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Resistance, tolerance and environmental transmission dynamics
determine host extinction risk in a load-dependent amphibian
disease
Abstract
While disease-induced extinction is generally considered rare, a number of recently emerging infectious diseases with load-dependent pathology have led to extinction in wildlife populations. Transmission is a critical factor affecting disease-induced extinction, but the relative importance of
transmission compared to load-dependent host resistance and tolerance is currently unknown.
Using a combination of models and experiments on an amphibian species suffering extirpations
from the fungal pathogen Batrachochytrium dendrobatidis (Bd), we show that while transmission
from an environmental Bd reservoir increased the ability of Bd to invade an amphibian population and the extinction risk of that population, Bd-induced extinction dynamics were far more
sensitive to host resistance and tolerance than to Bd transmission. We demonstrate that this is a
general result for load-dependent pathogens, where non-linear resistance and tolerance functions
can interact such that small changes in these functions lead to drastic changes in extinction
dynamics.
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Disease-induced extinction of a host population is considered
rare (De Castro & Bolker 2005; Smith et al. 2006; McCallum
2012). This is because in many systems disease transmission is
an increasing function of the density of infected hosts (i.e.
density-dependent transmission) such that decreasing host
density reduces disease transmission and prevents diseaseinduced extinctions (McCallum & Dobson 1995; Gerber et al.
2005). Theoretical models suggest that to drive a host population extinct, a disease needs to have alternative transmission
dynamics such that declining host density does not prevent
further disease transmission (De Castro & Bolker 2005; Smith
et al. 2006; McCallum et al. 2009). For example, frequencydependent transmission, in which hosts have a density-independent number of contacts with other hosts per unit time
(McCallum et al. 2001), or abiotic/biotic reservoirs for the
pathogen are two transmission scenarios that can lead to disease-induced host extinction. In both cases, decreasing host
density does not necessarily lead to a decrease in disease
transmission. Despite the rarity of disease-induced host extinction (Smith et al. 2006), a number of wildlife diseases, such as
chytridiomycosis in amphibians, white-nose syndrome in bats,
and facial tumour disease in Tasmanian devils, have recently
been identified as the causative agents of host declines and
population extinctions (Skerratt et al. 2007; Blehert et al.
2008; McCallum et al. 2009).

While the characteristics of the transmission function in
these emerging infectious diseases may ultimately determine
whether a population experiences disease-induced extinction
(McCallum 2012), extinction dynamics will also be influenced
by how resistant (i.e. the ability of a host to reduce or eliminate a pathogen conditional on exposure; Boots et al. 2009;
Medzhitov et al. 2012) and/or tolerant (i.e. the ability of a
host to persist with a pathogen load that is typically lethal for
non-tolerant individuals; Roy & Kirchner 2000; Medzhitov
et al. 2012) a host is to the pathogen. Therefore, when managing disease-induced declines and extinctions, it may be important to manage not only for the transmission dynamics, but
also the level of host tolerance and resistance in a population
(Kilpatrick 2006; Langwig et al. 2015, 2017; Epstein et al.
2016). However, the conditions under which it might be more
effective to manage for resistance and tolerance instead of
transmission are currently unknown.
Understanding the relative importance of resistance and tolerance compared to transmission in driving extinction dynamics has important implications for managing the emerging
amphibian disease chytridiomycosis. Chytridiomycosis is
caused by the amphibian chytrid fungus Batrachochytrium
dendrobatidis (Bd) and has resulted in widespread amphibian
declines and extinctions (Daszak et al. 2003; Skerratt et al.
2007). Bd is a cutaneous fungus that disrupts the osmoregulatory ability of amphibian skin, leading to the potentially fatal
disease chytridiomycosis (Voyles et al. 2007, 2009). While a
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number of transmission-related factors, including an environmental pool of Bd zoospores and biotic reservoirs, are
hypothesised to contribute to disease-induced extinction of
amphibian populations (Rachowicz & Briggs 2007; Mitchell
et al. 2008; Briggs et al. 2010; McCallum 2012; Doddington
et al. 2013), few studies have attempted to quantify the transmission function itself (but see Rachowicz & Briggs (2007)
and Bielby et al. (2015)). Quantifying the transmission function is important when considering disease-induced extinction
because it determines the ability of a pathogen to invade a
population as well as drive a host population extinct (De Castro & Bolker 2005; Gerber et al. 2005).
In addition to the transmission function, extinction dynamics in amphibian-Bd systems also depend on the dynamics of
Bd load on an amphibian host (Briggs et al. 2010). Varying
Bd load dynamics among amphibian populations, potentially
induced by varying resistance and tolerance mechanisms, can
promote population-level persistence following epizootics
(Retallick et al. 2004; Briggs et al. 2010; Grogan et al. 2016;
Savage & Zamudio 2016). This variation in resistance and tolerance could be due to a number of different mechanisms
including innate and acquired immune responses (Ellison
et al. 2015), differences in host susceptibility (Knapp et al.
2016), variation in the amphibian microbiome (Harris et al.
2009; Jani & Briggs 2014), temperature-dependent Bd growth
(Forrest & Schlaepfer 2011; Knapp et al. 2011), and variable
virulence in Bd strains (Rosenblum et al. 2013; Jenkinson
et al. 2016). Load dynamics are important in Bd systems
because disease-induced mortality of amphibians is highly
load-dependent, with survival probability sometimes decreasing rapidly at high Bd loads (Stockwell et al. 2010; Vredenburg et al. 2010). This attribute of load-dependent survival
leads to a simple, but largely untested hypothesis in hostpathogen systems: host populations that are either able to prevent large increases in pathogen load (via resistance mechanisms) or tolerate high pathogen loads (via tolerance
mechanisms), will experience reduced disease-induced extinction risk, even when the transmission rate is high. This is a
general hypothesis for load-dependent wildlife diseases and
amphibian-Bd interactions provide an ideal system in which
to test it.
The above hypothesis can be phrased as the following question: How important is transmission compared to host tolerance and resistance for mitigating disease-induced extinction?
Answering this question requires quantifying the transmission
function, something rarely done in amphibian-Bd systems
(Kilpatrick et al. 2010). Moreover, understanding the role of
this transmission function in the ability of Bd to invade an
amphibian population will be important for accurately understanding any subsequent Bd-induced extinctions (Gerber et al.
2005). Therefore, we also ask two additional questions: What
is the nature of the transmission function in amphibian-Bd
systems? How does this transmission function affect the ability of Bd to invade an amphibian population? We use a combination of experiments and dynamical models to show that
empirical patterns of Bd transmission are best modelled using
an environmental Bd pool and that this pool significantly
increases the ability of Bd to invade a population and the
population-level extinction risk. However, despite this large
© 2017 John Wiley & Sons Ltd/CNRS
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effect of the environmental pool, we show that host resistance
and tolerance are far more influential on Bd-induced extinction dynamics than transmission. This is likely a general property of load-dependent diseases in which non-linear resistance
and/or tolerance functions interact such that managing for
resistance and tolerance can more effectively mitigate diseaseinduced extinction than managing for transmission.
METHODS

To answer the questions posed above, we focused on Bdinduced extinction dynamics in the mountain yellow-legged
frog complex (Rana muscosa and Rana sierrae, henceforth R.
muscosa). R. muscosa are native to California’s Sierra Nevada
mountains and have experienced significant Bd-induced population declines and extinctions over the last four decades
(Briggs et al. 2005; Vredenburg et al. 2010; Briggs et al. 2010;
Knapp et al. 2016). Using this host-parasite system, the Methods section is organised as follows.
First, we used a laboratory experiment to quantify the wellknown importance of temperature-dependent Bd growth
dynamics on R. muscosa (Andre et al. 2008; Wilber et al.
2016). Second, we used a mesocosm experiment to quantify
the nature of the transmission function in the R. muscosa-Bd
system, testing for both density-dependent transmission, frequency-dependent transmission, and transmission from an
environmental zoospore pool. Third, we used the results from
these experiments to build a discrete-time, host-parasite Integral Projection Model (IPM) and derived R0 with an environmental zoospore pool. We used this result to explore the
effects of the zoospore pool on Bd invasion. Finally, to
answer our primary question regarding the relative importance of transmission compared to resistance and tolerance on
extinction risk, we extended our model to consist of a withinyear component in which Bd transmission and disease-induced
amphibian mortality occurred and a between-year component
in which R. muscosa demographic transitions occurred
(Fig. 1). Using this hybrid model, we explored the sensitivity
of Bd-induced extinction to transmission, resistance and tolerance.
Laboratory and mesocosm experiments

We used laboratory and mesocosm experiments to quantify
the temperature-dependent load dynamics and the transmission dynamics in the R. muscosa-Bd system. The laboratory
experiment is fully described in Wilber et al. (2016) and consisted of 15 adult frogs housed at three different temperatures
(4, 12, 20 ∘C; 5 frogs per temperature). Wilber et al. (2016)
used this experiment to parameterise four functions relating to
Bd load dynamics: a load-dependent host survival function
and a temperature-dependent Bd growth function, loss of
infection
function,
and
initial
infection
function
(Appendix Fig. S1, see Table 1 for function descriptions).
To quantify the nature of the transmission function in this
system, we performed a mesocosm experiment that consisted
of four different density treatments: 1, 4, 8 and 16 uninfected
adult frogs per mesocosm (volume  1 m3). Each treatment
was replicated four times for a total of 16 mesocosms (see
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Figure 1 (a) Diagram showing the temporal dynamics of the hybrid model of R. muscosa-Bd. Reproduction and demographic transitions occur once a year

in the spring (red dot and (c).). Disease dynamics are temperature-dependent and are updated every 3 days (vertical dashes and (b).) over the course of the
entire year. (b) The within-season dynamics of R. muscosa and Bd. (c) The between season demography of R. muscosa. Note that survival probability of
susceptible adults (SA), infected adults (IA) and Bd zoospores in the environmental pool (Z) is one because their survival probabilities are already
accounted for in the within-season model. (d) Representative trajectories of adult, tadpole and zoospore pool population sizes from the hybrid model with
a density-dependent transmission function and infection from a dynamic zoospore pool. Five stochastic trajectories are shown from the hybrid model
(coloured lines). The mean ln Bd load, conditional on infection, is also shown. Gaps in trajectories for the mean ln Bd load indicate that no infected
individuals were in the population at those time points.

Appendix S1). In addition to the uninfected adults, each
mesocosm started with five infected tadpoles, which could
release Bd zoospores into the environment and subsequently
infected adults. All of the adults in a mesocosm were uniquely
identifiable by pit tags, but the five tadpoles were not. The
experiment ran for 74 days and every 4–8 days all adults and
tadpoles in a mesocosm were swabbed and the zoospore load
on each was determined using quantitative PCR (Boyle et al.
2004). Frogs and tadpoles within a mesocosm were always
swabbed on the same day.
To estimate the transmission function, we measured the
load transitions on all adult frogs from time t to t + Dt over
the first 32 days of the experiment (Dt = 4–8 days depending

on the time between swabs in the experiment). We only used
the first 32 days of the experiment as after this time point all
amphibians experienced an unexplained decline in zoospore
loads (see Appendix Fig. S2). However, because the load trajectories over these first 32 days were consistent with other
experiments (e.g. Wilber et al. 2016) and transitions from
uninfected to infected tended to occur before day 32, we felt
confident in estimating transmission dynamics from only the
first 32 days. Moreover, we replicated the experiment in silico
to demonstrate that we could recover known transmission
functions over the first 32 days of the experiment
(Appendix S1). As transmission is the probability of an uninfected individual gaining an infection in a time step, we only
© 2017 John Wiley & Sons Ltd/CNRS

See Table 2

Yearly survival from Briggs et al. (2005)
converted to a three day time scale
Cubic smoothing spline based on data from
Woodhams et al. (2008) Appendix Fig. S1e.
Likely a conservative estimate of how infected
adults contribute to the zoospore pool
Mean zoospore load of tadpoles in mesocosm
experiment described in text
Yearly survival from Briggs et al. (2005)
converted to a three day time scale
Briggs et al. (2005)

b0,1 = 0.012; b1,1 = 0.799; b2,1 = 0.092;
m0,1 = 5.92; c0,1 = 0.049
b0,2 = 1.213; b1,2 = 0.472; b2,2 = 0.151
b0,3 = 0.642; b1,3 = 0.137; m0,3 = 0.59;
c0,3 = 0.063

See Table 2

s0 = 0.999
Non-parametric
lA = 1
lTi ¼ 1487:036

l(x,T) = b0,1 + b1,1x + b2,1T
r2(x) = m0,1 exp (2c0,1x)
logit[l(x,T)] = b0,2 + b1,2x + b2,2T

© 2017 John Wiley & Sons Ltd/CNRS
l(T) = b0,3+b1,3T
r2(T) = m0,3 exp (2c0,3T)

Functional forms vary

Constant
m = f(T)
Constant
Constant

Briggs et al. (2005)
Leads to realistic population-level growth rate
of λ growth rate1.46 in the disease-free, densityindependent model (Briggs et al. 2005)
Leads to equilibrium adult densities between 1015 adults per m3 in disease-free model

pT1 ¼ 1; pT2 ¼ 0:5; pT3 ¼ 0
mT1 ¼ 0:9; mT2 ¼ 0:9; mT3 ¼ 1:0
pA = 0.25
λ(x) = λ0 = λ = 50

Constant
Constant
Constant
Constant

Constant

Carrying capacity parameter, K

All b and c parameters had a Normal prior with mean 0 and standard deviation 5. All m parameters had a half-Cauchy prior from 0 to ∞ with scale parameter 1. For all statistical models, convergence was assessed using traceplots and ensuring that the Gelman-Rubin statistic was < 1.05 (Gelman et al. 2014). logit specifies a logistic link, x is ln zoospore load, and T is temperature.
All probabilities are over a three day time step.

K=5

Briggs et al. (2005)

sT1 ¼ 0:987; sT2 ¼ 0:997; sT3 ¼ 0:997

Constant

Probability of tadpole i surviving a three
day time step
Probability of tadpole i not
metamorphosing, pTi
Probability of tadpole i surviving
metamorphosis, mTi
Probability of adult reproducing, pA
Mean adult reproductive output, λ

Likelihood Normal(l(T),r2(T))
Appendix Fig. S1d.

Likelihood Bernoulli(l(x,T)) Appendix Fig. S1c.

Likelihood Normal(l(x,T),r2(x))
Appendix Fig. S1a.

Likelihood Bernoulli(s(x)), x was z-transformed
Appendix Fig. S1b.

b0,0 = 5.295; b1,0 = 2.595

logit[s(x)] = b0,0 + b1,0x

Infected survival function, s(x):
Probability of host survival from t to
t + 1 with load x
0
Growth function, G(x ,x): Probability
density of host transitioning from load
0
x to load x at time t + 1
Loss of infection function, l(x): The
probability of host having infection of
load x at t and losing it by t + 1
0
Initial infection burden function, G0(x ):
Probability density of being uninfected
0
at t and gaining an infection of x at
t+1
Transmission function, /: The
probability of an uninfected host
gaining an infection at time t + 1
Uninfected adult survival probability
over three day time step, s0
Temperature-dependent zoospore
survival probability, m
Proportion of zoospores contributed to
Z by infected adult
Mean tadpole zoospore load, lTi

Details of parameterisation

Parameters

Functional form

Description

Table 1 Parameters used in the Rana muscosa-Bd hybrid model
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included transitions where Bd load was 0 at time t (n = 333).
If the load at time t + Dt was positive we assigned this data
point a value of 1 (infected) and if the load was still zero we
assigned it a value of 0 (uninfected).
Uninfected frogs can acquire Bd infection through contact
with other infected frogs and through contact with zoospores
in an environmental Bd pool (Courtois et al. 2017). To
account for these different pathways, we fit two sets of transmission models to the data. The first set of models assumed a
constant level of infection from the zoospore pool and either
density-dependent or frequency-dependent transmission from
conspecifics (Table 2). The second set of models allowed
transmission to be a function of how many zoospores
were in the zoospore pool at time t in addition to either
density-dependent or frequency-dependent transmission. In
Appendix S1, we describe how we defined and fit our transmission models with a dynamic zoospore pool. In short, we
used the transmission function /(t) = 1 exp (K(Z(t), I(t))
Dt) and allowed for the zoospore pool Z(t) at time t to be an
unobserved, dynamic variable that lost zoospores due to environmental decay and gained zoospores due to production
from infected adults and tadpoles at every time step. I(t) is
the number of infected adults at time t. Table 2 gives the
transmission functions and the resulting fits to the data from
the mesocosm experiment.
The host-parasite IPM and R0

The host-parasite IPM
Using the aforementioned laboratory and mesocosm experiments, we parameterised a host-parasite Integral Projection
Model (IPM) where Bd load on an individual frog was the continuous trait being modelled (Fig. 1b; Metcalf et al. 2015; Wilber et al. 2016). Bd load on a frog is estimated as the number of
copies of Bd DNA detected on standardised skin swabs via
quantitative PCR (Boyle et al. 2004) and provides a continuous
measure of infection intensity between 0 (uninfected) and an
arbitrarily large Bd infection. The IPM is a discrete time model
and here a single time step is three days. This time step is on the
same scale as the generation of time of Bd, which ranges
between 4–10 days depending on temperature (Piotrowski et al.
2004; Woodhams et al. 2008). We used the discrete-time IPM
because it is easily parameterised from laboratory data which is
collected at discrete time intervals.
This IPM tracks two discrete stages at time t: the density of
susceptible adults SA(t) in the population and the density of
zoospores in the environment Z(t). This model also tracks a
continuous,
infected stage IA(x, t) where x is ln Bd load and
R Ux
I
ðx;
tÞdx
gives the density of adult frogs with a ln Bd
A
Lx
load between a lower bound Lx and an upper bound Ux at
time t. This continuous, infected stage tracks the distribution
of Bd loads at any time t in the population.
Considering these discrete and continuous stages, the
amphibian-Bd IPM can be written as follows (Fig. 1b)
Z Ux
IA ðx; tÞsðxÞlðxÞdx
ð1Þ
SA ðt þ 1Þ ¼ SA ðtÞs0 ð1  /Þ þ
Lx

IA ðx0 ; t þ 1Þ ¼

Z

Ux

IA ðx; tÞsðxÞð1  lðxÞÞGðx0 ; xÞdx

Lx

ð2Þ
þ SA ðtÞs0 /G0 ðx0 Þ
Z Ux
Zðt þ 1Þ ¼ ZðtÞm þ lA
expðxÞIA ðx; tÞdx  wðSA ðtÞ; ZðtÞÞ
Lx

ð3Þ
SA(t + 1) describes the density of susceptible adults at time
t + 1 and is determined by the number of adults that survive
and do not become infected in a time step (first term in eqn 1)
and the number of infected adults that survive and lose their
0
infection in a time step (second term in eqn 1). IA(x ,t + 1)
0
describes the density of infected adults with a ln Bd load x at
time t + 1 and is determined by infected adults who survive
with load x, do not lose their load x, and experience a change
0
in load from x to x in a time step (first term in eqn 2) and
from uninfected adults who survive, become infected, and
0
gain an initial Bd load of x in a time step (second term in
eqn 2). The vital rate functions contained in eqns 1–3 are
described in Fig. 1b and Table 1.
The equation Z(t + 1) gives the density of zoospores in the
zoospore pool at time t + 1. Z(t + 1) depends on three distinct terms: the survival probability of the zoospores in the
environment from time t to t + 1 (m), contribution of zoospores from infected adults where lA is the proportion of total
zoospores on adults contributed to the zoospore pool over a
time step, and removal of zoospores from the zoospore pool
by frogs transitioning from uninfected to infected. This
removal term w(SA(t),Z(t)) had very little effect on the
dynamics of the system and we do not consider it further.
Based on the laboratory experiment described above and
known Bd life history (Woodhams et al. 2008), we allowed
various vital rate functions to be temperature-dependent (e.g.
the
survival
of
free-living
zoospores,
Table
1,
Appendix Fig. S1).
R0 with an environmental reservoir
Using the IPM described in eqns 1–3, we calculated R0 to
quantify how temperature and the transmission dynamics
affected the ability of Bd to invade a R. muscosa population –
a necessary condition for Bd-induced population declines and
extinction. R0 describes the average number of secondary
infections produced over the lifetime of an average infected
agent (Diekmann et al. 1990; Dietz 1993). When R0 ≤1, a
pathogen cannot invade a fully susceptible host population.
When R0>1, a pathogen can invade a fully susceptible host
population with probability 1(1/R0) (Gerber et al. 2005;
Allen 2015).
In Appendix S2 we show that, consistent with continuoustime disease models (Rohani et al. 2009), R0 for discrete-time
IPMs with an environmental reservoir is composed of transmission from host contact and the environment. We use this
result in combination with our fully parameterised host-parasite IPM to calculate the temperature-dependent R0 for R.
muscosa-Bd systems with and without infection from the environmental zoospore pool.

© 2017 John Wiley & Sons Ltd/CNRS
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The hybrid model

The model described by eqns 1–3 is sufficient to describe the
dynamics of an initial epizootic, but to examine Bd-induced
extinction dynamics in R. muscosa populations a number of
additions need to be made. We briefly describe the hybrid
model that accounts for the within-year Bd dynamics as well
as the between year demography of R. muscosa. Fig. 1 gives a
visual representation of the hybrid model and Appendix S3
gives a full description.
The within-year component (Fig. 1b.), is identical to the
IPM given in eqns 1–3 with the addition of three tadpole
stages. The tadpole stage of R. muscosa is likely important in
generating enzootic dynamics in R. muscosa populations
(Briggs et al. 2005, 2010). We assumed all tadpoles were
immediately infected with Bd and had a constant mean contribution to the zoospore pool (Table 1). This is justified by the
observation that most tadpoles in R. muscosa populations
carry high fungal loads, even in enzootic populations (Briggs
et al. 2010). R. muscosa tadpole survival is not affected by Bd
infection. Therefore, the within-season dynamics of the tadpole stages were simply given by the probability of a tadpole
surviving from time t to t + 1. Infected tadpoles also contributed to the zoospore pool at each time step (Fig. 1b).
R. muscosa populations also experience seasonal temperature fluctuations in which winter lake temperatures drop to c.
4 ∘C in the winter (in the unfrozen portion of a lake where the
frogs overwinter) and reach c.20 ∘C in the summer (Knapp
et al. 2011). We accounted for this seasonal variability by
imposing a deterministically fluctuating environment on the
R. muscosa-Bd IPM (Fig. 1a). At each discrete time point
within a season, a new temperature was calculated and the
temperature-dependent vital rate functions were updated
accordingly.
The between-year component of the hybrid model
accounted for yearly maturation and metamorphosis of the
tadpole stages as well as reproduction of adults (Fig. 1c). We
assumed that the recruitment of metamorphed tadpoles into
the adult stage was density-dependent and that all tadpoles
entered the adult stage as uninfected (i.e. all individuals are
infected as tadpoles, but lose their infection at metamorphosis,
Briggs et al. 2010). Because we have no empirical evidence for
Bd-induced fertility reduction in R. muscosa, we assumed that
reproduction in uninfected and infected adults was the same.
Simulating the hybrid model

After parameterising the hybrid model using the above experiments, we used the model to make predictions about the
probability of disease-induced host extinctions. Because demographic stochasticity is important when predicting extinction
for small populations (Lande et al. 2003), we included it into
the hybrid model (Caswell 2001; Schreiber & Ross 2016). To
do this, we first discretised the within-season IPM using the
mid-point rule and 30 mesh points (Easterling et al. 2000) and
then determined the transition of an individual frog or zoospore to another state (including death) as a draw from a
multinomial distribution with probabilities given by the discretised hybrid model at that time step (Appendix S4). In
© 2017 John Wiley & Sons Ltd/CNRS
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addition, we assumed that both the production of tadpoles
that occurs once a year in the spring and the number of zoospores shed into the zoospore pool at each time step followed
a Poisson distribution (Appendix S4).
To answer our question regarding the importance of transmission, resistance, and tolerance on Bd-induced extinction,
we performed two analyses. First, we examined how different
transmission functions parameterised from our mesocosm
experiment affected extinction risk. Using the three transmission functions with a dynamic zoospore pool described in
Table 2 and the parameter values given in Table 1, we performed 500 stochastic simulations of the hybrid model to generate time-dependent extinction curves over a 25 year period.
All simulations were started with 10 uninfected adult frogs,
85 year-one tadpoles (T1 ), 12 year-two tadpoles (T2 ), and 3
year-three tadpoles (T3 ). The relative proportions of adult
frogs and tadpoles were assigned based on the stable stage
distribution in the Bd-free model. While the initial conditions
necessarily affect the absolute time to extinction, they do not
affect the shapes of the extinction curves for different transmission functions relative to each other. All simulations
started in the winter at 4 ∘C, with reproduction occurring in
the first spring at 12 ∘C (Fig. 1a). Given our analysis of R0
in the previous section, we assumed that Bd could invade
with a probability of one, such that tadpoles were immediately infected with Bd and began contributing to the zoospore
pool Z(t) (see Appendix S4). For each simulation, we calculated time-dependent extinction curves as the mean probability of going extinct in a given time step over all 500
simulations.
Second, we performed a sensitivity analysis on the
hybrid model to assess the relative importance of transmission compared to resistance and tolerance. Transmission
was determined by the parameters in the transmission
function /, resistance was determined by the parameters in
0
the growth function G(x ,x), the loss of infection function l
0
(x), and the initial infection burden function G0(x ), and
tolerance was determined by the parameters in the survival
function s(x). To perform the sensitivity analysis, we ran
1000 simulations using the parameter values given in
Table 1 and the initial conditions described above. For
each simulation we recorded whether or not a R. muscosa
population went extinct in ≤ 8 years, as this was where
extinction probability was c.50% with the default parameter values.
On each run of the simulation we perturbed sixteen
lower-level transmission, resistance and tolerance parameters by, for each parameter, drawing a random number
from a lognormal distribution with median 1 and dispersion parameter rsensitivity = 0.3 and multiplying the given
parameter by this random number (Sobie 2009). Our
results were robust to our choice of r and our method of
perturbation (Appendix Fig. S3). For each simulation, we
saved the perturbed parameter values and stored them in a
1000 by 16 parameter matrix. Upon completion of the
simulation, we used both regularised logistic regression and
a Random Forest classifier in which our response variable
was whether or not a given simulation went extinct and
our predictor variables were the scaled (i.e. z-transformed)
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matrix of perturbed predictors (Harper et al. 2011; Pedregosa et al. 2011; Lee et al. 2013). Using this approach, we
could then identify the relative importance of each parameter in the vital rate functions in predicting whether or not
extinction occurred (Sobie 2009). Moreover, we also built
a pruned regression tree to visualise the interactive effects
of transmission, resistance, and tolerance parameters on
host extinction risk (Harper et al. 2011). All the code necessary to replicate the analyses is provided at https://
github.com/mqwilber/host_extinction.

RESULTS

Question 1: What is the structure of the transmission function?

Accounting for the dynamics of the environmental zoospore
pool resulted in significantly better transmission models
compared to those that did not. The transmission model
with density-dependent host to host transmission as well as
transmission from a dynamic zoospore pool was a better
model than all other transmission models considered
(Table 2). In addition to being a better model in terms of
WAIC, the density-dependent transmission model also captured the marginal pattern of increasing probability of
infection with increasing density of infected hosts
(Appendix Fig. S4).
Question 2: How does the transmission function affect the ability of
Bd to invade?

Using the temperature-dependent vital rate functions
described in Table 1 and the best-fitting density-dependent
transmission function with an environmental zoospore pool
(Table 2), we examined how host density and temperature
affected the ability of Bd to invade a R. muscosa population.
When transmission was density-dependent, but did not
depend on the environmental zoospore pool, Bd was able to
invade R. muscosa populations over a large range of densities
and temperatures, though there was a slight protective effect
of low temperatures and low densities (Fig. 2a). Including
transmission from the environmental zoospore pool substantially increased the region in which Bd could invade and invasion was highly probable for most temperatures and host
densities (Fig. 2b and c).

Question 3: How sensitive is disease-induced extinction to
transmission, resistance and tolerance?

The time-dependent probability of extinction was similar
between the three transmission functions that included a
dynamic zoospore pool (Appendix Fig. S5, Table 2). The similarity between these curves was due to the overwhelming
influence of the infection probability from the zoospore pool,
which swamped out the well-known differences between frequency-dependent and density-dependent transmission functions. Drastically decreasing zoospore survival probability
below what has been observed in laboratory experiments
(Woodhams et al. 2008), led to an expected reduction in
extinction risk as the transmission probability then declined
with decreasing host density (given density-dependent transmission, Appendix Fig. S5).
A sensitivity analysis of Bd-induced host extinction to
transmission, host resistance, and host tolerance showed
that, regardless of the transmission function used, R. muscosa extinction was more sensitive to the parameters relating
to host resistance and tolerance than to parameters relating
to transmission (Fig. 3). In particular, the most important
parameter across all transmission functions was the slope of
the growth function b1,1, which is a parameter affecting host
resistance. For a given temperature, the logistic regression
analysis showed that decreasing this parameter, which
roughly corresponds to decreasing the mean Bd load on a
host for a given temperature, decreased the probability of
disease-induced extinction for all transmission functions
(Fig. 3a–c). Bd-induced R. muscosa extinction was also sensitive to the parameters of the survival function, particularly
the intercept of the survival function b0,0. This parameter
can be thought of as the threshold at which Bd-induced
mortality begins to occur given a fixed slope in the survival
function. The logistic regression analysis showed that
increasing this parameter, which corresponds to increasing
the threshold at which R. muscosa begins to suffer loaddependent Bd mortality, decreased the probability of extinction (Fig. 3a–c).
Resistance and tolerance parameters also showed significant
interactions when affecting host extinction risk. Random forests and pruned regression trees showed the importance of the
slope of the growth function as well as the importance of
the interaction between this parameter and the intercept of

Table 2 The results of fitting transmission functions of the form /=1 exp (K) to the R. muscosa-Bd mesocosm experiment. I is the total number of
infected adults in a mesocosm at the beginning of a time interval, A is the total number of adults in a tank, Z is the number of zoospores in the mesocosm
at the beginning of the time interval as estimated from a latent zoospore pool model (Appendix S1), and Dt is the time between swabbing events in the
experiment (between 4 and 8 days). All b parameters had a half-Cauchy prior from 0 to ∞ with scale parameter equal to 1. Models with lower WAICs
and higher weights are better models. The bold value indicates the lowest WAIC.

Name

Function

Parameters

Constant zoospore pool
Density-dependent w/ constant zoospore pool
Frequency-dependent w/ constant zoospore pool
Dynamic zoospore pool
Density-dependent w/ dynamic zoospore pool
Frequency-dependent w/ dynamic zoospore pool

K
K
K
K
K
K

b0
b0
b0
b0
b0
b0

= (b0)Dt
= (b0+b1I)Dt
¼ ðb0 þ b1 AI ÞDt
= (b0 ln (Z + 1))Dt
= (b0 ln (Z + 1)+b1I)Dt
¼ ðb0 lnðZ þ 1Þ þ b1 AI ÞDt

=
=
=
=
=
=

8.07
4.18
4.28
1.09
5.29
5.77

9
9
9
9
9
9

WAIC (weight)
102 day1
102, b1 = 5.25 9 102
102, b1 = 0.551
102
103, b1 = 7.52 9 102
103, b1 = 0.627

401.1 (0)
336.7 (0)
336.6 (0)
345.32 (0)
301.18 (0.99)
311.06 (0.01)
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Figure 2 R0 and the invasion probability of Bd (1  R10 ) for different temperatures and host densities with and without an environmental zoospore pool.
This calculation of R0 uses the parameters given in Table 1 and the ‘Density dependent w/ dynamic zoospore pool’ transmission function in Table 2. While
R0 will inevitably decrease without transmission from a zoospore pool (i.e. when b0=0; see Appendix S2), the magnitude of that decrease depends on the
estimated transmission coefficient from the zoospore pool. (a) Gives the invasion probability of Bd. The dashed, vertical lines in a. correspond to the
curves shown in (b), where ln (R0) is plotted against initial adult density when temperature is 15 ∘C. The solid, horizontal lines in a. correspond to the
curves shown in (c) where ln (R0) is plotted against temperature when initial adult density is four adults per m3. The grey regions give the 95% credible
intervals. The dashed lines in (b) and (c) correspond to R0 = 1 (ln (R0) = 0), below which Bd cannot invade.

the survival function (a tolerance parameter) and the temperature-dependency in the growth function (a resistance parameter) (Fig. 3a–c; Appendix Fig. S6a–c).
DISCUSSION

Wildlife conservation in the face of disease emphasises the
importance of the transmission function in extinction risk
(McCallum 2012). This is a reasonable emphasis as the transmission function is ultimately the most important aspect of
disease-induced extinction: if a host does not get infected with
a disease it will not suffer disease-induced mortality. In
amphibian-Bd systems it has been hypothesised that both
amphibian density and an environmental pool of zoospores
can affect transmission (Rachowicz & Briggs 2007; Briggs
et al. 2010; Courtois et al. 2017), but the nature of this transmission has rarely been quantified. We experimentally quantified the transmission function in the R. muscosa-Bd system
and used these results, in combination with a dynamic model,
to predict how the environmental zoospore reservoir affected
the ability of Bd to invade an amphibian population. Consistent with previous theory (Godfray et al. 1999; Rohani et al.
2009), we found that including an environmental zoospore
pool substantially increased R0 for R. muscosa-Bd systems,
© 2017 John Wiley & Sons Ltd/CNRS

such that Bd was able to invade a R. muscosa population for
most realistic temperatures and host densities. To the best of
our knowledge, this is the first estimation of R0 in an amphibian-Bd system (but see Woodhams et al. 2011, for a discussion of R0 in amphibian-Bd systems), and the large value of
R0 across all temperatures and densities is consistent with field
observations that temperature and density have little protective effect in the R. muscosa/sierrae system (Knapp et al.
2011, R. A. Knapp et al., unpublished). These results suggest
that attempting to prevent Bd invasion into a system may be
largely futile and management should be focused on mitigating post-invasion Bd impacts (Langwig et al. 2015).
Conditional on Bd invasion, we used our parameterised
model to explore the importance of the transmission function
on Bd-induced amphibian extinction and found that the
extinction dynamics were similar between all transmission
models with a dynamic zoospore pool. This was due to the
large number of zoospores shed by infected amphibians combined with the laboratory-estimated decay rate of zoospores
outside the host, leading to a zoospore pool that remained
large even for rapidly declining host populations (Fig. 1d).
Only considering this result, we would then expect R. muscosa
populations to be at substantial risk of disease-induced extinction given that the persisting zoospore pool prevents a
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(a)

(b)

(c)

Tolerance
parameters

Resistance
parameters

Transmission
parameters

Figure 3 (a–c) The sensitivity of R. muscosa extinction probability to parameters dictating transmission, resistance and tolerance of Bd for the three
transmission functions used in the hybrid model. The dark grey bars give the weights of the various parameters when logistic regression is used to classify
whether or not a simulation trajectory experienced extinction. The absolute height of the bar shows the relative importance of that parameter and the
0
direction specifies what happens to the extinction probability when that parameter is increased. For example, increasing the G(x ,x) parameter b1,1 increases
the probability of extinction. The light grey bars give the relative importances of each parameter in predicting the extinction of a simulation when a
Random Forest classifier was used to account the interactions between parameters on extinction probability. These values are all between zero and one and
the height of a bar indicates the relative importance of a transmission, resistance, or tolerance parameter.

decrease in transmission rate with declining host density
(Anderson & May 1981; Godfray et al. 1999; De Castro &
Bolker 2005). This finding is consistent with a number of
other studies that have found that the dynamics of the Bd
zoospore pool are critical for determining Bd-induced
amphibian extinctions (Mitchell et al. 2008; Briggs et al. 2010;
Doddington et al. 2013). If abiotic or biotic factors such as
temperature, stream flow, water chemistry, and/or zoospore
consumption by aquatic organisms are able to substantially
increase zoospore death rate beyond the values seen in the lab
(Tunstall 2012; Strauss & Smith 2013; Venesky et al. 2013;
Heard et al. 2014; Schmeller et al. 2014), then we might
expect a reduction, though not an elimination, of Bd invasion
probability and amphibian extinction risk.
However, considering only the transmission function
ignores the fact that, conditional on infection, increasing
resistance or tolerance to a disease can also reduce diseaseinduced mortality and thus provide alternative mechanisms
by which to manage disease-induced extinction risk (Kilpatrick 2006; Vander Wal et al. 2014; Langwig et al. 2015).
Using our model, we found that Bd-induced extinction risk
was far more sensitive to host resistance and tolerance than
to the transmission dynamics of Bd. In particular, extinction
risk of R. muscosa populations was most sensitive to the vital

rate functions dictating the growth rate of Bd on a host, the
load-dependent survival probability, and the interaction
between these two functions.
This result highlights the importance of accounting for the
load-dependent nature of vital rate functions when considering extinction risk in load-dependent diseases such as chytridiomycosis. In this study, consistent with results observed in
the field (Vredenburg et al. 2010), the survival function of Bd
was strongly non-linear such that above 9 ln zoospores
=8103 zoospores the survival probability of R. muscosa
rapidly declined (Appendix Fig. S1b). When the survival
function is load-dependent and highly non-linear, as observed
in some amphibian-Bd systems (Stockwell et al. 2010; Vredenburg et al. 2010, but see Clare et al. 2016), small changes
in host resistance or tolerance can lead to abrupt changes in
survival probability. In particular, non-linearities in the survival function (i.e. tolerance) need to be considered in the
context of the shape of the growth function (i.e. resistance) of
a parasite on its host.
To illustrate the generality of this result, consider the following graphical argument. Take a pathogen growth function
0
(G(x , x)) that predicts a static mean pathogen load near the
threshold at which the survival function predicts a drastic
decrease in survival probability (Fig. 4, i.e. a non-linear dose© 2017 John Wiley & Sons Ltd/CNRS
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Figure 4 The interaction between the growth function determining host
resistance (blue lines) and the survival function determining host tolerance
(red lines) has large impacts on host survival probability. The solid blue
lines of different shades give three different growth functions that describe
how Bd load changes from time step t to time step t + 1. The growth
functions have different slopes representing different levels of resistance.
When one of the growth functions crosses the dashed 1:1 line, this
indicates that the Bd load at time t will be the same as the Bd load at
time t + 1 (i.e. stasis). The red lines of different colours specify different
survival functions with different levels of tolerance. The corresponding
blue coloured circle on one of the red survival curves gives the probability
of a host surviving a time step with the given Bd load at stasis. Each red
survival curve has three different blue dots for each of the three growth
functions. Because of the strong non-linearity of the survival function,
changes in the Bd load at stasis can lead to disproportionate changes in
survival probability. However, the direction and magnitude of these
changes depends on the degree of tolerance represented in the survival
curve.

response curve; Dwyer et al. 1997; Handel & Rohani 2015;
Louie et al. 2016). Slightly shifting the slope (or the intercept)
of the growth function (i.e. changing resistance) up or down
will increase or decrease the static mean pathogen load and
move a host into the region of the survival curve where either
mortality or survival is almost certain (Fig. 4). Similarly, holding the growth function constant and altering the survival function (i.e. changing tolerance) will change how close the static
mean pathogen load is to the survival function threshold
(Fig. 4). This suggests that identifying how the growth function
of a pathogen changes in resistant host populations, whether by
decreasing the slope, decreasing the intercept or by transitioning from a linear to a non-linear function (Langwig et al. 2017),
is important for understanding the sensitivity of extinction risk
to both the growth function (resistance) and the survival function (tolerance). Identifying whether or not a disease system
shows this strong interaction between resistance and tolerance
can help determine whether disease mitigation should focus on
reducing parasite loads via strategies such as inducing acquired
immunity, microbial treatments, or selecting for resistance
(Harris et al. 2009; Langwig et al. 2015) or decreasing parasite
transmission via strategies such as culling and/or treating the
disease reservoir (Cleaveland et al. 2001).
The importance of host resistance and tolerance for our
model’s predictions of disease-induced extinction indicates
that these host strategies could promote population persistence in R. muscosa-Bd populations, as they have in other
© 2017 John Wiley & Sons Ltd/CNRS
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species of amphibians suffering from chytridiomycosis, bats
suffering from white-nose syndrome, and Tasmanian devils
suffering from facial tumour disease (Hoyt et al. 2016; Savage
& Zamudio 2016; Epstein et al. 2016; Langwig et al. 2017). In
fact, a recent study showed that many populations of R. sierrae that experienced Bd-induced population declines over the
last four decades are recovering in the presence of Bd, but
with reduced Bd loads relative to naive populations (Knapp
et al. 2016). This result is consistent with resistance mechanisms reducing Bd load and thus increasing host survival
probability. While changes in resistance mechanisms, and not
tolerance mechanisms, are putatively responsible for persistence in a number of load-dependent diseases (Savage &
Zamudio 2011; Epstein et al. 2016; Langwig et al. 2017), our
results show that the shape of the tolerance function is critical
for understanding the effects of resistance on host persistence
(Fig. 4). An important future direction will be to explore how
heterogeneities in host resistance, tolerance, and/or transmission functions can promote host persistence (Boots et al.
2009; Langwig et al. 2015; Brunner et al. 2017).
While our study suggests that an interaction between resistance and tolerance promotes population persistence in R.
musocsa-Bd populations, additional mechanisms that we do not
consider here are likely important in other amphibian-Bd systems. For example, laboratory studies have shown that Bd can
evolve increased or reduced virulence in as few as 50 generations (less than one year, Langhammer et al. 2013; Voyles et al.
2014; Refsnider et al. 2015). If Bd virulence attenuates over the
course of an epizootic, these changes could augment host persistence, without any changes in host resistance or tolerance. In
reality, the evolution of both the pathogen and the host affects
population persistence (Vander Wal et al. 2014) and developing
load-dependent models that incorporate both of these processes
is an open challenge in wildlife epidemiology.
The emergence of a number of diseases of conservation concern have highlighted the importance of considering diseaseinduced extinction in the context of load-dependent parasite
dynamics. We show that simultaneously considering transmission, resistance, and tolerance, in conjunction with loaddependent dynamics, provides novel insight regarding how to
best manage emerging infectious diseases.
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Appendices

2

1

The mesocosm experiment and the latent zoospore pool
transmission model

3

4

1.1

The mesocosm experiment

5

We performed an outdoor mesocosm experiment in summer 2008 to determine if adult frog den-

6

sity influenced Bd infection prevalence and the rate of increase in the fungal load on individuals

7

through time in Sierra Nevada yellow legged frogs, Rana sierrae. The experiment was performed

8

in four 1.2 m wide x 4.8 m long x 1.2 m deep concrete channels at the Sierra Nevada Aquatic

9

Research Laboratory (University of California Natural Reserve System, Mammoth Lakes, CA,

10

N37.614176 W118.833452, elevation 2167m). Channels were subdivided with plywood into 4

11

isolated tanks measuring 1.2 m3 in each channel, for a total of 16 tanks in four blocks. Tanks

12

were each filled with approximately 1400 liters of water from adjacent Convict Creek, a Bd-

13

negative stream originating from nearby Convict Lake. Sloping shelves (approximately 30cm

14

wide) extending from below water to a few cm above the water surface were provided on the

15

south-facing wall of each tank for the frogs to bask on during the daylight hours. Lids were

16

constructed from wood frames covered in fiberglass screen and wire mesh.

17

Infected Rana sierrae tadpoles were collected from Conness Pond, a large, Bd-positive site

18

in Yosemite National Park (N37.97485 W119.31134, elevation 3193m). The tadpoles were used

19

as the initial source of infection in each tank. Uninfected (Bd-naı̈ve) adults were collected from

20

Marmot Lake, (Sierra National Forest, N37.259860 W118.683379, elevation 3589m). All animals

21

were swabbed to confirm initial Bd infection status (infected for the tadpoles, and uninfected for

22

the adults). Adult frogs were individually marked with Passive Integrative Transponder (PIT)

23

tags, which allowed each adult to be uniquely identified. On July 7, 2008, five infected tadpoles

24

were added to each tank. Nine days later, tanks were drained 90% and re-filled with fresh

25

water from Convict Creek to remove any tannins leached from the plywood and to remove extra

26

tadpole food. On July 20, 2008, adult frogs were added to each tank in one of four densities:

27

1, 4, 8, and 16 (this is counted as Day 0 of the experiment for all of the analyses in the main

28

text). The four tanks in each block received one of each of the four density treatments, assigned

29

randomly within each block. Preliminary analyses did not detect a significant effect of block and

30

thus the statistical models presented below do not include a block effect.

31

Skin swabs were collected from all animals once per week to determine Bd infection status,
1

32

using a standardized swabbing protocol (Briggs et al. 2010; Vredenburg et al. 2010). For post-

33

metamorphic individuals, a sterile synthetic swab was brushed across the hind feet (concentrating

34

on the toe webbing), hind legs, and each side of the abdomen, 5 times each, for a total of 30

35

strokes. For tadpoles, the swab was brushed across the mouthparts for 30 strokes. Swabs were

36

allowed to air dry, and then were placed in individual tubes, and frozen as soon as possible.

37

The number of Bd DNA copies on each swab was determined using quantitative real-time PCR,

38

following the protocol of Boyle et al. (2004), as in Briggs et al. (2010). During each weekly

39

swabbing event, the weight and snout-to-vent length were recorded for each adult. Tadpoles

40

were fed rabbit chow ad libitum and adults were fed Phoenix worms ad libitum during the

41

swabbing events.

42

1.2

43

Using the mesocosm transmission experiment described above and in the main text, we sought

44

to characterize the transmission function for Bd and R. muscosa. In particular, we wanted to

45

quantify how the environmental zoospore pool affected the probability of an amphibian tran-

46

sitioning from uninfected to infected in a time step. However, we were unable to measure the

47

total number of zoospores in the environmental zoospore pool at each time step and therefore

48

assumed that the zoospore pool was a latent variable that needed to be estimated. We estimated

49

it by assuming that the zoospore pool obeyed the following dynamics

The latent zoospore pool transmission model

Zj (t + ∆t) = Zj (t) exp(−d∗ ∆t) + Zj,tadpoles (t)fT∗ ∆t + Zj,adults (t)fA∗ ∆t

(1)

50

This equation assumes that the dynamics of the unobserved zoospore pool in mesocosm j are

51

governed by the survival probability of zoospores in the pool at time t (first term, d∗ is zoospore

52

death rate) and contribution of zoospores into the pool based on the total number of zoospores

53

on tadpoles (Zj,tadpoles (t)) and adults (Zj,adults (t)) at time t in mesocosm j. fT∗ and fA∗ are rates

54

that relate the total number of zoospores on tadpoles and frogs at time t (as estimated from

55

qPCR) to the total number of zoospores that enter the pool. This equation does not include

56

the reduction of zoospores in the pool due to frogs acquiring them upon initial infection as we

57

found that the small number acquired is inconsequential for the dynamics of the zoospore pool.

58

For the ith individual frog in mesocosm j at time t + 1, the likelihood of gaining an infection

59

is given by

yij (t + ∆t) ∼ Bernoulli(φj (t)) if yij (t) = 0
2

(2)

60

Each individual frog i in tank j was swabbed six times over the course of 32 days and yij (t)

61

specifies whether frog i in mesocosm j was infected (1) or uninfected (0) at time t + ∆t, having

62

been uninfected at time t. Only observations where an animal was uninfected in the previous

63

time step directly contributed to the likelihood (n = 333), but the entire time series for all

64

individuals within a mesocosm contributed to the dynamics of the zoospore pool.

65
66

φj (t) is the probability of infection in mesocosm j at time t and takes the general functional
form

φj (t) = 1 − exp(−Λ(Zj (t), Aj (t), Ij (t))∆t)

(3)

67

where the probability of infection depends on the total number of zoospores in the pool (Zj (t)),

68

the total number of adults (Aj (t)), and the total number of infecteds (Ij (t)) in tank j at time

69

t. The number of adults and total number of infecteds are both observed (i.e. measured in the

70

experiment) at each time t. In contrast, Zj (t) is unobserved at each time t. The specific forms

71

of Λ(Zj (t), Aj (t), Ij (t)) that we considered are given in Table 2 in the main text. We assumed

72

that transmission was temperature-independent because we were not able to simultaneously

73

manipulate host density and temperature in the mesocosm experiment.

74
75

We assumed that the total number of zoospores Zj (t) is a random variable with a lognormal
distribution such that

ln(Zj (t + ∆t)) ∼ Normal(ln(µj (t + ∆t)) −

σ2
), σ 2 )
2

(4)

µj (t + ∆t) = Z(t)j exp(−d∗ ∆t) + Ztadpoles (t)j fT∗ ∆t + Zadults (t)j fA∗ ∆t
σ2
2

(5)

76

Ztadpoles (t)j and Zadults (t)j were both observed at each time t. The

terms is a result of

77

converting from the expected value of the lognormal distribution to the mean of the normal

78

distribution on the log scale.

79

To fit these models, we assumed that the initial zoospore load in the pool was given by

80

ln Zj (t = 0) ∼ Normal(ln(2000), σ 2 ). We specified this prior distribution based on the average

81

number zoospores on the tadpoles at the beginning of the experiment across all mesocosms.

82

We gave the zoospore death rate d∗ day−1 a normal prior distribution with mean 0.3 day−1 ,

83

standard deviation 0.03, and a lower bound of 0. This tight prior was based on laboratory

84

estimates of the zoospore death rate (Woodhams et al. 2008). To aid in the identifiability of our

85

model, we set σ = 1 and fT = fA = f and gave f a vague half Cauchy prior distribution with a

3

86

scale parameter equal to 1.

87

We fit this model for each of the φ functions given in Table 2 in the main text using Hamil-

88

tonian Monte Carlo with the RStan package (2.12.1). Three chains were run for each model and

89

we assessed convergence of the model parameters by determining if the Gelman-Rubin statis-

90

tic R̂ was less than 1.05 (Gelman et al. 2014). We also confirmed that this statistical model

91

could recover known transmission functions by simulating our mesocosm experiment in silico

92

and testing whether the above model could both recover known parameters in φ and also cor-

93

rectly distinguish between different forms of φ using information criteria (see accompanying code

94

code/simulate lab data.py at https://github.com/mqwilber/host extinction/).

95

We also tested how robust our conclusions were to the assumption that σ = 1 using two

96

different approaches. First, we allowed this parameter to have a minimally informative half

97

Cauchy prior with a scale parameter equal to three. This allowed for enormous variability in

98

the dynamics of the zoospore pool. Incorporating this vague prior led to larger mean estimates

99

of transmission from the zoospore pool (i.e. larger β0 ), but also larger uncertainty around this

100

estimate. However, the relative ranking of the different transmission models given in Table 2 in

101

the main text did not change. The models with a dynamic zoospore pool were always better

102

than corresponding models without the zoospore pool and the density-dependent model with a

103

dynamic zoospore model was the best model followed by the frequency-dependent model with a

104

zoospore pool.

105

Second, we explored how fixed values of σ ranging from 0.25 to 4 affected the relative rank

106

of the models as well as the estimates of the coefficients (Figure 7, 8). Across a range of values

107

of σ and two different measures of information criteria (WAIC and DIC), the relative rankings

108

of the three transmission models with a dynamic zoospore pool (Table 2 in main text) stayed

109

largely consistent, with some notable deviations between σ = 1.5 and σ = 2 (Fig. 7). We used

110

two different information criteria as there is some question over WAIC’s accuracy for time series

111

models (Gelman et al. 2014). For values of σ ≤ 1 the estimates of the transmission coefficients

112

from the zoospore pool (β0 ) remained relatively constant, but began increasing for σ > 1 due

113

to the large variability in the zoospore pool dynamics (Fig. 8A). In contrast, the coefficient

114

estimates for the density/frequency dependent transmission stayed relatively constant with a

115

slight decreasing trend with increasing σ (Fig. 8B). Considering these sensitivity analyses, we

116

felt that σ = 1 was a reasonable choice because 1) it did not lead to unrealistically large variability

117

in the zoospore pool as did the uninformative prior on σ 2) it provided a conservative estimate

118

for effect of the zoospore pool on transmission 3) the density/frequency dependent transmission

4

119

coefficient β1 was largely unaffected by the choice and 4) it resulted in model ranks that were

120

consistent between two different information criteria and largely consistent across most values

121

of σ that we explored.

122

2

R0 for host-parasite IPMs with an environmental reservoir

123

124

2.1

R0 for a discrete-time SIS model with an environmental reservoir

125

Wilber et al. (2016) showed how to calculate R0 for basic host-parasite IPMs using the general

126

methodology developed in Klepac & Caswell (2011). This method can be extended to calculate

127

R0 for an IPM with an environmental reservoir. To begin, we illustrate the procedure with a

128

simple discrete time Susceptible-Infected-Susceptible (SIS) model with a dynamic zoospore pool

129

(Z). Take the following set of discrete dynamical equations

S(t + 1) = S(t)s0 [1 − φ(I(t), Z(t))] + I(t)sI lI

(6)

I(t + 1) = I(t)sI (1 − lI ) + S(t)s0 φ(I(t), Z(t))

(7)

Z(t + 1) = Z(t)ν + I(t)f

(8)

130

where s0 is the survival probability for an uninfected host in a time step, sI is the survival

131

probability for an infected host in a time step, lI is the probability of losing an infection in a

132

time step, ν is the survival probability of a zoospore in a time step, f is the average number of

133

zoospores produced by an infected individual in a time step, and φ(I(t), Z(t)) is the probability

134

of gaining an infection in a time step. Based on the results from the transmission experiment

135

given in Table 2 in the main text, we assume that transmission depends on density-dependent

136

host to host contact as well as transmission from the zoospore pool. Given this, we can write

φ(I(t), Z(t)) = 1 − exp[−(β1 I(t) + β0 Z(t))]
137
138

(9)

We can calculate R0 for the above system of equations by rewriting them as the following
matrix model

5

 

 
S
0
0
 

 S 
  (t + 1) = 
   (t)
P
M(P(t)) U
P

(10)

139

where the zeros simply indicate that these values do not contribute to the calculation of R0 , not

140

that they are actually zero in the model. P(t) is the vector [I(t) Z(t)]T and 0 is a row vector

141

[0 0]. Just focusing on the vector P, we can write

P(t + 1) = M(P(t))S(t) + UP(t)
142

(11)

M(P(t)) is the vector [s0 φ(P(t)) 0]T . U is the 2 x 2 matrix


sI (1 − lI ) 0
U=

f
ν

(12)

143

To calculate R0 , we linearize P(t + 1) about a vector n∗ . We set this vector to be a host

144

population with only susceptibles n∗ = [S ∗ 0] (Rohani et al. 2009; Klepac & Caswell 2011),

145

where 0 is a vector of zeros of length n = 2. We then compute the Jacobian matrix evaluated

146

at n∗
dP(t + 1)
dP(t)

J=
147
148
149
150

which allows us to compute R0 (Klepac & Caswell 2011). Computing this Jacobian requires
dM(P(t))S(t)
dUP(t)
computing
and
.
dP(t)
dP(t)
dUP(t)
dM(P(t))S(t)
We immediately see that
= U.
requires application of the
dP(t) n∗
dP(t)
n∗
chain rule for differentiation and we see that

dM(P(t))S(t)
dP(t)
151

(13)
n∗

n∗


∗
s0 S β1
= M∗ = 
0

∗



s0 S β0 

0

R0 is given by (Klepac & Caswell 2011)

R0 = max eig(M∗ (1 − U)−1 )
152

(15)

and plugging into M∗ and U given above we get

R0 =
153

(14)

s0 S ∗ β1
s0 S ∗ β0 f
+
1 − sI (1 − lI ) (1 − ν)[1 − sI (1 − lI )]

(16)

Similar to the continuous time result given in Rohani et al. (2009), we see that R0 is a
6

154

combination of both transmission from the hosts (first term) and the environment (second term).

155

Setting β0 = 0, we recover the simple SIS R0 given in Wilber et al. (2016) and Oli et al. (2006).

156

2.2

157

To generalize this to a host-parasite IPM model with an environmental reservoir where the I class

158

is now potentially infinitely many classes, we can take the following steps. First, we recognize

159

that in practice IPMs are analyzed using the mid-point rule (Easterling et al. 2000) such that

160

there are a finite number of I classes, namely n classes. Therefore, we can think of our IPM as

161

a generalization of the SISZ model presented above such that P(t) is a vector of length n + 1,

162

M(P(t)) is now a vector of length (n + 1) and U is a (n + 1) x (n + 1) matrix. The plus one is

163

because the environmental reservoir Z is part of the P vector.

164

R0 for the host-parasite IPM with an environmental reservoir

For the first n x n elements in U, the element in the ith row and the jth column is given by

uij = s(xj )(1 − l(xj ))G(xi , xj )∆

(17)

165

which gives the probability of an individual in the jth load class with parasite load xj , surviving

166

(s(xj )), not losing its infection (1 − l(xj )), and transitioning to the load class of xi in a time

167

step (G(xi , xj )). ∆ is a result of using the midpoint rule to discretize the continuous IPM and

168

is used to convert the probability density G(xi , xj ) into a probability (e.g. see Easterling et al.

169

2000; Wilber et al. 2016). The n + 1th row of U is the vector [fx x ν] of length n + 1, where we

170

assume that an infected host in class j produces an average of fx xj parasites in a time step into

171

the zoospore pool. x is a vector of length n that contains the corresponding parasite loads for

172

the n infected classes. The n + 1th column of U is the vector [0 ν]T , where 0 is of length n.

173
174

M(P(t)) is given by a vector of length n + 1 where the first i = 1, . . . , i, . . . n elements are
given by

mi = s0 φ(β T I(t))G0 (xi )∆

(18)

177

where β T is a vector of length n + 1 with the first n elements being β1 and the n + 1th element
dM(P(t))S(t)
being β0 .
= M∗ is given by a (n+1) x (n+1) matrix where the first n columns
dP(t)
n∗
are given by [s0 S ∗ β1 G0 (x)∆ 0]T and the n + 1th column is given by [s0 S ∗ β0 G0 (x)∆ 0]T .

178

G0 (x) indicates that the function G0 (x) is evaluated at each element in x, resulting in a vector

179

of length n.

175
176

180

Given M∗ and U we can again calculate R0 as (Klepac & Caswell 2011)

7

R0 = max eig(M∗ (1 − U)−1 )

(19)

In the main text, we use this formulation to numerically calculate R0 for the R. muscosa-Bd

181
182

IPM model with and without an environmental reservoir.

183

3

184

3.1

185

The model described by equations 6-8 in the main text may be sufficient to describe the dynamics

186

of an initial epizootic, but in order to examine Bd-induced extinction dynamics in R. muscosa

187

populations a number of additions need to be made. First, the tadpole stage of R. muscosa has

188

been shown to play an important role in generating enzootic dynamics in R. muscosa populations

189

(Briggs et al. 2005, 2010). R. muscosa can spend three years as tadpoles and thus we include

190

three additional tadpole stages into the model T1 , T2 , and T3 (Briggs et al. 2005). Considering

191

equations 6-8, we can add this tadpole class and update our zoospore pool equation as follows

The hybrid model
Within-year component of the hybrid model

Ti (t + 1) = Ti (t)sTi
Z Ux
3
X
exp(x)IA (x, t)dx − ψ(SA (t), Z(t))
Z(t + 1) = Z(t)ν +
µTi Ti (t) + µA

(20)
(21)

Lx

i=1

192

The equation Ti (t + 1) describes how the number of tadpoles in class i changes from time

193

t to time t + 1. We do not explicitly model the fungal load on tadpoles. Instead, we assume

194

all tadpoles are immediately infected with Bd and have a constant contribution to the zoospore

195

pool. This is justified by the observation that most tadpoles in R. muscosa populations carry

196

high fungal loads, even in enzootic populations (Briggs et al. 2010). R. muscosa tadpole survival

197

is not affected by Bd infection. Therefore, the within-season dynamics of Ti are simply given by

198

the probability of a tadpole surviving from time t to t + 1, which is sTi . Notice that infected

199

tadpoles are now also contributing µTi zoospores to the zoospore pool at each time step. Previous

200

models of this system have included a subadult stage after metamorphosis that can last 1-2 years

201

(Briggs et al. 2005, 2010). For simplicity, we are ignoring it here.

202

R. muscosa populations also experience seasonal temperature fluctuations in which lake

203

temperatures drop to approximately 4 ◦ C in the winter (in the unfrozen portion of a lake where

8

204

the frogs overwinter) and reach approximately 20 ◦ C in the summer (Knapp et al. 2011). We

205

account for this seasonal variability by imposing a deterministically fluctuating environment on

206

the R. muscosa-Bd IPM. We assumed that temperature follows a sinusoidal curve with a period

207

of 1 year and a minimum temperature of 4 ◦ C and a maximum temperature of 20 ◦ C (Fig.

208

1A). At each discrete time point within a season, a new temperature is calculated based on the

209

sinusoidal curve and the temperature-dependent vital rate functions are updated accordingly (see

210

Table 1 in the main text and Appendix Fig. 1 for temperature-dependent vital-rate functions).

211

3.2

212

In the within-year component of the hybrid model a time step is 3 days. This time step is

213

on the same scale as Bd dynamics. However, R. muscosa demography occurs on a slower

214

scale. We assume that R. muscosa demographic dynamics occur on a yearly time scale (Briggs

215

et al. 2005), such that once a year tadpoles either age a year or metamorphose and adults

216

reproduce. The mortality for each stage as well as all disease dynamics are accounted for in the

217

within-year component of the IPM, thus the between-year component only includes the following

218

demographic events (Fig. 1C in the main text)

Between-year component of the hybrid model

Z

Ux

T1 (t + 1) = pA λ0 SA (t) + pA

λ(x)I(x, t)dx

(22)

Lx

T2 (t + 1) = pT1 T1 (t)

(23)

T3 (t + 1) = pT2 T2 (t)

(24)

SA (t + 1) = [(1 − pT1 )mT1 T1 (t) + (1 − pT2 )mT2 T2 (t) + mT3 T3 (t)] exp(−A(t)/K)

(25)

IA (x0 , t + 1) = IA (x0 , t)

(26)

Z(t + 1) = Z(t)

(27)

219

where these events only occur once per year (Fig. 1 in the main text). When these demographic

220

events occur each year, they occur after the disease dynamics defined above, but in the same time

221

step from t to t + 1. Equation 22 gives the contribution of adult frogs to the T1 tadpole class. pA

222

defines the probability of an adult reproducing, λ0 is the mean reproductive output of uninfected

223

adults and λ(x) is the mean reproductive output of an adult with a Bd load of x. Equation

224

23 gives the probability of a T1 tadpole not metamorphosing (pT1 ) and transitioning to a T2

225

tadpole. Equation 24 describes the changes in the T3 class via the probability of a T2 tadpole

9

226

not metamorphosing (pT2 ) and transitioning to a T3 tadpole. Equation 25 describes T1 , T2

227

and T3 tadpoles metamorphosing, surviving metamorphosis, and recruiting as uninfected adults.

228

Recruitment of tadpoles to the adult stage is a density-dependent process following a Ricker

229

function with adult density (A(t)) and a parameter that is proportional to the carrying capacity

230

(K) (Briggs et al. 2005). Because we have no empirical evidence for Bd-induced fertility reduction

231

in R. muscosa, we assumed that reproduction in uninfected adults was the same as reproduction

232

in infected adults. We also assume that tadpoles lose their infection during Bd metamorphosis

233

(Briggs et al. 2010). Finally, equations 26 and 27 indicate that infected individuals (IA (x0 , t + 1))

234

and the zoospore pool (Z(t + 1)) do not change during the demographic update.

235

4

Converting the hybrid model into an individual-based
model with demographic stochasticity

236

237

4.1

Details of the individual-based model

238

The simplest way to include demographic stochasticity into the hybrid model is to assume

239

that demographic stochasticity is given by sampling error and allow all demographic transitions

240

to occur following some probability distribution (Caswell 2001; Schreiber & Ross 2016). To

241
242

illustrate this, recall that to analyze the hybrid Integral Projection Model we discretized the
Rb
continuous class a I(x, t)dx (which gives the number of frogs with a ln Bd load between a

243

and b at time t) into 30 load classes using the midpoint rule (Easterling et al. 2000). We can

244

now loosely think about our hybrid model as a matrix model with 3 tadpole + 1 susceptible

245

adult + 30 infected adult + 1 zoospore pool = 35 stages. Let’s call the transition matrix A.

246

Following Caswell (2001) and Schreiber & Ross (2016), we can decompose our hybrid model into

247

components for infection dynamics (i.e. growth, loss, initial infection gain), host survival, disease

248

transmission, and demographic transitions (T) and reproduction (F) such that A = T + F. The

249

matrix T gives the probabilities of an individual in stage j transitioning to stage i in a 3 day

250

time step. However, T is not a stochastic matrix (i.e. the columns do not sum to one) because

251

individuals in each stage also have a survival probability and one potential transition during each

252

time step is to a “dead” class. We can augment this matrix T with an extra row d specifying the

253

“dead” class where each entry in this row can be defined as d36,j = 1 − sum(T,j ). sum(T,j ) gives

254

the sum of the jth column of the T matrix. The new augmented matrix T∗ is fully stochastic

255

(Caswell 2001; Schreiber & Ross 2016). Assuming each individual transitions independently of

256

each other, for each time step t the transition of a single individual in class j to another class
10

257

i (including the “dead” class) follows a multinomial distribution with a probability vector pj

258

given by the jth column of T∗ : pj = T∗,j . At any time step we could simulate what happens

259

to n individuals in class j by drawing from a multinomial distribution with the total number of

260

trials equal to n and the probability vector equal to pj . The resulting random vector would be

261

of length 36 specifying the stages that the n individuals of stage j at time t now occupy at time

262

t + 1 (including death).

263

In addition to individual transitions (or “births”), we also need to account for the births

264

defined in the F matrix. In the hybrid model, there are two types of births we account for

265

in the F matrix: the production of T1 tadpoles from adults (infected and uninfected) and the

266

production of zoospores from tadpoles and infected adults. As is, the fecundity matrix F only

267

specifies the mean production of T1 tadpoles and zoospores. To make this probabilistic, we need

268
269

to specify a distribution around this mean. We assumed that the production of tadpoles followed
RU
a Poisson distribution with mean A(t)pA λ, where A(t) = SA (t) + Lxx IA (x, t)dx is the number

270

of adults in the population at time t, pA is the probability of an adult reproducing and λ is

271

the mean number of tadpoles produced. We used a Poisson distribution for reproduction for

272

consistency with previous modeling studies of R. muscosa (Briggs et al. 2005, 2010). Moreover,

273

as our goal was to understand the relative effects of resistance, tolerance, and transmission on

274

extinction risk, the exact form of the reproduction distribution has little influence of the effects of

275

these three process relative to each other. In contrast, the shape of the reproductive distribution

276

will have enormous implications if one were to consider the evolution of resistance and tolerance

277

in a host population. While this was beyond the scope of this study, an important next step is

278

to understand how standing variation in resistance and tolerance can rescue populations from

279

extinction (Orr & Unckless 2014). For this, particular attention will need to be paid to both the

280

reproductive distribution and any trade-offs between increased resistance/tolerance and mean

281

host reproduction (Boots et al. 2009).

282

284

We also assumed that the number of zoospores shed into the zoospore pool from tadP3
poles and adults at each time step followed a Poisson distribution with mean i=1 µTi Ti (t) +
RU
µA Lxx exp(x)IA (x, t)dx. The Poisson distribution is justified by first noting that the best esti-

285

mate for the rate of zoospore shedding from an adult or tadpole at any point in a time step is

286

the mean shedding rate over the entire time step. Given no other information, the best guess

287

is to assume a constant rate of zoospore shedding over a time step. Taking this constant rate

288

of zoospore shedding over a time step, probability theory then tells that we should expect a

289

Poisson distribution of zoospores produced per time step (Grimmett & Stirzaker 2001). If the

283

11

290

rate of zoospore shedding actually varies over a time step, we would no longer expect a Poisson

291

distribution of zoospores released per individual over a time step. However, because we have

292

no information on how zoospore shedding rate varies on a per individual basis over a three-day

293

time step, the Poisson distribution provides a reasonable null hypothesis.

294

With these distributional assumptions, we can then calculate the contribution of T1 tadpoles

295

and zoospores over a time step t as a draw from a Poisson distribution with a mean given by the

296

appropriate entry in the F matrix. Combining these draws from a Poisson distributions with

297

the draws from the multinomial distribution described above, we can simulate the individual-

298

based representation of our hybrid model with any density-dependent assumptions about recruit-

299

ment or disease transmission in addition to any assumptions about temperature-dependent vital

300

rates. This can be done by updating the various transition probabilities using the appropriate

301

densities or temperatures at each time step and performing the previously described stochastic

302

draws with the updated transition probabilities. See the function multiseason simulation in

303

IPM functions for R.R for the R code necessary to implement this stochastic simulation (all

304

code available at https://github.com/mqwilber/host extinction).

305

4.2

306

Testing the assumptions regarding how tadpoles contribute zoospores
to the zoospore pool

307

In the above stochastic model, we assumed that tadpoles were always infected and shed a Poisson-

308

distributed random variable Zshed of zoospores into the zoospore pool at each time step, where

309

Zshed has a constant mean µT . This was a simplifying assumption of our model based on

310

field data showing that tadpoles have high Bd prevalence, even in endemic populations (Briggs

311

et al. 2010). However, this prevalence tends to be less than 1 (e.g. ≈ 0.84 in the mescosm

312

experiment and between 0.3 and 1 at certain sites the field, Briggs et al. 2010), which is not

313

exactly consistent with what we assumed in the model. To test the influence of our assumption

314

that tadpole prevalence is one, it would be ideal to explicitly model tadpole load dynamics as we

315

do with adult load dynamics. However, this was not possible as we could not uniquely identify

316

tadpoles in the mesocosm experiment as they were too small to PIT tag.

317

Instead, we modified our assumption that an individual tadpole contributed Zshed ∼ Poisson(µT )

318

zoospores to the zoospore pool per time step. We allowed an individual tadpole to contribute

319

Zshed ∼ Zero-inflated Poisson(µT , p) zoospores to the zoospore pool per time step, where p gives

320

probability that a tadpole is infected. The justification for the Poisson distribution is the same

321

as given in the previous section, but now we allow some tadpoles to be uninfected in a time step

12

322

with probability p, such that they do not contribute to the zoospore pool in that time step. This

323

modification allows us to relax our assumption that all tadpoles are infected in any given time

324

step, without having to explicitly model tadpole infection dynamics. Based on the data from

325

the mesocosm experiment used in this study, we set p = 0.84 and µT = 1487.036.

326

Rerunning our model with the above changes, we found that allowing for tadpole prevalence

327

to be the empirically-derived value of p = 0.84 did not qualitatively affect the extinction dynamics

328

in this system (Fig. 5). The reason for this is because infected tadpoles were still able to shed a

329

sufficient number of zoospores to keep the force of infection in the system high. To understand

330

when reduced tadpole Bd prevalence did begin to affect host extinction dynamics, we reduced

331

tadpole prevalence to 0.1, which is far lower than the observed levels of tadpole Bd prevalence

332

in this system (Briggs et al. 2010). This low prevalence did reduce extinction risk relative to

333

the baseline model and the model with prevalence set to 0.84, but had less of an effect on

334

extinction risk than increasing the rate of zoospore decay in the environment (Fig. 5). Given

335

these additional analyses showing that large changes in tadpole prevalence had small effects on

336

the extinction dynamics, we felt confident that our simplifying assumption that tadpoles were

337

always infected did not influence our main conclusions.

338
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Figure 1: The various vital rate functions estimated from laboratory data given in Wilber et al.
(2016) and Woodhams et al. (2008). In all plots, points give the laboratory data, lines give
the model fit, and gray regions given the 95% credible interval about the predictions. A. The
temperature-dependent growth function G(x0 , x) where temperature is included as a continuous
covariate in the growth function. 95% CIs where not included for visual clarity. B. The survival
function s(x) which dictates the probability of an adult R. muscosa surviving with a given load
over a three day time step. C. The loss of infection function l(x) which gives the load- and
temperature-dependent probability of an adult R. muscosa losing a Bd infection over a three
day time step. D. The initial infection function G0 (x0 ) that specifies the temperature-dependent
probability density of gaining an initial infection of size x0 . E. The zoospore survival function
ν that gives the temperature-dependent probability of a zoospore surviving over three days as
given in Woodhams et al. (2008). No uncertainty was included around this prediction.
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Figure 2: The observed Bd load trajectories for individual frogs in the density-dependent mesocosm experiment described in the main text. Tanks/mesocosms had an initial density of either 1,
4, 8, or 16 frogs and were assigned numbers 1 - 16 as indicated on a panel. The different colored
lines are the different Bd load trajectories for the frogs in given tank. The black vertical line
indicates day 32 of the experiment, after which there was an unexplained decrease in zoospore
load in the infected frogs in all mesocosms in which frogs were infected by this time point. The
consistency of the decline between treatments, between mesocosms, and between frogs suggests
the involvement of an external environmental driver or a frog immune response. Data after this
time point was not used when fitting the transmission models described in the main text.
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Figure 3: The results of the global sensitivity analysis similar to Figure 4 in the main text.
However, instead of perturbing parameters by drawing from a lognormal distribution with median 1 and σ = 0.3, we drew the parameters from their corresponding posterior distribution
from the fitted Bayesian models of the temperature and transmission experiments described in
the main text. This allowed for correlation between the parameters as well as allowing some
parameters to have larger variability than others, strictly based on the variability in the posterior distribution. The above plot gives the standardized coefficients (i.e. all predictors were
z-transformed before the analysis) from a regularized logistic regression. The height of a bar
indicates how sensitive extinction risk was to this parameter. The direction indicates whether
increasing the parameter increased or decreased the probability of extinction. The values under
each bar give the coefficient of variance (CV) for each parameter, calculated from that parameter’s posterior distribution (“nan” indicates this parameter was not in the model). The results
from this sensitivity analysis were qualitatively consistent with the approach used in the main
text: disease-induced extinction was far more sensitive to the parameters in the growth function
(G(x0 , x), resistance) and the survival function (s(x), tolerance) than to parameters in the transmission function. Pruned regression trees also confirmed the important interaction between the
growth function and the survival function.
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density-dependent with a dynamic zoospore pool and tadpole Bd prevalence was 0.84 and 0.1,
respectively.
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Figure 6A. The pruned regression tree for the model with density-dependent transmission with a dynamic zoospore pool. Shows a visual representation
of how the various transmission, resistance, and tolerance parameters interacted to affect Bd -induced host extinction. In particular, parameters of
the growth function determining host resistance (G(x0 , x)) and the survival function determining host tolerance (s(x)) interact to predict extinction or
persistence.
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Figure 6B: The pruned regression tree for the model with frequency-dependent transmission with a dynamic zoospore pool. Shows a visual representation
of how the various transmission, resistance, and tolerance parameters interacted to affect Bd -induced host extinction. In particular, parameters of the
growth function determining host resistance (G(x0 , x)) and the survival function determining host tolerance (s(x)) interact to predict extinction or
persistence.
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Figure 6C: The pruned regression tree for the model with transmission from a dynamic zoospore pool. Shows a visual representation of how the various
transmission, resistance, and tolerance parameters interacted to affect Bd -induced host extinction. In particular, parameters of the growth function
determining host resistance (G(x0 , x)) and the survival function determining host tolerance (s(x)) interact to predict extinction or persistence.
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Figure 7: Comparing two information criteria when fitting the latent zoospore model to the
mesocosm transmission experiment with different levels of process error in the latent zoospore
pool (given by σ). The above plots show WAIC (A.) and DIC (B.) values for three different
transmission models fit to the experimental data: density-dependent transmission with a dynamic zoospore pool (pink), frequency-dependent transmission with a dynamic zoospore pool
(green), and only dynamic zoospore pool (blue). When σ ≤ 1 and σ ≥ 2.5, the relative model
rankings are consistent for both WAIC and DIC. However, between 1 and 2.5 the information
criteria for the dynamic zoospore pool transmission function either drastically decreases (WAIC)
or drastically increases (DIC).
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Figure 8: Comparing the estimates of the transmission coefficients (β0 : the zoospore pool coefficient, β1 : the density/frequency dependent coefficient) when fitting the latent zoospore model
to the mesocosm transmission experiment with different levels of process error (given by σ).
A. The zoospore pool coefficient shows a marked increase after σ = 1. This is driven by the
large variability in the trajectory of the zoospore pool, such the transmission coefficient needs
to increase in order to contribute to transmission when, by chance, the zoospore pool may crash
to very low levels under the high σ/process error scenarios. B. In contrast, the transmission
coefficient β1 determining density or frequency-dependent host contacts is relatively consistent
across σ, with a slight decreasing trend. These is no blue line in B. because the transmission
model with only a dynamic zoospore pool does not have a coefficient β1 . The error bars are 95%
credible intervals around the coefficient estimates.
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