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ABSTRACT 

 Climate change has the potential to alter the strength of species interactions, but 

not only do we lack sufficient information about possible species responses, we also lack 

the tools to monitor and document these changes over meaningful spatial scales. Due to 

their physiology and life history, ectotherms such as amphibians, are particularly 

sensitive to changes in prevailing environmental conditions. Amphibians breed in a 

variety of standing water body types and one of the main structuring variables is the 

amount of time the water body holds water, the hydroperiod. The province of New 

Brunswick in Canada is expected to warm by ~4.5°C and see anywhere from a 5-50% 

increase in precipitation over the next 100 years and, as a result, it is anticipated that pond 

hydroperiods could change. I conducted translocation experiments with wood frogs 

(Lithobates sylvaticus) to determine the effect of different hydroperiods on embryo and 

larval survivorship. Permanent ponds that contained overwintered green frog larvae 

(Lithobates clamitans) had lower embryo and larval survival than both permanent ponds 

without green frog larvae and ephemeral ponds. To investigate the population-level 

impacts I conducted simulations using a population projection model of different climate 

change and hydroperiod scenarios. I found that wetter conditions (i.e., longer 

hydroperiods) had a negative effect while drier conditions (i.e., shorter hydroperiods) had 

a positive effect, at least initially, on wood frog populations. In order to facilitate 

monitoring improvements for these and other population-level impacts, I used automated 

recorders and automated sound recognition models. I found that choice of variable 

settings had a greater impact on recognizer performance than the amount and type of 
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training data, but increases in the number of sites used did improve performance slightly, 

and that by optimizing variable settings on new data it was possible to create reliably 

transferable models that minimized false negative (Type II) errors but not false positive 

(Type I) errors. I then used these bioacoustic monitoring tools to predict abundance in 

wood frog populations based on vocalization activity. The best model predicted egg mass 

abundance with an average absolute error of 16 masses and a relative error of 59%. 

Overall, I have provided evidence of an additional mechanism by which climate change 

can alter amphibian communities, as well as developed and evaluated a methodology to 

detect those alterations. 
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CHAPTER 1 

1.1 General Introduction 

Amphibians, the first terrestrial vertebrates, have existed on the planet since they 

evolved from lobe finned fish in the Devonian, around 370 million years ago (mya) 

(Duellman and Trueb, 1994). The frogs, salamanders, and caecilians of today form a 

monophyletic group that likely first appeared in the Late Carboniferous, with the 

divergence of caecilians from frogs and salamanders occurring around 315 mya and the 

split of frogs and salamanders around 290 mya (San Mauro, 2010). Today, around 7,600 

extant species of amphibian (~6,700 anurans, ~700 caudates, and ~200 gymnophionans) 

have been formally described with many more waiting on description. The number of 

amphibian species known increased by 25% from 1994 to 2005 alone (Köhler et al., 

2005) with new species being described at a rate of around 200 per year. In fact, the only 

thing set to outpace the rate of discovery and identification of new amphibian species is 

the rate at which they are declining (Hanken, 1999). Over one third of all amphibian 

species described in 2004 (n=5,743) were thought to be threatened with extinction and 

nearly half of all species are experiencing population declines- more than any other 

vertebrate class (Stuart et al., 2004)- and up to 2,700 times the estimated “background 

extinction rate” for amphibians across the last 350 million years (Roelants et al., 2007). 

Nearly a decade later, and although there has been no formal reassessment of the now 

approximately 7,600 species, it is unlikely that the global situation has improved 

(Hoffmann et al., 2010). Like most components of the biosphere, human domination of 

the environment, in terms of population size (Meffe et al., 1993) and resource 
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consumption (Allendorf and Allendorf, 2012), is taking a toll on the viability of 

amphibian populations (Collins and Storfer, 2003). The specific threats facing 

amphibians include pollution, invasive species, disease, and climate change, but the 

majority of amphibian species are affected by habitat loss, of one form or another (Stuart 

et al., 2004).  

Climate change was not a threat category in 2004, but evidence is accumulating 

concerning the effects of climate change on amphibian populations (Chadwick et al., 

2006; McMenamin et al., 2008). Much of this work has focused on the first two of the so-

called universal responses to climate change, 1) changes in phenology, 2) shifts in 

geographic distributions, and 3) body size reductions (Blaustein et al., 2012; Li et al., 

2012). In contrast to ubiquitous increases in annual average temperature, the predictions 

for changes in precipitation vary regionally, with Atlantic Canada expected to receive, on 

average, more rainfall each year (Plummer et al., 2006; Mailhot et al., 2012; Swansburg 

et al., 2004). The direct effect of climate change on wetlands therefore, through increased 

temperature and precipitation, could lead to changes in hydroperiod (the duration of time 

a wetland contains water), which is one of the primary abiotic factors that affect 

amphibian use of wetlands (Welborn et al., 1996; Werner et al., 2007) and could promote 

novel competition, predation, disease, and parasite interactions. 

The scientific debate over whether amphibians were actually declining or whether 

population declines represented extreme but natural fluctuations lasted through the 

1990’s (Pechmann et al., 1991; Pechmann and Wilbur, 1994) but by the early 2000’s a 

general consensus had been reached that declines were indeed occurring (Houlahan et al., 

2000; Stuart et al., 2004). The lack of long-term, large-scale monitoring data contributed 
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to the delay in understanding and documenting global amphibian trends. Trade-offs exist 

between the detailed monitoring of a few sites in a small geographic area and the 

monitoring of a large number of sites across a broad geographic area in less detail. Given 

limited resources and design constraints, such tradeoffs are an important consideration in 

developing monitoring programs. Traditional manual acoustic surveys for vocalizing 

anurans have been a staple of large scale studies of anuran occupancy and phenology 

(Heyer et al., 1994). They are, however, logistically constrained, dependent on the ability 

of the surveyor to identify species vocalizations, and require significant time and expense 

to complete. The use of acoustic recording devices (ARDs) mitigates many of these 

issues.  In particular, they allow simultaneous monitoring of multiple sites (critical to 

comparative phenological assessments) and the potential to substantially increase the 

frequency and duration of monitoring at any given site (critical to detection of rare 

species). In addition, samples can be archived allowing re-analysis as technology 

improves (Peterson and Dorcas, 1992; Corn et al., 2000). A second revolution occurred 

with the release of software that allowed vast quantities of acoustic data to be scanned for 

the vocalization of interest (Kogan and Margoliash, 1998). Such automated sound 

recognition models (i.e., “recognizers”) have been developed for a wide variety of taxa 

including birds (Buxton and Jones, 2012), amphibians (Waddle et al., 2009), marine 

mammals (Marques et al., 2009), and insects (Chesmore, 2004) to assess 

presence/absence. We currently stand at the edge of a third revolution in bioacoustics, the 

ability to obtain population size or density estimates from audio recordings (Marques et 

al., 2012; Measey et al., 2016). This increase in the amount of data that can be collected 

and processed and the associated standardization of species recognizers will likely lead to 
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dramatic improvements in our ability to detect community shifts and population declines 

over varying temporal and spatial scales. 

This dissertation has two goals. First, I investigate the impacts of climate change 

on wetlands because it has the potential to fundamentally alter the temporal and spatial 

patterns of wetland hydroperiods. To do this, I used wood frogs (Lithobates sylvaticus) to 

conduct field experiments on how embryo (chapter 2) and larvae (chapter 3) mortality 

vary by hydroperiod type (ephemeral or permanent) and in the presence of a known 

predator of their embryos, the larvae of the green frog (Lithobates clamitans).  Green 

frogs are associated with permanent wetlands and their distribution would likely be 

affected by changes in hydroperiod due to climate change. To determine if hydroperiod 

changes could scale up to have population-level impacts, I conducted simulations where I 

examined a range of future climate scenarios and hydroperiod conditions and their effects 

on wood frog populations (chapter 4). Second, our ability to monitor amphibian 

populations at large spatial scales is hampered by limited resources. Automated and semi-

automated methods such as recorders and recognizers could be used to make significant 

progress in large scale monitoring, but we lack a standardized approach to developing 

and implementing these tools. To determine some best practices for developing and 

validating amphibian call recognizers, I used the calls of the wood frog to investigate 

how the type and amount of training data affects the quality of the recognizer, whether 

different recognizer parameter settings can be used to fine tune error rates, and whether a 

recognizer’s performance transfers from the recordings used to construct the recognizer 

to new data (chapter 5). Finally, I investigate whether metrics of vocalization activity 
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could be exploited to predict the absolute abundance of breeding wood frog females at a 

pond (chapter 6). 

Where possible, in addition to traditional information-theoretic model selection 

procedures, I have tried to evaluate the predictive accuracy of statistical models by 

confronting them with new data (Houlahan et al., 2017). Using models generated in one 

place or time to predict the results of an experiment, manipulation or observational study 

at another place or time represents an objective demonstration of how generalizable the 

conclusions from the original study are and how well we understand the underlying 

processes (Wenger and Olden, 2012). When using species call recognizers, the logic of 

this is obvious. Imagine a recognizer designed to identify wood frog calls built using calls 

from a pond in southern New Brunswick. The recognizer performs well at that site, but 

when used at a pond a kilometer away or even the same pond the following year, it does 

not work. We would clearly see this as a failure to be useful outside the conditions under 

which the recognizer model was built. We would assume that wood frog calls were 

variable between sites and times, or some unmeasured variables affected the way the 

recognizer works. However, it is only by confronting the recognizer with these new 

recordings that this can be evaluated; if we judged the quality of the recognizer by the 

efficacy on the original pond, we might be quite happy with its performance despite poor 

transferability. Similarly, our confidence in statistical models derived from experiments 

or observations might be equally as unsound and idiosyncratic if never confronted with 

new data. The ecosystems and organisms studied by ecologists are complex and many 

more factors affect the behaviour of a system than can be measured. In addition, most 

ecological studies are short-term (including those reported in this dissertation) and are 
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therefore at risk of sampling error and potentially spurious conclusions (Pennekamp et 

al., 2016). The structure of the work presented here provides the opportunity to test some 

of the models created from one year on the previous or subsequent year. For example, I 

test acoustic-abundance models developed on data collected in 2015 at the same sites in 

2016. This has allowed me to gain some insight into whether my conclusions are robust 

through time. 
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CHAPTER 2 

2. Overwintered green frog larvae cause high embryo mortality in wood frogs 
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2.1 Abstract 

The distribution and quantity of habitat for many species is likely to be altered 

under climate change scenarios. Globally, temperatures are expected to increase but 

changes in precipitation will be variable with some locations expected to receive more 

precipitation and other locations to receive less. The amount and timing of precipitation 

has a strong influence on wetland hydroperiod, which is a critical factor in determining 

wetland use by species of pond-breeding amphibians. Past research has focused on 

possible direct effects of variable hydroperiods but little attention has been given to the 

indirect consequences. I investigated this using wood frogs (Lithobates sylvaticus), a 

species that typically breeds in ephemeral (temporary) wetlands, by conducting 

translocation experiments in 2014 and 2015. I monitored hatch success and embryo 

predation using open (predator access) and closed (predators excluded) cages in 16 

wetlands in each year. I observed no difference in the hatch success rate between 

ephemeral (0.60, 95% confidence intervals 0.35-0.75) and permanent wetlands (0.68, CI 

0.58-0.76), but warmer pond water, not lower pH, led to fewer successfully hatched 

embryos. Permanent wetlands with overwintered green frog (Lithobates clamitans) larvae 

had a higher proportion of embryo mortality (0.80, CI 0.65-0.91) than permanent 

wetlands that lacked green frog larvae (0.42, CI 0.26-0.60) and ephemeral wetlands (0.37, 

CI 0.31-0.45). Embryo mortality increased with increasing green frog larval density. 

Ponds with larvae densities greater than 2.5 larvae per m2 resulted in 90% embryo 

mortality and were considered reproductive sinks. Caddisfly larvae (Insecta; Trichoptera) 

density, red-spotted newt (Notophthalmus viridescens) density, and pond water 

temperature had no effect on embryo mortality. Under a wetter and warmer climate, 
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springtime occupancy of green frog larvae in permanent wetlands is likely to increase, 

causing a reduction in the amount of habitat where wood frogs can reproduce. This 

research suggests that indirect effects of climate change mediated through biotic 

interactions may play a critical role in the distribution of ephemeral wetland species. 

 

2.2 Introduction 

Lentic (i.e., standing) freshwater wetlands serve as the primary breeding sites for 

many species of amphibian around the world (Duellman and Trueb, 1994). Amphibian 

species that use wetlands for reproduction typically lay eggs in or adjacent to the water 

body. After the eggs hatch, larvae undergo development in the wetland, eventually 

completing metamorphosis and emerging from the water into the terrestrial environment. 

Factors that influence wetlands use by amphibians include size, food availability, water 

temperature, pH, predator abundance, and hydroperiod (Skelly et al., 2002; Werner et al., 

2007; Fairman et al., 2013; Rowland et al., 2016). The hydroperiod, or number of days a 

wetland contains water, is one of the most important factors in determining where 

particular amphibian species will successfully breed (Welborn et al., 1996). Hydroperiods 

range from days (Newman, 1987) to years but are generally categorized as ephemeral, 

meaning that the wetland dries out for at least some part of the year, or permanent, 

meaning they retain water all year long. The length of the wetland hydroperiod can have 

direct and indirect impacts on amphibian reproductive success. The direct effects include 

larvae mortality if the hydroperiod is shorter than the minimum time required for a 

species to complete metamorphosis (Pechmann et al., 1989) and reduced survival 
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associated with early metamorphosis at a smaller body size (Altwegg and Reyer, 2003) 

because of high water temperatures due to pond drying. In addition, indirect effects can 

also occur because hydroperiod impacts predator density (Skelly, 1996) and disease 

dynamics (Richter et al., 2013; Rothermel et al., 2016), although little research has been 

done examining these effects explicitly. Most species have an optimal hydroperiod range 

that balances their developmental needs with the risks associated with predation, 

terrestrial survival, and disease (Skelly, 1996; Snodgrass et al., 2000; Werner et al., 

2007). 

Variability in reproductive success, often driven by variability in wetland 

hydroperiod, is a hallmark of aquatic breeding amphibian species (Pechmann and Wilbur, 

1994; Alford and Richards, 1999; Marsh, 2001). Anthropogenic climate change is 

altering prevailing temperature and precipitation patterns (IPCC, 2014) and increasing 

variability in wetland hydroperiods beyond that recently experienced by amphibian 

populations. Although mean temperatures are expected to continue the warming trend 

globally, precipitation changes are much more idiosyncratic with some areas expected to 

receive between 10-30% less rain and snow and other areas expected to receive 10-20% 

more (IPCC, 2014). Changes to prevailing temperature and precipitation patterns can 

interact to produce 3 different possible outcomes for wetland hydroperiods: (1) a shorter 

hydroperiod – precipitation decreases along with increases in temperature, or increases in 

evapotranspiration caused by higher temperatures exceed any increase in precipitation; 

(2) longer hydroperiods – increases in precipitation exceed the effect of increases in 

temperature and evapotranspiration; and (3) no change – increases effectively cancel each 

other out. The scenarios are further complicated by changes in the seasonal timing of 
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precipitation (McMenamin et al., 2008; Walls et al., 2013) and the position of the wetland 

in the hydrological landscape (Winter, 2000; Ray et al., 2016). Given the key role 

hydroperiod plays, not only in determining the local amphibian assemblage, but also in 

the reproductive biology of other taxa and their critical ecosystem functions, a better 

understanding of the potential consequences of climate change to wetland communities is 

an important goal. 

Research on climate change impacts on wetland hydroperiods to date has focused 

on how reduced precipitation and increased temperatures causes wetlands to dry earlier 

and reduce the amount of suitable breeding habitat. McMenamin et al. (2008) for 

example, report that in northern Yellowstone National Park in the USA increases in 

temperature and decreases in precipitation caused a reduction in the number of breeding 

populations of four common taxa. They note a four-fold increase in the number of dry 

ponds between 1992/93 and 2006/08. Similarly, Westervelt et al. (2013) projected 

reductions in precipitation (5-15%) and concluded this would result in a 5.6-40.4% 

reduction in flatwoods salamander (Ambystoma cingulatum) population size due to a 

decrease in the number of ponds that could support salamander reproduction. In contrast 

to the effects of early pond drying, no research has been conducted on the effects of 

increased precipitation and longer hydroperiods. Large parts of Canada and the northern 

US are expected to receive, on average, more precipitation under future warming 

scenarios (IPCC, 2014). In New Brunswick, Canada, precipitation is expected to increase 

between 5-50% depending on the location within the province (Swansburg et al., 2004). 

Unless the effect of temperature increases exceed these rises in precipitation, wetlands 

that are currently classified as ephemeral or semi-permanent (wetlands that dry down 
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some years and stay wet other years) could transition to permanent wetlands. It is of 

interest therefore, to explore how climate change induced increases in hydroperiod might 

affect the currently stable amphibian populations in this northern region. 

To better understand how climate change driven increases in hydroperiod might 

influence hatch and predation rates in embryos of the wood frog (Lithobates sylvaticus), I 

explored how hatch success and embryo predation differed among wetlands of different 

hydroperiods, while accounting for differences in temperature and pH. Wood frogs are a 

widespread pond-breeding anuran that reproduces after the frozen pond surfaces begin to 

melt in the spring. Females lay a single egg mass, often in large, communal clusters 

(Crouch and Paton, 2000). The eggs take about 14 days to hatch and the larvae take about 

60-90 days to complete metamorphosis and enter the terrestrial environment (Berven, 

1982a). Due to their relatively fast development rate, wood frogs do not require 

permanent wetlands to complete metamorphosis but do breed in them. Evidence suggests 

that pond-breeding amphibians experience population regulation at multiple life stages 

(Altwegg, 2003). However, the relative importance of regulation in the different aquatic 

and terrestrial life stages is not clear (Berven, 1990, 2009). Some studies suggest the 

effect of density dependent survival of larvae, depending on the strength, may 

compensate for higher embryo mortality (Vonesh and Cruz, 2002). Previous observations 

at the study site utilized here and the literature suggest that green frog (Lithobates 

clamitans) and caddisfly (Insecta: Trichoptera) larvae, as well as adult red-spotted newts 

(Notophthalmus viridescens) can be significant predators of wood frog embryos (Rowe et 

al., 1994; Petranka and Kennedy, 1999; Richter, 2000; Edge et al., 2014; Kross and 

Richter, 2016). Green frog larvae in New Brunswick require at least 1 year to complete 
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development. This means they overwinter in ponds that retain water throughout the 

summer and metamorphose the following summer. 

I tested the hypothesis that wood frog reproduction in permanent wetlands results 

in lower embryo survivorship because second-year green frog larvae, caddisfly larvae and 

adult red-spotted newt predation causes high mortality of wood frog embryos. I predicted 

that (1) embryo mortality would be higher in ponds with higher predator densities and (2) 

hatch success would not differ among ponds where the embryos are placed in closed 

cages and protected from predators. 

In addition, because abiotic factors also influence embryo survivorship, I 

examined the effect of water temperature and pH directly on hatch success in closed 

cages, and tested whether water temperature was an important covariate of embryo 

predation in open cages. Water temperature can indirectly affect the hatch success of 

embryos by impacting the growth of aquatic fungi (Perotti et al., 2013), predator activity 

and consumption rates, as well as directly through the effects on development rate 

(Herreid and Kinney, 1967). Acidic conditions (low pH) have also been documented to 

affect hatch success in amphibian embryos (Sadinski and Dunson, 1992).  

 

2.3 Methods 

Experimental Design 

Wood frog hatch success rate and embryo predation rate were assessed using 

wetlands located on Canadian Forces Base Gagetown in New Brunswick, Canada in 2014 

and 2015 (45°41’N, 66°29’W). The wetlands are embedded within a mixed terrestrial 
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habitat with gently undulating topography comprised of alternating open grasslands and 

forested ridges. The forest types vary from primarily deciduous to primary coniferous. In 

2014, I used 16 wetlands that were split in two segments with an impermeable plastic 

barrier made from 0.76 mm black, high density polyethylene (Poly-Flex Inc. 

Geomembrane Lining Systems, Grand Prairie, Texas). Thirteen of the ponds were 

permanent wetlands and 3 were ephemeral wetlands. Of the 13 permanent wetlands, 6 

contained overwintered green frog larvae and 7 did not (appendix 2.1, also contains 

wetland size and depth information). I randomly established “predator exposed” and 

“predator unexposed” wetland segments. Two 83-liter screened exclosures (Reptarium, 

Big Apple Pet Supply, Inc., Boca Raton, Florida, USA) were placed in each wetland half 

and 10 egg masses were placed in each cage. Thus, all ponds received 40 egg masses. If 

insufficient egg masses were laid in a pond, egg masses from ponds containing surplus 

egg masses were used. In the exposed pond segment, both of the cages were left open 

along one side of the cage allowing predators access to the eggs, and in the unexposed 

pond segment both of the cages were closed preventing predator access. In 2015, I again 

used 16 split wetlands but this time placed an exposed and unexposed cage together on 

each side. Of the 16 ponds, 9 were permanent and 7 were ephemeral. Of the 9 permanent 

ponds, 6 contained overwintered green frog larvae and 3 did not (appendix 2.1). All other 

methods were the same as in 2014 and all ponds used were the same between years 

except one permanent pond. The numbers of ponds in each group changed between years 

because variability in environmental conditions caused changes in hydroperiods at the 

same ponds between years. The cages were installed at similar water depths in each pond 

and vegetation was placed in all the cages to prevent the egg masses from sinking to the 
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bottom of the cages. Once the egg masses started to hatch, I closed all the cages to 

prevent hatched larvae from escaping the exclosures and counted all hatched larvae. I 

counted the hatchling larvae within 3 – 7 days in 2014 and 6 – 13 days in 2015 of closing 

the cages up. 

Dependent variables – Hatch success rate and embryo predation rate 

I estimated hatch success rate as HSR = HLC / 7150 where HLC  is the average of 

the count of larvae that successfully hatched from the two unexposed screen cages in 

each pond and 7150 is the estimate of the total number of eggs that were placed in the 

two unexposed cages. I derived the estimate of clutch size from Berven (1988) using an 

average of the means adjusted for size across 1-3 year old wood frogs. I estimated the 

embryo predation rate as EPR = (HLC – HLT) / HLC, where HLC is as described above, 

and HLT is the average of the count of larvae that successfully hatched from the two 

cages in the exposed pond segment. In 2015, I estimated the hatch success rate and 

embryo predation rate using the same formulas, but this time I did it within each pond 

segment. I then averaged the estimate from the two segments to give a single value for 

each pond. 

Independent variables – Pond type, predator density, exposure duration, 

temperature, and pH 

I compared hatch success and embryo predation rates among 3 types of ponds - 

ephemeral ponds without 2nd year green frog larvae, permanent ponds without 2nd year 

green frog larvae, and permanent ponds with 2nd year green frog larvae. I determined the 

presence or absence of green frog larvae by surveying the ponds late in the summer of the 



20 

 

previous year and confirmed this determination by observation of predators in the egg 

cages and sampling over the summer. The estimates of predator density were based on 4-

6 samples about 10-14 days apart from late May to early August in 2014 and 2015, after 

the larvae had been counted and released. The sampling took place approximately two 

weeks after the surviving larvae had been counted and released. At each sample event, I 

obtained 6-10 haphazardly placed 0.5 m2 subsamples per pond segment using a pipe 

sampler (a 65cm tall cylinder of aluminum flashing). I dip netted inside the pipe sampler 

until there were 10 empty sweeps and counted all amphibian larvae and 

macroinvertebrates. In 2014, I used the density of green frog larvae, red-spotted newts, 

and caddisfly larvae from the pond half with the open cages. In 2015, I took the average 

of both pond halves. Due to differences between years and when eggs were laid and 

began hatching among ponds in the same year, some embryos were exposed to predators 

longer than others (i.e., exposure duration). I quantified this as the number of days 

between stocking the exposed cages with egg masses and closing them after the eggs 

started to hatch. Water temperature was sampled every 3 hours with a Thermochron 

iButton DS1921G-F5 (Maxim Integrated Products, Sunnyvale, California, USA) coated 

in Plasti Dip (Plasti Dip International, Blaine, Minnesota, USA) and secured at the 

bottom of the pond next to the cages with a bamboo stake (Roznik and Alford, 2012). A 

handheld MPS 556 probe (YSI, Yellow Springs, Ohio, USA) was used to collect pH data 

once the larvae had been counted. 
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Analysis 

I calculated mean hatch success and embryo predation rates and estimated 

bootstrapped 95% confidence intervals (CI) of the means for each of the three pond types 

for each year separately and combined. I considered the effect of pond type to have 

strong support if the CI’s did not overlap. 

I used beta regression (Cribari-Neto and Zeileis, 2010) to examine how pH and 

water temperature affected hatch success rate (HSR), and to examine how the density 

(n/m2) of green frog larvae, red-spotted newts, and caddisfly larvae, as well as water 

temperature, affected embryo predation rates (EPR). I used beta regression models 

because hatch success rate and embryo predation rate are proportions (i.e., values 

between 0 and 1). As the beta regression uses a logit link function, boundary values of 0 

and 1 are undefined and the model fails to fit. Thus, when the embryo predation rate was 

1 I deducted 0.00001 and when it was 0 the same amount was added. For green frog and 

caddisfly larvae, and red-spotted newts I quantified density in 3 different ways. I used the 

density on (1) the first wetland sample after the larvae were counted and released, 

however, sometimes this estimate was lower than subsequent estimates, presumably 

because capture probabilities increase throughout the season. Therefore, I also used (2) 

the mean over all the samples, and lastly (3,) the maximum density observed in any 

sample. I suspected the functional relationship between predator density and embryo 

mortality might be non-linear and so also tested quadratic and exponential models. 

Model selection was a two-step process. First, I determined the best way of 

measuring density (i.e., 1st sample, mean or maximum) and which functional relationship 

(i.e., linear, quadratic or exponential) fit the data best using Akaike Information Criterion 
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adjusted for small sample sizes (AICc) model weights. I then built univariate models 

using each of (1) green frog larval density, (2) caddisfly larval density, (3) red-spotted 

newt density, (4) exposure duration, and (5) mean water temperature as the independent 

variables. I examined each independent variable separately because a sample size of 16 

was too small to run models with all possible combinations and I had no a priori reasons 

to pick and choose specific combinations of these 5 variables. The measure of density 

and functional relationship used in these univariate models was determined in the first 

step. I also included an intercept-only model and used the model rankings from each year 

for inference. Because I used some of the same ponds in both years and I modified the 

experimental design between years, I analyzed the two years separately. 

There were two potential confounding factors – duration of time in the cage 

between hatching and counting and escape of free swimming larvae. In 2014, some of the 

larvae were free swimming when I closed the cages and an unknown number escaped 

from these open cages in 7 of the 16 ponds. In addition, larval counting was labor-

intensive and so some cages were counted shortly after closing and some were counted 

several days after closing. I investigated whether the length of time in the cage affected 

hatching success and embryo predation rate estimates by examining the relationship 

between days between closing and counting and the number of larvae in the cage; if 

leaving larvae in the cage resulted in additional mortality I would expect the relationship 

to be negative. To determine if the length of time in the cage affected larvae survivorship 

I compared a linear model (with normally distributed errors) with the number of days as a 

predictor variable to an intercept-only model and used AICc values and the 95% 

confidence intervals of the coefficient to determine the effect. I investigated whether free-
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swimming larvae at cage closure affected the embryo predation rate estimates by 

comparing larval abundance in ponds where there were free-swimming larvae with ponds 

where there were not; if free-swimming larvae at the time of closure affected my estimate 

of embryo predation rates, I would expect lower larvae counts in the open cages at ponds 

where free-swimming larvae occurred. For this analysis, I used a randomization approach 

where I calculated the difference between the means of the open cages with free-

swimming larvae and the open cages without free-swimming larvae. I then combined the 

two groups, randomly divided the samples into two groups the same size as the observed 

data, and recalculated the difference between the mean 10,000 times. All statistics were 

performed using R 3.2.4 (CRAN, 2016) using the packages betareg (Cribari-Neto and 

Zeileis, 2010), AICcmodavg (Mazerolle, 2015) and boot (Canty and Ripley, 2015). Plots 

were created using ggplot2 (Wickham, 2009). 

 

2.4 Results 

Hatch success rate 

Hatch success rate varied among ponds and between years but overall there were 

only small differences between ephemeral and permanent wetlands with and without 

green frog larvae (Figure 2-1). The mean hatch success rate for all ponds in both years 

was 0.65 (CI 0.55-0.73). Overall, ephemeral pond hatch success was 0.6 (CI 0.35-0.75) 

and permanent pond hatch success, including ponds with and without green frog larvae, 

was 0.68 (CI 0.58-0.76). Averaged over the year, the generalized hatch success rate in 

2014 was 55% and in 2015 it was 76%. Differences in pond water temperature between 
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years were greater than among hydroperiod types (Figure 2-2). Using AICc I found 

temperature was an important predictor of hatch success (Table 2-1) with a quadratic 

model receiving 67% of model weight in 2014 and a linear model receiving 54% of the 

model weight in 2015 (Figure 2-3). Pseudo R2 (calculated as the square of the correlation 

coefficient between the observed and predicted values) for these models were 0.49 and 

0.19 for 2014 and 2015 models, respectively. The shape of the temperature – hatch 

success rate relationships looked very different in 2014 than in 2015 and mean pond 

temperature was much warmer in 2015 (range 7.7 – 16.3 °C) than 2014 (range 6.7 – 11.9 

°C). Because of the incomplete overlap in temperature ranges between years, post hoc, I 

pooled the data from both years and repeated the model selection process. The top ranked 

model was a quadratic temperature model (AIC weight = 0.79, R2 = 0.2) and showed 

peak hatch success of 0.80 at ~ 12°C (Figure 2-4). In contrast to previous research, 

wetland pH showed no effect on hatch success (range in 2014 3.81 – 5.97, and in 2015 

3.35 – 5.45). In summary, hatch success rate varied by pond temperature but I found 

there was no clear relationship between water temperature and pond hydroperiod. 

Embryo predation rates 

Overall, embryo predation showed no difference between ephemeral (mean 0.37, 

CI 0.31-0.45) and permanent wetlands without green frogs (mean 0.42, CI 0.26-0.60) as 

determined by overlapping confidence intervals, but permanent wetlands with green frog 

larvae had higher embryo predation rates (mean 0.80, CI 0.65-0.91) (Figure 2-3). I also 

noted there were differences between years in embryo predation rates, especially for 

permanent wetlands with green frog larvae. The mean exponential model and the first 
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linear model gave the best fit to the green frog larvae density data in 2014 and 2015, 

respectively (Table 2-2). Caddisfly larvae and red-spotted newts showed no clear best 

density estimate or functional relationship so I used a mean sample linear model to 

determine the effects of these potential predators. Green frog larvae density best 

explained variation in embryo mortality with 99% of the model weight in both years 

(Table 2-2). Pseudo R2 for these models was 0.52 and 0.63 for 2014 and 2015, 

respectively. Using the fitted values, models predicted 90% embryo mortality at 1.5 and 

2.4 green frog larvae per m2 in 2014 and 2015, respectively (Figure 2-6). Of particular 

interest is that the 5 ponds with green frogs in only one of the two years showed an 

increase in embryo predation rate between years with and without 2nd year green frog 

larvae of 0.5 (CI 0.24-0.67). All coefficients for caddisfly larvae density, red-spotted 

newt density, exposure duration, and water temperature had confidence intervals that 

overlapped zero and all univariate models received less AICc support than the intercept-

only model, indicating little effect of these factors on embryo mortality (Table 2-2). 

Caddisfly larvae (Figure 2-7) and adult red-spotted newt (Figure 2-8) density did not vary 

significantly among wetlands. 

There is little evidence that duration of time the larvae spent in the cage between 

hatching and counting had an effect on the count. Although the coefficients for both years 

were negative (-207.5 in 2014 and -153.8 in 2015) the 95% confidence intervals 

overlapped zero and AICc values were higher (less supported) for the model with days 

included than the intercept-only model in both 2014 and 2015. In addition, there was no 

evidence that escaped larvae contributed to an inflated estimate of embryo predation 

rates. In 2014, the mean count of wood frog larvae in the open cages in which embryos 
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had already hatched when I closed the cages was 1965 and the mean count in the cages in 

which embryos had not yet hatched when I closed them was 802. This difference was in 

the opposite direction that I would have expected if hatched tadpoles escaped and 

lowered the count; I would have expected cages with hatched embryos to be lower than 

unhatched embryo cages. These randomizations supported this difference with 97% of 

simulated mean differences being smaller than the observed difference.  

 

2.5 Discussion 

Climate change threatens to alter the distribution, quality, and quantity of 

breeding habitat for many species of wildlife (Parmesan, 2006) through both direct and 

indirect effects (Visser and Both, 2005; Benard, 2015). In this study, I have demonstrated 

that wood frogs could be subject to indirect effects of climate change through alterations 

to wetland hydroperiod and associated increase in predation pressure by green frogs.  If 

precipitation increases outweigh the increases in temperature and thus evapotranspiration, 

and the number of ephemeral wetlands at northern latitudes in eastern North America 

decreases as a result, I would expect decreases in wood frog reproductive success because 

of increased green frog occupancy.  

Although the functional relationship and the coefficient values were different 

between years, these models showed a large increase in embryo mortality of wood frogs 

with higher green frog larval density. At the northern extent of their range, such as in 

New Brunswick, green frogs typically overwinter as larvae in their natal ponds and thus 

require wetlands to hold water over at least two summer seasons in order to morph 
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successfully. I estimate that permanent wetlands can be reproductive sinks (90% or 

greater embryo predation) for wood frogs above green frog larvae densities of about 2.5 

larvae per square meter. This is based on the predicted values from the linear model from 

2014 and 2015. Although I observed 100% embryo mortality at much lower densities, I 

also observed lower embryo mortality rates at higher green frog larvae densities. This 

indicates that other factors, such as the location of the cage within the pond and the 

availability of other food sources, could mediate this impact. These model predictions are 

much lower than those of Petranka and Kennedy (1999) who studied the same species. 

Their model predicted densities of 10 larvae per square meter would result in 90% 

embryo mortality. Although I am not the first to provide evidence of this predation effect, 

I believe this experimental approach strengthens the evidence for the role of green frog 

larvae as significant predators of wood frog egg masses and a key driver of higher wood 

frog reproductive output in ephemeral than permanent ponds. Petranka et al. (1994) found 

a similar effect due to predation by wood frog larvae on American toad (Anaxyrus 

americanus) eggs and larvae. They noted that the impact of omnivores may be larger than 

that of top predators because organisms like wood frog and green frog larvae can reach 

very high abundances and opportunistically exploit food resources such as the eggs and 

larvae of other amphibian species. More broadly, the idea of priority effects, where one 

species gains an advantage over another as the result of earlier arrival and advanced 

development at a specific site, is usually limited to competitive interactions (Hernandez 

and Chalcraft, 2012). However, given the increasing appreciation for the broader trophic 

niche of larval anurans (Petranka and Thomas, 1995; Altig et al., 2007; Schiesari et al., 
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2009), this concept could be extended to include opportunistic predation (Dayton and 

Fitzgerald, 2005; Eitam et al., 2005). 

Despite reports in the literature of such, I found no evidence of any impact of 

caddisfly larvae or adult red-spotted newts on embryo predation of wood frogs. One 

wetland in 2014 had over 200 caddisfly larvae in the cage when I counted the wood frog 

larvae but they were virtually absent the next year in the same pond (personal 

observation). Both Richter (2000) and Rowe et al. (1994) studied the effect of caddisfly 

larvae on ranid embryo mortality and reported high variability in caddisfly larvae 

abundance between years and Rowe et al. (1994) concluded that they probably witnessed 

a rare high abundance outbreak. These results are consistent with theirs; caddisfly larvae 

predation can cause high embryo mortality in rare isolated cases, but that in general their 

impact is low. Kross and Richter (2016) studied wood frog egg mass predation by red-

spotted newts in natural ephemeral wetlands and constructed permanent wetlands. They 

determined that between 7% and 70% of egg masses were depredated in constructed 

wetlands and that, as newts were found almost exclusively in these wetlands and they 

showed increased body condition scores, they were probably responsible for this 

predation. They also noted the presence of green frog larvae in these same constructed 

wetlands and that the catch-per-unit-effort between larvae in the Ranidae family and 

newts had a correlation coefficient greater than 0.7. The maximum density of red-spotted 

newts at the sites in New Brunswick was 0.4 per square meter on average, but as I did not 

perform a mark-capture-recapture study I cannot compare their estimates directly. I also 

found little evidence for differences in caddisfly larvae and red-spotted newt density 
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between wetlands of different hydroperiods, indicating that neither species is likely to 

respond to changes under wetter climate conditions. 

I observed no consistent differences in hatch success among wetland types but did 

detect a relationship between water temperature and hatch success. In 2014, hatch success 

increased with warmer temperatures up to ~ 10°C after which hatch success declined. In 

2015, hatch success declined with increasing temperatures. When I pooled the data, hatch 

rate peaked ~ 12°C. Previous research has shown that temperatures below 10°C can 

inhibit the growth of aquatic molds on wood frog egg masses (Gomez-Mestre et al., 

2006) and this is one of the potential advantages of early breeding (Perotti et al., 2013). 

Additional research is required to fully understand the relationship with temperature and 

hatch success but if warmer spring temperatures occur more frequently due to climate 

change, it is possible hatch success could be reduced as a result. Alternatively, anurans 

which reproduce early in the spring are at additional risk of embryo mortality from 

freezing temperatures overnight (Loman, 2009).  

Overall, the hatch rate was 65%, which is lower than the previously published 

estimates of hatch success in wood frogs of between 78.4% (Herreid and Kinney, 1966) 

and 96.6% (Seigel, 1983). Previous research at my field site noted ~90% hatch success 

(Edge et al., 2014). These estimates were based on eggs masses that were not placed 

inside cages and it is possible that the current estimates are lower because of a cage-

effect. I did not conduct a procedural control (Hurlbert, 1984) to evaluate for a cage-

effect, but it is unlikely that there was a consistent cage-effect because the hatch rate 

varied among ponds from less than 1% to 99.9%. In 2014, embryos experienced an 

average of 5.6 nights of below 0°C temperatures, whereas in 2015 there was only an 
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average of 2.3 nights below 0°C. Loman (2009) showed that with the common European 

Frog (Rana temporaria) embryo survival is reduced by ~20% by exposure to below zero 

temperatures. Because wood frog egg masses are typically attached to vegetation at the 

surface of the water (Waldman, 1982), they are susceptible to overnight subzero 

temperatures and the freezing of the embryos at the water’s surface (Frisbie et al., 2000). 

It is possible that differences in water temperature and the frequency and duration of 

subzero temperatures between years in the current study explain the lower hatch success 

rates in 2014.  

In contrast to previous research, pH had no effect on hatch success in this study. I 

observed a pH range of 3.35 to 5.97 among ponds during the embryo development 

period. These values encompass a portion of the range seen in natural wetlands of ~ 3.5 – 

8 (Pierce and Harvey, 1987; Sadinski and Dunson, 1992), but do skew low and include 

values below 4.1, which have been shown to reduce hatch rates (Clark and Lazerte, 1985; 

Sadinski and Dunson, 1992). As local adaptation occurs on microgeographic scales in 

wood frogs (Skelly, 2004), it is possible that moving egg masses laid by locally adapted 

individuals between wetlands of different pH could explain why I saw no effect of pH 

and also why hatch rate was lower than that observed in other studies (Pierce and Harvey, 

1987). 

I had 5 ponds in this study that had 2nd year green frog larvae in one year and not 

the other. The average increase in embryo mortality was 0.5 (CI 0.24-0.67) when green 

frog larvae were present. The most extreme example of this was a pond that was occupied 

by green frog larvae in the spring of 2014, did not dry down in the summer of 2014, but 

was not occupied by green frog larvae in the spring of 2015. Embryo survivorship 
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increased from 6% to 83% among years. This wetland, and the 4 others with similar 

shifts in predators, could be classified as reproductive sinks in years with green frog 

larvae but sources in years without them. Temporal variability in the productivity of 

habitat has been noted before (Johnson, 2004) and represents an additional challenge for 

species and habitat management. Not all permanent ponds were occupied by green frog 

larvae in the spring. This pattern occurs for two reasons, first, green frogs do not breed in 

every permanent wetland and second, in some wetlands the larvae do not survive the 

winter. Anecdotally, I observed no green frog egg masses or larvae in small, forested 

permanent wetlands with high canopy cover and I also observed mass mortality of larvae 

in both shallow and deep wetlands that could be attributable to either disease (e.g. 

Ranavirus) or hypoxia. If milder, shorter winters also increase the likelihood of green 

frog larvae surviving through the winter, as has been observed in other ranids (McCaffery 

and Maxell, 2010), this might interact with increases in hydroperiod to rapidly expand 

green frog larvae occupancy in the spring. Additional research will be required to confirm 

what factors, beyond hydroperiod, regulate green frog occupancy on the landscape. 

Where climate change scenarios forecast increases in precipitation, such as in the 

northern US and Canada, increases in wetland occupancy by green frogs, brought about 

by longer hydroperiods, could drive reductions in their occupancy by wood frogs by 

shifting wetlands to be reproductive sinks. Future research should investigate whether 

this effect could have population-level consequences. This novel, indirect, biotic 

mechanism by which climate change may reduce breeding habitat could be an 

unrecognized issue for many taxa of amphibians and aquatic invertebrates that depend on 
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ephemeral wetlands and have not evolved strategies to deal with predators and 

competitors of longer hydroperiod wetlands. 
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Table 2 – 1: AICc model selection results for wood frog (Lithobates sylvaticus) hatch 

success in experimental wetlands (n = 16) in CFB Gagetown, New Brunswick from 2014 

and 2015. In all case we used the top model for inference. 

 

2014 Models K AICc  ∆ AICc AICc Wt Cum.Wt Log Lik R^2 

Quadratic Temp 4 1.06 0.00 0.67 0.67 5.29 0.49 

Temperature 3 3.6 2.54 0.19 0.85 2.2 0.20 

Intercept-only 2 4.68 3.62 0.11 0.96 0.12 - 

pH 3 7.27 6.21 0.03 0.99 0.36 0.03 

Quadratic pH 4 9.89 8.83 0.01 1 0.87 0.08 

     

 

 

  
2015 Models K AICc  ∆ AICc AICc Wt Cum.Wt Log Lik R^2 

Temperature 3 -16.06 0.00 0.54 0.54 12.03 0.19 

Intercept-only 2 -14.56 1.50 0.25 0.79 9.74 - 

Quadratic Temp 4 -13.15 2.91 0.12 0.91 12.39 0.16 

pH 3 -11.89 4.17 0.07 0.98 9.94 0.01 

Quadratic pH 4 -9.48 6.58 0.02 1 10.56 0.07 
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Table 2 – 2: AICc model selection results for wood frog (Lithobates sylvaticus) embryo 

mortality in experimental wetlands (n = 16) in CFB Gagetown, New Brunswick from 

2014 and 2015. 

 

2014 Models 

 

K 

 

AICc 

 

 ∆ 

AICc 

AICc 

Wt 

Cum.Wt 

 

Log 

Lik 

R^2 

 

Green Frog larvae (log 

mean) 3 -50.20 0.00 0.99 0.99 29.10 0.52 

Intercept-only 2 -39.65 10.55 0.01 0.99 22.29 - 

Red-spotted Newts 3 -38.37 11.82 0.00 1.00 23.19 0.14 

Exposure Duration 3 -38.25 11.95 0.00 1.00 23.12 0.09 

Caddisfly Larvae 3 -36.81 13.39 0.00 1.00 22.40 0.01 

Temperature 3 -36.59 13.61 0.00 1.00 22.29 0.00 

 

 

2015 Models 

 

K 

 

AICc 

 

 ∆ 

AICc 

AICc 

Wt 

Cum.Wt 

 

Log 

Lik 

R^2 

 

Green Frog larvae (linear 

1st) 3 -11.94 0.00 0.99 0.99 9.97 0.63 

Intercept-only 2 -0.49 11.45 0.00 1.00 2.71 - 

Temperature 3 2.32 14.27 0.00 1.00 2.84 0.02 

Exposure Duration 3 2.37 14.31 0.00 1.00 2.81 0.01 

Red-spotted Newts 3 2.46 14.40 0.00 1.00 2.77 0.01 

Caddisfly Larvae 3 2.52 14.46 0.00 1.00 2.74 0.00 
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Figure 2 – 1: Wood frog (Lithobates sylvaticus) hatch success rate (HSR – see methods 

for calculation) by hydroperiod type and green frog larval (GFL) presence for 2014, 

2015, and both years combined in experimental wetlands (n = 16) in CFB Gagetown, 

New Brunswick. Plot shows the mean (open circle) and the bootstrapped 95% confidence 

intervals of the mean (error bars). 
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Figure 2 – 2: Pond water temperature (in Celsius) by hydroperiod type and green frog 

larval (GFL) presence for 2014, 2015, and both years combined in experimental wetlands 

(n = 16) in CFB Gagetown, New Brunswick. Plot shows the mean (open circle) and the 

bootstrapped 95% confidence intervals of the mean (error bars). 

  



44 

 

 

 

Figure 2 – 3: Wood frog (Lithobates sylvaticus) hatch success rate (HSR – see methods 

for calculation) by mean pond water temperature (in Celsius) for all ponds in 2014 and 

2015 in experimental wetlands (n = 16) in CFB Gagetown, New Brunswick from. The 

solid (2014) and dashed (2015) lines are the fitted values from the separate beta 

regression models. 
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Figure 2 – 4: Wood frog (Lithobates sylvaticus) hatch success rate (HSR – see methods 

for calculation) by mean pond water temperature (Celsius) for all ponds in 2014 and 2015 

pooled in experimental wetlands (n = 16) in CFB Gagetown, New Brunswick from. The 

dashed line is the fitted values from the single beta regression models for both years 

combined. 
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Figure 2 – 5: Wood frog (Lithobates sylvaticus) embryo predation rate (EPR – see 

methods for calculation) by hydroperiod type and green frog larval (GFL) presence for 

2014, 2015, and both years combined in experimental wetlands (n = 16) in CFB 

Gagetown, New Brunswick. Plot shows the mean (open circle) and the bootstrapped 95% 

confidence intervals of the mean (error bars). 
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Figure 2 – 6: Wood frog (Lithobates sylvaticus) embryo predation rate (EPR – see 

methods for calculation) by green frog (Lithobates clamitans) larval density (n/m2) for all 

ponds in 2014 and 2015 in experimental wetlands (n = 16) in CFB Gagetown, New 

Brunswick. The solid (2014) and dashed (2015) lines are the fitted values from the 

separate beta regression models, which was an exponential model in 2014 and a linear 

model in 2015. 
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Figure 2 – 7: Caddisfly larvae (Insecta:Trichoptera) density (n/m2) by hydroperiod type 

and green frog larval (GFL) presence for 2014, 2015, and both years combined in 

experimental wetlands (n = 16) in CFB Gagetown, New Brunswick. Plot shows the mean 

(open circle) and the bootstrapped 95% confidence intervals of the mean (error bars). 
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Figure 2 – 8: Red-spotted newt (Notophthalmus viridescens) larvae density (n/m2) by 

hydroperiod type and green frog larval (GFL) presence for 2014, 2015, and both years 

combined in experimental wetlands (n = 16) in CFB Gagetown, New Brunswick. Plot 

shows the mean (open circle) and the bootstrapped 95% confidence intervals of the mean 

(error bars). 
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CHAPTER 3 

3. Wood frog larvae survivorship is reduced in the presence of green frog larvae 
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3.1 Abstract 

For many species of pond-breeding amphibians, hydroperiod is a critical 

determinant of wetland occupancy. Hydroperiod is the length of time the wetland retains 

water and can be divided broadly into ephemeral wetlands, which spend some of the year 

dry and permanent wetlands, which hold water all year long. Climate change models 

predict an increase in precipitation in northern North America and if not fully 

compensated for by increases in temperature could lead to an increase in wetland 

hydroperiods across the landscape. I evaluated one possible consequence of lengthening 

hydroperiods to wood frogs (Lithobates sylvaticus) by translocating and monitoring 

survival of larvae in wetlands in New Brunswick, Canada in 2014 and 2015. Larvae 

survival to metamorphosis did not differ by hydroperiod (ephemeral mean 0.11, CI 0.08 – 

0.14, permanent mean 0.07, CI 0.04 – 0.11) but was lower in permanent wetlands in the 

presence of overwintered green frog (Lithobates clamitans) larvae (mean 0.02, CI 0.01 – 

0.03) than in permanent wetlands without them (mean 0.10, CI 0.06 – 0.16). Model 

selection using AICc indicated competitors (i.e., other anuran larvae) were more 

important than predators in explaining differences in survivorship, with spring peeper 

(Pseudacris crucifer) larvae having a strong positive effect in 2014 and green frog larvae 

having a strong negative effect in 2015. However, caged larvae survival showed similar 

patterns to free-swimming larvae, calling into doubt the role of competitors in reducing or 

increasing survivorship. Overall, wood frog larvae showed lower survival in permanent 

wetlands with green frog larvae. This indicates that increases in wetland hydroperiod 

brought about by a wetter climate could reduce wood frog population viability indirectly 

by increases in green frog occupancy. 
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3.2 Introduction 

Environmental filtering occurs when a species fails to persist in a given habitat 

patch because it is intolerant of the prevailing abiotic conditions (Kraft et al., 2015). For 

amphibians, temperature and water availability limit species distributions at continental 

scales (Buckley and Jetz, 2007), but at the local scale other factors, such as wetland pH, 

can influence whether a patch will be occupied or not (Fairman et al., 2013; Amburgey et 

al., 2014). Pond-breeding amphibians in North America have a complex life cycle, with 

different stages occurring in different habitats (Wilbur, 1980). Therefore, the probability 

of successfully persisting in a patch is a product of both the availability of suitable 

terrestrial habitat (i.e., for foraging, growth, hibernating, or aestivating) and the 

availability of suitable aquatic habitat (i.e., for reproduction and the development of 

larvae). A reduction in the quantity or quality of either of these habitats can reduce the 

likelihood of local population persistence.  

Abiotic factors are unlikely to be the only determinants of occupancy and may 

have indirect effects. Many other local and landscape characteristics determine the 

particular assemblage of pond-breeding amphibians at a site. For example, species differ 

in their preferences for forested or grassland terrestrial habitats and in their tolerance of 

road and urban densities (Houlahan and Findlay, 2003; Van Buskirk, 2005). Aquatic 

habitats vary by degree of canopy cover, emergent vegetation cover, water temperature, 

and chemistry characteristics, but one of the most important factors is hydroperiod 

(Welborn et al., 1996; Werner et al., 2007). The length of time a pond holds water, its 

hydroperiod, has a critical role in determining what species can successfully breed there 

(Skelly, 1996). This factor has a strong impact for two important reasons. First, in 
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ephemeral ponds that dry up each year, only species whose larvae can complete 

metamorphosis before the pond dries up can use these habitats successfully. Species with 

larval stages exceeding one year cannot successfully breed in these ponds (i.e., true 

environmental filtering). Ponds that are permanent, while allowing species with long 

larval stages to complete development, also typically support greater diversity, 

abundance, and size of predators, such as fish and macroinvertebrates (Skelly, 1996; 

Welborn et al., 1996) as well as potentially higher prevalence of disease organisms (Gray 

et al., 2009; Richter et al., 2013).  For some species, this increase in predation pressure 

and infection likelihood reduces the probability of successfully utilizing permanent 

ponds; this is an example of biotic filtering (Kraft et al., 2015) arising from the indirect 

influence of hydroperiod on the community composition. Research suggests that 

ephemeral ponds with long hydroperiods support the most diverse species assemblages 

(Pechmann et al., 1989; Werner et al., 2007) and receive the highest reproductive inputs 

(Baldwin et al., 2006). 

Human activities have, in most parts of the world, directly decreased wetland area 

as a result of development for urbanization or agriculture (Gibbs, 2000; Goldberg and 

Reiss, 2016). At the same time, newly constructed wetlands for flood mitigation, fish 

production, as landscape features, or to support livestock and wildlife, are typically large, 

permanent, wetlands (Brown et al., 2012; Kross and Richter, 2016) designed to hold 

water for prolonged periods. Human activities also have the potential to indirectly 

increase wetland hydroperiods. Future climate change scenarios predict increases in 

precipitation at higher latitudes in North America (IPCC, 2014). This increase in 

precipitation could exceed increases in temperature, causing wetlands that are currently 
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ephemeral could shift to permanent wetlands. In combination, these influences may lead 

to a shift in proportion of permanent wetlands on the landscape and coincident alterations 

in biota utilizing these habitats, with a particular potential for deleterious effect on anuran 

amphibians that depend on ephemeral water bodies. 

Research on the effects of reduced hydroperiods has shown the potential for 

adverse population level impacts for species that have longer development times 

(McMenamin et al., 2008; Westervelt et al., 2013), but we do not know the potential 

impacts of longer hydroperiods on species with shorter development times. In a previous 

experiment (Chapter 2) I investigated how wood frog (Lithobates sylvaticus) embryos 

would be affected by increases in wetland hydroperiod in New Brunswick, Canada; 

precipitation in this province is expected to increase by 9-50% (Swansburg et al., 2004).  

In this chapter, I examine the effects on wood frog larvae survivorship. My underlying 

assumption was that manipulative experiments in currently extant ephemeral and 

permanent wetlands could indicate biological interactions and response in a future 

scenario of ephemeral wetlands transitioning to permanent wetlands. I also recognize that 

future changes to these wetland ecosystems will be more complex and include such 

differences as changes in macrophyte cover, water chemistry, and increased amphibian 

species richness. 

I explored how larval survivorship to metamorphosis may differ between 

permanent and ephemeral wetlands using caged and uncaged (i.e., free-swimming) wood 

frog larvae. Based on the extensive literature on the ecological differences between 

ephemeral and permanent wetlands, I developed a conceptual hypothesis based on 

hydroperiods, predators, competitors, and disease (Welborn et al., 1996; Van Buskirk, 
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2005; Werner et al., 2007). That is, wetland hydroperiod has a strong influence on wood 

frog larvae survivorship because permanent wetlands have a greater abundance of 

predators and competitors than ephemeral wetlands, and the risk of disease is higher in 

permanent wetlands than in ephemeral wetlands. Predictions for this hypothesis are (a) 

predator density will be higher in permanent than in ephemeral wetlands, (b) competitor 

density will be higher in permanent than in ephemeral wetlands, (c) disease prevalence 

will be higher in permanent than in ephemeral wetlands, (d) caged wood frog larvae will 

have higher survivorship than uncaged wood frog larvae and this difference will be larger 

in permanent wetlands than in ephemeral wetlands, (e) caged wood frog larvae will have 

higher survivorship in ephemeral ponds than in permanent ponds because, while they will 

be protected from predators and interspecific competitors, they will still be exposed to 

disease which should occur more frequently in permanent ponds, (f) there will be a 

negative relationship between predator abundance and uncaged larvae survivorship and 

no relationship between predator abundance and caged larvae survivorship, (g) there will 

be a negative relationship between competitor abundance and uncaged larvae 

survivorship and no relationship between competitor abundance and caged larvae 

survivorship, (h) permanent ponds with overwintered green frog larvae will have lower 

free-swimming larvae survival of wood frogs than permanent ponds without green frog 

larvae but there will be no such relationship for caged wood frog larvae, and (i) disease 

has negative impacts on both caged and uncaged larval abundance of wood frogs. For 

predators, I expected odonate larvae of the family Aeshnidae to be of particular 

importance due to their high density and amphibian larvae consumption rates (Houlahan, 

unpublished data). I expected the abundance of competitor anuran larvae to be of less 
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importance to survivorship. Although many mesocosm experiments have shown the 

impact of interspecific competition on growth rates (Skelly and Kiesecker, 2001), there is 

little evidence that interspecific competition directly affects survivorship, at least in 

whole pond venues (Skelly, 2002). Finally, chytrid fungus (Batrachochytrium 

dendrobatidis) and Ranavirus are well known amphibian pathogens (Schloegel et al., 

2010), and have both been documented at the study site (Jeff Houlahan, unpublished 

data). Additionally, tadpole disease mortality events have been suspected based on the 

rapid disappearance of wood frog larvae from these experimental wetlands in prior 

studies (Houlahan, unpublished data). If wood frog larvae survivorship is lower in 

permanent wetlands due to predators, competitors, or diseases that are absent from 

ephemeral wetlands, then climate change-induced increases to hydroperiods could 

indirectly reduce wood frog population viability.  

 

3.3 Methods 

Study system 

Wood frog larvae survivorship was assessed using wetlands located on Canadian 

Forces Base (CFB) Gagetown in New Brunswick, Canada (45°41’N, 66°29’W). The 

wetlands are embedded within a mixed terrestrial habitat comprised of alternating open 

grasslands and forested ridges. The forest types vary from primarily deciduous to primary 

coniferous. I used 19 wetlands in 2014 and 16 in 2015. All wetlands were split in two 

with an impermeable plastic barrier made from 0.76mm black, high density polyethylene 

(Poly-Flex Inc. Geomembrane Lining Systems, Grand Prairie, Texas). Wetlands were 
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classified as permanent or ephemeral. I define a permanent wetland here as a wetland that 

held water continuously throughout the previous year (i.e., if a pond held water 

throughout all of 2013, in 2014 it was classified as a permanent wetland). We define an 

ephemeral wetland here as a wetland that dried up during the summer or fall of the 

previous year (i.e., if a pond dried up in the summer of 2014, in 2015 it was classified as 

an ephemeral wetland). In 2014, I used three ephemeral and 16 permanent wetlands. Of 

the permanent wetlands, overwintered green frog larvae were present in seven and absent 

from nine. In 2015, I used seven ephemeral and nine permanent wetlands. Of the 

permanent wetlands, overwintered green frog larvae were present in six and absent from 

three. All wetlands used were the same between years except for the 3 additional 

permanent wetlands in 2014. The numbers of ponds in each group changed between years 

because variability in environmental conditions caused changes in hydroperiods at the 

same ponds between years. Additional information about the study system and ponds can 

be found in Edge et al. (2014) and Baker et al. (2014) and in appendix 3.1. 

Pond sampling 

I used a 0.5 m2 pipe sampler to determine the density and abundance of 

amphibians and macroinvertebrates in the ponds (Mullins et al., 2004; Gunzburger, 

2007). The pipe sampler was made from 65 cm wide aluminum flashing. Each pond was 

sampled in a stratified way such that all vegetation cover types and depths were sampled 

in proportion to their prevalence. Sampling locations within each vegetation type were 

chosen haphazardly.  Once the sample locations were identified, the pipe sampler was 

rapidly pushed down through the water column and into the substrate, ideally with little 
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disturbance to the vegetation beforehand. Once the pipe sampler was secure I dip netted 

(1.56 mm mesh size D-frame dip net, Boreal Science, Ontario, Canada) throughout the 

inside of the sampler, and removed all organisms as well as all loose vegetation and 

sediment into a white plastic container. I dip netted until 10 consecutive sweeps 

contained no amphibian larvae. The container was then processed. All vegetation and 

sediment were carefully examined. I counted and identified all amphibian larvae to 

species and macroinvertebrates to the lowest taxonomic unit feasible in the field (see 

below). I used the pipe sampler between six and 10 times in each wetland half and over 

the course of the spring and summer sampled each wetland 4-6 times at 10-14 day 

intervals. To prevent the spread of Ranavirus between ponds, I cleaned and disinfected all 

gear (nets, containers, waders, and table) with a 3% bleach solution between ponds 

(Phillott et al., 2010) and had dedicated pipe samplers for each pond. 

Abundance Estimation 

Prior to the start of this experiment, I conducted a wood frog embryo predation 

experiment in 16 of the 19 wetlands in 2014 and all 16 of the wetlands in 2015 (chapter 

2). As I counted the larvae that survived this experiment, I was able to release a known 

number of larvae into each wetland half at the start of the experiment. At four wetlands in 

2014, hatch success was below 10% so I supplemented with additional larvae that were 

collected as eggs and allowed to hatch in plastic containers at the field site. For the three 

additional wetlands in 2014 where I did not conduct the embryo predation study, I 

collected additional egg masses, allowed them to hatch in large plastic containers filled 

with pond water adjacent to the wetlands, and released them into the ponds once they 
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were all free-swimming. Also in 2014, wood frog larvae were not detected at eight 

wetlands after two sample events so these wetlands were supplemented with additional 

larvae that were reared in large plastic containers at the study site. 

I estimated the dependent variable, the proportion of larvae that survived to 

metamorphosis, as Lm = SM / SL, where SM is the estimate of the number that reached 

metamorphosis and SL is the number of larvae that were in the pond at the start of the 

experiment plus any additional supplemented larvae. I estimated the number of wood 

frog larvae that reached metamorphosis using an area-based extrapolation of the mean 

density during the pipe sampling. As I sampled the heterogeneity of the wetland 

environment in proportion to its occurrence, I believe this to be a reasonably unbiased 

approach (Gunzburger, 2007). For example, if I found a total of 20 larvae when I took 10 

pipe samples, for a total wetland sample of 5 m2, I assumed an average of four larvae per 

square meter. If the wetland is 100 m2 then I estimated the total abundance as 400. This 

method allowed us to estimate abundance after controlling for changes in density 

associated with fluctuating wetland water levels and surface area throughout the summer. 

I used the sample that I estimated contained larvae to have reached metamorphosis 

(Gosner stage 42 (Gosner, 1960)) to estimate the number of metamorphs. I determined in 

which sample the metamorphs occurred by (1) staging up to 20 larvae at each sample 

event, (2) determining the negative binomial distribution of the larval stages, and (3) 

evaluating whether the distribution estimated greater than five individuals at stage 42 or 

higher. Details of pond survivorship of wood frog larvae can be found in appendix 3.1.  

To quantify the abundance of predators and competitors I used the same area-

based extrapolation methods as above but I estimated average density (rather than 
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absolute abundance) at each sample throughout the summer for each wetland half. I used 

the average density (n/m2) across all samples for each wetland half for predators – red-

spotted newts (Notophthalmus viridescens), dragonfly larvae of the genera Aeshna and 

Anax (Odonata; Anisoptera; Aeshnidae), dragonfly larvae of the family Libelludidae 

(Odonata; Anisoptera), adult and larval beetles of the family dytiscidae (Coleoptera), 

water bugs in the genus Lethocerus and Belostoma (Hemiptera; Belostomitidae) and 

competitors – green frog larvae (Lithobates clamitans) and spring peeper larvae 

(Pseudacris crucifer). I also checked for evidence of density dependent survival by 

looking at the relationship between the number of wood frog larvae at the start of the 

experiment and the estimate of metamorphs. Details of the density values used can be 

found in appendix 3.1. 

Wetland Measurements 

I quantified the wetland environment in several different ways. Water temperature 

in Celsius was sampled every three hours with a Thermochron iButton DS1921G-F5 

(Maxim Integrated Products, Sunnyvale, California, USA) coated in Plasti Dip (Plasti 

Dip International, Blaine, Minnesota, USA) and secured at the bottom of the pond with a 

bamboo stake (Roznik and Alford, 2012). I determined the area (m2) of each wetland half 

by taking depth measurements throughout the pond (1 m transects in small wetlands, 2 m 

in larger wetlands) and calibrating these measurements to a depth gauge permanently 

installed in the deepest part of the pond. This enabled me to determine if any point in the 

pond was covered with water based on the depth difference with the gauge. I measured 

periphyton biomass as an estimate of food availability in the pond using frosted glass 
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microscope slides (Fisher Scientific, #22-037-246) positioned vertically in a modified, 

weighted plastic slide tray. At the start of the experiment, I placed a tray with 12 slides 

into every wetland half. Every 10-14 days I removed one of the slides and quantified the 

ash-free dry weight of the periphyton biomass by vacuum filtering the scraped sample 

through a pre-ashed filter (Fisher Scientific, Whatman Microfiber GF/F 0.6-0.8 μm 

filters, #1825-042), air drying overnight at 70°C in a drying oven, and placement in a 

muffle furnace set at 500°C for six hours. Finally, I measured pH and conductivity once 

per month using an MPS 556 probe (YSI, Yellow Springs, Ohio, USA) and total 

phosphorus of the water at the start of the experiment. Total phosphorus was a composite 

subsurface measurement, where five 200 ml samples were taken haphazardly from 

around the pond, combined and mixed, and a singe 200 ml sample was removed for 

assay. I used the average of temperature, area, periphyton biomass, pH, and conductivity 

in the analysis. Details of the values used in the models can be found in appendix 3.1. 

Control Cages 

To examine larval survivorship rates in the absence of predation and competition, 

I placed 20 wood frog larvae into two 83 liter closed screen cages (Reptarium, Big Apple 

Pet Supply, Inc., Boca Raton, Florida, USA) in each pond half. I removed and counted 

the caged larvae every time I sampled the pond, approximately every 10 – 14 days. In 

2014, if all larvae were found dead or missing, and no predators were found in the cage, 

20 new larvae were put into the cage. These backup larvae were being reared in large 

plastic tubs next to the ponds.  If a predator was found in the cage, up to 20 new larvae 

were put into the cage and the larvae that were presumably consumed were removed from 
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the analysis. In 2015, I did not replace any larvae. Once the larvae developed front limbs 

(Gosner stage 42) I released the larvae from the cage.  

Analysis 

To address the main hypothesis, I considered four primary questions, (1) does the 

survival of wood frog larvae vary by wetland type, (2) do predator and competitor 

abundances or pond attributes vary by wetland type, (3) if differences in (1) and (2) exist 

between wetland types, do predators, competitors, and pond attributes explain differences 

in wood frog larvae survival, and (4) do these patterns hold for caged and uncaged 

larvae? To answer the first two questions, I calculated the mean wood frog larvae 

survivorship to metamorphosis, predator and competitor density, and pond attributes for 

each wetland type and estimated the bootstrapped 95% confidence intervals of the means. 

Differences were identified if the confidence intervals did not overlap. 

To explore the effect of predators, competitors, and wetland attributes I used beta 

regressions (with a logit link) as wood frog survival to metamorphosis (Lm) is a 

proportion (i.e., bounded between 0 and 1). As I used pond halves as the primary 

sampling unit, and differences between halves existed, I first determined whether there 

was correlation in the dependent variable between halves of the same pond. First, I 

calculated the observed correlation coefficient between the two sides (r = 0.24). Next, I 

pooled the data, randomly repartitioned it into two groups, and recalculated the 

correlation coefficient 10,000 times. The proportion of correlation coefficients that 

exceeded the observed correlation coefficient was 0.2, indicating little support for a 

correlation in wood frog survival between the 2 sides of the same ponds. I therefore 
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proceeded with using the pond half as the unit of replication. Due to differences in the 

experimental design, I analyzed the 2014 and 2015 data separately. Model selection 

followed a three step process. First, I assumed the relationship between any given 

independent variable and wood frog survivorship might not be linear, so I explored 

quadratic and exponential models. I used AICc to select the functional relationship that 

best fit the data. Second, because I had no a priori reason to pick and choose variable 

subsets, I screened the 14 variables by examining the ranks and model weights of 

univariate beta regression models for each variable using the appropriate functional 

relationship and for each year and included a intercept-only model. Variables that were 

ranked higher than the intercept-only model were included in the final multivariate 

model. As most of the variables I examined were correlated with wetland hydroperiod, in 

a post hoc analysis, I evaluated how well simple models based on the (1) wetland 

hydroperiod, (2) green frog larval presence/absence, and (3) hydroperiod and green frog 

larvae presence/absence performed compared to the models with multiple independent 

variables. I evaluated the final models for each year by performing predictions on the 

subsequent or previous year’s data and calculating the root mean squared error (RMSE) 

and comparing it with predictions from the intercept-only model. 

I examined differences in the mean and 95% bootstrapped confidence interval of 

the mean in control cage larvae survival between ephemeral wetlands and permanent 

wetlands with and without green frog larvae. I used the same approach to determine if 

wood frog survival between pond halves were correlated. I found the observed 

correlation coefficient was 0.56 and 0.00006 of the randomized coefficients were equal to 

or exceeded the observed. I concluded that caged larvae survivorship is correlated within 
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ponds and proceeded with averaging survival from cages within a pond and examining 

the data with the pond as the unit of replication. In order to examine differences in 

survivorship between caged and uncaged larvae across wetlands, I grouped the average 

uncaged survivorship from each pond (as opposed to pond halves) into hydroperiod and 

green frog larvae presence/absence groups and compared them to the caged survivorship 

from each hydroperiod and green frog larvae presence/absence group. I performed model 

selection using AICc with all 14 of the previously mentioned predator, competitor, and 

abiotic variables and included an additive term for the effect of year and hydroperiod and 

an interaction term between the variable in question and treatment (caged or uncaged). In 

addition, I included models with (1) hydroperiod and an interaction with treatment, (2) 

green frog larvae presence/absence and an interaction with treatment, (3) hydroperiod and 

green frog larvae presence/absence with an interaction between treatment and green frog 

larvae presence/absence. 

All statistics were performed using R 3.2.4 (R Core Team, 2016) using the 

packages betareg (Cribari-Neto and Zeileis, 2010), AICcmodavg (Mazerolle, 2015) and 

boot (Canty and Ripley, 2015). Plots were created using ggplot2 (Wickham, 2009). 

 

3.4 Results 

Does wood frog survival vary between wetland types? 

Wood frog larvae survival to metamorphosis varied considerably between years 

and wetland types (Figure 3-1). Overall, mean survival was higher for free-swimming 

larvae in ephemeral wetlands (0.11, CI 0.08 – 0.14) than in permanent wetlands (0.07, CI 
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0.04 – 0.11) but the confidence intervals overlapped. Accounting for green frog presence 

and absence in the permanent wetlands shows that free-swimming wood frog larvae 

survival is lower in permanent wetlands with green frogs (0.02, CI 0.01 – 0.03) than in 

permanent wetlands without them (0.10, CI 0.06 – 0.16) and in ephemeral wetlands 

(Figure 3-1). 

 

Do predator and competitor abundances or pond attributes vary by wetland type? 

Permanent wetlands, on average, have higher densities of green frog larvae, 

aeshnid, and libellulid dragonfly larvae than ephemeral wetlands (Table 3-1). Permanent 

wetlands are also larger and have higher periphyton biomass. Ephemeral wetlands have 

higher spring peeper larvae density than permanent wetlands. There was no difference in 

water temperature, initial number of wood frog larvae, red-spotted newt density, dytiscid 

beetle density, belostomatid density, total phosphorus, pH, or conductivity between 

wetland types. Permanent wetlands with green frog larvae present, had higher red-spotted 

newt and belostomatid densities and lower dytiscid beetle densities than permanent 

wetlands with no green frog larvae; no other differences were detected. 

Conductivity and pH were strongly correlated in 2014 (r = 0.764) and 2015 (r = 

0.685) so we removed conductivity from the model selection procedures to reduce 

collinearity.  

 

Are differences in wood frog survival explained by predators, competitors, and pond 

attributes? 
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In 2014, free-swimming wood frog survivorship was best explained by spring 

peeper (Figure 3-2) and dytiscid beetle (Figure 3-3) density, although green frog larvae 

(Figure 3-4), libellulid dragonfly (Figure 3-5) density, wetland area (Figure 3-6), and 

starting number (Figure 3-7) all had more support than the intercept-only model (Table 3-

2). In the multivariate beta regression model using these six variables, the effect of spring 

peeper density was positive (βx = 0.456 SE 0.151), the effect of libellulid density was 

negative (βx = -0.648 SE 0.292, βx2 = 0.113 SE 0.039), the effect of start number was 

negative (β = -0.726 SE 0.178), the effect of dytiscid beetles was positive (βx = 0.367 SE 

0.188), the effect of green frog larvae was negative (βx = -0.191 SE 0.266), and the effect 

of wetland area was negative (βx = -0.102 SE 0.221). This model had a pseudo R2 of 

0.61. Using this multivariate model, the simpler hydroperiod and green frog larvae 

presence/absence models from the 2014 data to predict wood frog larvae survivorship in 

2015 showed the model that made the best predictions (lowest RMSE) was hydroperiod 

and green frog larvae presence/absence. This model had an RMSE of 0.0852, a 12.6% 

improvement over the intercept-only model (Table 3-3).  

In 2015, green frog larvae (Figure 3-4) density best explained differences in wood 

frog larvae survivorship, with dytiscid (Figure 3-3), libellulid (Figure 3-5), aeshnid 

(Figure 3-8), spring peeper (Figure 3-2), and belostomatid (Figure 3-9) density, as well as 

wetland area (Figure 3-6), pH (Figure 3-10) and start number (Figure 3-7) all receiving 

more support than the intercept-only model (Table 3-4). The multivariate model showed 

that the effect of green frog larvae was negative (β = -0.227 SE 0.04),  the effect of 

dytiscid beetles was positive (β = 0.690, SE 0.495), the effect of libellulids was negative 

(β = -0.252 SE 0.180), the effect of aeshnids was negative (β = -0.034 SE 0.059), the 
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effect of spring peepers was negative (β = -0.023 SE 0.041), the effect of belostomatids 

was positive (β = 0.03 SE 0.04), the effect of wetland area was negative (β = -0.076 SE 

0.306), the effect of pH was negative (β = -0.517 SE 0.45), and the effect of starting 

number was negative (β = -0.190 SE 0.55). This model had a pseudo R2 of 0.68. Using 

this multivariate model, the simpler hydroperiod, and green frog larvae presence/absence 

models from the 2015 data to predict wood frog larvae survivorship in 2014 showed the 

model that made the best predictions was the green frog larvae presence/absence. This 

model had an RMSE of 0.0726, a 1.5% improvement over the intercept-only model 

(Table 3-5). 

 

Control cage larvae survivorship 

Across both years, more wood frog larvae survived in control cages in ephemeral 

wetlands (mean 0.67, CI 0.61 – 0.73) than in permanent wetlands (mean 0.29, CI 0.19 – 

0.40). Further, permanent wetlands with green frog larvae had lower survival of wood 

frog larvae (mean 0.13, CI 0.06 – 0.25) than that of permanent wetlands without green 

frog larvae (mean 0.44, CI 0.29 – 0.59). Figure 3-11 shows the mean and bootstrapped 

95% confidence intervals among the three wetland groups.  

Survivorship of caged larvae was higher than uncaged larvae (Figure 3-12). The 

top AICc ranked model for caged and uncaged larval survival included the terms 

hydroperiod and the interaction between green frog larval density and caged/uncaged 

(Table 3-6). This means that green frog larvae density changes the effect caging has on 

wood frog larvae survivorship (Figure 3-5). 
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According to my predictions, the large differences in survivorship between caged 

(0.68, CI 0.61 – 0.73) and free-swimming (0.11, CI 0.08 – 0.14) larvae in ephemeral 

wetlands are likely caused by predation and/or competition. Caged larvae in permanent 

wetlands without green frog larvae (0.44, CI 0.29 – 0.59) had lower survivorship 

compared to caged larvae in ephemeral wetlands, but survivorship in free-swimming 

larvae (0.10, CI 0.06 – 0.16) was similar between the two groups. The smaller difference 

between the caged (0.13, CI 0.06 – 0.24) and free-swimming (0.02, CI 0.01 – 0.03) larvae 

in permanent wetlands with green frog larvae are likely caused by predation, competition, 

and/or disease (Figure 3-12). 

 

3.5 Discussion 

My goal was to determine the potential impacts of a future climate scenario on the 

consequences to wood frogs if ephemeral wetlands were replaced by permanent wetlands 

on the landscape. I observed consistent differences in survivorship of free-swimming 

larvae, as well as differences in predator and competitor communities, but little difference 

in abiotic conditions among wetland types. Survival was higher for caged than free-

swimming larvae but the differences were not consistent among wetland types. Wood 

frog survival was not predicted by the key larval predators – red-spotted newts, aeshnid, 

or libellulid dragonfly larvae. Instead, green frog larvae density showed a negative 

relationship with wood frog larval survivorship, while spring peeper larvae density 

showed, depending on the year, a positive or negative relationship with wood frog larvae 

survivorship. This suggests that competition and/or facilitation may be driving survival in 
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this study system. However, it is possible that spring peeper and green frog larvae 

abundance are interacting with some unmeasured variable that is driving the abundance 

of wood frogs. 

 

Green frog larvae effects 

I found wood frog larval survivorship differed between permanent wetlands with 

and without green frog larvae. I, and others, have previously documented the effect of 

green frog larvae on wood frog embryo survivorship (chapter 2 of this thesis; Petranka 

and Kennedy, 1999; Vasconcelos et al., 2006) but to my knowledge the extension of this 

effect to larvae has not been documented. Several processes might explain this pattern. 

Predation by anuran larvae on other anuran larvae has been documented (Petranka et al., 

1994). When one species consistently preys on others, some morphological specialization 

usually occurs (Vera Candioti, 2005) or predation is focused on hatchlings (Petranka and 

Thomas, 1995). Schiesari et al. (2009) showed that anuran larvae, including green frog 

larvae, showed enriched heavy-nitrogen indicating the consumption of significant 

amounts of animal matter. However, they concluded that consumption of invertebrates 

was the most likely explanation for this enrichment. To my knowledge, direct predation 

by green frog larvae on other free-swimming anuran larvae has not been documented. 

Interference competition by green frog larvae could limit wood frog larvae access to 

resources and increase mortality indirectly. Faragher and Jaeger (1998) report the 

aggressive behaviour of southern leopard frogs (Rana ultricularia = Lithobates 

sphenocephalus) towards green tree frog larvae (Hyla cinerea) caused a reduction in the 

feeding rate of the green tree frog larvae. Additionally, intraspecific interference 
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competition in a shore bird, the common redshank (Tringa tetanus), leads to increased 

foraging activity and greater probability of predation (Minderman et al., 2006). 

Exploitative competition is an unlikely explanation as permanent wetlands had twice the 

periphyton biomass than ephemeral wetlands. In addition, green frog larvae outside the 

cages would have had access to most of the surfaces that caged animals grazed on (i.e., 

the webbing of the cages) although the cages would have prevented interference 

competition. However, neither predation nor competition can also explain why caged 

larvae showed survivorship patterns similar to free-swimming larvae. Disease, 

specifically Ranavirus, could explain the effect of green frog larvae on wood frog larvae 

survivorship, both in cages and free-swimming. Green frog larvae have been documented 

with Ranavirus infections (Rothermel et al., 2016) and wood frog larvae have been 

shown to be highly susceptible (Haislip et al., 2011; Hoverman et al., 2011). Ranavirus 

has been shown to be transmissible between larvae that are physically separated but in a 

shared water body (Harp and Petranka, 2006), so caging would not protect wood frog 

larvae from disease effects. Thus, while disease would explain why relative survival 

across wetland types was similar between caged and free-swimming animals it would not 

explain why survival was so much higher in caged animals in ephemeral and permanent 

wetlands without green frogs. Unfortunately, at this stage I lack specific occurrence and 

prevalence data for Ranavirus at the study site. Samples were taken in 2014 for Ranavirus 

testing but due to a lack of funding have not been processed yet. The disease explanation 

should therefore be considered a hypothesis pending testing using Ranavirus sample data.   

 

2014 positive spring peeper and dytiscid beetle relationship 
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According to the 2014 data, spring peeper and dytiscid beetle density were 

positively related to wood frog survival. This raises the question of why a putative 

competitor (i.e., spring peeper) and/or a predator (dytiscid beetle) would be positively 

correlated with wood frog survival. One possibility is that the presence of spring peepers 

reduces predation pressure on wood frogs (Morin, 1981) as the result of prey switching. 

Similarly, it is possible that increased predation reduces competitive pressure (Loman 

2004). Alternatively, spring peeper larvae and dytiscid beetles have similar habitat 

preferences to wood frog larvae and could be showing a common positive response to 

preferred environmental conditions (Houlahan et al., 2007). Further experiments are 

required to separate cause and correlation of these taxa on wood frog survival. 

 

Lack of a consistent relationship between survivorship and predators 

Much to my surprise, the density of large aeshnid dragonfly larvae did not explain 

much of the variability in wood frog larvae survivorship (max. pseudo R2 0.09 in 2015), 

despite reaching densities as high as 9 per m2 in some wetlands. Libellulid dragonfly 

larvae did not receive much univariate support in either year but were ranked higher than 

the intercept-only model and the coefficients did not overlap zero in 2014. This indicates 

that libellulid dragonflies had a stronger influence on wood frog survivorship than the 

aeshnids. It is likely that predators have strong impacts at certain larval stages or sizes, 

but due to gape limitations, prey escape speeds, or microhabitat differences, the effect is 

not consistent throughout the larval period (Travis et al., 1985; Formanowicz, 1986; 

Richards and Bull, 1990; Azevedo-Ramos et al., 1992; Babbitt and Tanner, 1998). Thus, 

average predator density across the entire development period may not be a good index of 
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predation pressure. Aeshnid larval density started high in the spring, declined as 

individuals emerged from the water, and increased again as new cohorts were large 

enough to detect. Therefore, aeshnids could have a strong impact initially on small larvae 

but as the wood frog larvae grow and the aeshnid density decreases, the impact 

diminishes. As the density estimate was a composition of multiple samples across the 

summer it might not have captured the changing dynamics well. Van Buskirk (2005) 

found support for “predation risk”, a composite metric of predator density that included 

macroinvertebrates but excluded fish, in a seven year study of ponds in northern 

Switzerland. Although he did not examine the individual effects of different predators, 

the effect of predation risk on anuran larvae density was positive and limited to three out 

of the eight species examined, waterfrog tadpoles (Pelophylax esculenta and P. lessonae) 

and alpine newts (Triturus alpestris). This implies that predators may be attracted to and 

found at higher densities where prey density is high. This may be especially true of 

mobile predators like dytiscid beetles, red-spotted newts, and belostomatids. The 

literature on the direct and indirect effects of predation by large odonates on anuran 

larvae is vast (Travis et al., 1985; Van Buskirk, 1988; Skelly, 1994; Relyea, 2002), but 

most of it appears confined to the laboratory. When it is examined in the field, predators 

are considered collectively, giving us little resolution of the species-specific impacts (Van 

Buskirk, 2005; Werner et al., 2007). Given the different habitat preferences of predators 

and the shifting abiotic conditions associated with climate change, additional research is 

needed to individually quantify the effect of these presumably important predators.  

The patterns I observed between caged and uncaged larvae among wetland groups 

do not fit clearly into a single explanation. The difference in survivorship among 
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ephemeral wetlands is most reasonably explained by predation or competition. Larvae in 

the cages are immune to predation, probably less susceptible but not completely immune 

to interspecific competition from other larvae in the pond, and possibly more susceptible 

to intraspecific competition because of the higher density of larvae inside the cage than 

outside the cage. Permanent wetlands without green frog larvae had the same free-

swimming larvae survivorship, but had lower caged larval survivorship, than ephemeral 

wetlands. It is not clear what process could lower caged larvae survivorship but not affect 

uncaged survival, especially as the differences between these wetland types are in 

predator variables that should not affect caged larvae, lower competitor densities, and 

higher periphyton biomass, that should reduce the effects of competition. One possible 

explanation could be the non-lethal effect of predation and the suppression of activity to 

the point of mortality (Chivers and Mirza, 2001; Preston and Forstner, 2015). Permanent 

wetlands without green frogs did have the highest total predator density (6.9 

predators/m2) so perhaps this non-lethal impact was particularly stressful and acute. The 

small difference between caged and free-swimming larvae survivorship in permanent 

wetlands with green frog larvae suggests that the process responsible for regulating 

survivorship can also reduce survivorship of caged larvae but more efficiently than in 

permanent wetlands without green frogs. A disease hypothesis seems the most plausible, 

but I lack the data to test this explicitly at this time. Anecdotally, I did observe wood frog 

and green frog larvae with symptoms consistent with Ranavirus infection, including 

individuals with ulcers, erythema, edema, and hemorrhage (Rothermel et al., 2016). 

While the difference in survivorship between caged and free-swimming animals in 

ephemeral and permanent wetlands without green frog larvae suggests that disease is 
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having effects on wood frog survival, however, this effect is confounded with the effect 

of competition. Examination of individual predator densities provided weak support for 

the effect of predation, suggesting the composite metric did not adequately capture 

predation pressure, or competition is of greater importance than I hypothesized. 

 

Indirect biotic effects of hydroperiod types 

The composition of the wetland community was different between ephemeral and 

permanent wetlands, indicating species adapted to ephemeral wetlands will encounter 

new or stronger interactions if climate change causes ephemeral wetland transition to 

permanent wetlands. For example, the surface area of permanent wetlands was nearly 

twice as large as ephemeral wetlands. There was no difference in the size between 

permanent ponds with and without green frog larvae, however, although there was a trend 

for green frog larvae to be present in larger ponds. It makes intuitive sense that larger 

water bodies would hold more water for longer, but climatic and landscape factors 

mediate this (Winter, 2000; McMenamin et al., 2008; Ray et al., 2016). Both aeshnid and 

libellulid dragonfly larvae were twice as dense in permanent wetlands as in ephemeral 

wetlands, likely because of the multi-year larval stages of these groups (Van Buskirk, 

1993). Overwintered green frog larvae were absent from ephemeral ponds and their 

occupancy varied among permanent ponds. This indicates factors other than just 

hydroperiod are important for successful green frog reproduction. Interestingly, while 

there was no difference in the density of red-spotted newts, dytiscid beetles and larvae, or 

belostomatids between ephemeral and permanent wetlands, there were differences 

between permanent wetlands with and without green frog larvae. Red-spotted newts had 
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over twice the density, Belostomatids had over five times the density, whereas dytiscids 

had half the density in permanent ponds with green frog larvae. Studies of invertebrates 

among wetlands with different hydroperiods have noted the consistent trend that longer 

hydroperiods lead to more diverse and more abundant communities (Skelly, 1995; 

Brooks, 2000), but that community shifts occur with species replacement across the 

hydroperiod gradient (Tarr et al., 2005). 

 

Intra- and interspecific competition 

In 2014, the starting number of wood frog larvae released into the pond appeared 

to have an effect on the proportion of larvae that survived to metamorphosis. The pseudo 

R2 was 0.05 and the confidence intervals of the coefficient did not overlap zero. This is a 

crude measure of density dependence and indicates the weak effect of intraspecific 

competition on survival. However, in 2015 the pseudo R2 was 0.12 and the coefficients 

confidence intervals overlapped zero. This implies that the occurrence of density 

dependence varies between years and is weak when it does occur. This is consistent with 

previous reports of density dependent survival at the larval stage in wood frogs (Berven, 

1990) and other anuran species (Loman, 2004). There were no differences in the starting 

number between ephemeral and permanent wetlands (i.e., start number and hydroperiod 

were not confounded) and there was greater food availability in permanent ponds 

(measured by periphyton biomass). One complex explanation is that intraspecific 

competition along with interference competition from green frog larvae resulted in slower 

wood frog larval growth and increased foraging activity, leading to increased mortality 

from libellulid dragonflies in permanent wetland with green frogs than without, even 
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though the densities of libellulids was not different. Alternatively, density dependent 

transmission of Ranavirus has been documented in tiger salamanders (Ambystoma 

tigrinum) (Greer et al., 2008) and northern leopard frogs (Lithobates pipiens) (Echaubard 

et al., 2010) where higher densities increased the likelihood of infection and reduced the 

time to death. These are hypotheses yet to be tested. 

 

Climate change impacts 

My primary hypothesis that wetland hydroperiod drives biotic changes (predation, 

competition, and disease) in wetlands received partial support. Aeshnid and libellulid 

density was higher in permanent wetlands, but red-spotted newts, dytiscid beetles and 

larvae, and belostomatid density was not different between wetlands types. Green frog 

density was higher in permanent wetlands, but spring peeper density was higher in 

ephemeral wetlands. Free-swimming wood frog survival was higher in ephemeral 

wetlands, as was that of caged larvae. In conclusion, if climate change brings wetter 

conditions for New Brunswick, it is possible that increased precipitation will cause more 

ponds on the landscape to transition from ephemeral to permanent. I have shown that, 

despite uncertainty about the specific mechanism, green frog larvae reduce wood frog 

survivorship to metamorphosis in permanent wetlands. Future research into 

understanding the factors that determine green frog occupancy and abundance on the 

landscape would add to our understanding of the impacts of changes to wetland 

communities under different climate change scenarios. Additionally, investigating the 

population level impacts of a wetter climate through viability modelling would help us 

understand if there is a significant concern for regional wood frog populations. 
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Table 3 – 1: Differences in predator density, competitor density, and wetland attributes 

between ephemeral wetlands (Hydro = 0), and permanent wetlands (Hydro = 1) with 

(GFL = 1) and without (GFL = 0) green frog larvae and ephemeral and permanent 

wetlands regardless of green frog presence or absence (GFL = 0/1). Supercript a indicates 

non-overlapping 95% confidence intervals between permanent with and without green 

frog larvae and superscript b indicates non-overlapping 95% confidence intervals 

between permanent and ephemeral wetlands. Wood frog larvae survivorship is the 

proportion of wood frog larvae that we estimated reached metamorphosis. All density 

measurements are in n/m2 units. Periphyton biomass is ash-free dry weight. Total 

phosphorus concentration is in ug/L. Water temperature is in Celsius. Conductivity is in 

μS (microseimens). Wetland area is in m2. *The difference between ponds with and 

without green frog larvae is inevitable as that was part of the experimental design. 
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Variable Hydro GFL 
Mean 

Lower  

95%CI 

Upper  

95%CI 

Wood frog larvae survivorship 0 0 0.110 0.084 0.136 

Wood frog larvae survivorshipa 1 0 0.095 0.060 0.157 

Wood frog larvae survivorshipa 1 1 0.017 0.007 0.034 

Start number 0 0 8175 6765 9583 

Start number 1 0/1 8159 7124 9311 

Start number 1 0 8172 6536 10351 

Start number 1 1 7927 6602 8996 

Green frog larvae density* 0 0 0.000 0.000 0.000 

Green frog larvae density* 1 0/1 0.515 0.330 0.758 

Green frog larvae density* 1 0 0.000 0.000 0.000 

Green frog larvae density* 1 1 0.984 0.694 1.310 

Spring peeper larvae densityb 0 0 5.875 4.066 9.738 

Variable Hydro GFL 
Mean 

Lower  

95%CI 

Upper  

95%CI 

Spring peeper larvae densityb 1 0/1 1.791 1.285 2.874 

Spring peeper larvae density 1 0 2.117 1.284 4.338 

Spring peeper larvae density 1 1 1.492 0.992 2.559 

Red-spotted newt density 0 0 0.055 0.030 0.086 

Red-spotted newt density 1 0/1 0.073 0.054 0.095 

Red-spotted newt densitya 1 0 0.042 0.022 0.070 

Red-spotted newt densitya 1 1 0.101 0.075 0.132 

Aeshnid densityb 0 0 1.294 0.873 1.751 

Aeshnid densityb 1 0/1 2.978 2.449 3.608 

Aeshnid density 1 0 3.487 2.589 4.479 

Aeshnid density 1 1 2.511 1.940 3.218 

Libellulid densityb 0 0 1.145 0.728 1.833 

Libellulid densityb 1 0/1 2.561 2.561 3.082 

Libellulid density 1 0 2.676 1.996 3.556 
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Libellulid density 1 1 2.455 1.876 3.158 

Dytiscid beetle/larvae density 0 0 0.985 0.673 1.755 

Dytiscid beetle/larvae density 1 0/1 0.466 0.335 0.757 

Dytiscid beetle/larvae densitya 1 0 0.645 0.383 1.179 

Dytiscid beetle/larvae densitya 1 1 0.301 0.233 0.377 

Belostomatid density 0 0 0.027 0.010 0.056 

Belostomatid density 1 0/1 0.028 0.016 0.049 

Belostomatid densitya 1 0 0.008 0.003 0.016 

Belostomatid densitya 1 1 0.047 0.024 0.082 

Periphyton biomassb 0 0 0.008 0.006 0.011 

Periphyton biomassb 1 0/1 0.017 0.012 0.033 

Periphyton biomass 1 0 0.022 0.012 0.054 

Periphyton biomass 1 1 0.012 0.010 0.015 

Total phosphorus concentration 0 0 0.034 0.027 0.049 

Variable Hydro GFL 
Mean 

Lower  

95%CI 

Upper  

95%CI 

Total phosphorus concentration 1 0/1 0.049 0.039 0.069 

Total phosphorus concentration 1 0 0.048 0.038 0.066 

Total phosphorus concentration 1 1 0.049 0.033 0.087 

Water temperature 0 0 15.95 15.38 16.44 

Water temperature 1 0/1 16.00 15.58 16.41 

Water temperature 1 0 15.41 14.84 15.98 

Water temperature 1 1 16.04 14.26 16.76 

pH 0 0 4.67 4.48 4.84 

pH 1 0/1 4.70 4.52 4.89 

pH 1 0 4.85 4.60 5.12 

pH 1 1 4.56 4.31 4.84 

Conductivity 0 0 19.54 16.01 23.82 

Conductivity 1 0/1 24.23 20.17 30.00 

Conductivity 1 0 28.48 22.55 36.91 
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Conductivity 1 1 20.34 15.71 29.03 

Wetland areab 0 0 185.4 137.5 250.3 

Wetland areab 1 0/1 375.8 309.5 458.4 

Wetland area 1 0 289.7 207.9 411.5 

Wetland area 1 1 454.8 366.5 568.3 
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Table 3 – 2: AICc model selection results for wood frog (Lithobates sylvaticus) larval survivorship for 2014. Log L is the log 

likelihood. P R2 shows the pseudo R-squared of the individual univariate models and Beta shows the coefficient from the mulitvariate 

model. Bold values indicate coefficents with confidence intervals that do not overlap zero in the multivariate model. 

         

Model K AICc ∆ AICc AICcWt Cum Wt Log L P R2 Beta 

Spring peeper larval density 3 -185.72 0 0.93 0.93 96.28 0.46 0.456 

Dytiscid beetle/larval density 3 -180.31 5.41 0.06 1 93.57 0.27 0.367 

Green frog larval density 3 -173.37 12.35 0 1 90.1 0.30 -0.191 

Wetland area 3 -170.64 15.09 0 1 88.73 0.11 -0.102 

Libellulid density 4 -168.18 17.54 0 1 88.8 0.11 -0.648 

Start number 3 -167.56 18.16 0 1 87.19 0.05 -0.726 

Intercept-only 2 -167.11 18.62 0 1 85.75 - - 

Belostomatid density 3 -166.98 18.74 0 1 86.9 0.07 - 

pH 3 -166.81 18.91 0 1 86.82 0.05 - 

Total phosphorus 

concentration 
3 -166.28 19.44 0 1 86.56 0.08 - 

Periphyton biomass 3 -166.09 19.63 0 1 86.46 0.01 - 

Red-spotted newt density 3 -165.91 19.81 0 1 86.37 0.04 - 

Aeshnid density 3 -165.9 19.82 0 1 86.37 0.02 - 

Water temperature 3 -153.37 32.35 0 1 80.11 0.06 - 
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Table 3 – 3: Results of AICc analysis and predictions of the 2014 models to the 2015 data. Log L is the log likelihood. P R2 shows the 

pseudo R-squared, and RMSE is the root mean squared error. % improvement is measured against the predictions of the intercept-only 

(mean) model from the 2014 data, using the formula (1-(RMSE candidate model/RMSE intercept-only model)). Models are as 

follows: Multi = the multivariate model from 2014, gfl = the presence or absence of green frog larvae, hydro = the hydroperiod 

(permanent or ephemeral). 

 

 

Model K AICc  ∆ AICc AICcWt Cum.Wt Log L P R2 RMSE % improvement 

multi 9 -184.1 0.00 1.00 1.00 104.97 0.613 0.0896 8.1% 

gfl 3 -170.6 13.55 0.00 1.00 88.7 0.156 0.0874 10.4% 

hydro + gfl 4 -168.1 16.01 0.00 1.00 88.76 0.157 0.0852 12.6% 

intercept-only 2 -167.1 17.01 0.00 1.00 85.75 - 0.0975 0.0% 

hydro 3 -166.1 18.01 0.00 1.00 86.46 0.030 0.0887 9.0% 
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Table 3 – 4: AICc model selection results for wood frog (Lithobates sylvaticus) larval survivorship for 2015. Log L is the log 

likelihood. P R2 shows the pseudo R-squared of the individual univariate models and Beta shows the coefficient from the multivariate 

model. Bold values indicate coefficients with confidence intervals that do not overlap zero in the multivariate model. 

         

Model K AICc ∆ AICc AICcWt Cum Wt Log L P R2 Beta 

Green frog larval density 3 -204.77 0.00 1.00 1.00 105.82 0.70 -0.227 

Dytiscid beetle/larval density 3 -183.71 21.07 0.00 1.00 95.28 0.15 0.690 

Wetland area 3 -182.38 22.40 0.00 1.00 94.62 0.16 -0.076 

Libellulid density 3 -181.95 22.82 0.00 1.00 94.40 0.14 -0.252 

pH 3 -180.88 23.89 0.00 1.00 93.87 0.15 -0.517 

Aeshnid density 3 -180.61 24.16 0.00 1.00 93.74 0.09 -0.034 

Spring peeper larval density 3 -179.41 25.36 0.00 1.00 93.14 0.09 -0.023 

Belostomatid density 3 -179.03 25.74 0.00 1.00 92.94 0.12 0.030 

Start number 3 -178.39 26.38 0.00 1.00 92.63 0.12 -0.190 

Intercept-only 2 -177.71 27.07 0.00 1.00 91.06 - - 

Periphyton biomass 3 -177.21 27.57 0.00 1.00 92.03 0.03 - 

Red-spotted newt density 3 -175.98 28.79 0.00 1.00 91.42 0.02 - 

Total phosphorus conc. 3 -175.46 29.31 0.00 1.00 91.16 0.01 - 

Water temperature 3 -166.66 38.11 0.00 1.00 86.78 0.17 - 
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Table 3 – 5: Results of AICc analysis and predictions of the 2015 models to the 2014 data. Log L is the log likelihood. P R2 shows the 

pseudo R-squared. RMSE is the root mean squared error. % improvement is measured against the predictions of the intercept-only 

(mean) model from the 2015 data using the formula (1-(RMSE candidate model/RMSE intercept-only model)). Models are as follows: 

Multi = the multivariate model from 2014, gfl = the presence or absence of green frog larvae, hydro = the hydroperiod (permanent or 

ephemeral). 

 

Model K AICc  ∆ AICc AICcWt Cum.Wt Log L P R2 RMSE % improvement 

hydro + gfl 4 -210.5 0.00 0.89 0.89 109.97 0.733 0.0778 -5.5% 

gfl 3 -205.9 4.50 0.09 0.98 106.41 0.736 0.0726 1.5% 

hydro 3 -202.4 8.01 0.02 1.00 104.65 0.430 0.0888 -20.5% 

multi 11 -184.7 25.73 0.00 1.00 109.97 0.676 0.1055 -43.1% 

intercept-only 2 -177.7 32.75 0.00 1.00 91.06 - 0.0737 0.0% 
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Table 3 – 6: Model selection for survivorship of caged and free-swimming wood frogs 

(Lithobates sylvaticus) larvae. All models include a term for year (2014 or 2015), 

treatment (caged or uncaged), and hydroperiod (ephemeral or permanent) except for 

models with “GFL p/a only” (p = presence, a = absence) which has no hydroperiod term 

and “hydro only” which has no predator, competitor, or abiotic variable in the model. 

 

Model K AICc  ∆ AICc AICcWt Cum.Wt LL P R2 

GFL density 7 -242.09 0.00 0.87 0.87 128.95 0.528 

GFL p/a 7 -237.94 4.15 0.11 0.98 126.87 0.467 

GFL p/a only 6 -234.56 7.53 0.02 1.00 123.95 0.451 

pH 7 -201.63 40.45 0.00 1.00 108.72 0.348 

Hydro only 6 -201.12 40.97 0.00 1.00 107.23 0.277 

RS newts 7 -201.03 41.06 0.00 1.00 108.42 0.351 

Water temp 7 -200.23 41.86 0.00 1.00 108.02 0.340 

Spring peepers 7 -199.47 42.61 0.00 1.00 107.64 0.315 

Periphyton 7 -198.37 43.71 0.00 1.00 107.09 0.316 

Belostomatids 7 -195.90 46.19 0.00 1.00 105.85 0.310 

Dytiscids 7 -195.77 46.31 0.00 1.00 105.79 0.282 

Phosphorus 7 -195.57 46.51 0.00 1.00 105.69 0.301 

Libellulids 7 -194.99 47.1 0.00 1.00 105.40 0.299 

Start N 7 -194.86 47.22 0.00 1.00 105.33 0.295 

Aeshnids 7 -194.58 47.5 0.00 1.00 105.19 0.290 

Wetland area 7 -193.9 48.19 0.00 1.00 104.85 0.284 

Intercept-only 2 -171.57 70.51 0.00 1.00 87.88 - 
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Figure 3 – 1: Wood frog (Lithobates sylvaticus) larval survivorship by hydroperiod type 

and green frog larval presence for 2014 (ephemeral n = 3, permanent/no gfl n = 9, 

permanent/gfl = 7), 2015 (ephemeral n = 7, permanent/no gfl n = 3, permanent/gfl = 6), 

and both years combined (ephemeral n = 10, permanent/no gfl n = 12, permanent/gfl = 

13). Plot shows the mean (open circles) and the bootstrapped 95% confidence intervals of 

the mean (error bars). 
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Figure 3 – 2: Wood frog (Lithobates sylvaticus) larval survivorship as a function of 

spring peeper (Pseudacris crucifer) larval density (n/m2). The solid red line shows the 

fitted beta regression model from 2014 and the dashed blue line shows the fitted model 

from 2015. This was the top AICc ranked model in 2014 with 93% of the model weight 

(pseudo R2 = 0.46) but had no weight in 2015 (pseudo R2 = 0.09). 
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Figure 3 – 3: Wood frog (Lithobates sylvaticus) larval survivorship as a function of 

dytiscid beetle and larval density (n/m2).  The solid red line shows the fitted beta 

regression model from 2014 and the dashed blue line shows the fitted model from 2015. 

In 2014 this model received 6% of the model weight (pseudo R2 = 0.27) but had no 

weight in 2015 (pseudo R2 = 0.15). 
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Figure 3 – 4: Wood frog (Lithobates sylvaticus) larval survivorship as a function of green 

frog (Lithobates clamitans) larval density (n/m2). The solid red line shows the fitted beta 

regression model from 2014 and the dashed blue line shows the fitted model from 2015. 

In 2014 this model received no model weight (pseudo R2 = 0.3) but had 100% of the 

weight in 2015 (pseudo R2 = 0.7). 
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Figure 3 – 5: Wood frog (Lithobates sylvaticus) larval survivorship as a function of 

Libellulid dragonfly larval density (n/m2).  The solid red line shows the fitted beta 

regression model from 2014 and the dashed blue line shows the fitted model from 2015. 

This model received no model weight in 2014 (pseudo R2 = 0.11) or 2015 (pseudo R2 = 

0.14). 

 



100 

 

 

 

Figure 3 – 6: Wood frog (Lithobates sylvaticus) larval survivorship as a function of 

wetland surface area (m2).  The solid red line shows the fitted beta regression model from 

2014 and the dashed blue line shows the fitted model from 2015. This model received no 

model weight in 2014 (pseudo R2 = 0.11) or 2015 (pseudo R2 = 0.16). 
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Figure 3 – 7: Wood frog (Lithobates sylvaticus) larval survivorship as a function of the 

starting number of wood frog larvae.  The solid red line shows the fitted beta regression 

model from 2014 and the dashed blue line shows the fitted model from 2015. This model 

received no model weight in 2014 (pseudo R2 = 0.05) or 2015 (pseudo R2 = 0.12). 
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Figure 3 – 8: Wood frog (Lithobates sylvaticus) larval survivorship as a function of 

Aeshnidae dragonfly larvae (n/m2).  The solid red line shows the fitted beta regression 

model from 2014 and the dashed blue line shows the fitted model from 2015. This model 

received no model weight in 2014 (pseudo R2 = 0.02) or 2015 (pseudo R2 = 0.09). 
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Figure 3 – 9: Wood frog (Lithobates sylvaticus) larval survivorship as a function of 

Belostomatids (n/m2).  The solid red line shows the fitted beta regression model from 

2014 and the dashed blue line shows the fitted model from 2015. This model received no 

model weight in 2014 (pseudo R2 = 0.07) or 2015 (pseudo R2 = 0.12). 
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Figure 3 – 10: Wood frog (Lithobates sylvaticus) larval survivorship as a function of 

Belostomatids (n/m2).  The solid red line shows the fitted beta regression model from 

2014 and the dashed blue line shows the fitted model from 2015. This model received no 

model weight in 2014 (pseudo R2 = 0.05) or 2015 (pseudo R2 = 0.15). 
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Figure 3 – 11: Caged wood frog (Lithobates sylvaticus) larval survivorship by 

hydroperiod type and green frog (Lithobates clamitans) larval presence for 2014 

(ephemeral n = 3, permanent/no gfl n = 9, permanent/gfl = 7), 2015 (ephemeral n = 7, 

permanent/no gfl n = 3, permanent/gfl = 6), and both years combined (ephemeral n = 10, 

permanent/no gfl n = 12, permanent/gfl = 13).  Plot shows the mean (open circles) and 

the bootstrapped 95% confidence intervals of the mean (error bars). 
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Figure 3 – 12: Survival of caged and uncaged wood frog (Lithobates sylvaticus) larvae in 

ephemeral, permanent wetlands without green frog larvae (Lithobates clamitans), and 

permanent wetlands with green frog larvae. Plot shows the mean (open circles) and the 

bootstrapped 95% confidence intervals of the mean (error bars) for all data from both 

2014 and 2015. 
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CHAPTER 4 

4. Modelling the population-level effects of climate change to wood frog populations 
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4.1 Abstract 

Understanding how climate change can directly and indirectly influence species 

interactions is an important goal in conservation biology. The length of time a pond holds 

water, its hydroperiod, is one of the most important factors in determining amphibian 

success in a pond and is strongly influenced by climate (precipitation and temperature). It 

should be expected that changes to hydroperiods under different climate conditions could 

have direct (e.g., early pond drying) or indirect (e.g., increased predation) effects. I used a 

population projection model for the wood frog (Lithobates sylvaticus) parameterized with 

demographic vital rate estimates from my own work (chapters 2 and 3) and the literature 

to explore some of the climate driven changes to life history at sites in New Brunswick, 

Canada. Specifically, I explored the effect of changing hydroperiod lengths, overwintered 

green frog (Lithobates clamitans) larvae occupancy rate, lengthening growing season 

(days between last and first freezes), and the effect of larvae density dependence on wood 

frog population growth rates, population persistence probability, and the number of 

females at the end of a 100 year simulation. I found drier conditions, through shorter 

hydroperiods, to be generally beneficial to the population and wetter conditions, through 

the strong, indirect effect of increased egg and larvae mortality from green frog larvae, to 

have a negative effect on the population. Increasing the green frog occupancy rate had a 

negative effect and increasing the growing season had a positive effect on the wood frog 

population. Assumptions about the strength of density dependence reduced the values of 

endpoints but resulted in no qualitative differences between the climatic scenarios. 

Although the strength and direction of changes to the climate is uncertain, these models 

can help understand the consequences of a variety of different scenarios.  
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4.2 Introduction 

Climate change represents a significant challenge to applied ecologists and 

conservation biologists tasked with developing adaptation strategies to ensure the 

continued structure and function of the planet’s ecosystems (Williams and Jackson, 

2007). As temperature and precipitation patterns change, ecosystems are expected to 

respond by shifting in size and location (Brown et al., 1997; Hamann and Wang, 2006). 

Wildlife is already responding by changing distributions (Seimon et al., 2007; Moritz et 

al., 2008) and phenology (Gibbs and Breisch, 2001; Cotton, 2003) in direct response to 

climate preferences. The indirect effects of species interactions are also expected to 

change (Suttle et al., 2007; Gilman et al., 2010; Yang and Rudolf, 2010). The strength of 

these climate-driven effects on ecosystem processes, habitats, and wildlife will depend, in 

the long-term, on the quantity of greenhouse gas emissions released into the atmosphere 

(Hansen et al., 1981) and there is considerable uncertainty about how much more will be 

emitted over the next century (Hansen et al., 2013; IPCC, 2014). 

Despite the uncertainty surrounding climate projections, progress has been made 

on understanding how species are responding to a changing climate (Parmesan, 2006; 

Cahill et al., 2013). Evidence suggests that ectotherms are more sensitive to these 

changes, due to their dependence upon external environmental conditions to regulate their 

internal physiology and metabolism (Aragón et al., 2010; Buckley et al., 2012; Paaijmans 

et al., 2013). Some amphibian species, for example, have already responded with altered 

phenology (Gibbs and Breisch, 2001; Walpole et al., 2012; Klaus and Lougheed, 2013), 

distributions (Seimon et al., 2007; Walls, 2009), and body size (Reading, 2007; Caruso et 

al., 2014). Because of their physiology and life history, amphibians are particularly 
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sensitive to direct changes in both temperature and precipitation (Ficetola and Maiorano, 

2016). Amphibians also make good subjects to study the more complex question of 

indirect effects of climate change on competitive, predatory and mutualistic interactions 

(Blaustein et al., 2012). In North America, many species of amphibian breed in standing 

water, such as ponds and lakes. While numerous factors determine how successful a 

species will be at using a particular water body in a particular year (Van Buskirk, 2005; 

Werner et al., 2007), the length of time a water body holds water, the hydroperiod, has 

critical direct and indirect effects on species’ performance (Pechmann et al., 1989; 

Welborn et al., 1996). Water bodies can be divided into two broad categories; those 

which are permanent and hold water all year long (and often over multiple years to 

centuries), and those which are ephemeral and dry up at least once each the year. 

Recent changes in climate have altered the hydroperiod of wetlands (Ray et al., 

2016) and this has led to a reduction in the amount of available breeding habitat for some 

species of amphibians. Interestingly, most research has been conducted on the effects of 

warmer temperatures and reductions in precipitation (McMenamin et al., 2008; 

Westervelt et al., 2013); one of several potential outcomes of a changing climate. 

Temperature increases are expected globally, with the rate of change greater at higher 

latitudes in the northern hemisphere (Cohen et al., 2014), but changes to precipitation 

patterns are less consistent. In North America, precipitation is expected to decrease in the 

southwest but the magnitude of the predicted trend decreases and ultimately reverses 

direction along a latitudinal gradient, with areas in the northeast expected to increase 

between 10 and 30% (IPCC, 2014). These changes pose challenges to the integrity of 

existing wetland communities and the viability of species, such as amphibians, that rely 
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on specific hydroperiod conditions (Skelly, 1996; Brooks, 2004). However, we are 

fortunate that the ecology of pond-breeding amphibians have received considerable 

attention from researchers over the last 50 years (Herreid and Kinney, 1966; Wilbur, 

1972; Formanowicz, 1986; Wilbur, 1997; Schiesari, 2006; Hossack, 2016); this places us 

in the position to predict some of the individual species responses to changing 

environmental conditions. 

The province of New Brunswick, Canada, is situated in northeastern North 

America and is expected to receive 9-50% more precipitation annually and for the mean 

annual air temperature of ~5.3°C to increase by ~4.5°C over the next 80 years 

(Swansburg et al., 2004). The authors used the Canadian Global Coupled Model (CGCM-

1) and the greenhouse gas + aerosol emission experiment (GA1) to develop these 

predictions. Depending on the landscape context of the wetland (Winter, 2000; Ray et al., 

2016) and the seasonal timing of the precipitation (McMenamin et al., 2008; Walls et al., 

2013), several possible hydroperiod outcomes exist. First, if increases in precipitation are 

offset by increases in temperature (via evapotranspiration) then it should be expected that 

future wetland hydroperiods to be quite similar to present hydroperiods. Second, if 

temperature increases exceed the influence of precipitation, then it should be expected 

that changes in future hydroperiods in both ephemeral and permanent wetlands. The 

number of days an ephemeral wetland holds water should decrease and permanent 

wetlands could transition to semi-permanent (drying some years and not others) or 

ephemeral, depending on the strength of the effect of temperature relative to 

precipitation. Third and finally, if precipitation increases exceed the effect of 

temperature, then it should be expected that hydroperiods become longer. Under these 
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circumstances, ephemeral ponds could transition to semi-permanent or permanent ponds. 

The direct and indirect effects of these changes in prevailing environmental conditions to 

pond-breeding amphibians are numerous. The direct effects of shorter hydroperiods 

include reproductive failure because larvae cannot complete metamorphosis before the 

pond dries (Skelly, 1996; Loman, 2002) and because shorter hydroperiods can cause 

larvae in warm, crowded wetlands to complete metamorphosis earlier and at smaller sizes 

and it has been shown that these individuals have lower lifetime fitness due to initial 

lower survivorship (Beck and Congdon, 2000; Cabrera-Guzmán et al., 2013; Sinsch and 

Schäfer, 2016) and smaller clutch sizes associated with reduced size at maturity 

(Kuramoto, 1978; Reading, 2007). The indirect effects of shorter hydroperiods include 

reduced competitor and predator abundance and diversity (Skelly, 1996; Brooks, 2000; 

Werner et al., 2007) and disease infection probability (Richter et al., 2013). Temperature 

effects include warmer winters, which have been documented to increase survival 

(Scherer et al., 2008; McCaffery and Maxell, 2010; Sinsch and Schäfer, 2016) and reduce 

clutch size (Reading, 2007; Benard, 2015). Longer growing seasons are shown to reduce 

time to, and size at maturity (Berven, 1982a; Liao and Lu, 2012). Shorter, warmer 

winters can have substantial positive effects on frogs and larvae overwintering in 

wetlands because of increases in oxygen availability (Bradford, 1983), through decreased 

time between the first and last freezes. The population-level effects of the direct and 

indirect consequences of these scenarios are of great interest for understanding how 

amphibians might respond in the future, despite the fact that the direction and intensity of 

the environmental changes are still uncertain. 
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To explore the population-level impacts of climate change scenarios on wetland 

hydroperiods I used a stage-based wood frog (Lithobates sylvaticus) population model 

(Morris and Doak, 2002). In 2014 and 2015, I collected vital rate data on the aquatic life 

stages of wood frogs from wetlands with different hydroperiods in central New 

Brunswick, Canada (chapters 2 and 3) and combined these data with estimates of vital 

rates for terrestrial life stages from the literature. Wood frogs are a model organism for 

studies of pond-breeding amphibian ecology, population biology, and landscape ecology, 

and sufficient life history and demographic data exist upon which to parameterize a 

general population model (Harper et al., 2008; Earl and Gray, 2014). Wood frogs breed in 

wetlands with a variety of hydroperiods but they are not limited to permanent wetlands as 

the larval stage is typically 2 – 4 months long (Riha and Berven, 1991). My own research 

showed that wood frogs have much lower egg and larvae survival rates in permanent 

ponds occupied by overwintered green frog (Lithobates clamitans) larvae and here I 

investigate whether this could scale up to population-level impacts. However, it has been 

shown that decreased egg survival can be compensated for by increased survival at the 

larval stage due to density dependence (Vonesh and Cruz, 2002). Depending on the 

strength of density dependence in the aquatic life stages, it is therefore possible that a 

population-level effect might not be detected. 

In this modelling exercise, I seek to understand how changes in wetland 

hydroperiods might influence wood frog population viability under changing climate 

conditions. Specifically, the goals of this modelling project are to examine (1) the effect 

of drier and wetter conditions via changing hydroperiods, (2) the impact of increased 

green frog larvae occupancy caused by warmer winters, (3) shorter time to and smaller 



114 

 

size at maturity caused by longer growing seasons, and (4) any amelioration of effects by 

assumptions about density dependence in the aquatic life stages, on wood frog population 

viability. 

 

4.3 Methods 

Study organism 

I used the wood frog as the study organism in this population model. The wood 

frog is a small, pond-breeding anuran that has a large range throughout North America 

(Martof and Humphries, 1959). Wood frogs breed immediately after the ice on wetlands 

melts; the timing of this varies depending on latitude and altitude (Martof and 

Humphries, 1959; Berven, 1982b). Males arrive at the breeding ponds first, followed 

shortly thereafter by females and each female typically lays a single egg mass (Crouch 

and Paton, 2000). The spherical egg masses are laid in communal clusters attached to 

vegetation at the water’s surface and, depending on the water temperature, take up to 14 

days to hatch (Waldman, 1982). During the embryo development stage, the eggs are 

sensitive to predation (Rowe et al., 1994; Petranka and Kennedy, 1999; Kross and 

Richter, 2016), colonization by aquatic molds (Gomez-Mestre et al., 2006), mortality due 

to low and freezing water temperature (Waldman, 1982; Frisbie et al., 2000), and pond 

desiccation (Forester and Lykens, 1988). Once the larvae hatch, depending on the water 

temperature, latitude, and altitude, they develop over 46-133 days (Berven and Gill, 

1983; Riha and Berven, 1991) and are subject to predation from a variety of aquatic 

macroinvertebrates and fish (Welborn et al., 1996; Werner et al., 2007), at risk from pond 
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desiccation (Berven, 1990), and infection from diseases (Hoverman et al., 2011; 

Wheelwright et al., 2014). After the larvae complete metamorphosis, they move into the 

terrestrial environment. Depending on the latitude and/or altitude, wood frogs can mature 

as quickly as the following spring or take as long as 5 years (Berven, 1982a, 2009). Due 

to the differential effect of temperature on growth and development, populations at higher 

latitudes and altitudes mature at an older age and larger size (Smith-Gill and Berven, 

1979; Berven, 1982a). Most wood frogs breed only once, but a small number breed 

repeatedly (Berven, 2009). 

Population model 

I built a female-only, “post-birth pulse”, stage-based matrix projection model 

(Lefkovitch, 1965) using estimates of the vital rates from my own data and the literature 

to calculate the matrix elements (Morris and Doak, 2002; Harper et al., 2008; Earl et al., 

2016). I only used females in the model because with wood frogs, females are assumed to 

be limiting in population growth as they lay one egg mass per individual and males are 

able to fertilize multiple egg masses (Crouch and Paton, 2000). The timing of the 

population count, being post-birth, is immediately after the eggs have been laid. 

The model structure was designed to simulate separate aquatic sites within a 

common terrestrial habitat (McCaffery et al., 2014). Due to the proximity of wetlands to 

each other (i.e., the lack of isolation) and the small spatial scale of the study area (~ 5.5 

square kilometers), it is unlikely that these wetlands are subject to classical 

metapopulation dynamics (Levins, 1969; Smith and Green, 2005). However, wood frogs 

are known to be highly philopatric and show adaptation at small spatial scales (Berven 
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and Grudzien, 1990; Skelly, 2004). Based on data from 2013-2016, I created a base 

model that I subsequently changed to investigate the different climatic scenarios. For the 

base model, I used data from 19 ponds to determine the hydroperiod category for each 

wetland; either highly-ephemeral or ephemeral (probability of drying annually = 1), semi-

permanent (probability of drying annually = 0.5), and permanent (probability of drying 

annually = 0). If a pond does not dry down in any given year, the pond is assigned green 

frog larvae at the occupancy probability (mean 0.585, SD 0.111) observed from 2013-

2015. To make the model simpler, the effect of retaining water and the effect of green 

frog larvae on egg and larvae mortality during year t is treated as if it happens 

immediately following breeding but in reality the effect is delayed until the following 

spring. This, logically, should make no difference to the overall results of the model. 

Embryo and larval survival rates are estimated using data collected at this study site 

(chapters 2 and 3). The distribution of embryo survival and larval survival assigned to a 

pond depends on whether the pond is permanent or ephemeral and whether it is or is not 

occupied by green frog larvae (Table 4-1). Highly-ephemeral and ephemeral ponds are at 

risk of early drying down before the larvae have completed metamorphosis and, for the 

purpose of the model, I assume when they do dry down early, no larvae survive but it is 

unlikely to be this simple in reality. From 2013-2015 I observed a single ephemeral pond 

dry down before wood frogs completed metamorphosis. Therefore, I assigned ephemeral 

ponds with a probability of 0.08 (number of premature drying observations / 3 years x 4 

ephemeral ponds = 1 / 12 = 0.08) of drying prematurely. Although semi-permanent ponds 

do dry down, they dry down in the fall (September or October), long after wood frogs 
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have completed metamorphosis and present no risk to the larvae. Thus semi-permanent 

ponds have a probability of drying prematurely of 0, as do permanent ponds.   

The surviving larvae complete metamorphosis, emerge into the terrestrial 

environment and spend the remainder of their first year as metamorphs. I used estimates 

of metamorph (year 1) and juvenile (year 2) survival from Harper et al. (2008). There is 

no data available on how long it takes wood frogs to reach maturity at this study site. I 

used data from different sites in North America (Berven, 1982a; Bastien and Leclair, 

1992; Sagor et al., 1998) to develop simple linear models to predict the time to maturity 

based on the average number of days between the last and the first temperatures below 

freezing (called the “growing season” henceforth) at this site. The model-based estimates 

of time to maturity showed they spend the entire second year as immature juveniles, 0.1 

mature in year three, 0.53 in year four, 0.35 in year five, and 0.02 in year six. To simplify 

the population model by reducing the number of stages, I assumed females matured in the 

third year with a probability of 0.1, in their fourth year with a probability of 0.53, and in 

their fifth year with a probability of 0.37. The life cycle is summarized in a life cycle 

graph (Figure 4-1). All parameter estimates and sources used in the model can be found 

in Table 4-2. 

I used the proportion of the total egg masses laid in each wetland to determine 

how many females, out of the total number of females, bred in a particular pond each 

year (McCaffery et al., 2014). I took the mean proportion of total egg masses for each 

hydroperiod group (i.e., ephemeral, semi-permanent, permanent) from 2013-2016 and 

used that number for each pond of a particular hydroperiod group (Table 4-1). I used the 

mean across ponds in a hydroperiod group, rather than using the observed value for 
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individual wetlands, because I did not want the model to be sensitive to changes of 

hydroperiod in individual wetlands, rather than to the number of ponds that fell into each 

hydroperiod group. When I changed the hydroperiod of the wetland, I assigned it the 

appropriate mean proportion of females. As the total proportion was always higher or 

lower than 1 after I changed the hydroperiods, I divided the surplus or deficit by 19 (the 

number of ponds) and randomly chose ponds (with replacement) to add or subtract 

proportions. I used published estimates of time-to-maturity from other sites to develop a 

simple linear model to predict clutch size from the length of the growing season, defined 

as the average number of days between the last and the first freeze (Meeks and Nagel, 

1973; Berven, 1982a; Waldman, 1982; Berven, 1988; Corn and Livo, 1989; Berven, 

2009). As individuals that mature earlier have a smaller body size, they also have smaller 

clutch sizes, I used 318 (SD 31) as the clutch size for females that mature directly from 

the juvenile stage, 368 (SD 31) for females that mature after spending 1 year as a sub-

adult, and 418 (SD 31) for females that mature after spending 2 years as a sub-adult and 

returning females (Berven, 1988). Clutch size values from the literature were all divided 

by two because I am only modelling females and assumed the embryo sex ratio to be 1:1. 

All estimates of clutch size had the same variance that was estimated by Berven (1988). 

Unfortunately, first and second year sub-adult survival could not be estimated 

from the published literature. I chose values of 0.676 (0.1 SD) and 0.736 (0.1 SD) for 

first and second year sub-adult survival, respectively. These values resulted in 

simulations with a median female population size of approximately the maximum 

number of breeding females observed from 2013-2016 at this study site, which was ~ 

1500. I targeted these values on the maximum number of females as this could be thought 
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of as the carrying capacity of the terrestrial environment at the study site. The matrix 

structure and calculations for the matrix elements can be found in appendix 4.1. The 

starting population vector was created using a stable stage distribution from a separate 

deterministic matrix model. This method is commonly used to calculate the stage 

distribution of the population when it reaches proportional equilibrium (Morris and Doak, 

2002). Starting the simulation with a stable-stage distribution ensures no effect of the 

choice of starting conditions. 

To evaluate the effect of changes in hydroperiod on wood frog population 

viability I used three dependent variables, median population size at the end of 100 years, 

median stochastic population growth (lambda) over 100 years, and the probability of 

persistence for 100 years. Median, as opposed to mean, growth rates and population size 

were used because the distribution of both endpoints is positively skewed. Median 

stochastic population growth was calculated by Nt+1/Nt where Nt is the population size in 

one year and Nt+1 is the population size in the next year. The population was determined 

to persist if it had at least 1 individual in the population at the end of the 100 year run. I 

determined the uncertainty in these endpoints using 30 separate simulations of 1000 

replicates of 100 years runs. 

I performed the modelling in the statistical program R 3.2.4 (R Core Team, 2016) 

and included functions from the packages popbio (Stubben and Milligan, 2007) and plyr 

(Wickham, 2011). The script for the base model and the list of changes for each of the 

four climate change simulation scenarios is in appendix 4.2. I used the package ggplot2 

(Wickham, 2009) to create figures. 
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Scenarios 

1) Alternative hydroperiods – To explore the effect of a wetter or drier climate, I 

simulated ten different hydroperiod scenarios (appendix 4.3). The simulations started 

with the base model of 4 ephemeral, 5 semi-permanent, and 10 permanent wetlands. The 

wetter climate scenarios gradually transitioned the ephemeral wetlands to semi-

permanent wetlands, and the semi-permanent wetlands to permanent wetlands. Under 

wetter climate scenarios, I reduced the probability of an ephemeral pond drying 

prematurely by 0.04 (i.e., half of the observed 0.08 under current conditions) and under 

the wettest scenario all ponds were permanent. The drier climate scenarios gradually 

transitioned the permanent ponds to semi-permanent ponds, the semi-permanent ponds to 

ephemeral ponds, and ephemeral ponds to highly-ephemeral ponds. I also increased the 

probability of premature drying with each scenario by 0.04 (i.e., half of the observed 0.08 

under current conditions). I created the additional category of highly-ephemeral to 

capture ponds with a higher risk of premature drying than ephemeral ponds. These ponds 

started with a probability of premature drying of 0.33 under current conditions and 

increased by 0.04 with each drier scenario. At the driest scenario, all 19 ponds were 

highly-ephemeral with a probability of premature drying of 0.49. To explore what pond 

hydroperiods had the greatest impact on wood frog population viability, I also simulated 

a situation where all ponds were semi-permanent and where all ponds were ephemeral. In 

these scenarios, I did not incorporate density dependence explicitly and green frog 

occupancy and time to maturity were kept constant (the effects of these factors are 

explored independently in separate scenarios). Note that density dependence would be 

factored into larvae survivorship as part of the empirical estimates. 
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2) Changing green frog occupancy – To explore the effect of warmer winter 

temperatures on the distribution of green frog larvae, I ran scenarios with increasing 

wetland occupancy. I assumed that increases in winter temperatures would have a 

positive effect on the survival of overwintering green frog larvae as well as adults. One of 

the principle threats to overwintering larvae is depletion of oxygen in the water 

(Bradford, 1983; Tattersall and Ultsch, 2008). Shorter and/or warmer winters should 

reduce the amount of time the pond surfaces are frozen and increase the average 

dissolved oxygen content of the water during the winter, either by mixing during mid-

winter thaws, thinner ice layers (greater unfrozen water volume), or fewer days between 

the first freeze and the last. The current probability of a permanent wetland being 

occupied by green frog larvae is 0.585 (SD 0.111). I ran 11 simulations with green frog 

larvae occupancy probability ranging from 0 in increments of 0.1 to 1. I kept the standard 

deviation at 0.1, except at 0 and 1 where it was 0. In this scenario I assumed temperature 

effects are balanced with precipitation increases resulting in no net changes to 

hydroperiods (base model hydroperiod conditions). Again, I did not explicitly include 

density dependence or change time to maturity in wood frogs in this scenario.  

3) Reduced time to maturity – As temperatures increase, the growing season will 

lengthen. This will cause two changes to the wood frog activity period. First, warmer 

temperatures mean reproduction and metamorphosis will occur at an earlier date (Berven, 

1982a; Benard, 2015). Second, warmer temperatures should extend the activity season 

longer into the fall (Berven, 1982a). I performed 10 simulations to determine the effect of 

longer growing seasons via earlier maturity on population viability. Currently, this study 

site in New Brunswick has a mean growing season of approximately 125 days (calculated 
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as the average number of days between the last and first freezes at the field site over the 

last 20 years from Environment Canada). Moderate emissions scenarios predict the 

average annual temperature in New Brunswick is expected to increase by ~ 4.5°C in the 

next 100 years (Swansburg et al., 2004). I increased the growing season by five days in 

each of the iterations, for a maximum of 170. This represents a total increase in the 

growing season of about 6.5 weeks. I used the previously mentioned simple linear model 

to estimate changes to the proportion of females maturing in each year (appendix 4.3). I 

currently estimate that juveniles mature in year 3 with a probability of 0.1 and first year 

sub-adults mature in year 4 with a probability of 0.6. At 170 growing days, juveniles 

mature in year 3 with a probability of 0.92 and first year sub-adults mature in year 4 with 

a probability of 1. The model predicted a very small proportion (> 3%) of 1-year old 

juveniles could mature in year two, but to simplify the model I kept the earliest maturity 

at year 3 across all simulations. 

4) Strength of density dependence – Density dependent larval survival could 

offset the effects of increased embryo survival if larval mortality is higher at increased 

densities. I used the equation from Vonesh and de la Cruz (2002) to add density-

dependent survival to larval survival to determine how sensitive these results are to 

assumptions about density-dependence. The equation is Slxdd = Slx / (1+dT)Y, where Slx 

is the empirical larvae survivorship in the absence of explicit density dependence in 

wetland x, d is the density dependent coefficient (m2/n), T is the initial larvae density 

(n/m2), and Y is the density dependent exponent. Therefore, Slxdd is the density-

dependent larvae survivorship in wetland x. The density-dependent exponent determines 

the strength and form of the density dependent function. When the exponent equals zero, 
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larvae survivorship is density-independent. As the exponent increases density dependence 

becomes stronger and when the exponent equals 1, larvae survivorship has a hard ceiling 

defined by a carrying capacity (similar to a Beverton-Holt model). At values greater than 

1, over-compensation is found at high densities (similar to a Ricker model). The 

theoretical results of changes to the exponent can be seen in Figure 4-2. As I do not know 

the exact form and strength of density dependence in the larval stage, I simulated iterative 

values of the exponent of 0.5 between 0 and 2 and examined how sensitive these results 

about changes in hydroperiods are to the value of Y. The results are also potentially 

sensitive to assumptions about the density-dependent coefficient (d in the equation 

above). Vonesh and de la Cruz (2002) conducted a review of coefficients in the limited 

literature on the subject and reported a value of 0.007 for anuran larvae. This term refers 

to the density carrying capacity in the spatial requirements for each larvae (m2/larvae), 

meaning that wetland size and productivity will impact the total carrying capacity of the 

pond. I previously observed that permanent wetlands at this study site had a larger 

surface area than ephemeral wetlands (Chapter 3). Based on this I would conclude that, 

all other things being equal, permanent wetlands would have a higher carrying capacity 

than ephemeral wetlands, and this is consistent with the literature on the importance of 

intraspecific competition in temporary ponds with less predation pressure (Gurevitch et 

al., 2000). This modelling strategy used the mean surface area for each hydroperiod type 

and the density dependent coefficient 0.00700 (SD 0.000833) to incorporate density 

dependence into larvae survival.  
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4.4 Results 

Alternative hydroperiods – Simulations show variability in the response to 

changing hydroperiods with the highest population growth rate, population persistence 

and number of females occurring at scenario #6 (Figure 4-3). A wetter climate, through 

increases in the number of permanent wetlands (and thus decreases in the number of 

semi-permanent and ephemeral ponds) led to reductions in annual population growth 

rates, fewer females at the end of 100 years, and lower probability of persistence. 

Interestingly, a drier climate initially led to higher growth rates, more females at the end 

of 100 years, and a higher probability of persistence, but when all ponds were either 

ephemeral or highly-ephemeral (no semi-permanent ponds – scenario 7) and the 

probability of premature pond drying increased, the endpoints began to decline again. 

This shows that drier conditions, through the effect of transitioning permanent ponds to 

ephemeral ponds, could benefit wood frog populations, so long as ponds retain water 

long enough for larvae to complete metamorphosis. Wetter conditions, through the 

replacement of ephemeral and semi-permanent ponds with permanent ponds and the 

increasing number of ponds occupied by green frogs, show a negative effect on wood 

frog populations. Out of the four hydroperiod types, ephemeral ponds are the most 

important for sustained population growth, followed by semi-permanent ponds (Figure 4-

4).  

Changing green frog occupancy – Unsurprisingly, increases in green frog 

occupancy negatively impacted wood frog populations even without changes to 

hydroperiods. Population persistence declined precipitously above an occupancy rate of 

0.8 but the effect of green frog larvae had a negative effect on population growth rates 
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(population growth rate below 1) when occupancy rates were between 0.5 and 0.6 (Figure 

4-5). The number of females decreased exponentially with increasing green frog 

occupancy. 

Reduced time to maturity – A longer growing season and earlier maturity led to 

increases in the annual population growth rate, slight increases in the already high 

probability of population persistence, and an exponential increase in the number of 

females at the end of 100 years (Figure 4-6). This is in spite of the smaller average clutch 

sizes of earlier breeding females and shorter average lifespans, but is contingent on no 

changes to survivorship of terrestrial life stages. 

Strength of density dependence – Applying density dependence to the larvae stage 

reduced the growth rates, probability of persistence, and the number of females at the end 

of 100 years, but the strength of the effect was dependent upon the hydroperiod scenario. 

Interestingly, density dependence did not counteract the effects of high embryo mortality 

in scenarios with predominantly permanent wetlands (scenarios 1 and 2). Measured as the 

difference between a scenario with no density dependence and a scenario with the density 

dependent exponent (Y) at 2, density dependence had the largest reduction in growth rates 

for scenario 6, closely followed by 7 and 5, the largest reduction in persistence 

probability for scenarios 8 and 3, (even under the strongest form of density dependence, 

current and drier conditions (scenarios 4 – 7) had a probability of persisting above 95%), 

and the largest reduction in the final number of females in scenario 6, followed by 7 and 

5. Overall, the biggest effects of density dependence were seen between exponents of 0 

and 0.5. Additional increases further reduced endpoints but at a slower rate (Figure 4-7). 
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4.5 Discussion 

The goal of this modelling project was to investigate whether future changes to 

wetland hydroperiods could have population-level effects on wood frogs. As the direction 

of the changes in climate are, at this time, largely unknown, I examined scenarios that 

were both wetter and drier than currently experienced in New Brunswick, Canada. The 

wood frog population model had lower growth rates and probability of persistence under 

wetter climate scenarios than drier climate scenarios. Further, any increases in 

overwintered green frog larvae occupancy could negatively affect wood frog populations 

and are quite likely suppressing population growth rates at the current estimated 

occupancy rate. Increases in the length of the growing season, on the other hand, was 

modelled to have positive effects on wood frog populations through earlier maturity. 

Assumptions about density dependence did not change the results qualitatively, but did 

result in different endpoints (median population size at the end of 100 years, median 

stochastic population growth over 100 years, and the probability of persistence for 100 

years), depending on the strength of the density dependence. 

These simulations demonstrate that the indirect effects of species interactions 

through longer hydroperiods may have a more negative impact on wood frog population 

than the direct effects of shorter hydroperiods. Simulations showed the probability of 

population persistence declined by almost seven times when ephemeral ponds were 

replaced with semi-permanent or permanent ponds and by only 1.5 times when all ponds 

were highly ephemeral. Thus, the net replacement of 2 ephemeral ponds with 2 semi-

permanent ponds and the replacement of 2 semi-permanent ponds with 2 permanent 

ponds caused this precipitous decline in persistence probability of the wood frog 
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population. Simulation endpoints reached their highest values under drier conditions, in 

the scenario with no permanent ponds, 10 semi-permanent ponds, 5 ephemeral and 4 

highly-ephemeral ponds (scenario #6). The reduced embryo and larvae survivorship rates 

associated with permanent wetlands when overwintered green frog larvae are present 

causes lower population growth rates and persistence probability than a climate with an 

increased risk of mortality from pond drying. This is likely because pond drying may 

cause complete mortality whereas the low survivorship from permanent ponds where 

green frog larvae are present is consistent. The wood frog population metrics were 

highest under a scenario where all ponds were ephemeral. This is caused by the constant 

high survivorship and currently low probability of premature drying. Furthermore, the 

only times population growth rates were above 1 was when all ponds were semi-

permanent; population growth rate was below 1 when all ponds were either permanent or 

highly-ephemeral. 

The implications of these hydroperiod changes for wood frog populations in this 

study area depend greatly on the direction of changes in the climate. Under drier 

scenarios, it appears wood frogs could achieve larger and even more stable population 

sizes, but the key caveat is that if hydroperiods become too short population sizes could 

begin to decline because of high larvae mortality. However, warmer temperatures 

associated with shorter hydroperiods facilitate earlier breeding, faster larvae 

development, and earlier metamorphosis, therefore potentially offsetting some of this 

desiccation risk, although I did not model this explicitly. Benard (2015) showed that for 

wood frogs in southern Michigan, when breeding occurred 2 days earlier, metamorphosis 

occurred 1 day earlier. Early breeding exposed the eggs and larvae to colder temperatures 
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and so slowed the development partially, but still allowed for earlier metamorphosis. 

There is also some evidence of plasticity in the rate of metamorphosis by anuran larvae in 

response to desiccation (Richter-Boix et al., 2011) but the strength of this effect varies 

between families (Edge et al., 2016) and more commonly occurs in species that breed in 

ephemeral habitats, like wood frogs. There are however, tradeoffs to accelerated 

metamorphosis, such as reduced size at metamorphosis and weaker immune responses 

(Gervasi and Foufopoulos, 2008) that could reduce survival, at least initially and 

counteract these high growth rates. Under wetter scenarios, the wood frog population 

showed consistent declines in population growth rates and size. In my previous studies, 

ephemeral and permanent ponds that lacked overwintered green frog larvae showed no 

difference in larvae survivorship, but survivorship was reduced when green frog larvae 

were present (Chapter 3). A wetter climate could indirectly impact wood frog populations 

by facilitating the colonization of new permanent or semi-permanent ponds by green 

frogs. Even in the current hydroperiod scenario and at current occupancy rates, the 

simulations show that predation of wood frog egg masses by green frog larvae (chapter 2) 

and the as yet unidentified correlation or mechanism by which green frog larvae reduce 

larvae survivorship (Chapter 3) likely suppresses wood frog population growth rates. This 

indirect effect through interacting species is one of the many unanticipated and difficult 

to determine consequences of climate change (Gilman et al., 2010). However, wood frogs 

and green frogs do coexist throughout much of their range in southern Canada and the 

northern and eastern USA, but there is also other evidence of egg predation effects in 

some locations where they co-occur (Petranka and Kennedy, 1999; Vasconcelos and 

Calhoun, 2006). I lack sufficient data to determine the reason for this apparently variable 



129 

 

effect, but postulate that it might be because at more southern latitudes and/or lower 

elevations with a longer growing season, green frog larvae complete development within 

a single year (Berven et al., 1979). Martof (1956) suggested this based on observations 

from Ann Arbor, Michigan and my own (unpublished) data from 2013 shows that as far 

north as New Brunswick, green frog larvae can reach Gosner stage 38 by August 27th; 

metamorphosis occurs at stage 45 (Gosner, 1960). It is possible that increases in the 

growing season cause earlier reproduction and metamorphosis in green frog cohorts laid 

early in the year, greatly reducing or even eliminating the number of overwintering green 

frog larvae and therefore the effect on wood frog egg and larvae survivorship and 

allowing coexistence in the same wetlands. Additional life history information from sites 

where wood frogs and green frogs overlap would help answer this question.  

I found that increases to the occupancy rate of green frog larvae would have 

negative effects and increases in the growing season could have positive effects on wood 

frog populations. The reason for the negative effect of increasing green frog larvae 

occupancy is not only the increased likelihood of a permanent pond containing green frog 

larvae but the additional colonization of semi-permanent ponds in wet years. These semi-

permanent ponds occasionally produce large numbers of wood frog metamorphs. 

Although the mean survivorship to metamorphosis of permanent ponds without green 

frog larvae is approximately the same as in ephemeral ponds (Chapter 3), the variance is 

much larger, indicating both large and small losses can occur in these wetlands. Higher 

green frog occupancy simply means fewer opportunities for years of high wood frog 

recruitment.  
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Increases to the growing season, via increased temperatures, and the effect of 

earlier maturity, despite smaller clutch sizes and shorter lifespans, cause the wood frog 

populations to grow faster. These results are potentially sensitive to assumptions about 

temperature effects on survivorship rates because temperature is known to have complex, 

direct and indirect effects on the relationship between predators and prey (Anderson et 

al., 2001) and on post-metamorphic desiccation risk (Beuchat et al., 1984; Stewart, 1995). 

However, survivorship rates, particularly in metamorphs and juveniles, were obtained 

from lower latitude sites as no estimates were available for this region. Additional life 

history data and demographic data from northern locations such as New Brunswick 

would be useful to evaluate this assumption. 

That density dependence reduced the values of the endpoints in each scenario but 

did not change the results of the simulations qualitatively is due primarily to the fact that 

low embryo survivorship is correlated with low larval survivorship in this study system 

(chapters 2 and 3). In situations where egg and larvae survivorship are uncorrelated, such 

as those described by Vonesh and de la Cruz (2002), density dependence can potentially 

reverse the effects of early life stage mortality. Comparable numbers of metamorphs can 

be produced from a pond due to (1) low embryo survival and high larval survival due to a 

release from larval competition or (2) high embryo survival and low larval survival 

because of strong larval competition. The empirical estimates of wood frog larval 

survival contain within them any effect of density dependence, and in this system it 

seems density dependence is unlikely to be as important an influence on population 

growth rates as predation. However, estimates of density dependence are difficult to 

obtain under natural conditions and are often conflicting (Loman, 2002; Loman, 2004). I 
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did not include a terrestrial carrying capacity in the model, as others have done (Harper et 

al., 2008; Earl and Gray, 2014; Earl et al., 2016) and as have been noted for wood frogs 

(Harper and Semlitsch, 2007; Berven, 2009). This is unlikely to have affected these 

results as population size was either consistently higher or lower than the median number 

for the baseline scenario and the terrestrial life stages were not where the differences 

between the scenarios occurred. 

The most important assumption made in this modelling exercise is about the 

structure of the aquatic and terrestrial habitats. Again, I modelled the environment as 19 

distinct aquatic sites and a single terrestrial habitat (McCaffery et al., 2014). As a set 

proportion of the mature females bred in each of the ponds, ponds that failed to contribute 

to the overall adult population were essentially sinks (Trenham et al., 2000). This is not 

unrealistic, for example, as the limited data on the topic shows that 18% of the juveniles 

dispersed to other sites, whereas 100% of adults returned to the same pond where they 

first bred (Berven and Grudzien, 1990). If these observations are consistent at other sites 

and about 1/5th of the juveniles disperse to sink habitats then it seems plausible that the 

population growth rate could decrease as a result of the “leakage” of a proportion of 

individuals from high quality sites to poor quality sites. This could be especially true if 

most wood frogs only have one breeding event in a lifetime (Berven, 2009). In addition, 

observations at the New Brunswick site indicate that wood frogs breed in ponds that 

rarely produce metamorphs. An alternative modelling approach could explore how robust 

my results are to this structural assumption. 

I conclude that a warmer, drier climate (i.e., fewer permanent ponds, longer 

growing season) is likely to be better for wood frogs than a warmer, wetter climate. 
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Under a warmer drier climate, although green frog occupancy rates are likely to increase, 

the total number of the wetlands that are suitable green frog breeding habitat will likely 

decrease. However, if conditions become too dry and decreases in hydroperiod length are 

not offset in wood frogs by earlier breeding and faster larval development, then wood 

frog populations could begin to decline. Under a warmer, wetter scenario, increased 

green frog larvae occupancy and increases in the number of permanent ponds on the 

landscape could reduce the availability of suitable wood frog habitat and threaten the 

population due to high embryo and larval mortality. 

The indirect climate driven mechanisms by which species interactions could 

intensify has gained attention in the literature (Tylianakis et al., 2008; Gilman et al., 

2010) but has rarely been demonstrated using field-derived parameter estimates (in most 

cases the parameter estimates came from small-scale experiments). Here I show that 

species interactions can reverse conclusions about the effects of climate change based 

strictly on abiotic responses. In order to reduce the uncertainty in these predictions, 

additional comparative life history studies of species at sites of different latitudes are 

recommended. 
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Table 4 – 1: Beta distribution parameters (mean and standard deviation) for wood frog 

(Lithobates sylvaticus) embryo (Se) and larvae (Sl) survivorship and mean proportion of 

females breeding (Px) in ephemeral and permanent ponds with and without green frog 

(Lithobates clamitans) larvae. 

 

 

 Ephemeral Permanent -  without GFL Permanent – with GFL 

 mean sd mean sd mean sd 

Se 0.633 0.118 0.599 0.316 0.196 0.235 

Sl 0.110 0.059 0.095 0.112 0.017 0.031 

Px 0.078 - 0.066 - 0.036 - 
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Table 4 – 2: Vital rates used in wood frog (Lithobates sylvaticus) base population model. Subscript x denotes wetland specific 

parameter. 

Vital rate/parameter description Parameter Parameter estimate Standard deviation Source 

Embryo survivorship Sex wetland dependent wetland dependent Chapter 2 

Larvae survivorship Slx wetland dependent wetland dependent Chapter 3 

Metamorph survivorship Sm 0.3775 0.102 Harper et al., 2008 

Juvenile survivorship Sj 0.249 0.158 Harper et al., 2008 

First-year sub adult survivorship Ssa 0.676 0.1 see methods 

Second-year sub adult survivorship Ssb 0.736 0.1 see methods 

Adult female survivorship Sf 0.178 0.13 Berven, 2009 

Probability of a juvenile becoming an first-year sub adult Pjsa 0.9 0.05 model 

Probability of a juvenile becoming an adult female Pjf 1 – Pjsa - model 

Probability of a first-year sub adult becoming a second-year sub adult Psab 0.42 0.1 model 

Probability of a first-year sub adult becoming an adult female Psaf 1 – Psab - model 

Probability of a second-year sub adult becoming an adult female Psbf 1 - model 

Clutch size of adult females that mature directly from a juvenile Csj 318 31.61 model 

Clutch size of adult females that mature from first-year sub adults Cssa 368 31.61 model 

Clutch size of adult females that mature from second-year sub adults Cssb 418 31.61 model 

Clutch size of adult females Csa 418 31.61 model 

Proportion of all adult females breeding in wetland x Px wetland dependent - see methods 
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Figure 4 – 1: Life cycle graph for wood frog (Lithobates sylvaticus) population model. 

Refer to Table 1 for specific meaning of the vital rates (Sx = survival, Px = transition, and 

Csx = reproductive output). There are 19 separate aquatic habitats (denoted by the 19 

circles) that produce metamorphs that move into a single terrestrial habitat by the 

beginning of stage 2. 
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Figure 4 – 2: The effect of different density dependent exponents (Y) on wood frog (Lithobates sylvaticus) (A/left) larvae survival rate 

and (B/right) the number of surviving larvae based on different starting numbers. 
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Figure 4 – 3: The effect of changing hydroperiods on the median annual population 

growth rate (top), the probability of population persistence for 100 years (middle), and 

the median number of wood frog (Lithobates sylvaticus) females at the end of the 100 

year run (bottom). 
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Figure 4 – 4: The median annual population growth rate (top), the probability of 

population persistence for 100 years (middle), and median number of wood frog 

(Lithobates sylvaticus) females at the end of the 100 year run (bottom) when all ponds are 

of the same hydroperiod type. 
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Figure 4 – 5: The median annual population growth rate (top), the probability of 

population persistence for 100 years (middle), and the median number of wood frog 

(Lithobates sylvaticus) females at the end of the 100 year run (bottom) for scenarios with 

green frog (Lithobates clamitans) larvae wetland occupancy probability between 0 and 1. 
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Figure 4 – 6: The median annual population growth rate (top), the probability of 

population persistence for 100 years (middle), and the median number of wood frog 

(Lithobates sylvaticus) females at the end of the 100 year run (bottom) for scenarios with 

longer growing seasons. Base line is 125 days. 
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Figure 4 – 7: The median annual population growth rate (top), the probability of 

population persistence for 100 years (middle), and the median number of wood frog 

(Lithobates sylvaticus) females at the end of the 100 year run (bottom) for hydroperiod 

scenarios with density dependence of varying strengths applied to the larval stage. The 

density dependence exponent Y, 0 = no density dependence 2 = strong density 

dependence. 

 



155 

 

CHAPTER 5 

5. Designing better call recognition models for semi-automated analysis of 

amphibian bioacoustic data 
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5.1 Abstract 

Advances in bioacoustic technology, such as the use of automatic recording 

devices and semi-automated processing algorithms, allow wildlife monitoring at large 

spatial scales. Implementing these techniques often results in enormous amounts of audio 

data that must be processed and analyzed. Automated sound recognition tools are 

typically employed to analyze such data, but a general framework for developing and 

validating these algorithms or “recognizers” is lacking. Recognizers are computer models 

of animal sounds assembled from “training data” (i.e., actual samples of vocalizations). 

The choice of training data and the settings chosen for multiple parameters controlling 

recognizers’ function can significantly alter performance and error rates.  I used Song 

Scope (Wildlife Acoustics Inc.) to build recognizers and vocalizations of the wood frog 

(Lithobates sylvaticus) to test how different settings and amounts of training data 

influence recognizer performance. Performance was evaluated using precision (the 

probability of a recognizer match being a true match) and sensitivity (the proportion of 

true vocalizations detected) based on a threshold determined from a receiver operating 

characteristic (ROC) curve. Evaluations were conducted using recordings not used to 

build the recognizer. The performance of the wood frog recognizer was sensitive to 

changes in four out of nine variable settings. Small improvements were achieved by using 

additional training data from different sites and from the same recording, but not from 

different recordings from the same site. The effect of changes to variable settings was 

much greater than the effect of increasing training data on overall performance. 

Additionally, by testing the performance of the recognizer on vocalizations not used to 

build the recognizer, I discovered that Type I error rates appear idiosyncratic and do not 
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recommend extrapolation from training to new data, whereas Type II errors showed more 

consistency and extrapolation can be justified. Optimizing variable settings on 

independent recordings led to a better match between recognizer performance and 

monitoring objectives. I provide general advice for application of this methodology with 

other species and recommend that future studies explicitly report validation data and 

estimated error rates. 
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5.2 Introduction 

Acoustic surveys are commonly used to monitor the status or activity of animals 

that vocalize. Several groups of organisms, such as anuran amphibians, bats, birds, and 

marine mammals, are particularly suited to acoustic monitoring because of their 

dependence on vocalizations for major components of their life history including 

attracting mates, defending territories, and locating prey (Wells, 1977; Winn and Winn, 

1978; Capp and Searcy, 1991; Kalko, 1995). Depending on the species and habitat, 

bioacoustic surveys can be more efficient at identifying vocalizing species than 

attempting to directly observe the organism (Heyer et al., 1994; Clark et al., 2010). 

Knowledge about the vocal repertoire of a species can help us understand where the 

organisms occur (Weir et al., 2009) and the conditions under which they perform certain 

behaviors (Villanueva-Rivera et al., 2011; Klaus and Lougheed, 2013), as well as provide 

estimates of abundance (Buxton and Jones, 2012; Borker et al., 2014). 

Traditionally, acoustic surveys have been conducted by humans present at the 

field site listening for vocalizations (e.g., FrogWatch and the North American Amphibian 

Monitoring Program). Over the last few decades, however, the use of automated 

recording devices (ARDs) to assist or replace manual acoustic surveys has become more 

common (Peterson and Dorcas, 1992; Hutto and Stutzman, 2009; Venier et al., 2012; 

Digby et al., 2013). Whereas manual surveys are limited by the amount of time a human 

can be present at a field site, ARDs can be deployed to autonomously record sound at any 

location and programmed to record with any desired level of temporal sampling 

frequency (Acevedo and Villanueva-Rivera, 2006). The main advantage in the use of 

ARDs over manual surveys is the increase in sampling intensity and thus the likelihood 
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of detecting a species if it is present at the site (i.e., the detection probability). The 

probability of detecting a species has been shown to vary by, among others things, time 

of year, time of the day, temperature, humidity, and abundance (Weir et al., 2005; 

Jackson et al., 2006; Tanadini and Schmidt, 2011). As ARDs allow for standardized and 

unbiased sampling (i.e., minimizing false negatives) in, essentially, any location and 

because they minimize costs associated with personnel time in the field to conduct 

intensive surveys, they have rapidly become the method of choice for bioacoustics 

monitoring programs (Johnson et al., 2016; Kalan et al., 2016). 

The consequences of incorrectly concluding that a species is absent from a site 

(i.e., a false negative) is a topic of considerable interest in ecology (MacKenzie et al., 

2006). It has been documented that estimating site occupancy without controlling for 

detection probability can result in a negative bias in the estimate of the occupied area 

(MacKenzie et al., 2002) as well as biased extinction and colonization rates (MacKenzie 

et al., 2003) and species distribution models (Comte and Grenouillet, 2013). Automated 

recording devices can help alleviate the problem of low detection probabilities, and 

therefore increase the usefulness of survey data, by rapidly increasing the cumulative 

detection probability because of the additional listening time.  

Several methods have been suggested to extract the required information from the 

large quantity of recordings generated from autonomous recording devices in 

bioacoustics monitoring programs. The typical approach is to use automated sound 

recognition algorithms that allow researchers to search all the recordings with a custom 

built model targeting the particular vocalization of interest (Brandes, 2008; Acevedo et 

al., 2009). Software programs can batch process hundreds of digital recording files, 
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saving tremendous amounts of time in extracting information from the recordings 

(Waddle et al., 2009; Willacy et al., 2015). Due to inaccuracies, however, the output 

requires post-processing to validate the results and determine false positive and false 

negative error rates. 

The vast quantity of acoustic samples obtainable from the deployment of ARDs 

coupled with the automated analysis of the recordings is a powerful tool for developing 

robust estimates of occupancy, extinction and colonization rates, as well as for 

investigating activity/phenology patterns. Several off-the-shelf software programs are 

available for researchers to conduct automated analysis of sound files for vocalizations of 

interest. However, the lack of published research utilizing this fully-automated approach 

to answer questions at large scales shows that, because of the lack of precise and sensitive 

recognizers, some level of verification is still required and this approach should be 

considered as semi-automated (Swiston and Mennill, 2009). 

I used the software program Song Scope V 4.1.3A (Wildlife Acoustics, Concord, 

MA, USA) in this study. Song Scope is a commercially available, multi-purpose sound 

analysis software program that has been used by ecologists to develop automated 

vocalization recognition models, or “recognizers” (Waddle et al., 2009; Buxton and 

Jones, 2012; Holmes et al., 2014; Willacy et al., 2015). Developing recognizers in Song 

Scope involves two steps. The first step is locating vocalizations from existing recordings 

(i.e., “annotating” the recordings) to be used as training data upon which the model is to 

be based. The second step is selecting the settings of the variables used to create the 

recognizer model. At the first step we need to answer questions about how much and 

what kinds of training data provide the best recognizers. At the second step, we need to 
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identify the variable settings that build the best model (i.e., low false positive rates, low 

false negative rates, and good discriminatory ability). The manufacturers of Song Scope 

provide a general overview of, and recommendations for, the creation of recognizer 

models (Wildlife Acoustics, 2011) but deciding on the quantity of training data and 

settings of the variables for model creation is a largely trial and error procedure and I 

have found no published guidance. Their process emphasizes evaluating model 

performance on the training data (rather than new data where it will invariably be used). 

The primary purpose of this article is to provide guidance for designing and validating 

recognizers using the wood frog (Lithobates sylvaticus) as a model organism. Wood frogs 

are a North American pond-breeding anuran commonly used in research on wetland 

ecosystem structure, amphibian population and community ecology (Figure 5-1). Their 

call is comprised of one to four short “quacks” between 200 and 2000 Hz (Figure 5-1:A). 

Wood frogs can call at any time during a 24 hour period, but vocalization activity peaks 

after sunset. More specifically, the objectives were to determine 1) how does increasing 

training data influence recognizer performance and does the source of the training data 

matter, 2) is there an objective and repeatable way to choose variable settings and design 

a recognizer, that incorporates/considers Type I and II error rates in the process, and 3) 

are extrapolations of recognizer performance from the training dataset to new recordings 

valid and with what degree of confidence? 
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5.3 Methods 

Building Recognizers  

Song Scope software 

Song Scope uses Hidden Markov Models (HMM) to construct a model of the 

vocalization of interest from training data and compares this model to candidate 

vocalizations from the recordings. Interested readers should consult with Agranat (2009) 

for the technical specifics of the algorithm. 

 

Recognizer development 

Recognition of the target vocalization is accomplished in a two-step process. The 

first is detection, during which the recognizer model scans all sounds within the recording 

to identify those that are potential target vocalizations.  I define “sound” as any signal or 

noise in the recording - it may or may not be the target call. I use “vocalization” to refer 

to the true signal of the target species and “match” or “hit” when the recognizer model 

identifies a sound. Identifying the target vocalizations is done by comparing sounds to a 

model created by the program from annotated calls provided by the user. Signals are 

detected if they match in some proximate way to the frequency range and temporal 

properties (call length, syllable structure, etc.) of the model. The second stage involves 

computing a “score” statistic on the detections, wherein similarity between the sound and 

the model is measured using a score = 0 to 100, 100 being a perfect match, and this is 

generated by the Viterbi algorithm (Agranat, 2009). The modeling process results in one 
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of four possible outcomes – true positive, false positive, true negative, or false negative 

(Figure 2). 

True and false positives can be estimated by manually verifying the matches in 

the output. False negatives can be determined by subtracting the number of true positives 

from the total number of true vocalizations of the species of interest in the recording, as 

determined by an expert analyst visually reviewing the sound spectrogram and 

simultaneously listening to the actual vocalization. True negatives are sounds that are not 

actually vocalizations of the species of interest and which have not been misidentified as 

such. 

The objective of developing a high quality recognizer is to minimize the number 

of false positives and false negatives. There is an inevitable trade-off between false 

positives and false negatives because to reduce false positives I must set a score threshold 

that results in only strongly matching vocalizations being identified as those of the target 

species, whereas in an attempt to reduce false negatives, the threshold would be set to a 

lower level allowing more “liberal” classification of the vocalization as one made by the 

species of interest. In this regard, score values can be used to distinguish, to some degree 

at least, between true and false positive matches. Ideally a threshold should be 

established, above which the match is certain to be a true positive, and below the match is 

certain to be a false positive. However, this is rarely attained in practice and the objective 

is to set a threshold that results in large reductions in Type I errors with only small 

increases in Type II errors. 
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Recognizer metrics 

In the following experiments, I used precision and sensitivity as the common 

metrics of recognizer performance. Precision is known as the positive predictive value in 

signal detection theory (Fawcett, 2006) and is calculated as the number of true positives 

divided by the total number of recognizer matches. Precision provides an estimate of the 

probability of the recognizer match actually being the target vocalization and 1-precision 

is equal to the Type I error or false discovery rate. Sensitivity is known as true positive 

rate or recall and is calculated as the total number of true positives divided by the total 

number of true calls, whether detected (true positives) or not (false negatives). Sensitivity 

provides an estimate of the proportion of vocalizations detected by the recognizer and 1-

sensitivity is equal to the Type II error or false negative rate. Sensitivity is also an 

estimate of the detection probability (p) commonly used in occupancy modelling (Miller 

et al., 2012). I conditioned the estimates of precision and sensitivity on an optimal score 

threshold, determined using the area under a receiver operating characteristic (ROC) 

curve. The optimum threshold for each recognizer was determined using Youden’s J 

statistic (Youden, 1950), where J = sensitivity + true negative rate – 1.  I use the term 

“conditional” when referring to precision- and sensitivity-derived using the ROC 

threshold because if a different threshold was used, the precision and sensitivity would 

change. I estimated the conditional precision as the number of true positive matches 

above the ROC-determined threshold divided by the total number of matches above the 

threshold (i.e., 1-precision at the optimal score threshold = the Type I error rate). 

Similarly, the conditional sensitivity is estimated by the number of true positive matches 
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above the threshold divided by the total number of calls in the recording (i.e., 1-

sensitivity at the optimal score threshold = the Type II error rate).  

 

Improving Recognizer Performance  

Increasing training data 

I assessed the effect of increasing training data on the identification of wood frog 

vocalizations. I started by collecting training data by annotating wood frog vocalizations 

from 28 sites in southern New Brunswick, Canada, recorded in 2012. The recordings 

from which the annotations were extracted were collected as part of a monitoring 

program that included Canadian Forces Base Gagetown (n = 21), Fundy National Park (n 

= 2), and private forestry land (n = 5), and all recordings were made using Song Meter 1, 

SM2, and SM2+ units (Wildlife Acoustics, Concord, MA, USA). The maximum distance 

between sites was 115 km and the minimum distance was 100 m. The recorders were 

secured to trees using zip ties or bungee cords at or as close as possible (within 5 m) to 

the wetlands edge. The ponds varied between small ephemeral ponds to large permanent, 

constructed ponds. The units were programed to record for five minutes every hour on 

the hour, with additional 10 minute recordings at 0600 and 0610 and a 30 minute 

recording at 2310. For SM1 units, the high-pass filter was disabled, the amplifier was set 

to +42dB, and sample rate was 22 kHz. For the SM2/2+ units, the high-pass filter was 

disabled, the pre-amplifier was set to +48dB, the sample rate was 22 kHz, and digital 

high-, and low-pass filters, as well as trigger settings, were disabled. All recordings were 

made in the .wac format. All annotations were made from files recorded in 2012 during 
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the wood frog breeding season between March 23rd at 1800 h AST (Atlantic Standard 

Time) and May 5th at 2300h AST. I annotated a total of 4080 wood frog vocalizations 

with the primary objective to determine what training data would improve recognizer 

performance. I made the assumption that there is variability in wood frog vocalizations 

among individuals and this variability potentially affects the performance of the 

recognizer. There are three different levels across which training data can be collected 

and thus variability in vocalizations captured. These are (1) within-recording (i.e., same 

five-minute recording at same site), (2) among-recording (i.e., different five-minute 

recording at same site), and (3) among-site. There should be more variability in 

vocalizations among different sites, as they will likely all be different individuals, than 

within a recording, as they are likely to be the same individuals. There are also 

environmental factors, such as level of background noise and the distance between the 

calling frog and the recorder, that could also influence recognizer performance. 

The approach for collecting training data was to annotate up to 12 calls from up to 

15 recordings from 28 sites. I choose these maximum numbers because I believed they 

should yield a final total number of training calls that would exceed any additional 

improvement to the recognizer and are numbers larger than researchers have used 

previously for amphibian models. I chose the specific sub-values to evaluate randomly. 

For within-recording variability I used 1, 2, 4, 5, 6, 7, 8, 10, 11 and 12 calls (with number 

of recordings held at 15 and number of sites held at 28). For among-recording variability 

I used 1, 2, 4, 6, 8, 9, 10, 11, 13, 14 and 15 recordings from each site (with number of 

calls per recording held at 12 and number of sites held at 28). For among-site variability I 

used 1, 2, 5, 8, 11, 14, 17, 20, 23, 25 and 28 sites (with number of calls per recording held 
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at 12 and number of calls per site held at 15). This allowed me to examine which sources 

of variability had the largest impact on recognizer performance. This initial approach 

resulted in 32 recognizer models. I then created another 11 recognizers to explore 

interactions among sources of variability, among-site (n = 3), among-recording (n = 6), 

and within-recording (n = 2) training data. This resulted in a total of 43 recognizer 

models. Occasionally I was unable to find as many calls of sufficient quality as I had 

targeted, so the exact number of calls per recording and recordings per site used in the 

recognizers had some variability and the total number of calls was sometimes lower than 

the target. I report the average achieved number of calls per recording and recordings per 

site. The details of the targeted and achieved training data sources and totals for each 

recognizer can be found in appendix 5.1. 

Each recognizer was tested on 40 different five-minute recordings (datasets 

TRAIN and A-D, Table 5-1) and I manually reviewed all matches. To estimate the effect 

of increasing the total and type of training data on the recognizer performance I used beta 

regressions. I used beta regressions because precision and sensitivity are values between 

zero and one. Beta regressions have been created to deal with the unusual distributions 

associated with the upper and lower boundaries of rates and proportions (Smithson and 

Verkuilen, 2006). The mean precision and mean sensitivity across the 40 recordings were 

dependent variables and the amount and type of training data were independent variables. 

I used Akaike’s Information Criterion (AICc) adjusted for small sample sizes for model 

selection (Burnham and Anderson, 2002). Analysis was done in R 3.1.3 using the 

packages betareg (Cribari-Neto and Zeileis, 2010) and AICcmodavg (Mazerolle, 2015). 

Plots of regression results were created using ggplot2 (Wickham, 2009). 
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Variable sensitivity analysis 

I assessed the effect of changes in the variable settings of recognizer models on 

the identification of wood frog vocalizations. Song Scope V.4.1.3a contains 11 different 

variables that are used to build recognizers that can be manipulated by the user. I 

excluded maximum and minimum frequencies of the bandwidth filter from the sensitivity 

analysis because of the consistent frequency range of most anuran signals and unlike 

other settings, the frequency range can be easily determined beforehand. Settings of the 

remaining nine different variables range from a few discrete choices to a large range of 

continuous values (appendix 5.2). The number of variables combined with the number of 

possible settings for each variable represents the challenge and complexity in designing 

high quality recognizers. With most variables there is no intuitive or empirical way to 

decide on the setting a priori; thus to determine the optimal settings of the recognizer 

model, each variable needs to be evaluated for its effect on error rates. 

I employed a local optimization method where each of the nine variables was 

evaluated independently across the range of possible values for that variable. All other 

variable settings were held at constant values. Examining interactions among variables 

was impractical because of the large number of possible combinations. As it was, I 

evaluated a total of 75 different recognizer models (appendix 5.2) and a total of 255966 

recognizer matches were manually verified. The preliminary recognizer model was 

constructed using 936 wood frog vocalizations from five sites in southern New 

Brunswick recorded in 2012 and default variable settings. I created a “training” set of 

eight five-minute recordings from different sites in 2013 to examine the effect of changes 
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to variable settings in a standardized way. These 2013 recordings were made using the 

same equipment and same settings as in the 2012 recordings between March 25th 2200 

hrs and April 29th 2000 hrs. The recordings were manually inspected to estimate the 

number of wood frog vocalizations. I estimated the signal to noise ratio by randomly 

selecting two groups of 10 one-second segments ranging from 0.2 – 2 kHz, one group 

with wood frog calls in them (signal + noise) and the other without wood frog calls (noise 

only). I measured the dB level and subtracted the mean of the noise only dB 

measurements from the mean of the signal + noise dB measurements to estimate the 

signal to noise ratio (Table 5-1). As these samples were obtained retrospectively, I was 

not able to calibrate the receive levels of the units at the time the recordings were made, 

and obtain calibrated signal to noise ratios. Given this, little confidence can be placed on 

the actual values but, as differences between signal and noise within a file represent true 

“relative” differences, the signal-to-noise ratio represents a relative index, rather than an 

absolute one. I used the mean conditional precision and conditional sensitivity from these 

recordings in the dataset to evaluate recognizer performance. Air temperature data was 

collected using either the internal automated thermometer of the SM2 units, or by the 

appropriate Environment Canada weather station (CFB Gagetown or Fundy National 

Park). 

After each recognizer was built and the training file set scanned, two people 

manually reviewed all the matches. A subset of the recordings was reviewed by both 

people so that observer error could be estimated. The observer error rate was estimated to 

be 0.1%. I used the coefficient of variation (CV = standard deviation/mean) of the 

conditional precision and conditional sensitivity to evaluate changes in the variables 
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settings. The size of the CV is positively related to the sensitivity of recognizer metrics to 

changes in the variable setting. 

Due to the multiple, almost identical, syllables in wood frog vocalizations, some 

variable settings resulted in conditional sensitivity values exceeding one, indicating that 

the recognizers were making multiple “true positive” matches by matching multiple 

syllables in a single true call. Using these high sensitivity values to select variables would 

change the focus of the recognizer to syllables, rather than calls. However, some true 

wood frog calls are single syllable calls so there is no single “correct” call type to model. 

To attempt to penalize these variable settings for making excess true matches, instead of 

concluding these multi-syllable matches were false positives (which technically they are 

not) I randomly sampled N true positive matches without replacement, where N equals 

the number of real calls in the recording, and recalculated the precision and sensitivity 

using a subset of the true positives. For example, if there were 1000 true calls but 1500 

true positives (i.e., the recognizer matched the 2 different syllables in 500 true calls), I 

sampled N = 1000 of the true positives matches, forcing sensitivity between zero and one. 

I repeated this 1000 times for each recording and used the mean of these randomizations 

as the conditional precision and conditional sensitivity values for the variable setting 

selection process. 

The two criteria (conditional precision and conditional sensitivity) used to 

evaluate recognizers are directly linked to Type I and II errors (Type I error rate = 1-

precision and Type II error rate = 1- sensitivity) and thus, are often inversely related. Due 

to this relationship, there is no single “best” recognizer, the choice of whether to 

minimize Type I or II errors should depend on the objectives of the monitoring program. 



171 

 

To assess how assumptions about the relative costs of Type I and II errors affected 

recognizer optimization, I evaluated overall recognizer performance using a weighted 

average linked to the relative cost of the errors. The weights for Type I and II errors were 

varied to simulate different monitoring objectives. The variable settings with the lowest 

weighted average error rate were then selected as the optimal setting for that recognizer. 

Value judgments are inherent in deciding relative costs but by objectively and explicitly 

stating the goals of the monitoring project and linking those goals to the weights placed 

on the different recognizer parameters it is possible to increase both transparency and 

repeatability. Three final recognizers were created based on varied error weights (equal 

weight for Type I and II errors, weight of Type I errors 5x greater than Type II, and the 

weight of Type II errors 5x greater than Type I) and the training dataset was then 

reassessed to examine final model performance. For comparison, I also assessed a 

recognizer model that was developed by the more conventional trial-and-error approach 

where the best variable settings were chosen based on the training data used in the model. 

I termed this the “original” recognizer. The effort invested in evaluating all the variable 

settings was substantial and I wanted to compare a labor-intensive approach with a ‘quick 

and dirty’ approach (i.e., the “original” recognizer) to see if the extra effort was 

warranted. I report mean error rates and bootstrapped 95% confidence intervals of the 

means. 

All data analyses were done in R.3.1.3 (R Core Team 2015). The area under the 

receiver operating characteristic curve (AUROCC) was determined using the pROC 

package (Robin et al., 2011). Bootstrapped confidence intervals (Bias-corrected and 
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accelerated) were calculated using the boot package (Canty and Ripley, 2015). Plots were 

created using ggplot2 (Wickham, 2009). 

 

Evaluating Recognizer Performance 

The primary goal in using recognizers is to accurately identify vocalizations at 

new sites and times. The acoustic characteristics of anuran calls have been shown to vary 

within a species among years (Wagner and Sullivan, 1995) and systematically among 

populations (Wycherley et al., 2002). In addition, it is of interest to know how well a 

recognizer created in one place/time performs at others and to know if centralized 

automated monitoring programs are feasible. I compared the three recognizers built in 

part 2 above and optimized on independent training data with a recognizer built using the 

more conventional approach of maximizing the fit to the training data used for calls in the 

model. To explore how the performance of these four recognizers varied, I used them on 

four additional datasets not used in recognizer creation (Table 5-1). I used the score 

thresholds determined from the training data to make the predictions. The four datasets 

were created by randomly choosing files (A) from sites used either to collect training data 

or to select variable settings but from a different year, (B) from sites not used for training 

data or variable setting selection but from within the study area and from the same year, 

(C) from different sites and years than used for the training data or variable setting 

selection but from within the study area, and (D) from sites outside the study area (US 

states Connecticut, Massachusetts, Michigan, and New York) and from a different year. 

The recordings from the US were made in the spring of 2015 using the same equipment, 
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settings, and field deployment procedures as used in the sites in New Brunswick, Canada 

in previous years. 

 

5.4 Results 

Increasing Training Data 

To evaluate the three different ways of increasing training data, a total of 385452 

recognizer matches were manually verified. Overall, irrespective of the source, increasing 

annotations from a minimum of four vocalizations (one call from each of 4 recordings at 

the same site) to a maximum of 4080 (10.3 calls from 13.5 recordings at 28 sites) resulted 

in only small improvements to the mean conditional precision and conditional sensitivity 

(Figure 5-3). The fitted values from the full model for conditional precision increased 

from 0.817 with four calls used for training data to 0.839 with 4080 calls (i.e., increasing 

the number of training calls by three orders of magnitude improved the precision of the 

recognizer by ~ 2 %). The fitted values from the full model for conditional sensitivity 

increased from 0.435 with 4 calls for training data to 0.479 with 4080 calls (similarly, the 

sensitivity increased by ~ 3 %). 

However, the effects of increasing the quantity of within-recording training data 

(Figure 5-4), increasing among-recording training data (Figure 5-5), and increasing 

among-site training data (Figure 5-6) were different. Increasing training data among-sites 

and within-recordings had a positive effect on conditional precision (Table 5-3 A). For 

conditional sensitivity, only the number of sites had a positive effect (Table 5-3 B). The 

effect of among-recording variation on both conditional precision and conditional 
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sensitivity was negative, but the 95% confidence interval overlapped zero. The model 

including only among-site variation in training calls had the most support for both 

conditional precision and conditional sensitivity, but unexpectedly the full model, 

including within-recording, among-recording and among site variation training calls had 

almost as much support for conditional precision (Table 5-2). The beta distributions were 

examined separately and had the following alpha and beta parameters for conditional 

precision, α = 8.63, β = 1.73, and conditional sensitivity, α = 3.50, β = 4.10. 

The small difference in AICc and Log Likelihood values between the top models 

for conditional precision indicates that among-site variability is driving the relationship, 

but there was a minor role for additional training data from within-recordings. For 

conditional sensitivity, the effect of among-site training data was clear as seen by the 

change in AIC between the top models. In summary, the most efficient way to increase 

recognizer performance was to include vocalizations from more sites in the recognizer 

model, but even this effect was weak. 

 

Variable Sensitivity Analysis 

All nine variables affected the performance of the recognizers but their effects 

differed (see appendix 5.1 for variable definitions). The conditional precision of the 

recognizer was most sensitive (CV equal to or greater than 0.1) to changes in Fast Fourier 

Transform (FFT) size (CV = 0.3, increases in FFT size led to increases in precision), 

dynamic range (CV = 0.215, increases in dynamic range led to decreases in precision), 

and resolution (CV = 0.121, increases in resolution leading to decreases in precision). 

The conditional sensitivity was affected most by changes in maximum syllable gap (CV 
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= 0.526, increases in maximum syllable gap led to decreases in sensitivity), FFT size (CV 

= 0.419, increases in FFT size led to decreases in sensitivity), dynamic range (CV = 

0.287, increases in dynamic range led to decreases in sensitivity), and maximum song 

length (CV = 0.104, increases in maximum song length led to increases in sensitivity) 

(see appendix 5.3 for figures showing the effects of changes to the variable setting on 

conditional precision and sensitivity). Figure 5-7 shows rank-sensitivity curves of the 

variables against the CV of the conditional precision and conditional sensitivity. Overall, 

conditional sensitivity was more affected (mean CV = 0.179) by changes in variable 

settings than conditional precision (mean CV = 0.133). 

Final recognizers performed according to the weights placed on the errors when 

the training dataset was reassessed but there was considerable overlap in confidence 

intervals (Figures 5-8 and 5-9).  The Type I recognizer had the highest mean precision of 

0.87 (CI 0.5 – 1) closely followed by the balanced recognizer at 0.85 (CI 0.46 – 0.98). 

The Type II recognizer had the highest sensitivity (mean 1.54, CI 1.35 – 1.74) and, 

despite my efforts to impose a penalty for this at the setting selection stage, it 

overestimated the number of real calls by making separate hits on different syllables of 

the same call (i.e., I did not “correct” the results of the recognizer to reduce the sensitivity 

to below 1, I attempted to prevent this from occurring at the variable selection stage but 

failed). The ranks of the recognizer models for conditional sensitivity indicate that 

selecting variable settings empirically can lead to reductions in the Type II errors beyond 

that of using a trial-and-error approach on the training data. This was not the case for 

conditional precision. 
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Evaluating Recognizer Performance 

Precision (i.e., reduced Type I errors) varied across the test datasets A-D but 

showed only small differences among recognizers (Figure 5-8). Not surprisingly, the 

recognizer designed to maximize sensitivity (i.e., reduce Type II errors) had the highest 

sensitivity across all four datasets (Figure 5-9). Confidence intervals extending well 

above 1 again show the propensity of the recognizer to overestimate calls is not limited to 

the training data. There was little consistency in recognizer performance across datasets 

and mean error rates were generally higher when recognizers were applied to new data. 

The errors were not related in any obvious way to the differences in sites and times 

between the training set and test datasets. In fact, the highest precision occurred at the 

sites furthest away from the sites where the recognizer was developed (data set D, Figure 

5-8). 

 

5.5 Discussion 

My objective was to improve the utility of sound recognition tools for surveying 

vocalizing anurans and to demonstrate the application of empirical methods to construct 

and characterize error of recognizers used in semi-automated analysis of recorded 

bioacoustic data using wood frog calls as a model. The need to monitor biological 

diversity at large spatial and temporal scales is becoming increasingly important to 

understand the effects of anthropogenic environmental changes (Yoccoz et al., 2001). 

While citizen science (Weir et al., 2009) and manual surveys by professional biologists 

are widely used, ARDs and semi-automated methods of data processing are rapidly 



177 

 

becoming standards for broad spectrum biodiversity monitoring programs. Such 

automated platforms as ARDs and sound recognition software could help to meet new 

monitoring challenges if sufficient progress can be made in developing precise and 

sensitive recognition models. I examined three critical components in sound recognition 

(training data, variable setting selection, and prediction to new data) and this provides 

guidance for the future use of recognizers for monitoring projects in general. The specific 

findings (i.e., the settings) for optimized wood frogs recognizers are unlikely to apply to 

other species but the process can be generalized and used to build optimal recognizers for 

other species. 

 

Increasing Training Data 

I found that increasing training data resulted in only slight improvements to 

recognizer performance. The most rapid increases in performance were achieved by 

adding training data from different sites. Adding calls from additional sites into the model 

could have resulted in small improvements in performance in two ways. First, adding 

additional sites to the model, especially when the recordings are from the same breeding 

season (i.e., same year) could help capture variation in wood frog vocalization 

characteristics by including more unique individuals. The male anuran vocalization 

contains signals to conspecific females and males that are indicators of competitive 

ability and fitness, such as size (Giacoma et al., 1997; Howard and Young, 1998) and 

survivorship (Forsman et al., 2006), and are subject to sexual selection. In many anuran 

families, such as ranids (Bee et al., 2000) and bufonids (Zweifel, 1968) the dominant 

frequency of the call is negatively related to the size of the male. Although data on wood 
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frogs specifically are unavailable, it is quite probable that size and age add variability to 

call characteristics and that training data from different sites could capture more of that 

variability. Collecting training data from recordings made repeatedly at the same site and 

calls from within the same recording is increasingly likely to resample the same 

individuals and therefore have fewer unique individuals represented in the model. This 

could then overfit the model to the idiosyncrasies of a subset of the variation in wood 

frog calls and result in poor performance on recognition of calls from individuals not 

used to build the model (Ginzburg and Jensen, 2004; Radosavljevic and Anderson, 2014) 

and increase both Type I and II errors. Second, by including additional sites in the model, 

I included calls that were recorded under different environmental conditions and this 

could have a positive effect on the ability of the recognizer to work well in a broader 

range of conditions (Clement et al., 2014). Some conditions such as wind and rain likely 

vary as much among recordings as among sites. Other conditions such as the recording 

unit, the distance of the recorder to the vocalizing individuals, the amount and type of 

vegetation surrounding and in the wetland, and the amount of anthropogenic sound 

probably show less variation among recordings than among sites. The overlap of the 

breeding seasons of anuran species also presents variability in training data that could be 

heterogeneous among sites; in this region wood frogs and spring peepers in particular 

overlap considerably. While research into the causes of this slight improvement of 

including more sites would be useful, of greater importance is an evaluation of this 

relationship with other species of vocalizing anurans to determine if effect on recognizer 

performance of including calls from many sites is a general rule.  
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Another explanation for additional training calls being of little value is that wood 

frogs have a relatively simple call; the optimal feature vector length in Song Scope was 

four, meaning the call could be described with four features. More complex anuran, bird, 

and mammal calls would require more features and could require additional training data 

to model well. Future research into the relationship between call complexity, variability 

within and between individuals, and optimal quantities of training data would provide 

additional insight and guidance for new monitoring programs. 

 

Variable Sensitivity Analysis 

The objective with the variable sensitivity analysis was to evaluate a method of 

choosing recognizer variable settings that was reproducible and considers Type I and 

Type II errors. By having an independent set of recordings upon which to evaluate the 

different models, I was able to reduce the mean Type I and II errors below that of a 

recognizer that was created using the trial and error approach of maximizing fit to the 

training data.  

Maximum syllable gap had more influence on sensitivity than any other variable. 

In the Type II error recognizer this was set at 10 milliseconds. Although this setting was 

the only one that came close to detecting all wood frog calls at a variety of different 

chorus sizes, it resulted in an overestimation of the total number of calls as the recognizer 

made multiple correct hits on different syllables of the same call. This is because wood 

frog calls are made of 1-4 almost identical syllables (Figure 5-1). Any recognizer that 

detects all calls would have to detect the single syllable calls, and thus risk making 

several matches on the multi-syllable calls. The value of accurately counting calls, or put 
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another way, to precisely quantify acoustic activity could be utilized to exploit 

correlations between acoustic activity and abundance (Buxton and Jones, 2012; Borker et 

al., 2014). All three other recognizers had overlapping confidence intervals and the 

original recognizer had the next best sensitivity. Overall, conditional sensitivity changed 

more in response to adjustments to variable settings than did precision. This indicates that 

researchers may have more control over Type II errors than Type I errors through the use 

of alternative variable settings.  

A general limitation with recognizers is the inability to detect overlapping or 

synchronously recorded calls. As the recognizer works by two-dimensional spectrogram 

pattern recognition, calls recorded simultaneously are indistinguishable. Overlapping 

calls can also be hard to distinguish because the pattern of vocalization may be altered. 

As wood frogs are explosive early breeders, they are often observed at high abundances 

and at least some of the breeding season in some habitats can take place before other 

species have begun the vocalize. Although the recordings I used to evaluate recognizers 

contained a gradient in call rates and background noise (the calls of other species as well 

as environmental noise), high abundances and the associated high call rates present 

challenges. For example, because fully overlapping calls cannot be counted separately, 

the ability of the recognizer to count calls as the call rate increases could eventually reach 

an asymptote if the call rate exceeds the average length of the recognizer model divided 

by the recording sample length. Therefore, the utility of the recognizer is likely to vary, 

not only as a function of the spectral properties of the species call, but the intra- and 

interspecific context within which the recordings are made.  
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Other studies with Song Scope and species recognizers have reported “adjusting” 

the settings (Waddle et al., 2009), or did not refer to this part of the recognizer design 

process at all in the methods section (Holmes et al., 2014; Willacy et al., 2015; Brauer et 

al., 2016). Under the assumption that wood frogs are not unique in the sensitivity of 

recognizer performance to variable settings, the field of recognizer development would 

be advanced by researchers describing what the final recognizer setting were (Willacy et 

al., 2015; Brauer et al., 2016) and how they arrived at the final recognizer settings 

(Buxton and Jones, 2012). In an analogous study, Radosavljevic and Anderson (2014) 

evaluated setting choice in Maxent 3.2.1, a software program designed to model species 

distributions based on land cover and environmental variables (Elith et al., 2011). They 

discovered that settings 2-4 times higher than the default setting were required to reduce 

overfitting. In situations such as these where there is no clear intuitive or theoretical way 

to determine appropriate program settings beforehand, experimentally manipulating the 

settings and evaluating the model on new data represent the most likely way of arriving at 

the optimal choice. 

While I am confident the variable sensitivity analysis identified the optimal 

settings for a wood frog recognizer based on my recording set, it is unknown how general 

the results are. Had I used a different set of recordings upon which to evaluate Type I 

errors, I could have arrived at different optimal settings for the Type I error recognizer 

due to differences in background noise. I am also confident that I identified the most 

sensitive variables and even if a different set of recordings was used this list should not 

change. However, it is unlikely that recognizers for other species of anurans with very 

different call structures (i.e., bufonids, hylids, etc.) will follow the same rank of 
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sensitivities and they will certainly require different settings of those variables to 

construct optimal models. I suggest that researchers should use the fundamental process 

presented here to fine tune their recognizers and that they effectively convey their 

findings and archive their recognizer settings together with training and testing data sets 

for potential future use in comparative assessments. 

 

Evaluating Recognizer Performance 

Although transferability is often an implicit objective of ecological models, it is 

the primary goal of automated call recognizers. Reporting Type I and II error rates for the 

recordings used to build the recognizer is not a sufficient assessment of the recognizer’s 

performance as they are almost certainly overly optimistic. Using overly optimistic error 

rates at new sites/regions can bias the interpretation but the consequences of this bias 

depends on the project question (occupancy, phenology, or call counts) and the degree of 

manual verification of the automated results. The challenge in the lack of transferability 

is seen clearly for Type I errors in this study and others. For example, Clements et al. 

(2014) evaluated 11 bat species classifiers on new data and observed an increase in the 

average Type I error rate from 0.06 to 0.29 and 0.17 to 0.32 depending on which library 

of calls was used to build or test the models. Using my data, I can conclude that the extra 

time and effort involved in using independent data to reduce Type I errors is not 

warranted. In contrast, using independent data to help design recognizers did reduce Type 

II errors on data from different places and/or times when the emphasis during recognizer 

development was on minimizing Type II errors. Over all the test sets, the Type II error 

recognizer had a sensitivity of 0.98 (CI 0.77 – 1.17), compared with all other recognizers 
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at 0.2 – 0.3. These sensitivity values in excess of 1 are a symptom of the multi-syllable 

and variable call structure of the wood frog. While I attempted to penalize variable 

settings that resulted in sensitivity values greater than 1 at the setting selection stage, I did 

not alter the results of the evaluation of the recognizer on the training or test datasets to 

constrain the values below 1.  

What causes this lack of transferability in Type I error rate but the reasonable 

transferability of Type II error rates is not clear. The signal-to-noise ratio of the training 

set was high when compared with the other sets, which indicates better quality recordings 

in the training set. Also, the background noise of the training data was lower and more 

variable than the recordings from different places and/or times. It is possible that the 

optimal variable settings to reduce Type I errors will depend on local sound conditions. 

On the other hand, choosing settings to reduce Type II errors does not need to consider 

idiosyncratic background noise in the training set, only the detectability of the call itself. 

If the call varies little across space and time, then I would expect less variability in the 

sensitivity of the recognizer (1-Type II error rate). There was no clear relationship 

between distance and time from where the model was developed and where it was used, 

indicating that variability in recognizer performance is likely a consequence of 

environmental recording conditions (Buxton and Jones, 2012) which could certainly vary 

over small spatial scales, rather than variability in wood frog calls per se, which likely 

only vary over relatively larger spatial scales. 

Other factors could affect the transferability of the recognizer. Clement et al. 

(2014) point out the potential for selection bias to occur when high quality calls are 

manually selected for inclusion into a bat call recognition model. I randomly selected 
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sites and recordings from which to extract individual calls, but I did not choose individual 

calls randomly. I selected individual calls that had strong signals relative to the 

background noise and deliberately excluded weak and acoustically contaminated calls. 

The consequences of this biased selection process could be the development of 

recognizers that only detect high quality calls. However, if this were true I would not 

expect the recognizer designed to avoid Type II errors to have such good performance 

under a variety of conditions. Future research should investigate whether recognizers 

constructed from vocalizations from a wide variety of recording conditions perform 

better than recognizers constructed from high quality vocalizations. 

In summary, this data supports the conclusions of Clement et al. (2014) that 

recognizers trained at one place and/or time will rarely be as effective in avoiding Type I 

errors when used at other places and/or times. However, models designed to reduce Type 

II error rates were almost as effective at different places and/or times. Researchers 

should, at minimum, hold some recordings back from use in recognizer creation for use 

in validation to guard against extreme overfitting (Guthery et al., 2005) and obtain 

estimates of sensitivity/Type II error rates. The type of data held back for validation 

should be relevant to the objectives of the monitoring program and include sites and 

times that are of appropriate scales (temporal or geographic) to be a genuine test of out-

of-sample predictive performance. 

 

Recommendations for Recognizer Creation 

These results provide a preliminary framework and some recommendations that 

researchers can use to develop recognizers for wood frogs specifically and, more 
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generally, how this approach might be used for other species. To summarize the main 

findings, I found variable settings to be far more important than training data in creating 

recognizers to meet their objectives. Adding training data from more sites seems to be the 

most effective way to increase recognizer performance, but again, this effect was small 

when compared to investment in evaluating different variable settings. I showed that 

considering what recognizer error rates are important and selecting variable settings to 

match these goals can reduce the rate of false negatives but not the false positive rate. 

Overall, I believe Type I errors are a function of the environmental recording conditions 

and largely, but not entirely, outside the control of the researcher, whereas Type II errors 

can be reduced or even eliminated with effort into selecting appropriate variable settings. 

Extrapolation of Type I error rates for recognizers built on training data from one place 

and/or time to other places and/or times is probably unjustified under most 

circumstances. 

 

Future Research in Automated Bioacoustic Monitoring 

Bioacoustics research is advancing rapidly as improvements to hardware and 

software are made. Species recognition models represent one of several ways of 

obtaining information about occupancy, phenology, and relative abundance of a species 

or species richness at a site. The use of other metrics such as the acoustic complexity 

index (Pieretti et al., 2011; Towsey et al., 2014), acoustic richness and dissimilarity index 

(Depraetere et al., 2012) offer different approaches to the same problem, as do many 

other machine learning methods (e.g., Gingras and Fitch, 2013). The recent recognition 

of the problems caused by false positive detections and development of occupancy 
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models that incorporate false positives as well as false negatives (McClintock et al., 

2010; Miller et al., 2011) provides a solid link between data collected and analyzed using 

an automated acoustic platform and occupancy models where uncertainty in parameter 

estimates can be quantified (Bailey et al., 2014). Approaches that compare the quality of 

methods for obtaining data from recordings are needed to bridge this gap. Finally, these 

recommendations arise from work done exclusively on wood frogs and a similar 

approach should be used on other taxa that are being monitored using automated sound 

detection to assess how general the conclusions are. 
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Table 5 – 1: List of the characteristics of the training and test data sets used in recognizer 

evaluation. Values reported in the table are means from the recordings within the training 

and testing dataset. SNR is signal-to-noise ratio. Each dataset is comprised of eight five-

minute recordings; all recording sets have five recordings with frog calls, and three 

without. TRAIN, A, B, and C sites are all from southern New Brunswick. Test set A used 

the same sites to build the recognizer and select the variable settings but from a different 

year. Test set B has different sites but from the same year. Test set C is from different 

sites and a different year. Test set D contains recordings from outside the study area in 

the USA recorded in 2015, specifically the states Connecticut, Massachusetts, Michigan, 

and New York. 

 

Dataset Sites Year N calls 
SNR 

(dB) 

Noise 

(dB) 

Noise 

SD (dB) 

Air Temp 

(°C) 

TRAIN 
1,2,3,12, 

14,29,30,35 
2013 359 13.29 63.06 7.29 9.4 

A 
3,14,24,29, 

30,34,37,50 
2014 725 5.07 69.23 4.18 6.0 

B 
5,19,20,27, 

33,41,46,100 
2013 660 5.83 74.13 2.4 6.8 

C 
6,17,23,28 

38,45,49,52 
2014 181 3.35 77.42 4.86 4.3 

D USA 2015 571 4.93 83.02 4.96 11.6 
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Table 5 – 2: Model selection results for beta regressions with A) conditional precision or 

B) sensitivity as the dependent variable. The total calls model represents the situation 

where increasing training data results in better recognizer performance irrespective of the 

source of the training data. A = among sites and recordings and W = within recordings. 

The model with the lowest AICc value is the most supported model. 

 

A) Conditional Precision  

   

 

  

Model K AICc ∆ AICc 
Model 

Weight 
Log Likelihood 

Pseudo R 

squared 

A/Sites 3 -282.11 0.00 0.51 144.36 0.502 

All sources 5 -282.03 0.08 0.49 146.83 0.554 

Total calls 3 -262.76 19.35 0 134.69 0.224 

W/Recording 3 -257.37 24.74 0 131.99 0.121 

Intercept only 2 -254.11 28.00 0 129.20 - 

A/Recordings 3 -251.80 30.32 0 129.21 >0.001 

 

 
     

 

 
B) Conditional Sensitivity 

   

 

 

Model K AICc ∆ AICc 
Model 

Weight 
Log Likelihood 

Pseudo R 

squared 

A/Sites 3 -189.99 0.00 0.89 98.30 0.262 

All sources 5 -185.48 4.50 0.09 98.55 0.271 

Total calls 3 -179.74 10.25 0.01 93.18 0.063 

Intercept only 2 -179.24 10.75 0 91.77 - 

A/Recording 3 -177.80 12.19 0 92.21 0.020 

W/Recording 3 -177.30 12.69 0 91.96 0.009 
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Table 5 – 3: Beta distributed generalized linear models with A) conditional precision or B) conditional sensitivity as the dependent 

variable. All intercepts, coefficients and standard errors are in their untransformed logit linked state. A = among sites and recordings 

and W = within recordings. The sites model is the model with just among-site variability as the independent variable and the all 

sources model has among-site, among-recording, and within-recording variability as the independent variables. 

 

A) Conditional  Precision     
        

Model Intercept SE A/Sites SE A/Recording SE W/Recording SE 

Sites 1.493 0.02 0.006 0.0008 - - - - 

All sources 1.469 0.03 0.005 0.0008 -0.0004 0.002 0.005 0.002 

 

 

B) Conditional Sensitivity       
         
Model Intercept SE A/Sites SE A/Recording SE W/Recording SE 

Sites -0.271 0.03 0.006 0.001 - - - - 

All sources -0.249 0.05 0.005 0.001 -0.002 0.003 0.001 0.003 
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Figure 5 – 1: Photograph of the study subject, an adult male wood frog (Lithobates 

sylvaticus) (Photo taken by R. Rommel-Crump) and example spectrograms of wood frog 

calls under (A) recording conditions with no background noise, (B) conditions 

challenging for a recognizer model due to synchronous spring peeper (Pseudacris 

crucifer) chorusing and some environmental background noise, and (C) conditions very 

challenging for a recognizer model due the persistent and loud spring peeper chorus.  
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Figure 5 – 2: Confusion matrix showing the 4 possible outcomes of a recognizer match 

on a candidate vocalization. 
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Figure 5 – 3: The effect of increasing the total amount of training data (number of calls) 

on conditional precision (1-Type I error rate, pseudo R2 = 0.2238, untransformed logit 

coefficient 0.00002872 ± SE 0.000008085) and conditional sensitivity (1-Type II error 

rate, pseudo R2= 0.06327, untransformed logit coefficient 0.00002014 ± SE 0.00001182). 
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Figure 5 – 4: The effects of increasing the number of calls from each recording (within-

recording) used to build the recognizer model on conditional precision (1 – Type I error 

rate, pseudo R2 = 0.1212, untransformed logit coefficient 0.007175 ± SE 0.002922) and 

conditional sensitivity (1 – Type II error rate, pseudo R2 = 0.008546, untransformed logit 

coefficient 0.002538 ± SE 0.004162). 
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Figure 5 – 5: The effects of increasing the number of recording files (among-recording) 

from each site used to build the recognizer model on conditional precision (1 – Type I 

error rate, pseudo R2 > 0.001, untransformed logit coefficient -0.0001286 ± SE 

0.0028096) and conditional sensitivity (1 – Type II error rate, pseudo R2= 0.02011, 

untransformed logit coefficient -0.003491 ± SE 0.003712). 
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Figure 5 – 6: The effects of increasing the number of sites (among-site) used to build the 

recognizer model on conditional precision (1 – Type I error rate, pseudo R2= 0.5012, 

untransformed logit coefficient 0.0057268 ± SE 0.0008514) and conditional sensitivity (1 

– Type II error rate, pseudo R2 = 0.2623, untransformed logit coefficient 0.005522 ± SE 

0.001418). 
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Figure 5 – 7: The rank-sensitivity of the conditional precision (red solid line) and 

sensitivity (blue dashed line) of the nine wood frog (Lithobates sylvaticus) recognizer 

variables plotted in order of descending coefficient of variation (CV) values for 

conditional precision. 
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Figure 5 – 8: The mean (open circles) and bootstrapped 95% confidence intervals (error 

bars) of precision (1 - Type I error rate) for the 4 final wood frog (Lithobates sylvaticus) 

recognizer models. The balanced recognizer is the recognizer where Type I and II errors 

are weighted equally, Type II is the recognizer designed to minimize Type II errors, Type 

I is the recognizer designed to minimize Type I errors, and original is the recognizer 

designed using the trial and error approach. The “Train” dataset is the recordings used to 

select the variable settings. Test set A used the same sites to build the recognizer and 

select the variable settings but from a different year. Test set B has different sites but 

from the same year. Test set C is from different sites and a different year. Test set D 

contains recordings from outside the study area in the USA recorded in 2015, specifically 

the states Connecticut, Massachusetts, Michigan, and New York (see Table 5-1). The 

“Total” dataset is the combined data sets A-D. 
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Figure 5 – 9: The mean (open circles) and bootstrapped 95% confidence intervals (error 

bars) of sensitivity (1 - Type II error rate) for the 4 final wood frog (Lithobates 

sylvaticus) recognizer models. The balanced recognizer is the recognizer where Type I 

and II errors are weighted equally, Type II is the recognizer designed to minimize Type II 

errors, Type I is the recognizer designed to minimize Type I errors, and original is the 

recognizer designed using the trial and error approach. The “Train” dataset is the 

recordings used to select the variable settings. Test set A used the same sites to build the 

recognizer and select the variable settings but from a different year. Test set B has 

different sites but from the same year. Test set C is from different sites and a different 

year. Test set D contains recordings from outside the study area in the USA recorded in 

2015, specifically the states Connecticut, Massachusetts, Michigan, and New York (see 

Table 5-1). The “Total” dataset is the combined data sets A-D. 
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CHAPTER 6 

6. Predicting anuran abundance using an automated acoustic approach 
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6.1 Abstract 

Despite the importance of estimating animal abundance, methodological 

limitations often constrain or negate true measures of population abundance and thus our 

ability to understand changes at large spatial scales. Automated acoustic methods, such as 

recording devices and sound recognition models can determine occupancy and phenology 

but have not been utilized to estimate abundance in amphibians. I present a method using 

these tools to estimate the number of breeding female wood frogs (Lithobates sylvaticus) 

based on an automated acoustic framework using the acoustic activity of males. I 

collected egg mass abundance data and recorded acoustic activity at 43 sites in New 

Brunswick, Canada, and 7 sites in the northeast USA in 2015 and 2016. Egg mass 

abundance at a site was best explained by the maximum daily number of calls using both 

an AIC model selection approach and by assessing the predictive ability of models. Wood 

frog call recognizer matches were positively related to true acoustic activity but precision 

and accuracy varied among sites. The number of known males in the pond was best 

explained by mean calls per recording in 2016 but in 2015 no acoustic metric explained 

male abundance better than an intercept-only model. Air temperature was an important 

covariate in 2016. Variation in (1) the quality of the recordings, (2) the timing of 

vocalization activity, and (3) the sex ratios between sites and years combine to increase 

the error in abundance estimates. I encourage additional trials of acoustic estimates of 

abundance, especially where estimates of abundance are already made using other 

methods. 
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6.2 Introduction 

 The number of individuals of a species in a given area is of fundamental interest 

in many areas of ecology and conservation biology. Estimates of abundance are used to 

understand, among other things, the effects of variability in environmental conditions 

(McCaffery and Maxell, 2010), the consequences of land use changes (Kurz et al., 2014), 

and the impacts of diseases and/or parasites (Pilliod et al., 2010). Due to the dynamic 

nature of population abundances across space and time, patterns that exceed the range of 

natural variation can often remain obscure. Many taxa exhibit population sizes that 

fluctuate over time as a consequence of their life history (Pellet et al., 2006), and/or 

display spatially variable abundances associated with habitat quality (Homyack and Haas, 

2009). The problem of fluctuating population sizes can be particularly acute in 

amphibians (Marsh, 2001), a vertebrate group facing serious conservation challenges. 

Given the inherent variability in abundance, hypotheses about the drivers of population 

change can only be tested adequately when sufficient, reliable data have been obtained.  

Although abundance is of critical importance in ecological research it is often 

difficult to determine (Schmidt and Pellet, 2010). A rich literature exists on methods to 

estimate abundance. The effectiveness of these methods can vary among species and a 

direct relationship often exists between estimate precision and the effort and/or financial 

investment required (Corn et al., 2000). For example, acoustic surveys for amphibians are 

often employed to obtain estimates of “relative” abundance. Acoustic surveys record the 

species and estimate the chorus size class at a given site within a short sampling time 

frame (Weir et al., 2005). The primary advantage of these methods is that many sites can 

be assessed over a large geographic area, but the precision of the estimate of abundance 
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of any detected species can be low (Stevens and Paszkowski, 2004). At the other end of 

the spectrum are intensive capture-mark-recapture methods, some of the most 

sophisticated of which are the robust design surveys of Bailey et al. (2004). In this 

approach, surveyors capture and uniquely mark (or recapture) individual organisms 

multiple times within a year (e.g., repeatedly within a breeding season), as well as capture 

or recapture individuals among years (e.g., repeatedly between breeding seasons). This 

provides robust estimates of abundance and all associated parameters such as within and 

among year capture probabilities and survival estimates (Cayuela et al., 2016), but comes 

at a high cost due to the effort required to implement even at a small number of sites. 

 The difficulty in accurately estimating abundance at a site combined with the 

variability observed across space and time restricts our ability to identify species of 

conservation concern. For example, the consensus that amphibian species were declining 

globally was delayed for years by a lack of long-term or large scale datasets (Pechmann 

et al., 1991; Pechmann and Wilbur, 1994; Houlahan et al., 2000; Stuart et al., 2004). To 

overcome these problems, we need an accurate but low cost method to reliably estimate 

abundance across many sites. Previous research has attempted to exploit an intuitive 

correlation between male anuran vocalization activity and the abundance of breeding 

male adults (Shirose et al., 1997; Nelson and Graves, 2004; Stevens and Paszkowski, 

2004; Pellet et al., 2007; Corn et al., 2011; Williams et al., 2013). The automated 

acoustics approach has been used, almost exclusively to determine occupancy (Waddle et 

al., 2009) and phenology (Willacy et al., 2015). Here, I explore the use of a fully 

automated bioacoustics framework, namely automated recording devices and automated 

call recognition software to quantify acoustic activity. My previous experience using 
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these tools for monitoring occupancy of amphibians and birds suggested that, by using 

automated recorders to perform intensive acoustic sampling of wetlands and to count 

calls recorded during that intensive sampling automatically with software, I could 

improve on the current ability of acoustic sampling to monitor population size. This 

approach has recently been used with some success to estimate seabird abundance 

(Buxton and Jones, 2012; Borker et al., 2014) but has not been evaluated in amphibians.  

Previous research on amphibians has focused on correlating vocalization activity with the 

number of breeding individuals at a small number of ponds (Shirose et al., 1997; Pellet et 

al., 2007; Williams et al., 2013), within a small population, (Nelson and Graves, 2004), or 

by using categorical chorus sizes ranks (Stevens and Paszkowski, 2004; Corn et al., 

2011). My goal is to evaluate acoustic metrics across a large number of sites and 

individuals. I performed this research on wood frogs (Lithobates sylvaticus), a common 

and wide ranging North American anuran, that is a model organism used in a variety of 

population and ecological research (Berven, 1990; Relyea, 2002; Sanzo and Hecnar, 

2006; Berven, 2009; Kross and Richter, 2016). Aspects of wood frog biology render it a 

suitable species for this research and a good test case of this concept, namely females lay 

a single egg mass during a short, annual breeding season (Berven, 1988). Therefore, as 

they are highly correlated, it is possible to use egg mass counts as a proxy for female 

abundance (Crouch and Paton, 2000), and explore the relationship between several 

different metrics of vocalization activity and the abundance of egg masses. As anuran 

choruses are dynamic and influenced by environmental conditions, I also examined the 

effect of temperature on this relationship. In order for these acoustic metrics to predict 

abundance, three assumptions need to be evaluated. First, the number of recognizer 



214 

 

matches should be positively related to the number of true recorded calls. Second, the 

number of true recorded calls should be positively associated with the number of males at 

a pond. Finally, the abundance of males should be related to the abundance of females. 

Prior research has shown that female abundance and egg mass abundance is highly 

correlated (Crouch and Paton, 2000). The lack of a relationship between any or all of 

these three assumptions may cause problems in the primary relationship between acoustic 

metrics and egg mass abundance. This paper examines (1) the relationship between 

acoustic metrics and egg mass abundance, (2) how well the acoustic-abundance models 

predict abundance at new sites and times, and (3) the three assumptions at a subset of 

sites. 

 

6.3 Methods 

Field site 

The primary field site is located on Canadian Forces Base Gagetown (CFB 

Gagetown) in New Brunswick, Canada (45°41’N, 66°29’W). I sampled a variety of 

wetland sizes (all less than 100 m in diameter) and hydroperiods in this study while 

targeting wetlands that I knew, based on previous years, support wood frog reproduction. 

Some of the wetlands used in this study had been used before for research on glyphosate 

herbicide impacts on wetland ecosystem structure (Baker et al., 2014; Edge et al., 2014) 

and a general description of the wetlands and the surrounding habitat can be found in 

these references. Previous work has shown that the probability of detecting a wood frog 

call on an automated recorder declines rapidly beyond a distance of 100 m (Mannan et 



215 

 

al., 2014); therefore all recorders were positioned to monitor ponds separated by at least 

100 m.  

 

Logger deployment 

I used Song Meter recorder models SM1, SM2 and SM2+ (Wildlife Acoustics, 

MA, USA) to automatically record wood frog vocalizations from wetlands. The recorders 

were secured to a tree or fence post within 5 m of the edge of the wetland. I deployed 

recorders at 28 sites in 2015 and 43 sites in 2016 at the primary field site in New 

Brunswick. Song meters were also deployed at 1 site in Michigan, 2 sites in New York 

and 4 sites in Connecticut in 2015 and the Michigan site again in 2016. I deployed 

recorders in New Brunswick between the 14th and 27th of April in 2015 and between the 

18th of March and the 6th of April in 2016, and recorders remained installed until May 

18th in 2015 and April 28th in 2016, after wood frog breeding was complete. Recorders 

were deployed between the 4th and 9th of April and on the 15th of March at the US sites in 

2015 and 2016, respectively. Song Meters were programed to record for 5 minutes every 

30 minutes from 1900 h to 0705 h local time (as wood frog calling activity is generally 

greater at night), resulting in twenty-five 5 minute recordings per day. I used a sample 

rate of 16 000 Hz. With the SM2 units, temperature measurements were taken when the 

recordings were made. 

 

Egg mass surveys 

Wetlands in New Brunswick (NB) were monitored regularly for the occurrence of 

the first wood frog egg masses. Once egg masses first appeared I checked the wetlands 
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every 2-4 days. I found it necessary to count egg masses frequently because of predation 

by overwintering green frog (Lithobates clamitans) larvae. Counts were performed by 

one or two experienced individuals. When counts were done by a single individual, the 

count was repeated until the number was consistent between two consecutive surveys. 

When there were two individuals counting egg masses, surveys were repeated until 

agreement was reached. Most sites were isolated wetlands separated from others by more 

than 100 m but there were 11 and 15 wetland complexes (i.e., wetlands made up of more 

than one water body in close proximity to each other) in 2015 and 2016 respectively, 

which were treated as a single wetland. At the sites in New York and Connecticut, egg 

masses were counted at the end of the breeding period and in Michigan the number of 

females was counted directly (Crouch and Paton, 2000). 

 

Counting calls 

As part of an ongoing population study, the recording site in Michigan is drift 

fenced and equipped with pit fall traps, allowing for virtually complete capture of the 

local wood frog breeding population. In both 2015 and 2016, wood frogs were counted as 

they entered the wetland, enabling me to make recordings of vocalizations from a known 

number of frogs. The recording schedule was the same as all other sites. To determine the 

number of calls in each five-minute recording I listened to the entire recording and 

counted the calls or, if the calls were too frequent to count accurately, I sub-sampled 10 

randomly chosen (using a random number generator in Microsoft Excel) one-second 

segments and used the average to extrapolate to the number of calls in the entire five-

minute recording. This allowed me to examine (1) the relationship between the number of 
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males and the number of calls and (2) the relationship between the number of true calls 

and the number of recognizer ‘hits’. I also chose one New Brunswick site to estimate the 

true number of calls in 2015 and 2016 so that we could also examine the relationship 

between the number of true calls and the number of ‘hits’ for NB sites. Unlike the 

Michigan site, I was unable to examine the relationship between the number of males and 

the number of calls because the males were not censused. 

 

Recognizer scan 

In order to extract the independent variables for the acoustic-abundance models, I 

used an automated recognition model in Song Scope 4.1.3A (Wildlife Acoustics, MA, 

USA). Call recognizers are a model of a vocalization created from examples of the call of 

interest (i.e., training data). All of the recordings were analyzed by a recognizer designed 

to minimize false negatives (missed calls or Type II errors) and a detailed methodology 

of recognizer development and validation can be found in chapter 5. Technical specifics 

of the algorithm can be found in Agranat (2009). 

I manually checked the recordings from each site for each date to determine the 

number of nights on which wood frogs were vocalizing by visually reviewing the 

spectrograms. I concluded that wood frogs were active any given night when at least one 

vocalization was detected; a “night” is defined as the period of time between 1900 and 

0700 hours.  

 

Acoustic-abundance models 
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I evaluated seven different “acoustic metrics” of call frequency as predictors of 

egg mass abundance - 1) duration of the breeding season – the number of nights that 

wood frogs were calling at a given site, 2) raw total matches – the total number of 

recognizer matches at a given site (restricted to the period when wood frogs were 

calling), 3) raw mean hits  – the total number of recognizer matches at a given site 

divided by the number of calling nights, 4) raw max hits – the number of recognizer 

matches on the night with the highest number of recognizer matches, 5) corrected total 

matches - the total number of recognizer matches at a given site corrected for the 

estimated proportion of false positives (i.e., hits x 1-Type I error rate for that site), 6) 

corrected mean hits - the total number of recognizer matches at a given site divided by 

the number of calling nights corrected for the estimated proportion of false positives, and 

7) corrected max hits - the number of recognizer matches on the night with the highest 

number of recognizer matches corrected for the estimated proportion of false positives. 

To correct for false positives, I randomly selected and checked 200 recognizer matches 

from each site to determine the proportion of hits that were real calls. I also explored how 

temperature influenced acoustic metrics but because not all Song Meters recorded 

ambient air temperature I used a subset of 15 sites in NB from 2015 and 29 sites from NB 

in 2016. All seven US sites recorded temperature. 

I used the statistical program R 3.2.4 (R Core Team, 2016) for all analyses. I built 

univariate negative binomial generalized linear models (with a log link) using the R 

package MASS (Venables and Ripley, 2002) for each of the seven independent variables, 

plus an intercept-only model, with the number of egg masses as the dependent variable to 

examine which acoustic metric was the best predictor. I used AICc to rank and select the 
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best models, using R packages AICcmodavg (Mazerolle, 2015) and piecewiseSEM 

(Lefcheck, 2015). However, because the goal was to determine the utility of these 

acoustic-abundance models, I also partitioned the data into different groups of training 

and testing sets in order to make quantitative predictions to new data not used to build the 

models. Here, I was interested in two different questions - 1) can acoustic-abundance 

models from NB predict abundance outside the study area and 2) can models from one 

year in NB predict the next/previous year? To address the first question, I made models 

from the 2015 NB data and predicted egg mass abundance at the seven 2015 US sites. To 

evaluate air temperature effects, I followed up by repeating the analysis using only the 

subset of sites with temperature data in NB. To evaluate the second question, I performed 

reciprocal predictions by building models from the 2015 NB data and made predictions to 

2016 and vice versa. In the first analysis, I used sites where I had data from both 2015 

and 2016 (n=28). This allowed me to examine the difference between years, but control 

for differences between sites. To evaluate the effect of temperature on the model, I 

performed a second analysis where I used all sites with temperature data from 2015 

(n=15) and all sites with temperature data from 2016 (n=29), with no regard for keeping 

the sites consistent between years. Only seven sites had air temperature data for both 

years. I used the root mean squared error (RMSE) to quantify the predictions among 

different models for both questions, including an intercept-only model, which uses the 

mean of the training set to make predictions to the test set, to which I compared all the 

predictions of the others. All data used to create these models and evaluate predictions 

are in appendices 6.1, 6.2, and 6.3. 
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Recognizer matches and call counts 

As my primary interest was to determine if information about the quantity of true 

calls in the file can be determined from the quantity of recognizer matches, I performed 

simple linear regressions for each of the four datasets (i.e., Michigan 2015/2016 and NB 

2015/2016) using the number of recognizer matches as the independent variable and the 

estimate of the number of true calls as the dependent variable. 

 

Males and call counts 

I examined the relationship between the number of males and call counts at one 

site in Michigan in both years. I summarized the call data for each night into mean, max, 

and total calls, including mean air temperature, and examined seven different models for 

each year - (1) the number of calls in the five-minute recording with the maximum 

number of calls each night, (2) mean number of calls per night, (3) total number of calls 

per night, (4) maximum calls each night and mean temperature, (5) mean number of calls 

per night and mean temperature, (6) total number of calls per night and mean 

temperature, and (7) intercept-only. A priori, I hypothesized that air temperature and the 

number of females present could affect the relationship between the number of males and 

the calls produced. Previous literature has shown that the number of males and the 

number of females are highly correlated (Crouch and Paton, 2000) and I considered the 

correlation between male and female abundance in the analysis. I used AICc to determine 

the best model(s) from the candidate set. Because these data were collected sequentially 

over time, and there were multiple days with the same quantity of males in the pond the 

potential for temporal autocorrelation exists. I followed the general approach of Zuur et 
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al. (2009) and used generalized least squares to examine a model with each acoustic 

metric individually with air temperatures and 1) no residual autocorrelation structure, 2) a 

compound symmetry structure, or 3) an autoregressive order 1 (AR-1) structure. I used 

AIC to determine the most parsimonious residual correlation structure and used this 

structure during model selection. 

 

6.4 Results 

Acoustic-abundance models 

In 2015 in NB, wood frogs were first detected calling at sites between the 18th and 

28th of April. Nineteen sites had wood frog calls on the first night of recordings, meaning 

that I could have missed the start of the breeding season. Based on the dates of first 

calling at other sites in the area, I could have missed between 0 and 10 nights of 

recordings. For unknown reasons, three recorders failed after 6, 10, and 10 days of 

recording. In 2016 in NB, wood frogs were first detected calling at sites between the 4th 

and 16th of April. Only four sites had wood frog calls on the first night of recordings and 

again, based on the dates of first calling at other sites in the area, I could have missed 

between 0 and 2 nights of recordings. Three recorders also failed for unknown reasons 

after 12, 12, and 14 days. I included all early and late truncated sites in the analysis. 

Overall, the acoustic metric that best explained egg mass abundance was raw 

maximum hits (Table 6-1). The R2 for this model was 0.41 and the coefficient for raw 

maximum hits was 0.000127 ± 0.00001484 SE (untransformed log linked). Although the 

RMSE’s, calculated by using the fitted and observed values, showed very small 
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differences among models, there was no AICc model selection uncertainty with the 

maximum raw hits model having 100% of the model weight (Table 6-1). When I 

examined the subset of sites that had temperature data (2015 n = 15, 2016 n = 29), raw 

maximum hits and temperature best explained egg mass abundance (Table 6-2). The R2 

for this model was 0.51 and the coefficients for raw maximum hits (0.0001340 ± 

0.0000168 SE) and temperature (0.1737462 ± 0.0476264 SE) were both positive. 

 

NB models and predictions to US sites 

The model that best explained egg mass abundance for just the 2015 NB data was 

the corrected mean hits model (Table 6-3). The R2 for this model was 0.47 and the 

coefficient for corrected mean hits was 0.000224 ± 0.00003852 SE (untransformed log 

linked). However, results of the predictions from all NB models to the 2015 US data 

showed the raw maximum hits model had the best predictive ability (i.e., the lowest 

RMSE of 313.02) despite not being identified as the best model for the NB 2015 data. 

Most predictions to the US data using other call indices (e.g., mean number of hits) were 

marginally worse than predictions from the intercept-only model, whereas the raw 

maximum hits model was a ~10% improvement (Table 6-3). Using the subset of sites 

where I had temperature data resulted in different model rankings. The corrected 

maximum hits and temperature model best explained egg mass abundance (Table 6-4). 

Predictions to the 2015 US data showed only minor differences among models with the 

duration of the breeding season + temperature having the lowest RMSE (344.20) and 

most models had improved RMSE’s over the intercept-only model but worse predictions 

than using the larger number of sites without temperature data.  
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NB 2015 / NB 2016 models and predictions 

The model that best explained egg mass abundance in the 2015 NB data when I 

used the same sites in each year’s dataset was the corrected mean hits model (Figure 6-1; 

Table 6-3). The R2 for this model was 0.47 and the coefficient for corrected mean hits 

was 0.000224 ± 0.00003852 SE (untransformed log linked). The predictions from the 

2015 NB models on the 2016 NB data showed the raw maximum hits model had the 

lowest RMSE (63.14), a 31% improvement over the intercept-only model. Most other 

model RMSE’s were very similar to the intercept-only model. Corrected maximum hits 

best explained egg mass abundance for the 2016 NB data. The R2 for this model was 0.4 

and the coefficient for corrected maximum hits was 0.0001178 ± 0.00002318 SE 

(untransformed log linked). Results of the predictions on the 2015 NB data showed, once 

again, that raw max hits had the lowest RMSE (19.40) an improvement of 63% over the 

intercept-only model. Using the subset of sites where I had temperature data again 

resulted in different model rankings. The model that best explained egg mass abundance 

for the 2015 NB data subset was corrected maximum hits + temperature (Table 6-4). The 

predictions of these models on the 2016 NB data showed no model considerably 

improved on the RMSE of the intercept-only model - the best model was the corrected 

total hits model with an improvement of only 2%. The corrected total hits + temperature 

model best explained egg mass abundance in the 2016 NB data. The predictions from 

these models to 2015 showed again that the raw max hits model had the lowest RMSE 

(16.31) and improvement of 69% over the intercept-only model and an improvement over 

the RMSE of the raw max hits model based on the using all the data from 2016. Overall, 
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the best model predictions were from 2016 to 2015 and they predicted the number of egg 

masses within ±16-19 based off of the raw (uncorrected) total number of recognizer 

matches. 

 

Recognizer matches and call counts 

All four datasets showed a positive relationship between the number of recognizer 

matches and the estimated number of true wood frog calls (Figure 6-2). Regression 

coefficients varied between 0.252 and 0.884 and none of the confidence intervals 

overlapped zero. These coefficients show the relationship between calls and matches is 

below 1:1 meaning that, on average, the number of matches exceeds the number of calls. 

The coefficient of determination (R2) varied between 0.508 and 0.882 depending on the 

site (Michigan, US and New Brunswick, Canada). Overall, based on the regression 

coefficients, the automated method of quantifying vocalization activity is predictive of 

the observed vocalization activity, however, based on R2, the precision varied among 

sites. 

 

Males and call counts 

In 2015, at the drift fenced site in Michigan, the recorder was deployed four days 

after the first male frogs had moved into the pond (when 561 frogs were already in the 

pond). In 2016 it was deployed on the first night of breeding activity (when 114 had 

entered). The recorder failed on one day in 2016 in the middle of the breeding season (the 

25th of March). In 2015, a total of 1380 males and 345 females were counted as having 

entered into the pond. In 2016, 1679 males and 334 females were counted. The timing of 



225 

 

frog entry into the ponds, likely due to differences in temperature between years, was 

different (Figure 6-3). Additionally, there were differences in acoustic metrics between 

2015 and 2016 (Table 6-5). Due to these differences I examined the two years separately. 

There was a high correlation between the number of males and females in the 

pond among nights (r = 0.95 in 2015 and r = 0.97 in 2016), therefore I excluded females 

from models to avoid collinearity. Using AICc I found that an autoregressive residual 

correlation structure (AR-1) was the most appropriate. The average correlation between 

sequential residuals for all models in 2015 was 0.581 and in 2016 was 0.589. 

In 2015, no acoustic metric (mean, max or total) explained the variation in the 

number of males better than the intercept-only model (Table 6-6) but a small amount of 

model weight was spread between all metrics. In 2016, the model with mean calls per day 

and temperature best explained the number of males. The R2 of this top model was 0.69 

with increasing mean calls having a positive effect (0.5079 ± 0.1687 SE) and increasing 

temperature having a negative effect (-49.6819 ± 20.5371 SE) on the estimate of the 

number of males. 

 

6.5 Discussion 

Previous research on acoustic metrics and abundance in vocalizing anurans has 

generally uncovered a positive but weak relationship. Here I explored several different 

metrics and explicitly tested the predictive performance of these models on new data 

from different places and times. I found that the maximum number of calls could be used 

to estimate egg mass abundance in wood frogs and that these models were more 
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transferable between years than between sites. The key problems were that (1) the ability 

of the recognizer to accurately capture the number of calls varied between sites, (2) the 

number of calls at a site did not consistently reflect the number of males at the site, and 

(3) although I only had data from two years, the number of males varied while the 

number of females, and thus egg masses, remained about the same. Although all three of 

these assumptions were violated to some extent, the best models did predict egg mass 

abundance at new times with an average error of 16-19 egg masses per site. This 

represents an average relative prediction error of 59-70% with differences between years 

resulting in under-, and over-estimates of the models. 

For all analyses, the top AIC ranked model was not the model that made the best 

predictions when used on new data. For the data at the New Brunswick sites in 2015 and 

2016, with and without temperature included, AIC consistently indicated that correcting 

for Type I errors resulted in better models, whether it was based on the mean, max, or 

total number of calls. Evaluating these same models based on predictive performance 

showed that the uncorrected maximum hits model had the lowest error in three out of 

four predictions and was identified by AIC as the top model using all sites and years. 

This same model had the lowest RMSE for predictions from the NB 2015 sites to the US 

sites in 2015 that did not include temperature. This serves to highlight the point made by 

Guthery et al. (2005) that model selection is not the final step in the process of 

understanding the world. It is promising that four out of six different evaluations on new 

data indicated the same model had the best predictive performance and I would 

encourage additional tests of the maximum hits concept. I hypothesize that the 

uncorrected maximum hits model performs well because the day that contains the 
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recordings with the maximum number of calls simply has less opportunity for the 

recognizer to make a mistake; the spectrograms contain true calls at a higher ratio to non-

target noises than recordings with fewer calls. This means that correcting for the average 

Type I error rate derived from the whole recording set could reduce the accuracy of the 

true count on these maximum days. A next step to improve this method might be to 

evaluate Type I error rate just for the day with the maximum number of recognizer 

matches. 

There was a positive linear relationship between the number of wood frog 

vocalizations and the number of automated recognizer matches. The accuracy of this 

relationship was variable among sites but, on average, there were more recognizer 

matches than true wood frog calls. This means the number of matches overestimates the 

true number of wood frog calls in any given recording (i.e., there are more false positives 

than false negatives). The precision of this relationship was also variable among sites, 

although overall was quite high (R2 between 0.5 and 0.88). Clearly, if this automated 

recognition approach is to be used to estimate absolute call abundance either (1) the 

number of Type I and II errors have to be approximately equal at all sites or (2) the 

relative number of Type I and II errors must be relatively constant across sites so that a 

simple correction could be made across all sites, or (3) site-specific corrections must be 

made to allow comparisons across sites. In the first case, the slope of the relationship 

between ‘hits’ and true calls would be 1 and so the number of ‘hits’ would be a good 

estimate of the true number of calls. In the second case, the number of ‘hits’ would 

under- or overestimate the number of true calls (i.e., the slope of the relationship between 

‘hits’ and true number of calls would be greater or less than 1) but the slope estimate 
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could be used to make an estimate of the number of true calls from the number of ‘hits’. 

In the third case, an investigator would subsample the data to estimate the number of 

Type I and II errors at each site and do a site-specific correction. Interestingly, in this 

study I estimated site-specific corrections based on Type I errors and found they resulted 

in worse predictions than uncorrected values. Previous research on the use of automated 

recognizers to identify frog calls have noted Type I error rates between 3% and 16% and 

Type II error rates between 45% and 51% (Waddle et al., 2009). If recognizers are to be 

used to count calls it is important that they are designed to minimize both Type I and 

Type II errors. 

Previous research correlating acoustic activity with abundance has generally 

found a positive relationship. Shirose et al. (1997) studied this relationship in Fowlers 

toads (Anaxyrus fowleri) and American bullfrogs (Lithobates catesbieanus) in Ontario, 

Canada, using manual estimates of the number of individuals calling at a pond and an 

intensive search of the pond to count the individuals after the acoustic estimate had been 

made. They found a positive relationship between these two variables. Each species had 

fewer than 20 individuals at each site, potentially limiting the scope of this result to small 

populations. Nelson and Graves (2004) studied this relationship in green frogs (L. 

clamitans) in Michigan, USA, by manually counting calls and performing mark-recapture 

surveys at 42 ponds. They discovered the call rate increased as number of males 

increased but the relationship was logarithmic. There was little difference between call 

rates above a given threshold of male abundance and large variability in call rates with 

identical abundances. Neither of these studies included air temperature in the model and I 

found this to be an important covariate. Stevens and Paszkowski (2004) used a fixed sex 
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ratio from the literature to estimate the number of male wood frogs calling in relation to 

the number of egg masses detected and correlated this estimate to the chorus rank size, 

using the North American Amphibian Monitoring Program (NAAMP) protocol (Weir et 

al., 2005). Again, they found a positive relationship between chorus rank size and the 

number of egg masses, but the estimate of the average number of males in the highest 

chorus rank was 118 with a range of 16-314. Pellet et al. (2007) performed a mark-

recapture study on the European tree frog (Hyla arborea) and also estimated the number 

of calling males using pond perimeter transects. They found call count surveys 

underestimated the total number of males but not in any consistent and useful way. Corn 

et al. (2011) used the average chorus rank per day as an acoustic metric and correlated 

this using a mark-recapture study on boreal chorus frogs (Pseudacris maculata). They 

found a positive but weak relationship between abundance and average chorus rank. 

Finally, Williams et al. (2013) used drift fenced ponds to develop models that predict 

abundance in crawfish frogs (Lithobates aerolata). They found that independently the 

call rate was a poor predictor of the number of males, but that call rate was included, 

along with temporal variables in their best abundance model. After accounting for air 

temperature I found a positive relationship between the abundance of males and the mean 

number of calls per five-minute recording in 2016 at the drift fenced site in Michigan. 

The importance of temperature in mediating the relationship between the vocalization 

activity and male activity has been well documented (Oseen and Wassersug, 2002; Saenz 

et al., 2006; Ospina et al., 2013). Anuran choruses are dynamic events; males adjust call 

rates according to changes in abiotic conditions (Wong et al., 2004; Sun and Narins, 

2005; Saenz et al., 2006) and to a variety of biotic interactions (Wagner, 1989; Benedix 
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and Narins. 1999). In this study the number of males continued to increase over the 14 

days of monitoring in 2015 and 2016, and although the average, maximum and total calls 

increased, they also fluctuated considerably. I identified temperature as an important 

mediating variable, but the number of females at the pond could also have an effect on 

acoustic metrics. Although I do not know of specific studies on this, males might drop 

out of the “acoustic population” once they pair up with a female to lay eggs. It is intuitive 

then to think that the more females that are in a pond, the more males will be in amplexus 

and the smaller the acoustic population might be. However, it is also quite possible that 

the presence of females induces increased call rates between competing males, and 

increases the number of calls generated above that of the same number of males without 

females present. That male and female abundance was highly correlated in this study, and 

others (Crouch and Paton, 2000), presents a statistical challenge in understanding the 

effect females have on male vocalization rates. Further research, including controlled 

experiments, are necessary to understand this effect better. 

Wood frogs were used here as a test case because egg masses are easy to count 

and can be used to estimate abundance of females. It is difficult to speculate how this 

approach might work for other species, but presumably if a relationship can be 

determined, either directly between vocalization quantity and male abundance or 

indirectly through female abundance, this method may have potential for other taxa. 

I propose there are three main sources of variation that could influence the 

performance of automated acoustic-abundance estimates. The first is the quality of the 

recognizer and the quality of the recordings. Poorly performing recognizers and poor 

quality recordings will result in varying degrees of measurement error. The difference 
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between the number of true calls and the recognizer matches is likely to be more 

substantial in recording environments with high background noise and non-target 

vocalizations. For example, without any clear reason, in this study the NB site had more 

background noise than the US sites which likely reduced the precision of the recognizer.  

The second is the variability of call rates during a 24-hour period. Environmental 

conditions change throughout the breeding season, within a night (Bridges and Dorcas, 

2000; Steelman and Dorcas, 2010) and during certain phases of the breeding season some 

species do not call continuously throughout the night. I sampled 10 minutes every hour, 

or 17% of the sample space. Sampling error could affect the estimated acoustic metrics if 

acoustic activity is not consistent throughout the sample period or a sufficient amount of 

time has not been sampled.  

The final and probably most important source of variability is sex ratios. Several 

long and short term studies on wood frogs have documented that sex ratios vary between 

years at the same site and between sites in the same year (Berven, 1990; Berven and 

Grudzien, 1990; Berven, 1995; Berven, 2009). This variability is a function of the 

difference in time to maturity between the sexes and therefore the differential survival of 

males and females to maturity (Swannack and Forstner, 2007) combined with variability 

in recruitment between years (Berven, 2009). Hypothetically, if there is consistency in 

male vocalization rates but the sex ratio changes between sites and years then this places 

a hard limit on the predictive capacity of this type of monitoring approach. It is unlikely 

there is consistency in male vocalization rates, as this trait is used by females of some 

species to select mates and therefore subject to sexual selection (Wagner and Sullivan, 
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1995). However, if the number of females affects the male vocalization rate then it might 

be possible to model this interaction and improve predictions. 

Monitoring amphibian populations is essential for informed conservation 

management (Weir et al., 2009), and should be part of an overall strategy where the 

monitoring results are linked to management actions (Nichols and Williams, 2006; 

Lindenmayer et al., 2013). Here I have incorporated recent advances in bioacoustic 

technology and developed a novel approach that can be used to estimate the number of 

females and thus the breeding population size. These results are promising and, as a 

community, we should continue to explore the use of automated recordings and 

recognizers for estimating anuran abundance. Improvements can be made by developing 

1) more accurate estimates of the true number of calls, 2) better estimates of the overall 

acoustic activity, and 3) an understanding of how females affect acoustic activity. In 

addition, temperature was a critical variable interacting with males and call rates. I 

measured air temperature at a subset of sites and found it improved predictions by an 

additional 6% over just the acoustic metric. However, water temperature might be a 

better choice for a species that calls from the water’s surface (Fouquette, 1980). Further 

research should investigate what medium is more biologically appropriate to measure and 

if additional environmental variables, such as humidity and air pressure, could also be 

documented (Oseen and Wassersug, 2002). Wood frogs, and several other anurans, can 

call during the day when environmental conditions are appropriate (Bridges and Dorcas, 

2000; Steelman and Dorcas, 2010). Given the potential influence of sampling error it 

would be prudent to record sound over longer periods of time, even perhaps constantly 

over the breeding season and census the pond, rather than sample it, to get a better 
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estimate of acoustic activity. The acoustic technology would facilitate this approach with 

minor increases in data storage capacity and sample processing times. Precision and 

utility would be increased by additional trials with (1) other wood frog populations across 

the range and (2) other species whose abundance is already estimated by other reliable 

methods. 
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Table 6 – 1: Model selection and prediction results for wood frog (Lithobates sylvaticus) 

acoustic abundance estimates from all sites (NB and US) in both 2015 and 2016. K is the 

number of parameters in the model, AICc is the AIC value corrected for small sample 

sizes, ∆ AICc is the change in AICc values between models, AICcWt is the relative 

model weight, Cum.Wt is the cumulative model weights, RMSE is the root mean squared 

error, and improvement is the percentage improvement compared to the RMSE of the 

intercept-only model. The raw max hits model (bold) had both the lowest AICc value and 

RMSE. 

 

Model K AICc ∆ AICc AICcWt Cum.Wt RMSE Improvement 

raw max hits 3 770.62 0.00 1.00 1.00 12.29 3.9% 

cor max hits 3 806.17 35.55 0.00 1.00 12.85 -0.5% 

intercept-only 2 814.73 44.11 0.00 1.00 12.79 0.0% 

cor mean hits 3 815.06 44.44 0.00 1.00 12.83 -0.3% 

days 3 815.88 45.26 0.00 1.00 12.73 0.4% 

cor total hits 3 816.21 45.59 0.00 1.00 12.77 0.2% 

raw total hits 3 816.42 45.79 0.00 1.00 12.77 0.2% 

raw mean hits 3 816.88 46.25 0.00 1.00 12.79 0.0% 
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Table 6 – 2: Model selection and prediction results for wood frog (Lithobates sylvaticus) 

acoustic abundance estimates from all sites with temperature data in both years in NB in 

both 2015 (n = 15) and 2016 (n = 29). K is the number of parameters in the model, AICc 

is the AIC value corrected for small sample sizes, ∆ AICc is the change in AICc values 

between models, AICcWt is the relative model weight, Cum.Wt is the cumulative model 

weights, RMSE is the root mean squared error, and improvement is the percentage 

improvement compared to the RMSE of the intercept-only model. The raw max hits + 

temperature model (bold) had both the lowest AICc value but not the lowest RMSE. 

 

Model K AICc ∆ AICc AICcWt Cum.Wt RMSE Improvement 

raw max hits + temp 4 518.25 0.00 0.997 0.997 23.45 -26.8% 

raw max hits 3 529.72 11.48 0.003 1.000 18.27 1.2% 

cor max hits + temp 4 546.38 28.14 0.000 1.000 18.09 2.2% 

cor total hits + temp 3 549.66 31.42 0.000 1.000 18.22 1.4% 

cor max hits 3 550.53 32.28 0.000 1.000 18.88 -2.1% 

cor mean hits + temp 3 550.53 32.28 0.000 1.000 18.30 1.0% 

temp 3 552.50 34.26 0.000 1.000 17.61 4.8% 

raw total hits + temp 3 552.86 34.61 0.000 1.000 17.97 2.8% 

days + temp 3 553.63 35.39 0.000 1.000 17.82 3.6% 

raw mean hits + temp 3 553.81 35.56 0.000 1.000 17.70 4.3% 

cor mean hits 3 555.01 36.76 0.000 1.000 18.65 -0.8% 

Intercept-only 2 555.63 37.39 0.000 1.000 18.49 0.0% 

days 3 556.02 37.77 0.000 1.000 18.24 1.4% 

raw total hits 3 557.50 39.25 0.000 1.000 18.45 0.2% 

cor total hits 3 557.67 39.43 0.000 1.000 18.47 0.1% 

raw mean hits 3 557.74 39.50 0.000 1.000 18.48 0.1% 
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Table 6 – 3: Model selection and predictions results for wood frog (Lithobates sylvaticus) acoustic abundance estimates from New 

Brunswick and US 2015 sites and New Brunswick 2016 sites. K is the number of parameters in the model, AICc is the AIC value 

corrected for small sample sizes, ∆ AICc is the change in AICc values between models, AICcWt is the relative model weight, Cum.Wt 

is the cumulative model weights, RMSE is the root mean squared error, and improvement is the percentage improvement compared to 

the RMSE of the intercept-only model. Models with the lowest RMSE are in bold). 

 

NB 2015 
    

predictions to US  

2015 

predictions to NB 

2016 

Model K AICc ∆ AICc AICc.Wt Cum.Wt RMSE improvement RMSE improvement 

cor mean hits 3 227.95 0.00 0.65 0.65 355.46 -2.4% 97.93 -6.4% 

cor max hits 3 229.36 1.41 0.32 0.97 349.38 -0.6% 95.33 -3.6% 

raw mean hits 3 235.08 7.13 0.02 0.98 355.51 -2.4% 97.24 -5.7% 

raw max hits 3 236.1 8.14 0.01 1.00 313.02 9.9% 63.14 31.4% 

cor total hits 3 238.28 10.33 0.00 1.00 356.05 -2.5% 88.77 3.5% 

raw total hits 3 243.46 15.51 0.00 1.00 355.20 -2.3% 89.77 2.4% 

intercept-only 2 245.19 17.23 0.00 1.00 347.26 0.0% 92.01 0.0% 

days 3 246.98 19.02 0.00 1.00 345.09 0.6% 94.59 -2.8% 
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NB 2016 

     

predictions to NB 2015 

Model K AICc ∆ AICc AICc.Wt Cum.Wt RMSE improvement 

cor max hits 3 294.05 0 0.75 0.75 158.15 -199.6% 

raw max hits 3 296.63 2.58 0.21 0.95 19.40 63.2% 

cor mean hits 3 300.65 6.61 0.03 0.98 86.15 -63.2% 

cor total hits 3 301.51 7.46 0.02 1 152.39 -188.7% 

intercept-only 2 307.86 13.81 0 1 52.79 0.0% 

raw total hits 3 308.14 14.1 0 1 83.06 -57.3% 

raw mean hits 3 308.16 14.11 0 1 61.66 -16.8% 

days 3 310.05 16 0 1 61.60 -16.7% 
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Table 6 – 4: Model selection and predictions results for wood frog (Lithobates sylvaticus) acoustic abundance estimates for 

temperature models from New Brunswick and US 2015 sites and New Brunswick 2016 sites. K is the number of parameters in the 

model, AICc is the AIC value corrected for small sample sizes, ∆ AICc is the change in AICc values between models, AICcWt is the 

relative model weight, Cum.Wt is the cumulative model weights, RMSE is the root mean squared error, and improvement is the 

percentage improvement compared to the RMSE of the intercept-only model. Model with the lowest RMSE is in bold. 
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NB 2015 
     

predictions to US 2015 predictions to NB 2016 

Model K AICc ∆ AICc AICc.Wt Cum.Wt RMSE improvement RMSE  improvement 

cor max + temp 3 110.72 0.00 0.74 0.742 350.51 24.8% 91.15 -9.3% 

cor max 2 112.12 1.40 0.12 0.860 344.91 26.0% 86.03 -3.2% 

cor mean 2 114.68 3.96 0.07 0.926 355.31 23.8% 87.48 -4.9% 

cor mean + temp 3 118.09 7.37 0.05 0.976 354.21 24.1% 89.10 -6.8% 

cor total + temp 3 125.26 14.54 0.01 0.987 356.43 23.6% 92.17 -10.5% 

raw mean 2 126.42 15.70 0.00 0.991 351.52 24.6% 87.51 -4.9% 

raw max 2 126.42 15.70 0.00 0.996 345.10 26.0% 177.58 -112.9% 

cor total 2 127.52 16.80 0.00 1.000 344.29 26.2% 81.73 2.0% 

raw mean + temp 3 130.04 19.32 0.00 1.000 347.44 25.5% 89.15 -6.9% 

raw max + temp 3 130.04 19.32 0.00 1.000 428.77 8.1% 151.94 -82.2% 

intercept 1 131.94 21.22 0.00 1.000 466.38 0.0% 83.40 0.0% 

raw total 2 132.47 21.75 0.00 1.000 354.67 24.0% 82.58 1.0% 

raw total + temp 3 133.04 22.32 0.00 1.000 353.42 24.2% 92.00 -10.3% 

temp 2 134.87 24.15 0.00 1.000 354.74 23.9% 86.30 -3.5% 

days 2 134.89 24.18 0.00 1.000 350.81 24.8% 84.66 -1.5% 

days + temp 3 138.68 27.96 0.00 1.000 344.22 26.2% 85.87 -3.0% 
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NB 2016 
     

predictions to NB 2015 

Model K AICc ∆ AICc AICc.Wt Cum.Wt RMSE % improvement 

cor total + temp 3 292.43 0.00 0.74 0.742 333.29 -531.6% 

cor max + temp 3 296.11 3.68 0.12 0.860 267.18 -406.3% 

cor max 2 297.28 4.85 0.07 0.926 142.52 -170.1% 

cor mean + temp 3 297.80 5.37 0.05 0.976 509.23 -865.0% 

cor total 2 301.00 8.57 0.01 0.987 123.46 -134.0% 

raw max + temp 3 302.47 10.04 0.00 0.991 24.44 53.7% 

raw max 2 302.82 10.39 0.00 0.996 16.31 69.1% 

cor mean 2 302.91 10.48 0.00 1.000 135.68 -157.1% 

raw mean + temp 3 308.79 16.36 0.00 1.000 426.30 -707.9% 

raw total + temp 3 309.76 17.34 0.00 1.000 333.00 -531.1% 

raw total 2 311.49 19.06 0.00 1.000 79.81 -51.3% 

raw mean 2 311.74 19.32 0.00 1.000 82.95 -57.2% 

days 2 313.65 21.23 0.00 1.000 53.32 -1.1% 

intercept 1 313.65 21.23 0.00 1.000 52.77 0.0% 

days + temp 3 314.38 21.96 0.00 1.000 117.18 -122.1% 

temp 1 314.38 21.96 0.00 1.000 113.07 -114.3% 
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Table 6 – 5: Overview of the wood frog (Lithobates sylvaticus) acoustic metrics and 

environmental conditions in 2015 and 2016 at the drift fenced site in Michigan, USA. 

Temperatures are in degrees Celsius. 

 

Year 

 

N 

males 

 

N 

females 

 

Sex 

ratio 

 

Mean 

calls 

 

Max 

calls 

 

Total 

calls 

 

Mean 

temp 

 

Max 

temp 

 

Min 

temp 

 

2015 1375 340 4.04 826.6 2160 287695 7.53 31.75 -1.35 

2016 1679 334 5.03 446.5 2160 127376 3.66 16.20 -4.45 
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Table 6 – 6: Model selection results using AICc on 2015 and 2016 data examining the 

effect of different acoustic metrics and temperature on estimates of the number of male 

wood frogs (Lithobates sylvaticus) from a drift fenced pond in Michigan, USA. AICc is 

the AIC value corrected for small sample sizes, ∆ AICc is the change in AICc values 

between models, AICcWt is the relative model weight, Cum.Wt is the cumulative model 

weights, Res. Cor. is the correlation among residuals of the model. 

      
2015 models AICc ∆ AICc AIC Wt. Cum. Wt. Res. Cor. 

intercept-only 167.65 0.00 0.82 0.82 0.674 

mean calls + temp 172.23 4.59 0.08 0.90 0.541 

mean calls 173.26 5.61 0.05 0.95 0.518 

max calls + temp 174.43 6.78 0.03 0.98 0.578 

max calls 175.37 7.72 0.02 0.99 0.553 

total calls + temp 178.55 10.90 0.00 1.00 0.550 

total calls 179.54 11.89 0.00 1.00 0.523 

      
      

2016 models AICc ∆ AICc AIC Wt. Cum. Wt. Res. Cor. 

mean calls + temp 179.26 0.00 0.82 0.82 0.591 

intercept-only 182.70 3.44 0.15 0.96 0.728 

max calls + temp 187.12 7.85 0.02 0.98 0.579 

mean calls 187.16 7.90 0.02 0.99 0.518 

max calls 189.42 10.16 0.01 1.00 0.591 

total calls + temp 192.77 13.51 0.00 1.00 0.467 

total calls 195.86 16.60 0.00 1.00 0.523 
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Figure 6 – 1: Relationship between the maximum number of raw recognizer hits on the 

night with the maximum number of raw hits and wood frog (Lithobates sylvaticus) egg 

mass abundances for all sites (New Brunswick NB, Connecticut CT, Michigan MI, and 

New York NY) and years (2015 red and 2016 blue). The solid black line represents the 

fitted values of the model based on all sites and years. The dotted black line is the fitted 

values from all sites in 2015. The dashed black line is the fitted values from all sites in 

2016. 
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Figure 6 – 2: The relationship between the number of recognizer matches and the number 

of true wood frog (Lithobates sylvaticus) calls in five-minute recordings from two sites in 

New Brunswick and the Michigan site during 2015 and 2016. Colour codes are as 

follows: NB pond 2015 – purple (coefficient = 0.252, R2 = 0.674), NB pond 2016 – red 

(coefficient = 0.353, R2 = 0.508. Michigan pond 2015 – green (coefficient = 0.884, R2 = 

0.806), US Michigan pond 2016 – blue (coefficient = 0.818, R2 = 0.882). 
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Figure 6 – 3: The timing of entry of wood frogs (Lithobates sylvaticus) into the breeding 

pond in Michigan, USA in 2015 (red) and 2016 (blue). Males are shown in the solid line 

and females are shown in the dashed line. 
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CHAPTER 7 

7.1 General Discussion 

 The five preceding research chapters lay out a narrative that climate change has 

the potential to affect wood frog populations through alterations to wetland hydroperiods 

and we have developed the bioacoustic tools to monitor and document those changes. 

 In chapter 2, wood frog (Lithobates sylvaticus) embryo mortality was assessed 

across different hydroperiod conditions. I quantified high embryo mortality in permanent 

ponds that contained green frog larvae. Ponds with green frog (Lithobates clamitans) 

larvae densities of 2.5 larvae per m2 or greater had embryo mortality rates of 90% or 

higher. Embryo mortality did not differ between permanent ponds that lack green frog 

larvae and ephemeral ponds. Water temperature affected hatch success, which was 

greatest at ~12 °C. Prior to this study, the predatory impacts of green frog larvae were 

documented in observational studies and implied based on recruitment in wood frog 

populations among ponds with and without green frog larvae. Here, I have provided 

experimental evidence for this effect and provide a well-supported model that could be 

used to predict embryo mortality at other sites and times.  

 In chapter 3, wood frog larvae survivorship was assessed across different 

hydroperiod conditions. Surprisingly, the presence of overwintered green frog larvae 

reduced the number of metamorphosing free-swimming and caged wood frogs from 

permanent wetlands, although the mechanism could not be determined explicitly. 

Increased numbers of metamorphosing wood frogs were associated with higher spring 

peeper (Pseudacris crucifer) larvae densities. Predators were found to be of little 
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importance in determining survivorship to metamorphosis, but because of differences in 

predator and prey sizes and predator densities throughout the summer, the metric used 

may not capture the predator effect well. The continued effect of green frog larvae on 

wood frog survivorship past the embryo life stage is a novel observation and casts some 

doubt on the previous work that did not separate these components. Although the 

mechanism responsible for this effect (predation, competition, or disease) was not 

confirmed with certainty, future research into the effects of disease transmission seems a 

fruitful first approach. Amphibian diseases are a conservation concern for many species; 

identifying and understanding the transmission dynamics with common species may yield 

insights that can be used for management of endangered species. 

 In chapter 4, I used estimates of embryo and larvae mortality rates from the 

previous chapters, as well as vital rate estimates of the terrestrial life stages from the 

literature to construct a population projection model for the wood frog. By simulating a 

range of hydroperiod scenarios, based broadly around both wetter and drier future 

climates, I determined that drier conditions will benefit wood frog populations, whereas 

wetter conditions were likely to have a negative effect. Changing green frog larvae 

spring-time occupancy showed that green frog larvae are already likely suppressing wood 

frog population growth rates. Despite the smaller clutch sizes and shorter life spans due 

to faster development caused by higher temperatures, increased temperature had a 

positive effect on wood frog populations through faster growth rates. This shows that, 

depending on the precise direction and magnitude of the changes, the indirect effects of 

biotic interactions could have a much stronger effect on wood frog population parameters 
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than the abiotic effects. The evidence for the impacts of climate change’s indirect effects 

mediated through species interactions is mounting and here I add another example. 

 In chapter 5, I used wood frog vocalizations to explore how to build better frog 

call recognition models. I examined whether the source and quantity of training data was 

important, whether it was possible to manipulate different recognizer variables settings to 

optimize error rates (false positives and false negatives), and whether error rates were 

transferable among sites and times. I found that recognizer variable settings had a much 

greater impact than the amount of training data on recognizer performance. Increasing the 

number of sites used to collect training data resulted in slight improvements in 

performance. I found that when independent data was used to determine variable settings, 

false positive (Type I) error rates were no better than a recognizer optimized on the 

original training data, were idiosyncratic and could not be extrapolated, whereas false 

negatives (Type II) could be minimized using independent data and were consistent 

across new data. This work represents the first synthesis and evaluation of recognizer 

construction methods and would have been extremely useful to me when I first started 

working on recognizer projects. Future bioacousticians will hopefully use and build on 

this work, but the software and technology is changing so rapidly, it is hard to predict 

whether any one piece of software or methodological approach will stand the passage of 

time. 

 In chapter 6, the correlation between wood frog vocalization activity and 

abundance was investigated using a fully automated acoustics approach. I used automated 

recorders and call recognition models to quantify vocalization activity and compared 

alternative metrics of activity to egg mass abundance. I found that the number of 
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recognizer matches on the day with the most recognizer matches best predicted egg mass 

abundance. Despite AIC selecting different models, predicting the outcome at new sites 

and times consistently showed the “maximum hits” models had the lowest root mean 

squared error (RMSE). The best predictions had an average error of 16 egg masses. To 

my knowledge, this represents a considerable step forward in using acoustic metrics to 

predict population size in an anuran. Although more ponds, a longer time series, and 

increasingly sophisticated statistical methods can improve on the precision of the 

estimate, this is the first use of an automated platform (recorders and recognizers) for this 

taxonomic group. 

 Overall, chapters 2-4 provide evidence that overwintered green frog larvae pose a 

significant threat to the probability of an individual wood frog completing 

metamorphosis, and that this threat scales up to population-level effects under certain 

hydroperiod scenarios. This is one of the few demonstrations of indirect effects of climate 

change based on field-derived parameter estimates. Of particular note is the discovery 

that the effect of overwintered green frog larvae extends beyond the predation impacts on 

embryos into the larvae stage. I suspect that disease might play a role in this effect but 

currently lack data to test this hypothesis. Whatever the mechanism, this is an interesting 

example of an unexpected indirect negative effect of climate change. However, the work 

on climate change impacts is far from complete. I did not evaluate any temperature 

impacts on aspects of the aquatic life stages of the wood frog, or temperature interactions 

with predation and competition. Increases in temperature should affect the timing of 

reproduction, the length of the larval period, and the size of the larvae at metamorphosis 

(Benard, 2015). Changes to any or all of these life history traits could have population-
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level effects. For example, when frogs complete metamorphosis quickly, they are often 

smaller (Álvarez and Nicieza, 2002) and have a lower initial survival probability. But by 

reproducing earlier, there is a greater amount of time in the terrestrial habitat prior to the 

first winter, allowing for more growth and potentially higher overwinter survival 

associated with a larger size (Berven, 1990; Sinsch and Schäfer, 2016). Population 

models, such as the one conducted here, can help develop hypotheses about what might 

occur but because the exact direction and magnitude of the climate changes are, as yet, 

undetermined, long-term demographic studies, such as those conducted by Keith Berven 

(Berven, 2009) and Michael Benard (Benard, 2015) in Michigan will be essential to 

understand how wood frogs respond to a changing climate. 

The last two chapters on bioacoustics monitoring could be justified in the climate 

change context; however, improvements to abundance monitoring are essential for all 

types of population-level threats. Amphibians are the most threatened vertebrate group 

and large-scale, real-time monitoring of population sizes by automated acoustic methods 

could help increase the information content of policy and management decisions (Yoccoz 

et al., 2001). Through a systematic approach to developing the recognizer model to 

reduce false positives, and explicitly testing the acoustic-abundance models on new data, 

the methodology now exists to remotely monitor wood frog population sizes using 

acoustic activity. The challenge now will be to determine if this type of approach is 

generalizable to other species. 

To summarize, this dissertation has provided evidence that climate change could 

have indirect negative effects on wood frog populations by increasing the available 

breeding habitat for green frogs through longer wetland hydroperiods. Wood frog 
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populations could now be monitored to detect this, and other, changes using a fully 

automated acoustic approach. 
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Appendix 2.1. Details of pond attributes used in the embryo mortality experiments in 2014 and 2015. GFL – green frog 

(Lithobates claimtans) larvae, HSR – hatch success rate, EPR – embryo predation rate, CFL – caddisfly larvae, RSN – red-spotted 

newts. 

Year Hydroperiod 
GFL 

present? 

Pond 

ID 

Area 

(m²) 

Volume 

(liters) 

Max. 

Depth (cm) 

Mean 

Temp (°C) 

Mean 

pH 
HSR EPR 

GFL 

(n/m²) 

CFL 

(n/m²) 

RSN 

(n/m²) 

2014 ephemeral no Ag 10 127 30715 48 8.55 4.76 0.021 0.393 0.00 6.40 0.20 

 ephemeral no Ag 19 391 115780 65 6.67 5.54 0.002 0.344 0.00 3.50 0.12 

 ephemeral no Ag 41 241 60605 47 9.60 3.81 0.664 0.628 0.00 0.90 0.00 

 permanent no Ag 11 110 19070 39 7.71 5.33 0.202 0.048 0.00 7.40 0.00 

 permanent no Ag 42 232 37100 38 9.99 4.62 0.702 0.419 0.00 3.60 0.00 

 permanent no Ag 2 376 47989 26 9.55 5.76 0.810 0.423 0.00 2.40 0.03 

 permanent no Ag 12 104 24030 47 7.01 5.97 0.325 0.925 0.00 3.70 0.00 

 permanent no Ag 24 1000 153160 36 9.63 5.82 0.732 0.390 0.00 3.10 0.04 

 permanent no For 16 884 358360 100 8.68 4.73 0.808 0.596 0.00 13.00 0.08 

 permanent no Ag 32 512 106440 35 10.35 4.01 0.603 0.000 0.00 0.90 0.05 

 permanent yes Ag 3 892 337300 107 7.75 4.75 0.600 1.000 0.50 2.50 0.00 

 permanent yes Ag 23 696 204740 53 11.93 5.07 0.312 0.950 0.90 2.90 0.10 

 permanent yes For 3 1864 351520 72 9.67 5.06 0.524 1.000 2.20 2.00 0.10 

 permanent yes Ag 5 932 163000 43 8.25 5.69 0.800 0.936 2.40 2.80 0.05 
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 permanent yes For 8 484 144960 65 10.11 5.68 0.748 1.000 2.60 8.70 0.40 

 permanent yes Ag 15 872 155900 52 9.08 4.26 0.894 0.967 2.60 8.60 0.12 

2015 ephemeral no Ag 10 127 31415 48 14.92 5.31 0.727 0.371 0.00 3.20 0.00 

 ephemeral no Ag 19 391 137090 78 11.04 4.20 0.578 0.414 0.00 5.05 0.21 

 ephemeral no Ag 41 199 30670 31 14.80 4.00 0.818 0.210 0.00 1.10 0.00 

 ephemeral no Ag 3 780 237480 780 10.10 4.52 0.998 0.250 0.00 8.75 0.03 

 ephemeral no Ag 23 642 146000 42 12.82 5.11 0.667 0.420 0.00 6.70 0.00 

 ephemeral no Ag 2 346 32546 22 12.43 4.69 0.820 0.259 0.00 1.30 0.14 

 ephemeral no Ag 11 102 17970 38 12.53 4.95 0.672 0.378 0.00 6.55 0.28 

 permanent no Ag 12 99 17565 41 7.73 5.45 0.780 0.467 0.00 0.90 0.03 

 permanent no For 16 873 335680 100 10.26 4.53 0.999 0.724 0.00 5.15 0.11 

 permanent no Ag 5 560 69200 32 14.53 4.20 0.765 0.174 0.00 1.10 0.09 

 permanent yes For 3 1446 250720 28 10.19 4.91 0.999 0.732 0.75 1.15 0.05 

 permanent yes Ag 24 916 108980 32 16.28 4.51 0.493 0.499 0.90 2.60 0.32 

 permanent yes Ag 32 489 91720 35 12.90 3.96 0.619 0.331 0.15 1.10 0.13 

 permanent yes For 8 400 77660 45 15.92 3.35 0.931 0.822 1.10 1.90 0.23 

 permanent yes Ag 15 856 147940 50 12.97 4.70 0.862 0.500 0.95 1.55 0.19 

 permanent yes For 1 383 110050 62 11.77 3.38 0.473 0.909 2.15 2.85 0.03 
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Appendix 3.1. Predator density, competitor density, and pond attributes for pond used in the larval survivorship experiments 

in 2014 and 2015. Hydro, 0 = ephemeral, 1 = permanent. GFL, green frog larvae,  0 = absent, 1 = present. Lm = wood frog larvae 

survivorship. Start n = number of wood frog larvae at the start of the experiment. GFL = green frog larvae density n/m2. SPL = spring 

peeper larvae density n/m2. RSN = red-spotted newt density n/m2.  

 

Year Hydro GFL Pond Side Lm Start n 

GFL 

(n/m2) 

SPL 

(n/m2) 

RSN 

(n/m2) 

Aeshnid 

(n/m2) 

Libelulid  

(n/m2) 

2014 0 0 ag 10 left 0.115 8185 0.00 7.53 0.13 0.91 2.24 

2014 0 0 ag 19 left 0.126 4021 0.00 3.28 0.04 2.60 0.64 

2014 0 0 ag 19 right 0.037 4032 0.00 4.04 0.08 1.96 1.80 

2014 0 0 ag 41 left 0.015 9502 0.00 1.05 0.00 2.63 1.36 

2014 0 0 ag 41 right 0.003 3532 0.00 2.87 0.00 2.93 2.77 

2014 1 0 ag 11 left 0.230 2884 0.00 2.26 0.13 0.72 2.98 

2014 1 0 ag 11 right 0.234 6745 0.00 4.73 0.00 4.02 1.28 

2014 1 0 ag 42 left 0.110 5834 0.00 0.96 0.00 5.28 3.24 

2014 1 0 ag 42 right 0.000 10043 0.00 0.32 0.00 3.84 2.24 

2014 1 0 ag 2 left 0.059 6683 0.00 0.83 0.03 4.80 4.50 

2014 1 0 ag 2 right 0.118 11581 0.00 2.50 0.20 7.03 7.03 

2014 1 0 ag 12 left 0.026 4649 0.00 0.93 0.00 2.93 0.40 
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2014 1 0 ag 12 right 0.262 347 0.00 0.33 0.00 2.13 1.87 

2014 1 0 for 16 left 0.064 4669 0.00 1.44 0.04 6.08 4.84 

2014 1 0 ag 32 left 0.042 10171 0.00 5.37 0.03 0.33 0.77 

2014 1 0 ag 32 right 0.020 8623 0.00 2.13 0.03 1.33 2.50 

2014 1 0 ag 23 right 0.134 4460 0.00 14.50 0.00 0.30 0.10 

2014 1 0 ag 7 right 0.007 22000 0.00 0.17 0.07 3.70 6.23 

2014 1 0 for 4 left 0.010 12000 0.00 0.76 0.00 4.56 4.84 

2014 1 0 for 4 right 0.000 2000 0.00 0.08 0.00 8.60 2.72 

2014 1 1 for 16 right 0.038 11556 0.08 2.52 0.08 6.16 3.56 

2014 1 1 ag 24 left 0.000 6387 0.28 0.80 0.04 0.88 2.44 

2014 1 1 ag 24 right 0.000 10468 2.48 0.24 0.20 2.44 1.48 

2014 1 1 ag 15 left 0.044 12780 0.24 2.40 0.08 3.40 1.24 

2014 1 1 ag 3 left 0.011 8586 0.60 1.20 0.04 4.64 1.60 

2014 1 1 ag 23 left 0.099 8221 0.10 4.45 0.05 0.70 4.20 

2014 1 1 for 3 left 0.000 9000 1.80 0.10 0.10 3.67 2.90 

2014 1 1 for 3 right 0.086 7500 0.53 0.83 0.13 4.03 6.27 

2014 1 1 ag 5 left 0.007 11441 0.40 0.33 0.10 6.57 1.20 

2014 1 1 ag 5 right 0.036 733 1.97 0.77 0.03 2.03 2.20 

2014 1 1 for 8 left 0.000 10694 1.73 0.30 0.07 1.83 5.20 

2014 1 1 for 8 right 0.000 11300 1.27 0.53 0.23 3.23 3.50 
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2014 1 1 for 1 left 0.003 11000 1.47 1.17 0.07 3.47 4.07 

2015 0 0 ag 10 left 0.149 8580 0.00 3.17 0.00 0.00 4.67 

2015 0 0 ag 10 right 0.073 8906 0.00 5.21 0.00 0.06 2.60 

2015 0 0 ag 19 left 0.163 6953 0.00 12.24 0.19 0.44 0.04 

2015 0 0 ag 19 right 0.136 6531 0.00 8.32 0.08 0.48 0.32 

2015 0 0 ag 41 left 0.138 9659 0.00 0.35 0.00 3.05 1.00 

2015 0 0 ag 41 right 0.091 11035 0.00 25.48 0.00 1.78 0.17 

2015 0 0 ag 3 left 0.111 12633 0.00 2.36 0.00 1.28 0.64 

2015 0 0 ag 3 right 0.051 13347 0.00 2.08 0.08 1.48 0.16 

2015 0 0 ag 23 left 0.064 11579 0.00 5.52 0.00 0.84 0.40 

2015 0 0 ag 23 right 0.232 5022 0.00 11.70 0.00 0.55 0.05 

2015 0 0 ag 2 left 0.095 13473 0.00 5.84 0.08 1.68 0.60 

2015 0 0 ag 2 right 0.160 7880 0.00 3.68 0.16 1.76 1.20 

2015 0 0 ag 11 left 0.171 6071 0.00 4.05 0.05 0.00 0.60 

2015 0 0 ag 11 right 0.161 9676 0.00 2.85 0.15 0.15 0.50 

2015 1 0 ag 12 left 0.035 9632 0.00 0.55 0.07 0.35 0.60 

2015 1 0 ag 12 right 0.080 6729 0.00 0.00 0.00 0.72 1.62 

2015 1 0 for 16 left 0.040 8065 0.00 1.16 0.12 3.32 2.92 

2015 1 0 for 16 right 0.060 11165 0.00 0.96 0.00 4.20 1.36 

2015 1 0 ag 5 left 0.000 9984 0.00 2.24 0.00 3.16 1.44 
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2015 1 0 ag 5 right 0.104 9959 0.00 1.84 0.12 3.16 1.84 

2015 1 0 ag 32 right 0.456 6741 0.00 3.24 0.08 0.32 1.12 

2015 1 1 for 3 left 0.000 9996 1.32 0.64 0.00 3.04 1.80 

2015 1 1 for 3 right 0.000 8423 1.59 0.37 0.09 5.47 3.39 

2015 1 1 ag 24 left 0.000 3135 0.04 0.56 0.24 1.80 1.52 

2015 1 1 ag 24 right 0.000 5520 1.32 0.92 0.20 1.40 2.88 

2015 1 1 ag 32 left 0.000 7609 0.08 7.80 0.04 0.24 0.40 

2015 1 1 for 8 left 0.000 6768 0.56 1.72 0.08 1.04 5.16 

2015 1 1 for 8 right 0.000 8960 0.64 2.04 0.20 1.16 2.76 

2015 1 1 ag 15 left 0.000 10583 0.28 3.36 0.12 3.14 0.56 

2015 1 1 ag 15 right 0.088 7101 1.52 0.68 0.20 1.84 1.16 

2015 1 1 for 1 left 0.000 3803 2.60 1.04 0.04 1.80 0.80 

2015 1 1 for 1 right 0.000 3510 0.76 0.32 0.00 2.12 1.08 

Year Hydro GFL Pond side 

Dytiscid 

(n/m2) 

Belostomatid 

(n/m2) 

Periphyton 

(g) 

Phosphorous 

(ug/L) 

Temp 

(C) pH 

Cond 

(uS) 

Area 

(m2) 

2014 0 0 ag 10 left 4.76 0.04 0.0047 0.039 15.31 4.85 30.5 57 

2014 0 0 ag 19 left 0.60 0.00 0.0055 0.029 14.77 5.14 26 227 

2014 0 0 ag 19 right 0.56 0.00 0.0044 0.018 14.13 5.03 31 164 

2014 0 0 ag 41 left 0.50 0.08 0.0087 0.018 14.61 4.55 16 126 

2014 0 0 ag 41 right 0.93 0.00 0.0035 0.038 15.45 4.45 14.5 115 
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2014 1 0 ag 11 left 2.59 0.00 0.0191 0.044 13.63 5.5 42.5 40 

2014 1 0 ag 11 right 3.62 0.00 0.0049 0.016 14.97 5.65 45 70 

2014 1 0 ag 42 left 0.44 0.00 0.0097 0.109 15.35 4.69 14.3 118 

2014 1 0 ag 42 right 0.32 0.00 0.0078 0.151 15.23 4.39 10 114 

2014 1 0 ag 2 left 0.30 0.03 0.0117 0.036 16.57 5.44 43.3 204 

2014 1 0 ag 2 right 0.63 0.00 0.0152 0.056 18.08 5.26 28.7 172 

2014 1 0 ag 12 left 0.33 0.00 0.0185 0.043 13.51 6.06 70.25 59 

2014 1 0 ag 12 right 0.47 0.00 0.0663 0.081 13.7 5.43 68.25 45 

2014 1 0 for 16 left 0.12 0.00 0.0164 0.045 17.67 5.2 25 324 

2014 1 0 ag 32 left 0.57 0.00 0.0062 0.02 16.58 4.08 17 192 

2014 1 0 ag 32 right 0.53 0.00 0.015 0.035 14.3 3.83 18.7 320 

2014 1 0 ag 23 right 0.10 0.00 0.0026 0.034 16.06 4.68 20 324 

2014 1 0 ag 7 right 0.20 0.03 0.0069 0.018 16.98 5.02 10.3 996 

2014 1 0 for 4 left 0.36 0.04 0.0082 0.065 15.38 4.12 13.3 540 

2014 1 0 for 4 right 0.20 0.04 0.0076 0.052 16.55 4.22 13.7 376 

2014 1 1 for 16 right 0.28 0.00 0.0067 0.032 15.1 4.49 18.5 560 

2014 1 1 ag 24 left 0.20 0.04 0.0199 0.023 17.85 5.41 14 592 

2014 1 1 ag 24 right 0.04 0.00 0.0164 0.02 16.7 4.82 14.3 408 

2014 1 1 ag 15 left 0.32 0.00 0.009 0.083 16.57 4.7 26 428 

2014 1 1 ag 3 left 0.28 0.00 0.0109 0.081 14.31 4.52 20.7 468 
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2014 1 1 ag 23 left 0.55 0.00 0.0034 0.042 16.58 4.31 17.7 372 

2014 1 1 for 3 left 0.23 0.03 0.0153 0.28 15.36 5.59 33.7 1016 

2014 1 1 for 3 right 0.43 0.00 0.0118 0.028 15.96 5.5 25.3 848 

2014 1 1 ag 5 left 0.10 0.00 0.01 0.042 14.93 5.78 71.5 428 

2014 1 1 ag 5 right 0.33 0.00 0.0064 0.057 15.58 5.71 56.5 504 

2014 1 1 for 8 left 0.23 0.00 0.0044 0.034 - 4.35 9 320 

2014 1 1 for 8 right 0.10 0.00 0.0043 0.022 15.76 4.44 11.3 180 

2014 1 1 for 1 left 0.10 0.00 0.0117 0.017 15.47 4.16 22.3 179 

2015 0 0 ag 10 left 1.65 0.00 0.0037 0.091 16.27 4.83 20 57 

2015 0 0 ag 10 right 0.78 0.00 0.0029 0.098 16.34 4.68 21.5 70 

2015 0 0 ag 19 left 0.44 0.00 0.0106 0.027 16.11 4.55 16.7 227 

2015 0 0 ag 19 right 0.72 0.04 0.0075 0.024 16.64 4.36 19.3 164 

2015 0 0 ag 41 left 0.35 0.00 0.01 0.018 17.34 3.85 6.5 126 

2015 0 0 ag 41 right 1.05 0.00 0.0034 0.019 17.09 3.94 6 115 

2015 0 0 ag 3 left 0.64 0.00 0.007 0.026 15.12 4.44 14 468 

2015 0 0 ag 3 right 0.24 0.04 0.0039 0.036 17.05 4.26 16.7 424 

2015 0 0 ag 23 left 0.60 0.16 0.0101 0.03 17.57 4.75 11 372 

2015 0 0 ag 23 right 0.50 0.15 0.0063 0.013 16.8 4.58 11 324 

2015 0 0 ag 2 left 0.28 0.00 0.0189 0.028 16.25 4.97 41.7 204 

2015 0 0 ag 2 right 0.24 0.00 0.0217 0.048 17.59 4.65 23.3 172 
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2015 0 0 ag 11 left 1.75 0.00 0.0076 0.033 13.27 5.22 25 40 

2015 0 0 ag 11 right 2.12 0.00 0.006 0.02 15.32 5.55 20.5 70 

2015 1 0 ag 12 left 0.50 0.00 0.018 0.01 14.65 5.55 39 59 

2015 1 0 ag 12 right 1.77 0.00 0.1857 0.009 14.89 5.5 37.5 45 

2015 1 0 for 16 left 0.28 0.04 0.008 0.025 16.44 4.24 17.3 324 

2015 1 0 for 16 right 0.00 0.00 0.0062 0.055 13.47 4.4 34.7 560 

2015 1 0 ag 5 left 0.20 0.00 0.0167 0.063 16.43 4.53 17 428 

2015 1 0 ag 5 right 0.39 0.00 0.028 0.066 13.38 4.46 22.3 504 

2015 1 0 ag 32 right 0.32 0.16 0.009 0.022 17.23 3.79 14 320 

2015 1 1 for 3 left 0.68 0.20 0.0137 0.168 15.39 5.01 37 1016 

2015 1 1 for 3 right 0.40 0.08 0.0217 0.019 15.92 4.41 14.3 848 

2015 1 1 ag 24 left 0.34 0.24 0.0152 0.013 18.46 3.96 11 592 

2015 1 1 ag 24 right 0.20 0.08 0.0298 0.02 18.75 4.31 8.3 408 

2015 1 1 ag 32 left 0.25 0.13 0.007 0.026 17.47 3.94 14 192 

2015 1 1 for 8 left 0.40 0.08 0.0075 0.03 18.13 3.86 5.3 320 

2015 1 1 for 8 right 0.44 0.08 0.0062 0.02 17.63 4.11 5.6 180 

2015 1 1 ag 15 left 0.48 0.00 0.0153 0.022 17.74 4.73 17.5 428 

2015 1 1 ag 15 right 0.68 0.00 0.0181 0.037 16.44 5 14.5 484 

2015 1 1 for 1 left 0.12 0.00 0.0114 0.019 16.79 3.51 13 179 

2015 1 1 for 1 right 0.00 0.00 0.0167 0.05 - 3.55 11.3 204 
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Appendix 4.1A. Wood frog (Lithobates sylvaticus) population projection matrix structure. 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj1 Fsa1 Fsb1 Ff1 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj2 Fsa2 Fsb2 Ff2 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj3 Fsa3 Fsb3 Ff3 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj4 Fsa4 Fsb4 Ff4 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj5 Fsa5 Fsb5 Ff5 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj6 Fsa6 Fsb6 Ff6 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj7 Fsa7 Fsb7 Ff7 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj8 Fsa8 Fsb8 Ff8 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj9 Fsa9 Fsb9 Ff9 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj10 Fsa10 Fsb10 Ff10 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj11 Fsa11 Fsb11 Ff11 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj12 Fsa12 Fsb12 Ff12 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj13 Fsa13 Fsb13 Ff13 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj14 Fsa14 Fsb14 Ff14 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj15 Fsa15 Fsb15 Ff15 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj16 Fsa16 Fsb16 Ff16 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj17 Fsa17 Fsb17 Ff17 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj18 Fsa18 Fsb18 Ff18 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 Fj19 Fsa19 Fsb19 Ff19 

SOJ1 SOJ2 SOJ3 SOJ4 SOJ5 SOJ6 SOJ7 SOJ8 SOJ9 SOJ10 SOJ11 SOJ12 SOJ13 SOJ14 SOJ15 SOJ16 SOJ17 SOJ18 SOJ19 SJJ 0 0 0 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 SJSa SSa 0 0 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 SJSb SSab SSb 0 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 SJF SSaf SSbF SF 
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Appendix 4.1B. Description of matrix elements 

Matrix element description 
Matrix 

element 

Matrix element 

calculations 

Wetland specific fecundity of adults that mature directly from juveniles Fjx Csj * Sj * Pjf * Px 

Wetland specific fecundity of adults that mature from first-year sub adults Fsax Cssa * Ssa*Psaf * Px 

Wetland specific fecundity of adults that mature from second-year sub adults Fsbx Csa * Ssb*Psbf * Px 

Wetland specific fecundity of adult females Ffx Csa * Sf * Px 

Wetland specific probability of surviving to become a juvenile SOJx Sex * Slx * Sm 

Probability of a juvenile staying a juvenile SJJ Sj * (1 - Pjsa - Pjsb - Pjf) 

Probability of a juvenile becoming a first-year sub adult SJSa Sj * Pjsa 

Probability of a juvenile becoming a second-year sub adult SJSb Sj * Pjsb 

Probability of a juvenile becoming an adult female SJF Sj * Pjf 

Probability of a first-year sub adult staying a first-year sub adult SSa Ssa * (1 - Psab - Psaf) 

Probability of a first-year sub adult becoming a second-year sub adult SSab Ssa * (1 - Psaf) 

Probability of a first-year sub adult becoming an adult female SSaf Ssa * Psaf 

Probability of a second-year sub adult staying a second-year sub adult SSb Ssb * (1 - Psbf) 

Probability of a second-year sub adult becoming an adult female SSbF Ssb * Psbf 

Probability of an adult female surviving until the next year SF Sf 
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Appendix 4.2. Script for base model. 

 

library(popbio) 

library(plyr) 

library(ggplot2) 

library(beepr) 

 

# base model # 4 

# 0 highly-ephemeral, 4 ephemeral, 5 semi-permanent, 10 permanent 

 

RUN.RES <- NULL 

Sys.time() 

 

for (t in 1:30) 

 { 
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 ptm <- proc.time() 

 results <-NULL 

 growth <-NULL 

 N.females <-NULL 

 

  for (j in 1:1000) 

  { 

  # initial vital rates and matrix elements 

  

  ponds <- c("ag 10", "ag 19", "ag 23", "ag 41", "ag 2", "ag 3", "ag 11", "ag 12", "ag 32", "ag 42", "for 4", "for 16", "ag 

5", "ag 7", "ag 15", "ag 24", "for 1", "for 3", "for 8", "juve", "sub 1", "sub 2", "adult") 

  

  ## proportion of egg masses laid in each wetland 

  P1   <- 0.078    # ag 10 

  P2   <- 0.078    # ag 19 
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  P3   <- 0.078    # ag 23 

  P4   <- 0.078    # ag 41 

  P5   <- 0.066  # ag 2 

  P6   <- 0.066  # ag 3 

  P7   <- 0.066  # ag 11 

  P8   <- 0.066  # ag 12 

  P9   <- 0.066  # ag 32 

  P10  <- 0.036  # ag 42 

  P11  <- 0.036  # for 4 

  P12  <- 0.036  # for 16 

  P13  <- 0.036  # ag 5 

  P14  <- 0.036  # ag 7 

  P15  <- 0.036  # ag 15 

  P16  <- 0.036  # ag 24 

  P17  <- 0.036  # for 1 
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  P18  <- 0.036  # for 3 

  P19  <- 0.036  # for 8 

 

  ## other survival and transition probabilities 

  Csj  <- rnorm(1, 318, 31.61)  # clutch size of juveniles who mature in year 3 

  Cssa <- rnorm(1, 368, 31.61)  # clutch size of 1st year subadults 

  Cssb <- rnorm(1, 418, 31.61)  # clutch size of 2nd year subadults 

  Csa  <- rnorm(1, 418, 31.61)  # clutch size of adults 

 

  Sj  <- betaval(0.249, 0.158)   # juvenile survival 

  Ssa <- betaval(0.676, 0.1)  # 1st year subadult survival 

  Ssb <- betaval(0.736, 0.1)  # 2nd year subadult survival 

  Sf  <- betaval(0.178, 0.13)  # adult female survival 

 

  Pjsa <- betaval(0.9, 0.05)  # probability of transitioning from a juvenile to a 1st subadult 
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  Pjsb <- 0     # probability of transitioning from a juvenile to a 2nd subadult 

  Pjf  <- 1-Pjsa-Pjsb   # probability of transitioning from a juvenile to a adult 

 

  Psab <- betaval(0.42, 0.1)  # probability of transitioning from a 1st subadult to a 2nd subadult 

 

  Psaf <- 1-Psab    # probability of transitioning from a 1st subadult to an adult 

  Psbf <- 1     # probability of transitioning from a 2nd subadult to an adult 

 

 

  # create initial starting population vector 

  n1  <- 38038.5174 

  n2  <- 38038.5174 

  n3  <- 38038.5174 

  n4  <- 38038.5174 

  n5  <- 32186.4378 



 

 

2
7

5
 

  n6  <- 32186.4378 

  n7  <- 32186.4378 

  n8  <- 32186.4378 

  n9  <- 32186.4378 

  n10 <- 17556.2388 

  n11 <- 17556.2388 

  n12 <- 17556.2388 

  n13 <- 17556.2388 

  n14 <- 17556.2388 

  n15 <- 17556.2388 

  n16 <- 17556.2388 

  n17 <- 17556.2388 

  n18 <- 17556.2388 

  n19 <- 17556.2388 

  n20 <- 7677.3311 
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  n21 <- 1720.4893 

  n22 <- 487.3105 

  n23 <- 1466.2230 

 

  N <-c(n1, n2, n3, n4, n5, n6, n7, n8, n9, n10, n11, n12, n13, n14, n15, n16, n17, n18, n19, n20, n21, n22, n23) 

  B <-matrix(c(n1, n2, n3, n4, n5, n6, n7, n8, n9, n10, n11, n12, n13, n14, n15, n16, n17, n18, n19, n20, n21, n22, n23), 

nrow=23, ncol=1) 

 

  # pond hydroperiods (1=dry, 0=wet) 

  P1H  <- sample(c(1, 0), 1, replace=TRUE, prob=c(1, 0))  # ag10 

  P2H  <- sample(c(1, 0), 1, replace=TRUE, prob=c(1, 0))  # ag19 

  P3H  <- sample(c(1, 0), 1, replace=TRUE, prob=c(1, 0))  # ag23 

  P4H  <- sample(c(1, 0), 1, replace=TRUE, prob=c(1, 0))  # ag41 

  P5H  <- sample(c(1, 0), 1, replace=TRUE, prob=c(0.5, 0.5)) # ag2 

  P6H  <- sample(c(1, 0), 1, replace=TRUE, prob=c(0.5, 0.5)) # ag3 
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  P7H  <- sample(c(1, 0), 1, replace=TRUE, prob=c(0.5, 0.5)) # ag11 

  P8H  <- sample(c(1, 0), 1, replace=TRUE, prob=c(0.5, 0.5)) # ag12 

  P9H  <- sample(c(1, 0), 1, replace=TRUE, prob=c(0.5, 0.5)) # ag32 

  P10H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # ag42 

  P11H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # for4 

  P12H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # for16 

  P13H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # ag5 

  P14H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # ag7 

  P15H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # ag15 

  P16H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # ag24 

  P17H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # for1 

  P18H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # for3 

  P19H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # for8 

 

  ## embryo survivorship for each wetland 
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  # permanant ponds have GFLs with probability of GFLP 

  # prob = 0 for ephemeral ponds, but prob = GFLP for all perm ponds 

   

  GFLP <- betaval(0.585, 0.111) 

  GFLP1 <- if (P1H > 0.5) {0} else {rbinom(1, size=1, prob=(GFLP))} 

  GFLP2 <- if (P2H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

  GFLP3 <- if (P3H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

  GFLP4 <- if (P4H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

  GFLP5 <- if (P5H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

  GFLP6 <- if (P6H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

  GFLP7 <- if (P7H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

  GFLP8 <- if (P8H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

  GFLP9 <- if (P9H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

  GFLP10 <- if (P10H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

  GFLP11 <- if (P11H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 
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  GFLP12 <- if (P12H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

  GFLP13 <- if (P13H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

  GFLP14 <- if (P14H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

  GFLP15 <- if (P15H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

  GFLP16 <- if (P16H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

  GFLP17 <- if (P17H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

  GFLP18 <- if (P18H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

  GFLP19 <- if (P19H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

 

  ## embryo surv = ephem (0.633, 0.118), perm no gfl (0.599, 0.316), perm gfl(0.196, 0.235) 

 

  Se1  <- if (P1H > 0) {betaval(0.633, 0.118)} else if (GFLP1 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 

  Se2  <- if (P2H > 0) {betaval(0.633, 0.118)} else if (GFLP2 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 

  Se3  <- if (P3H > 0) {betaval(0.633, 0.118)} else if (GFLP3 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 

  Se4  <- if (P4H > 0) {betaval(0.633, 0.118)} else if (GFLP4 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 
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  Se5  <- if (P5H > 0) {betaval(0.633, 0.118)} else if (GFLP5 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 

  Se6  <- if (P6H > 0) {betaval(0.633, 0.118)} else if (GFLP6 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 

  Se7  <- if (P7H > 0) {betaval(0.633, 0.118)} else if (GFLP7 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 

  Se8  <- if (P8H > 0) {betaval(0.633, 0.118)} else if (GFLP8 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 

  Se9  <- if (P9H > 0) {betaval(0.633, 0.118)} else if (GFLP9 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 

  Se10 <- if (P10H > 0) {betaval(0.633, 0.118)} else if (GFLP10 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 

  Se11 <- if (P11H > 0) {betaval(0.633, 0.118)} else if (GFLP11 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 

  Se12 <- if (P12H > 0) {betaval(0.633, 0.118)} else if (GFLP12 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 

  Se13 <- if (P13H > 0) {betaval(0.633, 0.118)} else if (GFLP13 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 

  Se14 <- if (P14H > 0) {betaval(0.633, 0.118)} else if (GFLP14 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 

  Se15 <- if (P15H > 0) {betaval(0.633, 0.118)} else if (GFLP15 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 

  Se16 <- if (P16H > 0) {betaval(0.633, 0.118)} else if (GFLP16 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 

  Se17 <- if (P17H > 0) {betaval(0.633, 0.118)} else if (GFLP17 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 

  Se18 <- if (P18H > 0) {betaval(0.633, 0.118)} else if (GFLP18 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 

  Se19 <- if (P19H > 0) {betaval(0.633, 0.118)} else if (GFLP19 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 0.316) 
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  ## larvae survivorship for each wetland 

   

  Sl1  <- if (P1H > 0) {betaval(0.110, 0.059)} else if (GFLP1 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 

  Sl2  <- if (P2H > 0) {betaval(0.110, 0.059)} else if (GFLP2 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 

  Sl3  <- if (P3H > 0) {betaval(0.110, 0.059)} else if (GFLP3 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 

  Sl4  <- if (P4H > 0) {betaval(0.110, 0.059)} else if (GFLP4 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 

  Sl5  <- if (P5H > 0) {betaval(0.110, 0.059)} else if (GFLP5 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 

  Sl6  <- if (P6H > 0) {betaval(0.110, 0.059)} else if (GFLP6 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 

  Sl7  <- if (P7H > 0) {betaval(0.110, 0.059)} else if (GFLP7 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 

  Sl8  <- if (P8H > 0) {betaval(0.110, 0.059)} else if (GFLP8 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 

  Sl9  <- if (P9H > 0) {betaval(0.110, 0.059)} else if (GFLP9 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 

  Sl10 <- if (P10H > 0) {betaval(0.110, 0.059)} else if (GFLP10 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 

  Sl11 <- if (P11H > 0) {betaval(0.110, 0.059)} else if (GFLP11 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 

  Sl12 <- if (P12H > 0) {betaval(0.110, 0.059)} else if (GFLP12 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 
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  Sl13 <- if (P13H > 0) {betaval(0.110, 0.059)} else if (GFLP13 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 

  Sl14 <- if (P14H > 0) {betaval(0.110, 0.059)} else if (GFLP14 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 

  Sl15 <- if (P15H > 0) {betaval(0.110, 0.059)} else if (GFLP15 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 

  Sl16 <- if (P16H > 0) {betaval(0.110, 0.059)} else if (GFLP16 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 

  Sl17 <- if (P17H > 0) {betaval(0.110, 0.059)} else if (GFLP17 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 

  Sl18 <- if (P18H > 0) {betaval(0.110, 0.059)} else if (GFLP18 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 

  Sl19 <- if (P19H > 0) {betaval(0.110, 0.059)} else if (GFLP19 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 0.112) 

 

  # randomly assign density dependent coefficient for each pond (m^2 per larvae) 

  Ka1d  <- rnorm(1, 0.007, 0.000833) 

  Ka2d  <- rnorm(1, 0.007, 0.000833) 

  Ka3d  <- rnorm(1, 0.007, 0.000833) 

  Ka4d  <- rnorm(1, 0.007, 0.000833) 

  Ka5d  <- rnorm(1, 0.007, 0.000833) 

  Ka6d  <- rnorm(1, 0.007, 0.000833) 
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  Ka7d  <- rnorm(1, 0.007, 0.000833) 

  Ka8d  <- rnorm(1, 0.007, 0.000833) 

  Ka9d  <- rnorm(1, 0.007, 0.000833) 

  Ka10d <- rnorm(1, 0.007, 0.000833) 

  Ka11d <- rnorm(1, 0.007, 0.000833) 

  Ka12d <- rnorm(1, 0.007, 0.000833) 

  Ka13d <- rnorm(1, 0.007, 0.000833) 

  Ka14d <- rnorm(1, 0.007, 0.000833) 

  Ka15d <- rnorm(1, 0.007, 0.000833) 

  Ka16d <- rnorm(1, 0.007, 0.000833) 

  Ka17d <- rnorm(1, 0.007, 0.000833) 

  Ka18d <- rnorm(1, 0.007, 0.000833) 

  Ka19d <- rnorm(1, 0.007, 0.000833) 

 

  # hydroperiod group pond sizes 
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  semie <- 150 

  ephem <- 364 

  semip <- 578 

  permn <- 864 

 

  # dens. dep. expon 

  Ya <- 0      

   

  # calculate density dependent larvae survivorship 

  Sl1dd <- Sl1/((1+Ka1d*((B[1,1]*Se1)/ephem))^Ya) 

  Sl2dd <- Sl2/((1+Ka2d*((B[2,1]*Se2)/ephem))^Ya)   

  Sl3dd <- Sl3/((1+Ka3d*((B[3,1]*Se3)/ephem))^Ya)   

  Sl4dd <- Sl4/((1+Ka4d*((B[4,1]*Se4)/ephem))^Ya)   

  Sl5dd <- Sl5/((1+Ka5d*((B[5,1]*Se5)/semip))^Ya)   

  Sl6dd <- Sl6/((1+Ka6d*((B[6,1]*Se6)/semip))^Ya)   
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  Sl7dd <- Sl7/((1+Ka7d*((B[7,1]*Se7)/semip))^Ya)   

  Sl8dd <- Sl8/((1+Ka8d*((B[8,1]*Se8)/semip))^Ya)   

  Sl9dd <- Sl9/((1+Ka9d*((B[9,1]*Se9)/semip))^Ya)   

  Sl10dd <- Sl10/((1+Ka10d*((B[10,1]*Se10)/permn))^Ya)   

  Sl11dd <- Sl11/((1+Ka11d*((B[11,1]*Se11)/permn))^Ya)   

  Sl12dd <- Sl12/((1+Ka12d*((B[12,1]*Se12)/permn))^Ya)   

  Sl13dd <- Sl13/((1+Ka13d*((B[13,1]*Se13)/permn))^Ya)   

  Sl14dd <- Sl14/((1+Ka14d*((B[14,1]*Se14)/permn))^Ya)   

  Sl15dd <- Sl15/((1+Ka15d*((B[15,1]*Se15)/permn))^Ya)   

  Sl16dd <- Sl16/((1+Ka16d*((B[16,1]*Se16)/permn))^Ya)   

  Sl17dd <- Sl17/((1+Ka17d*((B[17,1]*Se17)/permn))^Ya)   

  Sl18dd <- Sl18/((1+Ka18d*((B[18,1]*Se18)/permn))^Ya)   

  Sl19dd <- Sl19/((1+Ka19d*((B[19,1]*Se19)/permn))^Ya)  

 

  # probability of pond drying earlier than metamorphosis complete 
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  SE <- 0.67  # semi-ephemeral 

  CE <- 0.92  # consistently ephemeral 

  SP <- 1  # semi-permanent 

  CP <- 1  # consistently permanent 

 

  Sl1ddc <- if (P1H > 0) {sample(c(Sl1dd, 0), 1, replace=TRUE, prob=c(CE, 1-CE))} else {Sl1dd} 

  Sl2ddc <- if (P2H > 0) {sample(c(Sl2dd, 0), 1, replace=TRUE, prob=c(CE, 1-CE))} else {Sl2dd} 

  Sl3ddc <- if (P3H > 0) {sample(c(Sl3dd, 0), 1, replace=TRUE, prob=c(CE, 1-CE))} else {Sl3dd} 

  Sl4ddc <- if (P4H > 0) {sample(c(Sl4dd, 0), 1, replace=TRUE, prob=c(CE, 1-CE))} else {Sl4dd} 

  Sl5ddc <- if (P5H > 0) {sample(c(Sl5dd, 0), 1, replace=TRUE, prob=c(SP, 1-SP))} else {Sl5dd} 

  Sl6ddc <- if (P6H > 0) {sample(c(Sl6dd, 0), 1, replace=TRUE, prob=c(SP, 1-SP))} else {Sl6dd} 

  Sl7ddc <- if (P7H > 0) {sample(c(Sl7dd, 0), 1, replace=TRUE, prob=c(SP, 1-SP))} else {Sl7dd} 

  Sl8ddc <- if (P8H > 0) {sample(c(Sl8dd, 0), 1, replace=TRUE, prob=c(SP, 1-SP))} else {Sl8dd} 

  Sl9ddc <- if (P9H > 0) {sample(c(Sl9dd, 0), 1, replace=TRUE, prob=c(SP, 1-SP))} else {Sl9dd} 
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  Sl10ddc <- if (P10H > 0) {sample(c(Sl10dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl10dd} 

  Sl11ddc <- if (P11H > 0) {sample(c(Sl11dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl11dd} 

  Sl12ddc <- if (P12H > 0) {sample(c(Sl12dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl12dd} 

  Sl13ddc <- if (P13H > 0) {sample(c(Sl13dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl13dd} 

  Sl14ddc <- if (P14H > 0) {sample(c(Sl14dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl14dd} 

  Sl15ddc <- if (P15H > 0) {sample(c(Sl15dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl15dd} 

  Sl16ddc <- if (P16H > 0) {sample(c(Sl16dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl16dd} 

  Sl17ddc <- if (P17H > 0) {sample(c(Sl17dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl17dd} 

  Sl18ddc <- if (P18H > 0) {sample(c(Sl18dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl18dd} 

  Sl19ddc <- if (P19H > 0) {sample(c(Sl19dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl19dd} 

 

  ## survival from metamorphosis to 1 year old 

  Sm   <- betaval(0.3775, 0.102)  

 

  # carry capacity for terrestrial environment 
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  Ytm <- 0 

  Ytj <- 0 

  Yts <- 0 

  Ytf <- 0 

   

  terrk <- rnorm(1, 2.67, 1.1) 

  Kt  <- 1/(terrk) 

 

  # total metamorph production 

  M1   <- B[1,1]*Se1*Sl1ddc 

  M2   <- B[2,1]*Se2*Sl2ddc 

  M3   <- B[3,1]*Se3*Sl3ddc 

  M4   <- B[4,1]*Se4*Sl4ddc 

  M5   <- B[5,1]*Se5*Sl5ddc 

  M6   <- B[6,1]*Se6*Sl6ddc 
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  M7   <- B[7,1]*Se7*Sl7ddc 

  M8   <- B[8,1]*Se8*Sl8ddc 

  M9   <- B[9,1]*Se9*Sl9ddc 

  M10  <- B[10,1]*Se10*Sl10ddc 

  M11  <- B[11,1]*Se11*Sl11ddc 

  M12  <- B[12,1]*Se12*Sl12ddc 

  M13  <- B[13,1]*Se13*Sl13ddc 

  M14  <- B[14,1]*Se14*Sl14ddc 

  M15  <- B[15,1]*Se15*Sl15ddc 

  M16  <- B[16,1]*Se16*Sl16ddc 

  M17  <- B[17,1]*Se17*Sl17ddc 

  M18  <- B[18,1]*Se18*Sl18ddc 

  M19  <- B[19,1]*Se19*Sl19ddc 

  Mtot <-M1+M2+M3+M4+M5+M6+M7+M8+M9+M10+M11+M12+M13+M14+M15+M16+M17+M18+M19 
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  Smdd <- Sm/((1+Kt*(Mtot/2000))^Ytm) 

  Sjdd <- Sj/((1+Kt*(B[20,1]/2000))^Ytj) 

  Ssadd <- Ssa/((1+Kt*(B[21,1]/2000))^Yts) 

  Ssbdd <- Ssb/((1+Kt*(B[22,1]/2000))^Yts) 

  Sfdd <- Sf/((1+Kt*(B[23,1]/2000))^Ytf) 

  

  ## survival from egg to 1 year 

  SOJ1  <- Se1*Sl1ddc*Sm 

  SOJ2  <- Se2*Sl2ddc*Sm 

  SOJ3  <- Se3*Sl3ddc*Sm 

  SOJ4  <- Se4*Sl4ddc*Sm 

  SOJ5  <- Se5*Sl5ddc*Sm 

  SOJ6  <- Se6*Sl6ddc*Sm 

  SOJ7  <- Se7*Sl7ddc*Sm 

  SOJ8  <- Se8*Sl8ddc*Sm 
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  SOJ9  <- Se9*Sl9ddc*Sm 

  SOJ10 <- Se10*Sl10ddc*Sm 

  SOJ11 <- Se11*Sl11ddc*Sm 

  SOJ12 <- Se12*Sl12ddc*Sm 

  SOJ13 <- Se13*Sl13ddc*Sm 

  SOJ14 <- Se14*Sl14ddc*Sm 

  SOJ15 <- Se15*Sl15ddc*Sm 

  SOJ16 <- Se16*Sl16ddc*Sm 

  SOJ17 <- Se17*Sl17ddc*Sm 

  SOJ18 <- Se18*Sl18ddc*Sm 

  SOJ19 <- Se19*Sl19ddc*Sm 

 

  SJJ  <- Sjdd*(1-Pjsa-Pjsb-Pjf) 

  SJSa <- Sjdd*Pjsa 

  SJSb <- Sjdd*Pjsb 
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  SJF  <- Sjdd*Pjf 

 

  SSa  <- Ssadd*(1-Psab-Psaf) 

  SSab <- Ssadd*(1-Psaf) 

  SSaF <- Ssadd*Psaf 

 

  SSb  <- Ssbdd*(1-Psbf) 

  SSbF <- Ssbdd*Psbf 

  SF   <- Sf 

 

  ## Fecundity values for subadults and adults 

  Fj1  <- Csj*Sjdd*Pjf*P1 

  Fsa1 <- Cssa*Ssadd*Psaf*P1 

  Fsb1 <- Csa*Ssbdd*Psbf*P1 

  Ff1  <- Csa*Sfdd*P1 
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  Fj2  <- Csj*Sjdd*Pjf*P2 

  Fsa2 <- Cssa*Ssadd*Psaf*P2 

  Fsb2 <- Csa*Ssbdd*Psbf*P2 

  Ff2  <- Csa*Sfdd*P2 

  Fj3  <- Csj*Sjdd*Pjf*P3 

  Fsa3 <- Cssa*Ssadd*Psaf*P3 

  Fsb3 <- Csa*Ssbdd*Psbf*P3 

  Ff3  <- Csa*Sfdd*P3 

  Fj4  <- Csj*Sjdd*Pjf*P4 

  Fsa4 <- Cssa*Ssadd*Psaf*P4 

  Fsb4 <- Csa*Ssbdd*Psbf*P4 

  Ff4  <- Csa*Sfdd*P4 

  Fj5  <- Csj*Sjdd*Pjf*P5 

  Fsa5 <- Cssa*Ssadd*Psaf*P5 

  Fsb5 <- Csa*Ssbdd*Psbf*P5 
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  Ff5  <- Csa*Sfdd*P5 

  Fj6  <- Csj*Sjdd*Pjf*P6 

  Fsa6 <- Cssa*Ssadd*Psaf*P6 

  Fsb6 <- Csa*Ssbdd*Psbf*P6 

  Ff6  <- Csa*Sfdd*P6 

  Fj7  <- Csj*Sjdd*Pjf*P7 

  Fsa7 <- Cssa*Ssadd*Psaf*P7 

  Fsb7 <- Csa*Ssbdd*Psbf*P7 

  Ff7  <- Csa*Sfdd*P7 

  Fj8  <- Csj*Sjdd*Pjf*P8 

  Fsa8 <- Cssa*Ssadd*Psaf*P8 

  Fsb8 <- Csa*Ssbdd*Psbf*P8 

  Ff8  <- Csa*Sfdd*P8 

  Fj9  <- Csj*Sjdd*Pjf*P9 

  Fsa9 <- Cssa*Ssadd*Psaf*P9 
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  Fsb9 <- Csa*Ssbdd*Psbf*P9 

  Ff9  <- Csa*Sfdd*P9 

  Fj10 <- Csj*Sjdd*Pjf*P10 

  Fsa10 <- Cssa*Ssadd*Psaf*P10 

  Fsb10 <- Csa*Ssbdd*Psbf*P10 

  Ff10  <- Csa*Sfdd*P10 

  Fj11  <- Csj*Sjdd*Pjf*P11 

  Fsa11 <- Cssa*Ssadd*Psaf*P11 

  Fsb11 <- Csa*Ssbdd*Psbf*P11 

  Ff11  <- Csa*Sfdd*P11 

  Fj12  <- Csj*Sjdd*Pjf*P12 

  Fsa12 <- Cssa*Ssadd*Psaf*P12 

  Fsb12 <- Csa*Ssbdd*Psbf*P12 

  Ff12  <- Csa*Sfdd*P12 

  Fj13  <- Csj*Sjdd*Pjf*P13 
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  Fsa13 <- Cssa*Ssadd*Psaf*P13 

  Fsb13 <- Csa*Ssbdd*Psbf*P13 

  Ff13  <- Csa*Sfdd*P13 

  Fj14  <- Csj*Sjdd*Pjf*P14 

  Fsa14 <- Cssa*Ssadd*Psaf*P14 

  Fsb14 <- Csa*Ssbdd*Psbf*P14 

  Ff14  <- Csa*Sfdd*P14 

  Fj15  <- Csj*Sjdd*Pjf*P15 

  Fsa15 <- Cssa*Ssadd*Psaf*P15 

  Fsb15 <- Csa*Ssbdd*Psbf*P15 

  Ff15  <- Csa*Sfdd*P15 

  Fj16  <- Csj*Sjdd*Pjf*P16 

  Fsa16 <- Cssa*Ssadd*Psaf*P16 

  Fsb16 <- Csa*Ssbdd*Psbf*P16 

  Ff16  <- Csa*Sfdd*P16 
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  Fj17  <- Csj*Sjdd*Pjf*P17 

  Fsa17 <- Cssa*Ssadd*Psaf*P17 

  Fsb17 <- Csa*Ssbdd*Psbf*P17 

  Ff17  <- Csa*Sfdd*P17 

  Fj18  <- Csj*Sjdd*Pjf*P18 

  Fsa18 <- Cssa*Ssadd*Psaf*P18 

  Fsb18 <- Csa*Ssbdd*Psbf*P18 

  Ff18  <- Csa*Sfdd*P18 

  Fj19  <- Csj*Sjdd*Pjf*P19 

  Fsa19 <- Cssa*Ssadd*Psaf*P19 

  Fsb19 <- Csa*Ssbdd*Psbf*P19 

  Ff19  <- Csa*Sfdd*P19 

  

  # assemble matrix 
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   WF <- matrix(c( 0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj1,     Fsa1,   Fsb1, Ff1,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj2,     Fsa2,   Fsb2, Ff2,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj3,     Fsa3,   Fsb3, Ff3,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj4,     Fsa4,   Fsb4, Ff4,   

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj5,     Fsa5,   Fsb5, Ff5,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj6,     Fsa6,   Fsb6, Ff6,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj7,     Fsa7,   Fsb7, Ff7,  
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      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj8,     Fsa8,   Fsb8, Ff8,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj9,     Fsa9,   Fsb9, Ff9,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj10,    Fsa10,  Fsb10, Ff10,   

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj11,    Fsa11,  Fsb11, Ff11,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj12,    Fsa12,  Fsb12, Ff12,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj13,    Fsa13,  Fsb13, Ff13,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj14,    Fsa14,  Fsb14, Ff14,  
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      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj15,    Fsa15,  Fsb15, Ff15,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj16,    Fsa16,  Fsb16, Ff16,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj17,    Fsa17,  Fsb17, Ff17,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj18,    Fsa18,  Fsb18, Ff18,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj19,    Fsa19,  Fsb19, Ff19,  

      SOJ1,  SOJ2,  SOJ3,  SOJ4,  SOJ5,  SOJ6,  SOJ7,  SOJ8,  SOJ9,  SOJ10,  SOJ11,  

SOJ12,  SOJ13,  SOJ14,  SOJ15,  SOJ16,  SOJ17,  SOJ18,  SOJ19, SJJ,     0,      0,  0, 

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     SJSa,    SSa,    0,  0, 
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      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     SJSb,    SSab,   SSb, 0,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     SJF,     SSaF,   SSbF, SF), 

      nrow = 23, byrow = TRUE, dimnames = list(ponds, ponds)) 

   

  

  # multiply matrix by starting vector 

  A <- WF%*%N 

 

   for (i in 1:100) 

   { 

   # pond hydroperiods (1=dry, 0=wet) 

   P1H <- sample(c(1, 0), 1, replace=TRUE, prob=c(1, 0))  # ag10 

   P2H <- sample(c(1, 0), 1, replace=TRUE, prob=c(1, 0))  # ag19 
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   P3H <- sample(c(1, 0), 1, replace=TRUE, prob=c(1, 0))  # ag23 

   P4H <- sample(c(1, 0), 1, replace=TRUE, prob=c(1, 0))  # ag41 

   P5H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0.5, 0.5)) # ag2 

   P6H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0.5, 0.5)) # ag3 

   P7H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0.5, 0.5)) # ag11 

   P8H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0.5, 0.5)) # ag12 

   P9H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0.5, 0.5)) # ag32 

   P10H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # ag42 

   P11H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # for4 

   P12H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # for16 

   P13H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # ag5 

   P14H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # ag7 

   P15H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # ag15 

   P16H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # ag24 

   P17H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # for1 
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   P18H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # for3 

   P19H <- sample(c(1, 0), 1, replace=TRUE, prob=c(0, 1))  # for8 

 

   ## embryo survivorship for each wetland 

   # permanant ponds have GFLs with probability of GFLP 

   # prob = 0 for ephemeral ponds, but prob = GFLP for all perm ponds 

   

   GFLP <- betaval(0.585, 0.111) 

   GFLP1 <- if (P1H > 0.5) {0} else {rbinom(1, size=1, prob=(GFLP))} 

   GFLP2 <- if (P2H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

   GFLP3 <- if (P3H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

   GFLP4 <- if (P4H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

   GFLP5 <- if (P5H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

   GFLP6 <- if (P6H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

   GFLP7 <- if (P7H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 
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   GFLP8 <- if (P8H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

   GFLP9 <- if (P9H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

   GFLP10 <- if (P10H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

   GFLP11 <- if (P11H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

   GFLP12 <- if (P12H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

   GFLP13 <- if (P13H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

   GFLP14 <- if (P14H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

   GFLP15 <- if (P15H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

   GFLP16 <- if (P16H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

   GFLP17 <- if (P17H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

   GFLP18 <- if (P18H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

   GFLP19 <- if (P19H > 0.5) (An et al.) else {rbinom(1, size=1, prob=(GFLP))} 

 

   ## embryo mort = ephem (0.633, 0.118), perm no gfl (0.599, 0.316), perm gfl(0.196, 0.235) 
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   Se1  <- if (P1H > 0) {betaval(0.633, 0.118)} else if (GFLP1 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 

   Se2  <- if (P2H > 0) {betaval(0.633, 0.118)} else if (GFLP2 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 

   Se3  <- if (P3H > 0) {betaval(0.633, 0.118)} else if (GFLP3 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 

   Se4  <- if (P4H > 0) {betaval(0.633, 0.118)} else if (GFLP4 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 

   Se5  <- if (P5H > 0) {betaval(0.633, 0.118)} else if (GFLP5 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 

   Se6  <- if (P6H > 0) {betaval(0.633, 0.118)} else if (GFLP6 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 

   Se7  <- if (P7H > 0) {betaval(0.633, 0.118)} else if (GFLP7 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 
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   Se8  <- if (P8H > 0) {betaval(0.633, 0.118)} else if (GFLP8 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 

   Se9  <- if (P9H > 0) {betaval(0.633, 0.118)} else if (GFLP9 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 

   Se10 <- if (P10H > 0) {betaval(0.633, 0.118)} else if (GFLP10 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 

   Se11 <- if (P11H > 0) {betaval(0.633, 0.118)} else if (GFLP11 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 

   Se12 <- if (P12H > 0) {betaval(0.633, 0.118)} else if (GFLP12 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 

   Se13 <- if (P13H > 0) {betaval(0.633, 0.118)} else if (GFLP13 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 

   Se14 <- if (P14H > 0) {betaval(0.633, 0.118)} else if (GFLP14 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 
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   Se15 <- if (P15H > 0) {betaval(0.633, 0.118)} else if (GFLP15 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 

   Se16 <- if (P16H > 0) {betaval(0.633, 0.118)} else if (GFLP16 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 

   Se17 <- if (P17H > 0) {betaval(0.633, 0.118)} else if (GFLP17 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 

   Se18 <- if (P18H > 0) {betaval(0.633, 0.118)} else if (GFLP18 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 

   Se19 <- if (P19H > 0) {betaval(0.633, 0.118)} else if (GFLP19 > 0) {betaval(0.196, 0.235)} else betaval(0.599, 

0.316) 

 

   ## larvae survivorship for each wetland 

   

   Sl1  <- if (P1H > 0) {betaval(0.110, 0.059)} else if (GFLP1 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 
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   Sl2  <- if (P2H > 0) {betaval(0.110, 0.059)} else if (GFLP2 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 

   Sl3  <- if (P3H > 0) {betaval(0.110, 0.059)} else if (GFLP3 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 

   Sl4  <- if (P4H > 0) {betaval(0.110, 0.059)} else if (GFLP4 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 

   Sl5  <- if (P5H > 0) {betaval(0.110, 0.059)} else if (GFLP5 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 

   Sl6  <- if (P6H > 0) {betaval(0.110, 0.059)} else if (GFLP6 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 

   Sl7  <- if (P7H > 0) {betaval(0.110, 0.059)} else if (GFLP7 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 

   Sl8  <- if (P8H > 0) {betaval(0.110, 0.059)} else if (GFLP8 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 
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   Sl9  <- if (P9H > 0) {betaval(0.110, 0.059)} else if (GFLP9 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 

   Sl10 <- if (P10H > 0) {betaval(0.110, 0.059)} else if (GFLP10 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 

   Sl11 <- if (P11H > 0) {betaval(0.110, 0.059)} else if (GFLP11 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 

   Sl12 <- if (P12H > 0) {betaval(0.110, 0.059)} else if (GFLP12 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 

   Sl13 <- if (P13H > 0) {betaval(0.110, 0.059)} else if (GFLP13 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 

   Sl14 <- if (P14H > 0) {betaval(0.110, 0.059)} else if (GFLP14 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 

   Sl15 <- if (P15H > 0) {betaval(0.110, 0.059)} else if (GFLP15 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 
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   Sl16 <- if (P16H > 0) {betaval(0.110, 0.059)} else if (GFLP16 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 

   Sl17 <- if (P17H > 0) {betaval(0.110, 0.059)} else if (GFLP17 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 

   Sl18 <- if (P18H > 0) {betaval(0.110, 0.059)} else if (GFLP18 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 

   Sl19 <- if (P19H > 0) {betaval(0.110, 0.059)} else if (GFLP19 > 0) {betaval(0.017, 0.031)} else betaval(0.095, 

0.112) 

 

   # randomly assign density dependent coefficient for each pond (m^2 per larvae) 

 

   Ka1d  <- rnorm(1, 0.007, 0.000833) 

   Ka2d  <- rnorm(1, 0.007, 0.000833) 

   Ka3d  <- rnorm(1, 0.007, 0.000833) 

   Ka4d  <- rnorm(1, 0.007, 0.000833) 



 

 

3
1

1
 

   Ka5d  <- rnorm(1, 0.007, 0.000833) 

   Ka6d  <- rnorm(1, 0.007, 0.000833) 

   Ka7d  <- rnorm(1, 0.007, 0.000833) 

   Ka8d  <- rnorm(1, 0.007, 0.000833) 

   Ka9d  <- rnorm(1, 0.007, 0.000833) 

   Ka10d <- rnorm(1, 0.007, 0.000833) 

   Ka11d <- rnorm(1, 0.007, 0.000833) 

   Ka12d <- rnorm(1, 0.007, 0.000833) 

   Ka13d <- rnorm(1, 0.007, 0.000833) 

   Ka14d <- rnorm(1, 0.007, 0.000833) 

   Ka15d <- rnorm(1, 0.007, 0.000833) 

   Ka16d <- rnorm(1, 0.007, 0.000833) 

   Ka17d <- rnorm(1, 0.007, 0.000833) 

   Ka18d <- rnorm(1, 0.007, 0.000833) 

   Ka19d <- rnorm(1, 0.007, 0.000833) 
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   # hydroperiod group pond sizes 

 

   semie <- 150 

   ephem <- 364 

   semip <- 578 

   permn <- 864 

 

   # dens. dep. expon 

 

   Ya <- 0      

   

   # calculate density dependent larvae survivorship 

 

   Sl1dd <- Sl1/((1+Ka1d*((A[1,1]*Se1)/ephem))^Ya) 
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   Sl2dd <- Sl2/((1+Ka2d*((A[2,1]*Se2)/ephem))^Ya)   

   Sl3dd <- Sl3/((1+Ka3d*((A[3,1]*Se3)/ephem))^Ya)   

   Sl4dd <- Sl4/((1+Ka4d*((A[4,1]*Se4)/ephem))^Ya)   

   Sl5dd <- Sl5/((1+Ka5d*((A[5,1]*Se5)/semip))^Ya)   

   Sl6dd <- Sl6/((1+Ka6d*((A[6,1]*Se6)/semip))^Ya)   

   Sl7dd <- Sl7/((1+Ka7d*((A[7,1]*Se7)/semip))^Ya)   

   Sl8dd <- Sl8/((1+Ka8d*((A[8,1]*Se8)/semip))^Ya)   

   Sl9dd <- Sl9/((1+Ka9d*((A[9,1]*Se9)/semip))^Ya)   

   Sl10dd <- Sl10/((1+Ka10d*((A[10,1]*Se10)/permn))^Ya)   

   Sl11dd <- Sl11/((1+Ka11d*((A[11,1]*Se11)/permn))^Ya)   

   Sl12dd <- Sl12/((1+Ka12d*((A[12,1]*Se12)/permn))^Ya)   

   Sl13dd <- Sl13/((1+Ka13d*((A[13,1]*Se13)/permn))^Ya)   

   Sl14dd <- Sl14/((1+Ka14d*((A[14,1]*Se14)/permn))^Ya)   

   Sl15dd <- Sl15/((1+Ka15d*((A[15,1]*Se15)/permn))^Ya)   

   Sl16dd <- Sl16/((1+Ka16d*((A[16,1]*Se16)/permn))^Ya)   
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   Sl17dd <- Sl17/((1+Ka17d*((A[17,1]*Se17)/permn))^Ya)   

   Sl18dd <- Sl18/((1+Ka18d*((A[18,1]*Se18)/permn))^Ya)   

   Sl19dd <- Sl19/((1+Ka19d*((A[19,1]*Se19)/permn))^Ya)  

 

   # probability of pond drying earlier that metamorphs 

 

   SE <- 0.67  # semi-ephemeral 

   CE <- 0.92  # consistently ephemeral 

   SP <- 1  # semi-permanent 

   CP <- 1  # consistently permanent 

 

   Sl1ddc <- if (P1H > 0) {sample(c(Sl1dd, 0), 1, replace=TRUE, prob=c(CE, 1-CE))} else {Sl1dd} 

   Sl2ddc <- if (P2H > 0) {sample(c(Sl2dd, 0), 1, replace=TRUE, prob=c(CE, 1-CE))} else {Sl2dd} 

   Sl3ddc <- if (P3H > 0) {sample(c(Sl3dd, 0), 1, replace=TRUE, prob=c(CE, 1-CE))} else {Sl3dd} 

   Sl4ddc <- if (P4H > 0) {sample(c(Sl4dd, 0), 1, replace=TRUE, prob=c(CE, 1-CE))} else {Sl4dd} 
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   Sl5ddc <- if (P5H > 0) {sample(c(Sl5dd, 0), 1, replace=TRUE, prob=c(SP, 1-SP))} else {Sl5dd} 

   Sl6ddc <- if (P6H > 0) {sample(c(Sl6dd, 0), 1, replace=TRUE, prob=c(SP, 1-SP))} else {Sl6dd} 

   Sl7ddc <- if (P7H > 0) {sample(c(Sl7dd, 0), 1, replace=TRUE, prob=c(SP, 1-SP))} else {Sl7dd} 

   Sl8ddc <- if (P8H > 0) {sample(c(Sl8dd, 0), 1, replace=TRUE, prob=c(SP, 1-SP))} else {Sl8dd} 

   Sl9ddc <- if (P9H > 0) {sample(c(Sl9dd, 0), 1, replace=TRUE, prob=c(SP, 1-SP))} else {Sl9dd} 

   Sl10ddc <- if (P10H > 0) {sample(c(Sl10dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl10dd} 

   Sl11ddc <- if (P11H > 0) {sample(c(Sl11dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl11dd} 

   Sl12ddc <- if (P12H > 0) {sample(c(Sl12dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl12dd} 

   Sl13ddc <- if (P13H > 0) {sample(c(Sl13dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl13dd} 

   Sl14ddc <- if (P14H > 0) {sample(c(Sl14dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl14dd} 

   Sl15ddc <- if (P15H > 0) {sample(c(Sl15dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl15dd} 

   Sl16ddc <- if (P16H > 0) {sample(c(Sl16dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl16dd} 

   Sl17ddc <- if (P17H > 0) {sample(c(Sl17dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl17dd} 

   Sl18ddc <- if (P18H > 0) {sample(c(Sl18dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl18dd} 

   Sl19ddc <- if (P19H > 0) {sample(c(Sl19dd, 0), 1, replace=TRUE, prob=c(CP, 1-CP))} else {Sl19dd} 
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   ## survival from metamorphosis to 1 year old 

   Sm   <- betaval(0.385, 0.102) 

 

   ## other survival and transition probabilities 

   Csj  <- rnorm(1, 318, 31.61)  # clutch size of juveniles who mature in year 3 

   Cssa <- rnorm(1, 368, 31.61)  # clutch size of 1st year subadults 

   Cssb <- rnorm(1, 418, 31.61)  # clutch size of 2nd year subadults 

   Csa  <- rnorm(1, 418, 31.61)  # clutch size of adults 

 

   Sj  <- betaval(0.249, 0.158)   # juvenile survival 

   Ssa <- betaval(0.676, 0.1)  # 1st year subadult survival 

   Ssb <- betaval(0.736, 0.1)  # 2nd year subadult survival 

   Sf  <- betaval(0.178, 0.13)  # adult female survival 
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   Pjsa <- betaval(0.9, 0.05)  # probability of transitioning from a juvenile to a 1st subadult 

   Pjsb <- 0     # probability of transitioning from a juvenile to a 2nd subadult 

   Pjf  <- 1-Pjsa-Pjsb    # probability of transitioning from a juvenile to a adult 

 

   Psab <- betaval(0.42, 0.1)  # probability of transitioning from a 1st subadult to a 2nd subadult 

 

   Psaf <- 1-Psab    # probability of transitioning from a 1st subadult to an adult 

   Psbf <- 1     # probability of transitioning from a 2nd subadult to an adult 

 

   # carry capacity for terrestrial environment 

   Ytm <- 0 

   Ytj <- 0 

   Yts <- 0 

   Ytf <- 0 
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   terrk <- rnorm(1, 2.67, 1.1) 

   Kt <- 1/(terrk) 

 

   # total metamorph production 

   M1  <- A[1,1]*Se1*Sl1ddc 

   M2  <- A[2,1]*Se2*Sl2ddc 

   M3  <- A[3,1]*Se3*Sl3ddc 

   M4  <- A[4,1]*Se4*Sl4ddc 

   M5  <- A[5,1]*Se5*Sl5ddc 

   M6  <- A[6,1]*Se6*Sl6ddc 

   M7  <- A[7,1]*Se7*Sl7ddc 

   M8  <- A[8,1]*Se8*Sl8ddc 

   M9  <- A[9,1]*Se9*Sl9ddc 

   M10  <- A[10,1]*Se10*Sl10ddc 

   M11  <- A[11,1]*Se11*Sl11ddc 
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   M12  <- A[12,1]*Se12*Sl12ddc 

   M13  <- A[13,1]*Se13*Sl13ddc 

   M14  <- A[14,1]*Se14*Sl14ddc 

   M15  <- A[15,1]*Se15*Sl15ddc 

   M16  <- A[16,1]*Se16*Sl16ddc 

   M17  <- A[17,1]*Se17*Sl17ddc 

   M18  <- A[18,1]*Se18*Sl18ddc 

   M19  <- A[19,1]*Se19*Sl19ddc 

   Mtot <-M1+M2+M3+M4+M5+M6+M7+M8+M9+M10+M11+M12+M13+M14+M15+M16+M17+M18+M19 

   

   Smdd <- Sm/((1+Kt*(Mtot/2000))^Ytm) 

   Sjdd <- Sj/((1+Kt*(A[20,1]/2000))^Ytj) 

   Ssadd <- Ssa/((1+Kt*(A[21,1]/2000))^Yts) 

   Ssbdd <- Ssb/((1+Kt*(A[22,1]/2000))^Yts) 

   Sfdd <- Sf/((1+Kt*(A[23,1]/2000))^Ytf) 
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   ## survival from egg to 1 year 

   SOJ1  <- Se1*Sl1ddc*Sm 

   SOJ2  <- Se2*Sl2ddc*Sm 

   SOJ3  <- Se3*Sl3ddc*Sm 

   SOJ4  <- Se4*Sl4ddc*Sm 

   SOJ5  <- Se5*Sl5ddc*Sm 

   SOJ6  <- Se6*Sl6ddc*Sm 

   SOJ7  <- Se7*Sl7ddc*Sm 

   SOJ8  <- Se8*Sl8ddc*Sm 

   SOJ9  <- Se9*Sl9ddc*Sm 

   SOJ10 <- Se10*Sl10ddc*Sm 

   SOJ11 <- Se11*Sl11ddc*Sm 

   SOJ12 <- Se12*Sl12ddc*Sm 

   SOJ13 <- Se13*Sl13ddc*Sm 
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   SOJ14 <- Se14*Sl14ddc*Sm 

   SOJ15 <- Se15*Sl15ddc*Sm 

   SOJ16 <- Se16*Sl16ddc*Sm 

   SOJ17 <- Se17*Sl17ddc*Sm 

   SOJ18 <- Se18*Sl18ddc*Sm 

   SOJ19 <- Se19*Sl19ddc*Sm 

 

   SJJ  <- Sjdd*(1-Pjsa-Pjsb-Pjf) 

   SJSa <- Sjdd*Pjsa 

   SJSb <- Sjdd*Pjsb 

   SJF  <- Sjdd*Pjf 

 

   SSa  <- Ssadd*(1-Psab-Psaf) 

   SSab <- Ssadd*(1-Psaf) 

   SSaF <- SSa*Psaf 
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   SSb  <- Ssbdd*(1-Psbf) 

   SSbF <- Ssbdd*Psbf 

   SF   <- Sf 

 

   ## Fecundity values for subadults and adults 

   Fj1  <- Csj*Sjdd*Pjf*P1 

   Fsa1 <- Cssa*Ssadd*Psaf*P1 

   Fsb1 <- Csa*Ssbdd*Psbf*P1 

   Ff1  <- Csa*Sfdd*P1 

   Fj2  <- Csj*Sjdd*Pjf*P2 

   Fsa2 <- Cssa*Ssadd*Psaf*P2 

   Fsb2 <- Csa*Ssbdd*Psbf*P2 

   Ff2  <- Csa*Sfdd*P2 

   Fj3  <- Csj*Sjdd*Pjf*P3 
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   Fsa3 <- Cssa*Ssadd*Psaf*P3 

   Fsb3 <- Csa*Ssbdd*Psbf*P3 

   Ff3  <- Csa*Sfdd*P3 

   Fj4  <- Csj*Sjdd*Pjf*P4 

   Fsa4 <- Cssa*Ssadd*Psaf*P4 

   Fsb4 <- Csa*Ssbdd*Psbf*P4 

   Ff4  <- Csa*Sfdd*P4 

   Fj5  <- Csj*Sjdd*Pjf*P5 

   Fsa5 <- Cssa*Ssadd*Psaf*P5 

   Fsb5 <- Csa*Ssbdd*Psbf*P5 

   Ff5  <- Csa*Sfdd*P5 

   Fj6  <- Csj*Sjdd*Pjf*P6 

   Fsa6 <- Cssa*Ssadd*Psaf*P6 

   Fsb6 <- Csa*Ssbdd*Psbf*P6 

   Ff6  <- Csa*Sfdd*P6 
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   Fj7  <- Csj*Sjdd*Pjf*P7 

   Fsa7 <- Cssa*Ssadd*Psaf*P7 

   Fsb7 <- Csa*Ssbdd*Psbf*P7 

   Ff7  <- Csa*Sfdd*P7 

   Fj8  <- Csj*Sjdd*Pjf*P8 

   Fsa8 <- Cssa*Ssadd*Psaf*P8 

   Fsb8 <- Csa*Ssbdd*Psbf*P8 

   Ff8  <- Csa*Sfdd*P8 

   Fj9  <- Csj*Sjdd*Pjf*P9 

   Fsa9 <- Cssa*Ssadd*Psaf*P9 

   Fsb9 <- Csa*Ssbdd*Psbf*P9 

   Ff9  <- Csa*Sfdd*P9 

   Fj10 <- Csj*Sjdd*Pjf*P10 

   Fsa10 <- Cssa*Ssadd*Psaf*P10 

   Fsb10 <- Csa*Ssbdd*Psbf*P10 
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   Ff10  <- Csa*Sfdd*P10 

   Fj11  <- Csj*Sjdd*Pjf*P11 

   Fsa11 <- Cssa*Ssadd*Psaf*P11 

   Fsb11 <- Csa*Ssbdd*Psbf*P11 

   Ff11  <- Csa*Sfdd*P11 

   Fj12  <- Csj*Sjdd*Pjf*P12 

   Fsa12 <- Cssa*Ssadd*Psaf*P12 

   Fsb12 <- Csa*Ssbdd*Psbf*P12 

   Ff12  <- Csa*Sfdd*P12 

   Fj13  <- Csj*Sjdd*Pjf*P13 

   Fsa13 <- Cssa*Ssadd*Psaf*P13 

   Fsb13 <- Csa*Ssbdd*Psbf*P13 

   Ff13  <- Csa*Sfdd*P13 

   Fj14  <- Csj*Sjdd*Pjf*P14 

   Fsa14 <- Cssa*Ssadd*Psaf*P14 
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   Fsb14 <- Csa*Ssbdd*Psbf*P14 

   Ff14  <- Csa*Sfdd*P14 

   Fj15  <- Csj*Sjdd*Pjf*P15 

   Fsa15 <- Cssa*Ssadd*Psaf*P15 

   Fsb15 <- Csa*Ssbdd*Psbf*P15 

   Ff15  <- Csa*Sfdd*P15 

   Fj16  <- Csj*Sjdd*Pjf*P16 

   Fsa16 <- Cssa*Ssadd*Psaf*P16 

   Fsb16 <- Csa*Ssbdd*Psbf*P16 

   Ff16  <- Csa*Sfdd*P16 

   Fj17  <- Csj*Sjdd*Pjf*P17 

   Fsa17 <- Cssa*Ssadd*Psaf*P17 

   Fsb17 <- Csa*Ssbdd*Psbf*P17 

   Ff17  <- Csa*Sfdd*P17 

   Fj18  <- Csj*Sjdd*Pjf*P18 
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   Fsa18 <- Cssa*Ssadd*Psaf*P18 

   Fsb18 <- Csa*Ssbdd*Psbf*P18 

   Ff18  <- Csa*Sfdd*P18 

   Fj19  <- Csj*Sjdd*Pjf*P19 

   Fsa19 <- Cssa*Ssadd*Psaf*P19 

   Fsb19 <- Csa*Ssbdd*Psbf*P19 

   Ff19  <- Csa*Sfdd*P19 

  

   # assemble matrix 

   WF <- matrix(c( 0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj1,     Fsa1,   Fsb1, Ff1,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj2,     Fsa2,   Fsb2, Ff2,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj3,     Fsa3,   Fsb3, Ff3,  
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      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj4,     Fsa4,   Fsb4, Ff4,   

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj5,     Fsa5,   Fsb5, Ff5,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj6,     Fsa6,   Fsb6, Ff6,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj7,     Fsa7,   Fsb7, Ff7,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj8,     Fsa8,   Fsb8, Ff8,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj9,     Fsa9,   Fsb9, Ff9,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj10,    Fsa10,  Fsb10, Ff10,   
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      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj11,    Fsa11,  Fsb11, Ff11,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj12,    Fsa12,  Fsb12, Ff12,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj13,    Fsa13,  Fsb13, Ff13,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj14,    Fsa14,  Fsb14, Ff14,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj15,    Fsa15,  Fsb15, Ff15,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj16,    Fsa16,  Fsb16, Ff16,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj17,    Fsa17,  Fsb17, Ff17,  
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      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj18,    Fsa18,  Fsb18, Ff18,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     Fj19,    Fsa19,  Fsb19, Ff19,  

      SOJ1,  SOJ2,  SOJ3,  SOJ4,  SOJ5,  SOJ6,  SOJ7,  SOJ8,  SOJ9,  SOJ10,  SOJ11,  

SOJ12,  SOJ13,  SOJ14,  SOJ15,  SOJ16,  SOJ17,  SOJ18,  SOJ19, SJJ,     0,      0,  0, 

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     SJSa,    SSa,    0,  0, 

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     SJSb,    SSab,   SSb, 0,  

      0,     0,     0,     0,     0,     0,     0,     0,     0,     0,      0,      0,      0,      0,      0,      0,      0,      

0,      0,     SJF,     SSaF,   SSbF, SF), 

      nrow = 23, byrow = TRUE, dimnames = list(ponds, ponds)) 

   

   # multiply matrix by previous vector 
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   A <-WF%*%A 

   results[i] <- data.frame (A) 

   } 

 

  df <- NULL 

  df <- data.frame(matrix(unlist(results), nrow=100, byrow=T)) 

  df$popN <-df$X23 

  df1 <- df[2:100,] 

  colnames(df1) <-c("X1", "X2", "X3", "X4", "X5", "X6", "X7", "X8", "X9", "X10", "X11", "X12", "X13", "X14", 

"X15", "X16", "X17", "X18", "X19", "X20", "X21", "X22", "X23", "popNt1") 

  length(df1)=length(df) 

  new.row <- data.frame(X1=NA, X2=NA, X3=NA, X4=NA, X5=NA, X6=NA, X7=NA, X8=NA, X9=NA, X10=NA, 

X11=NA, X12=NA, X13=NA, X14=NA, X15=NA, X16=NA, X17=NA, X18=NA, X19=NA, X20=NA, X21=NA, X22=NA, 

X23=NA, popNt1=NA, stringsAsFactors=F) 

  df2 <- rbind.fill(df1, new.row) 
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  df3 <-cbind(df2[c("popNt1")], df[c("popN")]) 

  df3$r <- (df3$popNt1-df3$popN)/df3$popN 

  df3$lambda <- (df3$popNt1/df3$popN) 

  df3$adult.pop <- df$X23 

  growth[j] <- median(df3$lambda, na.rm=TRUE) 

  N.females[j] <- df3$adult.pop[[100]] 

  } 

 

 growth[mapply(is.infinite, growth)] <- NA 

 RUN.RES$growth[t]    <- median(growth,na.rm=TRUE) 

 RUN.RES$persist[t]   <- sum(N.females > 1)/1000 

 RUN.RES$N.females.med[t] <- median(N.females,na.rm=TRUE) 

 } 

 

RUN.RES1 <- data.frame(RUN.RES) 
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RUN.RES1 

beep() 
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Appendix 4.3. Values altered for different scenarios. 

A) Hydroperiod scenarios 

 Number of ponds of each hydroperiod type  Probability of premature drying 

scenario # highly-ephemeral ephemeral semi-permanent permanent  highly ephemeral ephemeral 

1 0 0 0 19  0.21 0.00 

2 0 0 4 15  0.25 0.00 

3 0 2 4 13  0.29 0.04 

4 0 4 5 10  0.33 0.08 

5 2 5 7 5  0.37 0.12 

6 4 5 10 0  0.41 0.16 

7 9 10 0 0  0.45 0.20 

8 19 0 0 0  0.49 0.24 

9 0 0 19 0  0.33 0.08 

10 0 19 0 0  0.33 0.08 
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B) Increasing green frog larvae occupancy 

 Green frog larvae occupancy rate 

scenario # mean sd 

1 0 0 

2 0.1 0.1 

3 0.2 0.1 

4 0.3 0.1 

5 0.4 0.1 

6 0.5 0.1 

7 0.6 0.1 

8 0.7 0.1 

9 0.8 0.1 

10 0.9 0.1 

11 1 0 
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C) Reduced time to maturity – model based estimates of the proportion that mature in each year based on literature, and 

associated parameter estimates. See Table 4-1 for the definitions of the parameter estimates. 

 

Growing season length Proportion that mature in each year Parameter estimates 

(days) Year 2 Year 3 Year 4 Year 5 Year 6 Pjf Pjsa Psaf Psab Psbf 

125 0.00 0.10 0.53 0.35 0.03 0.10 0.90 0.58 0.42 1.00 

130 0.00 0.19 0.48 0.31 0.03 0.19 0.81 0.59 0.41 1.00 

135 0.01 0.27 0.43 0.27 0.03 0.28 0.72 0.59 0.41 1.00 

140 0.01 0.36 0.38 0.23 0.02 0.37 0.63 0.60 0.40 1.00 

145 0.01 0.45 0.33 0.19 0.02 0.46 0.54 0.60 0.40 1.00 

150 0.02 0.54 0.28 0.16 0.02 0.56 0.44 0.62 0.38 1.00 

155 0.02 0.63 0.22 0.12 0.01 0.65 0.35 0.63 0.37 1.00 

160 0.03 0.72 0.17 0.08 0.01 0.74 0.26 0.66 0.34 1.00 

165 0.03 0.80 0.12 0.04 0.01 0.83 0.17 0.72 0.28 1.00 

170 0.03 0.89 0.07 0.00 0.00 0.92 0.08 0.92 0.08 1.00 
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D) Density dependence  

 

 Density dependent exponent 

Hydroperiod scenario # Y =  Y =  Y =  Y =  

1 (19 perm) 0.5 1.0 1.5 2.0 

2 (4 semi-perm, 15 perm) 0.5 1.0 1.5 2.0 

3 (2 ephem, 4 semi-perm, 13 perm) 0.5 1.0 1.5 2.0 

4 (4 ephem, 5 semi-perm, 10 perm) 0.5 1.0 1.5 2.0 

5 (2 highly-ephem, 5 ephem, 7 semi-perm, 5 perm) 0.5 1.0 1.5 2.0 

6 (4 highly-ephem, 5 ephem, 10 semi-perm) 0.5 1.0 1.5 2.0 

7 (9 highly-ephem, 10 ephem) 0.5 1.0 1.5 2.0 

8 (19 highly-ephem) 0.5 1.0 1.5 2.0 

9 (19 semi-perm) 0.5 1.0 1.5 2.0 

10 (19 ephem) 0.5 1.0 1.5 2.0 
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Appendix 5.1. Song Scope V.4.1.3 A variables used in recognizer development and the 

number of different settings evaluated in the variable sensitivity analysis 

Variable Range 

Number 

of possible 

states 

Description 

Number of 

models 

evaluated 

Maximum  

complexity 
16 -- 48 32 

Also known as “model 

states”; controls the 

maximum number of 

different “versions” of call 

the recognizer can model. 

9 

Maximum 

 resolution 
4 -- 32 28 

Also known as the “feature 

vector length”; controls the 

maximum number of 

dimensions that can be 

modelled. 

8 

FFT size 32 -- 4096 8 

Controls the spectrogram 

by adjusting the spectral 

and temporal bin size 

through the Fast Fourier 

Transform algorithm. 

8 

FFT overlap 0 -- 7/8 4 

Controls the amount of 

overlap between the 

spectrogram bins. 

4 

Dynamic  

range 
10 -- 90 80 

Limits the decibel range of 

signals that will be detected 

when compared to the 

strongest signal. 

9 

Background  

filter 
0 -- 5s 6 

Sets the amount of time 

used to calculate the 

average background noise 

and then remove it from the 

spectrogram. 

6 

Maximum   

syllable 

length 

1 -- 2000 2000 

Sets the maximum length 

(in milliseconds) of a 

syllable in the vocalization 

of interest. 

10 

Maximum  

syllable gap 
1 -- 2000 2000 

Sets the maximum gap (in 

milliseconds) between two 

syllables in the vocalization 

of interest 

10 

Maximum 

song length 
1 -- 60000 60000 

Sets the maximum length 

(in milliseconds) of the 

complete vocalization. 

11 
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Appendix 5.2. Final recognizer model settings 

The variable settings and Song Scope performance statistics for the three final recognizer 

models (built using the iterative optimization approach) and the original model (built 

using the trial and error approach). Recognizer model 1-1 placed equal weight on 

minimizing Type I and II errors, the 5-1 recognizer model placed 5x the weight on 

minimizing Type I errors over Type II errors, the 1-5 recognizer model placed 5x the 

weight on minimizing Type II errors over Type I errors, and the original recognizer 

model was designed using a faster approach maximizing fit to the training data. 

 

 

Recognizer Models 

 

Variable 1--1 5--1 1--5 Original 

Max complexity 32 28 32 32 

Max resolution 4 4 4 10 

FFT size 1024 1024 256 256 

FFT overlap 0.5 0.5 0.5 0.5 

Background filter 2 1 2 1 

Dynamic range (dB) 20 20 20 25 

Max syllable (ms) 260 300 260 56 

Max syllable gap (ms) 50 290 10 56 

Max song (ms) 5000 5000 5000 200 

Frequency min 36 36 9 9 

Frequency range 112 112 28 30 

     
Cross Training (%) 72.85 ± 11.06 72.77 ± 8.59 73.52 ± 12.6 66.37 ± 10.81 

Total Training (%) 73.07 ± 10.72 72.55 ± 8.94 73.29 ± 14.23 66.45 ± 11.26 

Model States 30 27 30 30 

State Usage 3 ± 2 3 ± 2 5 ± 4 7 ± 5 

Feature Vector 4 4 4 10 

Mean Symbols 4 ± 3 4 ± 3 7 ± 7 11 ± 9 

Syllable Types 8 7 5 5 

Mean Duration (s) 0.19 ± 0.1 0.19  ± 0.1 0.08 ± 0.07 0.13 ± 0.1 
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Appendix 5.3. Individual variable selection figures 

Appendix 5.3.1. The effect of background filter setting changes on the recognizer 

parameter estimates conditional precision and the conditional sensitivity. 
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Appendix 5.3.2. The effect of dynamic range setting changes on the recognizer parameter 

estimates conditional precision and the conditional sensitivity. 
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Appendix 5.3.3. The effect of FFT overlap setting changes on the recognizer parameter 

estimates conditional precision and the conditional sensitivity. 
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Appendix 5.3.4. The effect of FFT size setting changes on the recognizer parameter 

estimates conditional precision and the conditional sensitivity. 
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Appendix 5.3.5. The effect of maximum complexity setting changes on the recognizer 

parameter estimates conditional precision and the conditional sensitivity. 
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Appendix 5.3.6. The effect of maximum resolution setting changes on the recognizer 

parameter estimates conditional precision and the conditional sensitivity. 
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Appendix 5.3.7. The effect of maximum song length changes on the recognizer parameter 

estimates conditional precision and the conditional sensitivity. 
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Appendix 5.3.8. The effect of maximum syllable gap length changes on the recognizer 

parameter estimates conditional precision and the conditional sensitivity. 
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Appendix 5.3.9. The effect of maximum syllable length changes on the recognizer 

parameter estimates conditional precision and the conditional sensitivity. 
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Appendix 6.1. Details of the acoustic data from sites New Brunswick in 2015 and 2016 used for model development and 

predictions. Duration is the number of days that wood frogs called for at that site. Raw total n hits is the total number of recognizer 

matches made at the site. Mean raw hits/day is the average number of recognizer matches per day. Max hits/day is the number of 

recognizer matches on the day with the most recognizer matches. Type I error rate is the false positive rate for the recognizer at that 

site. Cor. total hits is the total number of recognizer matches after correction by the Type I error rate. Cor. mean hits/day is the average 

number of recognizer matches per day after correction by the Type I error rate. Cor. max hits/day is the number of recognizer matches 

on the day with the most recognizer matches after correction by the Type I error rate. Total EM laid is the total number of egg masses 

laid at that site. 

 

Year Site ID 
Duration 

(days) 

Raw total 

n hits 

Mean raw 

hits/day 

Max 

hits/day 

Type I 

error rate 

Cor. total 

n hits 

Cor. mean 

hits/day 

Cor. max 

hits/day 

Total EM 

laid 

2015 ag 10 15 190230 12682 12682 0.445 105578 7039 15602 19 

2015 ag 12 14 164245 11732 11732 0.450 90335 6452 13695 14 

2015 ag 15 13 110548 8504 8504 0.395 66882 5145 14377 25 

2015 ag 19 14 192627 13759 13759 0.425 110761 7911 16380 38 

2015 ag 2 22 294117 13369 13369 0.445 163235 7420 18822 19 

2015 ag 22 13 123847 9527 9527 0.580 52016 4001 6985 4 
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2015 ag 23 13 223704 17208 17208 0.280 161067 12390 25796 92 

2015 ag 24 13 183888 14145 14145 0.415 107574 8275 16910 50 

2015 ag 26 16 155608 9726 9726 0.770 35790 2237 5793 1 

2015 ag 3 13 236189 18168 18168 0.410 139352 10719 20702 42 

2015 ag 32 14 274457 19604 19604 0.400 164674 11762 18810 19 

2015 ag 37 10 178382 17838 17838 0.285 127543 12754 26553 21 

2015 ag 39 13 167742 12903 12903 0.315 114903 8839 19135 22 

2015 ag 41 14 199382 14242 14242 0.520 95703 6836 12501 45 

2015 ag 5 13 203818 15678 15678 0.450 112100 8623 15513 20 

2015 bio 12 17 164946 9703 9703 0.425 94844 5579 11976 14 

2015 bio 3 N 15 144228 9615 9615 0.235 110334 7356 17411 27 

2015 bio 6 S 19 242506 12763 12763 0.415 141866 7467 18611 27 

2015 bio m 16 269878 16867 16867 0.430 153830 9614 19395 11 

2015 for 1 array 7 115944 16563 19324 0.265 85219 12174 22056 20 

2015 for 16 9 205888 22876 22876 0.420 119415 13268 19584 91 

2015 for 3 22 340517 15478 15478 0.295 240064 10912 25552 47 

2015 for 8 13 164377 12644 12644 0.340 108489 8345 18092 21 

2015 funky 10 143517 14352 14352 0.530 67453 6745 12293 18 

2015 gaglt 1 14 63397 4528 4528 1.00 0 0 0 0 

2015 N ag 41 13 172905 13300 13300 0.270 126221 9709 21896 46 
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2015 N for 14 19 205757 10829 10829 0.320 139915 7364 16655 14 

2015 pilot 12 158386 13199 13199 0.425 91072 7589 12427 12 

2016 ag 10 19 188741 9934 13886 0.675 61341 3228 4513 26 

2016 ag 12 17 110118 6478 11235 0.425 63318 3725 6460 17 

2016 ag 15 18 133171 7398 11403 0.540 61259 3403 5245 45 

2016 ag 19 17 247244 14544 19270 0.545 112496 6617 8768 45 

2016 ag 2 18 291024 16168 31232 0.405 173159 9620 18583 128 

2016 ag 22 21 279170 13294 23757 0.565 121439 5783 10334 42 

2016 ag 23 14 225425 16102 27192 0.550 101441 7246 12236 210 

2016 ag 24 18 206162 11453 29692 0.275 149467 8304 21527 334 

2016 ag 26 18 152863 8492 18205 0.730 41273 2293 4915 41 

2016 ag 3 20 242527 12126 29142 0.420 140666 7033 16902 180 

2016 ag 32 21 265788 12657 24880 0.340 175420 8353 16421 167 

2016 ag 37 19 161544 8502 23006 0.480 84003 4421 11963 169 

2016 ag 39 21 321548 15312 30108 0.550 144697 6890 13549 46 

2016 ag 41 18 161544 8975 22396 0.490 82387 4577 11422 58 

2016 ag 5 19 162460 8551 23230 0.535 75544 3976 10802 48 

2016 bio 12 13 93487 7191 18765 0.315 64039 4926 12854 41 

2016 bio 3 N 17 96188 5658 17729 0.300 67332 3961 12410 26 

2016 bio 6 S 22 269637 12256 29021 0.220 210317 9560 22636 135 
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2016 bio M 19 96721 5091 15473 0.320 65770 3462 10522 128 

2016 for 1 array 18 243029 13502 25106 0.230 187132 10396 19332 60 

2016 for 16 18 187975 10443 23837 0.570 80829 4491 10250 103 

2016 for 3 12 148836 12403 23085 0.390 90790 7566 14082 61 

2016 for 8 16 146133 9133 25010 0.645 51877 3242 8879 66 

2016 funky 18 267191 14844 25067 0.635 97525 5418 9149 66 

2016 gaglt 1 17 153555 9033 12154 0.915 13052 768 1033 0 

2016 N ag 41 20 147321 7366 22289 0.540 67768 3388 10253 58 

2016 N for 14 17 178848 10520 22625 0.285 127876 7522 16177 55 

2016 pilot 19 250293 13173 24321 0.705 73836 3886 7175 36 

 

  



 

 

 

3
5

3
 

Appendix 6.2. Details of the acoustic data from sites in the US in 2015 used for model development and predictions. Duration is 

the number of days that wood frogs called for at that site. Raw total n hits is the total number of recognizer matches made at the site. 

Mean raw hits/day is the average number of recognizer matches per day. Max hits/day is the number of recognizer matches on the day 

with the most recognizer matches. Type I error rate is the false positive rate for the recognizer at that site. Cor. total hits is the total 

number of recognizer matches after correction by the Type I error rate. Cor. mean hits/day is the average number of recognizer 

matches per day after correction by the Type I error rate. Cor. max hits/day is the number of recognizer matches on the day with the 

most recognizer matches after correction by the Type I error rate. Total EM laid is the total number of egg masses laid at that site. Air 

temp is the average air temperature logged at each recording by the Song Meters interval thermometer. 

Site ID 
Duration 

(days) 

Raw total 

n hits 

Mean raw 

hits/day 

Max 

hits/day 

Type I error 

rate 

Cor. total n 

hits 

Cor. mean 

hits/day 

Cor. max 

hits/day 

Total 

EM laid 

Air temp 

(C) 

Conn - 8368 7 17841 2549 4646 0.305 12399 1771 3229 0 8.66 

Conn - 16442 13 79660 6128 19310 0.185 64923 4994 15738 122 8.5 

Conn - 16444 13 92448 7111 20215 0.315 63327 4871 13847 127 6.84 

Conn - 16510 13 143077 11006 36231 0.33 95862 7374 24275 222 9.03 

NY - 16454 9 103161 11462 27179 0.455 56223 6247 14813 856 9.14 

NY - 16485 5 49008 9802 17963 0.24 37246 7449 13652 6 7.98 

Michigan - 8304 11 57188 5199 16804 0.1 51469 4679 15124 345 8.87 
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Appendix 6.3. Details of the acoustic data from sites in New Brunswick in 2015 and 2016 used for temperature model 

development and predictions. Duration is the number of days that wood frogs called for at that site. Raw total n hits is the total 

number of recognizer matches made at the site. Mean raw hits/day is the average number of recognizer matches per day. Max hits/day 

is the number of recognizer matches on the day with the most recognizer matches. Type I error rate is the false positive rate for the 

recognizer at that site. Cor. total hits is the total number of recognizer matches after correction by the Type I error rate. Cor. mean 

hits/day is the average number of recognizer matches per day after correction by the Type I error rate. Cor. max hits/day is the number 

of recognizer matches on the day with the most recognizer matches after correction by the Type I error rate. Total EM laid is the total 

number of egg masses laid at that site. Air temp is the average air temperature logged at each recording by the Song Meters interval 

thermometer. 

 

Year Site ID 
Duration 

(days) 

Raw total 

n hits 

Mean raw 

hits/day 

Max 

hits/day 

Type I 

error rate 

Cor. total 

n hits 

Cor. mean 

hits/day 

Cor. max 

hits/day 

Total 

EM laid 

Air temp 

(C) 

2015 ag 10 15 190230 12682 12682 0.445 105578 7039 15602 19 7.51 

2015 ag 12 14 164245 11732 11732 0.450 90335 6452 13695 14 6.36 

2015 ag 15 13 110548 8504 8504 0.395 66882 5145 14377 25 8.16 

2015 ag 19 14 192627 13759 13759 0.425 110761 7911 16380 38 7.00 

2015 ag 2 22 294117 13369 13369 0.445 163235 7420 18822 19 5.47 
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2015 ag 23 13 223704 17208 17208 0.280 161067 12390 25796 92 7.29 

2015 ag 26 16 155608 9726 9726 0.770 35790 2237 5793 1 5.47 

2015 ag 3 13 236189 18168 18168 0.410 139352 10719 20702 42 6.88 

2015 ag 39 13 167742 12903 12903 0.315 114903 8839 19135 22 6.28 

2015 bio 12 17 164946 9703 9703 0.425 94844 5579 11976 14 4.89 

2015 bio 3 N 15 144228 9615 9615 0.235 110334 7356 17411 27 5.92 

2015 bio 6 S 19 242506 12763 12763 0.415 141866 7467 18611 27 3.28 

2015 for 3 22 340517 15478 15478 0.295 240064 10912 25552 47 4.23 

2015 N for 14 19 205757 10829 10829 0.320 139915 7364 16655 14 5.10 

2015 pilot 12 158386 13199 13199 0.425 91072 7589 12427 12 8.56 

2016 ag 15 18 133171 7398 11403 0.540 61259 3403 5245 45 1.94 

2016 ag 2 18 291024 16168 31232 0.405 173159 9620 18583 128 2.12 

2016 ag 20 13 117731 9056 18757 0.455 64163 4936 10223 23 1.39 

2016 ag 22 21 279170 13294 23757 0.565 121439 5783 10334 42 0.59 

2016 ag 24 18 206162 11453 29692 0.275 149467 8304 21527 334 3.99 

2016 ag 3 20 242527 12126 29142 0.420 140666 7033 16902 180 3.01 

2016 ag 32 21 265788 12657 24880 0.340 175420 8353 16421 167 1.39 

2016 ag 40 18 175144 9730 17626 0.715 49916 2773 5023 29 1.56 

2016 ag 41 18 161544 8975 22396 0.490 82387 4577 11422 58 1.56 

2016 ag 42 18 194219 10790 23036 0.440 108763 6042 12900 143 5.48 
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2016 ag 43 12 103573 8631 17464 0.530 48679 4057 8208 8 4.69 

2016 ag 5 19 162460 8551 23230 0.535 75544 3976 10802 48 2.85 

2016 ag 7 18 169207 9400 18431 0.585 70221 3901 7649 46 1.81 

2016 bio 12 13 93487 7191 18765 0.315 64039 4926 12854 41 3.36 

2016 bio 3 N 17 96188 5658 17729 0.300 67332 3961 12410 26 4.92 

2016 bio 6 S 22 269637 12256 29021 0.220 210317 9560 22636 135 1.87 

2016 bio M 19 96721 5091 15473 0.320 65770 3462 10522 128 4.38 

2016 bio S 15 138883 9259 24503 0.290 98607 6574 17397 69 3.52 

2016 for 1 array 18 243029 13502 25106 0.230 187132 10396 19332 60 0.55 

2016 for 16 18 187975 10443 23837 0.570 80829 4491 10250 103 5.21 

2016 for 4 17 162085 9534 19094 0.725 44573 2622 5251 40 4.13 

2016 for 6 16 49503 3094 8374 0.870 6435 402 1089 1 1.70 

2016 for 8 16 146133 9133 25010 0.645 51877 3242 8879 66 3.43 

2016 gaglt 1 17 153555 9033 12154 0.915 13052 768 1033 0 1.31 

2016 N ag 41 20 147321 7366 22289 0.540 67768 3388 10253 58 3.19 

2016 N for 14 17 178848 10520 22625 0.285 127876 7522 16177 55 2.61 

2016 N for 18 17 265749 15632 34230 0.470 140847 8285 18142 87 3.99 

2016 north road 10 141792 14179 27147 0.570 60971 6097 11673 44 3.14 

2016 shed 22 245039 11138 24152 0.540 112718 5124 11110 40 2.08 
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