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Abstract

Understanding speciesd geographic distributio
science, biogeography, conservation biology,
distribution are shaped by abiotic (climate) factors, biotic (e.g.uress for survival,

competitors) factors, and dispersal factors. In this dissertation, | have used physiological

parameters measured in the laboratory under controlled conditions to understand constraints on

species6 distributions.

In my first chapter, explored how parameters documented in detailed physiological studies

could be used to understand the constraints on the geographic distribution of Spansh moss
(Tillandsia usneoidgs| used four physiological parameters of Spanish moss that circumscribe

optimal conditions for the species for survival and growth. Using-tegiporairesolution

climate data, optimaland nanpt i mal areas in the speciesbd geo
identified. My results indicated that Spanish moss survives under smiabptinditions for few

days in many parts of its geographic distribution, although numbers of days differed for various

physiological parameters. This chapter was publish&lobal Ecology and Biogeography

Continuing from t hiavedtigatedswhetherroptimdl ghysidlegical e sul t s,
parameters are available for Spanish moss populations specifically during the flowering/fruiting
season. Flowering/fruiting season is an important life stage for plant species, as it is during this
period that tk plant produces new recruits for maintaining populations. Results in this chapter

indicated that flowering/fruiting period of Spanish moss frequently is under suboptimal



conditions, but that the flowering period tends to be tuned such that Spanish puasiques

receive at least one optimal physiological parameter, and generally the parameter emphasized is
that of minimum temperature. This chapter has been reviewed for publicafi@Ba®lants has

been revised to meet t smwaganundencensice@tiorbyhe ct at i

journal editors.

In the third and final chapter, | analyzed 33 anuran species for the critical maximum temperature
parameter (Cfa). CTmaxplays a crucial role in larval stages of anuran species. | evaluated

whet her any part of t he gaipa&dwhetisedthisdGhLastbeingb ut i on
experienced more often in recent years as a consequence of warming climates. My analysis
supported the idea that 70% of the anuran species experienggcaC3ome point over a 22

year time period. However, only a single species saw,{king experienced across its

distribution more often through time. This manuscript is in preparatiosufimission for

publication.
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Introduction

Understanding geographic distributions of species represents a major priority in biodiversity

science, biogeography, conservation biology, and evolutionary biology. Ecological niche

modeling (ENM)ad t he rel ated ideas termed fAspecies d
that have become popular in recent years, in light of their characterization of distributions and
simplicity of implementation, as well as given broad availability of necessarpdata s peci e s 6
occurrences and environmental landscdpesersoret al, 2011) With these correlative

approaches, known occurrences of species are related to suites of environmental variables to
estimate speciesd ecol ogi qadntiallgeogrépbicsdistabutbnsi d e n t
As these methods estimate niches based solely on environmental associations of known
occurrences of species, however, they make no use of information that may be available

regarding physiological tolerances of species.

A distinct set of approaches to understanding distributions of species makes explicit

consideration of morphology, behavior, and physiological limits as they relate to distributional
ecol ogy. I n these Abiophysi calaodeoergybalaree hani st
equations are developed as functions of characteristics of organisms under different conditions
(Porteret al. 1973) These models are then related to maps of climate and other environmental
features to identify areas as habitable or-habitable under the assumptions of the models. For
exampl e, Ni @borter &Machep 2006fncorporates aspects of behavior,

morphology, and physiology, in relation to macand micrescale environmental dimensions.



Heatenergybalance equatiorere developed based on morphological, behavioral, and
physiological traits of the species in question; through evaporation terms, water balance can be
incorporated as well. Once these equations are established, available energy is calculated from
microclimate models, and the potential distribution of the species can be estimated across the
landscapéPorteret al. 1973; Porteet al 2002; Kearney & Porter 2004; Porter & Mitchell

2006)

Both biophysical and correlative modeling approaches, however, have significant and
substantive weaknesses. Biophysical models have been developed for relatively few species, are
informatiorrintensive, are highly parameterized owing to consideration efgmequirements,

and require many assumptions, but represent a clear path to characterization of fundamental
ecological niches of speci@Betersoret al, 2011) Correlative models, on the other hand, are
simple, and may ignore biologically relevant &adiut are informative if placed within an

improving conceptual framewo(Retersoret al, 2011) Model implementation in ENM is

dependent on understanding configurations of relevant abiotic, biotic, and dispersal factors:

using the conceptual frameworferred as BAMSoberdn & Peterson, 2005; Soberdn, 2007)
model <calibration is robust when the speciesbo
dispersal ability (Saupe et al., 2012). Hence, neither of the two dominant approaches is entirely
satisfactory, which demands exploration of additional approaches and ideas that can enrich and

educate research efforts.



This dissertation is in effect a broad overview and series of case studies of the role of

physiological constraints in delimitingspee s 6 geogr aphic distribution

using detailed measurements of physiological parameters from other studies in tandem with
high-temporalresolution climate data. The result is an exploration of how physiological
tolerances scale acrossmyarders of magnitude to translate into limitations on geographic

distributions of species.

In the first two chapters, | investigated distributional constraints on Spanish Tiltzssl6ia
usneoidepusing detailed physiological measurements performéueitaboratory by Craig

Martin, and 6 hourly weather/climate data covering the period-2089. | explored the

geographic distribution of Spanish moss using traditional correlative niche modeling approaches,
and then compared the outputs to resultsraptaral scaling of optimal physiological conditions

in the climate datdn the second chapter, | examined the timing of flowering and fruiting by
Spani sh moss popul ations across the specieso
of optimal plysiological conditions. | used herbarium specimen records of flowering and fruiting
Spanish moss to identify populatigpecific flowering and fruiting periods, and tested detailed
environmental data for associations with minimum temperature, maximumrsgorgerelative

humidity, and rainless days requirements on a univariate basis.

Finally, in my third chapter, | analyzed 33 anuran species in relation to their critical maximum

temperature (Clay) val ues during the breeding period

a (



For anuran species, critical maximum temperature,ggTn larval stages represents an

important constraint on life cycles. An individual experiencing conditions approachipg@s

higher chances of death or abnormal larval development, which in turn is reflected in declining
recruitment to reproductive populations. Little research has been done in regard to how often
species experience Gdxtemperatures in real life, or whethbe frequency of exposure to

CTmaxiS increasing over time as a consequence of climate change. Hence, this contribution, |

used hightemporalr e s ol uti on c¢l i matic data to understan
experience conditions approaching&dand whether species have been experiencing,CT

increasingly frequently over the past two decades.



Chapter 1

The role of physiological optima in shaping

the geographic distribution of Spanish moss

! Barve, N., Martin, C., Brunsell, N. A., & Peterson, A. T. (2014). The role of physiological
optima in shaping the geographic distribution of Spanish n@lebal Ecology and
Biogeography23(6), 633 645.http://doi.org/10.1111/geb.12150



http://doi.org/10.1111/geb.12150

Abstract

To understand speciesdO geographic distributi
application, in spite of challenges regarding estimation of fundameaokeds that limit model
transferability over time and space. Mechanistic models are an alternative, but can be difficult to
implement, owing to the detailed knowledge that they require about the organism for full
parameterization. In this paper, we explre geographic projection of physiological
measurements of optimal temperature, precipitation, and relative humidity requirements, as
measured under controlled conditions, using high temporal resolution climate dataset as a case
study for Spanish mos3i{landsia usneoidgsand compare scaling effects with correlative

niche models calibrated in Maxent. We used Highporairesolution climate data to understand
how often and where Spanish moss populations occur under optimal aogtsoél conditions

with respect to different environmental variables across their geographic range. We used higher
spatiatresolution weather station data for the United States to provide ayfimieed view. We

also developed ecological niche model, to show how averagedeliata can present

inaccurate views of physiological thresholds of the species. Few populations of Spanish moss are
located at sites presenting sojtimal conditions for more than two environmental parameters.
The northern distributional limit of Spanishoss is set by minimum temperature requirements,
whereas maximum temperatures are less limiting. However, when the same occurrences are
analyzed with respect to averaged climate data, 95% of populations appear to fall within the
optimal physiological intevals.Our analyses revealed that most Spanish moss populations do
not experience optimal ecophysiological conditions for all environmental variables, even over
long time scales. Physiological data may be of limited utility in delimiting suitable areas for

populations of species, but offer unique perspectives on causes of range limitation.

o



I ntroduction

Understanding geographic distributions of species represents a major priority in biodiversity

science, biogeography, conservation biology, and evolutionary biology. Ecological niche

modeling (ENM) and the related species distribution modeling are techkritptehave become

quite popular in recent years, in light of their characterization of distributions and simplicity of

i mpl ementation, as well as given broad availa
environmental landscapéBetersoretal., 2011) With these correlative approaches, known
occurrences of species are related to suites
ecological niches and identify corresponding potential geographic distributions. As these

methods estimate rhes based solely on environmental associations of known occurrences of
species, however, they make no use of information that may be available regarding physiological

tolerances of species.

A distinct set of approaches to understanding distributiongemfies makes explicit

consideration of morphology, behavior, and physiological limits as they relate to distributional
ecology. In these biophysical or mechanistic models, energy budgets and energy balance
eqguations are developed as functions of charatitesiof organisms under different conditions
(Porteret al. 1973) These models are then related to maps of climate and other environmental
features to identify areas as habitable or-hahitable under the assumptions of the models. For
example, Niche Ma p e (P&rter & Mitchell 2006)ncorporates aspects of behavior,
morphology, and physiology, in relation to macaod micrescale environmental dimensions.

Heatenergybalance equations are developed based on morphological, behavioral, and



physiological taits of the species in question; through evaporation terms, water balance can be
incorporated as well. Once these equations are established, available energy is calculated from
microclimate models, and the potential distribution of the species can t@testiacross the
landscapéPorteret al. 1973; Porteet al 2002; Kearney & Porter 2004; Porter & Mitchell

2006)

Both biophysical and correlative models, however, have weaknesses. Biophysical models have
been developed only for a relatively few specas informatiorintensive, are highly

parameterized due to consideration of energy requirements, and require many assumptions, but
represent a clear path to characterization of fundamental ecological niches of (feteisoret

al., 2011) Correlatie models, on the other hand, are simple, and may ignore biologically
relevant facts, but are informative if placed within an improving conceptual framework. Model
implementation in ENM is dependent on understanding configurations of relevant abiotig, bioti
and dispersal factors: using the conceptual framework referred as(8aiérén & Peterson,

2005; Soberoén, 2007) mo d e | cali bration is robust when

abiotic factors and not by dispersal abiiBaupeet al, 2012)

In this paper, we examine the geographic distribution of Spanish fitlaadsia usneoidgs
using traditional correlative niche modeling approaches and then compare scaling effects with
results from temporal scaling of optimal physiological conditiorthé climate data. These

physiological measurements were carried out under controlled environmental conditions;

t



i mplications of these measurements are explor
Our goal was to extend micszale, individukplantbased physiological measurements to

continentwide resolutions and extents. Specific questions were (1) what periods of time outside
optimal threshold values of temperature and precipitation must be withstood for persistence, and

(2) can physiologial measurements taken at a single site near a distributional extreme be
relevant to illuminate distributional constra
result is a picture of what might ibweof ter med 6
distributional constraints across multiple scales of time and space. Comparing results with

ecological niche models developed using Maxent illustrates important scaling issues in climate

data.

Methods

Study Organism

Spanish mossIfllandsia usneoids is an epiphytic flowering plant of the family Bromeliaceae,

is distributed between approximately 38°N and 38°S latitude. It typically grows in warm and
humid climates on trees or other supporting structures, such as telephone or power cables
(Billings, 1904; Garth, 1964; Callawagt al., 2002) Spanish moss occurs over a broad

elevational range (about 100 to 3300 m), and associations with atmospheric moisture content and
temperature vary significantly according to eleva(iGentry & Dodson, 1987; Kre#t al,

2004) The species does not occur at very high elevations, which are apparently too cold for its
persistence. No specific biotic interactions have been observed to affect Spanish moss

distribution, except a possible association with a spitktaphidippus tillandsiae the
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Mississippi Delta regiofYoung & Lockley, 1989)The general natural history of Spanish moss
suggests that its distribution will prove to be highly constrained by climatic fdGarth,

1964) more or less in line withhte A Hut chi nsonds detad2012). scenari o

Temperature, humidity, and drought conditions are known to affect growth and persistence of
Spanish mosgGarth, 1964; Martin & Siedow, 1981; Martat al, 1981; Martin & Schmitt,

1989) A yearlong field experiment (May 1978 to May 1979) was performe¥hbytin et al
(1981)near Elizabethtown, North Carolili@8.594W, 34.682N), and found that Spanish moss
growth is concentrated in summer months, whereas winter growth is almost negligiltie.e¥ar

al. (1981) showed that Cfptake is maximal when daytime temperaturel B338C, CO, uptake

was eliminated at or below® and at or above 40. Kluge et al. (1973)also performed

experiments on Spanish moss in the laboratory, with similar results regardingp@e;

however, they used greenhotgewn Spanish moss, and their experiment was done in the
laboratory under constant temperature and humidity. Marah (1985, 1986) assessed North
Carolina Spanish moss populations with respect to irradiance effects on morphology and
physiology, finding that Spanish moss responds to irradiance by adjusting physiology more than
morphology. 8udying Spanish moss populatis from Newton, Georgia, Garth (1964) showed

that, without periodic rain, Spanish moss cannot survive, even when water is supplied externally;
he found that Spanish moss has optimal performance only®Bhconsecutive rainless days,
andMatrtin et al (1981)corroborated this result with additional information that,@take is

minimal when Spanish moss is wet by rain, suggesting that Spanish moss does not prefer

locations where it rains every day, but rather needs some dry periods. Overall, thenfroesul
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these experiments suggest four parameters that could be analyzed at continental extents:
minimum temperatur€6°C (Martin et al, 1981) maximum temperatut@5°C (Martin &
Siedow, 1981)nighttime humidityC50% (Martin et al, 1981) and rainlesslaysOL5 (Garth,

1964)

Data

We examined how these thresholds are met (or not) for Spanish moss across the Americas over a
22 year period (Jan 1989ec 2010). We used the ERA interim reanalysis climate data

developed and supplied by the European CdatdvlediumRange Weather Forecasts. These

data are based on a combination of models and observations;htirlg temporal resolution;

every second datum is a forecast, whereas the other is a model result. We used only the model
result data, thus redung the 3hourly dataset to a-Bourly dataset. The dataset has a somewhat

coarse native spatial resolution of 1.5° x 1.5°, or approximately 165 x 165 km at the Equator

ERA interim data were processed to generate optimal andirbal areas with respeitt each
variable through time. Data were downloaded fidip://data

portal.ecmwf.int/data/d/interim_dail§or the following parameters: minimum temperature at 2

m, maximum temperature a2tm, mean temperature at 2 m, dew point temperature at 2 m, and
precipitation. The ERA interim data are stored in NetCDF format
(http://www.unidata.ucar.edu/packages/netcdf/index.hraly & Davis 199)) these data were

processed via tR@® CdrenDevelopmen Beank2808;ePierca 2011)


http://data-portal.ecmwf.int/data/d/interim_daily/
http://data-portal.ecmwf.int/data/d/interim_daily/
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In the relatively coarse global climatic model data, details are averaged over broad areas and may
be lost. For a fineresolution view, we used data from the United States Historical Climate

Network (USHCN http://cdiac.ornl.gov/epubs/ndp/ushcn/ushen. wtmhich are a subset of the

Global Historical Climatology Network (GHCN) network. In total, weather station data were
available from 1218 stations across the United States; these stations are also part of the
Cooperative Observer (COOP) Network, whichorels precipitation details for the country. We
buffered the United States portion of the Spanish moss range by 700 km, and data from the 608
weather stations within that area were downloaded for analysis. We extracted daily data from 1

Jan 1989 to 31 Ded20 for minimum temperature, maximum temperature, and precipitation.

To develop daily surfaces for temperature and precipitation using USHCN weather station data,
we used elevation as a covariate in simple kriging model. Elevational data were downloaded

from (http://topotools.cr.usgs.gov/IGMTED viewea/t a spati al resol ution

km at the equator), which were resampled to 5
approximaely among weather stations in the original data. Surfaces were fitted using variograms

with R packages ncdf, raster, and gd&iibeiro & Diggle, 2001; Digglet al, 2003; Diggle &

Ribeiro Jr., 2007; Bivandt al, 2008; Hijmans & van Etten, 2012Jhesekrigged surfaces for

minimum temperature, maximum temperature, and precipitation were stored in NetCDF format
(Pierce, 2011jor the entire time period. Root mean square (RMS) error was checked for

interpolated data; RMS error measures error between @usealues and values predicted by

the model: 0 indicates perfect fit, while large values are considered bad model predictions. RMS


http://cdiac.ornl.gov/epubs/ndp/ushcn/ushcn.html
http://topotools.cr.usgs.gov/GMTED_viewer/)
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errors were al0B, indicating robust predictior{slyndman & Koehler, 2006)

For the development of ecological niche mogeis used ERA interim climate data for
generation of O6bioclimaticdé WHignanset &,2@18) Tawsi ng
make niche models comparable with the physiological distribution model, we used only those
variables used to analyze tpleysiological limits. We generated average relative humidity using
dew point temperature and the mean temperg&irdl, 1988) we also generated maximum
numbers of rainless days for each grid cell as a count from the data. Other bioclimatic variables
usal were annual mean temperature, maximum temperature of warmest month, minimum
temperature of coldest month, mean temperature of warmest quarter, mean temperature of
coldest quarter and annual precipitation. We employed MRéiitips et al, 2006)to dewelop

niche models with default settings, except that we used 50% random subsetting with 100
bootstraps, and 2500 iterations for model calibration. The average of bootstrap models was
thresholded by reclassifying the suitability of pixels to 0 below thledsigsuitability value that

included 95% of occurrence points used in model calibrgBetersoret al, 2011)

Data Analysis

An R script was developed using the raster, ncdf, and sp padiBggasdet al, 2008; Pierce,

2011; Hijmans & van Etter2012)to identify suitable and unsuitable areas for Spanish moss in
terms of its physiological thresholds. For the ERA interim data, for minimum and maximum
temperatures, the script checks the value of each variable across four daily observations; a grid

square was marked as unsuitable for a day whenever two consecutive observations were outside
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the limit. For precipitation, whenever all four daily observations were O (i.e., no precipitation), it
was considered as a day with no precipitation, and all cotigesets of 15 days were checked;
when any 1&day period had no precipitation, the grid square was considered as not siitable.
relative humidity, dew point temperature and mean air temperature at 2 m were used, and
relative humidity was calculated &h =eyTq)/e(Ts), or the ratio of saturation vapor pressee,

at dew point{y) to that at air temperaturé,], wheree; for any temperaturé is given byey(T)

= 6.112#&!7502T/(24097) (g1, 1988) We identified grid cells as unsuitable whenever two

consecutive observations fell below the humidity limit.

For the USHCN data set, only single observations were available per day, and data were
available only for minimum temperature, maximum tempeeatand precipitation, so relative
humidity data were not considered with this dataset. A grid cell was considered @igtable
whenever a single temperature observation fell outside the limit in the given time period. For
precipitation, any period ofSlconsecutive days of no precipitation was considered as non

suitable.

Next, because optimal physiological measurements do not focus on population persistence, but
rather on optimal individual performance, we explored relaxing temporal spans over which
thresholds were applied. For example, initially, a grid cell was considered unsuitable for
minimum temperature when two consecutive observations of the four daily observations fell

below thresholds in ERA, or when a single daily observation fell below teghtbld in USHCN.
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We explored effects of increasing these time spansdgySntervals, and assessed at what point
the key population in North Carolina fell in the suitable category: in both data sets, a grid cell
was marked as unsuitable for minimum temgture over periods of 1, 5, 10, 15, 20, 25, and 30
days; for maximum temperature, time spans explored were 1, 5, 10, 15, 20, 25, 30, up to 135
days; for precipitation, time spans were 15, 20, 25, and 30 days; and for relative humidity, time

spans were B, 10, 15,20,25,30, up to 70 days.

To compare the actual distribution of Spanish moss with the suitability maps developed,

occurrence data were downloaded from GBifp(//www.gbif.org andspeciekink

(http://splink.cria.org.bl 1632records from GBIF and 580 frogpeciekink. Records were

curated for inconsistencies like (a) wrong place names, where the place hame and geographic
coordinates did not match; (byeng geographic locations wherein geographic coordinates fell

in the ocean or on a different continent; and (c) duplicate records; these data were either
corrected or delete@hapman, 2005After curation, the data set had 776 records remaining

from GBIFand 381 fronspeciekink, totaling 1157 records, of which 295 fell within United

States, with highest spatial density. These occurrences were overlaid on the suitability maps for
each variable to understand how occurrences relate to optimal paramegsrfealspanish

moss. We used cumulative binomial probability tests to evaluate whether coincidence between
occurrences and mapped suitable areas was better than would be expected aifetsisonet

al.,, 2011) Finally, we averaged temperature datar tie 22 years for each occurrence site and

for all pixels in the study area to understand effects of averaging climate data.


http://www.gbif.org/
http://splink.cria.org.br/
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Results

Our results indicate that Spanish moss northern distributional limits are shaped by ability to
tolerate low temperatusdor long periods of time. In the south, however, relative humidity and
rainless days appear more important in shaping the distribution (Figures 1Cén8al and
northern South American popul ati ons®C,aucways e x
that minimum temperatures do not constrain those populations. However, allowing a single day
below minimum temperatures failed to identify known distributional areas at higher latitudes as
suitable. Indeed, to include the location in North Carolina wpler@ was collected for the
physiological measurements, it was necessary to allow up to ~30 daysaytsual minimum
temperature. This calibrated temporal criterion (i.e., 30 days of minimum temperature) yielded a
map that included almost all known pdgiions of the species. Of the few occurrences that were
omitted, the great majority fell along the edges of the caas@ution global ERA dataset.

Similar approaches to the finegsolution USHCN data suggested an appropriate temporal span
for minimumtemperature of ~45 days. However, averaging climate data over-treaPperiod,
temperatures at occurrence sites always fell within the optimal minimum temperature range

(Figure 4a).

Maximum temperature depicts (Figure 5) an intriguing constrairasgreesenting optimal
maximum temperatures under singl@y criteria were very small, with optimal maximum
temperatures available continuously only in western South America:l&tigide areas were not
affected by sumptimal maximum temperatures, butgrcal and suliropical areas were

severely constrained in this dimension. Indeed, increasing the number of days outside of the
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optimal range up to 135 days still did not include all occurrences (see, e.g., occurrences in
Yucatan Peninsula and northern Bjaahe USHCN data similarly indicated that suitability for
maxi mum t emper at ur-atimalcenditions &t ldngew pereods €i.6., >30uays)
to include most of the known occurrences of the species. Howevgea? 2average maximum

temperatoes almost always were below 35°C (Figure 4c, 4d, 6d).

For precipitation, again, strict temporal limits (15 days) had to be relaxed, such that occurrences
are seen where rain occurs only at least every 30 days (Figure 2). Although the ERA data showed
thewestern edge of the distribution in the United States and Mexico as unsuitable even when the
temporal criterion was relaxed to 30 days, the fimesolution USHCN data suggested that a

criterion of ~30 days suffices to include all occurrences. A perie@@fdays was required to

include the site where physiological measurements were taken.

For relative humidity (Figure 3), the initiatday temporal criterion identified few grid squares

as suitable. The location where the physiological measurementsakenrewas within suitable
conditions at 15 days. However, to cover almost all of the known occurrences, ~70 days were
needed; even with a #fay of temporal span, a few occurrences in Colombia, Peru, and Ecuador
were not covered under suitable areas. Tésslt suggests that the ERA data are at such a coarse

resolution that the plants may encounter appropriate humidity microclimates.
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To assess the result statistically, cumulative binomial probability tests assessing coincidence
between singleariableclimate suitability maps and known occurrences of the species were
calculated in geographic space (Table 1). These probability values were significant for minimum
temperature at all temporal scales in the ERA data, but only over broader temporal stiad¢es for
USHCN data. Probability values for rainless days were significant over all temporal scales for
both climate datasets. For maximum temperature, probability values were significant only at
singleday time scales in ERA, but also for longer scales in OSHRelative humidity showed

significance only for temporal scales of 1 and 5 days.

Our results also indicate that when temperatures are averaged, over long periods, populations
appear to experience optimal physiological thresholds, and the resultan¢ pigpears much

more acceptable than when optimal conditions are assessed without averaging. Bar plots of
averaged data suggest that occurrence sites always experienced minimum temperatuf€ above 5
and maximum temperatures below@%Figure 4) even when the raw data make clear that such

is frequently not the case.

Among seven variables which are used in niche model calibration, relative humidity was
weighted most heavily in model calibration (See Figure S2 in supporting infornatiewing

our niche models as responses to environments, we see that more than 95% of Spanish moss
populations are always within optimal thresholds of temperature and relative humidity (Figure

6ad, Figure S3). However, in the case of rainless days, ipapylations are not within optimal
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thresholds. This figure effectively shows the effect of averaged climate data used in niche
models. Figure 4 (f) shows the potential distribution of Spanish moss populations throughout

Americas, based on niche model flesu

Discussion

In our simple univariate testing scheme, climate data were processed in various environmental
dimensions to investigate temporal limits on Spanish moss occurrences. Physiological data are
measured on very fine scales of time and spage (€°-10° m), whereas climatic data are by
nature averaged broadly (<) and can be difficult to develop at such fine scales for
hemispheric extents, owing to limited data availability and computational {Bwteret al,

2013) Applying the phym®logical data across a hemisphere (as in this study) requires scaling at
two levels: scaling physiological thresholds from individuals to populations to global
distributions, and scaling from microclimates to macroclimates. Effects of physiological limits

on individuals could include reproductive failure, loss of mobility or shortened life spans.
Ribeiroet al.(2012) showed that effects of critical thermal limits on the recovery process-in leaf
cutting ants Atta sexdens rubropilo3aepended on the tinover which critical temperatures

were experienced, and how long and/or often those temperatures were experienced by the ants.
At the scale of populations, one can see that extreme conditions outside physiological limits may
affect population sizes, eveausing local extirpation. At the species level, different

environments manifested across geographic distribution of species may create distinct selective

environments, under some circumstances leading to local physiological adajiediyet al,
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2005) Hence scaling individual physiological tolerances to species entire distributional areas via

simple assumptions is likely to introduce erfdddo-Bediakoet al, 2000)

Scaling from microclimate to macroclimate requires another set of assumptions, because
processes affecting microclimates are different from those affecting macroclimates. For example,
turbulence flux plays a role at fine scales that can be ignored aebszades. Also, in

development of equations for scaling, parameters at fine scales may be well defined and
parameter relationships linear, but at broad scales relationships may-lnreeaonowing to

influx of heat, moisture, and momentum over heterogesareas. Interactions between land and

at mosphere vary according to the scale of ana
impossible. If data are gathered from different localities, finding a proper method for data
aggregation is also a challen@runsell & Gillies, 2003) Further, processes at different scales
receive feedback from each other, which influences processes and in turn this complicates the
system. Hence, while studies across diverse scales are essentials, integrating acsrsddbese

poses significant challeng@d/u & Li, 2009).

As mentioned earlier, although microclimatic conditions affect individual organisms on quite

fine scales, many issues surround translation from microclimate and individual performance to
macroclimate ad population persistence. In biophysical models, which are based on first
principles of growth and reproduction, physiological measurements are scaled to match available

climatic data(Kearneyet al, 2008; Kearney & Porter, 20Q9)hese approaches thussame to
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some degree that local landscapes are homogeneous. In reality, however, local landscapes are
highly heterogeneous, demanding approximations of parameters or broad assumptions regarding
parameter valuegd.homme, 1992)such that spatial resoluti@mbsumes a major set of

assumptions of firsprinciples approaches to these issues. For Spanish moss, being an epiphyte
in tree canopies, heterogeneity of the landscape is particularly difficult to parameterize. The
effect of scaling is seen by contrastmg coarse (~165 km) ERA results with our fine

resolution (10 km) USHCN results (Figure$,b): imagine if climate data were available at

still-finer resolutions, such that we could capture these phenomena at biologically relevant
resolutions. Generatirfghe resolution climate data is a challenge, requiring active collaboration

among disciplinegPotteret al, 2013)

In correlative niche model applications, environmental data are frequently averaged by month or
year, and our results with such data caded that modeled niches always tended to fall within
measured physiological limits (Figure 6). That is, species did not encounter their physiological

limits in correlative models owing to massive averaging of extremes in the climate data. On the
other had, with finetemporalresolution data, most populations encounter suboptimal

conditions in at least one dimension. What is more, with these finer data, one can view the
speciesbd6 response against a broader,mangofge of
the extremes are never manifested (see Figure 6, Figure S3), such that the existing fundamental
niche (i.e., the set of conditions manifested on geography) is notably smaller than the true
fundament al ni che (i . e.physidlogy Alsodiremhaeyrmedhanistid by t

models, climate data are used as monthly averages, thus ignoring temporal scale and allowing
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considerable information loss regarding temporal sequences, and thereby not taking fullest
advantage of the mechanistic apgech(Buckleyet al, 2010) The need for high temporal
resolution in environmental data used in mechanistic models has been acknowledged previously

(Kearneyet al, 2012)

Hence, in this analysis, we are making use of high tempesalution climate data, and we are

not scaling physiological measurements in terms of particular environmental values, as any such
values would be guesses at best. Rather, we scale them inaétepuos, to understand how

long populations can persist under-ggtimal average conditions, at least in absence of local
adaptation(Martin et al, 1985) and then overlay available occurrence data from GBIF and

speciekink to understand whether mostguiations are within suitable limits or not. Available
occurrence data suffice to outline major feat

populations are represented.

Martin et al.(1986) evaluated a few individuals of Spanish moss sommy and shady locations

in South Carolina with different irradiance levels. Their research showed that these plants
respond physiologically to various irradiance levels, suggesting that Spanish moss adjusts
physiologically to the microclimates it inhagitposing still more difficulty in generalizing
physiological responses from a few populations to entire distributions. In this paper, we
emphasize that, even when climate data are scaled temporally, not all populations appear to exist

under optimal condibns. Our result suggests (1) that optimal thresholds may be different in
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different places, (2) that tolerance limit may be quite broad, (3) that suitable microhabitats are
not captured in the climate data, or (4) that temporal intervals of optimal cmsdimiay need to

be relaxed still further. Use of physiological parameters from a single population has caveats due
to local adaptation or natural selection. To reduce the effect of local adaptation it is advisable to
collect physiological data from populats from widelyscattered geographic locations that

present distinct environmental conditions.

For example, for minimum temperature (Figure 1b), populations in North Carolina are within the
area presenting suitable conditions, but some populatiohs southern Peruvian Andes fall
outside the Iimit. The degree to which | ocal
be assessed without direct experimentation, and to develop a robust model, physiological data
from populations in the unsuiike category would be very informativieuckleyet al. (2008)

compared performance of biophysical and correlative approaches in anticipating range shifts
under climate change scenarios, and concluded that projected range shifts were more pronounced
in mechanistic models as compared to correlational models. However, to parameterize
mechanistic models, many assumptions were required, such that comparisons of these two
approaches are perhaps best considered as speculative. In applying measured physiological
thresholds from one or a few locations to broad distributional areas in this study, we see that
ecophysiological approaches have significant limitations as well. Because physiological
measurements are taken at one or a few sites only, any local adapthtnmt ke taken into

account in estimates of distributions, and projections of parameters may frequently fail to include

all populations.
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Our results also suggest an interesting contrast: Spanish moss populations can persist outside of
optimal minimum tenperature ranges for a few days, but can withstanaptitmal thresholds

for maximum temperatures for longer periods. Clearly;@utimal conditions in the growing or
flowering season might have different implications than at other times. For exarepeettific
importance of conditions during particular life stages of insect populations has long been
appreciatedWellington, 1956) Clearly, if the species cannot reproduce in a place, it is not going
to occupy that region, so, naptimal conditions inhe growing season may constitute a more
specific constraint on the distribution of Spanish moss (See Figure S1 in Supporting
Information). When the occurrence data are plotted against the average climate data (Figure 6),
about 95% of the populations convéhin optimal physiological ranges. Our approach thus
stresses the importance of using temporally-ficale climate data for analysis, particularly

when integrating physiology of species in the model.

The approach used here is not considering int@racii variables for a simple reason: as
physiological limits data are usually assessed for different variables independently, these
experiments assume other variables at constant value, although a few studies have attempted to
assess physiological resposse multiple variableg€Johnsoret al, 1997) The difficulty in

capturing multivariable responses lies in time investment required for experiments. Also, many
times, particular combinations of variable values may not exist in the real world, yettioterac

of variables may play important roles in limiting distributions of spe8esth (2013) examined

the role of interactions of temperature and precipitation in constraining ranges of 67 mammalian
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species; their results indicated that interactions betvilee two climate dimensions play

important roles in shaping the distributions of 85% of the species.

Ecophysiologists measure either optimal thresholds or tolerance limits for environmental
parameterg¢Martin & Siedow, 1981; Martiet al, 1981; Huey &Hertz, 1984; Angillettaet al,

2010) which must be pondered if their results are to be used in these geographic views. Such
studies cover only a few variables, and each variable is generally assessed independently of
others, so using this informatiorréctly in biophysical models can be complex, because only a
subset of key parameters is measured. Several studies have begun using biophysical data for
estimating niches and distributions, yet physiological data are available from a relatively few
specienly. For exampleKearneyet al. (2008) explored potential distributions of an invasive
toad species in Australia based on biophysical parameters, but measurements were available only
for adults, and only for invasive populations: characterizing thedigdathl measurements

would involve considerable time and resources. Hence, notwithstanding that biophysical
measurements may be (in theory, at least) excellent ways to characterize fundamental niches,

their application in practice is not straightforward.

Although this approach can be used to understand the physiological constraints on the
populations, but cannot be used so readily to predict the distributions of species per se, the
approach used here provides valuable insights into, and leads to néarguasout, the biology

and ecophysiology of the species under investigation. For example, when populations of the
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species occur well outside the physiologically optimal environmental conditions (e.g., Spanish
moss populations in Brazil, Baja Californamd central Mexico; Figures 4 and 5), are

individuals in these populations under severe stress and growing poorly, or do these individuals
possess unique ecophysiological features that prove adaptive in these putatregiiraab
environments? Answers such questions may well provide novel views of the physiology and

natural history that may otherwise be impossible to obtain.
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Table 1 p-values of cumulative binomial probability tests used to agsessidencéetween
occurrences and suitable areas as per minimum temperature, maximum temperature, rainless
days and relative humidity thresholdgndicates no data availability, ERA = global interim
reanalysis by European Center for MediRange Weather ForecabtSHCN = United States

Historical Climate Network.

Minimum Maximum Rainless days Relative

Days temperature (82)  temperature (3%) humidity (50%)
ERA USHCN ERA USHCN ERA USHCN ERA

1 0.001 0.001 0.001 0.001 - - 0.001

5 0001 0.15 1.00 1.00 - - 0.067

10 0.001 0.23 1.00 1.00 - - 1.00

15 0.001 0.001  1.00 0.99 0.001 0.001  1.00
20 0.001 0001  1.00 0.69 0.001 0.001  1.00
25 0.001 0001  1.00 0.002 0.001 0.001  1.00
30 0.001 0001  1.00 0.011 0.001 0.001  1.00
45 - 0.001 - - - - -

70 - - - - - - 1.00

135 - - 1.00 - - - -
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Figure S2 : Bar plot of variable contributions in the Maxent model.
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show the location of 95% of occurrences. The d¢p@y outlines optimal physiological limits.
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Chapter 2

Climatic Niches and Flowering and Fruiting
Phenology of Spanish mos&Tillandsia

usneoide}
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Abstract

Species have geographic distributions constrained by combinations of abiotic taotars,

factors, and dispersa¢lated factors. Abiotic requirements vary across the life stages for a
species; for plant species, a particularly important life stage is when the plant flowers and
develops seeds. A previous yang experiment showed thambient temperature of36°C,

relative humidity of >50% and <15 consecutive rainless days are crucial abiotic conditions for
Spanish mossIfllandsia usneoidgsHere, we explore whether these optimal physiological
intervals relate to the timing of theflering and fruiting period of Spanish moss across its

range. As Spanish moss has a broad geographic range, we examined herbarium specimens to
detect and characterize flowering/fruiting periods for the species across the Americas; we used
high-temporalreslution climatic data to assess the availability of optimal conditions for Spanish
moss populations during each populationbés fl o
experience subptimal conditions, and found that most populations experierzegimal

conditions in at least one environmental dimension. Flowering and fruiting periods of Spanish
moss populations are either being optimized for one or a few parameters, or may be adjusted
such that all parameters are sayftimal. Spanish moss poptibns appear to be constrained

most closely by minimum temperature during this period.
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I ntroduction

Restricted geographic distributions of species are often a consequence of some set of
constraints in terms of abiotic requirements, needs in terms of biotic interactions, and limitations
to dispersal abilitySoberdn, 2007)All species have a life cyclé€ it simple or complex), and
each stage in that cycle may have different requirements in terms of climate, soils, topography,
other abiotic factors, and biotic requirements like food, competitors, or mutualisms. Grubb
(1977) defined 4 components of ecatad niches of plants: the habitat niche,iégm niche,
phenological niche, and regeneration niche; much research has examined how regeneration
niches may differ in different community assembly processes, and how these various niches act
in different life stagegFowler, 1988; Lavorel & Chesson, 1995; MillRushing & Primack,

2008; Tilman, 2014)Although several studies have used the regeneration niche concept to

explore competition and understand rarity of species at local $Eamgslhardt & Anderso,

2011; Ranieret al, 2012) few studies have used the regeneration niche idea to understand
species6 distributions in terms d@Pedefsareeai,r abi o

2004; Sweenegt al, 2006; Wellenreuther & Arson, 2012)

Phenological stages in plant life cycles comprise critical life stages, in which plants
flower, produce seeds, grow, or remain dorn{Boind & Midgley, 2001; Silvertown, 2004)
Plants have presumably evolved to flower in seasons and at intervals thatreagimal
reproductive succeggdmasino, 201Q)Considerable research has shown that plants sense and
respond in complex ways to environmental oif@asrner, 1933; Lang, 1952; Bernegral, 1993;
Denniset al, 1996) However, these factors have been stgmated chiefly at local scales; at

biogeographic scales, the question of whether phenology is optimized or not with respect to
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physiological responses to abiotic factors like temperature and precipitation remains little

investigatedEngelhardt & Anderswo, 2011; Ranieret al, 2012)

Here, we examine the timing of flowering and fruiting by Spanish niaiar(dsia
usneoides popul ations across the speciesd broad g
optimal physiological conditiondarveetal., 2014) Physiological measurements have been
made in yearlong field experimer{idartin & Siedow, 1981; Martireet al, 1981)to estimate
ideal intervals of climateelated parameters. We used herbarium specimen records of flowering
and fruiting Spanismoss to identify populatieepecific flowering and fruiting periods, and
tested detailed environmental data for associations with minimum temperature, maximum
temperature, relative humidity, and rainless days requirements on a univariate basis, huilding o
our earlier analyses of physiological limits in relation to climate across the range of this species
(Barveet al, 2014) We use these analyses to test whether (1) all four parameters are at optimal
physiological values as measured in previous studigagiflowering periods, and (2) which
physiological parameter(s) is (are) optimized during the flowering periods, if not all are

optimized.

Methods

Study Organism
Spanish mossTfllandsia usneoidgds an epiphytic flowering plant of the family
Bromeliaceae, distributed approximately between 38°N and 38°S latitude. It typically grows in

warm and humid climates on trees or other supporting structures, such as powdBdéibies



45

1904; Garth, 1964; Callawagt al, 2002) Spanish moss occursena broad elevational range

(0 3300 m), and associations with atmospheric moisture content and temperature vary
significantly according with elevatiofGentry & Dodson, 1987; Kreé#t al, 2004) The species

does not occur at high elevations, which angaaently too cold for its persistence; indeed, its
general natural history suggests that its distribution will prove to be highly constrained by
climatic factordGarth, 1964) mor e or | ess i n |line with the

Saupeet al.(2012).

Temperature, humidity, and drought are known to affect growth and persistence of
Spanish mosgGarth, 1964; Martin & Siedow, 1981; Martat al, 1981; Martin & Schmitt,
1989) A yearlong field experiment (May 1978 to May 1979) was performe¥bytin et al
(1981)near Elizabethtown, North Caroliia8.594°W, 34.682°N)it found that Spanish moss
growth is concentrated in summer months, with winter growth almost negligible. Mdbaiin
(1981) showed that Cptake was maximal when daytiremperature isiB5°C; CQ uptake
was eliminated at or below 0°C and at or above 4RR@e et al. (1973)also experimented on
Spanish moss, with similar results regarding. Qftake; however, they used greenhegsavn
Spanish moss, and their experimesats carried out in the laboratory under constant temperature
and humidity. Martiret al. (1985, 1986) assessed North Carolina Spanish moss populations with
respect to irradiance effects on morphology and physiology, finding that Spanish moss responds
to irradiance by adjusting physiology more than morphol@garth (1964) showed that Spanish
moss cannot survive in Georgia without periodic rainfall, even when water is supplied externally;
he found that Spanish moss achieves optimal performance in ternasvot gnly withOL5
consecutive rainless daydartin et al (1981)corroborated this latter result, with the additional

information that CQuptake is minimal when Spanish moss is wet by rain, suggesting that
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Spanish moss requires some dry periods foligierse. Overall, then, these experiments
identified four parameters that can be analyzed at continental extents: minimum temperature
CB°C (Martin et al, 1981) maximum temperatut@5°C (Martin & Siedow, 1981)nighttime

humidity G560% (Martin et al, 1981) andO15 rainless daygGarth, 1964)

Input Data

We collected information on flowering and fruiting periods of Spanish moss populations
by examining herbarium specimens. We photographed 430 specimens in the collections of the
Missouri Botanical Gareh and 504 specimens from the New York Botanical Garden collections
using a 16 megapixel Nikon P510 camera. We tagkhotographs per specimen to capture
various details: one of the label to permit capture of associated data, one of the whole specimen,
and 2 3 zoomed photographs of flowers or fruits. In addition, we reviewed published floras for
flowering dates, although most floras either did not offer sufficient detail about flowering period,
or do not provide precise locality information. Finally, wewthloaded images from various
herbaria listed on thimdex Herbariorunsite
(http://sciweb.nybg.org/science2/IndexHerbariorum.asp) and others

(http://herbarium.bio.fsu.edbttp://apps.kew.org/herbcat/navigator).déloweringand fruiting

periods were assumed to be unimodal, so we filled temporal gaps for analyses of optimal
physiological conditions. The temporal resolution of flowering and fruiting tingsskept at
mont hs, so that i mprecise date information

gquantity of relevant data maximized.

(e


http://herbarium.bio.fsu.edu/
http://apps.kew.org/herbcat/navigator.do
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Information from specimen labels was digitized and stored in a Microsoft Access
database. Some labels had geolocatiarterms of latitudéongitude coordinates, whereas
others had only textual locality information at various administrative levels. In the latter case,
geolocations were attached to each record via queries in Google Earth. Overall, we were able to
obtaininformation for 361 sites where both flowering date and geolocations information was
available, which we used to profile flowering/fruiting periods at sites across the range of the

species.

We examined how physiological thresholds are met (or not) fari§panoss across the
Americas within empirically documented flowering intervals over @2 period (January
19891 December 2010) following Banwt al.(2014). We used the ERA interim reanalysis
climate data developed and supplied by the Europeani@entdediumRange Weather
Forecasts, which are based on a combination of models and observationsheithy3emporal
resolution: every second datum is a forecast, whereas the other is a model result. We used only
the model result data, thus coarsenimgdata from dourly to 6hourly resolution, but retaining
an impressively fine temporal resolution. The dataset has a somewhat coarse native spatial

resolution of 1.5° x 1.5° or approximately 165 x 165 km grid square resolution at the Equator.

ERA Datawere downloaded frornttp://apps.ecmwf.int/datasets/data/interim_full_daily/

for the following parameters: minimum temperature at 2 m, maximum temperature at 2 m, mean
temperature at 2 m, dew point temperature at 2 m, and precipitation. The data are stored in

NetCDF format (http://www.unidata.ucar.edu/packages/netcdf/index.Rewl;& Davis 1990

these data were mani pul at ed af(ridrcep20ld,ReCere ed Vvi a

Development Team, 201LZRA interim data were processed to identify optimal and sub


http://apps.ecmwf.int/datasets/data/interim_full_daily/
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optimal areas and temporal duration of-sytimal conditionsith respect to each physiological

variable through time.

Overall, 1361.5° grid squares helt least one Spanish moss record with floweand
fruiting information. As numbers of flowering records were not numerous with respect to so
many grid squares$o improve data density, we coarsened thé dridl to 3 grids only to
characterize flowering periods, but climate data were kept at the origifaeddbution. We
generated floweringnd fruitingmonth ranges for eacli 8rid square; we assumed siag|
flowering/fruiting months in grid squares in which only single specimens were available, which
may be a restrictive assumption in our analyses. We also generatédwenng month datasets
for each grid square for comparison; for example, for a gudregwith a flowering/fruiting
range of MarckMay, we generated the remaining 11 possible thmeath sequences for
comparisonWe identified the average flowering/fruiting month, flowering/fruiting season start,
and flowering/fruiting season end for eagid square. Average flowering/fruiting month was
calculated as a weighted average based on number of flowering or fruiting specimens in each

month.

Data Analysis
An R script was developed using the raster, ncdf, and sp padiggasdet al, 2008;
Pierce, 2011; Hijmans & van Etten, 201®)calculate the percentage of time over the/@ar
span of the data set that Spanish moss populations experienced optimal conditions with respect to
the physiological thresholds described above. For minimum and maxtemperatures, the

script checks the value of each variable across four daily observations; a grid square was marked
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as unsuitable for a day whenever two consecutive observations were outside the limit. For
precipitation, whenever all four daily obseneats were O (i.e., no precipitation), it was
considered as a day with no precipitation, and all consecutive sets of 15 days were checked;
when any 1&day period had no precipitation, the grid square was considered as not suitable. For
relative humidity, de point temperaturel) and mean air temperature at 2Ty) (vere used,

and relative humidity was calculated as R&(Fq)/es(T,), or the ratio of saturation vapor
pressurat dew point to that at air temperature, wheifer any temperaturé is given byey(T) =
6.112+d17-5027T/(240.97) (gyy||, 1988) We identified grid cells as unsuitable whenever two
consecutive observations fell below the humidity threshold. Likewise, we calculated the
percentage of time that the grid square spetsiadei its optimal physiological thresholds within
the flowering period for that grid square across thg&® time span; for comparison, we also

generated these percentages for all possibldloamring periods of similar duration.

We ranked each grigjgare based on the percentage of time spent outside optimal values
in flowering and fruiting periods and each other possibleftmvering period of similar
duration. We calculated the rank of each of the observed flowering periods with respect to all
othe possible periods of the same duration as the number of time periodsftdwering
months that are more suitable. We used Kolmog&manrnov test to compare distributions of

the four variable ranks.

Based on ranks of each grid square for each ofdhables, we compared the actual
flowering period with the optimum flowering and fruiting period with respect to those variables.
This distance was calculated as a Euclidian distance from an optimal rank of 1 for each of the

variables, such that small theices indicate optimal flowering and fruiting periods for a
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population, whereas large distances suggest that the population flowers during suboptimal
periods. We averaged this distance across all 4 physiological parameters, and mapped these
deviations fron optimum. We tested for effects of number of herbarium specimen records in

each grid square to these optimum distances.

Results

We were able to assemble 361 flowering or fruiting records for Spanish moss across the
speciesb6 range. Alrtahewdgh nreder US poonmdceron of t
records, or 44%), the remaining 202 (56%) records came from Latin America. Although
densities of Latin American points were low at finer spatial resolutions (i.e., most grid squares
had single or no flowéng-period records), 3° spatial resolution was sufficient to create 83 grid

squares, within which we had 28 flowering/fruiting records.

Average floweringand fruitingmont h of Spani sh moss popul ati
range is shown in Figure 1. The floweriagd fruitingperiod in eastern Brazil was November to
April, while the floweringand fruitingperiod in western South America was June to September,
with a fewexceptions extending to Octobdovember. The flowering period in the US and
Mexico was May to September, with a few exceptions in NoveiDeeember. Because our
identification of floweringand fruitingmonth(s) was in some sense dependent on numbers of

specimens available, we suspect that insufficient data density may be driving the exceptions.

Flowering periods invariably fell in time periods in which least one physiological

parameter was opti mal in a grid square. The i
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temperature: that is, in 212 of 262 cases, floweaimd fruitingperiod coincided wittmonths in

which minimum temperature was within optimal ranges in at least 70% of grid sqoatk
combinations. Very few populations experienced minimum temperatures below the 5°C criterion
during their respective flowerirgnd fruitingperiods (Figure &). The remainder of Figure 2
suggests that floweringnd fruitingperiod depends less critically on parameters like maximum
temperature, rainless periods, or relative humidity. Ranking months by their optimality for each
parameter, a KolmogoreSmirnov tet revealed that distributions of ranks for minimum
temperature were significantly lower than those for the other three faeter8.0001). The
distribution of ranks among grid squares did not differ between maximum temperature and
rainless days, whereganks of rainless dayersusrelative humidity showed the latter as

significantly more optimalK < 0.001).

We identified the optimal month for each pixel across the Americas in terms of each
dimension of Spanish moss physiology. Figure 3a shows timealftoweringand fruiting
month for minimum temperature, which centered on July at the northern limit of the distribution,
but in JanuarApril at the southwestern distributional limit. However, for maximum
temperature, the average expected floweringifigy month was Februaspril at the northern
limit of distribution, and ApridAugust at the southwestern limit. Similar variation can be seen for
relative humidity and rainless days: in short, no pixel had any period in which all four

physiological paramters were in optimal states for floweriagd fruitingto occur.

To explore how far observed floweriagd fruitingmonths departed from optimal
months, we calculated average Euclidean distance irdiowensional parameter space, ranking

months by theisuitability, standardizing each dimension to a rangé @f(thus creating an
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index of distance that has rather unclear units but that is useful for visualization), and counting
ranks as greater distance from optimal conditions (Figure 4). Most popsl@&ié¥d) showed
flowering and fruitingperiods with Euclidean distances<1.5. Only a few pixels were under
extremely bad conditions and these higtistance populations were arrayed at the extremes of

the distribution (Figure 4). We tested whether nunddeavailable flowering/fruiting specimens

affected these latter results (see scatterplot inset in Figure 4), but found no effect of sample size

on distance to optimal month.

Discussion

I n overview, we found that S pghainphendiogicalo s s
niches such that they experience optimum minimum temperatures for most of their respective
flowering and fruitingperiods. Among populations analyzed, flowerargl fruitingperiods of
about 76% of Spanish moss populations experiengptchal minimum temperatures when
compared with other time periods through the year. Conversely, Spanish moss populations
appear to floweand fruitwithout much consideration of optimality of maximum temperature or

relative humidity optimality, though rdess days do have some importance.

Numerous recent studies have documented shifts in flowanddruitingseason as a
consequence of climate chanelemeccet al, 2013; Molawet al, 2005; MillerRushing &
Primack, 2008)Veriankaiteet al. (2010) eplored optimum temperatures for floweriagd
fruiting by comparing air temperatures in climate models with-emm flowering data.

However, for this study, we took advantage of known optimum physiological paralhetis

p o
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et al, 1981; Martin &Siedow, 1981; Martin & Schmitt, 198%0 we could explore the degree to
which Spanish moss flowerirand fruitingperiods coincide with months presenting optimal

physiological conditions for growth.

Phenological differences are well documented as fumetd elevation and latitude
(Rumlet al, 2011; CaraDonnet al, 2014) However, we generated our phenological
information from herbarium specimens: few had elevation information, so effects of elevation on
flowering phenology cannot be examined partaciylin light of the coarse spatial resolution of
our weather data. Clearly, as the climate data are coarsened and averaged over broader extents,
such details average out in the climate and become invisible to our analyses, as was noted in our
previous anigses(Barveet al, 2014) Our analyses may also be compromised by our rather
coarse characterization of floweriagd fruitingperiods (i.e., to month), and by our filling of
temporal gaps in flowering periods under the assumption of a single, contflaveersng and

fruiting period for each population.

Hadleyet al, (1984)observed that elevated maximum temperatures can delay flowering,
in effect slowing down the reproduction in soybedaly¢ine mayx However, for Spanish moss,
we observed that flowerg phenology does not generally depend much on maximum
temperature. Rather, minimum temperature appears to play a major role (Figure 2). Comparisons
with every other period of similar length in the year for each location suggested that Spanish
moss floweing and fruitingperiods are molded such that flowering populations experience
optimal minimum temperatures. Hence, an interesting challenge fotdomgstudies would be
to test whether Spanish moss flowerargl fruitingadvances temporally in relatioa rising

minimum temperatures, rather than other climate characteristics of warming climates.
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In our tradeoff maps (Figure 2, 4), we see that most Spanish moss populations show
tradeoff distances of 0.5 or less; nonetheless, some populations showedubstantial trade
off distances. Spanish moss populations under sucbirbal conditions likely face challenges
to longterm persistence, suggesting that optimality of conditions in flowering period represents
a constraint on Spanish moss geograplstidutions. Although it is hard to say whether or to
what degree climate change will change the geographic distributional potential of Spanish moss,
Spanish moss may not flower and produce seeds successfully if climate change takes populations
too far fom optimal conditions. Even under presday conditions, our approach can be used to

locate where populations of the species will be under particular physiological stress.

Conclusions

We analyzed highemporalresolution (6hour resolution) climate dataver a 22 year
span to assess the availability of optimal conditions during flowardgruitingperiods of
Spanish moss populations. Our results indicate that Spanish moss populations appear to flower
and produce fruit seasonally such that populatexperience optimum minimum temperatures.
Our finding also shows that the least optimal conditions are experienced by populations along the
fringes of the speciesd6 distribution. This re
assign floweringperiod to populations, that actual physiological measurements were used to
assess optimality of conditions, and that higimporairesolution weather data were used to

provide a neareaktime view of the environmental conditions experienced by the species



55

Acknowledgements

We thank the Curators of Missouri Botanical Garden and New York Botanical Garden for
allowing us to access herbarium specimens under their care. We also thank Vijay Barve for
assisting in photographing the herbarium specimens. We fluaigk Sobé&n and Nathaniel

Brunsell for insightful discussion.

References

Amasino, R. M. (2010) Seasonal and developmental timing of flowd?iagt Journa) 61,
10071 1013.
Barve, N., Martin, C., Brunsell, N.A. eterson, A.T. (2014) The role of physiological optima
in shaping the geographic distribution of Spanish m@kshal Ecology and Biogeography
23, 633 645.
Bernier, G., Havelange, A., Houssa, C., Petitjean, A. & Lejeune, P. (1993) Physiological signals
that induce floweringThe Plant Cell5, 11471 1155.
Billings, F.H. (1904) A study ofillandsia usneoidedfotanical Gazette38, 99 121.
Bivand, R.S., Pebesma, E.J. & Gontabio, V. (2008)Applied spatial data analysis with R.
New York: Springer.
Bond, W.J. & Midgley, J.J. (2001) Ecology of sprouting in woody plants: the persistence niche.

Trends in Ecology & Evolutigri6, 45 51.



56

Callaway, R.M., Reinhart, K.O., Moore, G.W., Moore, D.JP&nnings, S.C. (2002) Epiphyte
host preferences and host traits: mechanisms for spgmetfic interactiongOecologia
132 221 230.

CaraDonna, P.J., ller, A.M. & Inouye, D.W. (2014) Shifts in flowering phenology reshape a
subalpine plant communiti2zroceedings of the National Academy of Sciences WEA
4916 4921.

Dennis, E.S., Finnegan, E.J., Bilodeau, P., Chaudhury, A., Genger, R., Helliwell, C.A., Sheldon,
C.C., Bagnall, D.J. & Peacock, W.J. (1996) Vernalization and the initiation of flowering.
Cdl and Development Biology, 441 448.

Engelhardt, M.J. & Anderson, R.C. (2011) Phenological niche separation from native species
increases reproductive success of an invasive spédiesia petiolata (Brassicacead)
garlic mustardJournal of the Taey Botanical Societyl 38 418 433.

Fowler, N.L. (1988) What is a safe site? Neighbor, litter, germination date, and patch effects.
Ecology 69, 947 961.

Garner, W.W. (1933) Comparative responses of-ldangand shortlay plants to relative length
of dayand nightPlant Physiology8, 347 356.

Garth, R.E. (1964) The ecology of Spanish ma#$afidsia usneoidgsits growth and
distribution.Ecology 45, 470 481.

Gentry, A.H. &Dodson, C.H. (1987) Diversity and biogeography of Neotropical vascular
epiphytesAnnals of the Missouri Botanical Gardemd, 205 233.

Grubb, P.J. (1977) The maintenance of spetamess in plant communities: the importance of

the regeneration nichBiological Reviewss2, 107 145.



57

Hadley, P., Roberts, E.H., Summerfield, R.J. & Minchin, R. (1984) Effects of temperature and
photoperiod on flowering in soyabeaalycine maxL.), Merrill]: a quantitative model.
Annals of Botany53, 669 681.

Hijmans, RJ. & van Etten, J. (2012) raster: geographic analysis and modeling with raster data.
Available at: http://CRAN.Roroject.org/package=raster (accessed 10 January 2014)

Kluge, M., Lange, O.L., Eichman, M.. & Schmid, R. (1973) Diurnaler saurerhythmus bei
Tillandsia usneoidesintersuchungen tber Weg des Kohlenstoffs sowie die Abhangigkeit
des CQ - Gaswechsels von Lichtintensitat, temperature und Wessergehalt der Pflanze.
Planta 112, 357 372.

Kreft, H., Kdster, N., Kuper, W., Nieder, J. & Barthlott, W. (2004#)ersity and biogeography
of vascular epiphytes in western Amazonia, Yasuni, Ecuddarnal of Biogeographys1,
1463 1476.

Lang, A. (1952) Physiology of flowerindnnual Review of Plant Physiolgd} 265 306.

Lavorel, S. & Chesson, P. (1995) How sigs with different regeneration niches coexist in
patchy habitats with local disturbanc€skos 74, 103 114.

Martin, C.E., Christensen, N.L. & Strain, B.R. (1981) Seasonal patterns of growth, tissue acid
fluctuations, and*CO, uptake in the Crassulacean Acid Metabolism epipfitendsia
usneoides.. (Spanish mossecologia 49, 322 328.

Martin, C.E. & Siedow, J.N. (1981) Crassulacean Acid Metabolism in the epipitigiedsia
usneoides.. (Spanish moss): responses of f&change to controlled environmental

conditions.Plant Physiology68, 335 339.



58

Martin, C.E., McLeod, K.W., Eades, C.A. & Pitzer, A.F. (1985) Morphological and
physiological responses to irradiance in the CAM epiphitandsia usneoidek.
(Bromeliaceae)Botanical Gazettel46, 489 494.

Martin, C.E., Eades, C.A. & Pitner, R.A. (1986) Effects of irradiance on Crassulacean Acid
Metabolism in the epiphyt€illandsia usneoidek. (Bromeliaceae)Plant Physiology80,
23i 26.

Martin, C.E. & Schmitt, A.K. (19890nusual water relations in the CAM atmospheric epiphyte
Tillandsia usneoidek. (Bromeliaceae)Botanical Gazettgl 50, 1i 8.

Miller-Rushing, A.J. & Primack, R.B. (2008) Gl obal
Concord: a community perspectigcology, 89, 332 341.

Molau, U., Nordenhall, U. & Eriksen, B. (2005) Onset of flowering and climate variability in an
alpine landscape: a d@ar study from Swedish Laplan@imerican Journal of Botan®2,
422 431.

Pederson, N., Cook, E.R., Jacoby, G.C., Pei2®l. & Griffin, K.L. (2004) The influence of
winter temperatures on the annual radial growth of six northern range margin tree species.
Dendrochronologia22, 7i 29.

Pierce, D. (2011) ncdf: Interface to Unidata netCDF data files. Availalitat/CRAN.R

project.org/package=ncghccessed 10 January 2014).

R Core Development Team (201R) a language and environment for statistical computidg
Foundation for Statistical Computing, Vienna.

Ranieri, B.D., Pezzini, F.F., Garcia, Q.S., Chautems, A. & Franca, M.G.C. (2012) Testing the
regeneration niche hypothesis with Gesneriaceae (tribe Sinningiae) in Brazil: implications

for the conservation of rare speci@sistral Ecology37, 125 133.


http://cran.r-project.org/package=ncdf
http://cran.r-project.org/package=ncdf

59

Ruml, M., Vulil, T. TBge effeot ofalétudé dnd latiBde or( i PHerology
of the pl um c v.46hCgratignreahdsbth internaiamal Bymposium on
Agriculture, pp. 10521055.

Saupe, E.E., Barve, V., Myers, C.E., Soberon, J., Barve, N., Hensz, C.M., Peterson, A.T.,
Owens, H.L. & LiraNoriega, A. (2012) Variation in niche and distribution model
performance: the need for a priori assessment of key causal f&xtolsgical Modeiing,
237-238 111 22.

Silvertown, J. (2004) Plant coexistence and the nithends in Ecology & Evolutigri9, 605
611.

Soberon, J. (2007) Grinnellian and Eltonian niches and geographic distributions of species.
Ecology Letters10, 11151123.

Stull, R.B.(1988)An introduction to boundary layer meterologdew York: SpringetVerlag.

Sweeney, A.W., Beebe, N.W., Cooper, R.D., Bauer, J.T. & Peterson, A.T. (2006) Environmental
factors associated with distribution and range limits of malaria vActopheles faauti in
Australia.Journal of Medical Entomology3, 1068 1075.

Telemeco, R.S., Abbott, K.C. & Janzen, F.J. (2013) Modeling the effects of climate change
induced shifts in reproductive phenology on temperati@endent traitsSthe American
Naturalist 181, 637 648.

Tilman, D. (2014) Constraints and tradeoffs: toward a predictive theory of competition and
sucessionQikos 58, 3i 15.

Veriankaita, L., Gauliend, |. & Bukantis, A.

plant flowering shift in lithuania.ZemdirbysteAgriculture, 97, 417 48.



60

Wellenreuther, M.A.W. & Arson, K.E.W.L. (2012) Climatic niche divergence or conservatism?
Environmental niches and range limits in ecologically similar damselB@sogy 93,

13531366



May

Jun
Jul

Aug

Apr

i

Mar

Average flowering month

) Feb

. Jan

Dec

Figure 1. Average flowering month of Spanish moss populations across the Americas calculated

61

as weighted average of flowering or fruiting specimens recorded from each grid square.



62

Minimum temperature Maximum temperature
uy §— W g_
o o ™
S &) S 3.
3 o -
Z 3 ==
m - - 5 — -
‘B 5 o
o 7 ;A
= 2
[ =T L=
2 4 [+ b 10 12 2 4 5] 8 10 12
Rﬂnk Iiii#iﬁ?;ggﬂlii Rank
5; "
=1 =
[=H lﬂ
v
“Lom _
o Relative humidity o Rainless days
W 8— L] H'
= o
S 3 | S 3
3 a
T 8 T 2
o o
B & 5
. =
g *© I o
= =
[ R = -
2 4 [+ Ei 10 12 2 4 5] 8 10 12
Rank Rank

Figure 2. Histogram of ranks based on how long populations in each grid square are outside
optimal conditions for each of the four parameters during their flowandgruitingperiods.

The box at the center shows results of KolmogeBavirnov tests results for ogparison of
distributions. Dotted line indicates highly significant difference; dashed lines significant

differences, and continuous lines for rsignificant difference.



Minimurm temperature
Agr Mar

Maximum temperatura f
Apr Mar '

May _to  Feb iy Feb
Jun . Jan "
-

Aug Mov B

Sep Ot

Relative humidity

Apr Mar
May 2ot Feb

Rainless days

Apr Mar
May _sgor  Feb

Figure 3. Optimal floweringand fruitingmonth for Spanish moss populations base@ach

physiological parameter in isolation.

63



64

Distance
from optimum

.L’
ol 3

=

30 ; : I los-08

@ 25 B os-065
S ) | T B oss-07

20
@ _ B o7-o077
2 154
)]
6 10
o
Z 5

0 IIIL

0.0 0.2 04 06
Distance

1.04

0.8 1
o] .ﬁ' [ -
2 06 g o ol
S I
_ﬂ 0.4 .-‘ [ ]
[ . . ’ .

[ ]
- 2,000
0.2 1 -." ™ [ e w0
[ ]
00! s .

I:‘.I 5 10 15 20 éﬁ 30
Number of specimens

Figure 4. Map of Euclidean distances from observed conditions for Spanish moss populations to
the best available across the speciesd distri
in grid squaes (top) and relationship to numbers of specimens on which distance calculations

were based (bottom).



65

Chapter 3

Physiological thermal maxima and impact of
warming climates across the geographic

distributions of 33 anuran species
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Abstract

Species populations are affected by diverse aspects of weather and climate when variation takes
conditions out of normal tolerance ranges; particularly of concern may be increases in
temperature. Projected mean temperature increases may induce increagesne values

which can be detrimental for many populations, as it will often not be possible to adapt to these
changes. Amphibians are particularly affected by climate change owing to their small body size
and ectothermic physiology: critical maximunmigerature Claxis an important element at the

larval stage. We use experimentally measuregQvalues for 33 anuran species anddurly

resolution ERA weather data from 198010 to understand in which populations of each species
may experience Glxand be under physiological stress. We also explored how frequently
CTmaxhas been reached, and whether that frequency is increasing. Our results indicate that about
70% of the species have experienced,£at least for a single day during the lastyZrperiod
somewhere in their ranges, but only one species experiengeddif€n during the 2¥ear time

period.
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Introduction

Gl obal warming and climate change more gener a
geographic distributions. Manysiu es have demonstrated that spe
polewards owing to effects of warming temperatRsotet al.2003; Burrowset al.2011;

Chenet al.2011) The temperature increase of @go date has not only already affected

S p eci e stions,dutlsas alsp &ffacted parameters of ecosystem function and timing of

biological processe@/isser & Both 2005; Garrett al.2006) The projected change of

temperature increase of 2GGover the next 100 years is anticipated to manifest significant

changes in frequency of extreme climatic events, which will further affect species, and also may
even cause extinctiorfg/ake & Vredenburg 2008; Moritz & Agudo 2013umerous research

efforts have attempted to anticipate changes in distributions urtdes ilimatic scenarios using
correlative, nichdased approachéBearson & Dawson 2003; Zurell al.2009; Poulo®t al.

2012) In the few studies to date, correlative and mechanistic approaches have yielded similar
predictions f orsunsg fetore ainsatic cahdit®riBuckldy A008; Kearnegt
al.2009,2010) In this regard, it is essential to 1
to known physiological tolerances of species to evaluate the impacts of the rapidly changing

climate.

Even though most species are experiencing climate change amphibians are particularly affected
as a whole, and are experiencing a lesgale declines, which are at least partly clirdateen

(Stuartet al.2003; Wake 2006)An estimated 43% afmphibian species are declini(§fuartet

al. 2003) indeed, 32% of the species are threatened with extinction, and this period could be

considered a mass extinction evBMake & Vredenburg 2008)our major factors affecting
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amphibian populations include climate change, environmental pollutants, habitat modification,
and invasive species and pathogg@tayeset al.2010) Considering climate warming,

amphibian populations may frequently be exposed to conditions close tal enéigimum
temperatures tolerance limits, and their ability to adapt to temperature increases may be limited
(Huey & Berrigan 2001; Haye=t al.2010; Burrowset al.2011) In this regard, identifying

species and populations living at sites manifestinglitioms close to critical maximum

temperatures and potentially causing physiological stress becomes crucial.

For anuran species, critical maximum temperature,(@ T larval stages represents an

important constraint in life cycles. An individual expeceng conditions approaching ghas

higher chances of death or abnormal larval development, which in turn is reflected in declining
recruitment to reproductive populatiofienard 2015)Little research has been done in regard to

how often species expence CTaxtemperatures in real life, or whether the frequency of

exposure to Caxis increasing over time as a consequence of climate change. Hence, this
contribution, we use higtemporalr esol uti on c¢cl i matic data to und
distributions experience conditions approaching,&&nd whether species have been

experiencing Claxincreasingly frequently over the past two decades.

Methods

Species Data
Durateet al.(2012) studied 47 amphibian species at 3 locations presenting gaxigdnmental
conditions; we focus on the 41 anuran species included in that study. Study sites included (1) the

Gran Chaco region of northern Argentina (2B8.5°S), which has a warm subtropical climate;
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(2) the Atlantic Forest biome of Misiones Prasénin northeastern Argentina (27.27.1°S),

with cooler subtropical environmental conditions; and (c) the Iberian Peninsula of Europe
(36.99 60.5°N), with cool temperate conditions. Duagteal. (2012) derived critical maximum
temperatures for each speg f ol | owi ng Hutchinsondés dynamic
endpoint is determined by onset of muscular spasms after heating the individual at a constant
heating rate of 1°C mih(Hutchison 1961)(Details of parameters and procedures af®irarte

etal. 2012).

Of the initial 41 species, we discarded those species with areas of <10 1.5° grid squares, (about
1650 x 1650 krf), leaving 33 species for analysis (Table 1), for each of which the original study
had measured GEx We collected breeding seasdanformation for each species from the

literature and from AmphibiaWeb (201%Ww.amphibiaweb.orgTable 1). In two cases, lacking

breeding season information, we used the collection periods given in Rhaate(2012) as

breeding period, in absence of more detailed information.

We downloaded crude summaries of geographic distributions of each species from the Global

Amphibian Assessmenhifp://www.iucnredlist.org/initiatives/amphibign8JCN, (2009) This

dataset was developed by herpetologists from their expert knowledge and provides a rough
distributional summary for each species. We buffered the IUCN distributional polygon by 80
km, toidentify the set of grid squares that cover the entire distributional area for each species.
We also downloaded occurrence data for each species from GRik.¢bif.org) and HerpNET

(www.herpnet.orly Records of each species were assessed for inconsistencies such as (1) place

name and geographic coordinates do not match; (2) geographic coordinates fall in the ocean or


http://www.amphibiaweb.org/
http://www.iucnredlist.org/initiatives/amphibians
http://www.gbif.org/
http://www.herpnet.org/
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on a different continent; and (3) duplicate records. These datacagected where possible, and

otherwise deleted from analygShapman 2005)

Climate Data

We examined how the maximum thermal temperature,{Wwas or was not met for each
species across its geographic distribution during the breeding season 22erear period
(January 1989 December 2010). To this end, we used the ERA Interim Reanalysis Climate
Data developed and supplied by the European Center for Mdgange Weather Forecasts.
These data are based on a combination of models and observatibn8:hourly temporal
resolution: every second datum is a forecast, whereas the other is a model result. We used only
the model result data, thus coarsening the data frtnouBy to 6hourly temporal resolution.

The dataset has a somewhat coarse nagbaeas resolution of 1.5° x 1.5°, or approximately 165

x 165 km grid square resolution at the Equator.

ERA data were downloaded fromittp://apps.ecmwf.int/datasets/data/interim fudlilgd for

maximum temperature at 2 m above the ground. The ERA data are stored in NetCDF format

(http://www.unidata.ucar.edu/packages/netcdf/index.hRelw & Davis 1990)these data we

mani pul ated and process e(®eroei2@ll; RICere Developginerda pac

Team, 2012

Data Analysis
An R script was developed using the raster, ncdf, and sp paci®igasd et al. 2008; Pierce

2011; Hijmans & van Etten 2018) calculate the number of days above &In each breeding


http://apps.ecmwf.int/datasets/data/interim_full_daily/
http://www.unidata.ucar.edu/packages/netcdf/index.html
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season for each species over they@ar span of the climate data set. The script checked the

value of maximum temperature across four daily observations; a grid square was marked as
Aunsuo tfadorl ea day whenever two consecutive obs:
limit. It also calculated maximum number of days in sequence outside physiological tolerance
limits for each grid square in the distribution of each species. Maximum nwhbays outside

the physiological niche for each grid square was stored for every breeding season.

Using this information, we developed maps in which each grid square across the distribution is
marked as unsuitable whenever a grid square is outside ys®lplgical tolerance limit on at

least one day, during any breeding season over tye&2period. We calculated the proportion

of the distributional area of each species outside the physiological niche. We overlaid the curated
occurrence data (see abpwen distributional maps and calculated proportions of occurrence
points falling out si de Sspeci eso di stributi ol

occurrences falling outside the physiological niche but within the distributional area.

We calcul@ed, for each species in each year, the maximum temperature within the distribution
area, maximum number of days in the distributional area aboyg,@hd maximum number of

grid squares above Gi. For each species, we developed a linear regressionl meskssing

the number of days outside the physiological niche, and the number of grid squares outside the

physiological niche as a function of time.
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Results

Our analysis indicates that g3 conditions have been experienced in at least one grid square

during the breeding season by 23 (70%) of the 33 anuran species. For nine species, the number

of grid squares going out of the physiological niche increased during the 22 years of this study.
Among the 33 species anai8§lmgedquares (Figweila)sFigurea ange
1(b) shows awsmmary of relationships between extent of distributional area and the proportion

of the distribution experiencing Glxfor each of 33 anuran speciisring the 22 years. The

maximum proportion of distribution @a outside the physiological niche is for the species

Ceratophrys cranwelliwhich does not have particularly large distribution. The species with the

largest distribution waBufo bufg 90% of the distributional area of this species was within the
physiobgical niche limits for the entire study period. For ten species, none of the distributional

area manifested temperatures was outside the physiological niche during the study period.

Distributional areas within and outside the physiological niche are shown for four example
species in Figure 2 (see also Supplementary Figure 2). For ex&@ufadyufo(Figure 2c) has a

broad distribution, and only a few peripheral grid squares weradeuisthe physiological

niche. ForAlytes cisternasjino part of the distribution experienced critical maximum

temperature on any day during they&ar study period. In contrast, major parts of the

distribution ofCeratophrys cranwellexperienced Cjax0n at least one day in the-22ar

period. Distributional summaries were coarse in nature, but in many cases the actual occurrence
data fell outside tolerance limits. Occurrence data at sites manifesting conditions outside the
physiological niche limits reged 142% (Figure 3). FoRhinella ornatano data were available

on GBIF or HerpNet, as this species is vulnerable; none of the species had all occurrence data
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falling within the IUCN distribution outline. Fd?hyllomedusa sauvagimost of the occurrees
fell under low suitability physiological conditions. However, foeptodactylus bufoniusnd
Lepidobatrachus llanensigven though the distributional area contained grid squares with low

physiological suitability, known occurrences did not fell in thaseas.

Temporal trends in frequency of experiencingqgfrom year to year are summarized in Figure

4. ForBufo bufg the number of grid squares experiencing,g&increased significantly over the
study period R = 0.26,P < 0.02). ForScinax fuscovauns, the number of consecutive days

above CThaxand number of grid squares experiencing,&ihcreased within the distribution

(Figure 4b, Supplementary Figure 1). Overall, however, of the 33 anuran species analyzed, only

Bufo bufoshowed significantR <0.05) temporal trends (Table 2).

Discussion

Physiological tolerance limits can be informative in understanding geographic distributions and
range limits of species, and may be particularly relevant in climate change scéparieset al.
2000; Portner & Farrell 2008Y 0 understand how species may shift their geographic
distributions, the frequency of exceptions to physiological tolerances can be projected on to
geography. This approach is potentially important but has been implemehtéor daw

ectothermic specigKleidon & Harold 2000; Kearney & Porter 2004; Kearmtyal.2008;

Buckley 2008; Helmuth 2009; Buckley al.2010) The correlational analog technique is to

infer physiological limits from the occupied geographic distrifmu¢(Peterson 2001; Soberon &

Peterson 2005; Elith & Leathwick 2009; La Sorte & Jetz 2010; Petlas2012; Bentlaget
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al. 2013} this latter technique has become much more popular owing to ease of operation and

convenient data availability.

Physiologcal parameters are not available for most species, owing to time and cost constraints
involved with obtaining estimates of key parameter values. However, when such data are

available, they can be highly informative about how climate change may affect spe®

distributions. We used Gk« estimates for 33 anuran species to understand which species will
prove more vulnerable in |ight of warming cl i
is under unsuitable conditions in terms of maximum temperdtumerview, about 70% of the

species experienced G conditions during 22 years in at least part of their geographic

distributions (Figures 1, 4). For only one species, the number of days with &8 proportion

of the distribution experiencing GX% increased dramatically and significantly over the study

period.

Duarteet al (2012) explored differences between theg&xBnd maximum pond temperatures

(Tmay at three different localities with different environmental conditions. Their result suggests
that the difference between G and Thaxis less in subtropical warm locations, such that

species in subtropical warm locations may have more narrow toler&hoesesults also

supported this idea: species in subtropical locations appeared to experigResnQré

frequently than species in temperate regions. For some temperate species, the peripheral parts of
the distribution were frequently outside of the gibjogical niche, such that populations in those

regions may be more physiologically stressed.



75

We observed that these phenomenon of distributional areas outside of the physiological niche

was particularly frequent at lower latitudes are from lower ld¢isuFigure 2, Supplementary
Figure 2) which may have particularly serious
Besides anurans, many marine invertebrates and lizards are believed threatened by increases in
temperatures, as they appear te lolose to their thermal tolerance lim{&nervoet al.2010;

Somero 2010)A few case studies suggest that species cannot adapt fast enough to keep up with
warming climatgHoffmann & Sgro 2011)a few recent studigtoganet al.2014; FerriYafez

& Araujo 2015)have demonstrated temperature adaptation in spafdieardswith strong
naturalselectionfavoringindividualswho couldrun fasterin warmerenvironmentsWhether

similar processs happeningr couldhappenn anuranspeciespr how targetsof selectionrmay

differ, is notyetknown.

Oneconcermaboutthiss t u digsigns thatthedistributionalareasusedin this study(IUCN
2009)arerathercrude,suchthatour estimate®r physiologicalstressacrosdistributionareas
may berathernoisy. For almostall (95%) of the specieswe foundthatmanypopulationsoccur
outsidethe [IUCN distributionregion(andwe checkedaxanomicconceptsarefullyto avoid
artifacts).It is importantto validatetheseoccurrencesr updatethe distributional summariesto
makeestimate®f threatunderclimatechangescenarianoreaccurateFor example for species
Pseudiglatensismorethan50% of availableoccurrence$ell outsidethe [UCN distributional
border.We couldnotvalidatethe IUCN distributionalareafor specieRhinellaornataasno
occurrencegareavailable;asthis speciess considered/ulnerable gealocationshavenot been

madepublic.
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Overall,our analysisrevealedhat,among33 specieof anuranssomepartof thedistributional
areasfor 23 of the speciesexperienced Tnax duringa 22-yeartime period. However,our
analysisof temporaltrendsduringthe 22-yeartime spanshowedonly a singlesignificantresult.
Only Bufobufoshowedthatnumberof daysexperiencingCTmax , andnumberof pixels
experiencindCTax hadincreasedUsingour approachye could not concludethatclimate

changehasalreadybeenaffectingtheses p e cdistabsitibnalareassignificantly.
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Figure 1. (Top) Distributional areas from IUCN (2009) for 33 anuran species. (Bottom)
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Figure 3. Summary of anuranspecs 6 occurrence data in relation
polygons and physiological tolerances. Black indicates occurrences falling outside distributional
areas defined in the IUCN polygons; Dark gray summarizes proportion of occurrence points
falling in areas with conditions outside of physiological niche. Light gray summarizes proportion

of occurrence points falling in areas with conditions inside of physiological niche.
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Table 1 List of anuran species with its respectivefand breeding seasons

Name Code CTmaxin Community Breeding season
(©)
Alytes cisternasii Aci  38.2+0.2 Temperate Septembei March
(AmphibiaWeb, 2015)
Bufo bufo Bbu 38.3+0.1 Temperate Marchi June(AmphibiaWeb,
2015)
Ceratophrys cranwelli  Ccr 42.0 £ 0.1 Subtropical November February(Duarte
warm et al.2012)
Discoglossus galganoi Dga 38.4+0.1 Temperate Octoberi July
(AmphibiaWeb, 2015)
Dendropsophus minutus Dmi 40.6 + 0.1 Subtropical September February
cool (AmphibiaWeb, 2015)
Dermatonotus muelleri Dmu 43.6 + 0.3 Subtropical September February
warm (AmphibiaWeb, 2015)
Elachistocleis bicolor Ebi 41.7 £0.2 Subtropical September March
warm (Rodrigueset al.2003)
Epidalea calamita Eca 39.7+0.1 Temperate September May( i Fr o g
Hyla arborea Har 40.0 £ 0.1 Temperate April i July(Friedl & Klump
1997)
Hyla meridionalis Hme 39.8+ 0.1 Temperate MarchiJune(Diaz-Paniagua
1988)
Hypsiboas raniceps Hra 41.2+0.2 Subtropical Septembef March(Haddad
warm et al.2005)
Leptodactylus bufonius Lbu 43.3 +0.1 Subtropical DecembefHeyer & Bellin
warm 1973)
Leptodactylus latinasus Lla  44.7 £0.2 Subtropical Septembeti May (Diaz-
warm Paniagua 1988)
Lepidobatrachus LIl 44.7 £ 0.2 Subtropical Octoberi February(Cei
llanensis warm 1968)
Leptodactylus latrans LIt 41.4 £ 0.2 Subtropical Septembei February
warm (AmphibiaWeb, 2015)
Limnomedusa Lma 39.9+0.2 Subtropical Novembeli JanuaryBoth et
macroglossa cool al. 2008)
Leptodactylus Lpo 43.3+0.3 Subtropical Novemberi March(Almeida
podicipinus cool et al.2015)
Physalaemus albonotatt Pal  41.1 + 0.2 Subtropical September
warm March(Rodrigueset al.2004)
Pelobates cultripes Pcu 39.4+0.1 Temperate Octoberi May (Tejedo 1993)
Pelophylax lessonae Ple 38.6+0.2 Temperate May1 July (AmphibiaWeb,
2015)
Pseudis limellum Pli 41.9 £ 0.1 Subtropical Augusti March
warm
Pelophylaxperezi Ppe 39.6+0.2 Temperate Februaryi JundGOmez

Rodriguezt al.2009)



Pseudis platensis
Phyllomedusa sauvagii
Phyllomedusa
tetraploidea

Rana arvalis

Rhinella ornata
Rhinella schneideri
Rana temporaria
Scinax acuminatus
Scinax fuscovarius

Scinax nasicus

Trachycephalus
venulosus

Ppl
Psa
Pte
Rar
Ror
Rsc
Rte
Sac
Sfu
Sna

Tve

42.3+0.1

42.1 +0.3

41.6 +0.2

35.8+0.1

40.7 0.1

425+0.1

37.2+0.1

43.0+0.2

41.0+0.3

42.6 +0.2

41.9+0.1

Subtropical
warm
Subtropical
warm
Subtropical
cool
Temperate

subtropical

Subtropical
warm
Temperate

Subtropical
warm
Subtropical

Subtropical
warm
Subtropical
warm

Novembeii April (South &
Journal 2011)

Octoberi February(Wogelet
al. 2005)

Octoberi Decembe(Diaset
al. 2013)

Marchi June(AmphibiaWeb,
2015)

Augusti February(Toledoet
al. 2012)

Octoberi April
(AmphibiaWeb, 2015)
Marchi June(AmphibiaWeb,
2015)

Octoberi March(Journal
2003)

Octoberi February
(AmphibiaWeb, 2015))
Novembeii February(Peltzer
et al.2008)

Novembefi February
(AmphibiaWeb, 2015))
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Table 2 Summary of linear regression models assessing trends in maximum temperature as a

function of time across
P
Number
of Number of

Species days grid squares
Alytes cisternasii - -
Bufo bufo 0.0195 0.0104
Ceratophrys cranwelli 0.1802 0.3531
Discoglossus galganoi 0.2274 0.2436
Dendropsophus minutus - -
Dermatonotus muelleri 0.0979 0.0979
Elachistocleis bicolor 0.1675 0.4123
Epidalea calamita - -
Hyla arborea 0.2185 0.2721
Hyla meridionalis 0.1047 0.2056
Hypsiboas raniceps 0.1875 0.4053
Leptodactylus bufonius - -
Leptodactylus latinasus 0.3517 0.7616
Lepidobatrachus
llanensis 0.0979 0.0979
Leptodactylus latrans 0.1777 0.3183
Limnomedusa
macroglossa - -
Leptodactylus
podicipinus 0.0979 0.0979
Physalaemus albonotatt 0.1384 0.2548
Pelobates cultripes - -
Pelophylax lessonae 0.2272 0.2272
Pseudis limellum 0.0979 0.0979
Pelophylax perezi - -
Pseudis platensis - -
Phyllomedusa sauvagii 0.1542 0.2107
Phyllomedusa
tetraploidea - -
Rana arvalis 0.9277 0.8067
Rhinella ornata - -
Rhinella schneideri 0.1513 0.1889
Rana temporaria 0.2272 0.2272
Scinax acuminatus 0.2091 0.2222
Scinax fuscovarius 0.1608 0.3505
Scinax nasicus 0.1731 0.212
Trachycephalus 0.1923 0.4625

speciesbo

di stri

but.i

on



venulosus
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Supplimentary figure 1 Summary of temporal trends for two example species. (Left): Number of
days outside physiological niche (dark gray), number of grid squares outside physiological niche
(light gray) (Middle): Relationship of number of days outgptigsiological niche and breeding

year. (Right): Relationship of number of grid squares outside physiological niche in

distributional areas and breeding year.
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Physiological niche in pixels and in days: Sfu
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Supplimentary figure2 Speci es ® di st r i dddutsiderplaysiologicalemiahes. wi t hi n
Yellow shading indicates conditions inside physiological niche; and red shading represents
conditions outside of the physiological niche
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