.258
1.493

-1.179

-1.47

0.667

Warming

Cooling

Warming

Cooling

Warming

study

study

study
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prior experimental
lab acclimation
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Abstract

Climate change is causing extreme heating events and intensifying infectious disease
outbreaks. Animals harbour microbial communities, which are vital for their survival and fithess
under stressful conditions. Understanding how microbiome structures change in response to
infection and warming may be important for forecasting host performance under global change.
Here, we evaluated alterations in the microbiomes of several wild Caenorhabditis elegans
isolates spanning a range of latitudes, upon warming temperatures and infection by the
parasite Leucobacter musarum. Using 16S rRNA sequencing, we found that microbiome
diversity decreased, and dispersion increased over time, with the former being more prominent
in uninfected adults and the latter aggravated by infection. Infection reduced dominance of
specific microbial taxa, and increased microbiome dispersion, indicating destabilizing effects
on host microbial communities. Exposing infected hosts to warming did not have an additive
destabilizing effect on their microbiomes. Moreover, warming during pre-adult development
alleviated the destabilizing effects of infection on host microbiomes. These results revealed an
opposing interaction between biotic and abiotic factors on microbiome structure. Lastly, we
showed that increased microbiome dispersion might be associated with decreased variability
in microbial species interaction strength. Overall, these findings improve our understanding of

animal microbiome dynamics amidst climate change and epidemics.
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Introduction

Global climate change has led to multiple climate hazards including more extreme
temperatures, resulting in population decline and biodiversity loss (Alessandro et al. 2018).
Shifting global temperatures is also changing the geographic distribution of infectious diseases,
leading to intensified disease outbreaks (Jones et al. 2008; Liang & Gong 2017). As
temperatures increase, hosts and parasites are experiencing shifts in their thermal
environment, driving variation in disease outcomes (Hector et al. 2023; Mora et al. 2022). Thus,
projections of species persistence in the changing world will need to account for threats posed
by both warming and infection, as well as the interaction of these dual stressors (Lafferty &

Mordecai 2016; Maynard et al. 2015).

Accumulating evidence shows that host health in the face of changing temperatures can be
mediated by host microbiomes (Henry et al. 2021; Hector et al. 2022), as well as parasite
infection (Ford & King 2016; Stevens et al. 2021). Microbiomes are highly sensitive to biotic or
abiotic disturbances (Jani & Briggs 2014; Muletz-Wolz et al. 2019; Ribas et al. 2023). Changes
in microbiome structure and stability as a result are increasingly recognized as meaningful
indicators to altered host health (Jani & Briggs 2014; Muletz-Wolz et al. 2019; Hill et al. 2012).
Studying microbiome dynamics under warming and infection scenarios provides important
predictions on species persistence under climate change and infectious diseases (Jani &

Briggs 2014; Ribas et al. 2023; Astudillo-Garcia et al. 2019).

Temperature and parasite infection can both disrupt host microbiome structure (Muletz-Wolz
etal. 2019; Huus & Ley 2021; Li et al. 2023; Chang et al. 2008; Maji et al. 2018; Luo et al. 2017;
Wei et al. 2017; Jani & Briggs 2014). Across animal species, experimental warming has been
shown to decrease host microbiome phylogenetic diversity and alter microbiome composition

(Li et al. 2023). The effects of temperature on host microbiota can vary depending on local
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environmental conditions. Hosts adapted to more variable thermal conditions can experience
less loss of microbiome diversity under thermal stress (Li et al. 2023). Whilst infection can alter
microbiome diversity, the direction of change varies across host and parasite species. For
example, Clostridioides difficile infection in the human gut can decrease microbiome diversity
(Chang et al. 2008), while Mycobacterium tuberculosis infection has the opposite effect (Maji
et al. 2018; Luo et al. 2017). Higher temperatures (prior to Batrachochytrium dendrobatidis
exposure) and infection individually decreased skin microbiome richness on red-backed
salamanders (Plethodon) (Muletz-Wolz et al. 2019). The extent to which warm temperatures

and infection might interact to structure host microbiomes more extensively is unclear.

Here, we explored the separate and combined effects of infection and warming (i.e., at different
time points across host lifespan) on host microbiome structure and stability. We used
Caenorhabditis elegans nematodes, representative species of their natural gut microbiome
(CeMbio community isolated from temperate nematodes (Dirksen et al. 2020)), and a natural
parasite of Caenorhabditis spp., Leucobacter musarum (Hodgkin et al. 2013). Use of C.
elegans with a consortium of culturable bacterial associates enabled us to explore metabolic
interactions with the parasite. We included a diversity of wild nematode isolates across a range
of latitudes to understand the impact of habitat adaptation on these relationships. The fithess
levels of C. elegans isolates can be dependent on thermal preferences (Anderson et al. 2011),
with phenotypes exhibited varying across temperatures and life stages (Maulana et al. 2022).
We predicted that warming and infection might individually destabilize host microbiomes, with
the extent of disruption dependent on the timing of warming. Destabilization induced by
warming and infection could be characterized by increased interindividual variability in
microbiome structure (or dispersion). Such a pattern could indicate a loss of host ability to
regulate community composition in an otherwise stable state (Zaneveld et al. 2017; Ma 2020;

Lesser et al. 2016). We used 16S rRNA sequencing and metabarcoding analysis, to measure
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changes in microbiome diversity and dispersion. We established microbial species co-
occurrence networks to assess the strength and direction of species associations at different
times when warming occurred. We reconstructed species-level genome-scale metabolic
models using whole-genome sequences to explore the potential metabolic interactions
between microbiome species and the parasite. Overall, we found that host microbiomes were
destabilized non-additively by the stressors. The timing of warming and degree of lab
adaptation (lab vs. wild isolates) played a role on microbiome responses to both stressors.
These results highlight the dynamic nature of host microbiomes in a more thermally variable

and infectious world.

Materials and Methods

Nematode, bacterial strains and maintenance

We used the lab-adapted N2 and eight wild C. elegans isolates (obtained from the
Caenorhabditis Genetics Centre; CGC, Minnesota, USA) originally collected across a range of
latitudes (See Supplementary Table 1 for list of isolates and their locations of origins). N2 has
been commonly used in biological research since its introduction to the research community
by Sydney Brenner in 1974 (Brenner 1974). The wild isolates were chosen from a range of
latitudes at similar elevations. At the start of all experiments, C. elegans isolates were thawed
from frozen stocks and maintained at 20°C, according to a standard maintenance protocol
using nematode growth medium (NGM) plates seeded with Escherichia coli OP50 as food
(Stiernagle 2006). OP50 was grown at 30°C overnight in Luria-Bertani (LB) broth, with 100 pl
of culture then spread onto each NGM plate and incubated at 30°C overnight. Worm

populations were synchronized and made sterile by bleaching (Stiernagle 2006).

For host microbiome colonisation, we used a community of 12 bacterial isolates found naturally

associated with C. elegans (CeMbio kit) (Dirksen et al. 2020). The CeMbio community is a
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simplified natural microbiome derived from a meta-analysis on wild C. elegans (Zhang et al.
2017). Each species is readily culturable, with its full genome sequenced (Dirksen et al. 2020).
CeMbio strains can colonize the worm gut individually or comprise a robust community during
host development and potentially affect nematode life-history (Dirksen et al. 2020). Each
CeMbio strain was grown individually in LB broth for 24-48h at 25°C. Cultures were then
standardised to an optical density (OD, 600nm) of 1 for consistent doses within and across
experiments. The community inoculum was prepared by mixing equal volumes of each
bacterial strain. Microbiome exposure plates were prepared by spreading 400 ul of the mixture
inoculum onto 9 cm NGM plates. For comparison, the OP50 feeding plates were prepared by
spreading the same amount of culture (standardized to the same OD as microbiome cultures).
We ensured individual CeMbio strains could colonize worm gut during host development. We
exposed C. elegans to each CeMbio strain (the same dose as in the community mixture),
collected and crushed pre-adult worms for DNA extraction, and performed standard PCR using

both general and species-specific primers to detect the presence of individual strain.

We exposed nematodes to Leucobacter musarum sp. nov. subsp. musarum subsp. nov strain
CBX152T (L. musarum), a highly virulent parasite isolated from Caenorhabditis tropicalis in
Cape Verde (Andrews 2010). L. musarum causes severe rectal disease and ultimately death
in C. elegans (Andrews 2010). Other species of this genus have been found naturally infecting
C. elegans (Bates & King 2021; Bates et al. 2021). For parasite exposures, L. musarum was
grown in LB broth at 30°C overnight, and the culture was standardized to OD(600) 0.3. The
infection exposure plates were prepared by streaking 74 ul of inoculum containing 20% L.
musarum and 80% OP50 (standardized to OD(600) 1) onto 5.5 cm NGM plates and incubating
at 25°C for 24h (Bates et al. 2021). Control plates were prepared by spreading a similar amount

of OP50 culture.
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Fig. 1. Schematic of experimental microbiome sampling. In brief, L1 stage lab-adapted N2 worms or
wild worm isolates were grown on microbiomes at 20°C or 25°C until L4 stage. L4 worms were
exposed to parasites (or not) at 20°C or 25°C. In total, four temperature regimes were used: 20°C-
20°C (ambient temperatures during development and adulthood), 20°C-25°C, 25°C-20°C, and 25°C-
25°C Host gut microbiomes were sampled pre-adulthood (from L4 young adults) and at adulthood.

Sampling of C. elegans gut microbiomes

We manipulated temperature during the worm developmental period (from L1 to L4 young
adults) and subsequent parasite exposure (Fig. 1). We used the ambient temperature of 20°C
and a warmer temperature of 25°C. This higher temperature causes mild heat stress for
temperate C. elegans isolates with the potential to shorten lifespan and reduce reproductive

output (Xiao et al. 2013; Gouvéa et al. 2015).

To study host microbiome dynamics under infection and warming, approx. 1000 L1 nematodes
were grown on OP50 or microbiomes feeding plates at either 20°C or 25°C for ~48h or ~34h,
until they reached L4 (worms develop faster at higher temperatures). L4 young adults were
transferred to infection (20% L. musarum and 80% OP50) or control (OP50 only) plates, and
left for 24h at either 20°C or 25°C. Each treatment was replicated six times. Worm populations
were sampled before they were transferred to infection plates (labelled “pre-adult”) and after
10h (labelled “adult”) under all temperature treatments. We sampled worm microbiomes at 10h
post-parasite exposure to ensure that host microbiomes were sampled from mostly live,
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infected hosts (Bates et al. 2021). To collect host gut microbiomes, we washed worms off the
NGM plate using M9 buffer. Approx. 700 worms were harvested from each replicate and
crushed using the QIAGEN TissueLyser Il for 5 min to release gut microbiomes. We collected
microbiomes from 60 N2 worm samples and 80 wild isolate samples. Collected bacterial

samples were immediately frozen at -20°C.

Amplicon sequencing and data processing

DNA was extracted from frozen bacterial samples using the ZymoBIOMICS DNA Miniprep kit
(Zymo) according to manufacturer’s instructions. DNA extractions were conducted in a random
order to avoid batch effects on downstream microbiome data. We also extracted DNA from the
frozen stock of in-vitro CeMbio community culture that was used for host exposure, as a
reference community, to compare with host gut microbiomes. The V3-V4 regions of bacterial
16S rRNA were amplified using the universal primer pair 341F (5-CCTACGGGNGGCWGCAG-
3’) and 805R primer (5-GACTACHVGGGTATCTAATCC-3’). PCR amplicons were sequenced
on the lllumina Miseq platform using 2 x 300bp v3 chemistry (Integrated Microbiome Resources,

Canada (Comeau et al. 2017)).

FastQC (Andrews 2010) and MultiQC (Ewels et al. 2016) were used for initial visualization of
read quality, primers were removed using Cutadapt (Martin 2011). Paired-end reads were
joined using vsearch (Rognes et al. 2016). All low-quality reads were then filtered using default
quality thresholds before starting the Deblur (Amir et al. 2017) workflow to denoise and classify
sequences into ASVs. Trimming length was determined as 400 bp after manually viewing the
quality plot. As full-length 16S rRNA sequences for CeMbio strains were well-characterized
(Dirksen et al. 2020), we processed the obtained sequencing reads through the closed-
reference OTU picking pipeline in QIIME2 (Bolyen et al. 2019). To build the reference, we
downloaded full-length 16S sequences for all CeMbio strains and converted sequences to qza

formatted reference files for processing by QIIME2. Taxonomy of the resolved ASVs was
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assigned by clustering ASVs to the customized reference with 99% similarity thresholds.

Microbiome diversity and compositional analysis

To account for the different number of reads in each sample, we used a normalization method
called scaling with ranked subsampling (SRS) (Beule & Karlovsky 2020). This method can
better preserve the original microbial community structure and minimize subsampling errors
compared with the rarefy approach. After normalization, five samples from the wild isolates
assay were discarded because of low sequencing depth. Based on SRS-normalized data, four
alpha diversity indices -Shannon's index, Richness, Evenness, and Faith's phylogenetic
distance (Faith’s PD) - were computed using the R package phyloseq (McMurdie & Holmes
2013). These four alpha diversity metrics individually quantified a different aspect of community
diversity (Colwell 2009). Richness is the observed number of different species in the microbial
community, which does not consider species abundance. Evenness measures the equity in
species abundance in the community, where bigger values represent more evenly distributed
species abundance. Shannon’s index quantifies the uncertainty in predicting the species
identity of an individual taken randomly from the community, which considers both species
richness and evenness. Faith’s PD is the only metric accounting for species phylogenetic
distance in the community. It is measured as the sum of branch lengths between the observed

species on a phylogenetic tree.

To quantify the dominance level of microbial communities, three different dominance indices —
Berger-Parker, McNaughton’s, and Simpson’s indices — were calculated using the R package
mia (Ernst et al. 2023). The Berger-Parker index is the relative abundance of the most abundant
species in the community, and McNaughton’s index is the sum of relative abundances of the
two most abundant species in the community. Simpson’s index is the probability that two
randomly chosen species are the same. All three range from 0 to 1, where bigger values

represent greater dominance.
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For beta diversity, community distance matrices of unweighted and weighted UniFrac, Bray-
Curtis and Aitchison dissimilarity were calculated based on either srs-normalized relative
abundance or srs-normalized read counts, using the R package phyloseq. Different beta
diversity metrics can lead to variable study power, thus consistency across multiple metrics
indicates strong and more reliable patterns (Kers & Saccenti 2022). Permutational analysis of
variance (PERMANOVA) was conducted with 9999 replications on each distance metric to
evaluate differences in the microbiome structure and composition between treatments using
the R package vegan (Dixon 2003). To test microbial stability and dispersion at a multivariate
level, for each beta diversity metric, we calculated pairwise distance of samples, representing
the distance of two samples within the same treatment group. Sets of values were compared

between treatment groups using Wilcoxon Rank-sum test.

Bacterial co-occurrence analysis

Microbial co-occurrence networks are commonly built from species abundance data. They are
widely applied to explore interactions and co-existence of bacterial species (Ma et al. 2020). In
the co-occurrence network, nodes are the bacterial species, and links between nodes usually
represent significant species associations (Ma et al. 2020). Links can have different weights
which indicate varying association strength. Positive links (i.e. higher abundance of bacterial A
associated with higher abundance of bacterial B) indicate facilitative interactions, and negative
links (i.e. higher abundance of bacterial A associated with lower abundance of bacterial B)

indicate competitive interactions (Ma et al. 2020).

We established microbial co-occurrence networks on the species level for different treatment
groups using SparCC (Friedman & Alm 2012) program wrapped in SpiecEasi R package (Kurtz
et al. 2015). This program is robust to any distribution of community abundances. One-hundred

bootstrap replicates were used to calculate significant levels, the threshold for SparCC
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correlation matrix was set at 0.3 and spurious links (absolute correlation coefficient < 0.3) were
removed. Links with p-values <.05 were considered significant correlations. The number of

positive and negative links were summarized for each treatment group.

Test for differentially abundant species

We performed differential species analysis using ALDEx2 (a clr based method) (Fernandes et
al. 2014). Non-parametric Wilcoxon rank-sum test was conducted on each of the species
between treatment groups using aldex.ttest in R. Species with a Benjamini & Hochberg (BH)
adjusted p-value < 0.05 were considered to be differently enriched between groups. The
expected value of group distribution difference (median log2 difference) and pooled group
variance (median log2 dispersion) were calculated using the aldex.effect function. So was the
standardized effect size on species abundance difference between groups. Species with an
effect-size of > 0.3 were considered to have a large difference between groups. Further
exploration between species enrichment and their potential metabolic interactions and

phylogenetic distance were conducted (SI Methods and Results).

Statistical analysis

Unless specified, all analyses were conducted in R 4.1.0 (RStudio 2023.03.1+446). Data was
assessed for normality using the shapiro.test function in R prior to a t-test or non-parametric
Wilcoxon rank-sum test. To test differences between more than two levels, an ANOVA or
Kruskal Wallis test was used. We compared microbiome alpha, beta diversity and beta
dispersion between infected vs. uninfected hosts, as well as between hosts under different
warming regimes. Comparison was also made between pre-adult and uninfected adult host
microbiomes, which reflected the temporal change of pre-adult host microbiomes after 10h off

the environmental microbiomes.
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Results

We generated a total of 2,014,429 high-quality sequences (average length 400 bp) from 142
microbiome samples (including 140 in vivo samples, and two in-vitro CeMbio community
cultures). We found that CeMbio microbiomes commonly colonised worm guts together, across
the lab and wild isolates (see Fig. S1 for pre-adult host microbiome profiles). JUb19, MYb71
and BIGb0170 had high relative abundance while JUb134 was less abundant in the community
(Fig. S1), indicating stronger colonization abilities for the former and poorer for the latter,
consistent with previous findings (Dirksen et al. 2020). We did not find that bacterial
colonisation abilities (the fraction of relative abundance) were dependent on their placement

on the phylogenetic tree (Fig. S9a).

Temporal dynamics of infected and uninfected host microbiomes

We evaluated the temporal dynamics of host microbiomes by comparing microbiomes of pre-
adult and adult hosts in the presence or absence of parasites. We found that across lab and
wild hosts, alpha-diversity (richness and phylogenetic diversity) decreased, and dominance
increased, through time in both infected and uninfected hosts (Fig. 2). Uninfected host
microbiomes, especially for wild isolates, lost more diversity compared with infected hosts (Fig.

2a, b, see Fig. S2 for other diversity metrics, Supplementary Table 3).
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Fig. 2. Temporal dynamics of microbiome diversity and dominance levels, across host lifestages, host
type, and infection treatments. (a) Microbiome diversity (Richness) in infected and uninfected lab-
adapted hosts over time. (b) Microbiome diversity (Richness) in infected and uninfected wild hosts
over time. (c) Microbiome dominance (McNaughton’s index) in infected and uninfected lab-adapted
hosts. (d) Microbiome dominance (Berger-Parker index) in infected and uninfected wild hosts.
Significant differences are detected for all pairwise comparisons shown. Adult microbiome data are
shown for infected hosts (red) and for uninfected hosts (blue).

We found that microbiome composition also changed over time in both uninfected and infected
hosts (Supplementary Table 3). For uninfected adult hosts, despite being lower in relative
abundance early on, MYb10 dominated in lab-adapted host microbiomes, and BIGb0393
dominated in wild host microbiomes (Fig. S10b). BIGb0393 had relatively higher mean
metabolic interaction potential with other taxa. This pattern might be associated with an
increase in the relative fithess of this species over a temporal scale (S| Methods and Results).
For infected hosts, increased dominance was less common over time. We observed the

enrichment of BIGb0393 in wild infected adults, and BIGb0172 and BIGb0170 in lab-adapted
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infected adults (Fig. S10b), but these enriched species did not widely dominate the microbiome
communities (Fig. S1). We found that across lab and wild hosts, microbiome dispersion

increased over time, and much more so during infection (Supplementary Table 3).

Infection increased host microbiome diversity and decreased dominance

We found that compared with uninfected adult hosts, infection was associated with significantly
higher microbiome diversity and lower dominance, across lab and wild isolates. This pattern
was consistent across alpha diversity and dominance metrics (N2: Fig. 2a, b, Table 1; wild: Fig.
2c, d, Table 1, see Fig. S2 and Fig. S3 for other metrics). We did not observe significant
associations between wild isolate latitude of origin and microbiome diversity or dominance, in
either infected or uninfected controls (Supplementary Table 2: p>0.096 for all correlation tests).
Host latitude of origin also did not play a role in pre-adult host microbiome diversity or
dominance (Supplementary Table 3: p>0.4 for all correlation tests).

Table 1 Comparisons of microbiome diversity, dominance and dispersion between infected and
uninfected adults (uninfected hosts served as the reference in statistical tests)
Alpha-diversity

Facto Metric Statistical w Estimat Significanc Host
r test e e level
intercep
t
Infected vs. Uninfected
Richness Wilcoxon 187 N/A p=0.021 "~ lab-adapted
rank-sum test
Shannon t test N/A 0.37 p<0.001 *** lab-adapted
Evenness t test N/A 0.15 p<0.001 *** lab-adapted
Richness Wilcoxon 122.5 N/A p<0.001 *** wild isolates
rank-sum test
Shannon Wilcoxon 31 N/A p<0.001 *** wild isolates
rank-sum test
Faith's PD Wilcoxon 155 N/A p<0.001 *** wild isolates
rank-sum test
Evenness Wilcoxon 47 N/A p<0.001 *** wild isolates
rank-sum test
Dominance level
Factor Metric Statistical W Estimate Significance Host
test intercept level

Infected vs. Uninfected



Berger- Wilcoxon 539.5 N/A p<0.001 *** lab-adapted
Parker Index rank-sum test
McNaughton’ t test N/A -0.16 p<0.001 *** lab-adapted
s index
Simpson’s Wilcoxon 544 N/A p<0.001 *** lab-adapted
index rank-sum test
Berger- Wilcoxon 817.5 N/A p<0.001 *** wild isolates
Parker Index rank-sum test
McNaughton’ Wilcoxon 834.5 N/A p<0.001 *** wild isolates
s index rank-sum test
Simpson’s Wilcoxon 825 N/A p<0.001 *** wild isolates
index rank-sum test
Microbiome dispersion
Factor Metric Statistical W Significance Host
test level
Infected vs. Uninfected
Bray-Curtis Wilcoxon 136 p<0.001 lab-adapted
rank-sum test el
Weighted Wilcoxon 220 p<0.001 lab-adapted
Unifrac rank-sum test el
Aitchison Wilcoxon 244 p=0.002 ** lab-adapted
rank-sum test
Bray-Curtis Wilcoxon 130. p=0.044"* wild isolates
rank-sum test 5
Weighted Wilcoxon 130 p=0.042"* wild isolates
Unifrac rank-sum test
Aitchison Wilcoxon 69 p<0.001 wild isolates

rank-sum test

*k*

Warming has a distinct impact on microbiome diversity despite infection

For pre-adult hosts, we found that developmental warming was associated with decreased
microbial richness and phylogenetic diversity, compared with ambient developmental
temperatures, in wild hosts (Fig. S4, Richness W=51, p=0.032; Faith’s PD W=56.5, p=0.009).
We did not observe similar effects of developmental temperature on lab-adapted larval host

microbiomes (Fig. S5, p>0.08 for all metrics).

Developmental temperature had consistently long-lasting effects on adult host microbiomes,
regardless of parasite infection. Developmental warming was shown to increase microbiome
richness and phylogenetic diversity for infected N2 hosts (Fig. 3a, Richness W=33.5, p=0.014;

Faith’s PD W=24.5, p=0.003. See Fig. S5 for other diversity metrics) but did not change
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microbiome diversity for infected wild hosts (Fig. S4b, p>0.375 for all metrics). In uninfected
N2 hosts, developmental warming increased microbiome phylogenetic diversity (Fig. 3b,
Faith’s PD W=26.5, p=0.008). In contrast, for uninfected wild hosts, developmental warming
decreased microbiome richness (Fig. 3d, Richness W=178.5, p=0.049) and increased

dominance (Fig. S6a, McNaughton W=63, p=0.015).

Warming during adulthood also affected microbiome diversity. Compared with ambient
temperature, we found that warming increased microbiome evenness during infection in wild
adults (Fig. 3c, Evenness W=29, p=0.002). In the absence of parasites, warming temperatures
decreased phylogenetic diversity (Fig. S4a, Faith’s PD W=185.5, p=0.028). In contrast, for
uninfected lab-adapted hosts, warming during the adult stage increased microbiome Shannon
diversity and evenness (Fig. S5a, Shannon 25 C es=0.195, p=0.005; Evenness 25 C es=0.078,
p=0.005), but decreased dominance (Fig. S7a, Berger-Parker Index W=115, p=0.012;
McNaughton’s index 25 C es=-0.07, p=0.006; Simpson’s index W=120, p=0.005). We did not
find significant effects of warming during infection on microbiome diversity or dominance, for

infected lab-adapted hosts (Fig. S5b, Fig. S7b).
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Fig. 3. Microbiome diversity across host lifestages, host type, infection treatments and warming
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regimes. (a) Microbiome richness in infected lab-adapted hosts over time. (b) Microbiome
phylogenetic diversity in uninfected lab-adapted hosts over time. (c) Microbiome evenness in infected
wild hosts. (d) Microbiome richness in uninfected wild hosts. Significant differences are detected for

pairwise comparisons made in adult hosts.

Developmental warming alleviated the disruptive effect of parasites

Parasite infection significantly altered host microbiome composition and increased the relative

abundance of rare species, such as CEent1 (Supplementary Table 3, Fig. S10a). We

investigated inter-individual microbiome variation for infected and uninfected hosts, calculated

as the pairwise dissimilarity of microbiome communities. This type of variation can be used to

assess microbiome dispersion in hosts under the respective treatment, with more dissimilar

microbial communities indicating higher dispersion. We found that under ambient temperatures

throughout host development and adult-stage, the pairwise dissimilarity of microbial

communities was significantly higher within infected adults than within uninfected adults,

across lab-adapted and wild hosts (Fig. 4, Table 1).
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Microbiome dispersion for lab-adapted pre-adults and adults. (b) Microbiome dispersion for wild pre-
adult and adult hosts. In both (a) and (b), adult hosts are under ambient adult-stage temperature,
and grouped by different infection treatments. Plots were faceted by four beta-diversity metrics, and
each data point represents a pairwise distance of two samples within the same treatment group.
Adult microbiome data are shown for infected hosts (red) and for uninfected hosts (blue). Significant
differences are detected in infected vs. uninfected adults by Aitchison, Bray-Curtis and Weighted
Unifrac metrics, at ambient developmental temperatures, across lab and wild hosts.

We found that compared with ambient developmental temperature, developmental warming
significantly decreased microbiome dispersion for infected wild hosts, a finding consistent
across all dissimilarity metrics (Fig. 4b, Table 2). For uninfected hosts, developmental warming
impacted host microbiome dispersion differently for wild and lab-adapted hosts (Fig. 4). These
results were inconsistent across different dissimilarity metrics. For example, we found that
developmental warming increased microbiome dispersion for uninfected lab-adapted hosts
(Fig. 4a, Aitchison W=7052, p=0.0075; Weighted Unifrac W=7144, p=0.0115). Other metrics
showed that developmental warming decreased microbiome dispersion for this host type (Fig.
4a, Unweighted Unifrac W=14142, p<0.001). For uninfected wild hosts, developmental
warming was shown to significantly decrease microbiome dispersion (Fig. 4b, Aitchison
W=9267, p<0.001). Developmental warming also significantly altered lab-adapted host
microbiome composition, whereby non-dominant species (BIGb0170) shuffled in relative

abundance (Table 2, Fig. S1).

We also assessed the effect of developmental warming on pre-adult host microbiomes. We
found that developmental warming significantly altered microbial community composition
(PERMANOVA Unweighted Unifrac pseudo-F=10.27, R*=0.44, p=0.025) and increased
microbiome dispersion for wild pre-adults (Fig. 4b, Table 2). We did not observe similar effects
of developmental temperature on lab-adapted larval host microbiomes (Fig. 4a).

Table 2 Comparisons of microbiome beta-diversity and dispersion between hosts of different ages under

different developmental temperatures
Beta-diversity

Facto Metric Statistical pseudo-F R2 Significance Host
r test level
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Developmental temperature for adult host (20°C vs. 25°C)

Bray-Curtis PERMANOVA 12.3 0.139 p<0.001 ***  lab-adapted
Weighted PERMANOVA 19.83 0.242 p<0.001 ***  lab-adapted
Unifrac
Aitchison PERMANOVA 5.24 0.033 p=0.019 * lab-adapted
Unweighted PERMANOVA 21.58 0.327 p<0.001 ***  lab-adapted
Unifrac
Microbiome dispersion
Facto Metric Statistical w Significa Host
r test nce level
Developmental temperature for pre-adult host (20°C vs. 25°C)
Aitchison Wilcoxon 266 p=0.03 wild isolates
rank-sum 9*
test
Unweighted  Wilcoxon 126.5 p<0.00 wild isolates
Unifrac rank-sum 1
test
Developmental temperature for adult host (20°C vs. 25°C)
Infected
Bray-Curtis ~ Wilcoxon rank- 4429 p=0.006  wild isolates
sum test **
Weighted  Wilcoxon rank- 4531 p=0.002  wild isolates
Unifrac sum test >
Aitchison Wilcoxon rank- 5264 p<0.001  wild isolates
sum test e
Unweighted Wilcoxon rank-  4670.5 p<0.001  wild isolates
Unifrac sum test el

Infection and warming during adulthood increased microbiome dispersion in a non-

additive fashion

We found that in the absence of parasites, warming during adulthood significantly increased
host microbiome dispersion across lab-adapted and wild adults, compared with ambient adult-
stage temperatures (Fig. S8, lab-adapted host: Aitchison W=6264, p<0.001. Wild isolates:
Unweighted Unifrac W=3405, p<0.001). This destabilizing effect was similar to that observed
for infection. We found that warming during infection did not increase microbiome dispersion
additively in lab-adapted hosts (Fig. S8a, p>0.067 for all metrics), but it did reduce dispersion
of microbiomes in infected wild hosts (Fig. S8b, Bray-Curtis W=5941.5, p<0.001; Weighted

Unifrac W=5484, p<0.001).
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Host microbiome dispersion is associated with less variable species interactions

We investigated how warming and infection could influence species interaction strength in host
microbiome communities. For lab-adapted adult hosts, we found that parasite infection
significantly strengthened both positive and negative interactions but decreased the variation
in interaction strength (Fig. 5a, Wilcoxon rank-sum test, positive links: W=68, p=0.01; negative
links: W=5, p=0.006; Levene’s test: positive links F=5.87, p=0.021). Similar effects of lowered
variation in interaction strength were found for wild adult host microbiomes over time, in the
absence of infection (Levene’s test F=4.14, p=0.046). For wild adult hosts, we found that
infection slightly decreased the strength of positive interactions (Fig. 5b, Wilcoxon rank-sum
test, W=452, p=0.013). We did not observe significant effects of warming on species

interactions strength, in lab-adapted or wild host microbiomes (p>0.05 for all comparisons).

(a) Lab host (b) Wild host
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Fig. 5. The impact of parasite infection and host type on the strength and variation of species
interactions within microbiomes. (a) Infection impacted the strength of positive and negative
interactions, and the variation of positive interaction strength, in the lab-adapted hosts. (b) Infection
impacted the strength of positive interactions in wild hosts. The Y axis for both (a) and (b) represents
the absolute value of species co-occurrence coefficient. Adult microbiome data are shown for infected
hosts (red) and for uninfected hosts (blue). Asterisks indicate significant comparisons between
groups on interaction strength.
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Discussion

Climate change and infectious diseases have led to population declines of animals and plants,
threatening ecosystem biodiversity (Alessandro et al. 2018; Jones et al. 2008; Liang & Gong

2017; Mora et al. 2022). Host-associated microbial communities have the potential to rapidly
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respond to biotic and abiotic disturbance, thus providing meaningful early indicators of
ecosystem and host health (Ribas et al. 2023; Astudillo-Garcia et al. 2019; Sehnal et al. 2021).
Studying the general response of resident microbiomes to temperature changes and infection

together could shed light on the persistence of host species in a changing world.

We found that parasite infection significantly altered host microbiome dynamics, with the effects
similar to the removal of dominant competitors in the community (Callens et al. 2018). These
effects could be driven by parasite-induced alteration in inter-species competition and
cooperation (Vonaesch et al. 2018). We observed a gradual loss of microbiome diversity and
increased dominance level over time, which were more prominent in uninfected hosts
compared with infected hosts. Across temporal scales, we found that some bacterial species
(those potentially with stronger competitive abilities) increased in relative abundance and
predominantly constituted uninfected host microbiomes. However, parasite infection reduced
dominance of these taxa, leading to a more diverse and even community over time. Parasite-
induced disturbance has been shown to drive microbial communities to alternative stable states
(Mao-Jones et al. 2010), with shifts in the abundance of specific taxa (Gaulke et al. 2019;
VI¢kova et al. 2018). We showed that, over a short timescale, such a change occurred as rare

species increased in abundance and dominant species decreased.

Compared with uninfected hosts, we found that infection was associated with higher
microbiome diversity and lower dominance. More widely, the direction in which the parasite
alters gut microbiome diversity varies depending on the species and context (Gaulke et al.
2019; VIEkova et al. 2018; Leung et al. 2018), wherein infection is associated with increased
microbiome alpha diversity in some studies (Gaulke et al. 2019; Lee et al. 2014; Ramanan et
al. 2016) and decreased diversity in others (Holm et al. 2015; Houlden et al. 2015; Cooper et
al. 2013; Cahenzli et al. 2013). Whilst the impact of parasites on microbiome dynamics varies

across systems (Lee et al. 2014; Ramanan et al. 2016; Holm et al. 2015; Houlden et al. 2015;
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Cooper et al. 2013; Cahenzli et al. 2013), increased alpha diversity under infection is
hypothesized to be caused by an altered gut immune environment with prominent inflammation
(Gaulke et al. 2019; Lee et al. 2014; Broadhurst et al. 2012). We show that warming impacts
host microbiome diversity less prominently than infection, with the effects differing by timing of

warming as well as the degree of lab adaptation by the hosts.

Here, infection drove larger changes in microbiome composition than warming. Previous study
showed that both temperature and infection changed host microbiome structure, and
temperature impacted microbiome changes indirectly, through effects on parasite load (Muletz-
Wolz et al. 2019). We revealed that parasite infection and warming, independently and
simultaneously destabilized host microbiomes via an increase in dispersion (Zaneveld et al.
2017; Byndloss et al. 2018; Foster et al. 2017). Destabilization can suggest that the stressed
host is less able to regulate its microbiome community (Zaneveld et al. 2017; Ma 2020; Lesser
et al. 2016). This increase in dispersion caused by both abiotic and biotic stressors support the
Anna Karenina Principle, adapted and used to predict consequences for animal microbiomes
under dysbiosis (Zaneveld et al. 2017). The principal proposes that dispersed microbiome
compositions are more likely to occur in stressed individuals than healthy individuals, as found
in disease-associated human and animal gut microbiomes (Ma 2020; Lesser et al. 2016; Dey
et al. 2013; Giongo et al. 2011). Such infection- or warming-induced Anna Karenina effects
have been documented in microbiomes hosted by multiple animal species (Zaneveld et al.
2017; Romer et al. 2022; Walke et al. 2015), as well as in long-term field experiments (Zaneveld

et al. 2016).

We found that the level of destabilization caused by infection was the same or lower as when
warming was added on top. Stressors can be temporally and spatially variable in nature, but
also occur simultaneously, with the synergy between multiple stressors thought to accelerate

biodiversity loss (Cété et al. 2016). Previous studies showed that the effects of multiple
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stressors (i.e. nutrient pollution (Zaneveld et al. 2016), simulated predation (Maher et al. 2019),
overfishing (Zaneveld et al. 2016) and warming (Maher et al. 2019)) on coral microbiomes were
acting in an ‘opposing’, rather than a synergistic or additive fashion (Zaneveld et al. 2016;
Maher et al. 2019). Our results from wild nematode microbiomes showed that multiple stressors
generate less dispersion compared to single stressors. Multiple stressors can interact
opposingly, as revealed in our findings on nematode microbiome structure. However, we
showed the timing of those stressors, as well as the degree of lab adaptation by the host, are

important factors for shaping the interactive outcome of multiple stressors.

The timing of warming during the host’s life-cycle, specifically during development, had a large
impact on wild host microbiomes. Developmental warming alone increased microbiome
dispersion in wild larval hosts, compared with ambient developmental temperature. However,
the timing of warming alleviated the microbiome instability caused by infection. Hosts at
different life stages could vary in their sensitivity to warming (Sales et al. 2021). Heat stress
during nematode larval stages can activate heat shock transcription and protein production,
which is part of the multi-pathogen defense pathways of C. elegans (Singh & Aballay 2006;
Prithika et al. 2016). A similar protective effect of early-stage heat exposure has been found for
broiler chicken (Liew et al. 2003) and plant hosts (e.g. Arabidopsis thaliana) (Janda et al. 2019;
Lee et al. 2012). Early heat exposure can also protect hosts against heat stress later on in life
(Kang et al. 2019). The induced resistance by early environmental stress (e.g. chemical agents
(Yassin et al. 2021), physical wounding (Chassot et al. 2008)) is widely applied in plant hosts
to increase their basal resistance to future attacks (Perazzolli et al. 2022). Periods of heat
stress during climate change should be investigated further as a driver of infection patterns and

epidemiology in animals as they age.

We found that compared with uninfected adults, parasite infection induced stronger species

interactions (both competitive and facilitative) in lab-adapted host microbiomes. This can be a
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signature of poor host control (Foster et al. 2017; Taylor & Vega 2021). Bacterial communities
are shaped by inter-species interactions, including competition for shared resources and
facilitation by metabolite exchanges (Freilich et al. 2011). Predictions of species competitions
can benefit from genome-scale metabolic network construction and inference of species
metabolic resource overlap (Zelezniak et al. 2015). We found that species competition strength
could also be negatively associated with their phylogenetic relatedness, supported by previous
findings (Machado et al. 2021). Microbial species interactions can have large impacts on host
fithess (Ludington 2020), highlighting the importance of applying microbial community ecology
to understand host-microbe interactions under changing environments. Our results from lab-
adapted hosts revealed that increased microbiome dispersion induced by infection was
associated with stronger interaction strength in the community, supporting the hypothesis that
strong interactions could lead to unstable community dynamics (Allesina & Tang 2012; May
1972; Ratzke et al. 2020; Hu et al. 2022). We also showed that higher microbiome dispersion
induced by infection or over time without infection was associated with lower variation in
species interaction strength, in lab-adapted and wild nematode hosts, respectively. Higher
variation of interaction strength could confer resilience and stability for communities (Kokkoris
et al. 2002; Navarrete & Berlow 2006), but this hypothesis remains untested on microbial

communities.

Amidst climate change, hosts and their microbiomes are commonly exposed to stressful
temperatures. Microbiome changes, particularly patterns of dispersion and instability, have
been linked with animal host health (Ribas et al. 2023; Zaneveld et al. 2017; Lesser et al. 2016;
Gaulke et al. 2019). Thus, assessing microbiome structure and dynamics in response to
multiple stressors (separately and together) across time will likely be important in predicting
host population persistence in the wild. This multi-factor approach and focus on dynamics will

also help to refine microbiome-based interventions against infection to conserve endangered
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species (Santoro et al. 2021; McDevitt-Irwin et al. 2017).
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Fig. S1. Relative abundance of taxa in microbiomes of across (a) lab-adapted and (b) wild host
isolates. Abundance values are shown for the pre-adult and adult stages of worm development
across infection and temperature regimes. Metadata for corresponding sample ID are in Table S1
and Table S2.
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Fig. S2. Temporal dynamics of microbiome diversity across lifestages, host type, and infection status.
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(a) Microbiome diversity (Shannon, Faith’s PD and Evenness) in infected and uninfected lab-adapted
hosts over time. (b) Microbiome diversity (Shannon, Faith’s PD and Evenness) in infected and
uninfected wild hosts over time. Significant differences are detected in infected vs. uninfected by
Shannon and Evenness in (a), and by all three metrics in (b). Adult microbiome data are shown for
infected hosts (red) and for uninfected hosts (blue).
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Fig. S3. Temporal dynamics of microbiome dominance levels across lifestages, host type, and
infection status. (a) Microbiome dominance level (Berger-Parker’s index and SimpsonLambda’s
index) in infected and uninfected lab-adapted hosts over time. (b) Microbiome dominance level
(McNaughton'’s index and SimpsonLambda’s index) in infected and uninfected wild hosts over time.
In (a) and (b), significant differences are detected in infected vs. uninfected by all metrics. Adult
microbiome data are shown for infected hosts (red) and for uninfected hosts (blue).
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hosts over time.

(a) Uninfected wild host, dominance
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(a) Lab host, adult-stage warming (b) Wild host, adult-stage warming
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Fig. S8. The impact of infection and developmental temperature on microbiome dispersion. (a)
Microbiome dispersion for lab-adapted pre-adults and adults. (b) Microbiome dispersion for wild pre-
adult and adult hosts. In both (a) and (b), adult hosts are under adult-stage warming temperature,
and grouped by different infection treatments. Plots were faceted by four beta-diversity metrics, and
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S| Methods and Results

Methods

Phylogenetic analysis

We downloaded full 16S rRNA gene sequences of the 12 CeMbio strains and L. musarum.
Multiple sequence alignment (MSA) was performed using MUSCLE (Edgar 2004), then the
MSA was used to reconstruct a maximum-likelihood tree in IQTREE (v1.6.11) (Nguyen et al.
2015). Tree reconstruction was performed with 1,000 ultrafast bootstrap replicates and the SH-
like approximate likelihood ratio test (“-bb 1000 -alrt 1000”). The best-fit model (TIM3e+R3)
was selected by ModelFinder (Kalyaanamoorthy et al. 2017) (“-m TIM3+F+I+G4”) according to
the Bayesian information criterion (BIC). The phylogenetic distance matrix was generated from

the consensus tree using the “cophenetic” function (Sneath & Sokal 1973) in R. The eight wild

128



isolates were grouped into temperate and subtropical/tropical regions rather than by their

phylogenetic distance, as whole genome sequences for the isolates were not available.

Genome-scale model reconstruction and analysis

To explore the potential effects of metabolic interactions between the co-occurrent species
within microbial communities, we reconstructed genome-scale metabolic models (GEM) for
each CeMbio strain. For each CeMbio strain, annotated protein sequences were downloaded
from NCBI (Dirksen et al. 2020) and were used for GEM reconstruction based on the top-down
carving approach of curated “universal models” using CarveMe. Initial models were then gap-

filled using LB media (“—gapfill LB”). Pairwise potential cross-feeding interactions were
evaluated using SMETANA score, which can range from 0 (complete independence) and 1
(essentiality) for each metabolite. For CeMbio strain pairs and all co-occurring microbial
communities in different treatment groups, the metabolic interaction potential (MIP) and
metabolic resource overlap (MRO) were calculated using SMETANA (Zelezniak et al. 2015).
MIP calculates how many metabolites the species can share or exchange to decrease their
dependency on external resources. This metric can be used to evaluate microbial cooperative
metabolism. MRO calculates how much species compete for the same metabolites and can be
used to evaluate microbial resource competition. MIP and MRO estimate microbial interactions

at their theoretical limit, regardless of the external environment. Spearman and Pearson

correlations were calculated for community-level MIP and alpha diversity measures.

Results

Pairwise species MRO was correlated with phylogenetic distance and species
competition strength

We found that within CeMbio strains, pairwise species MRO was negatively associated with
species phylogenetic distance (Fig. S10a, receiver-donor Pearson cor=-0.425, p=0.000464,

Spearman rho=-0.382, p=0.00182; donor-receiver Pearson cor=-0.491, p=3.824e-05,
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Spearman rho=-0.398, p=0.00111). BIGb0393 had higher MIP as receiver and donor, and
BIGb0172 has higher MRO as receiver and donor (Fig. S10b). Besides, species pairwise mean
smetana score was positively associated with phylogenetic distance (donor-to-receiver
direction, Pearson cor=0.621, p=0.00267, Spearman rho=0.760, p=6.349e-05, Table S11).
These results showed that phylogenetically distant species might have more cooperative
metabolic changes. While closer related species could have more competitive interactions as
they need to compete for similar nutritional resources. What we observed here was consistent
with the findings that species participating in cooperative communities were phylogenetically

more distant whereas those in the competitive communities were closer (Machado et al. 2021).
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Fig. S9. (a) Phylogenetic tree for the 12 CeMbio strains and the parasite, with species phylogenetic
distance heatmap, established using species 16S rRNA genes. (b) Species pairwise MIP. (c) Species
pairwise MRO.
By combining results from microbial co-occurrence networks with species pairwise MRO and
MIP, we found that the mean and median strength of negative interactions was positively

associated with species pairwise MRO (Table S11, lab-adapted host: mean: Spearman

rho=0.475, p=0.0297; median: Spearman rho=-0.475, p=0.0297). This outcome indicated that
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species having higher nutritional requirement overlap might experience stronger competitive
interactions, which fit the hypothesis that MRO can be used for evaluating species resource
competition (Zelezniak et al. 2015). The standard deviation of negative interaction strength was
strongly correlated with species pairwise phylogenetic distance (wild host: Pearson cor=0.971,
p=0.0059). Phylogenetically distant species are less likely to compete (Machado et al. 2021).
However, our results suggest that when they do compete, the competitive interactions have

more variable interaction strength.

Community-level MRO and MIP were negatively correlated

Across all microbiome samples, community-level MIP and MRO were negatively correlated
(Pearson cor=-0.642, p<2.2e-16; Spearman rho=-0.558, p=1.863e-15). We found that
community-level MIP and alpha-diversity were positively associated (Table S11, p<0.003 for all
the four metrics). These results indicated that more diverse microbiomes could potentially

produce or share more metabolites within the community.

Species enrichment might be explained by their metabolic potential

By comparing microbiomes of pre-adult and adult (uninfected control) lab hosts, we found that
CEent1 significantly decreased in relative abundance over time (Fig. S11, Table S10), whereas
MYb10 and JUb19 increased in relative abundance (Fig. S11, Table S10). CEent1 and JUb66
had high mean smetana scores as donors but not as receivers (Fig. S12). Thus, exclusive
metabolic contributors in microbial communities could easily be outcompeted by other species.
BIGb0393 had a relatively higher mean MIP and was enriched in adult host microbiomes,
increasing in relative abundance over time (Fig S11, Table S10). However, infection reversed
this pattern, reducing the dominance of BIGb0393 in microbiome communities. Conversely, we
found that CEent1, which was less abundant in uninfected host microbiomes, showed
significant enrichment in host microbiomes under infection (Fig. S11, Table S10), however the

mechanisms underlying its enrichment need to be explored.
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Supplementary Table 1. Location of origin for C. elegans wild isolates used in study

Genotype_  Host_isolat  City, Nation, or State Lat Long Elevat Isolati
ID e ion on
time
1 ED3005 Edinburgh, United Kingdom 55.94 -3.36 41 2004
2 ED3012 Edinburgh, United Kingdom 55.92 -3.19 87 2004
3 CB4856 Oahu, Hawaii 21.33 -157.86 64 1972
4 CB4857 Claremont, USA 34.096 -117.719 353 1972
5 CB4858 Pasadena, USA 34.156113 -118.13194 267 1971
6 JU363 Franconville, France 48.98 2.23 93 2002
7 JU1580 Orsay, France 48.7015 21725 63 2012
8 CX11262 Los Angeles, USA 34.12946 -118.10987 203 2012

133



Supplementary Table 2. Correlation between host latitude and microbiome alpha diversity and
dominance, for infected and uninfected wild hosts.

Alpha-diversity

Factor Metric Statistical test P
Wild host latitude of origin
Uninfected
Richness Spearman’s test p=0.313 NS
Shannon Pearson’s test p=0.096 NS
Faith’s PD Spearman’s test P=0.138 NS
Evenness Pearson’s test p=0.177 NS
Infected
Richness Pearson’s test p=0.383 NS
Shannon Spearman’s test p=0.710 NS
Faith's PD Spearman’s test p=0.229 NS
Evenness Spearman’s test p=0.637 NS
Dominance level
Factor Metric Statistical test P
Wild host latitude of origin
Uninfected
Berger-Parker Index Pearson's test p=0.050 NS
McNaughton’s index Spearman’s test p=0.451 NS
Simpson’s index Pearson's test p=0.074 NS
Infected
Berger-Parker Index Spearman’s test p=0.532 NS
McNaughton’s index Spearman’s test p=0.378 NS
Simpson’s index Spearman’s test p=0.584 NS
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Supplementary Table 3 Comparisons of microbiome diversity and dominance across host lifestages,
location of origin, and infection status

Alpha-diversity

Factor Metric Statistical w Estimate Significan Refere Host
test intercept ce level nce
level
Uninfected adult vs. pre-adult host
Richness Wilcoxon 8 N/A p<0.001 ***
rank-sum test
Shannon t test N/A 0.553 p<0.001 ***
Faith's PD  Wilcoxon 7 N/A  p<0.001*** d'abt‘ .
rank-sum test adapte
Evenness t test N/A 0.194 p<0.001 *** adult
Richness Wilcoxon 8 N/A p<0.001 ***
rank-sum test
Shannon Wilcoxon 1 N/A p<0.001 *** wild
rank-sum test isolates
Faith's PD Wilcoxon 16.5 N/A p<0.001 ***
rank-sum test
Evenness Wilcoxon 9 N/A p<0.001 ***
rank-sum test
Infected adult vs. pre-adult host
Richness Wilcoxon 27 N/A p<0.001 ***
rank-sum test
Shannon t test N/A 0.181 p<0.001 ***
Faiths PD  Wilcoxon 26 N/A  p<0.001 *** d'abt‘ .
rank-sum test adapte
Evenness t test N/A 0.046 p=0.016*
Richness Wilcoxon 69 N/A p<0.001***  gdqult
rank-sum test
Shannon Wilcoxon 152 N/A p=0.111 NS
rank-sum test wild
Faith's PD Wilcoxon 69 N/A p<0.001 *** isolates
rank-sum test
Evenness Wilcoxon 288 N/A p=0.072
rank-sum test NS
Wild host latitude of origin
Pre-adult host
Richness Spearman’s N/A N/A p=0.719 NS N/A
test
Shannon Pearson’s N/A N/A p=0.442 NS N/A
test wild
Faith’s PD Spearman’s N/A N/A P=0.928 NS N/A isolates
test
Evenness Pearson’s N/A N/A p=0.402 NS N/A
test
Dominance level
Factor Metric Statistical w Estimate Significan Refere Host
test intercept ce level nce
level
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Uninfected adult vs. pre-adult host

Berger- Wilcoxon 288 N/A p<0.001 ***  adult lab
Parker rank-sum test
Index
McNaughto  t test N/A -0.23 p<0.001 ***  adult lab
n’s index
Simpson’s Wilcoxon 288 N/A p<0.001 ***  adult lab
index rank-sum test
Berger- Wilcoxon 511 N/A p<0.001 ***  adult  wild
Parker rank-sum test
Index
McNaughto ~ Wilcoxon 506.5 N/A p<0.001 ***  adult  wild
n’s index rank-sum test
Simpson’s Wilcoxon 511 N/A p<0.001 ***  adult  wild
index rank-sum test

Infected adult vs. pre-adult host
Berger- Wilcoxon 197 N/A p=0.078 adult lab
Parker rank-sum test NS
Index
McNaughto  t test N/A -0.069 p=0.010 ** adult lab
n’s index
Simpson’s Wilcoxon 232 N/A p=0.002 ** adult lab
index rank-sum test
Berger- Wilcoxon 3345 N/A p=0.003 ** adult  wild
Parker rank-sum test
Index
McNaughto ~ Wilcoxon 279.5 N/A p=0.113 NS  adult wild
n’s index rank-sum test
Simpson’s Wilcoxon 281 N/A p=0.106 adult  wild
index rank-sum test NS

Wild host latitude of origin
Pre-adult host

Berger- Spearman’s N/A N/A p=0.525 NS N/A wild
Parker test
Index
McNaughto  Spearman’s N/A N/A p=0.585 NS N/A wild
n’s index test
Simpson’s Spearman’s N/A N/A p=0.420 NS N/A wild
index test

Beta-diversity

Factor Metric Statistical pseud R2 Significan  Host
test o-F ce level

Uninfected adult vs. pre-adult host
Bray-Curtis PERMANOV  59.8 0.625 p<0.001 *** lab

A
Weighted PERMANOV  32.87 0.483 p<0.001 *** lab
Unifrac A
Aitchison PERMANOV  37.73 0.522 p<0.001 *** lab
A
Unweighted PERMANOV  27.83 0.399 p<0.001 *** lab
Unifrac A
Bray-Curtis PERMANOV  76.51 0.626 p<0.001 ***  wild
A
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Weighted PERMANOV  118.59 0.722 p<0.001 ***  wild
Unifrac A
Aitchison PERMANOV  31.09 0.408 p<0.001 ***  wild
A
Unweighted PERMANOV 14.8 0.228 p<0.001 ***  wild
Unifrac A
Infected adult vs. pre-adult host
Bray-Curtis PERMANOV  6.39 0.142 p=0.001 ** lab
A
Weighted PERMANQOV  4.65 0.105 p=0.013 * lab
Unifrac A
Aitchison PERMANOV  36.10 0.507 p<0.001 *** lab
A
Unweighted PERMANOV  20.17 0.334 p<0.001 *** lab
Unifrac A
Bray-Curtis PERMANOV  10.97 0.203 p<0.001 ***  wild
A
Weighted PERMANOV  14.58 0.255 p<0.001 ***  wild
Unifrac A
Aitchison PERMANQV 67.34 0.623 p<0.001 ***  wild
A
Unweighted PERMANOV  14.13 0.245 p<0.001 ***  wild
Unifrac A
Infected vs. Uninfected
Bray-Curtis PERMANOV  32.13 0.362 p<0.001 *** lab
A
Weighted PERMANOV  18.06 0.22 p<0.001 *** lab
Unifrac A
Aitchison PERMANOV  109.37 0.683 p<0.001 *** lab
A
Bray-Curtis PERMANOV  32.14 0.363 p<0.001 *** wild
A
Weighted PERMANOQV  39.72 0.412 p<0.001 *** wild
Unifrac A
Aitchison PERMANOV  36.52 0.392 p<0.001 *** wild
A
Unweighted PERMANOV  8.07 0.119 p=0.0013 ** wild
Unifrac A
Microbiome dispersion
Factor Metric Statistical w Significa Reference  Host
test nce level level
Uninfected adult vs. pre-adult host
Bray-Curtis ~ Wilcoxon 36232  p<0.001 adult lab
rank-sum test e
Weighted Wilcoxon 38768  p<0.001 adult lab
Unifrac rank-sum test e
Aitchison Wilcoxon 44180  p<0.001 adult lab
rank-sum test e
Unweighted  Wilcoxon 34540  p<0.001 adult lab
Unifrac rank-sum test e
Bray-Curtis ~ Wilcoxon 6380 p<0.001 adult wild
rank-sum test el
Weighted Wilcoxon 5837 p<0.001 adult wild
Unifrac rank-sum test el
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Abstract

Climate change is causing extreme heating events. Simultaneously, climate change and

human activities are leading to more prolonged and intense infectious disease outbreaks.

The extent to which warming and infection may together impact host species persistence

is, however, unclear. Using a meta-analysis of >190 effect sizes representing 101 animal

host-pathogen systems, we provide broad evidence that experimentally increased

temperatures drove higher pathogen virulence, specifically pathogen-induced host mortality.

Importantly, larger temperature increases were associated with more host deaths hinting at

the escalating threat for animal species as the world continues to warm. We further found

that hosts with bacterial infections were at the highest risk of death under hotter conditions.

This was particularly the case if pathogenic bacteria were naturally established within the

host species, although novel infections (emerging, zoonotic, or opportunistic) were more

lethal at lower temperatures. The virulence of fungal pathogens increased when

temperatures were shifted upwards towards their thermal optimum. The magnitude of these

effects was not impacted by host life-stage, immune complexity, or variable experimental

protocols. Overall, our findings suggest that global warming could lead to excess deaths

caused by infectious diseases in animal populations.
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Introduction

Climate change is resulting in more extreme heating events (Dosio et al. 2018).

Temperature affects all levels of biology, directly or indirectly impacting the physiology and

life-history for all organisms (Lagerspetz 1987). Typically for ectotherms, environmental

warming changes their body temperatures, thus influencing their physiological sensitivity

and fitness (Huey et al. 2012). Shifting global temperature patterns are also changing the

geographic distribution of infectious diseases, generating novel transmission opportunities

for the pathogens (Williams et al. 2002; Roberts et al. 2018). Transmission for a pathogen

to become established in a new host species can lead to intensified disease outbreaks

(Roberts et al. 2018).

Positive relationships between warmer temperatures and disease severity (or pathogen

virulence) have been detected in diverse host-pathogen systems (Vezzulli et al. 2010; Jiang

et al. 2013; Paull & Johnson 2014; Mayers et al. 2016; Brand et al. 2016; Bugeme et al.

2009). Rising temperature can alter animal immune responses, leading to reduced host

resistance to pathogen infections (Moriyama & Ichinohe 2019; Regnier & Kelley 1981;

Lecchi et al. 2016; Lacetera et al. 2005). By causing stress and disrupting homeostasis,

pathogen infection can reduce the upper temperatures tolerated by hosts, contributing to

worsened infection outcomes under warming (Hector et al. 2022). Temperature also directly

mediates pathogen virulence (Laine 2007; Vale & Little 2009; Allen & Little 2011; Kimes et

al. 2012). For example, higher virulent temperature can increase the virulence of coral

pathogen Vibrio coralliilyticus by upregulating the expression of virulence factors (Kimes et

al. 2012). Moreover, higher ambient temperature may enhance pathogen metabolism,
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resulting in faster within-host growth and greater harm. Especially for bacterial agents, as

their population growth rates can be increased by warmer temperatures exponentially (Qiu

et al. 2022).

Warming can conversely lessen or have neutral impacts on virulence in some host-

pathogen systems, emphasising the importance of the biology of different diseases (Lafferty

& Mordecai 2016; Karvonen et al. 2010; Delisle et al. 2018; De Silva et al. 2017; Kerchev

et al. 2017; Lopez et al. 2017). Both host and the pathogen’s response to temperature

changes can depend on their thermal tolerance, which is characterized by its critical thermal

maximum, minimum and optimum - the upper, lower and optimal temperatures at which it

cannot function (Huey et al. 2012; Chown et al. 2010; Hoffmann et al. 2003). Thus, a

mismatch in host and pathogen thermal optima can change infection outcomes, such that

cold-adapted pathogens might be less harmful in a hot-adapted host at higher temperatures

(Cohen et al. 2017; Cohen et al. 2020). Also, virulence of different pathogen types, such as

eukaryotic pathogenic nematodes versus prokaryotic pathogens (i.e. bacteria), might be

impacted by temperature in distinct ways. Not all host-pathogen interactions will be affected

equally by climate change, and it is unclear which outcome will apply to which type of

infection (Lafferty & Mordecai 2016; Karvonen et al. 2010).

Understanding the broad ecological consequences of elevated temperature on pathogen

virulence (or pathogen-induced host death herein), is crucial for projections of future wildlife

disease dynamics and species persistence. If heating generally exacerbates the severity of

infection, climate change could worsen disease outcomes for wildlife. Projections of species
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persistence in a changing world might need to account for rates of infection and disease
severity (Paull & Johnson 2014; Pounds et al. 2006). However, if virulence is broadly
unaffected or context-dependent in certain types of infection (Lafferty & Mordecai 2016),
the health risks posed by warming and those infectious disease could be considered
independently or on a case-by-case basis. Any broad relationship between warming and
virulence would have significant consequences for animal conservation (Pounds et al. 2006;
Boyd et al. 2013) and potentially human health (Jones et al. 2008; Patz et al. 2005).

However, the broad-scale trends for this interaction are currently unknown.

In this study, we conducted a meta-analysis to investigate the generality of the relationship
between elevated temperature and pathogen virulence. We searched the published
literature for experimental studies and included a breadth of ectothermic animal host-
pathogen systems. We used the most widely reported quantitative form of virulence:
pathogen-induced host death (Cressler et al. 2016). We focused on infected host death
under warming as this measure was relevant for consideration in projections of species
extinction and biodiversity loss (Fisher et al. 2012). We calculated effect sizes via relative
risk ratios of death at experimentally high and low temperatures. We separately collected
thermal optima data for all the pathogens included, and tested whether biological traits (e.g.
host type, pathogen type, host-pathogen evolutionary history, pathogen thermal optimum),
the scale of temperature increase and experimental variables (pathogen inoculation method,
pathogen dosage, infection exposure/measurement time) could explain variation in the

temperature-virulence relationship.
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Materials and Methods

Literature search and data collection

A literature search was performed on Web of Science Core Collection using keywords
'parasit* OR 'pathogen™, paired with 'temperature’ AND 'virulen*', to identify studies
reporting the effect of temperature on pathogen virulence. We used host mortality to
quantify pathogen virulence, as it is a commonly used and relevant component of virulence.
Our main inclusion criteria were: (i) the pathogen was tested in living animal hosts rather
than on cells or dead host tissues; (ii) more than one temperature was used for host
infection experiments, and temperature was the only changing variable in the infection
experiments; (iii) pathogen virulence was measured by assessing host mortality rate, under
different temperatures. In these cases, studies using parasitoids were excluded as host
mortality would always be 100%; (iv) host mortality (with mean mortality rate and sample
size, sample size is defined as the number of individual host used in each infection
treatment) under different temperatures were available publicly or shared by the author by

May 2022.

Following our inclusion criteria, we retrieved data from a total of 60 research articles
(PRISMA flow-chart see Fig. S1, with PRISMA-EcoEvo Checklist included), published
between 1996 and 2021 (summary of studies and moderator variables are provided in
Supplementary Table 1). To maximise the ecological relevance, we imposed a series of
restrictions to exclude data from extreme high or low temperatures and pathogen dosages
unlikely to happen in nature. Firstly, if more than five temperatures were tested, data were

extracted from the second lowest and second highest temperatures (when between two to
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four temperatures were tested, data were extracted from the highest and lowest

temperatures). Secondly, if multiple pathogen dosages were used, data of the middle value

(or middle minus one value, in case of even number) was extracted. Thirdly, host mortality

data was extracted from the end time point of the assay. However, if mortality began to

appear in controls, data were extracted from the timepoint with control mortality close to or

at zero. This prevented us incorporating host mortality due to temperature alone.

We ensured that all host mortality in the pathogen treatment groups was due to infection

rather than other reasons. Hosts not exposed to pathogens had no mortality (e.g. Jiang et

al. 2013), very low mortality (<10%, e.g. Brand et al. 2016) or host mortality in the infection

treatment was corrected for control mortality following Abbott's (1952) formula (e.g. Bugeme

et al. 2008). Data on host mortality in individual articles were extracted manually from text

and tables in the main text or supplementary information, figures by using WebPlotDigitizer

(Rohatgi 2015), or raw data made available from the authors by request. Fifteen effect sizes

from six studies were discarded due to large host mortality in control groups.

When host mortality was expressed as a percentage, we estimated the number of alive and

dead in both temperature groups by multiplying percentage of host mortality by the number

of host individuals tested. We otherwise obtained the number of alive and dead hosts from

the raw data sent by authors. These data were used to calculate the risk ratio (RR) effect

size, using escalc function in ‘metafor’ R package (Viechtbauer 2010). RRs represent the

relative risk of warming on infected hosts’ survival. An overall total of 192 effect sizes from
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60 studies were used across 56 pathogens and 50 host species (101 host-pathogen

combinations, Fig. S2).

Moderator variables

Host, pathogen and experimental variables were included to assess their impact on
pathogen virulence when temperature rose. To explore whether pathogen type could
predict effect size estimates, we recorded whether the pathogen used in the study was
bacteria, fungi, nematode, virus, or protist. As numbers of effect sizes in virus and protist
were low (5 ESs for virus, 1 ES for protist), our analysis focused on bacteria, fungi and

nematode pathogens.

We collected data on the optimal growth temperature (Topt) for well-studied pathogens as
virulence can correlate with pathogen growth rates (Anderson & May RM 2019). These data
were collected for 39 pathogen species, included in the meta-analysis, from published
literature (Supplementary Table 2, Topt for in vitro growth/fitness were measured for non-
virus pathogens). Using known thermal optimums for these pathogens, we were able to
define whether experimental warming was towards or away from their Topt. “Towards Topt”
was used when the temperature range in the study was below Top. “Away from Top” was
used when the study temperature range was above To. When the low and high

temperatures in the study straddled Topt, we used “Range includes Topt”.

To test whether the response to increased temperature depended on the impact of natural
selection, we defined a moderator based on whether the interaction was “established”

(system originally collected from the wild and with previous evolutionary history (see Bally
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& Garrabou 2007 as an example), “semi-established” (host infected by the pathogen in the
wild, but combination in the study were not co-isolated (see Wekesa et al. 2010 as an
example), and “novel” (no known record of an infection between the pathogen and the host
in nature, see Ekesi et al. 1999 as an example). The “novel” associations might infer

opportunistic infection or new host shift for the pathogen.

Host traits including host life-stage (“adult”, “larva”, “pupae” and “juvenile”), host source
(“collected from wild”, “lab-reared”) and host type with different immune complexity
(“vertebrate”, “invertebrate”) were also tested as moderator variables. Lastly, we collected
and evaluated experimental variables including temperature span (difference between high
temperature and low temperature used in the study), infection exposure time (measured by
day), pathogen dosage (within each pathogen type) and pathogen inoculation method

(“injection”, “not injection”). These experimental protocols were evaluated given their

potential for a bias in extrapolations to nature (Hairston 1989).

Statistical analysis

By fitting sample size or correction method as a moderator, we checked that neither sample
size nor the methods used to correct for control mortality influenced the effect sizes (sample
size p=0.9630, correction method p>0.52 for all levels). All categorical moderators were
assessed for multicollinearity by calculating the variance inflation factor (VIF, VIF function
in ‘regclass’ R package) when fitted together in a regression model and no multicollinearity
was observed (Supplementary Table 3, GVIFA(1/(2*Df)) <= 2.5 for all moderators included).

Correlation of continuous variables were assessed for Pearson correlation (cor.test function
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in R) and the possibility of multicollinearity was excluded (Supplementary Table 3, p>0.07

for all pairwise correlations).

We coded the data, whereby RR>1 (logRR>0) indicated greater host mortality at higher
temperatures (higher risk associated with higher temperatures) and RR<1 (logRR<0)
indicated lower host mortality at higher temperatures. A relationship in which temperature
has no effect on pathogen virulence was indicated by RR=1 (logRR=0). We fitted a multi-
level random-effects model using rma.mv function in ‘metafor’ R package to estimate mean
effect sizes across all the studies. We used host species, pathogen species and study as
random factors to account for statistical non-independence due to repeated measures
within species and studies. We did not include the phylogenic tree of either host species or
pathogen species as random factor. For many, we could not resolve species-level
phylogeny of hosts or pathogens from published literature, and replacing those with their

relatives would introduce more bias.

For categorical moderators, we first conducted sub-group analysis to calculate summary
effect size for each sub-group. We then assessed whether there was significant difference
between different sub-group levels by fitting the moderator in multilevel random effects
meta-regression models (rma.mv function in R). For continuous moderators, we fitted the
moderator in multilevel random effects meta-regression models (rma.mv function in R) with
the effect sizes as response variables. Separate tests of interactions between moderators
were driven by a priori hypotheses (all hypothesis and model results in Supplementary

Table 3).
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Results and Discussion

More death of infected hosts at hotter temperatures

We firstly tested whether hotter temperatures generally increase host death (i.e. the
proportion of dead individuals in the infected host population). We incorporated data from
60 studies which conducted infection experiments at different temperatures. These studies
included 50 ectothermic animal host species and 56 pathogen species (resulting in 101
analysed host-pathogen combinations, see Fig. S2), from which we calculated 192 effect
sizes (ESs). Our data set contained a variety of pathogen types including bacteria, fungi,
nematodes, and viruses from diverse geographic regions (Fig. S3). We included diverse
host-pathogen systems spanning terrestrial (42 ESs) and aquatic habitats (150 ESs).
Terrestrial hosts mostly consisted of Insecta (125 ESs), and aquatic mostly consisted of
fish (17 ESs) and mollusca (14 ESs) (Fig. S2). Overall, bacterial pathogens were mostly
studied in aquatic animals, while most fungal pathogens as well as all of the nematoda

pathogens were tested in insecta hosts and in novel host-pathogen systems in lab (Fig. S2).

Across studies, the rate of uninfected host mortality under warming remained zero or low
(<10%). In contrast, infected hosts suffered greater death rates with increase in temperature
(Fig. 1A, logRR>0, RR=1.47, p=0.0046). Previous findings that infection can reduce the
ability of hosts to tolerate heat (Hector et al. 2022; Porras et al. 2021; Greenspan et al.
2017) may reflect this increase in pathogen virulence.

We subsequently investigated whether biological factors could explain variation in effect

sizes, using sub-group analysis and meta-regressions. We specifically tested whether the
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relationship between temperature and virulence differed between (i) pathogen types

(bacteria, fungi, nematoda, viruses), (ii) host-pathogen evolutionary history (established vs.

novel), (iii) host types and immune complexity (vertebrate vs. invertebrate), (iv) host life-

stage (e.g. adult vs. larva), and (v) wild-collected vs. lab-reared hosts.
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Figure 1. Results of the meta-analysis on the impact of heating on pathogen-induced host death.
(A) Summary effect size (Risk ratio, RR) from overall meta-analysis is significantly >1 (logRR>0,
indicating positive relationship between temperature and virulence). Bold black diamond with 95%
confidence interval represents summary effect size, and individual effect size are displayed as
jittered points. Point size indicates sample size (number of host individuals in the infection treatment)
used for effect size calculation. The summary RR with the corresponding p-value is shown in the
bottom right corner of the plot. The presence of the effect differed by (B) pathogen type and (D) host-
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pathogen evolutionary history for bacterial infections, but less pronounced when combined all effect
sizes across pathogen types (C). The presence of an effect was not impacted by (E) host type with
varying immune complexity, (F) host early or adult lifestage, (G) host source being wild-collected or
lab-reared or (H) pathogen was inoculated by injection or other means. Orange star is shown above
the subgroups that have summary RR significantly >1. P-values shown on the bottom right corner
indicate significance level of subgroup comparisons. In (B-D), jittered points are colored by pathogen

type.

We found that the impact of higher temperatures on host death differed among pathogen

type. Bacterial pathogens exhibited the strongest and most positive effect sizes (Fig. 1B,

bacteria RR=2.25, p=0.0001; fungi RR=0.97, p=0.8930, nematoda RR=1.66, p=0.0523,

virus RR=1.28, p=0.6868; bacteria vs. fungi p=0.0098, p>0.09 for all other comparisons).

As most of bacterial effect sizes were calculated from aquatic hosts, our results indicate

that bacterial pathogens might pose significant greater risk under warming, specifically to

aquatic hosts such as fishes. Increase in infectious disease outbreaks for aquatic animals,

especially fishes, has been an overwhelming issue for the aquaculture industry, which can

cause considerable harm to economy as well as human health (Dayana Senthamarai et al.

2023). Bacterial diseases are common in the pisciculture industry (Hegde et al. 2023), we

suggest that future disease management should also consider the aggravating effects of

warming on the severity of epidemics.

Our results showed that host death increased with warming in established host-pathogen

systems with a shared evolutionary history, but not in novel systems (Fig. 1C, established

RR=4.94, p=0.0357; semi-established RR=1.71, p=0.0001, novel RR=1.2, p=0.1639).

However, no significant difference was found between “established” and “novel” subgroups

(Fig. 1C, p>0.09). Since the interactive effect was detected between pathogen type and

evolutionary history (p=0.0014 for “novel”:"virus”), we then assessed the effect of host-
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pathogen evolutionary history within each pathogen type. We found that the effects of

excess host death in established, but not novel systems were more pronounced in host-

bacterial pathogen systems (Fig. 1D, established RR=8.64, p=0.0016; semi-established

RR=2.35, p=0.0006; novel RR=1.22, p=0.3794; established vs. novel p=0.0120). These

effects were significant regardless of host type (p=0.0664 for “host-pathogen system”:*host

type”). We were not able to detect similar effects in non-bacterial pathogen types due to

low number of effect sizes in “established” subgroup. We also found that host mortality in

novel systems was already higher than that in established associations, at low/baseline

temperature (Fig. S4A, C, p=0.0007). This high level of virulence might be due to pathogen

maladaptation when it shifts to a new host (Longdon et al. 2015). These results suggest

that emerging infections might already be highly virulent at present ambient temperatures,

and less likely to be worsened by temperature increases specifically during global climate

change.

There was no evidence that the magnitude of the temperature-host death association was

influenced by other moderators tested — host life-stage, host type, or host source (Fig. 1E-

G, p>0.05 for all comparisons). The overall pattern of increased pathogen virulence under

warming was also consistent despite variation in experimental protocols. We tested the

impact of these experimental moderators (i) pathogen inoculation method (injection vs. not

injection), (ii) pathogen dosage, and (iii) exposure or measurement time points. Host death

was increased at hotter temperatures consistently across all protocols investigated (Fig. 1H,

pathogen inoculation method: injection: RR=1.73, p=0.0172; not injection: RR=1.46,
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p=0.0258; comparison: p=0.7732; Fig. S5, pathogen dosage: p>0.05 for all pathogen types;

infection exposure time: p=0.8642).

More host death with larger temperature changes

We tested whether the magnitude of the temperature-death relationship would scale with
temperature increases. We fit temperature span as a moderator in a meta-regression.
Larger temperature changes in experiments were associated with bigger effect sizes (Fig.
2A, p<.0001), regardless of any biological factors (Supplementary Table 3, p>0.1 for all
interactions). We then assessed the robustness of the empirical evidence by re-analysing
a single pathogen species - Beauveria bassiana, which had the most data across multiple
arthropod host species (25 effect sizes). Similarly, higher levels of host death during

infection by this fungal species were associated with greater temperature changes (Fig. S6,
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Figure 2. Risk ratio (RR) varied with scale and direction of temperature change. (A) Positive
association between scale of temperature change and effect sizes. (B) Schematic illustration of the
classification for directions of temperature shift related to pathogen thermal optima (Topt). The curve
represents a generic thermal performance curve with Topt as the optimal growth temperature. The
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direction of a temperature shift is represented by arrows. “Towards Topt”: the temperature range in
the study was below Topt. “Away from Topt”: the temperature range was above Topt. “Range includes
Topt”: the low and high temperatures in the study straddled Topt. (C) Summary RR for subgroups of
temperature shift directions. Black diamond with 95% confidence interval represents summary effect
size, and individual effect sizes are displayed as jittered points. Asterisk indicates RR significantly >
1 (logRR>0) for a subgroup. P-values between subgroups show level of significance.

Experimental temperature increases included in our analysis ranged from 3°C to 25°C. This
range is relevant to the upper boundary of the predicted temperature rise on Earth: 4°C
increase in annual mean surface temperature by 2100 and 14.1°C increase by 2300 (Arias
et al. 2021). If no actions are taken to alleviate climate change, our findings suggest that
the outcomes of infectious disease could worsen to a greater extent in regions of more
intense warming and more frequent extreme thermal events (Rangwala et al. 2013). More
studies are needed to investigate whether host responses (i.e., evolutionary adaptation in
shorter-lived species, acclimatization in longer-lived species, and migration in both) to

warming could help mitigate these negative effects (Bennett et al. 2021).

Pathogen thermal optima may hint at a mechanism

We hypothesized that the increase in host death may be the result of faster pathogen
growth or higher within-host loads at higher temperatures. We estimated pathogen thermal
optima (Topt) Using in vitro growth rate data for 39 well-studied species (Supplementary
Table 2). We found that warming increased virulence when temperature was elevated in
the direction of pathogen optima, using sub-group analysis on temperature changes relative
to Topt (Fig. 2B, Fig. 2C, subgroup “towards Topt": RR=1.81, p=0.0104). This indicated that
warmer and more optimal temperature can promote pathogen growth, leading to

heightened pathogen load and greater host harm. The extent of change in host death was
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significantly different between subgroup “towards Top” and “range includes Topt” (Fig. 2C,

p<.0001), but not different between subgroup “towards Topt” and “away from Topt” (Fig. 2C,

p=0.2786).

We then compared effect sizes of these subgroups within the same pathogen type.

Compared with other types of pathogens (i.e. bacteria, nematode), we found that the

direction of the temperature shift relative to Tot was more vital for outcomes of fungal

infections. Unlike that for bacterial infections, hosts with fungal pathogens did not result in

higher average host death under warmer temperatures (Fig. 1B, RR=0.97, p=0.8930),

supporting the observation that fungi are heat sensitive compared to bacteria (Alster et al.

2018). However, effect sizes for host death caused by fungi increased when the

temperature was shifted towards fungal Topt (“towards Topt :“fungi” es>0, p=0.0181, Fig.

S7). As 92% of these effect sizes were calculated from novel host-fungi systems, this result

might adapt to predict patterns of emerging fungal diseases. Most fungal species are limited

in their capability to grow at elevated temperatures which limits their potential to infect

mammals (Garcia-Solache & Casadevall 2010). Our finding suggests that fungal pathogen

species could be deadlier if temperatures shifted towards their Topt. It has previously been

shown that Batrachochytrium dendrobatidis (Bd) — a deadly fungal pathogen driving the

extinction of amphibian species — is more prevalent at highland localities where the

temperatures are shifted towards the pathogen’s Toxt (Bosch et al. 2007). At higher

temperate latitudes, the persistently warmer temperatures caused by climate change are

contributing to the ongoing expansion in the ranges of fungal pathogens such as

Coccidioides, Blastomyces, Histoplasma, and Sporothrix (Friedman & Schwartz 2019;
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Gadre et al. 2022). With continued warming in these regions, emerging fungal infections
could spread faster and be more severe, posing a greater threat to susceptible and

endangered hosts, such as amphibians and reptiles (Cohen et al. 2019).

Apart from the direction of temperature shift, host thermal tolerance and immune response
might also play important roles in shaping such infection outcomes. For example, host
immunopathology induced by infection can be heightened under warmer conditions,
causing host cell and tissue damage and worsening infection outcomes (Dittmar et al. 2014;
Evans et al. 2015). It can be difficult to distinguish the adverse effects of host
immunopathology from direct effects of pathogens under warming (Graham et al. 2005).
Further experiments on the impact of temperature on immune activation and
immunopathology are needed. Tackling the impact of global climate change on wildlife
health requires an understanding the mechanisms that might increase host mortality during

infection when periods of extreme warming hit.

Conclusions and future perspective

A greater diversity of host-pathogen systems should be included in future experimental
tests of the temperature-virulence relationship. While invertebrate hosts included in our
analysis ranged from terrestrial (e.g., insects, mite, etc.; 78.1% of the effect sizes) to aquatic
(e.g., corals, oysters, etc.; 12% of the effect sizes), there were fewer experimental studies
with aquatic vertebrate hosts (fishes, amphibians, 9.9% of the effect sizes) and none with
terrestrial vertebrates. Bias towards this limited set of systems could be due to most of our

included studies stemming from the field of agriculture (e.g., used Arthropoda hosts) or
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aquaculture (e.g., used fish hosts). Our study focused on ectotherms in which both the host

and pathogen are directly exposed to warming, while more investigation is needed to on

endotherms with more complex thermal regulation mechanisms. Nevertheless, most

emerging human pathogens originate in other vertebrates, especially mammals

(Cleaveland 2001; Woolhouse & Gowtage-Sequeria 2005; Taylor et al. 2001). Further

research on the impact of higher temperatures in vertebrate-pathogen systems is essential

for robust predictions on the outcomes of infections with zoonotic potential under climate

change.

Both ecological and evolutionary consequences of elevated temperatures are important for

understanding the impacts of warming on ecosystems. Our study revealed temperature’s

effect on infection outcomes on an ecological timescale, for which pathogen and warming

exposure were not carried across multiple host generations. Over longer evolutionary

timescales, the difference between the host’s and pathogen’s ability to acclimate or adapt

with thermal changes may be important. Due to their generation times and faster

metabolisms, pathogens might adapt more rapidly to temperature shifts than their hosts,

leading to increased pathogen growth within hosts (Gillooly et al. 2001). To test whether

the pattern on ecological timescales will remain the same across evolutionary timescales,

longitudinal studies (perhaps using experimental evolution) could be used to track the

potential for host and pathogen adaptation under temperatures relevant to climate change

projections. Slow temperature increases may facilitate host acclimation or adaptation

thereby mitigate the negative effect of warming on infection outcomes (Schaum et al. 2022).
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Parasites and pathogens are ubiquitous. Thus, understanding the impact of warming on the

harm caused by infection is critical for projections of animal species persistence under

global climate change (Garamszegi 2011; Altizer et al. 2013; Smith et al. 2009; Rohr &

Cohen 2020; Harvell et al. 2002). Our meta-analysis provides evidence that warming, and

the degree and direction of temperature increase, can potentially lead to excess mortality

in infected animal populations. These patterns show distinct consequences of warming on

bacterial and fungal infections, and for hosts in different habitats. More intense warming, if

concomitant with epidemics caused by bacterial pathogens, could exacerbate aquatic

animal population declines. While emerging fungal diseases for terrestrial animals are more

of a concern when heat extremes are more optimal for pathogen growth. There are

important consequences in this temperature-virulence relationship for species at risk,

ecosystems sensitive to biodiversity loss. Human activities are warming the Earth at an

unprecedented rate (IPCC 2021) and leading to an increased frequency and intensity of

temperature extremes (Arias et al. 2021). The current global effort to restrict warming to

1.5°C above pre-industrial levels by 2050 (Rogelj et al. 2018) may also have the unintended

benefit of limiting the lethal impacts of infectious diseases.
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Fig. S1. PRISMA-style flow diagram of screening and inclusion of journal articles. The 1649 records
from a Web of Science search were screened based on our criteria, resulting in the 60 total articles
included in the meta-analysis. n represents the number of articles.
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Fig. S5. The impacts of experimental protocols on effect sizes. Increased host killing under warmer
temperatures was not impacted by (A) time over which host mortality data was collected, namely
exposure time, or (B) pathogen dosage used in the experiments. The significance level is shown on

the bottom right of each plot.

=N
1

Risk Ratio (log scale)

Beauveria bassiana (k=25)
es=0.0549,p=0.0011**

9

12

Temperature change

15

Fig. S6. Association between the scale of temperature change and effect sizes across studies of the
pathogen Beauveria bassiana (k: 25 effect sizes across multiple hosts). The significance level is
shown on the top left of each faceted plot.

166



bacteria fungi nematoda virus
)
o ®
3 L
o L . . . . Pathogen type
2 24 ¢ = s © bacteria
o fungi
= - < = nematoda
© 0- e r :
o ° vl —_— virus
5.0 % :
m T T T T T T T T T T T T
A8 6\/\0‘? A %«o‘?‘ @/\oQ‘ %/\oQ‘ é\&\ &«o‘z‘ %«o‘*‘ %«o‘? @«o‘* 6/\0‘2‘
& & & & & & & &
\‘gb‘ «© (}ob gb‘ &© c}§> \‘@ *‘\'\o éob \x@‘ *‘\*0 G\\b
9 > B S Q\@\ B 9 & RS 9 > §
? & ? & ? & ? &
<§ N S N
N & & Ny

Temperature shift direction

Fig. S7. Comparisons between effect sizes across temperature shift directions, within each pathogen

type.
“towards Topt”.

Effect sizes for fungal pathogens have significant larger increase from “away from Topt” to
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Supplementary Table 1 Summary for included host-pathogen systems and calculated effect sizes for meta-analysis

Study host_name | pathogen_ | host_lif | host_tax | habita | host | inje | dosage | expos | temp_r |temp_s | ES variance
name estage a t _fiel | cted ure_ti | ange_o | pan

d_or me_da | ptimal

_lab y
Bally and | Paramurice | Vibrio adult anthozoa | aquati | field | no 2.00E+0 | 2 colder 3 2.61780 | 1.992079
Garrabou, | a_clavata coralliilyticu c 5 451 6
2007 ]
Bally and | Paramurice | Vibrio adult anthozoa | aquati | field | no 2.00E+0 | 2 colder 8 2.11084 | 2.088425
Garrabou, | a_clavata coralliilyticu c 5 33 38
2007 ]
Vale et | Daphnia_m | Pasteuria adult crustacea | aquati | lab yes | 10000 45 unknow | 10 3.34116 | 1.965528
al., 2008 agna ramosa c n 425 29
Vale and | Daphnia_m | Pasteuria adult crustacea | aquati | lab yes | 10000 45 unknow | 10 2.09840 | 0.918650
Little, agna ramosa c n 218 67
2009
Vezzulli et | Paramurice | Vibrio adult anthozoa | aquati | field | no 1.00E+0 | 8 colder 6 1.38524 | 2.000525
al,, 2010 | a_clavata harveyi c 5 381 55
Vezzulli et | Paramurice | Vibrio adult anthozoa | aquati | field | no 1.00E+0 | 8 colder 6 1.24921 | 2.073460
al,, 2010 | a_clavata harveyi c 5 382 26
Vezzulli et | Paramurice | Vibrio adult anthozoa | aquati | field | no 1.00E+0 | 8 colder 6 1.69477 | 2.569974
al,, 2010 | a_clavata harveyi c 5 986 43
Jiang et | Haliotis_div | Vibrio adult mollusca | aquati | field | no 1.00E+0 | 17 covered | 8 3.71843 | 1.984027
al.,, 2013 | ersicolor harveyi c 6 826 56
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Schade et | Gasteroste | Vibrio sp. adult marine aquati | field |yes | 1.00E+0 | 10 unknow | 4 0.43898 | 0.534482
al.,, 2014 | us_aculeat fish c 5 n 78 18

us
Ushijima | Montipora_ | Vibrio adult anthozoa | aquati | field | no 1.00E+0 |7 colder 4 0.16393 | 0.049383
et al., | capitata coralliilyticu c 8 169 23
2014 s
Lokmer Crassostre | Vibrio sp. adult mollusca | aquati | field | yes | 1.00E+0 |7 unknow | 14 0.40546 | 0.249916
and a_gigas c 8 n 511 68
Wegner,
2015
Lokmer Crassostre | Vibrio sp. adult mollusca | aquati | field |yes | 1.00E+0 |7 unknow | 14 0.51070 | 0.099958
and a_gigas c 8 n 564 67
Wegner,
2015
Waki and | Venerupis_ | Perkinsus adult mollusca | aquati | lab no 2.00E+0 | 28.5 optimal | 10 1.15003 | 0.084520
Yoshinag | philippinaru | olseni c 7 564 66
a, 2015 m
Lopez et | Sparus_aur | Pseudomo | adult fish aquati | lab yes | 2500000 | 10 optimal | 6 - 0.292827
al,, 2017 | ata nas baetica c 1.80104 | 5

42

Lopez et | Dicologoglo | Pseudomo | adult fish aquati | lab yes | 1.00E+0 | 10 optimal | 6 0.04693 | 0.004667
al., 2017 ssa_cuneat | nas baetica c 6 822 14

a
Lopez et | Solea_sene | Pseudomo | adult fish aquati | lab yes | 1250000 | 10 optimal | 6 0 0.002322
al., 2017 galensis nas baetica c 88
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Lopez et | Dicentrarch | Pseudomo | adult fish aquati | lab yes | 5.00E+0 | 10 optimal | 6 - 0.135891
al.,, 2017 | us_labrax nas baetica c 5 1.31859 | 04
01
Lopez et | Argyrosom | Pseudomo | adult fish aquati | lab yes | 1.1E+07 | 10 optimal | 6 - 0.071857
al.,, 2017 | us_regius nas baetica c 0.88602 | 58
18

Vater et | Haliotis_ruf | Xenohalioti | adult mollusca | aquati | lab no NA 123.5 | unknow | 4.9 1.49425 | 2.418063
al.,, 2018 | escens s c n 15 8

californiensi

]
Vater et | Haliotis_ruf | Xenohalioti | adult mollusca | aquati | lab no NA 123.5 | unknow | 4.9 0.61156 | 0.655405
al.,, 2018 | escens s c n 007 92

californiensi

]
Larsen et | Gadus_mor | Brucella adult fish aquati | lab yes | 1.25E+0 | 20 colder 9 1.32175 | 0.846296
al.,, 2018 | hua pinnipediali c 8 584 3

]
De Silva | Galleria_m | Acinetobact | adult insecta terrestr | lab yes | 10000 1 optimal |9 0.16334 | 0.786522
et al., | ellonella er ial 666 44
2018 baumannii
Wei et al., | Scapharca_ | Vibrio adult mollusca | aquati | field | yes | 1.00E+0 | 12 colder 10 4.29045 | 1.973343
2019 broughtonii | harveyi c 5 944 21
Jiang et | Carassius_ | Edwardsiell | adult fish aquati | lab yes | 1000 15 optimal 10 1.09575 | 0.123402
al.,, 2019 | carassius a tarda c 922 52
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Chideroli | Tilapia_spa | Streptococc | juvenile | fish aquati | lab yes | 1210000 | 10 covered |9 2.56494 | 1.972027
et al., | rrmanii us c 936 97

2017 agalactiae

Chideroli | Tilapia_spa | Streptococc | juvenile | fish aquati | lab yes | 1040000 | 10 covered | 9 2.07944 | 0.925

et al., | rrmanii us c 154

2017 agalactiae

Petersen | Manduca_s | Serratia larva insecta terrestr | lab yes | 40000 7 covered | 15 0.09684 | 0.037623
and Tisa, | exta marcescen ial 983 39

2012 ]

Petersen | Manduca_s | Serratia larva insecta terrestr | lab yes | 40000 7 covered | 15 0.09684 | 0.037623
and Tisa, | exta marcescen ial 983 39

2012 ]

Petersen | Manduca_s | Serratia larva insecta terrestr | lab yes | 40000 7 covered | 15 0.32423 | 0.080897
and Tisa, | exta marcescen ial 967 83

2012 ]

Petersen | Manduca_s | Serratia larva insecta terrestr | lab yes | 40000 7 covered | 15 0.32423 | 0.080897
and Tisa, | exta marcescen ial 967 83

2012 ]

Rejasse Galleria_m | Bacillus larva insecta terrestr | lab no 3500000 | 8 optimal | 15 0.58192 | 0.492585
et al., | ellonella weihenstep ial 155 54

2012 hanensis

Rejasse Galleria_m | Bacillus larva insecta terrestr | lab no 3500000 | 8 optimal | 15 - 0.346888
et al., | ellonella weihenstep ial 0.30330 | 03

2012 hanensis 74
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Ushijima | Crassostre | Vibrio larva mollusca | aquati | lab no 50000 colder 4 0.39603 | 0.023724
et al., | a_gigas coralliilyticu c 997 98
2018 s
Ushijima | Crassostre | Vibrio larva mollusca | aquati | lab no 50000 unknow | 4 0.14660 | 0.367025
et al., | a_gigas tasmaniens c n 347 52
2018 is
Ushijima | Crassostre | Vibrio larva mollusca | aquati | lab no 50000 colder 4 0.50568 | 0.101058
et al., | a_gigas coralliilyticu c 422 83
2018 s
Ushijima | Crassostre | Vibrio larva mollusca | aquati | lab no 50000 colder 4 0.61023 | 0.021497
et al., | a_gigas coralliilyticu c 527 34
2018 s
Ushijima | Crassostre | Vibrio larva mollusca | aquati | lab no 50000 colder 4 0.36139 | 0.022719
et al., | a_gigas coralliilyticu c 965 36
2018 s
Buisson Galleria_m | Bacillus larva insecta terrestr | lab yes | 20000 covered | 12 0.60230 | 0.018356
et al., | ellonella thuringiensi ial 008 27
2019 s
Buisson Galleria_m | Bacillus larva insecta terrestr | lab yes | 20000 covered | 12 - 0.017120
et al., | ellonella thuringiensi ial 0.64227 | 59
2019 ] 29
Yang et | Crassostre | Vibrio adult mollusca | aquati | field | yes | 5.00E+0 optimal 10 1.25276 | 0.147619
al. 2021 a gigas alginolyticu c 6 297 05

]
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Sepahi et | rainbow Streptococc | juvenile | fish aquati | lab yes | 1.00E+0 | 14 colder 6 0.69314 | 01
al. 2013 trout us c 6 718
agalactiae
Phuoc et | Oreochromi | Streptococc | juvenile | fish aquati | lab yes | 15000 14 optimal 10 2.07944 | 0.308333
al. 2021 S sp. us c 154 33
agalactiae
Phuoc et | Oreochromi | Streptococc | juvenile | fish aquati | lab yes | 20000 14 optimal 10 1.19815 | 0.119723
al. 2021 S sp. us c 696 63
agalactiae
Phuoc et | Oreochromi | Streptococc | juvenile | fish aquati | lab yes | 30000 14 optimal 10 0.94155 | 0.110248
al. 2021 S sp. us c 126 48
agalactiae
Rodrigues | Rhodnius_p | Trypanoso | larva insecta terrestr | lab yes | 500 30 covered | 9 1.79175 | 1.066666
et al., | rolixus ma rangeli ial 947 67
2016
Ekesi et | Megalurothr | Beauveria adult insecta terrestr | lab no 1.00E+0 | 14 covered | 15 0.86538 | 0.039821
al., 1999 ips_sjostedt | bassiana ial 8 154 67
i
Ekesi et | Megalurothr | Beauveria adult insecta terrestr | lab no 1.00E+0 | 14 covered | 15 1.06971 | 0.023936
al., 1999 ips_sjostedt | bassiana ial 8 704 65
i
Ekesi et | Megalurothr | Metarhiziu | adult insecta terrestr | lab no 1.00E+0 | 14 covered | 15 0.32471 | 0.004919
al,, 1999 | ips_sjostedt | m ial 8 553 04
i anisopliae
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Ekesi et | Megalurothr | Metarhiziu | adult insecta terrestr | lab no 1.00E+0 | 14 covered | 15 - 0.005794
al,, 1999 | ips_sjostedt | m ial 8 0.17403 | 34
i anisopliae 21
Ekesi et | Megalurothr | Metarhiziu | adult insecta terrestr | lab no 1.00E+0 | 14 covered | 15 1.05248 | 0.023318
al,, 1999 | ips_sjostedt | m ial 8 761 19
i anisopliae
Ekesi et | Megalurothr | Metarhiziu | adult insecta terrestr | lab no 1.00E+0 | 14 covered | 15 0.44279 | 0.007073
al,, 1999 | ips_sjostedt | m ial 8 94 36
i anisopliae
Yeo et al., | Aphis_faba | Beauveria adult insecta terrestr | lab no 1.00E+0 | 9 colder 13 4.73970 | 1.984695
2003 e bassiana ial 8 108 63
Yeo et al., | Myzus_per | Beauveria adult insecta terrestr | lab no 1.00E+0 | 9 colder 13 4.68350 | 1.985706
2003 sicae bassiana ial 8 066 29
Yeo et al., | Aphis_faba | Beauveria adult insecta terrestr | lab no 1.00E+0 | 9 colder 13 4.02917 | 0.976378
2003 e bassiana ial 8 092 05
Yeo et al., | Myzus_per | Beauveria adult insecta terrestr | lab no 1.00E+0 | 9 colder 13 3.96443 | 0.977558
2003 sicae bassiana ial 8 472 3
Yeo et al., | Myzus_per | Paecilomyc | adult insecta terrestr | lab no 1.00E+0 | 9 optimal | 13 4.79012 | 1.983836
2003 sicae es ial 8 161 01
fumosorose
us
Yeo et al.,, | Aphis_faba | Paecilomyc | adult insecta terrestr | lab no 1.00E+0 | 9 optimal | 13 4.79012 | 1.983836
2003 e es ial 8 161 01
fumosorose
us

174




Yeo et al.,, | Aphis_faba | Paecilomyc | adult insecta terrestr | lab no 1.00E+0 | 9 optimal | 13 2.74654 | 0.247296
2003 e es ial 8 037 79
fumosorose
us
Yeo et al., | Myzus_per | Paecilomyc | adult insecta terrestr | lab no 1.00E+0 | 9 optimal 13 2.74654 | 0.247296
2003 sicae es ial 8 037 79
fumosorose
us
Yeo et al., | Myzus_per | Lecanicilliu | adult insecta terrestr | lab no 1.00E+0 | 9 optimal | 13 3.50084 | 0.538984
2003 sicae m lecanii ial 8 159 43
Yeo et al.,, | Aphis_faba | Lecanicilliu | adult insecta terrestr | lab no 1.00E+0 | 9 optimal 13 1.57691 | 0.063742
2003 e m lecanii ial 8 472 04
Yeo et al.,, | Aphis_faba | Lecanicilliu | adult insecta terrestr | lab no 1.00E+0 | 9 optimal | 13 0.06695 | 0.001415
2003 e m lecanii ial 8 245 51
Yeo et al., | Myzus_per | Lecanicilliu | adult insecta terrestr | lab no 1.00E+0 | 9 optimal | 13 0.05261 | 0.001414
2003 sicae m lecanii ial 8 904 74
Bugeme Tetranychu | Beauveria adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 0.65376 | 0.012625
et al., | s_evansi bassiana ial 7 804 8
2008
Bugeme Tetranychu | Beauveria adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 0.30646 | 0.004931
et al., | s_evansi bassiana ial 7 999 73
2008
Bugeme Tetranychu | Metarhiziu | adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 2.34158 | 0.130706
et al., | s_evansi m ial 7 725 66
2008 anisopliae
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Bugeme Tetranychu | Metarhiziu adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 1.52377 | 0.044743
et al., | s_evansi m ial 7 32 54

2008 anisopliae

Bugeme Tetranychu | Metarhiziu | adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 1.30720 | 0.035388
et al., | s_evansi m ial 7 177 6

2008 anisopliae

Bugeme Tetranychu | Metarhiziu | adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 1.17660 | 0.028021
et al., | s_evansi m ial 7 74 09

2008 anisopliae

Bugeme Tetranychu | Metarhiziu | adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 0.83129 | 0.022469
et al., | s_evansi m ial 7 752 7

2008 anisopliae

Bugeme Tetranychu | Metarhiziu | adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 0.84729 | 0.016716
et al., | s_evansi m ial 7 786 51

2008 anisopliae

Bugeme Tetranychu | Metarhiziu | adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 0.76153 | 0.016865
et al., | s_evansi m ial 7 104 04

2008 anisopliae

Bugeme Tetranychu | Metarhiziu | adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 0.66933 | 0.011991
et al., | s_evansi m ial 7 361 07

2008 anisopliae

Bugeme Tetranychu | Metarhiziu | adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 0.34393 | 0.007966
et al., | s_evansi m ial 7 988 27

2008 anisopliae
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Bugeme Tetranychu | Beauveria adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 0.59817 | 0.010324
et al., | s_urticae bassiana ial 7 585 77

2009

Bugeme Tetranychu | Beauveria adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 0.22159 | 0.003234
et al., | s_urticae bassiana ial 7 196 88

2009

Bugeme Tetranychu | Metarhiziu | adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 0.93700 | 0.019436
et al., | s_urticae m ial 7 06 77

2009 anisopliae

Bugeme Tetranychu | Metarhiziu | adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 0.61090 | 0.010614
et al., | s_urticae m ial 7 908 3

2009 anisopliae

Bugeme Tetranychu | Metarhiziu | adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 0.43948 | 0.010561
et al., | s_urticae m ial 7 199 64

2009 anisopliae

Bugeme Tetranychu | Metarhiziu | adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 0.45496 | 0.010347
et al., | s_urticae m ial 7 903 48

2009 anisopliae

Bugeme Tetranychu | Metarhiziu | adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 0.53853 | 0.009016
et al., | s_urticae m ial 7 521 66

2009 anisopliae

Bugeme Tetranychu | Metarhiziu | adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 0.45488 | 0.007690
et al., | s_urticae m ial 7 999 36

2009 anisopliae
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Bugeme Tetranychu | Metarhiziu | adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 0.34993 | 0.006108
et al., | s_urticae m ial 7 697 26

2009 anisopliae

Bugeme Tetranychu | Metarhiziu | adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 0.22159 | 0.003940
et al., | s_urticae m ial 7 994 16

2009 anisopliae

Bugeme Tetranychu | Metarhiziu | adult arachnida | terrestr | lab no 1.00E+0 | 10 covered | 15 0.14357 | 0.002705
et al., | s_urticae m ial 7 579 69

2009 anisopliae

Tesfaye Aphis_goss | Beauveria adult insecta terrestr | lab no 1.00E+0 | 6 unknow | 10 0.27872 | 0.018298
and ypii bassiana ial 8 n 209 87
Seyoum,

2010

Tesfaye Aphis_goss | Beauveria adult insecta terrestr | lab no 1.00E+0 | 6 unknow | 10 0.29552 | 0.010060
and ypii bassiana ial 6 n 635 78
Seyoum,

2010

Tesfaye Aphis_goss | Beauveria adult insecta terrestr | lab no 1.00E+0 | 6 unknow | 10 0.22040 | 0.005897
and ypii bassiana ial 8 n 007 02
Seyoum,

2010

Tesfaye Aphis_goss | Beauveria adult insecta terrestr | lab no 1.00E+0 | 6 unknow | 10 0.07800 | 0.007583
and ypii bassiana ial 8 n 107

Seyoum,

2010
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Tesfaye Aphis_goss | Metarhiziu | adult insecta terrestr | lab no 1.00E+0 | 6 unknow | 10 0.34169 | 0.018909
and ypii m ial 8 n 666 77
Seyoum, anisopliae

2010

Tesfaye Aphis_goss | Metarhiziu | adult insecta terrestr | lab no 1.00E+0 | 6 covered | 10 0.22959 | 0.013453
and ypii m ial 8 677 14
Seyoum, anisopliae

2010

Kikankie | Anopheles_ | Beauveria adult insecta terrestr | field | no NA 5 optimal | 4 - 0.846295
et al., | arabiensis bassiana ial 0.18975 | 83

2010

Wekesa Tetranychu | Neozygites | adult arachnida | terrestr | field | no NA 7 optimal | 12 0.25034 | 0.001044
et al., | s_evansi floridana ial 564 62

2010

Wekesa Tetranychu | Neozygites | adult arachnida | terrestr | field | no NA 7 optimal 12 0.46422 | 0.001977
et al., | s_evansi floridana ial 998 07

2010

Wekesa Tetranychu | Neozygites | adult arachnida | terrestr | field | no NA 7 optimal 12 0.21934 | 0.000978
et al., | s_evansi floridana ial 548 86

2010

Heinig et | Anopheles_ | Beauveria adult insecta terrestr | lab no 5.00E+0 | 9.5 optimal 12 1.40651 | 0.034173
al.,, 2015 | stephensi bassiana ial 8 962 63
Heinig et | Anopheles_ | Beauveria adult insecta terrestr | lab no 5.00E+0 | 9.5 covered | 8 0.08913 | 0.001906
al.,, 2015 | stephensi bassiana ial 8 569 94
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Kerchev Polygraphu | Beauveria adult insecta terrestr | field | no 5.00E+0 | 45 colder 10 0.62228 | 0.021903
et al., | s_proximus | bassiana ial 6 764 2

2017

Kerchev Polygraphu | Isaria adult insecta terrestr | field | no 5.00E+0 | 45 colder 10 0.02481 | 0.000857
et al., | s_proximus | farinosa ial 6 567 01

2017

Kirk et al., | Daphnia_m | Microsporid | adult crustacea | aquati | lab no 112000 6.3 warmer | 9.6 2.69430 | 2.094362
2018 agna ia c 28 65
Saif-Ur- Acyrthosiph | Beauveria adult insecta terrestr | field | no 1.00E+0 |7 covered | 10 0.51622 | 0.029536
Rehman on_pisum bassiana ial 8 767 1

et al.,

2019

Saif-Ur- Myzus_per | Beauveria adult insecta terrestr | field | no 1.00E+0 |7 covered | 10 0.12613 | 0.028661
Rehman sicae bassiana ial 8 201 91

et al.,

2019

Saif-Ur- Acyrthosiph | Paecilomyc | adult insecta terrestr | field | no 1.00E+0 |7 covered | 10 0.19521 | 0.024832
Rehman on_pisum es ial 8 62 8

et al., fumosorose

2019 us

Saif-Ur- Acyrthosiph | Paecilomyc | adult insecta terrestr | field | no 1.00E+0 |7 covered | 10 0.32331 | 0.022580
Rehman on_pisum es ial 8 027 81

et al., fumosorose

2019 us

Saif-Ur- Myzus_per | Paecilomyc | adult insecta terrestr | field | no 1.00E+0 |7 covered | 10 0.28702 | 0.021610
Rehman sicae es ial 8 586 52
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et al., fumosorose
2019 us
Saif-Ur- Myzus_per | Paecilomyc | adult insecta terrestr | field | no 1.00E+0 |7 covered | 10 - 0.014500
Rehman sicae es ial 8 0.07193 | 08
et al., fumosorose 31
2019 us
Saif-Ur- Myzus_per | Metarhiziu | adult insecta terrestr | field | no 1.00E+0 |7 covered | 10 0.06312 | 0.039629
Rehman sicae m ial 8 201 18
et al., anisopliae
2019
Saif-Ur- Acyrthosiph | Metarhiziu | adult insecta terrestr | field | no 1.00E+0 |7 covered | 10 0.34069 | 0.029202
Rehman on_pisum m ial 8 068 29
et al., anisopliae
2019
Keerio et | Bemisia_ta | Beauveria adult insecta terrestr | field | no 1.00E+0 | 12 covered | 12 - 0.022354
al.,, 2020 | baci bassiana ial 7 0.20316 | 01

93
Keerio et | Bemisia_ta | Beauveria adult insecta terrestr | field | no 1.00E+0 | 12 covered | 12 - 0.014714
al.,, 2020 | baci bassiana ial 7 0.10084 | 15

72
Keerio et | Bemisia_ta | Lecanicilliu | adult insecta terrestr | field | no 1.00E+0 | 12 covered | 12 - 0.032382
al., 2020 baci m lecanii ial 7 0.28199 | 18

26
Seman et | Danio_rerio | Candida juvenile | fish aquati | lab yes | 15 2 colder 12 1.50185 | 0.250044
al., 2018 albicans c 27 32

181




Seman et | Danio_rerio | Candida juvenile | fish aquati | lab yes |15 2 colder 12 0.01798 | 0.000537
al., 2018 albicans c 898 16
Hu et al., | Riptortus_li | Beauveria larva insecta terrestr | field | no 3.40E+0 | 40 covered | 10 - 0.035129
1996 nearis bassiana ial 8 1.13428 | 5

23
Rao et al., | Spodoptera | Beauveria larva insecta terrestr | lab no 2.00E+0 | 10 reverse |7 0.86374 | 0.191544
2006 _litura bassiana ial 6 _optimal 352 78
Rao et al., | Spodoptera | Beauveria larva insecta terrestr | lab no 2.00E+0 | 10 reverse |7 0.06093 | 0.028196
2006 _litura bassiana ial 6 _optimal 133 87
Rao et al., | Spodoptera | Nomuraea | larva insecta terrestr | lab no 2.00E+0 | 10 reverse |7 - 0.113985
2006 _litura rileyi ial 6 _optimal 0.25449 | 45

59
Rao et al., | Spodoptera | Nomuraea | larva insecta terrestr | lab no 2.00E+0 | 10 reverse |7 - 0.015347
2006 _litura rileyi ial 6 _optimal 0.88722 | 9

96
Garcia- Galleria_m | Cryptococc | larva insecta terrestr | lab yes | 5.00E+0 | 6 optimal | 4 0.24897 | 0.006249
Solache ellonella us ial 5 96 98
et al., neoformans
2013
Garcia- Galleria_m | Cryptococc | larva insecta terrestr | lab yes | 5.00E+0 | 15 unknow | 4 - 0.016146
Solache ellonella us ial 5 n 0.56685 | 84
et al., amylolentu 43
2013 s
Svedese | Diatraea_s | Beauveria larva insecta terrestr | field | no NA 7 covered | 12 0.85755 | 0.094295
et al., | accharalis bassiana ial 024 14
2013
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Svedese | Diatraea_s | Beauveria larva insecta terrestr | field | no NA 7 covered | 12 0.50087 | 0.066006
et al., | accharalis bassiana ial 529 6
2013
Mesa- Galleria_m | Candida larva insecta terrestr | lab yes | 2.00E+0 | 10 covered |7 0.08518 | 0.054780
Arango et | ellonella tropicalis ial 6 086 23
al., 2013
Mesa- Galleria_m | Candida larva insecta terrestr | lab yes | 2.00E+0 | 10 covered |7 0.11669 | 0.008360
Arango et | ellonella tropicalis ial 6 826 94
al., 2013
Huang et | Galleria_m | Penicillium | larva insecta terrestr | lab yes | NA 5 covered | 12 3.36729 | 1.973727
al.,, 2015 | ellonella marneffei ial 583 42
Huang et | Galleria_m | Penicillium | larva insecta terrestr | lab yes | NA 7 covered | 12 - 0.275
al.,, 2015 | ellonella marneffei ial 0.69314

72
Huang et | Galleria_m | Penicillium | larva insecta terrestr | lab yes | NA 7 covered | 12 - 0.2125
al.,, 2015 | ellonella marneffei ial 1.38629

44
Garcia et | Rhodnius_p | Beauveria larva insecta terrestr | lab no 20000 15 covered | 9 0.03289 | 0.002154
al.,, 2016 | rolixus bassiana ial 584 13
Garcia et | Rhodnius_p | Metarhiziu | larva insecta terrestr | lab no 1000 15 covered | 9 0.89199 | 0.048270
al., 2016 rolixus m ial 804 76

anisopliae

Kryukov Galleria_m | Cordyceps | larva insecta terrestr | lab yes | 5000 45 covered | 15 - 0.183290
et al., | ellonella militaris ial 1.38614 | 84
2018 44
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Kryukov Galleria_m | Cordyceps | pupae insecta terrestr | lab yes | 5000 45 covered | 5 - 0.272223
et al., | ellonella militaris ial 2.10916 | 83
2018 77
Heinig et | Anopheles_ | Beauveria adult insecta terrestr | lab no 5.00E+0 | 9.5 covered | 12 0.20225 | 0.003019
al.,, 2015 | stephensi bassiana ial 8 335 63
Ferguson | Gryllus_vel | Metarhiziu larva insecta terrestr | lab yes | 75000 9 optimal 19 0.60353 | 0.109693
and etis m ial 502 88
Sinclair anisopliae
2020
Ferguson | Gryllus_vel | Metarhiziu larva insecta terrestr | lab yes | 75000 9 optimal 19 0.69314 | 0.285714
and etis m ial 718 29
Sinclair anisopliae
2020
Tesfaye Aphis Beauveria adult insecta terrestr | lab no 1.00E+0 | 6 covered | 10 0.52312 | 0.055084
etal. 2014 | gossypii (DLCO105) ial 7 315 78
Tesfaye Aphis Beauveria adult insecta terrestr | lab no 1.00E+0 | 6 unknow | 10 0.62421 | 0.057944
etal. 2014 | gossypii (DLCO105) ial 7 n 86 45
Tesfaye Aphis Beauveria adult insecta terrestr | lab no 1.00E+0 | 6 unknow | 10 0.16706 | 0.039469
et al. 2014 | gossypii (DLCO105) ial 7 n 982 13
Tesfaye Aphis Beauveria adult insecta terrestr | lab no 1.00E+0 | 6 unknow | 10 0.37738 | 0.025795
etal. 2014 | gossypii (DLCO105) ial 7 n 53 44
Tesfaye Aphis Beauveria adult insecta terrestr | lab no 1.00E+0 | 6 unknow | 10 - 0.037228
etal. 2014 | gossypii (DLCO105) ial 7 n 0.04078 | 83

45
Tesfaye Aphis Beauveria adult insecta terrestr | lab no 1.00E+0 | 6 unknow | 10 0.12771 | 0.041013
etal. 2014 | gossypii (DLCO105) ial 7 n 064 07
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Trdan et | Leptinotars | Steinernem | adult insecta terrestr | field | no 10000 covered | 5 0.07625 | 0.013924
al.,, 2009 | a_decemlin | a feltiae ial 644 61
eata
Yuksel et | Rhyzoperth | Heterorhab | adult insecta terrestr | lab no 500 unknow | 10 0.32542 | 0.115598
al., 2019 a_dominica | ditis ial n 24 29
bacteriopho
ra
Yuksel et | Rhyzoperth | Heterorhab | adult insecta terrestr | lab no 500 unknow | 10 0 0.101515
al., 2019 a_dominica | ditis ial n 15
bacteriopho
ra
Yuksel et | Sitophilus_ | Heterorhab | adult insecta terrestr | lab no 500 unknow | 10 0.04879 | 0.031349
al., 2019 granarius ditis ial n 016 21
bacteriopho
ra
Yuksel et | Sitophilus_ | Heterorhab | adult insecta terrestr | lab no 500 unknow | 10 0.10536 | 0.025396
al.,, 2019 | granarius ditis ial n 052 83
bacteriopho
ra
Yuksel et | Rhyzoperth | Steinernem | adult insecta terrestr | lab no 500 covered | 10 0.23841 | 0.121911
al., 2019 a_dominica | a feltiae ial 102 42
Yuksel et | Rhyzoperth | Steinernem | adult insecta terrestr | lab no 500 covered | 10 0.32542 | 0.115598
al.,, 2019 | a_dominica | a feltiae ial 24 29
Yuksel et | Sitophilus_ | Steinernem | adult insecta terrestr | lab no 500 covered | 10 0.14732 | 0.023929
al., 2019 granarius a feltiae ial 471 12
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Yuksel et | Sitophilus_ | Steinernem | adult insecta terrestr | lab no 500 8 covered | 10 0.17034 | 0.015834
al., 2019 granarius a feltiae ial 537 77
Grewal et | Galleria_m | Heterorhab | larva insecta terrestr | lab no NA 10 covered | 22 1.36888 | 0.004367
al., 1996 ellonella ditis ial 481 46
bacteriopho
ra
Grewal et | Galleria_m | Steinernem | larva insecta terrestr | lab no NA 10 unknow | 25 - 0.000874
al., 1996 ellonella a anomali ial n 0.00862 | 44
32
Long et | Otiorhynch | Heterorhab | larva insecta terrestr | lab yes | 100 17.5 colder 12 0.66783 | 1.000256
al., 2000 us_sulcatus | ditis ial 142 39
megidis
Long et | Otiorhynch | Heterorhab | larva insecta terrestr | lab yes | 100 17.5 colder 12 0.09517 | 0.036134
al., 2000 us_sulcatus | ditis ial 052 78
megidis
Long et | Otiorhynch | Steinernem | larva insecta terrestr | lab yes | 100 17.5 optimal 12 0.89567 | 0.171258
al., 2000 us_sulcatus | afeltiae ial 144 5
Long et | Otiorhynch | Steinernem | larva insecta terrestr | lab yes | 100 17.5 optimal | 12 0.03950 | 0.002704
al., 2000 us_sulcatus | afeltiae ial 244 26
Long et | Otiorhynch | Steinernem | larva insecta terrestr | lab yes | 100 17.5 colder 12 2.44809 | 0.917118
al., 2000 us_sulcatus | a kraussei ial 268 47
Long et | Otiorhynch | Steinernem | larva insecta terrestr | lab yes | 100 17.5 colder 12 1.05098 | 0.167801
al., 2000 us_sulcatus | a kraussei ial 424 1
Long et | Otiorhynch | Steinernem | larva insecta terrestr | lab yes | 100 17.5 colder 12 0.22391 | 0.010673
al., 2000 us_sulcatus | a kraussei ial 545 01
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Long et | Otiorhynch | Steinernem | larva insecta terrestr | lab yes | 100 17.5 colder 12 - 0.001735
al., 2000 us_sulcatus | a kraussei ial 0.07781 | 62
93

Del Valle | Galleria_m | Steinernem | larva insecta terrestr | lab yes | 100 6 covered | 25 2.10413 | 1.910569
et al., | ellonella a ial 415 11
2014 diaprepesi
Shapiro- Galleria_m | Heterorhab | larva insecta terrestr | lab no 2000 7 unknow | 8 1.00865 | 0.059246
llan et al., | ellonella ditis ial n 652 61
2014 floridensis
Shapiro- Galleria_m | Heterorhab | larva insecta terrestr | lab no 2000 7 unknow | 8 0.53111 | 0.027069
llan et al., | ellonella ditis ial n 918 82
2014 floridensis
Shaurub Ceratitis_ca | Heterorhab | larva insecta terrestr | lab no 250000 NA covered | 20 1.70474 | 0.008677
et al., | pitata ditis ial 809 01
2015 bacteriopho

ra
Shaurub Ceratitis_ca | Heterorhab | larva insecta terrestr | lab no 250000 NA covered | 20 1.32890 | 0.004774
et al., | pitata ditis ial 968 14
2015 bacteriopho

ra
Shaurub Ceratitis_ca | Steinernem | larva insecta terrestr | lab no 250000 NA covered | 20 0.62497 | 0.003998
et al., | pitata a ial 264 45
2015 carpocaps
Shaurub Ceratitis_ca | Steinernem | larva insecta terrestr | lab no 250000 NA covered | 20 2.20532 | 0.019232
et al., | pitata a riobrave ial 179 01
2015
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Yuksel et | Ephestia_k | Heterorhab | larva insecta terrestr | lab no 50 unknow | 10 0.07232 | 0.010319
al., 2019 uehniella ditis ial n 066 77
bacteriopho
ra
Yuksel et | Ephestia_k | Heterorhab | larva insecta terrestr | lab no 50 unknow | 10 0.11375 | 0.007002
al., 2019 uehniella ditis ial n 889 2
bacteriopho
ra
Yuksel et | Ephestia_k | Steinernem | larva insecta terrestr | lab no 50 covered | 10 0.17034 | 0.015834
al., 2019 uehniella a feltiae ial 537 77
Yuksel et | Ephestia_k | Steinernem | larva insecta terrestr | lab no 50 covered | 10 0.09156 | 0.015496
al., 2019 uehniella a feltiae ial 719 58
Aatif et | Bactrocera | Heterorhab | larva insecta terrestr | field | no 50000 covered | 10 0.21599 | 0.008332
al.,, 2020 | _dorsalis ditis ial 419 78
bacteriopho
ra
Aatif et | Bactrocera | Heterorhab | larva insecta terrestr | field | no 50000 warmer | 10 0.43409 | 0.015086
al.,, 2020 | _dorsalis ditis indica ial 203 95
Aatif et | Bactrocera | Steinernem | larva insecta terrestr | field | no 50000 unknow | 10 0.19599 | 0.011563
al.,, 2020 | _dorsalis a ial n 385 87
carpocaps
Aatif et | Bactrocera | Steinernem | larva insecta terrestr | field | no 50000 covered | 10 0.40224 | 0.018255
al.,, 2020 | _dorsalis a ial 264 86
carpocaps
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Ogretmen | Agriotes Heterorhab | larva insecta terrestr | field | no 1400 21 unknow | 5 - 0.158333
et al., ditis ial n 0.40546 | 33
2020 bacteriopho 51
ra
Ogretmen | Agriotes Heterorhab | larva insecta terrestr | field | no 1400 21 warmer | 5 0.91629 | 0.3
et al., ditis indica ial 073
2020
Ogretmen | Agriotes Steinernem | larva insecta terrestr | field | no 1400 21 unknow | 5 0 0.05
et al., a ial n
2020 bicornotum
Ogretmen | Agriotes Steinernem | larva insecta terrestr | field | no 1400 21 reverse |5 0.18232 | 0.133333
et al., a ial _optimal 156 33
2020 carpocaps
Ogretmen | Agriotes Steinernem | larva insecta terrestr | field | no 1400 21 warmer | 5 0.69314 | 0.2
et al., a feltiae ial 718
2020
Long et | Otiorhynch | Heterorhab | pupae insecta terrestr | lab yes | 100 17.5 colder 12 0.68787 | 1.000055
al., 2000 us_sulcatus | ditis ial 012 69
megidis
Long et | Otiorhynch | Steinernem | pupae insecta terrestr | lab yes | 100 17.5 optimal | 12 0.17645 | 0.089525
al., 2000 us_sulcatus | afeltiae ial 644 28
Long et | Otiorhynch | Steinernem | pupae insecta terrestr | lab yes | 100 17.5 colder 12 0.54361 | 0.066980
al., 2000 us_sulcatus | a kraussei ial 545 29
Long et | Otiorhynch | Steinernem | pupae insecta terrestr | lab yes | 100 17.5 colder 12 0.90895 | 0.022245
al., 2000 us_sulcatus | a kraussei ial 492 68
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Aatif et | Bactrocera | Heterorhab | pupae insecta terrestr | field | no 50000 9 covered | 10 0.85434 | 0.061815
al.,, 2020 | _dorsalis ditis ial 119

bacteriopho

ra
Aatif et | Bactrocera | Heterorhab | pupae insecta terrestr | field | no 50000 9 warmer | 10 0.89891 | 0.080317
al.,, 2020 | _dorsalis ditis indica ial 213 33
Aatif et | Bactrocera | Steinernem | pupae insecta terrestr | field | no 50000 9 unknow | 10 1.03539 | 0.088370
al.,, 2020 | _dorsalis a ial n 333 06

carpocaps
Aatif et | Bactrocera | Steinernem | pupae insecta terrestr | field | no 50000 9 covered | 10 0.86244 | 0.094803
al.,, 2020 | _dorsalis a ial 868 39

carpocaps
Delisle et | Crassostre | Ostreid adult mollusca | aquati | field | yes | 6900000 | 3 covered | 8 - 0.013693
al,, 2018 | a_gigas herpesvirus c 0.65677 | 12

95

Paez et | Oncorhync | hematopoie | larva fish aquati | lab no 50000 17 optimal |9 0.15704 | 0.037072
al., 2021 hus_mykiss | tic necrosis c 713 68

virus
Suchman | Aedes AeDNV larva insecta terrestr | lab no 5.00E+0 | 8 unknow | 4 - 0.006049
etal. 2006 | aegypti ial 9 n 0.35510 | 94

39

Brand et | Wood frog FV3-like larva amphibia | aquati | field no 1000 28 unknow | 15 3.71357 | 1.953542
al. 2016 ranavirus n c n 207 39
Brand et | Greenfrog | FV3-like larva amphibia | aquati | field | no 1000 28 unknow | 15 2.01440 | 0.949443
al. 2016 ranavirus n c n 907 71
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Supplementary Table 2 Pathogen in vitro T data collected from published literatures

Species taxa pathogen_opt | pathogen_gro pathogen_growth | trait_measured | Reference
imal_temp wth_upper _lower

Acinetobacter bacteria | 37 25 45 in vitro growth Antunes L. C. S., Imperi F., Carattoli A. &

baumannii Visca P. 2011 Deciphering the multifactorial
nature of Acinetobacter baumannii
pathogenicity. PLoS One 6 (8), €22674.

AeDNV virus unknown unknown unknown NA NA

Bacillus bacteria | 30 15 40 in vitro growth | Dagga, A., Aziz, M.E., EImanama, A.A., Al-

thuringiensis and biomass | Sharif, M., jubb, A.A., & Hindi, M.W. (2016).

profuction Isolation, characterization & optimization of

cultural condition for bacillus thuringinsis bt
from soils of gaza strip.

Bacillus bacteria | 30 7 30 in vitro growth Logan N.A. De Vos P. (2009) Genus |.

weihenstephane Bacillus Cohn 1872, 174AL. Bergey's Manual

nsis of Systematic Bacteriology3 (De Vos P.
Guarrity G.M. Jones D. Krieg N.R. Ludwig W.
Rainey F.A. Schleifer K-H. Whitman W.B.,
eds), pp. 21-128. Springer, New York, NY.

Beauveria fungi 25-28 8 35 in vitro | Fargues J, Goettel MS, Smits N et al. (1997)

bassiana vegetative Effect of temperature on vegetative growth of

growth Beauveria bassianaisolates from different

origins. Mycologia 89:389-392

Brucella bacteria | 37 20 40 in vitro growth Johansson, Karl-Erik (2014): VetBact -

pinnipedialis culturing bacteriological knowledge for
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veterinarians. Veterinary Record 174: 162-
164 doi: 10.1136/vr.g162

Candida
albicans

fungi

37

unknown

42

in vitro germ
tube formation

S. Nadeem, A. Shafig, S. Hakim, Y. Anjum
and S. U. Kazm, "Effect of Growth Media, pH
and Temperature on Yeast to Hyphal
Transition in Candida albicans," Open Journal
of Medical Microbiology, Vol. 3 No. 3, 2013,
pp- 185-192. doi: 10.4236/0jmm.2013.33028.

Candida
tropicalis

fungi

25-35

unknown

unknown

growth

Wilson, C. B.; Nizet, V.; Maldonado, Y_;
Remington, J. S.; Klein, J. O. (2015).
Remington and Klein's Infectious diseases of
the Fetus and Newborn Infant. Philadelphia,
US: Saunders. ISBN 9780323241472.

Cordyceps
militaris

fungi

20

10

25

in vitro growth

Jiaojiao, Z., Fen, W., Kuanbo, L., Qing, L.,
Ying, Y., & Caihong, D. (2018). Heat and light
stresses affect metabolite production in the
fruit body of the medicinal mushroom
Cordyceps militaris. Applied microbiology and
biotechnology, 102(10), 4523-4533.
https://doi.org/10.1007/s00253-018-8899-3

Cryptococcus
amylolentus

fungi

unknown

unknown

37

in vivo tolerance

Bloom, A., Jin, R. M., Leipheimer, J., Bard, J.
E., Yergeau, D., Wohlfert, E. A., & Panepinto,
J. C. (2019). Thermotolerance in the
pathogen Cryptococcus neoformans is linked
to antigen masking via mRNA decay-
dependent reprogramming. Nature
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communications, 10(1), 4950.
https://doi.org/10.1038/s41467-019-12907-x

Cryptococcus fungi 32-40 unknown unknown NA NA
neoformans
Edwardsiella bacteria | 30-37 15 40 in vitro growth Ishihara S, Kusuda R: Growth and survival of
tarda Edwardsiella tarda bacteria in environmental
water. Bull Jpn Soc Sci Fish. 1982, 48: 483-
488.
hematopoietic virus 15 4 20 in vivo growth, | CHINCHAR, V. G. (2000). Ecology of Viruses
necrosis virus virus of Cold-Blooded Vertebrates. Viral Ecology,
413-445. https://doi.org/10.1016/B978-
012362675-2/50012-4
Heterorhabditis | nemato | unknown 12 25 The nematodes | https://www.bioforce.co.nz/products/nematop.
bacteriophora da are infective | html
when the media
temperature
ranges from 12
to 25°C.
Heterorhabditis nemato | unknown unknown 37 by infection | Shapiro-llan, D. I., Blackburn, D., Duncan, L.,
floridensis da efficacy El-Borai, F. E., Koppenhdfer, H., Tailliez, P., &

Adams, B. J. (2014). Characterization of
Biocontrol Traits in Heterorhabditis floridensis:
A Species with Broad Temperature
Tolerance. Journal of nematology, 46(4),
336-345.
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Heterorhabditis | nemato | 15 5 unknown in vitro survival Strauch, O., Niemann, |., Neumann, A. et al.
indica da Storage and formulation of the
entomopathogenicnematodes Heterorhabditis
indica and H. bacteriophora. BioControl 45,
483-500 (2000).
https://doi.org/10.1023/A:1026528727365
Heterorhabditis | nemato | 20-24 unknown unknown infection, Saunders, J. E., & Webster, J. M. (1999).
megidis da reproduction, Temperature Effects on Heterorhabditis
and megidis and Steinernema carpocapsae
development Infectivity to Galleria mellonella. Journal of
were fastest nematology, 31(3), 299-304.
Isaria farinosa fungi 20 (variable unknown unknown in vitro culture Liu, F., Xiang, M., Guo, Y. et al. Culture
findings: 20- conditions and nutrition requirements for the
25, 15-25, 14- mycelial growth of Isaria farinosa
18) (Hypocreales: Cordycipitaceae) and the
altitude effect on its growth and metabolome.
Sci Rep 8, 15623 (2018).
https://doi.org/10.1038/s41598-018-33965-z
Isaria fungi 25 (20-30) unknown unknown vegetative Vidal, C., Fargues, J., & Lacey, L. A. (1997).
fumosorosea growth Intraspecific variability of Paecilomyces

fumosoroseus: Effect of temperature on
vegetative growth. Journal of Invertebrate
Pathology, 70, 18—26.
https://doi.org/10.1006/jipa.1997.4658
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Lecanicillium
lecanii;
Metarhizium
anisopliae

fungi

25

15

30

germination,
growth and
sporulation

Onsongo, S. K., Gichimu, B. M., Akutse, K.
S., Dubois, T., & Mohamed, S. A. (2019).
Performance of Three Isolates of Metarhizium
Anisopliae and Their Virulence against
Zeugodacus Cucurbitae under Different
Temperature Regimes, with Global
Extrapolation of Their Efficiency. Insects,
10(9), 270.
https://doi.org/10.3390/insects10090270

Metarhizium
brunneum

fungi

25 (25-30)

unknown

unknown

in vitro growth

Couceiro JC, Fatoretto MB, Demétrio CGB,
Meyling NV and Delalibera i Jr (2021) UV-B
Radiation Tolerance and Temperature-
Dependent Activity Within the
Entomopathogenic Fungal Genus
Metarhizium in Brazil. Front. Fungal Biol.
2:645737. doi: 10.3389/ffunb.2021.645737

Neozygites
floridana

fungi

25,29

unknown

unknown

germination
rates optimal at
25 and
sporulation rates
optimal at 29

Wekesa, V. W., Moraes, G. J., Ortega, E. M.,
& Delalibera, 1., Jr (2010). Effect of
temperature on sporulation of Neozygites
floridana isolates from different climates and
their virulence against the tomato red spider
mite, Tetranychus evansi. Journal of
invertebrate pathology, 103(1), 36—42.
https://doi.org/10.1016/j.jip.2009.10.003

Nomuraea rileyi

fungi

25

35

optimum
temperature for

C. M. Ignoffo, C. Garcia, D. L. Hostetter,
Effects of Temperature on Growth and
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mycelial growth
and sporulation

Sporulation of the Entomopathogenic Fungus
Nomuraea rileyi, Environmental Entomology,

was 25°C Volume 5, Issue 5, 1 October 1976, Pages
935-936, https://doi.org/10.1093/ee/5.5.935
Ordospora fungi 19 unknown unknown optimal Charlotte Kunze, Pepijn Luijckx, Andrew L
colligata performance Jackson, lan Donohue (2022) Alternate
(growth, patterns of temperature variation bring about
reproduction, very different disease outcomes at different
infection) mean temperatures eLife 11:e72861
https://doi.org/10.7554/eLife.72861
Ostreid virus 26 21 unknown virus, virulence Delisle, L., Petton, B., Burguin, J. F., Morga,
herpesvirus and infectivity B., Corporeau, C., & Pernet, F. (2018).
Temperature modulate disease susceptibility
of the Pacific oyster Crassostrea gigas and
virulence of the Ostreid herpesvirus type 1.
Fish & shellfish immunology, 80, 71-79.
https://doi.org/10.1016/j.fsi.2018.05.056
Paecilomyces fungi 20-30 unknown unknown vegetative Vidal, C., Fargues, J., &#38; Lacey, L. A.
fumosoroseus growth (1997). Intraspecific Variability
ofPaecilomyces fumosoroseus:Effect of
Temperature on Vegetative Growth. Journal
of Invertebrate Pathology, 70(1), 18—26.
https://doi.org/10.1006/JIPA.1997.4658
Penicillium fungi 17-28 unknown unknown mold growth Pruksaphon, K., Nosanchuk, J. D.,
marneffei Ratanabanangkoon, K., &#38; Youngchim, S.
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(2022). Talaromyces marneffei Infection:
Virulence, Intracellular Lifestyle and Host
Defense Mechanisms. Journal of Fungi 2022,
Vol. 8, Page 200, 8(2), 200.
https://doi.org/10.3390/JOF8020200

Perkinsus olseni | bacteria | 15-32 unknown unknown sporulation La Peyre, M., Casas, S., & La Peyre, J.
(2006). Salinity effects on viability, metabolic
activity and proliferation of three Perkinsus
species. Diseases of aquatic organisms,
71(1), 59-74.
https://doi.org/10.3354/dao07 1059

Pseudomonas bacteria | 20-25 4 30 in vitro growth https://bacdive.dsmz.de/strain/13189

baetica

Serratia bacteria | 25-37 5 40 growth Petersen, L. M., & Tisa, L. S. (2012).

marcescens; Influence of temperature on the physiology

Serratia sp. and virulence of the insect pathogen Serratia
sp. Strain SCBI. Applied and environmental
microbiology, 78(24), 8840-8844.
https://doi.org/10.1128/AEM.02580-12

Steinernema nemato | 25 unknown unknown in vitro Hirao, A., & Ehlers, R. U. (2009). Effect of
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Supplementary Table 3 Results from modelling and statistical analyses.

Test for multicolinearity

Factorial Moderator GVIF~(1/(2*Df))
host_lifestage 1.306142
pathogen_system 1.439664
host_field_or_lab 1.12698
pathogen type 1.323923
toward_optimal 1.105307

host immunity 2.221351
inoculation method 1.42379

Continuous moderator

Pearson coef

temperature span
exposure_time_day
pathogen dosage
Continuous moderator

temperature span
1

0.009203278
-0.121184198

p value

exposure_time_day
0.00920328

1

-0.0336458

pathogen dosage
-0.1211842
-0.0336458

1

temperature span

exposure_time_day

pathogen dosage

temperature span 0 0.07450622 0.104771

exposure_time_day 0.07450622 0 0.6584693

pathogen dosage 0.10477103 0.65846927 0

Test for publication bias

Moderator levels estimate se tvalue pval
N_high NA -2.56E-05 6.48E-04 -0.039 0.969
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N_low NA -3.01E-05 6.44E-04 -0.047 0.963

Test for the impact of different correction method for control mortality (p-val=0.6814)

levels estimate se tvalue pval

corrected (ref) NA NA NA NA

infected_host_only -0.33 4.71E-01 -7.01E-01 0.4831

low_in_control 0.2039 3.24E-01 6.30E-01 0.529

no_in_control 0.0096 2.61E-01 3.68E-02 0.9706

Check for host and pathogen species pval

host species 0.0058

pathogen species <.0001

Meta-analysis Summary Effect size (not at log scale)

pred ci.lb ci.ub pval Random factor

1.47 1.13 1.93 0.0046 ** Authors, host_species, pathogen_species

Sub-group analysis

Sub-group pred ci.lb ci.ub pval Random factor

Host lifestage (adult, jevenile, larva, pupae)

adult 1.7 1.15 2.51 0.0078 ** Authors, host_species,
pathogen_species

jevenile 1.77 0.61 5.2 0.2956 Authors, host_species,
pathogen_species

larva 1.27 0.92 1.74 0.1494 Authors, pathogen_species

pupae 0.89 0.14 5.58 0.9022 Authors, host_species,

Pathogen type (fungi, bacteria, nematoda, virus, euglenozoa)

pathogen_species
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fungi 0.97 0.62 1.51 0.893 Authors, host_species,
pathogen_species

bacteria 2.25 1.49 3.39 0.0001 Authors, host_species,
pathogen_species

nematoda 1.66 0.99 2.76 0.0523 Authors, host_species,
pathogen_species

virus 1.28 0.39 4.21 0.6868 Authors, pathogen_species

euglenozoa NA NA NA NA Authors, host_species,
pathogen_species

Pathogen system (novel, established, non-local from natural system)

novel 1.24 0.91 1.69 0.1639 Authors, host_species,
pathogen_species

established 4.94 1.11 21.93 0.0357 Authors, host_species,
pathogen_species

non-local from natural system 1.71 1.3 2.24 0.0001 pathogen_species

Pathogen system, within invertebrates (novel, established, non-local from
natural system)

established all in invertebrate hosts

novel 1.15 0.85 1.56 0.3727 Authors, host_species,
pathogen_species

established 4.94 1.11 21.93 0.0357 Authors, host_species,
pathogen_species

non-local from natural system 1.72 1.3 2.27 0.0001 pathogen_species

Host habitat (terrestrial, aquatic), removed because of multicolinearity

terrestrial 1.15 0.86 1.55 0.3423 Authors, host_species,
pathogen_species

aquatic 2.31 1.42 3.74 0.0007 host_species, pathogen_species
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Host collected or field (lab, field)

lab 1.47 1.04 2.08 0.0296 Authors, host_species,
pathogen_species

field 1.45 0.99 2.11 0.0535 Authors, host_species,
pathogen_species

Host immunity (invertebrate, vertebrate)

invertebrate 1.36 1.04 1.78 0.0259 Authors, host_species,
pathogen_species

vertebrate 1.91 0.94 3.85 0.0719 host_species, pathogen_species

Temprature towards pathogen optimal or not (covered, yes, no)

covered 1.34 0.93 1.93 0.1193 Authors, host_species,
pathogen_species

yes 1.81 1.15 2.85 0.0104 Authors, host_species,
pathogen_species

no 1.37 0.72 2.61 0.3401 Authors, host_species,
pathogen_species

Temprature towards pathogen optimal or not, within invertebrate hosts (covered, yes, no)

covered 1.25 0.88 1.79 0.2125 Authors, host_species,
pathogen_species

yes 1.86 1.04 3.35 0.0374 Authors, pathogen_species

no 1.37 0.72 2.61 0.3401 Authors, host_species,
pathogen_species

Pathogen inoculation method (By injection, Not by injection)

injection 1.730086 1.102184 2.715695 0.0172 Authors, host_species,

pathogen_species
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not injection 1.462288 1.047016 2.042266 0.0258 Authors, host_species,
pathogen_species

Moderator analysis -- Continuous moderators

Moderator es se zval pval random factor

exposure_time_day -0.0012 0.0072 -0.1711 0.8642 Authors, host_species,
pathogen_species

temperature span 0.0576 0.0131 4.3906 <.0001 Authors, host_species,
pathogen_species

pathogen dosage -0.0422 0.0173 -2.4398 0.0147 Authors, host_species,

pathogen_species
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Abstract

Global climate change is causing extreme heating events and intensifying infectious
disease outbreaks. The selective impacts of these dual stressors on host organisms in a
changing world remain unclear. Using experimental evolution with competing genotypes,
we directly tested the selective impacts of warming on the evolutionary trajectory of
nematode host resistance to infection by a natural bacterial pathogen. Across 10 host
generations, we found that warming during host development, then continuing into maturity
during infection selected for genetic-based host resistance. Periodic warming within host
lifetime drove the loss of genetic-based resistance, despite pathogen presence. Warming
during development resulted in plastic temperature-mediated protection which weakened
the selection for more costly genetic-based resistance upon cooling to ambient levels. Host
evolutionary trajectories were likely determined by the combination of fithess constraints of
genetic-based resistance, host plasticity, condition-dependent pathogen virulence, and
dilution of pathogen cells by resistant hosts. These findings improve our understanding of
the evolutionary implications for patterns of infection and host persistence during global

temperature change.
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Introduction

Global climate change is leading to higher average temperatures, as well as more

prolonged and extreme heat events (Dosio et al., 2018). Increasing frequency and duration

of heat periods result in higher chance for organisms to experience temporary or prolonged

warming at some point of their life stages (IPCC 2013; Zhang et al., 2015). Shifting

environmental temperatures have the potential to modify host-pathogen dynamics (Rohr et

al., 2013; Franke et al., 2019; Kunze et al., 2022), and intensify infectious disease outbreaks

(Jones et al., 2008; Liang et al., 2017). The disturbance caused by climate warming can

worsen infection outcomes for hosts, with consequently serious declines in wildlife

populations (Jones et al., 2008; Mora et al., 2022). Pathogens can become more virulent

at warmer temperatures (Oh et al., 2009; Kimes et al., 2012), and hosts more vulnerable to

succumbing when the dual stressors of heat and infection are combined (Hector et al., 2021,

2023).

As climate change is ongoing with the annual mean surface temperature rise predicted up

to 4°C in 2100 (Arias et al., 2021), there are likely to be multi-generational effects of

warming for animals and interactions with their pathogens. For example, higher pathogen

virulence under warmer temperatures could more strongly select for gene-based resistance

(van 1998; Wendling et al., 2022). However, temperatures experienced during host

development can cue plastic responses in resistance, with single-generation studies

showing that early-age heat stress could confer resistance to infection later in life (Liew et

al., 2003; Singh & Aballay, 2006; Lee et al., 2012; Prithika et al., 2016; Janda et al., 2019).

Condition-dependent resistance such as this, if repeated across generations, might weaken

209



selection for more costly genetic-based host resistance (Dallas et al., 2016). In addition to
plasticity, selection for genetic-based resistance could be weakened by the presence of
‘dilution effects’ (Keesing & Ostfeld, 2021; Civitello et al., 2015). Variability in host resistance
in a population can benefit susceptible individuals in populations by reducing pathogen
density and transmission in the environment (Keesing & Ostfeld, 2021; Civitello et al., 2015).
Dilution effects would reduce the likelihood of pathogens encountering susceptible hosts.
Therefore, host plasticity and dilution effects could potentially impact host resistance
evolution under warming. However, it is still unclear how host resistance evolutionary

dynamics will be shaped by warming and infection.

Here, we directly tested the selective impact of warming across timescales and life-stages
on resistance evolution in host populations. We used Caenorhabditis elegans and a
bacterial pathogen Leucobacter musarum, naturally isolated from congeners in rotting
banana stems in Cape Verde (Hodgkin et al., 2013). This pathogen causes a lethal infection
in the lab-adapted N2 worm isolate, but the mutant srf-2 is resistant (i.e., host survival upon
L. musarum exposure) due to altered surface structure. We competed these two nematode
genotypes and tracked their frequencies in the host population across 10 generations in
response to prolonged or periodic warming regimes, and in the presence or absence of
pathogens. We subsequently developed a mathematical model parametrized using
empirical data from single-generation experiments, to disentangle the impact of dilution

effects on host evolutionary dynamics.
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Materials and Methods

Nematode and pathogen maintenance

We used the wild-type C. elegans N2 and a mutant strain srf-2. The pathogen, Leucobacter
musarum sp. nov. subsp. musarum subsp. nov strain CBX152T (L. musarum), caused lethal
rectal disease to wild-type worms, while the mutant was resistant to killing by the pathogen,
by means of altered host surface glycosylation (Hodgkin et al., 2013), Both worm genotypes
were originally obtained from the Caenorhabditis Genetics Centre; CGC, Minnesota, USA.
L. musarum was obtained from Hodgkin lab (Hodgkin et al., 2013). At the start of all
experiments, both strains were thawed from frozen stocks and maintained at 20°C,
according to a standard maintenance protocol using nematode growth medium (NGM)
plates seeded with Escherichia coli OP50 (Stiernagle 2006). OP50 was grown at 30C
overnight in Luria-Bertani (LB) broth, then 100 yl OP50 culture was spread onto each NGM
plate and incubated at 30 ‘C overnight to form bacterial lawn. Worm populations were age-

synchronized by bleaching following standard protocols (Stiernagle 2006).

Leucobacter musarum is a virulent pathogen isolated from wild Caenorhabditis tropicalis in
Cape Verde (Hodgkin et al., 2013). This genus has been shown to naturally infect C.
elegans (Bates & King, 2021; Bates et al., 2021). The bacterium was grown in LB broth at
30 C overnight, and the culture was standardized to OD(600)=0.3 throughout the infection
experiment. For pathogen exposure, we prepared the infection exposure plates by
streaking 74 ul of inoculum containing 20% L. musarum and 80% OP50 (standardized to
OD(600) 1) onto 5.5 cm NGM plates and incubating at 25 C for 24h (Bates et al., 2021).

Control plates were prepared by spreading a similar amount of OP50 culture.
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Nematode population survival and fecundity

We manipulated warming length to occur during worm development (from L1 larvae to L4
young adults) and/or pathogen exposure at the early adult-stage. We used the ambient
temperature of 20 'C and a warmer temperature of 25C. The ambient temperature 20 C is
standard for maintaining C. elegans in lab, which is optimal for nematode reproduction
(Gouvéa et al., 2015). This warmer temperature causes mild heat stress in C. elegans hosts
shortening wild-type C. elegans lifespan and reducing host reproduction (Xiao et al., 2013;
Gouvéa et al., 2015). 25T can also result in higher L. musarum -induced host mortality

(Hodgkin et al., 2013; Bates et al., 2021).

The pathogen exposure assay was conducted following protocols in Chapter 3. Briefly, wild-
type or mutant L1 larvae were grown on OP50 food at either 20 C or 25 C for ~48h or ~34h,
respectively, until they reached stage L4 (as worms had faster development at warmer
temperature). L4 young adults were washed off the plate, gravity washed twice, and
transferred onto infection or control plates, left for 24h at either 20 C or 25 C. We transferred
approx. 300-400 L4-stage worms onto each 5.5 NGM plate. This number was determined
to obtain similar worm density to that in the evolution experiment. Transferred worm
populations were either 100% wild-type or mutant, or mixed populations with 50% wild-type
and 50% mutant worms. Each treatment was replicated six times. The number of live and
dead nematodes were counted on each plate after 24h pathogen exposure. Nematodes

were considered dead when they did not respond to a gentle touch with a platinum wire.

To assess population fecundity, all worms and eggs were washed off the plate and
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unhatched sterile eggs were collected after bleaching. After 12h incubation in M9 buffer,
numbers of the total hatched L1 larvae and srf-2 mutant L1 larvae were counted in six 5ul
drops of M9 buffer. The sr-2 mutant has a green florescent reporter and can be
distinguished from unlabeled wild-type at L1 larva stage. This GFP insertion does not carry

a host fithess cost (Hodgkin et al., 2001).

Evolution experiment

Nematode offspring were passaged across ten generations. We competed the susceptible
wild-type N2 and the resistant mutant srf-2 starting from 50:50 ratio and tracked their
frequency dynamics under different infection treatments and temperature regimes (Fig. 1).
The experiment was started with approximately 500 nematodes of the wild-type N2 and srf-
2 mutant (n per plate = 1000) per replicate population. The population sizes were
consistently maintained at approx. 1000 for all generations. The evolution experiment was
started with both genotypes thawed from frozen stocks, and all treatments and controls

were replicated six times.

We prepared infection exposure plates by streaking 200 pl of inoculum containing 20% L.
musarum and 80% OP50 (standardized to OD(600) 1) onto 9 cm NGM plates and
incubating at 25 C for 24h (Bates et al., 2021). Control plates were prepared by spreading
a similar amount of OP50 culture. Both genotypes were age-synchronized, and L1 worms
were developed on OP50 food at 20°C or 25°C for 48h or 36h, respectively, until they reach
L4 young adult stage. L4-stage worms were transferred to infection or OP50 plates and

incubated at 20°C or 25°C for 24h. After 24h of infection exposure, unhatched sterile eggs
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were collected from worm populations after bleaching. After 12h incubation in M9 buffer,
frequency estimates for each genotype were determined by counting total hatched L1
worms and mutant L1 worms in six 3ul drops of M9 buffer, under a fluorescent microscope.
Approx. 1000 worms from each replicate were then placed onto OP50 plates and raised to
L4 stage before being placed back to infection and temperature treatments. For replicates
where there were < 1000 worms, individuals were added from either 20C or 25C
uninfected stock plates to keep population sizes constant across replicates. Exposure to
pathogens or abiotic environmental stress have been shown to induce nongenetic heritable
host resistance or altered fitness in wild-type C. elegans (Moore et al., 2019; Palominos et
al., 2017; Burton et al., 2020; Wibisono & Sun, 2023; Legle et al., 2022; Baugh & Day,
2020). Given that adding worms from uninfected stock plates might weaken the epigenetic
memory of resistance for replicates in infection treatment (if there was any), the evolutionary

frequency data were then analyzed including and excluding these replicates.

Genotype frequency was counted by subsampling. It was thus possible that one genotype
at low frequency that was not counted and could bounce back in the next generation. Loss
was determined if one genotype was not observed for two consecutive generations.

Passages stopped in the replicate where loss was observed.
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Fig. 1. Schematic illustration of the evolution experiment competing host genotypes. In brief, L1-
stage host population consisted of wild-type N2 and mutant srf-2 were grown on OP50 food
bacteria at 20°C or 25°C until they reach L4 stage. L4 worms were exposed to pathogen or OP50
control at 20°C or 25°C. After 24h, worm populations were bleached to obtain sterilized eggs. The
frequency of each genotype was determined in the hatched L1. All hatched L1 worms were grown
to L4 and returned to the corresponding infection and temperature treatment. Ten passages were
made.

Statistical analyses

Unless specified, all analyses were conducted in R 4.1.0 (RStudio 2023.03.1+446). Host
mortality data was fitted in generalized linear model (GLM) with quasibinomial distribution.
To account for different numbers of susceptible individuals in wild-type and mixed (50%
susceptible: 50% mutant) host populations, we scaled the mortality of mixed populations by
multiplying the original host mortality by 2. Fecundity data was fitted in GLM with negative
binomial distribution. Proportion of mutant in the offspring was fitted in GLM with binomial
distribution (with total number of offspring as weights in model). Model performance was
evaluated by QQ-plot and dispersion test to ensure they addressed the overdispersion of
the data. To test which genotype dominated in the offspring population under different
treatments, we used exact binomial tests on each replicate. P-values were pooled to obtain

group-level significance using poolr R package (Cinar & Viechtbauer, 2022). We tested the
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correlation between host population mortality, fecundity, and the proportion of mutant in the

offspring using cor.test function in R.

For the evolution experiment, we calculated the relative fitness of resistant mutant
compared to the susceptible genotype. Resistance relative fithess was calculated as a
function of the change in genotype frequencies using the equation In(f resistant /f
susceptible) where f represents genotype frequencies (Bates et al., 2021). In cases where
one genotype had a frequency of zero, we assumed a frequency of 1/N+1 for this genotype
(N is population size). Mean and sd of resistance relative fithess across ten generations
were summarized. We used Wilcoxon rank sum test to test for differences in mean relative
fithess between treatment groups. To evaluate the trend of genotype frequency change
across host generations under different treatments, we fitted the frequency data in a
generalized linear mixed model (GLMM) with binomial distribution, as well as Bayesian
model with binomial distribution. Genotype dominance at generation ten was assessed
using binom.test and poolr R package. Details of all statistical results are in Supplementary

Table 1.

Generalized Lotka Volterra model

To disentangle effects that help promote the persistence of the susceptible genotype in host
populations, we developed a generalizable mathematical model based on generalized
Lotka-Volterra (gLV) equations. Our model assumed that the frequency of each genotype
in the host population was determined by its intrinsic fecundity, the reduction in fecundity

for infected individuals, the infection-induced host mortality, and intra- and inter-genotype
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interactions. Intra-genotype interactions were considered competitive. While inter-genotype
interactions might induce both competitive and facilitative effects, specifically dilution effects.
Dilution effects occurs when the resistant genotype reduces the intensity and transmission

of pathogens among susceptibles.

In this model, we assumed a population (with fixed size N) consisted of genotype i and
genotype j, and the rate of abundance change for genotype i (X;) across generations is

given below.

(dXi)/dt was determined by the sum of offspring produced by healthy host individuals and

infected host individuals, as shown in the model equation. Individuals for generation t+1

were then randomly sampled from the offspring pool produced at generation t by genotype

iand .

dx;
dt

=1r;(X; — BX;(1 +vX;) —0X;)e” C¥Xi=CiiXi 4+ (1 — ) ((1 — 0; — 0)BX; (1

+ yxj))e—CiiXi—Cinj

Here, riis the reproduction rate of genotype i, § is the infection rate, y is the influence of
another genotype j on the focal genotype’s susceptibility to infection (addressing dilution
effects) on individual basis, 6 is host natural death rate, C; is the intra-specific competitive
effect for genotype i, Cj is the inter-specific competitive effect of genotype j on genotype J,
@; is the infection-induced host fecundity reduction for genotype i, o; is infection-induced
death rate for genotype i. All parameters were drawn from the random sampling from a

distribution inferred from empirical data when possible.
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To simplify the gLV model, we firstly set the intra- and inter-genotype interactions
coefficients to zero. We inferred normal distribution parameters from the population
mortality and fecundity measured by single-generation experiments for each genotype.
Then for every iteration, the model parameter was randomly drawn from the inferred normal

distribution. We iterated the model for ten simulated host generations.

Results

Mortality and fecundity for susceptible and resistant genotypes

Throughout the experiment, mortality was not observed either in mutant populations
exposed to L. musarum or uninfected control populations (Fig. 2A). Susceptible wild-type
worms and resistant mutants have similar generation times found herein and in a previous
study (O'Rourke et al., 2023). We evaluated host mortality in mixed populations and
single-genotype populations. We found when susceptible hosts in mixed populations were
developed at ambient temperatures, they exhibited lower scaled mortality compared with
the susceptible genotype on its own (Fig. 2A, 20 T-20 C: mixture es=-0.43, p=0.031; 20 C-
25C: mixture es=-0.37, p=0.016). This result suggests there might be dilution effects
(Keesing & Ostfeld, 2021; Civitello et al., 2015), whereby the resistant genotype is diluting
the number of pathogens in the environment resulting in fewer to infect susceptible hosts.
Developmental warming eliminated these effects, where similar levels of host mortality are
observed in mixed and susceptible populations (Fig. 2A, 25 C-20 C regime: p=0.787; 25 C-
25 C regime: p=0.129). For susceptibles, developmental warming decreased host mortality

during pathogen infection (25C es=-1.73, p<0.001), while warming during pathogen
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exposure increased host mortality (25 C es=1.11, p<0.001).

We found that infection reduced fecundity for both susceptible and resistant hosts (Fig. 2B,
susceptibles: infection es=-1.47, p<0.001; mixed: infection es=-1.09, p<0.001; mutant:
infection es=-0.67, p<0.001). However, this effect was much stronger for susceptible hosts

(Fig. 2B, susceptibles: es=0.76, p<0.001).
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Fig. 2. Mortality and fecundity of host populations consisted of different genotypes. A. Mortality of
susceptible, mutant and mixed host populations. Mortality in mixed populations was scaled (by
doubling). B. Fecundity of susceptible, mutant, and mixed host populations Number of offspring
was collected from host populations after 24h following pathogen exposure or placement in
uninfected control. C. Proportion of susceptible and mutant genotype in total offspring produced
in mixed host populations, proportions are pooled from six replicates in each treatment group.

Susceptible hosts consistently had lower fecundity at the ambient developmental
temperature. Resistant and mixed populations produced more offspring than susceptible
populations regardless of infection treatment (Fig. 2B, mutant vs. susceptible: infection

20C-20C: es=1.48, p<0.001, 20°'C-25C: es=0.98, p=0.001. Control 20 C-20C es=0.39,
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p=0.021, 20 C-25C es=0.31, p=0.007. mixed vs. susceptible: infection 20 T-20 C: es=0.81,
p=0.004; 20C-25C: es=0.70, p=0.019; control: 20°C-20 C: es=0.48, p=0.004; 20 C-25C:
es=0.37, p=0.001). However, developmental warming reversed this pattern, where we
found that resistant and mixed populations produced fewer offspring compared with
susceptible populations, across infection and uninfected controls (Fig. 2B, mutant vs.
susceptible: infection 25°C-20TC: es=-1.17, p=7.25e-06. Control 25C-20C: es=-0.82,
p=9.13e-05; 25C-25C: es=-0.58, p=0.001. Mixed vs. susceptible: infection 25T-20C:
es=-0.90, p=0.0004; control 25C-20C: es=-0.94, p=1.03e-05; 25°C-25C: es=-1.44,

p=3.05e-15).

Warming during pathogen infection also impacted fecundity for the two genotypes, but to
different extents. With warming throughout development and pathogen infection, resistant
populations produced more offspring than susceptible or mixed populations (mutant vs.
susceptible es=1.17, p<0.001; mutant vs. mixed es=0.87, p<0.001). The fecundity of mixed
populations did not differ from that of susceptible populations during prolonged warming

(p=0.408).

When assessing the impact of infection and warming on genotype proportions in total
offspring, we found that infection significantly increased the proportion of the resistant
genotype (Fig. 2C, infection es=0.76, p<2e-16). This effect was exaggerated when
combined with warming during infection (infection:25 C es=0.64, p=0.0007. Infection 25°C
es=0.3943, p=0.0154). However, in the uninfected control populations, adult-stage warming

decreased the proportion of resistant offspring (25°C es=-0.25, p=0.011). For uninfected
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control populations, 20 C-25 ‘C temperature regime reduced the proportion of resistance in
total offspring (es=-0.33, p=0.002). However, infection warming regime (20T-257T)
increased the proportion of resistance in total offspring to the greatest extent (20C-
25 C:infection es=0.54, p=0.015). The resistant genotype always dominated in total
offspring reproduction under infection (Fig. 2C, pooled p-value=0.002 for 20 ‘C-20°C, 20 C-
25T and 25°C-25C regimes), except for that under the developmental warming regime
(25C-20C) (Fig. 2C, pooled p-value=1). In uninfected control populations, the resistant
genotype dominated in total offspring under persistent ambient temperature regime (Fig.
2C, 20°C-20 C, pooled p-value=0.033), while the susceptibles dominated the total offspring

reproduction at 20 ‘C-25 C temperature regime (Fig. 2C, pooled p-value=8.64e-05).

We did not observe a significant trade-off between host survival and fecundity for the
susceptible genotype. These traits were positively associated for susceptible-only
populations (Spearman rho=-0.74, p<0.001), as well as for mixed populations (Spearman
rho=-0.55, p<0.001). Specifically, a decrease in host survival was correlated with decrease
in susceptible offspring proportion in mixed populations (Supplementary Table 1, Spearman

rho=0.41, p=0.004).

Evolutionary dynamics of host resistance and susceptibility

Coexistence of susceptible and resistant genotypes was common throughout our evolution
experiment. We found that in each treatment, both genotypes were able to coexist in at
least in one replicate at the end of the evolution experiment (Fig. 3). Similar evolutionary

dynamics were found after removing the replicates consisting of worms added from stock
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plates (Fig. S3).

The regular loss of resistance, particularly in the uninfected controls, reveals an
evolutionary cost to the resistant phenotype. We observed the first loss of resistance in our
experiment at generation six, in which the resistant genotype went extinct during evolution
in the uninfected developmental warming regime (25°C-20C) (Fig. 3A, Fig. S1). After eight
host passages, we observed the first fixation of resistance (i.e., loss of the susceptible
genotype) at prolonged warming regime under pathogen infection (Fig. S1). This replicate
was the only one showing fixation of resistance in the evolution experiment. After nine host
passages, loss of resistance was observed in most replicates in the developmental warming

regime (25°C-20 C), under both infection and uninfected control conditions (Fig. S1).

We found that in the prolonged warming (25 ‘C-25 C) infection group, the resistant genotype
dominated host populations (Fig. 3A, pooled p-value<0.001). Otherwise, the susceptible
genotype dominated in other treatments (Fig. 3A, susceptible frequency>0.5, pooled p-
value<0.033 for all other treatment groups). These results were consistent with the single-
generation results that developmental warming reduced the fecundity of the resistant
genotype more than that of the susceptibles. The former genotype exhibited higher

fecundity than the latter under prolonged warming.
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represents mean, error bar represents mean+SD, each point represents relative fithess of
resistant genotype in one replicate.

When evaluating the relative fitness of resistance genotype across generations, we found

that warming during infection increased the relative fitness of the resistant genotype,

223



regardless of infection treatment (Fig. 3B. control: p<0.001, infection: p<0.001). This pattern
was significant throughout the evolution experiment (Fig. S2. Generation 1-5: control:
p<0.001, infection: p=0.012. Generation 6-10: control: p<0.001, infection: p=0.002).
Pathogen infection significantly increased resistance relative fitness under prolonged
warming (Fig. 3B. Wilcoxon rank sum test, p=0.003), but the selective effect for resistance
was not significant until later generations (Fig. S2, Generation 1-5: p>0.222; Generation 6-
10: p=0.008). We found that warming increased the variation of resistance relative fitness
(Fig. 3B. Levene’s Test, adult-stage warming (control): p<0.001; developmental warming
(infection): p=0.019), suggesting warming can increase stochasticity among replicates. This
finding was magnified when combined with pathogen infection. During infection warming
and prolonged warming treatments, infection significantly increased the variation of relative
fitness (Fig. 3B, Supplementary Table 1. Levene’s Test, 20 C-25C: p=0.018; 25'C-25C:
p=0.04). Selection posed by warming and infection resulted in more stochastic outcomes

among replicates.

By fitting data in GLMM (Supplementary Table 1), we found that across host generations,
there was a general decrease in the frequency of resistant genotypes in populations (Table
1, Generation es=-0.21, p<0.001). We also fitted the data to a Bayesian mixed effect model,
and results were consistent between both approaches (Supplementary Table 1). However,
pathogen infection across generations favoured higher levels of resistance compared to in
the uninfected control (es=0.13, p<0.001). Prolonged warming across host generations
increased the frequency of resistance in host populations compared with that under

persistent ambient temperature regime (es=0.16, p<0.001). This pattern was pronounced
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during pathogen infection (es=0.089, p=0.003). Conversely, when temperature was lowered
to 20 C after developmental warming, there was a decrease in the frequency of resistance
across time (es=-0.082, p=0.005), especially during infection (es=-0.098, p=0.025). The
reverse switch, from 20 'C-25 'C, drove the rapid loss of resistance under infection (es=-0.21,

p<0.001).

Table 1. Summary of GLMM, modelling resistance frequency across generations and treatments

estimate std.error p-value
Main effects
Generation -0.21 0.016 <0.001***
infection -0.43 0.346 0.209
20C-25C 0.28 0.33 0.399
25C-20C -0.13 0.339 0.691
25C-25TC 0.39 0.329 0.238
Interaction effects
Generation:infection 0.13 0.025 <0.001***
Generation:20 'C-25C 0.19 0.019 <0.001™**
Generation:25C-20C -0.08 0.029 0.005*
Generation:25C-25C 0.16 0.018 <0.001™**
infection:20°C-25TC 0.8 0.476 0.091
infection:25°C-20C 0.92 0.49 0.059
infection:25°C-25TC -0.08 0.479 0.867
Generation:infection:20 C-25C -0.21 0.029 <0.001***
Generation:infection:25C-20°C -0.1 0.044 0.025*
Generation:infection:25C-25C 0.09 0.03 0.003**

Modelling resistance dynamics with dilution effects

In the absence of genotype competition, the model generated population dynamics showing

fixation of resistance at ambient developmental temperature but extinction at

developmental warming, in uninfected host populations (Fig. 4). The genotype fixation or

extinction rate was slower than that in infected host populations. The simulations showed

loss of resistance in infection treatment groups, except for several replicates under

prolonged warming regimes (Fig. 4). These trends in infection but not control groups
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resembled the evolutionary patterns in the evolution experiment (Fig. 3A). This indicates
that infected host population resistance is being shaped mainly by selection from pathogens,
while uninfected population dynamics are mainly shaped by competitions. However, loss of
resistance was much slower in the experiment, possibly due to intra-genotype competition
decreasing the rate of fixation for the susceptible genotype. Dilution effects were detected
from single-generation experiments in ambient and infection warming regimes. Removing
dilution effects by setting the relevant parameter as 0 in the simulations reversed population

dynamics, showing rapid loss of susceptible wild type in the first three generations (Fig. 4).
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Fig. 4. Genotype frequency dynamics predicted by the gLV model. All parameters were drawn
from normal distribution inferred from the experimental population mortality and fecundity data.
Dilution effects at persistent ambient (20 C-20 ‘C) and infection warming (20 C-25 'C) regimes were
inferred from experimental data and were also removed to assess their impact. No host dilution
effects were observed under developmental warming (25 C-20 'C) and prolonged warming (25 C-
25C) regimes from experiments.

Discussion

Global warming is increasing average temperatures and causing thermal fluctuations,
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which could escalate disease threat to biodiversity (Rohr et al., 2013; Kunze et al., 2022,

Altizer et al., 2003). Pathogens can impose strong selection for host resistance (Koskella,

2018). Warming could amplify these selective effects by increasing pathogen virulence

(Kimes et al.,, 2012; Oh et al, 2009). Thus, long-term warming across multiple host

generations might select for resistance in populations, if the benefits of avoiding infection

outweigh costs of resistance (Boots & Haraguchi, 1999; Restif & Koella, 2003; van 1998).

Rising temperatures also strengthen (Singh & Aballay, 2006; Liang et al., 2014, Prithika et

al., 2016) or weaken (Cheng et al., 2005; Moriyama & Ichinohe, 2019) host immune

responses, with effects varying by host life-stage during exposure (Liew et al., 2003; Janda

etal., 2019; Lee et al., 2012; Singh & Aballay, 2006; Prithika et al., 2016). Our study focused

on a warm-adapted bacterial pathogen with their cool-adapted nematode hosts. By

competing resistant and susceptible nematode genotypes across ten generations, we

revealed that prolonged (and stressful) warming across development and pathogen

exposure strongly selected for resistance in host populations. Resistance was lost or

maintained at lower frequencies in populations experiencing periodic warming.

Our results showed a rapid loss of resistant genotypes in host populations, especially in the

absence of pathogen attack, indicating an evolutionary cost to genetic-based resistance.

The resistant genotype has been shown to have lower mobility than the susceptible wild-

type, which makes it inferior in foraging on food bacterial lawn (O'Rourke et al., 2023). That

resistance can be physiologically costly and linked to inferior competitive abilities is well-

established (Kraaijeveld & Godfray, 1997; Luong & Polak, 2007; Bartlett et al., 2018;

Schwenke et al., 2016). This cost was less prominent from single-generation experiments,
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where resistant individuals sometimes dominated in offspring production. Environmental
factors (i.e. nutritional level) can affect host resistance expression and evolution
(Lambrechts et al., 2006), and warming might also influence the genetic basis of host

resistance.

In addition to genetic-based resistance, warming during development was shown to
mediate plastic resistance for susceptible genotype to infections. In C. elegans, this effect
is likely due to heat stress activating the heat shock transcription and protein production,
part of the host multi-pathogen defense pathways (Singh & Aballay, 2006; Prithika et al.,
2016). The protective effect of early-stage heat exposure has been found in other host
organisms, from broiler chickens to plants (Liew et al., 2003; Janda et al., 2019; Lee et al.,
2012). We found that pathogen-mediated selection for costly genetic-based resistance was
weakened by the presence of this induced resistance in the susceptible wild-type host. This
pattern diminished when infection occurred at warmer temperature where pathogens
became more virulent (Hodgkin et al., 2013). We suggest that temperature-driven plastic
responses could confer protection for susceptible hosts against moderate virulent infections,
but might be less sufficient to buffer susceptibles against more severe infectious disease
outbreaks under climate warming (Kelly, 2019; Jones et al., 2008). Host adaptation (i.e.
resistance) is primarily driven by pathogen virulence, while pathogen adaptation (i.e.
virulence) can in turn be driven by host resistance (Paterson et al., 2010; Schulte et al.,
2010; Kubinak & Potts, 2013). Future studies are needed to disentangle such host-
pathogen co-evolutionary dynamics, providing essential insight for predicting the burden of

infectious diseases under climate change (Brooks & Boeger, 2019).
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We observed the persistence or dominance of the susceptible wild type under infection in
constant ambient or periodic warming regimes. This outcome was unexpected given results
from single-generation experiments showed that the resistant mutant produced more
offspring and had higher survival during infection. As pathogens showed different
competencies of infecting susceptible and resistant nematode genotypes, dilution of
disease might happen. Dilution effects can be conferred by resistant hosts in our experiment
shielding susceptible genotypes from pathogens, and thereby favouring the maintenance
of susceptibles in the population (Rudolf & Antonovics, 2005). Model simulations showed
that removing dilution effects led to a rapid loss of susceptibles, indicating the importance
of dilution effects to the outcome of resistance evolution in our experiment. The impacts on
selection were however eliminated when warming coincided with host development. At an
ecosystem level, dilution effects might limit disease spread, with the loss of biodiversity
worsening epidemics and threatening human and wildlife populations (Civitello et al., 2015).
This diversity-disease relationship might be shaped by environmental factors such as
warming (Liu et al., 2016), specifically depending on host life-stage of heat exposure (Zhang
et al., 2015). Global warming has emerged as a predominant threat to ecosystems in the
21% century, reducing biodiversity by altering species habitat range, interrupt food webs and
ecosystem functions (Shivanna, 2022; Wudu et al., 2023). Climate-induced loss of diversity
might exaggerate the effects of warming on disease susceptibility, worsening the outlook

for plant and animal hosts (Wudu et al., 2023).

Epigenetic inheritance of host resistance might also play a role shaping these evolutionary
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trajectories. Multigenerational plasticity in C. elegans has been established (Moore et al.,
2019; Palominos et al., 2017; Burton et al., 2020; Wibisono & Sun, 2023; LeguUe et al., 2022;
Baugh & Day, 2020), with environmental stress leading to acquired pathogen avoidance
behaviour and resistance transmitted across generations via histone modifications and
small RNA regulation in progeny gene expression (Baugh & Day, 2020; Ghildiyal & Zamore,
2009; Fire et al., 1998). Plasticity could enable low-cost exploration of phenotypic space for
the susceptible wildtype in response to environmental stress advantageous in the context
of environmental heterogeneity (Murren et al., 2015). Temperature also induces epigenetic
phenotypic change (Baugh & Day, 2020). Whether prolonged warming could generate or

constrain multigenerational plasticity in host resistance has not been directly tested.

Lastly, we found that pathogen-posed selection for resistance can fluctuate, specifically in
a negatively frequency-dependent fashion. Whilst pathogens initially selected for costly host
resistance, we postulate that once pathogen prevalence decreased due to the spread of
resistant genotype (e.qg., dilution effect), selection can then act against resistance in host
populations (Boots et al., 2009). This dynamic change of host resistance and pathogen
prevalence is an example of ecological feedback (Boots et al., 2009). And such feedback
might eventually increase the frequency of once rare susceptible genotype in the

populations (Sheldon & Verhulst, 1996; Boots et al., 2009).

In conclusion, we showed that host evolutionary trajectories could be shaped by abiotic
temperature, with the combination of fitness constraints associated with warming stress. A

combination of genetic-based resistance, plasticity, condition-dependent virulence, and
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protection conferred by dilution effects all likely played a role in determining the strength
and direction of selection acting on host resistance to infection. Assessing these effects on
host resistance evolution is essential for forecasting host population persistence and health
in a more infectious and warming world (Jones et al., 2008; Dosio et al., 2018; Mora et al.,

2022).
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genotype for 6-10 generations. In each facetted plot, the diamond shape represents mean, error
bar represents mean+SD, each point represents relative fithess of resistant genotype in one
replicate.
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were started at 50:50 ratio of the two genotypes.
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Supplementary Table 1 Modelling results

Relative fithess ratio of susceptible:resistance

20C-20C  20C-25C  25C-20C 25C-25C
mean ~ Treatment p=0.190 p=0.579 p=0.992 p=0.003**
sd ~ Treatment p=0.724 p=0.018* p=0.471 p=0.040*
Uninfected control
group
20C-20C  20C-25C  25C-20C 25C-25C
20C-20C N/A
20C-25C p<0.001***
25C-20C p=0.215  p<0.001***
25C-25C p=0.002**  p=0.365 p<0.001*** N/A
Infected group
20C-20C  20C-25C  25C-20C 25C-25C
20C-20C N/A
20C-25C p=0.116
25C-20C p=0.126 p=0.014*
25C-25C p=0.001**  p=0.029* p<0.001*** N/A

Baseline population mortality (GLM quasibinomial)

glm(formula = mortality_scaled ~ Genotype * Rear_temp * exposure_temp, family =

quasibinomial, data = .)

Estimate Std. Error t Pr(>|t])
value
(Intercept) -1.91764 0.11947 -16.052 <2.00
E-16

GenotypeN2+srf-2 -0.42691 0.18504 -2.307  0.02631
Rear_temp25C -1.73116 0.28066 -6.168 2.74E-07
exposure_temp25C 1.10727 0.1475 7.507 3.73E-09
GenotypeN2+srf-2:Rear_temp25C 0.51138 0.39784 1.285  0.20605
GenotypeN2+srf- 0.05351 0.22497 0.238 0.81322
2:exposure_temp25C

Rear_temp25C:exposure_temp25C 1.14159 0.31032 3.679  0.00069
GenotypeN2+srf- 0.12826 0.43972 0.292 0.77204

2:Rear_temp25C:exposure _temp25
C

Baseline population fecundity (GLM negative binomial)

glm.nb(formula = L1_per_30ul ~ Genotype * exposure_temp * Rear_temp * Treatment,
data = ., init.theta = 10.04237629, link = log)
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(Intercept)

GenotypeN2+srf-2

Genotypesrf-2

exposure _temp25C

Rear _temp25C

Treatmentinfection
GenotypeN2+srf-
2:exposure_temp25C

Genotypesrf-2:exposure_temp25C

GenotypeN2+srf-2:Rear_temp25C

Genotypesrf-2:Rear_temp25C

exposure _temp25C:Rear_temp25C
GenotypeN2+srf-
2:Treatmentinfection

Genotypesrf-2:Treatmentinfection
exposure_temp25C:Treatmentinfecti
on

Rear_temp25C:Treatmentinfection
GenotypeN2+srf-
2:exposure_temp25C:Rear_temp25
C

Genotypesrf-
2:exposure_temp25C:Rear_temp25
C

GenotypeN2+srf-
2:exposure_temp25C:Treatmentinfe
ction

Genotypesrf-
2:exposure_temp25C:Treatmentinfe
ction

GenotypeN2+srf-
2:Rear_temp25C:Treatmentinfection

3.9576335

0.483055

0.3861719

0.9276905

-0.0658132

-1.3067417

-0.1108837

-0.0757651

-1.4217027

-1.2099393

0.1268823

0.3317891

1.0927553

-0.4005284

0.9214793

-0.3953164

0.3225873

-0.0004505

-0.4223328

-0.2970097

0.1406451

0.1958112

0.1963209

0.1940022

0.1994461

0.2194131

0.2714078

0.2718775

0.2891915

0.2879025

0.2746192

0.2975025

0.2935647

0.2992301

0.2995599

0.3979378

0.3933835

0.4091472

0.4053357

0.4293434

28.139

2.467

1.967

4.782

-0.33

-5.956

-0.409

-0.279

-4.916

-4.203

0.462

1.115

3.722

-1.339

3.076

-0.993

0.82

-0.001

-1.042

-0.692

<2.00E
-16
0.0136
27
0.0491
78
1.74E-
06
0.7414
15
2.59E-
09
0.6828

0.7804
95
8.83E-
07
2.64E-
05
0.6440

0.2647
44
0.0001
97
0.1807
24
0.0020
97

0.3205
09

0.4121
97

0.9991
21

0.2974
43
0.4890
78
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Genotypesrf-

2:Rear_temp25C:Treatmentinfection  -1.4401709
exposure_temp25C:Rear_temp25C:
Treatmentinfection -1.4750248
GenotypeN2+srf-
2:exposure_temp25C:Rear_temp25
C:Treatmentinfection 1.5383521
Genotypesrf-

2:exposure_temp25C:Rear_temp25
C:Treatmentinfection 2.5148037

0.4299394

0.4205637

0.5976524

0.5895267

-3.35

-3.507

2.574

4.266

0.0008
09
0.0004
53

0.0100
53

1.99E-
05

Baseline fecundity for mixed populations -- mutant proportion (GLM binomial

with weights)

glm(formula = L1_srf2_prop ~ Temp * Treatment, family = binomial,

data = ., weights = L1_per_30ul)

(Intercept) -0.02751
Temp20C_25C -0.32685
Temp25C_20C -0.19955
Temp25C_25C -0.04287
Treatmentinfection 0.49413
Temp20C_25C:Treatmentinfection 0.53795
Temp25C_20C:Treatmentinfection -0.34118
Temp25C_25C:Treatmentinfection 0.33003

0.08866

0.10697

0.20759

0.16729

0.17277

0.22094

0.33843

0.30972

-0.31

-3.056

-0.961

-0.256

2.86

2.435

-1.008

1.066

0.756
36
0.002
25
0.336
41
0.797
73
0.004
24
0.014

0.313
39
0.286
63
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Chapter ©6:

Thesis discussion



Thesis discussion

This thesis investigates the effects of temperature on microbiome dynamics, infection
outcomes and the evolution of host resistance. | also reveal the structuring force of the dual
stressors of warming and pathogen infection on host microbiomes. Below | summarise each

empirical chapter, followed by potential avenues for future research.

Chapter summaries

Chapter 2: Experimental temperatures shape host microbiome diversity and
composition

The microbiome is increasingly regarded as an important indicator of host health. The
extent to which microbiomes change in response to higher and lower temperatures may be
important for predicting host performance under climate change. In Chapter 2, | broadly
investigated whether and how experimental temperatures (warming/cooling) affect host
microbiome diversity, composition, and stability across animal and plant species. | tested
the effects of a series of moderators including host biological traits (e.g. endothermic or
ectothermic), environmental variables (e.g. habitat environments) and experimental factors
(e.g. length of lab acclimation) on host microbiomes responses to temperature change from
control temperatures. Overall, | detected a decrease in microbiome phylogenetic diversity
and alteration of microbiome composition under both experimental warming and cooling. |
found that host microbiome diversity and composition were more affected by host habitat
and experimental factors, than host biological traits. Aquatic animals in marine habitats,
compared to terrestrial animals, experienced more microbiome diversity loss under cooling.

This result suggests that aquatic species might be less tolerant to extreme cooling, which
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could hinder their ability to expand ranges towards new habitats in polar regions under
current climate warming. | found that prior-experimental lab acclimation or ramped warming
caused less of a reduction in microbiome diversity, as opposed to sudden static temperature
shift. Thus, a gradual and longer time for host acclimation might aid microbiome stability
under temperature changes, but whether rapid microbiome adaptation will occur during
gradual thermal shifts is unclear. This study highlights the need to consider these factors
when predicting species persistence and developing microbe-based interventions to buffer

host against thermal stress.

Chapter 3: Dual stressors of infection and warming can destabilize host microbiomes
In current climate scenario, animals are constantly exposed to multiple abiotic and biotic
stressors, so are their microbiomes. In Chapter 3, | extended the work of Chapter 2 and
included a biotic stressor — pathogen infection, to investigate the dual effects of warming
and infection on host microbiomes. Specifically, using the nematode host Caenorhabditis
elegans, its natural gut microbiome representatives, and a bacterial pathogen Leucobacter
musarum naturally isolated from Caenorhabditis spp, | characterized microbiome changes
in a diversity of wild host isolates and the canonical lab strain during warming temperatures
and infection. | found a loss of microbiome diversity and increase in dispersion over time.
Whilst uninfected hosts experienced microbiome diversity loss, infected hosts had more
dispersed microbiota among populations. Pathogen infection was associated with
increased microbiome diversity and decreased dominance. | revealed that infection and
warming could individually increase microbiome dispersion, indicating the destabilizing

effects of both stressors. However, these two stressors did not have additive destabilizing
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effects on host microbiomes. The timing of warming and degree of host lab adaptation both
played a role in mediating microbiome responses to the dual stressors. Overall, | empirically
demonstrated the dynamic nature of host microbiomes under thermally variable and
infectious conditions, which has shed light on conservation of endangered species amidst

climate warming and epidemics, through microbiome-mediated protection.

Chapter 4: Warming-induced excess deaths of infected animals depend on pathogen
traits

Temperature can impact host-pathogen interactions to shape distinct disease outcomes,
but the broad effect of warming on diverse host-pathogen systems are unclear. In Chapter
4, | investigated the effect of temperatures, with a focus on host-pathogen interaction and
disease outcome. Using data from experimental studies, | broadly tested the effect of
warming on the infection outcome, specifically pathogen-induced host mortality. |
investigated whether host and pathogen biological traits (e.g. host-pathogen evolutionary
history, pathogen thermal optimum), the scale of temperature increase and experimental
variables (e.g. pathogen inoculation method, infection exposure time) could explain
variations in the temperature-mortality relationship. Overall, | found that experimental
warming drove higher mortality of infected hosts, with the magnitude of effects consistent
across variable experimental protocols, and not impacted by host life-stage or immune
complexity. Larger temperature increases were associated with more host deaths under
infection. | further found that naturally established bacterial pathogens caused greater host
mortality under warming, while novel infections were more lethal than established infections

at low ambient temperatures. Fungal pathogens were more sensitive to temperature
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changes, with the infection outcome worse when temperature shifted upwards their thermal

optimum. Broadly, this study suggests that global warming could lead to excess deaths

caused by infectious diseases in animal populations, with the magnitude of effects varying

by pathogen type and evolutionary history. These factors should be considered when

predicting the outcome of epidemics under climate change.

Chapter 5: Prolonged warming strengthens selection for host resistance to infection

Temperature broadly impacts infection outcomes across diverse host-pathogen systems,

as shown by Chapter 4. Varying disease outcomes could be driven by host-pathogen

interactions under temperature changes, with host resistance being an essential part in

those interactions. Resistance is constantly evolving rather than be a fixed trait, the

evolution of which greatly impact epidemics dynamics. In Chapter 5, | investigated the

selective impacts of warming and infection on host resistance evolution. | conducted

evolution experiments competing two C. elegans genotypes (susceptible wild-type vs.

resistant mutant) across 10 host generations, varying the presence of infection by L.

musarum and the time of warming. | found that persistent warming across host development

and adulthood favoured genetic-based host resistance under infection, particularly as

warming increased pathogen virulence. Conversely, periodic warming across the host’s

lifetime resulted in a loss of genetic-based resistance. Warming during host development

conferred plastic pathogen resistance and thus weakened the selection for more costly

genetic-based resistance under subsequent infection. Using mathematical modelling, |

revealed that host evolutionary trajectories were likely driven by the combination of fithess

constraints of genetic-based host resistance, temperature-mediated host plasticity,
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pathogen virulence, as well as dilution effects on pathogen cells by resistant hosts. This

study highlights the need to consider the multiple ways in which climate can shape host

biology when forecasting patterns of evolution.

6.1 General themes and future work

6.1.1 Rapid microbial evolution can affect host performance

In Chapter 2, | showed that across a variety of host species, experimental warming and

cooling could induce host microbiome diversity loss and compositional changes. | found

that microbiome responses can be affected by the rate and scale of environmental change.

A longer period of host-microbiome lab acclimation and ramped temperature treatments

were associated with less microbiome diversity loss compared with sudden warming.

Though the relationships between microbiome diversity and community emergent

properties (eg. productivity, stability) are unresolved, understanding large-scale patterns in

diversity changes driven by temperature is of great importance to predict and manage

microbial communities (Shade 2017). The experimental studies | included in this chapter

were conducted within a single host generation. Responses of microbiomes to

perturbations, on extremely short timescales (minutes or hours) can involve metabolic or

physiological changes (Sonnenburg et al. 2005; Turnbaugh et al. 2009; Townsend et al.

2019). Community alterations in host microbiomes can result in fundamental functional

changes of the microbiome, may also be essential to buffer host against environmental

challenges (reviewed in Kolodny & Schulenburg 2020). For example, coral microbiomes

can mediate host protection against heat stress and CO. levels through functional

alterations (Webster & Reusch 2017; Ziegler et al. 2017, 2019). Microbiome composition
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can be manipulated using transplantation. This approach has been developed as an
intervention method to improve host performance under stressful conditions (Moghadam et

al. 2018; Gupta et al. 2016).

While much attention has been paid to host microbiome community ecological dynamics,
less is known about microbial evolution within the community with consequences for host
health (Lieberman 2022). Even on short timescales within a single host lifetime, microbiome
evolution can occur (Zhao et al. 2019; Barreto & Gordo 2023; Fraz&o et al. 2022; King et
al. 2020). Microbe evolution can occur within weeks or days (Rafaluk-Mohr et al. 2018; King
et al. 2016; Ford et al. 2017; Robinson et al. 2018). Experiments on nematode C. elegans
showed that the protective bacterium Enterococcus faecalis evolved within days of
interaction with pathogens to provide greater host-defence (King et al. 2016). However, the
genetic adaptation of microbes is less well characterized in complex communities stressed
by environmental conditions. During a longer host acclimation, microbiomes might adapt
via genetic changes in vivo, but it is unclear whether a gradual and longer time for host
acclimation (Terblanche et al. 2011) could also facilitate adaptative evolution within the
microbiomes. If rapid microbiome adaptation could ultimately overcome the slow or small
environmental shifts (Voolstra & Ziegler 2020), host adaptation might not occur or be slow,

as they will not provide a further fitness increase (Kolodny & Schulenburg 2020).

The above hypotheses can be tested by future evolution experiments. This approach
provides a powerful tool to directly test the effect of microbiome evolution on host adaptation

(Kolodny & Schulenburg 2020). Long-term evolutionary experiments can be a powerful tool
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to reveal the impact of phenotypic plasticity mediated by microbial evolution on host genetic
evolution. One challenge of conducting such co-evolutionary experiments is that it requires
culturing and isolating individual member in the community to passage them across host
generations. Recently, representative set of culturable microbes have been developed and
characterized for two model animal hosts — mouse (GM15 composed of 15 bacterial strains,
Darnaud et al. 2021) and C. elegans (CeMbio composed of 12 bacterial strains, Dirksen et
al. 2020). These model systems provide opportunities for future research on how

microbiome evolution shapes host health and adaptability.

6.1.2 Interspecific microbial interactions

In Chapter 3, | found that invading pathogens drove microbiota community composition,
which decreased the abundance of dominant species and promoted abundance of rare
species within hosts. These effects could be driven by inter-species interactions between
pathogens and commensal microbes (Vonaesch et al. 2018). Microbial interactions can be
direct, involving competition (e.g. colonization resistance) or cooperation (e.g. cross-
feeding) (Fons 2000; Romero et al. 2011; Stevens et al. 2021). Such interactions among
microbes can also occur indirectly from an altered host environment induced by pathogen
infection (Kline et al. 2012). Microbial interactions can lead to a spectrum of outcomes,
ranging from beneficial to harmful for the host (Armbruster et al. 2016; DelLeon et al. 2014;
Pastar et al. 2013). Such interactions are often mediated by microbe-excreted metabolites,
with their strength and direction altered by the modified physical environments over
ecological timescales (Ratzke & Gore 2018). Thus, manipulation of environments might

induce changes in the interactions among microbiomes and pathogens, eventually altering
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host fithess outcomes under infection. Multiple theoretical studies have simulated the

dynamics and complex interactions within microbiomes using community ecological

modelling (Costello et al. 2012; Koskella et al. 2017; Coyte et al. 2015), which could be

further developed to explore microbiome-pathogen interactions under different contexts.

Over a longer timescale, the changing environment could pose selective pressure on

microbial interactions (Escalante et al. 2015), shaping community dynamics and host

fitness consequences. Studies are needed to explore this field. One approach is to conduct

in vivo experimental evolution, which is however normally limited to two-member

microbiome communities. For example, Barroso-Batista et al. 2020 studied the adaptation

of Escherichia coli upon colonization of germ-free mice, in the presence and absence of

interspecies competition, and showed that the presence of competitor Blautia coccoides

altered the evolutionary path of E. coli in the mouse gut. Another powerful approach is to

use computational and mathematical models, which will allow for testing a wide range of

environmental conditions and combination of species (Zaccaria et al. 2017; Gorter et al.

2020). Game theoretical models can address the benefits and costs associated with

interspecies interactions for members within a community, which can be used to investigate

the effect of variable abiotic and biotic factors on the evolution of microbe-microbe

interactions (Frank 2010; Frey 2010; Zomorrodi & Segré 2016).

In this chapter, | used a defined microbial community and conducted experiments in a

restricted lab environment where dispersal or migration of microbes is lacking. Such

environment can be different from C. elegans’ natural habitats (eg. rotten fruits and stems,
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compost), where the nematode hosts are constantly interacting with diverse microbes

(Zhang et al. 2017). Thus, the representative CeMbio community might not fully capture the

functional redundancies of worms’ natural microbiomes (Zimmermann et al. 2020). It is

unclear how the interactions among more diverse host microbiomes and the invading

pathogen will shape microbiome structure and host fithess consequences in the wild, with

the presence of environmental microbial dispersal. Future experiments under natural or

semi-natural conditions will enhance the extrapolation of results from lab to the wild.

6.1.3 Temperature-disease relationship across time

In Chapter 4, | found a broad pattern that experimental warming exacerbated disease

severity for ectothermic animals. These results revealed temperature’s effect on infection

outcomes on an ecological timescale. Less is known about the selective impacts of warming

on host-pathogen interactions across multiple generations.

Disease outcomes might depend on the mismatch of host and pathogen’s thermal tolerance

curves, which are characterized by thermal optimum, maximum and minimum (Cohen et al.

2017). For both ectothermic hosts and pathogens, this curve can indicate the likelihood of

population persistence under varying thermal conditions (Kearney et al. 2009). However,

an organism’s thermal tolerance curve is not fixed. Studies on multiple organisms, ranging

from bacteria to insects, have shown that thermal optimum and maximum values can shift

rapidly as the organism adapts to temperature changes (Listmann et al. 2016; Schulte et

al. 2011; Geerts et al. 2015). Under rapid temperature changes, pathogens with shorter

generation times and faster metabolisms might evolve more rapidly than their hosts
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(Gillooly et al. 2001). However, hosts may adapt to temperature changes over longer

timescales which might mitigate the negative impacts of infection and warming. Future

investigations could track long-term host and pathogen adaptation to temperature changes

using evolutionary experiments.

To date, much of our understanding of host or pathogen thermal adaptative responses are

from experimental studies using constant rather than fluctuating warming regimes. The

former does not resemble the temperature variability in nature (Schade et al. 2014). A

recent study showed that fluctuations in temperature across 3-4 generations, compared to

constant warming, can rapidly select for elevated thermal tolerance in phytoplankton,

Thalassiosira pseudonana, while long-term fluctuations for 30-40 generations generated

two genetically distinct populations varying in their thermal tolerance (Schaum et al. 2022).

These findings indicate that the degree of host evolved thermal tolerance can vary by

frequencies and duration of temperature changes. Future lab studies should consider

effects of these experimental factors, for generating more ecologically relevant predictions

on host performance under infection and thermal stress.

6.1.4 Loss of resistance

Natural populations are under constant selection from pathogens, which reduce the fithess

of infected individuals. Pathogens have been broadly found to select for host resistance in

lab (Buckling & Rainey 2002; Bérénos et al. 2009) and wild populations (Duffy & Sivars

2007; Thrall et al. 2012). However, in Chapter 5 and in studies of natural populations (Allen

et al. 2004; Laine 2004), loss of resistance has also been detected. In Chapter 5, | observed
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loss in population resistance facing pathogen infection, under constant and periodic
warming regimes. In natural populations, resistance rarely fixes. Why is not always clear
(Koskella 2018). Several hypotheses have been proposed, such as pathogen
counteradaptation (Allen et al. 2004; Bondy-Denomy et al. 2013), fithess cost carried by
resistance (Sheldon & Verhulst 1996), and host reversion to susceptibility (Weissman et al.
2018; Chaudhry et al. 2018). In Chapter 5, | found that such an outcome could be shaped
by the combined effects of fitness constraints of genetic-based resistance, temperature-

mediated host plasticity, and protection conferred by dilution effects.

The magnitude of resistance costs shaped by temperature is unclear. Such costs are hard
to measure due to the context-dependent nature of host fitness, which is highly impacted
by environments (Meaden et al. 2015). It is also unclear to what extent the cost of resistance
and host plasticity contribute to loss of resistance under infection. As climate change
generates more variable temperatures, future studies on resistance evolution should

investigate these questions under varying temperature contexts.

6.2 Concluding remarks

Climate change is leading to shifts in average and extreme temperatures (Allen et al. 2018),
as well as modifying biotic interactions between species (Parmesan et al. 1999; Hance et
al. 2007; Cahill et al. 2013; Longdon et al. 2015). Work in this thesis was inspired by the
disease pyramid (Bernardo-Cravo et al. 2020) to investigate host microbiome dynamics,
infection outcomes and host resistance evolution, under the driving force of temperature.

The meta-analytic and experimental work spanning both ecological and evolutionary
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timescales are timely for understanding the importance of microbial symbiosis in animal
responses to climate change. Future work could expand on work in this thesis, to investigate
the fithess consequences from these interactions, as well as the molecular and metabolic

mechanisms underlying them.

250



Reference

Agha R. et al. 2018. Fitness and eco- physiological response of a chytrid fungal parasite infecting planktonic
cyanobacteria to thermal and host genotype variation. Parasitology 145:1279-1286.

Ahmed, H. |, Herrera, M., Liew, Y. J., & Aranda, M. 2019. Long-Term Temperature Stress in the Coral Model Aiptasia
Supports the "Anna Karenina Principle" for Bacterial Microbiomes. Front Microbiol. 10:975.

Alberdi, A., Aizpurua, O., Bohmann, K., Zepeda-Mendoza, M. L. & Gilbert, M. T. P. 2016. Do vertebrate gut
metagenomes confer rapid ecological adaptation? Trends Ecol. Evol. 31, 689-699.

Alessandro Dosio et al. Environ. 2018. Res. Lett. 13 054006. doi: 10.1088/1748-9326/aab827

Allen D.E. & T. J. Little. 2011. Dissecting the effect of a heterogeneous environment on the interaction between host
and parasite fitness traits. Evol Ecol 25:499-508.

Allen M., M. Babiker, Y. Chen, H. C. de Coninck. 2018. “IPCC SR15: Summary for policymakers” in IPCC Special
Report Global Warming of 1.5 °C (Intergovernmental Panel on Climate Change).

Allen R. L., Bittner-Eddy P. D., Grenville-Briggs L. J., Meitz J. C., Rehmany A. P., Rose L. E., & Beynon J. L. 2004.
Host-parasite coevolutionary conflict between Arabidopsis and downy mildew. Science, 306(5703), 1957—
1960. 10.1126/science.1104022

Allesina S, Tang S. 2012. Stability criteria for complex ecosystems. Nature. 483(7388):205-208.
doi:10.1038/nature10832

Alster, CJ, Weller, ZD, von Fischer, JC. 2018. A meta-analysis of temperature sensitivity as a microbial trait. Glob
Change Biol. 24: 4211— 4224. https://doi.org/10.1111/gcb.14342.

Altermatt, F. & Ebert, D. 2008. Genetic diversity of Daphnia magna populations enhances resistance to parasites.
Ecol. Lett., 11, 918-928.

Altizer S, Harvell D, Friedle E. 2003. Rapid evolutionary dynamics and disease threats to biodiversity. Trends Ecol
Evol. 18 (11): 589-596. 10.1016/j.tree.2003.08.013.

Altizer, S., Ostfeld, R. S., Johnson, P. T., Kutz, S., & Harvell, C. D. 2013. Climate change and infectious diseases:
from evidence to a predictive framework. Science (New York, N.Y.), 341(6145), 514-519.
https://doi.org/10.1126/science.1239401.

Amir A, McDonald D, Navas-Molina JA, et al. 2017. Deblur Rapidly Resolves Single-Nucleotide Community Sequence
Patterns. mSystems. 2(2):e00191-16. doi:10.1128/mSystems.00191-16

Andersen E.C. et al. 2012. Chromosome-scale selective sweeps shape Caenorhabditis elegans genomic diversity.
Nat Genet. 44:285-90.

Anderson R. M., & May R. M. 1982. Coevolution of hosts and parasites. Parasitology, 85(2), 411-426.

Anderson, J.L., Albergotti, L., Ellebracht, B. et al. 2011. Does thermoregulatory behavior maximize reproductive fitness
of natural isolates of Caenorhabditis elegans?. BMC Evol Biol 11, 157. https://doi.org/10.1186/1471-2148-
11-157

Andrews, S. 2010. FastQC: A Quality Control Tool for High Throughput Sequence Data [Online]. Available online at:
http://www.bioinformatics.babraham.ac.uk/projects/fastqc/

Angilletta M.J. 2009. Thermal adaptation: a theoretical and empirical synthesis. Oxford University Press, Oxford, UK.

Aprison E.Z. & Ruvinsky |. 2014. Balanced Trade-Offs between Alternative Strategies Shape the Response of C.
elegans Reproduction to Chronic Heat Stress. PLoS ONE 9(8): e105513.

Arias, P.A., N. Bellouin, E. Coppola, R.G. Jones, G. Krinner, et al. 2021: Technical Summary. In Climate Change 2021:
The Physical Science Basis. Contribution of Working Group | to the Sixth Assessment Report of the
Intergovernmental Panel on Climate Change [Masson-Delmotte, V., P. Zhai, A. Pirani, S.L. Connors, C.
Péan, S. Berger, N. Caud, Y. Chen, L. Goldfarb, M.l. Gomis, M. Huang, K. Leitzell, E. Lonnoy, J.B.R.

251



Matthews, T.K. Maycock, T. Waterfield, O. Yelekgi, R. Yu, and B. Zhou (eds.)]. Cambridge University Press,
Cambridge, United Kingdom and New York, NY, USA, pp. 33-144, doi:10.1017/9781009157896.002.

Armbruster C.R., Wolter D.J., Mishra M., Hayden H.S., Radey M.C., Merrihew G., MacCoss M.J., Burns J., Wozniak
D.J., Parsek M.R., et al. 2016. Staphylococcus aureus Protein A Mediates Interspecies Interactions at the
Cell Surface of Pseudomonas aeruginosa. mBio. 7:e00538-16. doi: 10.1128/mBi0.00538-16.

Arpaia, N. & Barton, G. M. 2013. The impact of Toll-like receptors on bacterial virulence strategies. Curr. Opin.
Microbiol. 16, 17-22.

Ashton, J. J., Colquhoun, C. M., Cleary, D. W., Coelho, T., Haggarty, R., Mulder, |., Batra, A., Afzal, N. A, Beattie, R.
M., Scott, K. P., & Ennis, S. 2017. 16S sequencing and functional analysis of the fecal microbiome during
treatment of newly diagnosed pediatric inflammatory bowel disease. Medicine, 96(26), e7347.
https://doi.org/10.1097/MD.0000000000007347.

Astudillo-Garcia, C., Hermans, S. M., Stevenson, B., Buckley, H. L., & Lear, G. 2019. Microbial assemblages and
bioindicators as proxies for ecosystem health status: potential and limitations. Applied microbiology and
biotechnology, 103(16), 6407-6421. https://doi.org/10.1007/s00253-019-09963-0

Aydogan E.L. et al. 2018. Moser G, Muller C, Kampfer P, Glaeser SP. Long-Term Warming Shifts the Composition of
Bacterial Communities in the Phyllosphere of Galium album in a Permanent Grassland Field-Experiment.
Front Microbiol. 9:144.

Baker, D. M., Freeman, C. J., Wong, J. C. Y., Fogel, M. L. & Knowlton, N. 2018. Climate change promotes parasitism
in a coral symbiosis. ISME J. 12, 921-930.

Balla, K. M., Andersen, E. C., Kruglyak, L. & Troemel, E. R. 2015. A Wild C. Elegans Strain Has Enhanced Epithelial
Immunity to a Natural Microsporidian Parasite. PLoS Pathog 11.

Balloux F, van Dorp L. 2017. Q&A: What are pathogens, and what have they done to and for us? BMC Biol. 15(1):91.
doi: 10.1186/s12915-017-0433-z.

Bally, M. and Garrabou, J. 2007. Thermodependent bacterial pathogens and mass mortalities in temperate benthic
communities: a new case of emerging disease linked to climate change. Global Change Biology, 13: 2078-
2088. https://doi.org/10.1111/j.1365-2486.2007.01423.x

Barnosky AD et al. 2011 Has the Earth's sixth mass extinction already arrived? Nature 471, 51-57.
doi:10.1038/nature09678.

Barreto, H.C., Gordo, |. 2023. Intrahost evolution of the gut microbiota. Nat Rev Microbiol 21, 590-603.
https://doi.org/10.1038/s41579-023-00890-6

Barroso-Batista J., M.F. Pedro, J. Sales-Dias, C.J.G. Pinto, J.A. Thompson, H. Pereira, J. Demengeot, |. Gordo, K.B.

Xavier. 2020. Specific eco-evolutionary contexts in the mouse gut reveal Escherichia coli metabolic versatility.
Curr. Biol., 30, pp. 1049-1062

Bartlett, L. J., Wilfert, L., & Boots, M. 2018) A genotypic trade-off between constitutive resistance to viral infection and
host growth rate. Evolution, 72(12), 2749-2757. https://doi.org/10.1111/ev0.13623

Bates A.E. et al. 2011. Parasitized snails take the heat: a case of host manipulation? Oecologia 167:613-621.

Bates D. et al., 2015. Fitting Linear Mixed-Effects Models Using Ime4. Journal of Statistical Software, 67(1), 1-48.

Bates KA & King KC. 2021. Leucobacter. Trends Microbiol. 29(11):1046-1047. doi:10.1016/j.tim.2021.06.010

Bates KA, Bolton JS, King KC. 2021. A globally ubiquitous symbiont can drive experimental host evolution. Mol Ecol.
30(15):3882-3892. doi:10.1111/mec.15998

Baugh, L. R., & Day, T. 2020. Nongenetic inheritance and multigenerational plasticity in the nematode C. elegans.

elLife, 9, e58498. https://doi.org/10.7554/eL ife.58498

252



Begasse ML, Leaver M, Vazquez F, Grill SW, Hyman AA. 2015. Temperature dependence of cell division timing
accounts for a shift in the thermal limits of C. elegans and C. briggsae. Cell Rep. 10: 647-653.
10.1016/j.celrep.2015.01.006

Beirinckx, S., Viaene, T., Haegeman, A. et al. 2020. Tapping into the maize root microbiome to identify bacteria that
promote growth under chilling conditions. Microbiome 8, 54

Beker B.M. et al., 2018. Human Physiology in Extreme Heat and Cold. Int Arch Clin Physiol 1:001.

Ben-Horin T. et al. 2013. Variable intertidal temperature explains why disease endangers black abalone. Ecology.
94(1):161-8.

Bennett, J.M., Sunday, J., Calosi, P. et al. 2021. The evolution of critical thermal limits of life on Earth. Nat Commun

12, 1198. https://doi.org/10.1038/s41467-021-21263-8.

Bérénos C., Schmid-Hempel P., & Mathias Wegner K. 2009. Evolution of host resistance and trade-offs between
virulence and transmission potential in an obligately killing parasite. Journal of evolutionary biology, 22(10),
2049-2056.

Berg M., Stenuit B., Ho J., Wang A., Parke C., Knight M., et al. 2016. Assembly of the Caenorhabditis elegans gut
microbiota from diverse soil microbial environments. ISME J. 10, 1998-2009. 10.1038/ismej.2015.253

Bernardo-Cravo, A. P., Schmeller, D. S., Chatzinotas, A., Vredenburg, V. T., & Loyau, A. 2020. Environmental Factors
and Host Microbiomes Shape Host-Pathogen Dynamics. Trends in parasitology, 36(7), 616-633.
https://doi.org/10.1016/j.pt.2020.04.010

Bestion E. et al., 2017. Climate warming reduces gut microbiota diversity in a vertebrate ectotherm. Nat Ecol Evol.
1(6):161.

Beule L, Karlovsky P. 2020. Improved normalization of species count data in ecology by scaling with ranked
subsampling (SRS): application to microbial communities. Peerd. 8:€9593. doi:10.7717/peerj.9593

Bharti, R., & Grimm, D. G. 2021. Current challenges and best-practice protocols for microbiome analysis. Briefings in
bioinformatics, 22(1), 178—193. https://doi.org/10.1093/bib/bbz155.

Blanford S. et al. 2003. Temperature checks the Red Queen? Resistance and virulence in a fluctuating environment.
Ecol Lett 6:2-5.

Blaser M.J. 2014. The microbiome revolution. J. Clin. Invest., 124, pp. 4162-4165

Bo, TB., Zhang, XY., Wen, J. et al. 2019. The microbiota—gut—brain interaction in regulating host metabolic adaptation
to cold in male Brandt’s voles (Lasiopodomys brandtii). ISME J 13, 3037-3053

Bolyen E, Rideout JR, Dillon MR, et al. 2019. Reproducible, interactive, scalable and extensible microbiome data
science using QIIME 2. Nat Biotechnol. 2019;37(8):852-857. doi:10.1038/s41587-019-0209-9

Bondy-Denomy J., Pawluk A., Maxwell K. L., & Davidson A. R. 2013. Bacteriophage genes that inactivate the
CRISPR/Cas bacterial immune system. Nature, 493(7432), 429 10.1038/nature11723

Boots M, Haraguchi Y. 1999. The evolution of costly resistance in host-parasite systems. Am. Nat. 153, 359-370.
10.1086/303181

Boots M., Best A., Miller M. R., & White A. 2009. The role of ecological feedbacks in the evolution of host defence:
what does theory tell us?. Philosophical Transactions of the Royal Society of London B: Biological Sciences,
364(1513), 27-36. 10.1098/rstb.2008.0160

Borton, M.A., Sabag-Daigle, A., Wu, J. et al. 2017. Chemical and pathogen-induced inflammation disrupt the murine
intestinal microbiome. Microbiome 5, 47. https://doi.org/10.1186/s40168-017-0264-8

Bosch, J., Carrascal, L. M., Duréan, L., Walker, S., & Fisher, M. C. 2007. Climate change and outbreaks of amphibian
chytridiomycosis in a montane area of Central Spain; is there a link?. Proceedings. Biological sciences,
274(1607), 253-260. https://doi.org/10.1098/rspb.2006.3713.

253



Boyd IL, PH Freer-Smith, CA Gilligan, HCJ Godfray. 2013. The consequence of tree pests and diseases for ecosystem
services. Science 342, 1235773.

Boyles, J. G., Seebacher, F., Smit, B., & McKechnie, A. E. 2011. Adaptive thermoregulation in endotherms may alter
responses to climate change. Integrative and comparative biology, 51(5), 676-690.
https://doi.org/10.1093/icb/icr053

Brand, M. D., Hill, R. D., Brenes, R., Chaney, J. C., Wilkes, R. P., Grayfer, L., Miller, D. L., & Gray, M. J. 2016. Water
Temperature Affects Susceptibility to Ranavirus. EcoHealth, 13(2), 350-359.
https://doi.org/10.1007/s10393-016-1120-1

Brenner S. 1974. The genetics of Caenorhabditis elegans. Genetics 77:71-94.
https://doi.org/10.1002/cbic.200300625

Broadhurst MJ, Ardeshir A, Kanwar B, et al. 2012. Therapeutic helminth infection of macaques with idiopathic chronic
diarrhea alters the inflammatory signature and mucosal microbiota of the colon. PLoS Pathog.
8(11):e1003000. doi:10.1371/journal.ppat.1003000

Broderick NA, Raffa KF, Handelsman J. 2006. Midgut bacteria required for Bacillus thuringiensis insecticidal activity.
PNAS. 103:15196-9.

Bronstein, J. L. 1994. Conditional outcomes in mutualistic interactions. Trends Ecol. Evol. 9, 214-217.

Brook BW, Sodhi NS, Bradshaw CJA. 2008. Synergies among extinction drivers under global change. Trends Ecol.
Evol. 23, 453-460. (doi:10.1016/j.tree.2008.03.011)

Brooks DR & Boeger WA. 2019. Climate change and emerging infectious diseases: evolutionary complexity in action.
Curr Opin Syst Biol. 3:75-81.

Brown EM, Sadarangani M, Finlay BB. 2013. The role of the immune system in governing host-microbe interactions
in the intestine. Nat Immunol. 14:660-7.

Buckling A., & Rainey P. B. 2002. Antagonistic coevolution between a bacterium and a bacteriophage. Proceedings
of the Royal Society of London B: Biological Sciences, 269(1494), 931-936.

Bugeme, D. M., Knapp, M., Boga, H. I., Wanjoya, A. K., & Maniania, N. K. 2009. Influence of temperature on virulence
of fungal isolates of Metarhizium anisopliae and Beauveria bassiana to the two-spotted spider mite
Tetranychus urticae. Mycopathologia, 167(4), 221-227. https://doi.org/10.1007/s11046-008-9164-6

Burkner P.C. 2017. brms: An R Package for Bayesian Multilevel Models Using Stan. Journal of Statistical Software,
Foundation for Open Access Statistics, vol. 80(i01).

Burman, E., & Bengtsson-Palme, J. 2021. Microbial Community Interactions Are Sensitive to Small Changes in
Temperature. Frontiers in microbiology, 12, 672910. https://doi.org/10.3389/fmicb.2021.672910

Burton, N. O., Riccio, C., Dallaire, A., Price, J., Jenkins, B., Koulman, A., & Miska, E. A. 2020. Cysteine synthases
CYSL-1 and CYSL-2 mediate C. elegans heritable adaptation to P. vranovensis infection. Nature
communications, 11(1), 1741. https://doi.org/10.1038/s41467-020- 15555-8

Butchart SHM et al. 2010. Global biodiversity: indicators of recent declines. Science, 328, 1164-1168.
doi:10.1126/science.1187512.

Byndloss MX, Pernitzsch SR, Baumler AJ. 2018. Healthy hosts rule within: ecological forces shaping the gut microbiota.
Mucosal Immunol. 11(5):1299-1305. doi:10.1038/s41385-018-0010-y

Cahenzli J, Koéller Y, Wyss M, Geuking MB, McCoy KD. 2013. Intestinal microbial diversity during early-life colonization
shapes long-term IgE levels. Cell Host Microbe. 14:559-70

Cahill AE, Aiello-Lammens ME, Caitlin Fisher-Reid M, et al. 2013. How does climate change cause extinction?
Proceedings of the Royal Society B: Biological Sciences 280:. https://doi.org/10.1098/rspb.2012.1890

Callens, M., Watanabe, H., Kato, Y. et al. 2018. Microbiota inoculum composition affects holobiont assembly and host
growth in Daphnia. Microbiome 6, 56. https://doi.org/10.1186/s40168-018-0444-1

254



Caminade C, Kovats S, Rocklov J, Tompkins AM, Morse AP, Col6n-Gonzalez FJ, et al. 2014. Impact of climate change
on global malaria distribution. Proc Natl Acad Sci U S A. National Academy of Sciences; 111: 3286-91.
10.1073/pnas.1302089111

Camp, E. F., Kahlke, T., Nitschke, M. R., Varkey, D., Fisher, N. L., Fujise, L., Goyen, S., Hughes, D. J., Lawson, C.
A., Ros, M., Woodcock, S., Xiao, K., Leggat, W., & Suggett, D. J. 2020. Revealing changes in the microbiome
of Symbiodiniaceae under thermal stress. Environmental microbiology, 22(4), 1294—-1309.

Carter, E. D., Bletz, M. C., Le Sage, M., LaBumbard, B., Rollins-Smith, L. A., Woodhams, D. C., Miller, D. L., & Gray,
M. J. 2021. Winter is coming-Temperature affects immune defenses and susceptibility to Batrachochytrium
salamandrivorans. PLoS pathogens, 17(2), e1009234.

Caspi R. et al., 2020. The MetaCyc database of metabolic pathways and enzymes - a 2019 update, Nucleic Acids
Research. 48 (D1):D445-D453.

Cavicchioli R. et al. 2019. Scientists’ warning to humanity: microorganisms and climate change. Nat. Rev. Microbiol.
17: 569-586

Chakravarti L. J. & M. J. H. van Oppen. 2018. Experimental evolution in coral photosymbionts as a tool to increase
thermal tolerance. Frontiers in Marine Science 5.

Chang JY, Antonopoulos DA, Kalra A, et al. 2008. Decreased diversity of the fecal Microbiome in recurrent Clostridium
difficile-associated diarrhea. J Infect Dis. 197(3):435-438. doi:10.1086/525047

Chassot, C., Buchala, A., Schoonbeek, H.-j., Métraux, J.-P. and Lamotte, O. 2008. Wounding of Arabidopsis leaves
causes a powerful but transient protection against Botrytis infection. The Plant Journal, 55: 555-
567. https://doi.org/10.1111/j.1365-313X.2008.03540.x

Chaudhry W., Pleska M., Shah N., Weiss H., McCall I., Meyer J. et al. 2018. Leaky resistance and the conditions for
the existence of lytic bacteriophage. PLoS Biol. 16(8): €2005971 10.1371/journal.pbio.2005971

Cheng WT, Wang LU, Chen JC. 2005. Effect of water temperature on the immune response of white shrimp
Litopenaeus vannamei to Vibrio alginolyticus. Aquaculture 250, 592-601. 10.1016/j.aquaculture.2005.04.060

Chevalier, C., Stojanovi¢, O., Colin, D. J., Suarez-Zamorano, N., Tarallo, V., Veyrat-Durebex, C., Rigo, D., Fabbiano,
S., Stevanovi¢, A., Hagemann, S., Montet, X., Seimbille, Y., Zamboni, N., Hapfelmeier, S., & Trajkovski, M.
2015. Gut microbiota orchestrates energy homeostasis during cold. Cell, 163(6), 1360-1374.

Chown S.L. et al. 2010. Adapting to climate change: a perspective from evolutionary physiology. Clim. Res. 43:3-15.

Cinar O & Viechtbauer W. 2022. “The poolr Package for Combining Independent and Dependent $p$ Values.” Journal
of Statistical Software, 101(1), 1-42. doi:10.18637/jss.v101.i01.

Civitello DJ, et al. 2015. Biodiversity inhibits parasites: broad evidence for the dilution effect. Proc. Natl Acad. Sci. USA
112, 8667-8671. ( 10.1073/pnas.1506279112)

Clark, L. C., & Hodgkin, J. 2015. Leucobacter musarum subsp. musarum sp. nov., subsp. nov., Leucobacter musarum
subsp. japonicus subsp. nov., and Leucobacter celer subsp. astrifaciens subsp. nov., three
nematopathogenic bacteria isolated from Caenorhabditis, with an emended description of Leucobacter celer.
International  journal of systematic and evolutionary microbiology, 65(11), 3977-3984.
https://doi.org/10.1099/ijsem.0.000523

Cleaveland S. 2001. Diseases of humans and their domestic mammals: pathogen characteristics, host range and the
risk of emergence. Philos. Trans. R. Soc. Lond. B Biol. Sci. 356:991-999.

Clemente J.C., et al. 2012. The impact of the gut microbiota on human health: an integrative view. Cell, 148, pp. 1258-
1270

Cohen JM, Sauer EL, Santiago O, Spencer S, Rohr JR. 2020. Divergent impacts of warming weather on wildlife
disease risk across climates. Science 370, abb1702. 10.1126/science.abb1702.

255



Cohen, J. M., Venesky, M. D., Sauer, E. L., Civitello, D. J., McMahon, T. A, Roznik, E. A., & Rohr, J. R. 2017. The
thermal mismatch hypothesis explains host susceptibility to an emerging infectious disease. Ecology letters,
20(2), 184—193. https://doi.org/10.1111/ele.12720.

Cohen, JM, Civitello, DJ, Venesky, MD, McMahon, TA, Rohr, JR. 2019. An interaction between climate change and
infectious disease drove widespread amphibian declines. Glob Change Biol. 25: 927- 937.
https://doi.org/10.1111/gcb.14489.

Colwell R.K. 2009. Biodiversity: concepts, patterns, and measurement S.A. Levin (Ed.), The Princeton Guide to
Ecology, Princeton University Press, Princeton, New Jersey, USA

Comeau AM, Douglas GM, Langille MG. 2017. Microbiome Helper: a Custom and Streamlined Workflow for
Microbiome Research. mSystems. 2(1):e00127-16. Published 2017 Jan 3. doi:10.1128/mSystems.00127-
16

Cooper P, Walker AW, Reyes J, Chico M, Salter SJ, Vaca M, et al. 2013. Patent human infections with the
whipworm, Trichuris trichiura, are not associated with alterations in the faecal microbiota. PLoS One.
8(5):e288.

Costello EK, Stagaman K, Dethlefsen L, Bohannan BJM, Relman DA. 2012. The application of ecological theory
toward an understanding of the human microbiome. Science 336, 1255-1262. doi:10.1126/science.1224203

Cété IM, Darling ES, Brown CJ. 2016. Interactions among ecosystem stressors and their importance in conservation.
Proc Biol Sci. 283(1824):20152592. doi:10.1098/rspb.2015.2592

Coyte KZ, Schluter J, Foster KR. 2015. The ecology of the microbiome: networks, competition, and stability. Science
350, 663-666. doi:10.1126/science.aad2602

Cressler, C., McLEOD, D., ROZINS, C., VAN DEN HOOGEN, J., & DAY, T. 2016. The adaptive evolution of virulence:
A review of theoretical predictions and empirical tests. Parasitology, 143(7), 915-930.
doi:10.1017/S003118201500092X.

Dallas, T., Holtackers, M., & Drake, J. M. 2016. Costs of resistance and infection by a generalist pathogen. Ecology
and evolution, 6(6), 1737—-1744. https://doi.org/10.1002/ece3.1889

Darnaud, M., De Vadder, F., Bogeat, P., Boucinha, L., Bulteau, A. L., Bunescu, A., Couturier, C., Delgado, A., Dugua,
H., Elie, C., Mathieu, A., Novotna, T., Ouattara, D. A., Planel, S., Saliou, A., Sratkova, D., Yansouni, J.,
Stecher, B., Schwarzer, M., Leulier, F., ... Tamellini, A. 2021. A standardized gnotobiotic mouse model
harboring a minimal 15-member mouse gut microbiota recapitulates SOPF/SPF phenotypes. Nature
communications, 12(1), 6686. https://doi.org/10.1038/s41467-021-26963-9

Dayana Senthamarai, M., Rajan, M. R., & Bharathi, P. V. (2023). Current risks of microbial infections in fish and their
prevention methods: A review. Microbial pathogenesis, 185, 106400.
https://doi.org/10.1016/j.micpath.2023.106400

De Silva, P. M., Chong, P., Fernando, D. M., Westmacott, G., & Kumar, A. 2017. Effect of Incubation Temperature on
Antibiotic Resistance and Virulence Factors of Acinetobacter baumannii ATCC 17978. Antimicrobial agents
and chemotherapy, 62(1), e01514-17. https://doi.org/10.1128/AAC.01514-17

DeLeon S., Clinton A., Fowler H., Everett J., Horswill A.R., Rumbaugh K.P. 2014. Synergistic Interactions of
Pseudomonas aeruginosa and Staphylococcus aureus in anln VitroWound Model. Infect. Immun. 82:4718—
4728. doi: 10.1128/1A1.02198-14.

Delisle, L., Petton, B., Burguin, J. F., Morga, B., Corporeau, C., & Pernet, F. 2018. Temperature modulate disease
susceptibility of the Pacific oyster Crassostrea gigas and virulence of the Ostreid herpesvirus type 1. Fish &
shellfish immunology, 80, 71-79. https://doi.org/10.1016/j.fsi.2018.05.056

Desai P, Diamond MS, Thackray LB. 2021. Helminth-Virus Interactions: Determinants of Coinfection Outcomes. Gut
Microbes 13(1):1961202—. doi: 10.1080/19490976.2021.1961202

256



Deutsch CA, et al. 2008. Impacts of climate warming on terrestrial ectotherms across latitude. Proc Natl Acad Sci USA
105, 6668-6672.

Dey N, Soergel DA, Repo S, Brenner SE. 2013. Association of gut microbiota with post-operative clinical course in
Crohn's disease. BMC Gastroenterol. 13:131. doi:10.1186/1471-230X-13-131

Dirksen P, Assié A, Zimmermann J, et al. 2020. CeMbio - The Caenorhabditis elegans Microbiome Resource. G3
(Bethesda). 2020;10(9):3025-3039. doi:10.1534/g3.120.401309

Dirksen P., Marsh S. A., Braker |, Heitland N., Wagner S., Nakad R., et al. 2016. The native microbiome of the
nematode Caenorhabditis elegans: gateway to a new host-microbiome model. BMC Biol. 14:38.
10.1186/s12915-016-0258-1

Dittmar, J., Janssen, H., Kuske, A., Kurtz, J. and Scharsack, J.P. 2014, Heat and immunity: an experimental heat
wave alters immune functions in three-spined sticklebacks (Gasterosteus aculeatus). J Anim Ecol, 83: 744-
757. https://doi.org/10.1111/1365-2656.12175.

Dixon, P. 2003. VEGAN, a package of R functions for community ecology. Journal of Vegetation Science, 14, 927—
930.

Doering, T., Wall, M., Putchim, L., Rattanawongwan, T., Schroeder, R., Hentschel, U., & Roik, A. 2021. Towards
enhancing coral heat tolerance: A “microbiome transplantation” treatment using inoculations of homogenized
coral tissues. Microbiome, 9, 102.

Dosio, A., Mentaschi, L., Fischer, E. and Wyser, K. 2018. Extreme heat waves under 1.5°C and 2°C global warming,
ENVIRONMENTAL RESEARCH LETTERS, ISSN 1748-9326, 13 (5), p. 054006, JRC108180.

Douglas G.M. et al., 2020. PICRUSt2 for prediction of metagenome functions. Nat Biotechnol. 38:685-688.

Drew, G.C., Stevens, E.J. & King, K.C. 2021. Microbial evolution and transitions along the parasite—mutualist
continuum. Nat Rev Microbiol 19, 623-638. https://doi.org/10.1038/s41579-021-00550-7

Duffy M. A., & Sivars-Becker L. 2007. Rapid evolution and ecological host—parasite dynamics. Ecology Letters, 10(1),
44-53. 10.1111/j.1461-0248.2006.00995.x

Durack, J., and Lynch, S. V. 2019. The gut microbiome: relationships with disease and opportunities for therapy. J.
Exp. Med. 216, 20—40. doi: 10.1084/jem.20180448

Duvallet, C., Gibbons, S. M., Gurry, T., Irizarry, R. A., & Alm, E. J. 2017. Meta-analysis of gut microbiome studies
identifies  disease-specific and shared responses. Nature Communications, 8(1), 1784.
https://doi.org/10.1038/s41467-017-01973-8

Ebru L Aydogan, Olga Budich, Martin Hardt, Young Hae Choi, Anne B Jansen-Willems, Gerald Moser, Christoph
Muller, Peter Kdmpfer, Stefanie P Glaeser. 2020. Global warming shifts the composition of the abundant
bacterial phyllosphere microbiota as indicated by a cultivation-dependent and -independent study of the
grassland phyllosphere of a long-term warming field experiment, FEMS Microbiology Ecology, Volume 96,
Issue 8, fiaa087.

Eckert EM, Anicic N, Fontaneto D. 2021. Freshwater zooplankton microbiome composition is highly flexible and
strongly influenced by the environment. Mol. Ecol.

Edgar RC. 2004. MUSCLE: multiple sequence alignment with high accuracy and high throughput. Nucleic Acids Res.
32(5):1792-1797. Published 2004 Mar 19. doi:10.1093/nar/gkh340

Ekesi, S., Maniania, N.K., & Ampong-Nyarko, K. 1999. Effect of Temperature on Germination, Radial Growth and
Virulence of Metarhizium anisopliae and Beauveria bassiana on Megalurothrips sjostedti. Biocontrol
Science and Technology, 9, 177-185.

Elliot S.L. et al. 2002. Host—pathogen interactions in a varying environment: temperature, behavioural fever and fitness.

Proceedings of the Royal Society of London B: Biological Sciences 269:1599- 1607.

257



Engelmann, I. etal. 2011. A Comprehensive Analysis of Gene Expression Changes Provoked by Bacterial and Fungal
Infection in C. elegans. PLoS One 6.

Ernst F, Shetty S, Borman T, Lahti L 2023. mia: Microbiome analysis. R package version 1.9.7,
https://github.com/microbiome/mia.

Escalante AE, Rebolleda-Gémez M, Benitez M and Travisano M. 2015. Ecological perspectives on synthetic biology:
insights from microbial population biology. Front. Microbiol. 6:143. doi: 10.3389/fmicb.2015.00143

Etemadi, M., Zuther, E., Miiller, H., Hincha, D. K., & Berg, G. 2018. Ecotype-dependent response of bacterial
communities associated with Arabidopsis to cold acclimation. Phytobiomes, 2, 3-13.

Evans, S. S., Repasky, E. A., & Fisher, D. T. 2015. Fever and the thermal regulation of immunity: the immune system
feels the heat. Nature reviews. Immunology, 15(6), 335—-349. https://doi.org/10.1038/nri3843.

Ewels P, Magnusson M, Lundin S, Kaller M. 2016. MultiQC: summarize analysis results for multiple tools and samples
in a single report. Bioinformatics. 32(19):3047-3048. doi:10.1093/bioinformatics/btw354

Félix, M.-A. et al. 2011. Natural and Experimental Infection of Caenorhabditis Nematodes by Novel Viruses Related
to Nodaviruses. PLoS Biology 9, e1000586.

Fernandes AD, Reid JN, Macklaim JM, McMurrough TA, Edgell DR, Gloor GB. 2014. Unifying the analysis of high-
throughput sequencing datasets: characterizing RNA-seq, 16S rRNA gene sequencing and selective growth
experiments by compositional data analysis. Microbiome. 2:15. doi:10.1186/2049-2618-2-15

Fire, A., Xu, S., Montgomery, M. K., Kostas, S. A., Driver, S. E., & Mello, C. C. 1998. Potent and specific genetic
interference by double-stranded RNA in Caenorhabditis elegans. Nature, 391(6669), 806-811.
https://doi.org/10.1038/35888

Fisher, M., Henk, D., Briggs, C. et al. 2012. Emerging fungal threats to animal, plant and ecosystem health. Nature
484, 186—194. https://doi.org/10.1038/nature10947.

Fons A.G.M. 2000. Mechanisms of Colonisation and Colonisation Resistance of the Digestive Tract Part 2:
Bacteria/Bacteria Interactions. Microb. Ecol. Health Dis. 12:240-246. doi: 10.1080/089106000750060495.

Fontaine S.S. et al., 2018. Environmental temperature alters the digestive performance and gut microbiota of a
terrestrial amphibian. J Exp Biol. 221.

Fontaine, S. S. & Kohl, K. D. 2020. Optimal integration between host physiology and functions of the gut microbiome.
Phil. Trans. R. Soc. B 375, 20190594.

Fontaine, S.S., Mineo, P.M. & Kohl, K.D. 2022. Experimental manipulation of microbiota reduces host thermal
tolerance and fitness under heat stress in a vertebrate ectotherm. Nat Ecol Evol 6, 405-417.
https://doi.org/10.1038/s41559-022-01686-2

Ford SA & King KC. 2016. Harnessing the Power of Defensive Microbes: Evolutionary Implications in Nature and
Disease Control. PLoS Pathog. 2016;12:1005465. 10.1371/journal.ppat.1005465.

Ford SA, Williams D, Paterson S, King KC. 2017. Co-evolutionary dynamics between a defensive microbe and a
pathogen driven by fluctuating selection. Mol. Ecol. 26, 1778-1789. doi:10.1111/mec.13906

Ford, S. A., Kao, D., Williams, D. & King, K. C. 2016. Microbe-mediated host defence drives the evolution of reduced
pathogen virulence. Nature Communications 7, 13430

Foster KR, Schluter J, Coyte KZ, Rakoff-Nahoum S. 2017. The evolution of the host microbiome as an ecosystem on
a leash. Nature. 548(7665):43-51. doi:10.1038/nature23292

Frank SA. 2010. Microbial secretor-cheater dynamics. Phil. Trans. R. Soc. B 365, 2515-2522.
doi:10.1098/rstb.2010.0003

Franke, F., Raifarth, N., Kurtz, J. and Scharsack, J.P. 2019. Consequences of divergent temperature optima in a host—
parasite system. Oikos, 128: 869-880. https://doi.org/10.1111/0ik.05864.

258



Frankel-Bricker, J., Song, M.J., Benner, M.J. et al., 2020. Variation in the Microbiota Associated with Daphnia magna
Across Genotypes, Populations, and Temperature. Microb Ecol 79, 731-742.

Frazdo, N., Konrad, A., Amicone, M. et al. 2022. Two modes of evolution shape bacterial strain diversity in the
mammalian gut for thousands of generations. Nat Commun 13, 5604. https://doi.org/10.1038/s41467-022-
33412-8

Freilich S, Zarecki R, Eilam O, et al. 2011. Competitive and cooperative metabolic interactions in bacterial communities.
Nat Commun. 2:589. doi:10.1038/ncomms1597

Frey E. 2010. Evolutionary game theory: Theoretical concepts and applications to microbial communities. Physica A,
389, pp. 4265-4298

Friedman DZP, IS. Schwartz. 2019. Emerging fungal infections—New patients, new patterns, and new pathogens. J
Fungi, 5 (3) p. 67, 10.3390/jof5030067.

Friedman J. & Alm E.J. 2012. Inferring Correlation Networks from Genomic Survey Data. PLoS Comput Biol 8(9):
€1002687.

Frost F, Kacprowski T, Rihlemann M, et al., 2021. Long-term instability of the intestinal microbiome is associated with
metabolic liver disease, low microbiota diversity, diabetes mellitus and impaired exocrine pancreatic function.
Gut;70:522-530.

Gadre, A., Enbiale, W., Andersen, L. K., &#38; Coates, S. J. 2022. The effects of climate change on fungal diseases
with cutaneous manifestations: A report from the International Society of Dermatology Climate Change
Committee. The Journal of Climate Change and Health, 6, 100156.
https://doi.org/10.1016/J.JOCLIM.2022.100156.

Gajigan, A. P, Diaz, L. A., & Conaco, C. 2017. Resilience of the prokaryotic microbial community of Acropora digitifera
to elevated temperature. MicrobiologyOpen, 6(4), e00478.

Garamszegi L. Z. 2011. Climate change increases the risk of malaria in birds. Glob. Change Biol. 17, 1751-1759.
10.1111/j.1365-2486.2010.02346.x.

Garbutt J.S. et al. 2014. Elevated maternal temperature enhances offspring disease resistance in Daphnia magna.
Funct Ecol 28:424—-431

Garcia-Solache MA, Casadevall A. 2010. Global warming will bring new fungal diseases for mammals. MBio. 1
(1):€00061-10. 10.1128/mBio.00061-10.

Garud NR, Good BH, Hallatschek O, Pollard KS. 2019. Evolutionary dynamics of bacteria in the gut microbiome within
and across hosts. PLoS Biol. 17, €3000102. doi:10.1371/journal.pbio.3000102

Gaulke CA, Martins ML, Watral VG, et al. 2019. A longitudinal assessment of host-microbe-parasite interactions
resolves the zebrafish gut microbiome's link to Pseudocapillaria tomentosa infection and pathology.
Microbiome. 7(1):10. doi:10.1186/s40168-019-0622-9

Geerts AN et al. 2015. Rapid evolution of thermal tolerance in the water flea Daphnia. Nat. Clim. Change 5, 665-668.
doi:10.1038/nclimate2628

Gehman A.L.M. et al. 2018. Host and parasite thermal ecology jointly determine the effect of climate warming on
epidemic dynamics. Proc. Natl. Acad. Sci. U.S.A. 115:744-749.

Ghildiyal, M., & Zamore, P. D. 2009. Small silencing RNAs: an expanding universe. Nature reviews. Genetics, 10(2),
94-108. https://doi.org/10.1038/nrg2504

Gibson, A. K. et al. 2015. The evolution of reduced antagonism—a role for host—parasite coevolution. Evolution 69,
2820-2830.

Gilbert, J. A., Holmes, I., Harris, K. & Quince, C. 2012. Dirichlet multinomial mixtures: generative models for microbial
metagenomics. PLoS ONE 7, e30126.

259



Gillooly, J. F., Brown, J. H., West, G. B., Savage, V. M. & Charnov, E. L. 2001. Effects of size and temperature on
metabolic rate. Science 293, 2248-2251.

Giongo A, Gano KA, Crabb DB, et al. 2011. Toward defining the autoimmune microbiome for type 1 diabetes. ISME
J. 5(1):82-91. doi:10.1038/ismej.2010.92

Goehring LS, van Maanen C, van Oldruitenborgh-Oosterbaan MM S. 2005. Neurological syndromes among horses in
The Netherlands. A 5 year retrospective survey (1999-2004). Vet Q. 27: 11-20.
10.1080/01652176.2005.9695182.

Gonzalez A. et al., 2018. Qiita: rapid, web-enabled microbiome meta-analysis. Nat Methods. 15(10):796-798.

Gonzélez R, Elena SF. 2021. The Interplay between the Host Microbiome and Pathogenic Viral Infections. mBio.
12(6):e0249621. doi: 10.1128/mBi0.02496-21..

Gorter, F. A., Manhart, M., & Ackermann, M. 2020. Understanding the evolution of interspecies interactions in microbial
communities. Philosophical transactions of the Royal Society of London. Series B, Biological sciences,
375(1798), 20190256. https://doi.org/10.1098/rstb.2019.0256

Gouvéa, D. Y., Aprison, E. Z., & Ruvinsky, |. 2015. Experience Modulates the Reproductive Response to Heat Stress
in C. elegans via Multiple Physiological Processes. PloS one, 10(12), e0145925.
https://doi.org/10.1371/journal.pone.0145925

Graham, A. L., Allen, J. E., Read, A. F. 2005. Evolutionary Causes and Consequences of Immunopathology.
Https://Doi.Org/10.1146/Annurev.Ecolsys.36.102003.152622, 36, 373-397.
https://doi.org/10.1146/ANNUREV.ECOLSYS.36.102003.152622.

Gray, J. C. & Cutter, A. D. 2014. Mainstreaming Caenorhabditis elegans in experimental evolution. Proceedings of the
Royal Society of London B: Biological Sciences 281, 20133055.

Greenspan, S. E., Bower, D. S., Roznik, E. A., Pike, D. A., Marantelli, G., Alford, R. A., Schwarzkopf, L., & Scheffers,
B. R. 2017. Infection increases vulnerability to climate change via effects on host thermal tolerance. Scientific
reports, 7(1), 9349. https://doi.org/10.1038/s41598-017-09950-3

Greenspan, S.E., Migliorini, G.H., Lyra, M.L. et al. 2020. Warming drives ecological community changes linked to host-
associated microbiome dysbiosis. Nat. Clim. Chang. 10, 1057-1061.

Guihur A, et al. 2022. How do plants feel the heat and survive? Trends Biochem. Sci., 47, pp. 824-838

Gupta, S., Allen-Vercoe, E., & Petrof, E. O. 2016. Fecal microbiota transplantation: in perspective. Therapeutic
advances in gastroenterology, 9(2), 229-239. https://doi.org/10.1177/1756283X15607414

Guschina I.A. and J. L. Harwood. 2006. Mechanisms of temperature adaptation in poikilotherms. FEBS Letters
580:5477-5483.

Hague, M. T. J., Shropshire, J. D., Caldwell, C. N., Statz, J. P., Stanek, K. A., Conner, W. R., & Cooper, B. S. 2022.
Temperature effects on cellular host-microbe interactions explain continent-wide endosymbiont prevalence.
Current biology : CB, 32(4), 878-888.e8. https://doi.org/10.1016/j.cub.2021.11.065

Hairston, N. G. 1989. Ecological experiments: purpose, design and execution. Cambridge University Press,
Cambridge, UK.

Hance T, van Baaren J, Vernon P, Boivin G. 2007. Impact of Extreme Temperatures on Parasitoids in a Climate
Change Perspective. Annu Rev Entomol 52:107-126.
https://doi.org/10.1146/annurev.ento.52.110405.091333

Hansen P.J. 2009. Effects of heat stress on mammalian reproduction. Philosophical Transactions of the Royal Society
B: Biological Sciences 364:3341-3350.

Hartman, L. M., van Oppen, M. J. H., & Blackall, L. L. 2019. The effect of thermal stress on the bacterial microbiome

of Exaiptasia diaphana. Microorganisms, 8(1), 20.

260



Harvell, C. D., Mitchell, C. E., Ward, J. R., Altizer, S., Dobson, A. P., Ostfeld, R. S., & Samuel, M. D. 2002. Climate
warming and disease risks for terrestrial and marine biota. Science (New York, N.Y.), 296(5576), 2158-2162.
https://doi.org/10.1126/science.1063699

Hastings, R. A., Rutterford, L. A., Freer, J. J., Collins, R. A., Simpson, S. D., & Genner, M. J. 2020. Climate Change
Drives Poleward Increases and Equatorward Declines in Marine Species. Current biology : CB, 30(8), 1572—
1577 .e2.

Hector TE, Gehman AM, King KC. 2023. Infection burdens and virulence under heat stress: ecological and
evolutionary considerations. Philos Trans R Soc Lond B Biol Sci. 378(1873):20220018.
doi:10.1098/rstb.2022.0018

Hector, T. E., Hoang, K. L., Li, J., & King, K. C. 2022. Symbiosis and host responses to heating. Trends in Ecology &
Evolution, 37, 611-624. doi:10.1016/j.tree.2022.03.011

Hector, T. E., Sgro, C. M., & Hall, M. D. 2020. The influence of immune activation on thermal tolerance along a
latitudinal cline. Journal of Evolutionary Biology, 33(9), 1224—-1234. https://doi.org/10.1111/jeb.13663

Hector, T. E., Sgro, C. M., & Hall, M. D. 2021. Thermal limits in the face of infectious disease: How important are
pathogens?. Global change biology, 27(19), 4469—-4480. https://doi.org/10.1111/gcb.15761

Hedges 1981. "Distribution Theory for Glass's Estimator of Effect Size and Related Estimators", Journal of Educational
Statistics, Vol. 6, No. 2, pp. 107-128.

Hegde, A., Kabra, S., Basawa, R.M. et al. Bacterial diseases in marine fish species: current trends and future
prospects in  disease  management. World J  Microbiol  Biotechnol 39, 317  (2023).
https://doi.org/10.1007/s11274-023-03755-5

Henry, L. P., Bruijning, M., Forsberg, S. K. G., & Ayroles, J. F. 2021. The microbiome extends host evolutionary
potential. Nature communications, 12(1), 5141. https://doi.org/10.1038/s41467-021-25315-x

Hill, D. A., Siracusa, M. C., Abt, M. C., Kim, B. S., Kobuley, D., Kubo, M., Kambayashi, T., Larosa, D. F., Renner, E.
D., Orange, J. S., Bushman, F. D., & Artis, D. 2012. Commensal bacteria-derived signals regulate basophil
hematopoiesis and allergic inflammation. Nature Medicine, 18(4), 538-546. https://doi.org/10.1038/nm.2657

Hoang K.L. et al. 2021. Association with a novel protective microbe facilitates host adaptation to a stressful
environment. Evol Lett. 5(2):118-129.

Hodgkin J & Doniach T 1997. Natural variation and copulatory plug formation in Caenorhabditis elegans. Genetics
146:149- 164

Hodgkin J, Félix MA, Clark LC, Stroud D, Gravato-Nobre MJ. 2013. Two Leucobacter strains exert complementary
virulence on Caenorhabditis including death by worm-star formation. Curr Biol. 23(21):2157-2161.
doi:10.1016/j.cub.2013.08.060

Hodgkin, J., Coulson, A., & Kuwabara, P. 2001. Mapping useful GFP insertions; evidence for local suppression of
recombination. Worm Breeder’s Gazette, 16(5), 20.

Hoffmann A. A. et al. 2012. Upper thermal limits in terrestrial ectotherms: how constrained are they? Funct Ecol
27:934-949.

Hoffmann A.A. et al. 2003. Adaptation of Drosophila to temperature extremes: bringing together quantitative and
molecular approaches. J. Therm. Biol. 28:175-216.

Holm, J. B., Sorobetea, D., Kiilerich, P., Ramayo-Caldas, Y., Estellé, J., Ma, T., et al. 2015. Chronic Trichuris
muris infection decreases diversity of the intestinal microbiota and concomitantly increases the abundance
of Lactobacilli. PLoS ONE 10:e0125495. doi: 10.1371/journal.pone.0125495

Hom, E. F. Y. & Murray, A. W. 2014. Niche engineering demonstrates a latent capacity for fungal-algal mutualism.

Science 345, 94-98.

261



Hooper, L. V., Littman, D. R. & Macpherson, A. J. 2012. Interactions between the microbiota and the immune system.
Science 336, 1268-1273.

Hooks, K. B., & O'Malley, M. A. (2017). Dysbiosis and Its Discontents. mBio, 8(5), e01492-17.
https://doi.org/10.1128/mBio.01492-17

Hope IA. 1999. C. elegans : a practical approach. Oxford University Press

Horlick, J., Booth, M. A., & Tetu, S. G. 2020. Alternative dietary protein and water temperature influence the skin and
gut microbial communities of yellowtail kingfish (Seriola lalandi). Peerd, 8, e8705.

Houlden, A., Hayes, K. S., Bancroft, A. J., Worthington, J. J., Wang, P., Grencis, R. K., et al. 2015. Chronic Trichuris
muris infection in C57BL/6 mice causes significant changes in host microbiota and metabolome: effects
reversed by pathogen clearance. PLoS ONE 10:e0125945. doi: 10.1371/journal.pone.0125945

Hu J, Amor DR, Barbier M, Bunin G, Gore J. 2022. Emergent phases of ecological diversity and dynamics mapped in
microcosms. Science. 378(6615):85-89. doi:10.1126/science.abm7841

Huey R. B. et al. 2009. Why tropical forest lizards are vulnerable to climate warming. Proceedings of the Royal Society
B: Biological Sciences 276:1939-1948.

Huey R.B. et al. 2012. Predicting organismal vulnerability to climate warming: roles of behaviour, physiology and
adaptation. Philosophical Transactions of the Royal Society of London B: Biological Sciences 367:1665—
1679.

Huus KE & Ley RE. 2021. Blowing Hot and Cold: Body Temperature and the Microbiome. mSystems. 6(5):e0070721.
doi:10.1128/mSystems.00707-21

Huyben, D., Sun, L., Moccia, R., Kiessling, A., Dicksved, J., & Lundh, T. 2018. Dietary live yeast and increased water
temperature influence the gut microbiota of rainbow trout. Journal of applied microbiology, 124(6), 1377—
1392.

Hylander, B. L., & Repasky, E. A. 2019. Temperature as a modulator of the gut microbiome: What are the implications
and opportunities for thermal medicine? International Journal of Hyperthermia, 36(Suppl. 1), 83-89.
https://doi.org/10.1080/02656736.2019.1647356

IPCC (Intergovernmental Panel on Climate Change) 2013. Climate change in 2013: The physical science basis.
Cambridge University Press, New York.

IPCC, 2021: Summary for Policymakers. In: Climate Change 2021: The Physical Science Basis. Contribution of
Working Group | to the Sixth Assessment Report of the Intergovernmental Panel on Climate Change
[Masson-Delmotte, V., P. Zhai, A. Pirani, S.L. Connors, C. Péan, S. Berger, N. Caud, Y. Chen, L. Goldfarb,
M.l. Gomis, M. Huang, K. Leitzell, E. Lonnoy, J.B.R. Matthews, T.K. Maycock, T. Waterfield, O. Yelekgi, R.
Yu, and B. Zhou (eds.)]. Cambridge University Press, Cambridge, United Kingdom and New York, NY, USA,
pp. 3-32, doi:10.1017/9781009157896.001.

Janda M, Lamparova L, Zubikova A, Burketova L, Martinec J, Kr€kova Z. 2019. Temporary heat stress suppresses
PAMP-triggered immunity and resistance to bacteria in Arabidopsis thaliana. Mol Plant Pathol. 20(7):1005-
1012. doi:10.1111/mpp.12799

Jani AJ & Briggs CJ. 2014. The pathogen Batrachochytrium dendrobatidis disturbs the frog skin microbiome during a
natural epidemic and experimental infection. Proc Natl Acad Sci U S A. 111(47):E5049-E5058.
doi:10.1073/pnas.1412752111

Janzen DH. 1967. Why mountain passes are higher in the tropics. Am. Nat. 101, 223-249.

Jaramillo A. & Castafieda L.E. 2021. Gut Microbiota of Drosophila subobscura Contributes to Its Heat Tolerance and

Is Sensitive to Transient Thermal Stress. Front. Microbiol. 12:654108.

262



Jiang, Q., Shi, L., Ke, C., You, W., & Zhao, J. 2013. Identification and characterization of Vibrio harveyi associated
with diseased abalone Haliotis diversicolor. Diseases of aquatic organisms, 103(2), 133-139.
https://doi.org/10.3354/dao02572

John S. Terblanche, Ary A. Hoffmann, Katherine A. Mitchell, Lea Rako, Peter C. le Roux, Steven L. Chown. 2011.
Ecologically relevant measures of tolerance to potentially lethal temperatures. J Exp Biol 214 (22): 3713—
3725.

Jones K. E., N. G. Patel, M. A. Levy, A. Storeygard, D. Balk, J. L. Gittleman, P. Daszak. 2008. Global trends in
emerging infectious diseases. Nature 451, 990-993. doi:10.1038/nature06536

Kalyaanamoorthy S, Minh BQ, Wong TKF, von Haeseler A, Jermiin LS. 2017. ModelFinder: fast model selection for
accurate phylogenetic estimates. Nat Methods. 14(6):587-589. doi:10.1038/nmeth.4285

Kamada N, Kim Y-G, Sham HP, Vallance BA, Puente JL, Martens EC, et al. 2012. Regulated Virulence Controls the
Ability of a Pathogen to Compete with the Gut Microbiota. Science. 336:1325-9.

Kanehisa M. and Goto S. 2000. KEGG: Kyoto Encyclopedia of Genes and Genomes. Nucleic Acids Res. 28, 27-30.

Kang D, Park J, Shim K. 2019. Heat Treatment at an Early Age Has Effects on the Resistance to Chronic Heat Stress
on Broilers. Animals (Basel). 9(12):1022. doi:10.3390/ani9121022

Karvonen A, Rintamaki P, Jokela J, Valtonen ET. 2010. Increasing water temperature and disease risks in aquatic
systems: Climate change increases the risk of some, but not all, diseases. Int J Parasitol. 40(13):1483—-1488.
doi: 10.1016/j.ijpara.2010.04.015.

Kearney M, Porter WP, Williams C, Ritchie S, Hoffmann AA. 2009. Integrating biophysical models and evolutionary
theory to predict climatic impacts on species' ranges: the dengue mosquito Aedes aegyptiin Australia. Funct.
Ecol. 23, 528-538. d0i:10.1111/j.1365-2435.2008.01538.x

Keesing, F., & Ostfeld, R. S. 2021. Dilution effects in disease ecology. Ecology letters, 24(11), 2490-2505.
https://doi.org/10.1111/ele.13875

Kelly M. 2019. Adaptation to climate change through genetic accommodation and assimilation of plastic phenotypes.
Philosophical transactions of the Royal Society of London. Series B, Biological sciences, 374(1768),
20180176. https://doi.org/10.1098/rstb.2018.0176

Kelly, M. W., Sanford, E., & Grosberg, R. K. 2012. Limited potential for adaptation to climate change in a broadly
distributed marine crustacean. Proceedings of the Royal Society of London B: Biological Sciences, 279,
349-356.

Kerchev, I.A., Kryukov, V.Y., Yaroslaviseva, O.N. et al. 2017. The first data on fungal pathogens (ascomycota,
hypocreales) in the invasive populations of four-eyed fir bark beetle Polygraphus proximus Blandf.. Russ J
Biol Invasions 8, 34—40. https://doi.org/10.1134/S2075111717010040

Kers, J. G., & Saccenti, E. 2022. The Power of Microbiome Studies: Some Considerations on Which Alpha and Beta
Metrics to Use and How to Report Results. Frontiers in microbiology, 12, 796025.
https://doi.org/10.3389/fmicb.2021.796025

Kers, J. G., Velkers, F. C., Fischer, E. A. J., Hermes, G. D. A., Stegeman, J. A., & Smidt, H. 2018. Host and
environmental factors affecting the intestinal microbiota in chickens. Frontiers in Microbiology, 9, 235.
https://doi.org/10.3389/fmicb.2018.00235

Kimes NE, Grim CJ, Johnson WR, et al. 2012. Temperature regulation of virulence factors in the pathogen Vibrio
coralliilyticus. ISME J. 6(4):835-846. doi:10.1038/ismej.2011.154.

King K.C. et al.. 2016. Rapid evolution of microbe-mediated protection against pathogens in a worm host. ISME J. 10,
1915-1924. doi:10.1038/ismej.2015.259

King, K. C., Stevens, E., & Drew, G. C. 2020. Microbiome: Evolution in a World of Interaction. Current biology : CB,
30(6), R265—-R267. https://doi.org/10.1016/j.cub.2020.02.010

263



Kingsolver, J. G., & Buckley, L. B. 2017. Quantifying thermal extremes and biological variation to predict evolutionary
responses to changing climate. Philosophical transactions of the Royal Society of London. Series B,
Biological sciences, 372(1723), 20160147. https://doi.org/10.1098/rstb.2016.0147

Klass MR. 1997. Aging in the nematode Caenorhabditis elegans: major biological and environmental factors
influencing life span. Mech Ageing Dev. 6:413-29.

Kline K.A., Schwartz D.J., Gilbert N.M., Hultgren S.J., Lewis A.L. 2012. Immune Modulation by Group B Streptococcus
Influences Host Susceptibility to Urinary Tract Infection by Uropathogenic Escherichia coli. Infect. Immun.
80:4186—4194. doi: 10.1128/1A1.00684-12.

Kohl K.D. & Yahn J. 2016. Effects of environmental temperature on the gut microbial communities of tadpoles. Environ
Microbiol. 18(5):1561-5.

Kohl, K. D. & Carey, H. V. 2016. A place for host—-microbe symbiosis in the comparative physiologist’s toolbox. J. Exp.
Biol. 219, 3496-3504.

Kokkoris G. D., Jansen V. A., Loreau M., Troumbis A. Y. 2002. Variability in interaction strength and implications for
biodiversity. Journal of Animal Ecology, 71: 362-371. https://www.jstor.org/stable/2693452

Kokou, F., Sasson, G., Nitzan, T., Doron-Faigenboim, A., Harpaz, S., Cnaani, A., & Mizrahi, |I. 2018. Host genetic
selection for cold tolerance shapes microbiome composition and modulates its response to temperature.
elife, 7, €36398.

Kolodny, O., & Schulenburg, H. 2020. Microbiome-mediated plasticity directs host evolution along several distinct time
scales. Philosophical transactions of the Royal Society of London. Series B, Biological sciences, 375(1808),
20190589. https://doi.org/10.1098/rstb.2019.0589

Kopylova E. et al., 2012. SortMeRNA: fast and accurate filtering of ribosomal RNAs in metatranscriptomic data,
Bioinformatics. 28 (24):3211-3217.

Koskella B. 2018. Resistance gained, resistance lost: An explanation for host-parasite coexistence. PLoS biology,
16(9), e3000013. https://doi.org/10.1371/journal.pbio.3000013

Koskella B., Hall L.J, Metcalf C.J.E. 2017. The microbiome beyond the horizon of ecological and evolutionary theory.
Nat. Ecol. Evol. 1, 1606-1615. doi:10.1038/s41559-017-0340-2

Kraaijeveld A. R., & Godfray H. C. J. 1997. Trade-off between parasitoid resistance and larval competitive ability in
Drosophila melanogaster. Nature, 389(6648), 278-280. 10.1038/38483

Krisko, T. I., Nicholls, H. T., Bare, C. J., Holman, C. D., Putzel, G. G., Jansen, R. S., Sun, N., Rhee, K. Y., Banks, A.
S., & Cohen, D. E. 2020. Dissociation of Adaptive Thermogenesis from Glucose Homeostasis in Microbiome-
Deficient Mice. Cell metabolism, 31(3), 592-604.e9.

Kriss, M., Hazleton, K. Z., Nusbacher, N. M., Martin, C. G., & Lozupone, C. A. 2018. Low diversity gut microbiota
dysbiosis: drivers, functional implications and recovery. Current opinion in microbiology, 44, 34-40.
https://doi.org/10.1016/j.mib.2018.07.003.

Kubinak, J. L., & Potts, W. K. 2013. Host resistance influences patterns of experimental viral adaptation and virulence
evolution. Virulence, 4(5), 410-418. https://doi.org/10.4161/viru.24724

Kumar, A., Baruah, A., Tomioka, M., lino, Y., Kalita, M. C., & Khan, M. 2020. Caenorhabditis elegans: a model to
understand host-microbe interactions. Cellular and molecular life sciences : CMLS, 77(7), 1229-1249.
https://doi.org/10.1007/s00018-019-03319-7

Kunze, C., Luijckx, P., Jackson, A. L., & Donohue, |. 2022. Alternate patterns of temperature variation bring about very
different  disease  outcomes at different mean temperatures. elLife, 11, e72861.
https://doi.org/10.7554/eL.ife.72861

264



Kurtz ZD, Muller CL, Miraldi ER, Littman DR, Blaser MJ, Bonneau RA. 2015. Sparse and compositionally robust
inference of microbial ecological networks. PLoS Comput Biol. 11(5):e1004226.
doi:10.1371/journal.pcbi.1004226

Kurz, C. L. et al. 2003. Virulence factors of the human opportunistic pathogen Serratia marcescens identified by in
vivo screening. EMBO J. 22, 1451-1460.

Kurz, C. L., & Ewbank, J. J. 2000. Caenorhabditis elegans for the study of host-pathogen interactions. Trends in
microbiology, 8(3), 142—144. https://doi.org/10.1016/s0966-842x(99)01691-1

Lacetera, N., U.Bernabucci, D.Scalia, B.Ronchi, G.Kuzminsky, and A.Nardone. 2005. Lymphocyte functions in dairy
cows in hot environment. Int. J. Biometeorol. 50:105-110. doi:10.1007/s00484-005-0273-3.

Lafferty K. D., & E. A. Mordecai. 2016. The rise and fall of infectious disease in a warmer world. F1000 Res. 5, 2040.
doi:10.12688/f1000research.8766.1

Lagerspetz K. Y. 1987. Temperature effects on different organization levels in animals. Symposia of the Society for
Experimental Biology, 41, 429-449.

Laine A. L. 2004. Resistance variation within and among host populations in a plant-pathogen metapopulation:
implications for regional pathogen dynamics. Journal of Ecology, 92(6), 990-1000.

Laine A.L. 2007. Pathogen fithess components and genotypes differ in their sensitivity to nutrient and temperature
variation in a wild plant—pathogen association. Journal of Evolutionary Biology. 20:2371-2378.

Lam O, Wheeler J, Tang CM. 2014. Thermal control of virulence factors in bacteria: a hot topic. Virulence. 5(8):852-
62. doi: 10.4161/21505594.2014.970949.

Lambrechts Louis, Chavatte Jean-Marc, Snounou Georges & Koella Jacob C. 2006. Environmental influence on the
genetic basis of mosquito resistance to malaria parasites. Proc. R. Soc. B.2731501-1506.

Lavrinienko A, Tukalenko E, Kesaniemi J, et al., 2020. Applying the Anna Karenina principle for wild animal gut
microbiota: Temporal stability of the bank vole gut microbiota in a disturbed environment. J Anim Ecol.
89(11):2617-2630. doi:10.1111/1365-2656.13342.

Lecchi, C., N.Rota, A.Vitali, F.Ceciliani, and N.Lacetera. 2016. In vitro assessment of the effects of temperature on
phagocytosis, reactive oxygen species production and apoptosis in bovine polymorphonuclear cells. Vet.
Immunol. Immunopathol. 182:89-94.

Lee JH, Yun HS, Kwon C. 2012. Molecular communications between plant heat shock responses and disease
resistance. Mol Cells. 34(2):109-116. doi:10.1007/s10059-012-0121-3

Lee, S. C,, Tang, M. S., Lim, Y. A,, Choy, S. H., Kurtz, Z. D., Cox, L. M., Gundra, U. M., Cho, I., Bonneau, R., Blaser,
M. J., Chua, K. H., & Loke, P. 2014. Helminth colonization is associated with increased diversity of the gut
microbiota. PLoS neglected tropical diseases, 8(5), €2880. https://doi.org/10.1371/journal.pntd.0002880

Legie, M., Caneo, M., Aguila, B., Pollak, B., & Calixto, A. 2022. Interspecies effectors of a transgenerational memory
of bacterial infection in Caenorhabditis elegans. iScience, 25(7), 104627.
https://doi.org/10.1016/j.isci.2022.104627

Leinonen R. et al., 2011. The European Nucleotide Archive. Nucleic Acids Res. 39 (Database issue):D28-D31.

Leroy EM, Labouba I, Maganga GD, Berthet N. 2014. Ebola in West Africa: the outbreak able to change many things.
Clin Microbiol Infect. 20: 0597-0599. 10.1111/1469-0691.12781

Lesser, M. P., Fiore, C., Slattery, M., & Zaneveld, J. 2016. Climate change stressors destabilize the microbiome of the
Caribbean barrel sponge, Xestospongia muta. Journal of Experimental Marine Biology and Ecology, 475,
11— 18. https://doi.org/10.1016/j.jembe.2015.11.004

Leung JM, Graham AL and Knowles SCL. 2018. Parasite-Microbiota Interactions With the Vertebrate Gut: Synthesis
Through an Ecological Lens. Front. Microbiol. 9:843. doi: 10.3389/fmicb.2018.00843

265



Levy R, Magis AT, Earls JC, Manor O, Wilmanski T, Lovejoy J, Gibbons SM, Omenn GS, Hood L, Price ND. 2020.
Longitudinal analysis reveals transition barriers between dominant ecological states in the gut microbiome.
Proc Natl Acad Sci USA 117:13839-13845.

Li J, Bates KA, Hoang KL, Hector TE, Knowles SCL, King KC. 2023. Experimental temperatures shape host
microbiome diversity and composition. Glob Chang Biol. 29(1):41-56. doi:10.1111/gcb.16429

Li Y-F, Xu J-K, Chen Y-W, Ding W-Y, Shao A-Q, Liang X, Zhu Y-T and Yang J-L 2019. Characterization of Gut
Microbiome in the Mussel Mytilus galloprovincialis in Response to Thermal Stress. Front. Physiol.

Li, J., Rui, J., Li, Y., Tang, N., Zhan, S., Jiang, J., & Li, X. 2020. Ambient temperature alters body size and gut
microbiota of  Xenopus tropicalis. Science China. Life sciences, 63(6), 915-925.
https://doi.org/10.1007/s11427-019-9540-y

Liang L & Gong P. 2017. Climate change and human infectious diseases: A synthesis of research findings from global
and spatio-temporal perspectives. Environ Int. 103:99-108. doi:10.1016/j.envint.2017.03.011

Liang S, Luo X, You W, Luo L, Ke C. 2014. The role of hybridization in improving the immune response and thermal
tolerance of abalone. Fish Shellfish Immunol. 39, 69-77. (10.1016/j.fsi.2014.04.014).

Lieberman T. D. 2022. Detecting bacterial adaptation within individual microbiomes. Philosophical transactions of the
Royal  Society of London. Series B, Biological sciences, 377(1861), 20210243.
https://doi.org/10.1098/rstb.2021.0243

Liew PK, Zulkifli I, Hair-Bejo M, Omar AR, Israf DA. 2003. Effects of early age feed restriction and heat conditioning
on heat shock protein 70 expression, resistance to infectious bursal disease, and growth in male broiler
chickens subjected to heat stress. Poult Sci. 82(12):1879- 1885. doi:10.1093/ps/82.12.1879

Linderman J.A. et al. 2012. Infection-related declines in chill coma recovery and negative geotaxis in Drosophila
melanogaster. PLoS ONE 7:e41907.

Listmann L, LeRoch M, Schluter L, Thomas MK, Reusch TBH. 2016. Swift thermal reaction norm evolution in a key
marine phytoplankton species. Evol. Appl. 9, 1156-1164. doi:10.1111/eva.12362

Liu, X., Lyu, S., Zhou, S. and Bradshaw, C.J.A. 2016. Warming and fertilization alter the dilution effect of host diversity
on disease severity. Ecology, 97: 1680-1689. https://doi.org/10.1890/15-1784.1

Lokmer, A., & Mathias Wegner, K. 2015. Hemolymph microbiome of Pacific oysters in response to temperature,
temperature stress and infection. The ISME journal, 9(3), 670-682. https://doi.org/10.1038/ismej.2014.160

Longdon B, Hadfield JD, Day JP, et al. 2015. The causes and consequences of changes in virulence following
pathogen host shifts. PLoS Pathog 11:€1004728—e1004728. https://doi.org/10.1371/journal.ppat.1004728

Lépez, J. R., Lorenzo, L., Marcelino-Pozuelo, C., Marin-Arjona, M. C., & Navas, J. |. 2017. Pseudomonas baetica:
pathogenicity for marine fish and development of protocols for rapid diagnosis. FEMS microbiology letters,
364(3), 10.1093/femsle/fnw286. https://doi.org/10.1093/femsle/fnw286

Louca, S., & Doebeli, M. 2016. Transient dynamics of competitive exclusion in microbial communities. Environ
Microbiol. 18:1863-74.

Ludington W. 2020. Inter-Species Interactions in the Fly Gut Microbiome Shape Aging. Innov Aging. 4(Suppl 1):739.
doi:10.1093/geroni/igaa057.2638

Luo M, Liu Y, Wu P, et al. 2017. Alternation of Gut Microbiota in Patients with Pulmonary Tuberculosis. Front Physiol.
8:822. doi:10.3389/fphys.2017.00822

Luong, L. T., & Polak, M. 2007. Costs of resistance in the Drosophila macrocheles system: A negative correlation
between ectoparasite resistance and reproduction. Evolution, 61(6), 1391-1402.
https://doi.org/10.1111/j.1558-5646.2007.00116.x

Ma, B., Wang, Y., Ye, S. et al. 2020. Earth microbial co-occurrence network reveals interconnection pattern across
microbiomes. Microbiome 8, 82. https://doi.org/10.1186/s40168-020-00857-2

266



Ma, Z.2020. Testing the Anna Karenina principle in human microbiome-associated diseases. iScience, 23(4),
101007. https://doi.org/10.1016/j.isci.2020.101007

Mabbott NA. 2018. The Influence of Parasite Infections on Host Immunity to Co-Infection With Other Pathogens. Front
Immunol. 9:2579—. doi: 10.3389/fimmu.2018.02579

Machado, D., Maistrenko, O. M., Andrejev, S., Kim, Y., Bork, P., Patil, K. R., & Patil, K. R. 2021. Polarization of
microbial communities between competitive and cooperative metabolism. Nature ecology & evolution, 5(2),
195-203. https://doi.org/10.1038/s41559-020-01353-4.

Machado, D., Maistrenko, O. M., Andrejev, S., Kim, Y., Bork, P., Patil, K. R., & Patil, K. R. 2021. Polarization of
microbial communities between competitive and cooperative metabolism. Nature ecology & evolution, 5(2),
195-203. https://doi.org/10.1038/s41559-020-01353-4.

Maher, R.L., Rice, M.M., McMinds, R. et al. 2019. Multiple stressors interact primarily through antagonism to drive
changes in the coral microbiome. Sci Rep 9, 6834. https://doi.org/10.1038/s41598-019-43274-8

Maji A, Misra R, Dhakan DB, et al. 2018. Gut microbiome contributes to impairment of immunity in pulmonary
tuberculosis patients by alteration of butyrate and propionate producers. Environ Microbiol. 20(1):402-419.
doi:10.1111/1462-2920.14015

Malhi Yadvinder, Franklin Janet, Seddon Nathalie, Solan Martin, Turner Monica G., Field Christopher B. & Knowlton
Nancy. 2020. Climate change and ecosystems: threats, opportunities and solutions. Phil. Trans. R. Soc.
B3752019010420190104

Mandal S. et al., 2015. Analysis of composition of microbiomes: a novel method for studying microbial composition.
Microb Ecol Health Dis. 26:27663.

Manzi F. et al. 2019. Temperature and host diet jointly influence the outcome of infection in a Daphnia-fungal parasite
system. Freshwater Biology 65:757—-767

Mao-Jones J, Ritchie KB, Jones LE, Ellner SP. 2010. How microbial community composition regulates coral disease
development. PLoS Biol. 8(3):e1000345. Published 2010 Mar 30. doi:10.1371/journal.pbio.1000345

Marchesi JR, Adams DH, Fava F, Hermes GDA, Hirschfield GM, Hold G, Quraishi MN, Kinross J, Smidt H, Tuohy KM,
Thomas LV, Zoetendal EG, Hart A. 2016. The gut microbiota and host health: a new clinical frontier. Gut
65:330-339. doi: 10.1136/gutjnl-2015-309990.

Martin, M. 2011. Cutadapt removes adapter sequences from high-throughput sequencing reads. EMBnet.journal,
17(1), pp. 10-12. doi: 10.14806/ej.17.1.200

Martino ME, Joncour P, Leenay R, Gervais H, Shah M, Hughes S, Gillet B, Beisel C, Leulier F. 2018. Bacterial
adaptation to the host's diet is a key evolutionary force shaping Drosophila-Lactobacillus symbiosis. Cell
Host Microbe 24, 109-119. doi:10.1016/j.chom.2018.06.001

Maulana, M.l., Riksen, J.A.G., Snoek, B.L. et al. 2022. The genetic architecture underlying body-size traits plasticity
over different temperatures and developmental stages in Caenorhabditis elegans. Heredity 128, 313-324.
https://doi.org/10.1038/s41437-022-00528-y

Maxwell, SL, Butt, N, Maron, M, et al. 2019. Conservation implications of ecological responses to extreme weather
and climate events. Divers Distrib. 25: 613—- 625. https://doi.org/10.1111/ddi.12878.

May RM. 1972. Will a large complex system be stable?. Nature. 238(5364):413-414. doi:10.1038/238413a0

Mayers TJ, Bramucci AR, Yakimovich KM and Case RJ. 2016. A Bacterial Pathogen Displaying Temperature-
Enhanced Virulence of the Microalga Emiliania huxleyi. Front. Microbiol. 7:892. doi:
10.3389/fmicb.2016.00892

Maynard J, van Hooidonk R, Eakin C. et al. 2015. Projections of climate conditions that increase coral disease
susceptibility and pathogen abundance and \virulence. Nat Clim Chang. 5, 688-694.
doi:10.1038/nclimate2625.

267



Mazel, F., Davis, K. M., Loudon, A., Kwong, W. K., Groussin, M., & Parfrey, L. W. 2018. Is Host Filtering the Main
Driver of Phylosymbiosis across the Tree of Life?. mSystems, 3(5), e00097-18.
https://doi.org/10.1128/mSystems.00097-18.

McDevitt-Irwin J.M., Baum J.K., Garren M. & Vega Thurber R.L. 2017. Responses of Coral-Associated Bacterial
Communities to Local and Global Stressors. Front. Mar. Sci. 4:262. doi: 10.3389/fmars.2017.00262

McLoughlin, K., Schluter, J., Rakoff-Nahoum, S., Smith, A. L. & Foster, K. R. 2016. Host selection of microbiota via
differential adhesion. Cell Host Microbe 19, 550-559.

McMurdie PJ, Holmes S. 2013. phyloseq: an R package for reproducible interactive analysis and graphics of
microbiome census data. PLoS One. 8(4):¢61217. doi:10.1371/journal.pone.0061217

Meaden S., Paszkiewicz K., & Koskella B. 2015. The cost of phage resistance in a plant pathogenic bacterium is
context-dependent. Evolution, 69(5), 1321-1328. 10.1111/evo.12652

Mensch B, Neulinger SC, Graiff A, Pansch A, Kinzel S, Fischer MA and Schmitz RA. 2016. Restructuring of
Epibacterial Communities on Fucus vesiculosus forma mytili in Response to Elevated pCO2 and Increased
Temperature Levels Front. Microbiol. 7:434.

Mensch B, Neulinger SC, Kiinzel S, Wahl M and Schmitz RA. 2020. Warming, but Not Acidification, Restructures
Epibacterial Communities of the Baltic Macroalga Fucus vesiculosus With Seasonal Variability. Front.
Microbiol. 11:1471.

Mesas A. et al., 2021. Experimental evolution on heat tolerance and thermal performance curves under contrasting
thermal selection in Drosophila subobscura. Journal of Evolutionary Biology 34:767—778.

Messyasz, A., Maher, R. L., Meiling, S. S., & Thurber, R. V. 2021. Nutrient Enrichment Predominantly Affects Low
Diversity Microbiomes in a Marine Trophic Symbiosis between Algal Farming Fish and Corals.
Microorganisms, 9(9), 1873. https://doi.org/10.3390/microorganisms9091873

Mitchell S.E. et al. 2005. Host-parasite and genotype-by- environment interactions: temperature modifies potential for
selection by a sterilizing pathogen. Evolution 59:70-80.

Moeller, A. H., lvey, K., Cornwall, M. B., Herr, K., Rede, J., Taylor, E. N., & Gunderson, A. R. 2020. The Lizard Gut
Microbiome Changes with Temperature and Is Associated with Heat Tolerance. Applied and environmental
microbiology, 86(17), e01181-20.

Moghadam, N. N., Thorshauge, P. M., Kristensen, T. N., de Jonge, N., Bahrndorff, S., Kjeldal, H., & Nielsen, J. L.
2018. Strong responses of Drosophila melanogaster microbiota to developmental temperature. Fly, 12(1),
1-12.

Mohajeri MH, Brummer RJM, Rastall RA, et al., 2018. The role of the microbiome for human health: from basic science
to clinical applications. Eur J Nutr. 57(Suppl 1):1-14.

Moore, R. S., Kaletsky, R., & Murphy, C. T. 2019. Piwi/PRG-1 Argonaute and TGF-$ Mediate Transgenerational
Learned Pathogenic Avoidance. Cell, 177(7), 1827—1841.e12. https://doi.org/10.1016/j.cell.2019.05.024

Mora, C., McKenzie, T., Gaw, I.M. et al. 2022. Over half of known human pathogenic diseases can be aggravated by
climate change. Nat. Clim. Chang. 12, 869-875. https://doi.org/10.1038/s41558-022-01426-1.

Moran N.A., et al. 2008. Genomics and evolution of heritable bacterial symbionts. Annu. Rev. Genet., 42, pp. 165-190

Morgans, C.A., Hung, J.Y., Bourne, D.G. and Quigley, K.M. 2020. Symbiodiniaceae probiotics for use in bleaching
recovery. Restor Ecol, 28: 282-288. https://doi.org/10.1111/rec.13069.

Moriyama, M., & Ichinohe, T. 2019. High ambient temperature dampens adaptive immune responses to influenza A
virus infection. Proceedings of the National Academy of Sciences of the United States of America, 116(8),
3118-3125. https://doi.org/10.1073/pnas.1815029116.

Muletz-Wolz CR, Fleischer RC, Lips KR. 2019. Fungal disease and temperature alter skin microbiome structure in an

experimental salamander system. Mol Ecol. 28(11):2917- 2931. doi:10.1111/mec.15122

268



Murren, C., Auld, J., Callahan, H. et al. 2015. Constraints on the evolution of phenotypic plasticity: limits and costs of
phenotype and plasticity. Heredity 115, 293-301. https://doi.org/10.1038/hdy.2015.8

Musso D, Nilles EJ, Cao-Lormeau V-M. 2014. Rapid spread of emerging Zika virus in the Pacific area. Clin Microbiol
Infect. 20: 0595-0596. 10.1111/1469-0691.12707

Navarrete SA, Berlow EL. 2006. Variable interaction strengths stabilize marine community pattern. Ecol Lett. 9(5):526-
536. doi:10.1111/j.1461-0248.2006.00899.x

Nearing, J.T., Douglas, G.M., Hayes, M.G. et al. 2022. Microbiome differential abundance methods produce different
results across 38 datasets. Nat Commun 13, 342. https://doi.org/10.1038/s41467-022-28034-z.

Nguyen LT, Schmidt HA, von Haeseler A, Minh BQ. 2015. IQ-TREE: a fast and effective stochastic algorithm for
estimating maximume-likelihood phylogenies. Mol Biol Evol. 32(1):268-274. doi:10.1093/molbev/msu300

Nicholson, J.K. et al. 2012. Host-gut microbiota metabolic interactions. Science, 336, pp. 1262-1267

O'Rourke D, Gravato-Nobre MJ, Stroud D, et al. 2023. Isolation and molecular identification of nematode surface
mutants with resistance to bacterial pathogens. G3 (Bethesda). 13(5):jkad056.
doi:10.1093/g3journal/jkad056.

Oh MH, Lee SM, Lee DH, Choi SH. 2009. Regulation of the Vibrio vulnificus hupA gene by temperature alteration and
cyclic AMP receptor protein and evaluation of its role in virulence. Infect Immun. 77(3):1208-1215.
doi:10.1128/I1A1.01006-08

Olesen, S, Alm, E. Dysbiosis is not an answer. Nat Microbiol 1, 16228 (2016).
https://doi.org/10.1038/nmicrobiol.2016.228

Oliver, K. M., Russell, J. A., Moran, N. A. & Hunter, M. S. 2003. Facultative bacterial symbionts in aphids confer
resistance to parasitic wasps. Proc. Natl Acad. Sci. USA 100, 1803—-1807.

Ooijevaar RE, Terveer EM, Verspaget HW, Kuijper EJ, Keller JJ. 2019. Clinical application and potential of fecal
microbiota transplantation. Annu Rev Med. 70:335-51. doi: 10.1146/annurev-med-111717-12295.

Otto S, Day T. 2007. A biologist's guide to mathematical modelling in ecology and evolution. Princeton, NJ: Princeton
University Press

Overstreet, R. M., & Lotz, J. M. 2016. Host—Symbiont Relationships: Understanding the Change from Guest to Pest.
The Rasputin Effect: When Commensals and Symbionts Become Parasitic, 3, 27-64.
https://doi.org/10.1007/978-3-319-28170-4_2

Owen, J. C., Landwerlen, H. R., Dupuis, A. P., 2nd, Belsare, A. V., Sharma, D. B., Wang, S., Ciota, A. T., & Kramer,
L. D. (2021). Reservoir hosts experiencing food stress alter transmission dynamics for a zoonotic pathogen.
Proceedings. Biological sciences, 288(1956), 20210881. https://doi.org/10.1098/rspb.2021.0881

Pallen, M. J. 2011. The Human Microbiome and Host—Pathogen Interactions. In: Nelson KE, editor. Metagenomics of
the Human Body. New York, NY: Springer; pp. 43—-61. https://doi.org/10.1007/978-1-4419-7089-3_3

Palominos, M. F., Verdugo, L., Gabaldon, C., Pollak, B., Ortiz-Severin, J., Varas, M. A., Chavez, F. P., & Calixto, A.
2017. Transgenerational Diapause as an Avoidance Strategy against Bacterial Pathogens in Caenorhabditis
elegans. mBio, 8(5), e01234-17. https://doi.org/10.1128/mBio.01234-17

Pandey, A., & Dawson, D. E. The shapes of virulence to come. Evolution, medicine, and public health, 2019(1), 3.
https://doi.org/10.1093/emph/eoy037.

Parmesan C, Ryrholm N, Stefanescu C, et al. 1999. Poleward shifts in geographical ranges of butterfly species
associated with regional warming. Nature 399:579-583. https://doi.org/10.1038/21181

Pastar I., Nusbaum A.G., Gil J., Patel S.B., Chen J., Valdes J., Stojadinovic O., Plano L.R., Tomic-Canic M., Davis
S.C. 2013. Interactions of Methicillin Resistant Staphylococcus aureus USA300 and Pseudomonas

aeruginosa in Polymicrobial Wound Infection. PLoS ONE. 8:€56846. doi: 10.1371/journal.pone.0056846.

269



Paterson S, Vogwill T, Buckling A, Benmayor R, Spiers AJ, Thomson NR, et al. 2010. Antagonistic coevolution
accelerates molecular evolution. Nature. 464:275-8. doi: 10.1038/nature08798.

Patz, J., Campbell-Lendrum, D., Holloway, T. et al. 2005. Impact of regional climate change on human health. Nature
438, 310-317. https://doi.org/10.1038/nature04188.

Paull S. H., P. T. Johnson. 2014. Experimental warming drives a seasonal shift in the timing of host-parasite dynamics
with consequences for disease risk. Ecol. Lett. 17, 445-453.

Perazzolli M, Ton J, Luna E, et al. 2022. Editorial: Induced resistance and priming against pests and pathogens. Front
Plant Sci. 13:1075783. doi:10.3389/fpls.2022.1075783

Peters B.M., Jabra-Rizk M.A., O'May G.A., Costerton J.W., Shirtliff M.E. 2012. Polymicrobial Interactions: Impact on
Pathogenesis and Human Disease. Clin. Microbiol. Rev. 25:193-213. doi: 10.1128/CMR.00013-11.

Petrella, L. N. 2014. Natural variants of C. elegans demonstrate defects in both sperm function and oogenesis at
elevated temperatures. PLoS One. 9: e112377 10.1371/journal.pone.0112377

Philip Ewels, Mans Magnusson, Sverker Lundin, Max Kaller. 2016. MultiQC: summarize analysis results for multiple
tools and samples in a single report, Bioinformatics, Volume 32, Issue 19, Pages 3047-3048.

Phytopathological Society.

Pickard, J. M., Zeng, M. Y., Caruso, R. & Nufiez, G. 2017. Gut microbiota: role in pathogen colonization, immune
responses, and inflammatory disease. Immunol. Rev. 279, 70-89.

Pimentel, A. C., Beraldo, C. S., & Cogni, R. 2020. Host-shift as the cause of emerging infectious diseases:
Experimental approaches using Drosophila-virus interactions. Genetics and molecular biology, 44(1 Suppl
1), e20200197. https://doi.org/10.1590/1678-4685-GMB-2020-0197

Pinsky M. L. et al. 2019. Greater vulnerability to warming of marine versus terrestrial ectotherms. Nature. 569:108—
111.

Porras, M.F., Agudelo-Cantero, G.A., Santiago-Martinez, M.G. et al. 2021. Fungal infections lead to shifts in thermal
tolerance and voluntary exposure to extreme temperatures in both prey and predator insects. Sci Rep 11,
21710. https://doi.org/10.1038/s41598-021-00248-z

Posadas, N., Baquiran, J. I. P., Nada, M. A. L., Kelly, M., & Conaco, C. 2022. Microbiome diversity and host immune
functions influence survivorship of sponge holobionts under future ocean conditions. The ISME Journal, 16,
58-67. https://doi.org/10.1038/s41396-021-01050-5

Pounds, J. A., Bustamante, M. R., Coloma, L. A., Consuegra, J. A., Fogden, M. P., Foster, P. N., La Marca, E., Masters,
K. L., Merino-Viteri, A., Puschendorf, R., Ron, S. R., Sanchez-Azofeifa, G. A., Still, C. J., & Young, B. E.
2006. Widespread amphibian extinctions from epidemic disease driven by global
warming. Nature, 439(7073), 161-167. https://doi.org/10.1038/nature04246

Prithika U, Deepa V, Balamurugan K. 2016. External induction of heat shock stimulates the immune response and
longevity of Caenorhabditis elegans towards pathogen exposure. Innate Immun. 22(6):466-478.
doi:10.1177/1753425916654557

Qiu, Y., Zhou, Y., Chang, Y., Liang, X., Zhang, H., Lin, X., Qing, K., Zhou, X., & Luo, Z. 2022. The Effects of Ventilation,
Humidity, and Temperature on Bacterial Growth and Bacterial Genera Distribution. International journal of
environmental research and public health, 19(22), 15345. https://doi.org/10.3390/ijerph192215345

Quast C. et al., 2013. The SILVA ribosomal RNA gene database project: improved data processing and web-based
tools. Opens external link in new windowNucl. Acids Res. 41 (D1): D590-D596.

Raberg L, Graham A, Read AF. 2009. Decomposing health: tolerance and resistance to parasites in animals. Phil.
Trans. R. Soc. B 364, 37-49.

Rafaluk-Mohr C, Ashby B, Dahan DA, King KC. 2018. Mutual fithess benefits arise during coevolution in a nematode-
defensive microbe model. Evol. Lett. 2, 246-256. doi:10.1002/evl3.58

270



Raimondi, S., Spampinato, G., Macavei, L. I., Lugli, L., Candeliere, F., Rossi, M., Maistrello, L., & Amaretti, A. 2020.
Effect of Rearing Temperature on Growth and Microbiota Composition of Hermetia illucens. Microorganisms,
8(6), 902.

Ramanan, D., Bowcutt, R., Lee, S. C., Tang, M. S., Kurtz, Z. D., Ding, Y., et al. 2016. Helminth infection promotes
colonization resistance via type 2 immunity. Science 352, 608-612. doi: 10.1126/science.aaf3229

Ramsby, B. D., Hoogenboom, M. O., Whalan, S., & Webster, N. S. 2018. Elevated seawater temperature disrupts the
microbiome of an ecologically important bioeroding sponge. Molecular ecology, 27(8), 2124-2137.

Rangwala, I., Sinsky, E., Miller, J. R. 2013. Amplified warming projections for high altitude regions of the northern
hemisphere mid-latitudes from CMIP5 models. Environmental Research Letters, 8(2), 024040.
https://doi.org/10.1088/1748-9326/8/2/024040.

Ratzke C, Barrere J, Gore J. 2020. Strength of species interactions determines biodiversity and stability in microbial
communities. Nat Ecol Evol. 4(3):376-383. doi:10.1038/s41559-020-1099-4

Ratzke C, Gore J. 2018. Modifying and reacting to the environmental pH can drive bacterial interactions. PLoS Biol.
16, €2004248. doi:10.1371/journal.pbio.2004248

Regnier, J.A., & K.W.Kelley. 1981. Heat- and cold-stress suppresses in vivo and in vitro cellular immune responses
of chickens. Am. J. Vet. Res. 42:294-299.

Restif O & Koella JC. 2003. Shared control of epidemiological traits in a coevolutionary model of host-parasite
interactions. Am. Nat. 161, 827-836. 10.1086/375171

Ribas, M. P., Garcia-Ulloa, M., Espunyes, J., & Cabezon, O. 2023. Improving the assessment of ecosystem and
wildlife health: microbiome as an early indicator. Current opinion in biotechnology, 81, 102923.
https://doi.org/10.1016/j.copbio.2023.102923

Roberts, K. E., Hadfield, J. D., Sharma, M. D., & Longdon, B. 2018. Changes in temperature alter the potential
outcomes of virus host shifts. PLoS pathogens, 14(10), e1007185.
https://doi.org/10.1371/journal.ppat.1007185

Robinson CD, Klein HS, Murphy KD, Parthasarathy R, Guillemin K, Bohannan BJM. 2018. Experimental bacterial
adaptation to the zebrafish gut reveals a primary role for immigration. PLoS Biol. 16, €2006893.
doi:10.1371/journal.pbio.2006893

Rogelj, J., D. Shindell, K. Jiang, S. Fifita, P. Forster, V. Ginzburg, C. Handa, H. Kheshgi, S. Kobayashi, E. Kriegler, L.
Mundaca, R. Séférian, and M.V. Vilarifio, 2018: Mitigation Pathways Compatible with 1.5°C in the Context
of Sustainable Development. In: Global Warming of 1.5°C. An IPCC Special Report on the impacts of global
warming of 1.5°C above pre-industrial levels and related global greenhouse gas emission pathways, in the
context of strengthening the global response to the threat of climate change, sustainable development, and
efforts to eradicate poverty [Masson-Delmotte, V., P. Zhai, H.-O. Pértner, D. Roberts, J. Skea, P.R. Shukla,
A. Pirani, W. Moufouma-Okia, C. Péan, R. Pidcock, S. Connors, J.B.R. Matthews, Y. Chen, X. Zhou, M.1.
Gomis, E. Lonnoy, T. Maycock, M. Tignor, and T. Waterfield (eds.)]. Cambridge University Press, Cambridge,
UK and New York, NY, USA, pp. 93-174, doi:10.1017/9781009157940.004.

Rognes T, Flouri T, Nichols B, Quince C, Mahé F. 2016. VSEARCH: a versatile open source tool for metagenomics.
PeerJ. 4:2584. doi:10.7717/peerj.2584

Rohatgi A. 2015. WebPlotDigitizer (Version 3.9) [Computer  software]. Retrieved from
http://arohatgi.info/WebPlotDigitizer.

Rohr JR, Cohen JM. 2020. Understanding how temperature shifts could impact infectious disease. PLoS Biol.
18(11):e3000938. https://doi.org/10.1371/journal.pbio.3000938

271



Rohr, J. R., Raffel, T. R., Blaustein, A. R., Johnson, P. T., Paull, S. H., & Young, S. 2013. Using physiology to
understand climate-driven changes in disease and their implications for conservation. Conservation
physiology, 1(1), cot022. https://doi.org/10.1093/conphys/cot022.

Roman MS, Wagner A. 2018. An enormous potential for niche construction through bacterial cross-feeding in a
homogeneous environment. PLoS Comput Biol. 14:e1006340.

Romer AS, Grinath JB, Moe KC, Walker DM. 2022. Host microbiome responses to the Snake Fungal Disease
pathogen (Ophidiomyces ophidiicola) are driven by changes in microbial richness. Sci Rep. 12(1):3078.
doi:10.1038/s41598-022-07042-5

Romero D., Traxler M.F., Lépez D., Kolter R. 2011. Antibiotics as Signal Molecules. Chem. Rev. 111:5492-5505. doi:
10.1021/cr2000509.

Rooks MG, Garrett WS. 2016. Gut microbiota metabolites and host immunity Nat Rev Immunol. 16:341-52.

Rosado, P. M., Leite, D. C. A, Duarte, G. A. S., Chaloub, R. M., Jospin, G., da Rocha, U. N., et al., 2019. Marine
probiotics: increasing coral resistance to bleaching through microbiome manipulation. ISME J. 13, 921-936.
doi: 10.1038/s41396-018-0323-6.

Rothschild, D., Weissbrod, O., Barkan, E. et al., 2018. Environment dominates over host genetics in shaping human
gut microbiota. Nature 555, 210-215.

Rudolf, V. H. W., & Antonovics, J. 2005. Species coexistence and pathogens with frequency-dependent transmission.
The American Naturalist, 166(1), 112—118. https://doi.org/10.1086/430674

Sachs, J. L., Skophammer, R. G. & Regus, J. U. 2011. Evolutionary transitions in bacterial symbiosis. Proc. Natl Acad.
Sci. USA 108 (Suppl. 2), 10800—-10807.

Sales K, Vasudeva R, Gage MJG. 2021. Fertility and mortality impacts of thermal stress from experimental heatwaves
on different life stages and their recovery in a model insect. R Soc Open Sci. 8(3):201717.
doi:10.1098/rs0s.201717

Salgame P, Yap GS, Gause WC. 2013. Effect of Helminth-Induced Immunity on Infections With Microbial Pathogens.
Nat Immunol. 14(11):1118-26. doi: 10.1038/ni.2736

Samuel B. S., Rowedder H., Braendle C., Félix M.-A., Ruvkun G. 2016. Caenorhabditis elegans responses to bacteria
from its natural habitats. Proc. Natl. Acad. Sci. U.S.A. 113, E3941-E3949. 10.1073/pnas.1607183113

Santoro EP, Borges RM, Espinoza JL, et al. 2021. Coral microbiome manipulation elicits metabolic and genetic
restructuring to mitigate heat stress and evade mortality. Sci Adv. 7(33):eabg3088.
doi:10.1126/sciadv.abg3088

Sayers, E. W., Beck, J., Brister, J. R., Bolton, E. E., Canese, K., Comeau, D. C., Funk, K., Ketter, A., Kim, S., Kimchi,
A., Kitts, P. A., Kuznetsov, A., Lathrop, S., Lu, Z., McGarvey, K., Madden, T. L., Murphy, T. D., O'Leary, N.,
Phan, L., Schneider, V. A., ... Ostell, J. 2020. Database resources of the National Center for Biotechnology
Information. Nucleic acids research, 48(D1), D9-D16. https://doi.org/10.1093/nar/gkz899.

Sbrocco, E.J. and Barber, P.H. 2013. MARSPEC: ocean climate layers for marine spatial ecology. Ecology, 94: 979-
979. https://doi.org/10.1890/12-1358.1.

Scepanovic, P., Hodel, F., Mondot, S. et al., 2019. A comprehensive assessment of demographic, environmental, and
host genetic associations with gut microbiome diversity in healthy individuals. Microbiome 7, 130.

Schade, F.M., Shama, L.N. & Wegner, K.M. 2014. Impact of thermal stress on evolutionary trajectories of pathogen
resistance in three-spined stickleback (Gasterosteus aculeatus). BMC Evol Biol 14, 164.
https://doi.org/10.1186/s12862-014-0164-5

Schaum C.-E., Buckling A., Smirnoff N. and Yvon-Durocher G. 2022. Evolution of thermal tolerance and phenotypic
plasticity under rapid and slow temperature fluctuations. Proc. R. Soc. B.2892022083420220834.
http://doi.org/10.1098/rspb.2022.0834.

272



Schluter, J. & Foster, K. R. 2012. The evolution of mutualism in gut microbiota via host epithelial selection. PLoS Biol.
10, e1001424.

Scholander PF, Hock R, Walters V, Johnson F& Irving L. 1950. Heat regulation in some arctic and tropical mammals
and birds. Biol. Bull. 99, 237-258.

Schulenburg, H. & Félix, M.-A. 2017. The Natural Biotic Environment of Caenorhabditis elegans. Genetics 206, 55—
86.

Schulenburg, H., Kurz, C. L. & Ewbank, J. J. 2004. Evolution of the innate immune system: the worm perspective.
Immunological Reviews 198, 36-58.

Schulte PM, Healy TM, Fangue NA. 2011. Thermal performance curves, phenotypic plasticity, and the time scales of
temperature exposure. Integr. Comp. Biol. 51, 691-702. doi:10.1093/icb/icr097

Schulte RD, Makus C, Hasert B, Michiels NK, Schulenburg H. 2010. Multiple reciprocal adaptations and rapid genetic
change upon experimental coevolution of an animal host and its microbial parasite. Proc Natl Acad Sci U S
A. 107:7359-64. doi: 10.1073/pnas.1003113107.

Schulte, R. D., Makus, C., Hasert, B., Michiels, N. K. & Schulenburg, H. 2011. Host—parasite local adaptation after
experimental coevolution of Caenorhabditis elegans and its microparasite Bacillus thuringiensis.
Proceedings of the Royal Society B: Biological Sciences 278, 2832-2839.

Schwenke, R. A., Lazzaro, B. P., & Wolfner, M. F. 2016. Reproduction—immunity trade-offs in insects. Annual Review
of Entomology, 61(1), 239-256. https://doi.org/10.1146/annurev-ento-010715-023924

Sehnal, L., Brammer-Robbins, E., Wormington, A. M., Blaha, L., Bisesi, J., Larkin, I., Martyniuk, C. J., Simonin, M., &
Adamovsky, O. 2021. Microbiome Composition and Function in Aquatic Vertebrates: Small Organisms
Making Big Impacts on Aquatic Animal Health. Frontiers in microbiology, 12, 567408.
https://doi.org/10.3389/fmicb.2021.567408

Sepulveda, J., & Moeller, A. H. 2020. The effects of temperature on animal gut microbiomes. Frontiers in Microbiology,
11, 384. https://doi.org/10.3389/fmicb.2020.00384

Sformo T.et al.,, 2009. Simultaneous freeze tolerance and avoidance in individual fungus gnats, Exechia
nugatoria. Journal of Comparative Physiology B 179, 897-902.

Shade, A. Diversity is the question, not the answer. ISME J 11, 1-6 (2017). https://doi.org/10.1038/ismej.2016.118

Sheldon B. C., & Verhulst S. 1996. Ecological immunology: costly parasite defences and trade-offs in evolutionary
ecology. Trends in ecology & evolution, 11(8), 317-321.

Sherman E. 2008. Thermal biology of newts (Notophthalmus viridescens) chronically infected with a naturally occurring
pathogen. J. Therm. Biol. 33:27-31

Shivanna K. R. 2022. Climate change and its impact on biodiversity and human welfare. Proceedings of the Indian
National Science Academy. Part A, Physical Sciences, 88(2), 160—171. https://doi.org/10.1007/s43538-022-
00073-6

Sinclair B. J. et al 2003. Climatic variability and the evolution of insect freeze tolerance. Biological Reviews 78, 181-
195.

Singh V, Aballay A. 2006. Heat shock and genetic activation of HSF-1 enhance immunity to bacteria. Cell Cycle.
5(21):2443-2446. doi:10.4161/cc.5.21.3434

Skerratt LF, et al. 2007. Spread of chytridiomycosis has caused the rapid global decline and extinction of frogs.
EcoHealth. 4:125-134.

Smith, K.F., Acevedo-Whitehouse, K. & Pedersen, A.B. 2009. The role of infectious diseases in biological conservation.
Animal Conservation, 12: 1-12. https://doi.org/10.1111/j.1469-1795.2008.00228.x

Sneath, P.H.A. & Sokal, R.R. 1973. Numerical Taxonomy: The Principles and Practice of Numerical Classification, p.

278 ff; Freeman, San Francisco.

273



Snieszko, S.F. 1974. The effects of environmental stress on outbreaks of infectious diseases of fishes. Journal of Fish
Biology, 6: 197-208. https://doi.org/10.1111/j.1095-8649.1974.tb04537.x

Sonnenburg JL, Xu J, Leip DD, Chen C-H, Westover BP, Weatherford J, Buhler JD, Gordon JI. 2005. Glycan foraging
in vivo by an intestine-adapted bacterial symbiont. Science 307, 1955-1959. doi:10.1126/science.1109051

Stevens EJ, Bates KA, King KC. 2021. Host microbiota can facilitate pathogen infection. PLoS Pathog 17:e1009514.
doi: 10.1371/journal.ppat.1009514.

Stevens GC. 1989. The latitudinal gradient in geographical range: how so many species coexist in the tropics. Am.
Nat. 133, 240-256.

Stevens R.B. et al. 1960. Plant Pathology, an Advanced Treatise, Academic Press. pp. 357-429

Stiernagle T. 2006. Maintenance of C. elegans. WormBook. 1-11. doi:10.1895/wormbook.1.101.1.

Strand, R., Whalan, S., Webster, N.S. et al. 2017. The response of a boreal deep-sea sponge holobiont to acute
thermal stress. Sci Rep 7, 1660.

Su Q, Zhou X, Zhang Y. 2013. Symbiont-mediated functions in insect hosts. Commun Integr Biol. 6(3):e23804. doi:
10.4161/cib.23804.

Sun, S., Jones, R.B. & Fodor, A.A. 2020. Inference-based accuracy of metagenome prediction tools varies across
sample types and functional categories. Microbiome 8, 46 2020. https://doi.org/10.1186/s40168-020-00815-
y.

Sun, X., & Jia, Z. 2018. Microbiome modulates intestinal homeostasis against inflammatory diseases. Vet. Immunol.
Immunopathol. 205, 97-105. doi: 10.1016/j.vetimm.2018.10.014

Sunday, J. M., Bates, A. E., Kearney, M. R., Colwell, R. K., Dulvy, N. K., Longino, J. T., & Huey, R. B. 2014. Thermal-
safety margins and the necessity of thermoregulatory behavior across latitude and elevation. Proceedings
of the National Academy of Sciences of the United States of America, 111, 5610-5615.

Tajima K. et al., 2007. Influence of high temperature and humidity on rumen bacterial diversity in Holstein heifers.
Anaerobe. 13(2):57-64.

Tan, M.-W. & Ausubel, F. M. 2000. Caenorhabditis elegans: a model genetic host to study Pseudomonas aeruginosa
pathogenesis. Current Opinion in Microbiology 3, 29-34.

Taylor LH, Latham SM, Woolhouse MEJ. 2001. Risk factors for human disease emergence. Philosophical
Transactions of the Royal Society of London. Series B: Biological Sciences 356: 983—989.

Taylor M, Vega NM. 2021. Host Immunity Alters Community Ecology and Stability of the Microbiome in a
Caenorhabditis elegans Model. mSystems. 6(2):e00608-20. doi:10.1128/mSystems.00608-20

Taylor S.K.B. et al., 2021. C. elegans electrotaxis behavior is modulated by heat shock response and unfolded protein
response signaling pathways. Scientific Reports 11:1-17.

Terblanche J.S. et al., 2007. Critical thermal limits depend on methodological context. Proceedings of the Royal
Society B, 274, 2935-2942.

Thapa, S., Zhang, Y., & Allen, M. S. 2019. Effects of temperature on bacterial microbiome composition in Ixodes
scapularis ticks. MicrobiologyOpen, 8(5), e00719.

Thrall P. H., Laine A. L., Ravensdale M., Nemri A., Dodds P. N., Barrett L. G., & Burdon J. J. 2012. Rapid genetic
change underpins antagonistic coevolution in a natural host-pathogen metapopulation. Ecology Letters,
15(5), 425-435. 10.1111/j.1461-0248.2012.01749.x

Thrall, P.H. & Burdon, J.J. 2000. Effect of resistance variation in a natural plant host-pathogen metapopulation on
disease dynamics. Plant. Pathol., 49, 767-773.

Tian, Y., Li, G., Chen, L., Bu, X,, Shen, J., Tao, Z., Zeng, T., Du, X., & Lu, L. 2020. High-temperature exposure alters
the community structure and functional features of the intestinal microbiota in Shaoxing ducks (Anas
platyrhynchos). Poultry science, 99(5), 2662—-2674.

274



Tong X. et al., 2018. Impact of Cold Exposure on the Reproductive Function in Female Rats. BioMed Research
International, vol. 2018.

Townsend GE, Han W, Schwalm ND, Raghavan V, Barry NA, Goodman AL, Groisman EA. 2019. Dietary sugar
silences a colonization factor in a mammalian gut symbiont. Proc. Natl Acad. Sci. USA 116, 233-238.
doi:10.1073/pnas.1813780115

Tsetsarkin KA, Chen R, Leal G, Forrester N, Higgs S, Huang J, et al. 2011. Chikungunya virus emergence is
constrained in Asia by lineage-specific adaptive landscapes. Proc Natl Acad Sci U S A. 108: 7872-7877.
10.1073/pnas.1018344108

Turnbaugh PJ, Ridaura VK, Faith JJ, Rey FE, Knight R, Gordon JI. 2009. The effect of diet on the human gut
microbiome: a metagenomic analysis in humanized gnotobiotic mice. Sci. Transl. Med. 1, 6ra14.
doi:10.1126/scitransimed.3000322

Tyberghein, L., Verbruggen, H., Pauly, K., Troupin, C., Mineur, F. and De Clerck, O. 2012. Bio-ORACLE: a global
environmental dataset for marine species distribution modelling. Global Ecology and Biogeography, 21: 272-
281. https://doi.org/10.1111/j.1466-8238.2011.00656.x.

Valdes A M, Walter J, Segal E, Spector T D. 2018. Role of the gut microbiota in nutrition and health BMJ. 361 :k2179
doi:10.1136/bm;j.k2179.

Vale P.F. & T. J. Little. 2009. Measuring parasite fithess under genetic and thermal variation. Heredity 103:102—-109.

Vale P.F. et al. 2008. Temperature-dependent costs of parasitism and maintenance of polymorphism under genotype-
by-environment interactions. Journal of Evolutionary Biology 21:1418-1427.

van Baalen M. 1998 Coevolution of recovery ability and virulence. Proc. R. Soc. B 265, 317-325.
doi:10.1098/rspb.1998.0298

Vargas, S., Leiva, L. & Wérheide, G. 2021. Short-Term Exposure to High-Temperature Water Causes a Shift in the
Microbiome of the Common Aquarium Sponge Lendenfeldia chondrodes. Microb Ecol 81, 213-222.

Vezzulli, L., Previati, M., Pruzzo, C., Marchese, A., Bourne, D. G., Cerrano, C., & VibrioSea Consortium 2010. Vibrio
infections triggering mass mortality events in a warming Mediterranean Sea. Environmental microbiology,
12(7), 2007-2019. https://doi.org/10.1111/j.1462-2920.2010.02209.x

Viechtbauer, W. 2010. Conducting Meta-Analyses in R with the metafor Package. Journal of Statistical Software, 36(3),
1-48. https://doi.org/10.18637/jss.v036.i03.

Villordo SM, Filomatori C V, Sanchez-Vargas |, Blair CD, Gamarnik A V. 2015. Dengue Virus RNA Structure
Specialization  Facilitates Host Adaptation. Nagy PD, editor. PLoS Pathog. 11: 1-22.
10.1371/journal.ppat.1004604

Vickova K, Pafto B, Petrzelkova KJ, et al. 2018. Relationships Between Gastrointestinal Parasite Infections and the
Fecal Microbiome in Free-Ranging Western Lowland Gorillas. Front Microbiol. 9:1202.
doi:10.3389/fmicb.2018.01202

Vonaesch, P., Anderson, M., & Sansonetti, P. J. 2018. Pathogens, microbiome and the host: emergence of the
ecological Koch's postulates. FEMS microbiology reviews, 42(3), 273-292.
https://doi.org/10.1093/femsre/fuy003

Voolstra, C. R., & Ziegler, M. 2020. Adapting with Microbial Help: Microbiome Flexibility Facilitates Rapid Responses
to Environmental Change. BioEssays : news and reviews in molecular, cellular and developmental biology,
42(7), e2000004. https://doi.org/10.1002/bies.202000004

Voyles J, Young S, Berger L, et al. 2009. Pathogenesis of Chytridiomycosis, a Cause of Catastrophic Amphibian
Declines. Science 326:582. https://doi.org/10.1126/science.1176765

275



Walke JB, Becker MH, Loftus SC, et al. 2015. Community Structure and Function of Amphibian Skin Microbes: An
Experiment with Bullfrogs Exposed to a Chytrid Fungus. PL0oS One. 10(10):e0139848.
doi:10.1371/journal.pone.0139848

Wang L, Shantz AA, Payet JP, Sharpton TJ, Foster A, Burkepile DE and Vega Thurber R. 2018. Corals and Their
Microbiomes Are Differentially Affected by Exposure to Elevated Nutrients and a Natural Thermal Anomaly.
Front. Mar. Sci. 5:101. doi: 10.3389/fmars.2018.00101

Wang X., B. Tang, X. Luo, C. Ke, M. Huang, W. You, Y. Wang. 2020. Effects of temperature, diet and genotype-
induced variations on the gut microbiota of abalone. Aquaculture, 524.

Webster, N., & Reusch, T. 2017. Microbial contributions to the persistence of coral reefs. ISME J. 11, 2167-2174.
doi:10.1038/ismej.2017.66

Wei G, Lai Y, Wang G, Chen H, Li F, Wang S. 2017. Insect pathogenic fungus interacts with the gut microbiota to
accelerate mosquito mortality. Proc Natl Acad Sci U S A. 114(23):5994-5999. doi:10.1073/pnas.1703546114

Wei Guo, W. Guo, Ke Ren, K. Ren, Ruihong Ning, R. Ning, Caiwu Li, C. Li, Hemin Zhang, H. Zhang, Desheng Li, D.
Li, Lin Xu, L. Xu, Fenghui Sun, F. Sun, & Min Dai, M. Dai. 2020. Fecal microbiota transplantation provides
new insight into wildlife conservation. Global ecology and conservation, 24, e01234. doi:
10.1016/j.gecco.2020.e01234.

Weissman J. L., Holmes R., Barrangou R., Moineau S., Fagan W. F., Levin B., & Johnson P. L. 2018) Immune loss
as a driver of coexistence during host-phage coevolution. The ISME journal, 12(2), 585
10.1038/ismej.2017.194

Wekesa, V. W., Moraes, G. J., Ortega, E. M., & Delalibera, I., Jr. 2010. Effect of temperature on sporulation of
Neozygites floridana isolates from different climates and their virulence against the tomato red spider mite,
Tetranychus evansi. Journal of invertebrate pathology, 103(1), 36—-42.
https://doi.org/10.1016/j.jip.2009.10.003

Wendling, C. C., Lange, J., Liesegang, H., Sieber, M., P6hlein, A., Bunk, B., Rajkov, J., Goehlich, H., Roth, O., &
Brockhurst, M. A. 2022) Higher phage virulence accelerates the evolution of host resistance. Proceedings.
Biological sciences, 289(1984), 20221070. https://doi.org/10.1098/rspb.2022.1070

Werren J.H., et al. 2008. Wolbachia: master manipulators of invertebrate biology. Nat. Rev. Microbiol., 6 pp. 741-751

Wessels, W., Sprungala, S., Watson, S. A., Miller, D. J., & Bourne, D. G. 2017. The microbiome of the octocoral
Lobophytum pauciflorum: minor differences between sexes and resilience to short-term stress. FEMS
microbiology ecology, 93(5), 10.1093/femsec/fix013.

Wibisono P & Sun J. 2023. Pathogen infection induces specific transgenerational modifications to gene expression
and fitness in Caenorhabditis elegans. Front. Physiol. 14:1225858. doi: 10.3389/fphys.2023.1225858

Wilber MQ, Knapp RA, Toothman M, Briggs CJ. 2017. Resistance, tolerance and environmental transmission
dynamics determine host extinction risk in a load-dependent amphibian disease. Ecology Letters 20:1169—
1181. https://doi.org/10.1111/ele.12814

Williams, E. S., Yuill, T., Artois, M., Fischer, J., & Haigh, S. A. (2002). Emerging infectious diseases in wildlife. Revue
scientifique et technique (International Office of Epizootics), 21(1), 139-157.
https://doi.org/10.20506/rst.21.1.1327

Wolinska J. & King K.C. 2009. Environment can alter selection in host-parasite interactions. Trends Parasitol.
25(5):236-44.

Woodhams, D. C., Bletz, M. C., Becker, C. G., Bender, H. A., Buitrago-Rosas, D., Diebboll, H., Huynh, R., Kearns, P.
J., Kueneman, J., Kurosawa, E., LaBumbard, B. C., Lyons, C., McNally, K., Schliep, K., Shankar, N., Tokash-
Peters, A. G., Vences, M., & Whetstone, R. 2020. Host-associated microbiomes are predicted by immune

system complexity and climate. Genome Biology, 21, 23.

276



Woolhouse M.E.J., Gowtage-Sequeria S. 2005. Host range and emerging and reemerging pathogens. Emerg. Infect.
Dis. 11:1842-1847.

Wudu, K., Abegaz, A., Ayele, L. et al. 2023. The impacts of climate change on biodiversity loss and its remedial
measures using nature based conservation approach: a global perspective. Biodivers Conserv 32, 3681—
3701. https://doi.org/10.1007/s10531-023-02656-1

Xiao R, Zhang B, Dong Y, et al. 2013. A genetic program promotes C. elegans longevity at cold temperatures via a
thermosensitive TRP channel. Cell. 152(4):806-817. doi:10.1016/j.cell.2013.01.020

Yampolsky, L. Y., Schaer, T. M. M., & Ebert, D. 2014. Adaptive phenotypic plasticity and local adaptation for
temperature tolerance in freshwater zooplankton. Proceedings of the Royal Society of London B: Biological
Sciences, 281, 20132744.

Yassin, M., Ton, J., Rolfe, S. A,, Valentine, T. A., Cromey, M., Holden, N., et al. 2021. The rise, fall and resurrection
of chemical-induced resistance agents. Pest Manag Sci. 77, 3900-3909. doi: 10.1002/ps.6370

Zaccaria M, Dedrick S, Momeni B. 2017. Modeling microbial communities: a call for collaboration between
experimentalists and theorists. Processes 5, 53. doi:10.3390/pr5040053

Zaneveld JR, Burkepile DE, Shantz AA, et al. 2016. Overfishing and nutrient pollution interact with temperature to
disrupt coral reefs down to microbial scales. Nat Commun. 7:11833. doi:10.1038/ncomms 11833

Zaneveld JR, McMinds R, Vega Thurber R. 2017. Stress and stability: applying the Anna Karenina principle to animal
microbiomes. Nat Microbiol. 2:17121. doi:10.1038/nmicrobiol.2017.121

Zare, A., Johansson, A. M., Karlsson, E., Delhomme, N., & Stenberg, P. 2018. The gut microbiome participates in
transgenerational inheritance of low-temperature responses in Drosophila melanogaster. FEBS letters,
592(24), 4078-4086.

Zelezniak A, Andrejev S, Ponomarova O, Mende DR, Bork P, Patil KR. 2015. Metabolic dependencies drive species
co-occurrence in diverse microbial communities. Proc. Natl. Acad. Sci. U. S. A. 112, 6449-6454. doi:
10.1073/pnas.1421834112

Zeng, M. Y., Inohara, N. & Nufiez, G. 2017. Mechanisms of inflammation-driven bacterial dysbiosis in the gut. Mucosal
Immunol. 10, 18-26.

Zhang F, Cui B, He X, Nie Y, Wu K, Fan D, et al. 2018. Microbiota transplantation: concept, methodology and strategy
for its modernization. Protein Cell. 9(5):462-73. Epub 2018/04/25. doi: 10.1007/s13238-018-0541.

Zhang Z, Yang J, Feng Q, Chen B, Li M, Liang C, Li M, Li Z, Xu Q, Zhang L & Chen W. 2019. Compositional and
Functional Analysis of the Microbiome in Tissue and Saliva of Oral Squamous Cell Carcinoma. Front.
Microbiol. 10:1439. doi: 10.3389/fmicb.2019.01439.

Zhang, B., Xiao, R., Ronan, E. A, He, Y., Hsu, A. L., Liu, J., & Xu, X. Z. 2015. Environmental Temperature Differentially
Modulates C. elegans Longevity through a Thermosensitive TRP Channel. Cell reports, 11(9), 1414-1424.
https://doi.org/10.1016/j.celrep.2015.04.066

Zhang, F, M Berg, K Dierking, M-A Félix, M Shapira et al. 2017. Caenorhabditis elegans as a Model for Microbiome
Research. Front. Microbiol. 8: 485. 10.3389/fmicb.2017.00485

Zhang, W., Rudolf, V.H.W. & Ma, CS. 2015. Stage-specific heat effects: timing and duration of heat waves alter
demographic rates of a global insect pest. Oecologia 179, 947-957. https://doi.org/10.1007/s00442-015-
3409-0.

Zhao S, Lieberman TD, Poyet M, Kauffman KM, Gibbons SM, Groussin M, Xavier RJ, Alm EJ. 2019. Adaptive evolution
within gut microbiomes of healthy people. Cell Host Microbe 25, 656-667. doi:10.1016/j.chom.2019.03.007

Zhong, S., Ding, Y., Wang, Y. et al., 2019. Temperature and humidity index (THI)-induced rumen bacterial community
changes in goats. Appl Microbiol Biotechnol 103, 3193-3203.

277



Zhou L. et al. 2019. Histone acetylation promotes long-lasting defense responses and longevity following early life
heat stress. PLoS Genet 15(4): e1008122.

Zhu J., et al. 2023. Epigenetic and transcription factors synergistically promote the high temperature response in plants.
Trends Biochem. Sci., 48, pp. 788-800

Zhu, L., Liao, R., Wu, N., Zhu, G., & Yang, C. 2019. Heat stress mediates changes in fecal microbiome and functional
pathways of laying hens. Applied microbiology and biotechnology, 103(1), 461-472.

Ziegler M et al.. 2019. Coral bacterial community structure responds to environmental change in a host-specific
manner. Nat. Commun. 10, 1. doi:10.1038/s41467-018-07882-8

Ziegler M, Seneca FO, Yum LK, Palumbi SR, Voolstra CR. 2017. Bacterial community dynamics are linked to patterns
of coral heat tolerance. Nat. Commun. 8, 14213. doi:10.1038/ncomms 14213

Zietak, M., Kovatcheva-Datchary, P., Markiewicz, L. H., Stahiman, M., Kozak, L. P., & Béckhed, F. 2016. Altered
Microbiota Contributes to Reduced Diet-Induced Obesity upon Cold Exposure. Cell metabolism, 23(6),
1216-1223.

Zimmermann, J., Obeng, N., Yang, W. et al. The functional repertoire contained within the native microbiota of the
model nematode Caenorhabditis elegans. ISME J 14, 26-38 (2020). https://doi.org/10.1038/s41396-019-
0504-y

Zomorrodi, A. R., & Segré, D. 2016. Synthetic Ecology of Microbes: Mathematical Models and Applications. Journal
of molecular biology, 428(5 Pt B), 837-861. https://doi.org/10.1016/j.jmb.2015.10.019

278






