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ABSTRACT: Predicting temperature effects on species interactions
can be challenging, especially for parasitism, where it is difficult to ex-
perimentally separate host and parasite thermal performance curves.
Prior authors proposed a possible solution based on the metabolic
theory of ecology (MTE), using MTE-based equations to describe
the thermal mismatch between host and parasite performance curves
and account for thermal acclimation responses. Here, we use pub-
lished infection data, supplemented with experiments measuring met-
abolic responses to temperature in each species, to show that this
modeling framework can successfully describe thermal acclimation
effects on two different stages of infection in a tadpole-trematode sys-
tem. All thermal acclimation effects on host performance manifested
as changes in one key model parameter (activation energy), with mea-
surements of host respiration generating similar MTE parameter esti-
mates and acclimation effects compared with measurements of the
host’s ability to clear encysted parasites. This result suggests that met-
abolic parameter estimates for whole-body metabolism can some-
times be used to estimate temperature effects on host and parasite
performance curves. However, we found different thermal patterns
for measurements of host prevention of initial parasite encystment
emphasizing potential challenges when applying MTE-based models
to complex parasite-host systems with multiple distinct stages of
infection.

Keywords: host-parasite interactions, thermal performance curve,
Ribeiroia ondatrae, Lithobates clamitans.

Introduction

The threat of climate change makes it increasingly impor-
tant to understand how temperature influences species in-
teractions, such as predation and parasitism (Studer and
Poulin 2013; Dell et al. 2014; Luhring and DeLong 2016;
Rohr and Cohen 2020). Temperature can have complex ef-
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fects on species interactions because the outcome of the in-
teraction (e.g., parasite infection) depends on the thermal
responses of both participants (e.g., host and parasite;
Thomas and Blanfield 2003; Raffel et al. 2013; Cohen et al.
2017; Rohr et al. 2018). However, most current mathemat-
ical models of how temperature influences parasitism fo-
cus only on the thermal responses of one organism at a
time (host or parasite). Furthermore, both nonlinear and
thermal acclimation responses to temperature can have
important effects on parasitism, particularly in fluctuating-
temperature environments (Shi and Ge 2010; Rohr et al.
2013; Molnar et al. 2017). However, these responses are
seldom incorporated into models predicting parasite-host
responses to climate, in part because of the difficulty of de-
veloping and parameterizing equations to describe such a
complex set of interacting factors. How hosts and parasites
respond to temperature variation is vital to understanding
the overall effects of climate change on infectious diseases
(Raffel et al. 2013; Rohr and Cohen 2020).

The metabolic theory of ecology (MTE) offers potential
solutions for modeling the complex thermal biology of spe-
cies interactions, including parasitism (Molnar et al. 2013,
2017; Kirk et al. 2018). Based on first principles of chem-
istry and physics, MTE postulates that metabolism is a fun-
damental rate underlying ecological processes that scales
predictably with temperature and body size (Gillooly et al.
2001, 2016; Brown et al. 2004). In the MTE framework,
models describing the temperature dependence of biolo-
gical processes (e.g., physiological performance curves)
are typically derived from the Arrhenius equation for en-
zyme reaction rates (Arrhenius 1889; Brown et al. 2004).
Such models benefit from being naturally curvilinear and
composed of biologically meaningful parameters, which
can have broadly similar values among disparate taxa or
different physiological processes. For example, the activa-
tion energy for metabolism (E,) usually falls between 0.2
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and 1.2 eV for species ranging from unicellular organisms
to plants and vertebrates (Gillooly et al. 2001; Brown et al.
2004; Dell et al. 2011).

Furthermore, metabolic performance curves can be de-
rived from a variety of physiological processes, such as ox-
ygen consumption and muscle power, and different meta-
bolic proxies can often provide similar estimates for key
model parameters like E, (Dell et al. 2011). This apparent
generalizability among physiological processes within an
organism might make it possible to estimate key model
parameters for species interactions, by independently mea-
suring metabolic proxies for the performance of each spe-
cies (Rohr et al. 2013; Molnar et al. 2017). This could be es-
pecially helpful for modeling parasitic infection because the
most direct metrics of organism performance—parasite in-
fectivity and host resistance—are typically quantified using
aresponse variable that represents a single outcome resulting
from these two processes (e.g., prevalence or intensity of in-
fection) rather than a direct measure of either organism’s
performance (Molnar et al. 2017). MTE-based models pro-
vide a promising solution for resolving separability prob-
lems that can arise when trying to parameterize separate
host and parasite thermal performance curves based on
available infection data (Molnar et al. 2017). This approach
provides the opportunity to simultaneously investigate the
temperature dependence of each organism’s thermal per-
formance curve in the context of an active infection, poten-
tially providing insights into biological mechanisms driving
the thermal biology of host susceptibility to parasitism. Ad-
ditionally, this approach may reveal easily measured meta-
bolic proxies for parasite infectivity or host resistance, po-
tentially enabling researchers to predict the responses of
multiple host species to a single parasite, including for en-
dangered species, where infection experiments may be im-
possible to conduct.

Molnar et al. (2013) showed that MTE-based models
can be used to model the temperature-dependent devel-
opmental rate of a parasite’s free-living environmental
stage. Rohr et al. (2013) proposed an extension of this ap-
proach to describe the temperature dependence of para-
sitic infection as the difference (i.e., “mismatch”) between
two rate processes represented by separate thermal per-
formance curves, one describing parasite infectivity ir and
the other describing host resistance to infection r,. Rohr
et al. (2013) defined infectivity as the instantaneous rate
of increase (i.e., exponential growth rate parameter) for a
parasite in or on a host, in the absence of host resistance.
However, our study focused on two stages of macropa-
rasitic infection, neither of which involves direct multipli-
cation of the parasite within its host (Anderson and May
1979). For our model, we instead defined infectivity i, as
the geometric rate of change in the parasite population over
a discrete time step (A; = N,;,/N,; Gotelli 2008), in the

absence of host resistance. Because of the lack of within-
host parasite replication, i, was constrained to be between
0 and 1—thatis, iy = 1 — dy, where d; is the discrete rate
of background parasite mortality and i is the discrete rate
of parasite survival over a single time step in the absence of
host resistance. Host resistance to infection r; is then de-
fined as the host’s ability to decrease parasite survival over
the same time step (i.e, Ay = 1 —dy — rp = iy — rp). In-
fectivity and resistance are modeled as separate functions
of temperature using an MTE-based model of thermal per-
formance (see “MTE-Based Thermal Performance Curves”).
This modeling framework is consistent with the thermal
mismatch hypothesis of Cohen et al. (2017, 2019), which
postulates that the temperature dependence of infection
depends on the difference (or mismatch) between the par-
asite and host thermal performance curves (for examples,
see fig. S1; figs. S1-S6 are available online). However, be-
cause of the exponential nature of MTE-based thermal per-
formance curves, the shape of a curve resulting from this
mismatch (i.e., the temperature dependence of parasite
population growth or survival on a host) will not necessar-
ily be well described by a single MTE-based performance
curve, as illustrated in figure S1.

Thermal acclimation effects—that is, changes in hosts
or parasite performance curves following extended expo-
sure to warm or cool temperatures—are also important to
understand and predict climate effects on infectious dis-
ease (Raffel et al. 2013). Thermal acclimation effects can
be incorporated into the proposed modeling framework
by making key metabolic parameters functions of acclima-
tion temperature (Gillooly et al. 2006; Rohr et al. 2013). For
example, an activation energy that increases as a function
of acclimation temperature can be used to describe a type
of beneficial acclimation response, where an organism
has increased performance at its acclimation temperature
relative to organisms acclimated to other temperatures
(Wilson and Franklin 2002; Altman et al. 2016). A scaling
constant that increases or decreases with acclimation tem-
perature can be used to describe a “warmer is better” or
“cooler is better” response, respectively, where organisms
acclimated to warmer or cooler temperatures have elevated
performance across the full range of temperatures (Wilson
and Franklin 2002; Altman et al. 2016). Curvilinear effects
of acclimation temperature on activation energy or the scal-
ing constant can be used to describe scenarios when perfor-
mance is greatest at an intermediate temperature, consis-
tent with an optimum temperature response (Wilson and
Franklin 2002). Which model parameters change in re-
sponse to thermal acclimation may have implications for
our understanding of the mechanisms driving acclimation
responses; for example, changes in activation energy might
reflect altered expression of rate-limiting enzymes, whereas
a decreased scaling constant might reflect an overall



decrease in host energy reserves (the thermal stress hy-
pothesis; Paull et al. 2015). Note that this same general ap-
proach could be used to incorporate other variables that
might affect parasite or host performance; for example,
dose-dependent host resistance could be incorporated by
making the scaling constant a function of the infectious
dose (Johnson et al. 2012; Calhoun et al. 2019).

Here, we show that this modeling framework can suc-
cessfully describe temperature dependence of and ther-
mal acclimation effects on Ribeiroia ondatrae infection
in its green frog tadpole intermediate host, Lithobates
[Rana] clamitans, using data generated by Altman et al.
(2016). Rana ondatrae is a snail-borne trematode parasite
that uses Helisoma [Planorbella] trivolvis as a first inter-
mediate host and tadpoles as a second intermediate host
(Johnson et al. 2004). From the parasite’s perspective, in-
fection of tadpoles is a multistage process, where (1) the
free-swimming R. ondatrae cercaria stage must find and
encyst in the tadpole (i.e., parasite encystment) and (2) the
encysted R. ondatrae metacercaria must persist within the
tadpole until the host is consumed by a definitive host (i.e.,
cyst survival). From the host’s perspective, the tadpole re-
sists infection by (1) reducing the probability of a parasite
penetrating and encysting (i.e., prevention of encystment)
and (2) clearing encysted metacercariae from its body via
the immune response (i.e., cyst clearance). The data set gen-
erated by Altman et al. (2016) is unique because they
quantified rates of cercaria penetration, encystment as me-
tacercaria, and survival within tadpoles through time, al-
lowing us to distinguish between the encystment and cyst
survival stages of infection. To investigate whether other
aspects of physiological performance can serve as reason-
able metabolic proxies for parasite infectivity or host resis-
tance in an MTE-based model, we supplemented this data
set with two new experiments, one quantifying the temper-
ature dependence of R. ondatrae cercaria swimming speed
and one quantifying the temperature dependence of respi-
ration in uninfected tadpoles. We then used model fitting to
determine whether the difference between the MTE-based
curves for infectivity and resistance reasonably describes
the temperature dependence of parasite survival at each
stage of infection. Metacercariae are thought to have limited
metabolic activity once encysted (but see Cwiklinski et al.
2018), so we made the simplifying assumption that meta-
cercaria “infectivity” during the cyst survival stage would
be constant in the absence of host resistance (i.e., 100%
survival, or iy = 1). This means that the temperature de-
pendence of metacercaria clearance should be almost en-
tirely driven by variation in host resistance, providing us
with a unique opportunity to conduct a more direct test
of the MTE-based modeling approach for host resistance
than would be possible in other systems. Comparing the
metacercaria clearance results with tadpole respiration
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allowed us to test the hypothesis that some MTE
parameters are generalizable across physiological processes
within a single host species. We show that this framework
can be used to describe linear and curvilinear effects of ac-
climation temperature on host resistance and that meta-
bolic proxies such as cercaria swimming speed and host
respiration generated reasonable estimates of key MTE
parameters for models describing parasite infectivity and
host resistance to infection.

Methods
MTE-Based Thermal Performance Curves:

The simplest MTE-based models are those derived from
the original Arrhenius equation, such as the Boltzmann-
Arrhenius (BA) formulation:

wnnnf ()34 o

where Py, is the performance at standardization temper-
ature T,, k is Boltzmann’s constant (k = 8.62 x 107° eV
K™), and E, is the activation energy. However, the BA
model assumes that performance increases exponentially
with temperature and may be unable to describe physio-
logical processes at extreme high or low temperatures, par-
ticularly when a data set extends above the temperature
for peak performance, in which case the BA model may
generate unreasonable activation energy estimates (Molnar
et al. 2017). The more complex Sharpe-Schoolfield (SS)
model includes additional parameters describing revers-
ible enzyme deactivation at extreme high or low tempera-
tures (Schoolfield et al. 1981). Here, we utilize a SS model
modification that accounts only for the decrease at ex-
treme high temperatures (i.e., modification of the SS model
for high-temperature deactivation; Molnar et al. 2017):

ssr) = a1+ e () (75 1)) e

where T is the high temperature for deactivation and E}
is the deactivation energy. SS(T') becomes approximately
equal to BA(T) if the high temperature for deactivation
(TY) is much higher than the measured temperature range,
in which case the right side of the equation approaches 1.0.
Note that we use E,, T/, and EY/ to refer to the general MTE
model parameters (e.g., eqq. [1], [2]), but we use other
subscripts to identify parameters for specific processes (see
table 1 for a full list of parameter definitions).

In our analysis, we considered both the BA model and
the SS model as a potential candidate for describing ther-
mal performance for each process. We expected that the
rate processes measured in this study and by Altman et al.
(2016) would exhibit declines if measured at sufficiently high
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Table 1: Full list of parameter definitions for the modeling framework (eqq. [1], [2]), including acclimation effect functions

used in model fitting and analysis (eqq. [3]-[5])

Parameter

Definition Unit

iT0> T'Ty> Cry> RTU
temperature Tog, . r

Parasite infectivity i, host resistance r, cyst clearance ¢, and respiration R constant at standardization

E, E, E, Eg Activation energies of infectivity, resistance, clearance, and respiration processes eV
Ef, EI, EY) EY Deactivation energy for infectivity, resistance, clearance, and respiration at high (H) temperature eV
T, T, T¥, TY ~ High temperature of deactivation for infectivity, resistance, clearance, and respiration processes °c
k Boltzmann’s constant eV K™!
C Translation constant to allow for a lower threshold for infectivity L
eX Intercept terms of the acclimation effect on X, where X is the parameter in question

B.X Linear terms of the acclimation effect on X, where X is the parameter in question

aX Quadratic terms of the acclimation effect on X, where X is the parameter in question

* Temperatures are presented in degrees Celsius for clarity; however, their use in the model requires transformation into kelvins by adding 273.15.

* C has units equivalent to the proportion of metacercaria encysted.

temperatures, requiring use of the SS model to describe
these processes. However, we preferred to use the simpler
BA model when it resulted in a better model fit, indicating
that the available data did not include sufficiently high
temperatures to detect high-temperature deactivation. In
some cases, we also incorporated upper or lower thresh-
olds for performance, as described in later sections. The fi-
nal performance curve model formulation for each phys-
iological process is presented in table 2.

Sources of Experimental Data

To test whether this modeling framework can successfully
describe effects of temperature and thermal acclimation
on parasitic infection, we used data collected by Altman
et al. (2016) on the effects of temperature and host ther-
mal acclimation on Rana ondatrae encystment and cyst
survival in Lithobates clamitans (data are available in the
Dryad Digital Repository; Altman et al. 2017). In brief, tad-
poles were acclimated to one of six “acclimation tempera-
tures” and then shifted to one of six “performance temper-
atures” immediately prior to R. ondatrae exposure. All
infected snails were acclimated to the performance temper-
ature prior to cercaria collection, so that only the tadpole
hosts experienced shifts in temperature; therefore, acclima-
tion effects were not caused by parasite acclimation. Each
tadpole was exposed to 20 fluorescently labeled cercariae
(LaFonte and Johnson 2013) and imaged at 0.5, 7, and
14 days after exposure to determine the proportion of suc-
cessfully encysted cercariae (at 0.5 days) and metacercaria
(cyst) survival (at 7 and 14 days). Although the original
data set quantified cyst survival at two time points, here
we consider cyst survival only over the first week after in-
fection (7 days) because Altman et al. (2016) did not detect
significant acclimation effects in their analysis of the 14-day
time point. We simplified statistical model fitting by setting
a discrete time step of At = 1 for each stage of infection,

where t = 1 is defined as 0.5 days for the encystment stage
and 7 days for the metacercaria-survival stage. Detailed
methods for this experiment are available in Altman et al.
(2016).

We also conducted two new experiments to measure
the temperature dependence of separate metabolic prox-
ies for parasite infectivity (R. ondatrae cercaria swimming
speed) and host resistance (L. clamitans oxygen consump-
tion). Detailed methods are provided in the supplemental
PDF, available online. All animal husbandry and experi-
mental manipulations in this study were conducted in
compliance with Oakland University Institutional Ani-
mal Care and Use Committee protocol 12111.

Statistical Methods: Fitting MTE-Based Models to Data

MTE-based models were fit to empirical data with R statis-
tical software (R Core Team 2020) using nonlinear least
squares optimization (nls function). The error distribution
for thermal performance data is often lognormal, as a result
of normally distributed biological parameters that appear
in the exponential terms of SS models (Régniére and Powell
2003; Xiao et al. 2011; Régniere et al. 2012; Molnar et al.
2017). However, empirical performance data can also be
normally distributed (Xiao et al. 2011). For each biological
response variable, we used Xiao et al’s (2011) methods to
calculate comparable Akaike information criterion (AIC)
values for models with normal versus lognormal error dis-
tributions. We also used AIC to determine whether the
more complicated SS model (adding deactivation energy
E!f and high temperature for deactivation T} as free param-
eters) was a better fit than the BA model. Our statistical
code and data can be found in the Dryad Digital Repository
(https://doi.org/10.5061/dryad.bnzs7h4c7; Sckrabulis et al.
2022).

In typical MTE-based models of thermal performance, the
standardization temperature (7T,) is an arbitrarily selected
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temperature that can be interpreted as the temperature
where performance equals the scaling constant Py, in the
absence of enzyme deactivation (Schoolfield et al. 1981;
Molnér et al. 2013). However, in models where we allowed
activation energy E, to vary as a function of acclimation
temperature, T, became a meaningful parameter because
it formed the inflection point where performance curves
from all acclimation treatments were constrained to cross
(fig. S2). See the supplemental PDF for a detailed explana-
tion of this problem and how we optimized T, in models
that incorporated thermal acclimation.

Statistical Methods: Single-Species Performance Curves
(Cercaria Velocity and Tadpole Respiration)

We fit models to the cercaria swimming speed data as a
proxy for infectivity i, to obtain estimates for infectivity
at standardization temperature i, and activation energy
for infectivity E;. This model did not include acclimation
effects on metabolic parameters (i.e., all snails and parasites
were acclimated to the same temperature), making the
choice of the standardization temperature for infectivity
T,, arbitrary (Molnar et al. 2013); therefore, we selected a
T,, value within the lower range of experimental perfor-
mance temperatures (T,, = 19°C).

We modeled the metabolic performance curve for un-
infected tadpoles using the mass-specific respiration rate
data. To avoid confusion between parameters, we used R
for host respiration in place of r host resistance. We initially
fit models without acclimation effects (as described above
for cercaria swimming speed) for tadpole respiration rate
R; to obtain reasonable initial starting values for respira-
tion at the standardization temperature Ry, activation en-
ergy for respiration E;, the deactivation energy for respi-
ration at high temperatures Ef, and the high temperature
for deactivation for respiration T§. To incorporate host
thermal acclimation effects into the model, we made each
parameter into a quadratic function of acclimation tem-
perature as follows:

RT = 8'RT0 + ﬁ'RT() X TAccl + O{'IQTQ X Ticcl’ (3)

0

Eg

S.ER + B‘ER X TAccl + O(.ER X T?&ccl’ (4)

TH = T8 + BT X Ty + T x T2y (5)

where the ¢ terms are intercept parameters, the 3 terms are
linear coefficient parameters, and the « terms are quadratic
coefficient parameters. According to the principle of margin-
ality, any model with a quadratic term (cr) always included
its corresponding linear term (). Acclimation temperatures
were centered around zero to facilitate model convergence
and to allow interpretation of linear terms in models con-
taining polynomial terms. The standardization temperature

for respiration rate T, estimate was manually optimized
through a set of values around the range of temperature
data were collected in models where acclimation effects on
Ey were present (T,, = 14.55°C; fig. S3A). SS models con-
verged readily when E}f was optimized as a free parameter.

Statistical Methods: Parasite Encystment in Tadpoles

We used metabolic parameter estimates for the activation
energy for infectivity E,, the deactivation energy for infec-
tivity Ef, and the high temperature of deactivation energy
for infectivity T} from the best-fit cercaria swimming
speed model to partially parameterize a system of equa-
tions describing the proportion of cercariae that encysted
as metacercariae in their tadpole hosts, based on the hy-
pothesized thermal mismatch between the parasite and
host thermal performance curves. Because of challenges
with parameterizing an implied host resistance curve (for
the prevention of encystment) without direct data, we used
the port algorithm in nls, which is more robust than the de-
fault Gauss-Newton for obtaining model convergence with
bounded parameter estimates. We initially estimated a new
value for infectivity at standardization temperature iy,
(which is dependent on the scale of the response variable)
for the infectivity curve and the resistance at standardiza-
tion temperature r;, and activation energy for resistance
E, for the entire data set without any thermal acclimation
effects to obtain better starting parameters for future, more
complex models. We also incorporated an upper threshold
into the infectivity equation because i cannot be greater
than 1.0 for proportion data, which we achieved by using
conditional programming within the model. Biologically,
this threshold represents a swimming speed above which
cercariae are fully capable of infecting a host (ir = 1),
and because R. ondatrae cercaria swim nearly constantly
throughout their life span (Beaver 1939), we felt justified
in making this assumption. Likewise, we compared this
model fit to a model where we added a lower threshold
where infectivity cannot be less than zero, achieved by
adding a translation constant C to the model to enable
the curve to cross into negative values (where C > 0) and
restricting infectivity to ir = 0 in those cases using condi-
tional programming within the model (table 2). The model
with both an upper and a lower threshold on infectivity
had a better fit (AIC = —152.876) than a model with
only an upper threshold (AIC = —127.362) and a model
with no thresholds (AIC = —100.93).

To investigate thermal acclimation effects on major
metabolic parameters for host resistance (rq,, E, TV),
we made these parameters into linear functions of accli-
mation temperature (i.e., we removed quadratic coefficients
from eqq. (3)-(5) by setting o« = 0 and substituted resis-
tance r in place of respiration R). Acclimation temperatures



were centered around zero, to facilitate model convergence.
We conducted ranked AIC comparisons considering all
combinations of linear change in these parameters, and we
manually optimized the standardization temperature for
respiration T, in any model with an acclimation effect on
E, (T,, = 19°C; fig. S3B). The model with the best statisti-
cal fit by AIC value was then subjected to backward model
selection to potentially remove any nonsignificant param-
eters based on P values to determine a final model.

Statistical Methods: Metacercaria (Cyst) Survival
and Metabolic Parameter Comparison

We assumed that all metacercaria would have survived in
the absence of host resistance (i.e., no parasite back-
ground mortality; dr = 0), such that ir = 1. Therefore,
we were able to simplify the modeling of the interaction
between parasite infectivity (cyst survival) and host resis-
tance (cyst clearance) by treating the system as a single-
species host process (as described above for cercaria
swimming speed and tadpole respiration). It is important
to note that fully modeling the mismatch as proportion
survived (i.e., the inverse of proportion cleared) as the dif-
ference between constant infectivity (ir = 1) and meta-
cercaria clearance instead would yield the same result,
and we present the full thermal mismatch model for a
more direct comparison to the parasite encystment stage
of infection. To differentiate the parameters for clearance
from those used in the proportion of parasites encysted
model above, we substituted ¢ in models describing meta-
cercaria clearance by the tadpole (table 2). We fit a model
without acclimation effects for host clearance of metacer-
caria ¢ to obtain reasonable initial starting values for
clearance at standardization temperature cy,, activation
energy for clearance E,, and deactivation energy and high
temperature for deactivation for clearance E” and T7, re-
spectively. Altman et al. (2016) found a significant quadratic
effect of acclimation temperature on metacercaria survival
in this data set; therefore, we sought to determine which
MTE model parameters (cy,, E., or Tt') could best account
for this curvilinear acclimation effect by replacing respi-
ration R in equations (3)-(5) with ¢, describing acclima-
tion effects on cyst clearance. All combinations of linear
and quadratic effects on model parameters were consid-
ered during model selection, and we manually optimized
the standardization temperature T, in any model with an
acclimation effect on E, (T, = 26.9°C; fig. S3C). When
we allowed E¥ to vary as a free parameter in the SS model,
we were unable to achieve model convergence. We there-
fore followed the approach of Molnar et al. (2013) where
E, < E" (i.e.,5 x E, = E"), we fixed EX at 3.25 eV, based
on the overall average activation energy across organ-
isms of 0.65 eV (Gillooly et al. 2001; Brown et al. 2004).
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After model selection, we confirmed that this assumption
was justified for this data set based on the average E,
(ie., Ef =5 x 0.64eV = 3.21 eV) across all acclimation
temperatures.

To test the assumption of MTE that metabolic param-
eters are generalizable across processes within the same
species, we generated bootstrapped 95% confidence bands
around the quadratic acclimation effect of the best-fit models
for metacercaria clearance and uninfected host respiration.
We also optimized a model fit to the clearance rate data
where the quadratic acclimation temperature effect on E,
was equal to that of the estimates for E obtained from
the uninfected tadpole respiration rate model. We fixed
T, equal to the original value from the metacercaria clear-
ance rate equation to compare model predictions more di-
rectly, and we optimized only c;,, which again is dependent
on the scale of the response variable.

Results

The best-fit model to describe Ribeiroia ondatrae cercariae
swimming speed was an SS model assuming lognormal er-
ror (fig. S4; tables 2, S1 [tables S1-S8 are available online];
activation energy of infectivity E; = 0.41 £ 0.05 eV; high
temperature of deactivation of infectivity T} = 31.59°C +
0.66°C). All plus-or-minus errors reported in text repre-
sent 95% confidence intervals. All final model formulations
and parsimonious characteristics can be found in table 2.

For the proportion-encysted data set, the best model
describing acclimation effects used a BA-based equation
for host prevention of encystment with normal error
while allowing the activation energy for host prevention
E, to vary linearly with the tadpole’s acclimation temper-
ature (AIC = —164.084; fig. 1; tables 2, 3, S1; 8 =
0.036 £0.024; ¢ = 0.41 = 0.17). The linear effect of accli-
mation temperature on E, is consistent with statistical
results presented in the original empirical study, which
found a statistical interaction between the effects of accli-
mation temperature and performance temperature (Alt-
man et al. 2016). Allowing other model parameters to vary
with acclimation temperature did not result in further im-
provements to model AIC (table S2). Our model projects
that cercariae swimming slower than 1.7 mm/s were un-
able to infect tadpoles (i; = 0 below 6.8°C and above
34.3°C), and cercariae swimming faster than 3.1 mm/s had
maximum infection potential (i = 1 between 16.7°C and
32.1°C) in the absence of host defenses.

For the metacercaria (cyst) survival data set, the best
model describing acclimation effects was an SS model
for cyst clearance by the host with normal error, which
also allowed the activation energy for cyst clearance E,
to vary as a curvilinear function of acclimation tempera-
ture (AIC = 88.965; tables 2, 3, S3; « = 0.015 = 0.006;



000 The American Naturalist

N |
- A: TACC/ =13°C B: TACC/ =16°C
e |
©
i
©
Q 4
<
o
o~
N -
o

o ©°

©

S

©

O o

o -

(@]

T o

8 > ]

® -

€ o

T S

g
©

5 2 -

o

c < ]

O o

Y

O «

c S 7

o

S o

5 ©°

o

o

S

o o
e |
©
© 4
©
© -
<
3
~
N
o
=

10 15 20 25 30 35 40

Performance temperature (°C)

Figure 1: Thermal mismatch model describing acclimation effects on the encystment stage of parasite infection in tadpoles. The model
describes a linear change in the activation energy for host resistance (E,) as a function of acclimation temperature (T,.), with greater model-
estimated E, values (steeper slopes) occurring at higher acclimation temperatures (13°C: E, = 0.142 eV; 16°C: E, = 0.249 eV; 19°C:
E, = 0.358 ¢V; 22°C: E, = 0.466 eV; 25°C: E, = 0.574 ¢V; 28°C: E, = 0.682 V). Each panel represents the model fit to data from one ac-
climation temperature. In each panel, the dotted-dashed line shows the model-estimated thermal performance curve for parasite infectivity
(i.e., parasite encystment in the absence of host resistance: i), the dashed curve represents the model-estimated thermal performance curve
for host resistance to encystment (r;), and the solid curve shows the resulting model prediction for the temperature-dependent rate of parasite
encystment (A;). Open circles represent the mean proportion at each performance temperature (bars show standard errors).

B = —0.017 +0.026;¢ = 0.261 = 0.217). This model ac-
counted for both the shape of the performance-temperature
effect on metacercaria clearance and the curvilinear effect
of tadpole acclimation reported by Atman et al. (2016; see
fig. 2). Making other MTE parameters into functions of ac-

climation temperature did not result in improved model
AIC (table S4). For tadpole respiration, the best model de-
scribing acclimation effects was also an SS model, allowing
the activation energy for respiration E to vary as a curvi-
linear function of acclimation (AIC = —2,275.59; fig. 34;
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Table 3: Final model ANOVA of acclimation temperature effects on the activation energies
from the final selected thermal models for various aspects of host performance

Model, parameter F df P
Proportion encysted:

B.E, 9.2766 1, 213 .002614
Metacercaria clearance:

a.E, 31.996 1, 207 <.0005

B.E. 1.7153 1, 208 1917
Tadpole respiration:

a.Ey 16.523 1, 205 <.0005

B.Ex 3.2814 1, 206 .0715

Note: See table 1 for parameter definitions. The models presented here have linear (8) or quadratic (o) terms for

describing thermal acclimation effects on activation energy for their respective host process. Quadratic effects always

abided by marginality and included the linear term.

tables 2, 3, S5; & = 0.002 % 0.001; 8 = 0.00002 = 0.004;
& = 0.607 = 1.18). Allowing other MTE parameters to vary
with acclimation temperature did not result in further im-
provements to model AIC (table S6).

To directly compare mean values of key MTE param-
eters for different metrics of host performance (resisting
or preventing encystment, cyst clearance, and respiration
rate), we reran each of the best-fit models with acclima-
tion effects removed. For the proportion-encysted data
set, the best model describing the overall effects of perfor-
mance temperature assumed normal error, used a BA
equation for host resistance, and included a lower cercaria
velocity threshold below which infectivity equaled zero
(E, = 0.44£0.27 eV). For the cyst survival data set,
the best model describing overall effects of performance
temperature on cyst clearance by the host was an SS model
assuming normal error (E, = 0.55+0.25 eV; TV =
31.84°C = 5.06°C). For tadpole respiration, the best model
describing overall effects of performance temperature was
also an SS model with normal error (E; = 0.69+0.22 eV;
TR = 35.05°C +1.78°C).

Discussion

These analyses show that MTE-based models can be used
to successfully describe complex effects of temperature on
trematode infection in tadpoles by describing each stage of
infection (i.e., parasite encystment and cyst survival) as the
thermal mismatch between parasite and host thermal
performance curves. Furthermore, we show that thermal
acclimation effects on host resistance to infection can be
described within an MTE modeling framework by incor-
porating linear or curvilinear effects of thermal acclima-
tion on key metabolic parameters (tables S1, S3, S5). Accli-
mation effects on both stages of infection were best
described by allowing the host activation energy, E,, to
vary as a function of acclimation temperature. Interestingly,

tadpole clearance of encysted parasites showed similar pat-
terns of temperature dependence to whole-body tadpole
respiration (fig. 3C), with overlapping confidence intervals
for the values of key MTE parameters, the high temperature
for deactivation T4, and E,, as well as a curvilinear effect of
thermal acclimation on E,. This result suggests a link be-
tween a tadpole’s metabolic rate and its ability to clear
encysted parasites, as predicted by MTE. In contrast, tadpole
resistance to parasite encystment generated a lower mean E,
value that increased as a function of host acclimation tem-
perature. This result implies that tadpole prevention of par-
asite encystment is at least partially decoupled from the tem-
perature dependence of whole-body metabolism.

The findings for host clearance of encysted parasites
lend credence to a core postulate of MTE, namely, that
physiological and ecological rate processes are fundamen-
tally limited by organism metabolic rates (Gillooly et al.
2001; Brown et al. 2004). This postulate underlies a core
assumption of the MTE-based modeling approach used
in this study: that physiological processes underlying or-
ganism performance (e.g., immune responses underlying
host resistance responses) will have similar values for key
model parameters compared with those derived from
whole-body metabolism. To our knowledge, the current
study provides the first experimental test of this assump-
tion for host resistance to infection, which is usually diffi-
cult to experimentally or statistically separate from the
temperature dependence of parasite infectivity. Lithobates
clamitans clearance of Ribeiroia ondatrae metacercariae
provides a unique opportunity to experimentally isolate
effects of temperature on host resistance because the phys-
iological dormancy of encysted metacercariae allows us to
make the simplifying assumption that parasite infectivity
(survival) is constant across the experimental tempera-
tures. However, in half of the acclimation temperatures,
parasite survival was lower at the coolest performance
temperature 13°C (i.e., metacercaria clearance by the host
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Figure 2: Thermal mismatch model describing acclimation effects on the cyst survival stage of parasite infection in tadpoles. The model
describes a quadratic change in the activation energy for host resistance E, as a function of acclimation temperature (T.), with the greater
model-estimated E, values (steeper slopes) at higher or lower acclimation temperatures (13°C: E, = 1.203 eV; 16°C: E, = 0.63 eV; 19°C:
E. = 0.318 eV; 22°C: E, = 0.268 eV; 25°C: E, = 0.48 eV; 28°C: E, = 0.953 eV). In each panel, the dotted-dashed horizontal line shows
the assumed constant rate of parasite infectivity (i.e., cyst survival in the absence of host resistance: i; = 1), the dashed curve represents
the model-estimated thermal performance curve for cyst clearance (c;), and the solid curve shows the resulting model prediction for the
temperature-dependent rate of metacercaria survival (A;). Open circles represent the mean survival at each performance temperature (bars

show standard errors).

was higher), suggesting a potential shortcoming in the
modeling approach. Parasite encystment rates were lower
overall at this performance temperature, possibly allowing
for more complete clearance by the host immune re-
sponse, which might help account for this pattern. Com-
parisons with measurements of whole-body tadpole respi-

ration revealed quantitatively similar values for the key
physiological parameters E, and T%. The high temperature
for deactivation of host respiration was 35.0°C, and the
high temperature for deactivation of cyst clearance was
31.23°C. The average activation energy for respiration
across all acclimation temperatures was 0.66 eV, whereas
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Figure 3: Comparison of thermal acclimation effects on the activation energies of uninfected host respiration and metacercariae clearance
by the host. A depicts the best-fit model predictions for quadratic thermal acclimation effects on E; for host respiration for three acclimation
temperatures (13°C: solid blue, triangles; 22°C: dashed purple, squares; 28°C: dotted red, diamonds). B summarizes the best-fit model
predictions for acclimation effects on E. for cyst clearance for the same acclimation temperatures. However, acclimation temperature groups
for the clearance data are grouped for clarity (low, blue: 13°C and 16°C; intermediate, purple: 19°C and 22°C; high, red: 25°C and 28°C).
C shows the quadratic change in activation energy as a function of thermal acclimation temperature for both cyst clearance (solid) and unin-
fected tadpole respiration (dashed). Thick lines represent the quadratic effect described in table S4 (clearance) and table S6 (respiration). Thin
lines and shaded areas show the 95% confidence interval. D depicts cyst clearance data identical to B; however, the model predictions are gen-
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the average activation energy for cyst clearance was 0.64 eV,
both of which are near the average activation energy value
for all taxa (Brown et al. 2004). Additionally, host respira-
tion and cyst clearance both yielded qualitatively similar
curvilinear effects of acclimation temperature on activation
energy (fig. 3B, 3D). These findings show that it is possible to
use a relatively straightforward measurement of physiologi-
cal performance, such as organism respiration, as a proxy to
predict the temperature dependence of a host’s ability to
clear a parasitic infection.

Unlike our findings for metacercaria clearance, resis-
tance to parasite encystment generated qualitatively dif-
ferent patterns of temperature dependence from tadpole
respiration, suggesting that this component of host resis-
tance is at least partially decoupled from host metabolic
rate, consistent with studies that found different patterns
of acclimation for different performance metrics (Wilson
et al. 2000; McWhinnie et al. 2021). Why might some
components of host resistance be less tightly linked to
host metabolism than others? In the case of R. ondatrae
infection in tadpoles, it seems clear that different aspects
of the immune system are involved at different stages of
infection. Relative to clearance of encysted parasites, the
encystment process occurs on a much shorter timescale
(minutes to hours instead of the days to weeks required
for metacercaria clearance by a host; Rohr et al. 2008;
Pochini and Hoverman 2017) and involves different host
tissues (e.g., skin). We hypothesize that resistance to en-
cystment may be less limited by host metabolic rate than
clearance of metacercariae, because of the short timescale
of this process and thus greater reliance on constitutive im-
mune defenses. By “constitutive,” we refer here to defense
mechanisms that were produced and locally present prior
to parasite exposure, such as peptides, complement, phys-
ical barriers, and locally available cells like macrophages
(Mangoni et al. 2001; Rollins-Smith et al. 2002; Wood-
hams et al. 2007; Davis et al. 2008). In contrast, clearance
of encysted parasites occurs on a timescale of days to
weeks and is more likely to rely on processes limited by
rates of cellular metabolism, such as migration of immune
cells to the site of infection and production of new im-
mune cells and/or proteins to attack the parasite (Patel et al.
2009; Gervasi et al. 2013). We postulate that host clearance
mechanisms occurring on longer timescales and relying on
inducible defenses (e.g., acquired immune responses) may
be more limited by metabolic rate than constitutive defenses
and thus more likely to be predictable using MTE-based
modeling approaches. Further studies would be needed to
test the potential generality of this hypothesis and whether
it applies to other aspects of host performance, such as be-
havioral resistance mechanisms. For example, a tadpole’s
ability to dislodge an attached cercaria prior to skin pen-
etration might depend on its metabolism-limited muscle

performance, whereas its ability to select a relatively parasite-
free microhabitat might be decoupled from metabolism
(Taylor et al. 2004; Daly and Johnson 2011; Szuroczki and
Richardson 2012). It would also be interesting to explore
approaches like those used by Dell et al. (2014) or Ohlund
et al. (2015) to predict attack rates based on predator and
prey relative velocities. Some species of trematode larvae,
such as R. ondatrae, swim constantly once released into the
environment (Beaver 1939), which is partly analogous to
active-capture predation and might be more predictive of
initial infection rates.

Even though host prevention of parasite encystment
had different patterns of temperature dependence from
host respiration, it was nevertheless possible to describe
the complex pattern of temperature-dependent parasite
encystment using MTE-based thermal models. The para-
site encystment model’s fit was substantially improved
by incorporating a lower threshold velocity (swimming
speed) below which cercariae were unable to infect hosts
(ir = 0; fig. 1). This finding is consistent with empirical
observations taken during the cercaria swimming speed
experiment. At our two highest temperature treatments,
most cercariae were unable to swim up into the water col-
umn (K. A. Altman, personal observation). Although par-
asite infectivity is a complex trait involving multiple phys-
iological adaptations and host-seeking behaviors (Graczyk
and Shift 2000; Fingerut et al. 2003; Smith and Cohen
2012), our results suggest that cercaria velocity is a reason-
able proxy for parasite infectivity for predicting the tem-
perature dependence of R. ondatrae infections.

For all three metrics of host performance in this study,
our analysis revealed that thermal acclimation effects
were best described within an MTE-based modeling frame-
work by allowing the activation energy parameter to vary
as a function of acclimation temperature (figs. 1-3). These
results may have implications for what types of physiolog-
ical changes may drive observed effects of thermal acclima-
tion on performance of L. clamitans tadpoles. Which phys-
iological mechanisms drive acclimation effects on thermal
performance curves remains an important outstanding
question in thermal biology. Most of what we know about
mechanistic drivers of thermal acclimation relates to ex-
pression of heat-shock proteins (HSP), which is likely
more relevant for parameters describing tolerance of ex-
treme high temperatures, such as CT,,.. (Tomanek and
Somero 1999; Narum et al. 2013). Changes to the slope
of the thermal performance curve following warm- or
cold-temperature acclimation, as observed in this study,
could be driven by changes in expression of rate-limiting
metabolic enzymes or enzymes specific to immune func-
tion. Alternatively, the acclimation effects could be driven
by changes in overall host body condition following expo-
sure to stressful warm or cool temperatures (Geiser 2004;



Paull et al. 2015). Such “thermal stress” effects would be
expected to reduce overall tadpole performance across all
temperatures rather than changing the slope of the perfor-
mance curve, unless there was some sort of additional con-
straint on host performance (e.g., upper limits for rates of
respiration or cyst clearance at high temperatures; fig. 3).

Conclusions

Taken together, these experiments and models show that
the MTE-based approach proposed by Rohr et al. (2013),
which describes the temperature dependence of infec-
tion as the thermal mismatch between parasite and host
performance curves, can be successfully applied to de-
scribe complex temperature and thermal acclimation ef-
fects on a model host-parasite system. We also show that
thermal acclimation effects on various aspects of green
frog performance can be described by making E, a func-
tion of acclimation temperature, with potential implica-
tions for the physiological mechanisms underlying these
acclimation effects. Furthermore, this study provides vali-
dation for a key assumption of MTE-based models to de-
scribe thermal performance, namely, that key parameters
like E, will have similar values across physiological pro-
cesses within a species (Gillooly et al. 2001; Brown et al.
2004; Dell et al. 2011; Molnar et al. 2017). The potential
for parameter generality across taxa and physiological sys-
tems makes MTE-based modeling a potentially powerful
approach to describe the temperature dependence of par-
asitism, particularly for systems involving large numbers
of potential host species that might not be amenable to
direct infection experiments (e.g., trematode or fungal in-
fections in threatened amphibian species). However, our
results suggest that some aspects of parasite infectivity or
host resistance are more closely tied to organism meta-
bolic rates than others, so researchers should take caution
in selecting metabolic proxies for parasite or host perfor-
mance or making untested assumptions about parameter
generality. Future studies should focus on determining
whether and how different aspects of parasite infectivity
and host resistance relate to organism metabolic rates,
to assess the general utility of MTE-based thermal models
for predicting temperature dependence of internal para-
sitism and other species interactions.
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