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A B S T R A C T   

Population projection models are important tools for conservation and management. They are often used for 
population status assessments, for threat analyses, and to predict the consequences of conservation actions. 
Although conservation decisions should be informed by science, critical decisions are often made with very little 
information to support decision-making. Conversely, postponing decisions until better information is available may 
reduce the benefit of a conservation decision. When empirical data are limited or lacking, expert elicitation can be 
used to supplement existing data and inform model parameter estimates. The use of rigorous techniques for expert 
elicitation that account for uncertainty can improve the quality of the expert elicited values and therefore the 
accuracy of the projection models. One recurring challenge for summarizing expert elicited values is how to 
aggregate them. Here, we illustrate a process for population status assessment using a combination of expert 
elicitation and data from the ecological literature. We discuss the importance of considering various aggregation 
techniques, and illustrate this process using matrix population models for the wood turtle (Glyptemys insculpta) to 
assist U.S. Fish and Wildlife Service decision-makers with their Species Status Assessment. We compare estimates of 
population growth using data from the ecological literature and four alternative aggregation techniques for the 
expert-elicited values. The estimate of population growth rate based on estimates from the literature (λmean =

0.952, 95% CI: 0.87–1.01) could not be used to unequivocally reject the hypotheses of a rapidly declining popu
lation nor the hypothesis of a stable, or even slightly growing population, whereas our results for the expert-elicited 
estimates supported the hypothesis that the wood turtle population will decline over time. Our results showed that 
the aggregation techniques used had an impact on model estimates, suggesting that the choice of techniques should 
be carefully considered. We discuss the benefits and limitations associated with each method and their relevance to 
the population status assessment. We note a difference in the temporal scope or inference between the literature- 
based estimates that provided insights about historical changes, whereas the expert-based estimates were forward 
looking. Therefore, conducting an expert-elicitation in addition to using parameter estimates from the literature 
improved our understanding of our species of interest.  
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1. Introduction 

Managers are often tasked with making consequential decisions 
when little information is available (Nichols, 2019; Robinson et al., 
2016; Williams, 1997, 2001). Therefore, an important role of science in 
the conservation decision-making process is the development of models 
to forecast future conditions while accounting for various sources of 
uncertainty (Williams et al., 2002). Conservation decisions must be 
based on the best available data; though, it is common that important 
decisions have to be made even when the best available data is very 
sparse (Regan et al., 2005). On the other hand, postponing decisions 
until better information becomes available may reduce the ability to 
make a management decision or the potential benefit of a conservation 
decision (Drechsler et al., 2011; Grant et al., 2013). 

When empirical data are not available, the best practices of expert 
judgement and elicitation can be used to inform model parameter esti
mates. Expert judgement has a long history of use in many disciplines, 
such as public health, engineering, and business and has seen increasing 
use in natural resource management in recent years (Colson and Cooke, 
2018; Hora et al., 2013; Lyon et al., 2015; Morgan, 2014; Sutherland and 
Burgman, 2015). Modelled outputs from expert elicitation have several 
benefits for natural resource management and conservation: (1) they 
can serve as informed placeholders for empirical data, enabling man
agers to make decisions without delay; (2) they may provide a basis for 
informing better prioritization of monitoring programs; (3) they may 
allow experts to use empirically estimated vital rates and life history 
knowledge for a species to forecast demographic responses to future 
conditions; and (4) they are well suited for incorporating key sources of 
uncertainty, which can be propagated in empirical projection models for 
forecasts (Canessa et al., 2016; Converse et al., 2013; Cummings et al., 
2020; Johnson et al., 2017; Martin et al., 2017; McBride et al., 2012; 
Runge et al., 2011). Additionally, as a part of this process, expert elicited 
estimates are updated as more empirical information about a system 
becomes available, which increase knowledge about the system and 
provides more reliable model outputs. 

Despite the applications, expert elicitation is still affected by the 
same kinds of structural, analytic and interpretive biases that are com
mon to the scientific process. For example, the rigor used in elicitation of 
expert judgment and the aggregation of elicited estimates can influence 
the performance of the prediction models, and thus the basis for any 
conservation decision (Hanea et al., 2017; Runge et al., 2011). Ideally, 
synthesis of expert knowledge should account for variation within and 
among experts (Runge et al., 2011). To account for this, common ag
gregation methods include mean and median-based approaches (Colson 
and Cooke, 2018). Hora et al. (2013) showed that the median-based 
approach performs well when experts are well-calibrated (i.e., they ex
press the true probability with appropriate confidence) and independent 
(i.e., their responses are not influenced by the responses of other ex
perts), whereas the mean-based approaches are better when those as
sumptions are relaxed. More recently, aggregation methods that 
explicitly account for within and among expert variations have also been 
implemented (e.g., Johnson et al., 2017; Martin et al., 2017; Runge 
et al., 2017), but some of these methods may result in multimodal 
probability distributions. Each of these approaches have their strengths 
and limitations that warrant examination in this particular modeling 
context; yet few studies have examined the sensitivity of population 
models to these alternative aggregation techniques. Therefore, the in
fluence of aggregation techniques on population models remains poorly 
known. 

Formal species status assessments represent a case in which impor
tant conservation policy decisions must be made in the face of sparse 
data and large uncertainty about the future. These population assess
ments satisfy the information needs to make decisions under U.S. laws 
such as the Endangered Species Act of 1973 (ESA; 16 USC. §1531 et seq., 
as amended) and the Marine Mammal Protection Act of 1972 (MMPA; 
16 USC. §1361 et seq., as amended). The general goal of these laws is to 

protect and conserve species and their habitats. More recently, the U.S. 
Fish and Wildlife Service (USFWS) has developed a Species Status 
Assessment (SSA) framework to provide the scientific foundation to 
inform ESA decisions, such as candidate assessment, listing, consulta
tions, and recovery of species (U.S. Fish and Wildlife Service, 2016). As 
part of a SSA, there is a scientific review to evaluate its status in regards 
to representation, redundancy, and resiliency through analysis of best 
available data and associated models (Cummings et al., 2020). 

Population projection models are useful quantitative tools to assess 
the status of populations, quantify the impacts of identified threats, and 
evaluate the potential results of management actions (Beissinger and 
McCullough, 2002; Caswell, 2006; Martin et al., 2008; Morris and Doak, 
2002). Several population projection models have used a combination of 
empirically-based estimates and expert elicited estimates in their models 
to assess the status of threatened populations (e.g., Runge et al., 2011). 
As additional information is accumulated through research and moni
toring programs, the expert-elicited estimates can be replaced with 
empirical information. Importantly, the population model can be used to 
help prioritize scientific investments by identifying the most important 
sources of uncertainty for the purpose of better management (Hostetler 
et al., 2021; McGowan et al., 2011; Runge et al., 2007, 2011). 

Here, we develop a matrix population model for the wood turtle 
(Glyptemys insculpta) to assist USFWS decision-makers with this species’ 
SSA process. We obtained demographic parameter estimates from the 
literature, and via a formal expert elicitation approach. We compare 
estimates using data from the ecological literature and three alternative 
aggregation techniques for the expert elicited values. We then discuss 
the benefits and limitations of using each of these data sources and ag
gregation techniques for synthesizing information for the population 
assessment. 

2. Methods 

2.1. Case study species 

The wood turtle is a long-lived freshwater turtle species endemic to 
North America. Populations are found from Virginia, United States to 
Nova Scotia, Canada, and from the east coast of the United States west to 
Minnesota (Ernst and Lovich, 2009; Powell et al., 2016). Wood turtles 
are semi-aquatic and associated with river, stream, and riparian habitats 
throughout their range, though suitable habitat for this species is ex
pected to decrease by at least a third over the next 50 years due to 
changes linked to climate patterns (Mothes et al., 2020). Female wood 
turtles lay one clutch annually, nesting in late spring to early summer 
(Harding and Bloomer, 1979). In freshwater turtles, survival is typically 
size-related as smaller individuals are more susceptible to predators and 
winter mortality, and is lowest in the first year but increases as they 
grow toward maturity (Bodie and Semlitsch, 2000; Haskell et al., 1996), 
after which it remains constant (Jones, 2009). 

The wood turtle is considered Endangered according to the Inter
national Union for the Conservation of Nature (IUCN) Red List assess
ment (van Dijk and Harding, 2011). At the state and provincial level, the 
wood turtle is a species of special concern, vulnerable, threatened, or 
endangered across its range. In 2012, the USFWS received a petition to 
list the wood turtle as either Threatened or Endangered and designate 
critical habitat pursuant to the ESA (Adkins Giese et al., 2012). Conse
quently, the USFWS must review the species’ status to determine if 
listing the species is warranted. 

2.2. Parameter estimates from the literature 

We conducted a literature review using the key words “wood turtle”, 
“Glyptemys insculpta”, and “Clemmys insculpta” to find all published ar
ticles on this species through Google Scholar, as well as reviewed U.S. 
government reports, and unpublished theses up until 2018 (see full list 
in Supplementary material). From these articles, we extracted any 
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estimates presented, either measured directly in the field or from model- 
based approaches, of the population parameters of interest (Table 1). 
Survival of juveniles was estimated for the age class as a whole and not 
broken down into more specific ages, as this level of detail was not 
available from the literature. 

2.3. Parameter estimates from expert elicitation 

We used a modified version of the Investigate Discuss Estimate 
Aggregate (IDEA) protocol for the expert elicitation (Hanea et al., 2017): 
Specifically, (1) we investigated the available information on wood 
turtles; (2) we discussed the information and potential mechanisms 
related to the population dynamics of wood turtles; (3) we elicited the 
parameter estimates; and (4) we aggregated the estimates from the ex
perts (Hanea et al., 2017; Martin et al., 2017). We went through these 
four steps during a full-day workshop in Berkeley Springs, West Virginia 
on 6 November with nine participating experts from several states 
throughout the wood turtle range. The in-person workshop was pre
ceded by a video conference during which we introduced the partici
pants to a prototype population model for the wood turtle and discussed 
the expert elicitation process. During this videoconference, we provided 
an overview on the importance of cognitive biases, such as over
confidence and anchoring (Sutherland and Burgman, 2015). We also 
conducted a calibration training study, in which we asked the partici
pants to provide their “low”, “high” and “best” values for a fixed con
fidence level of 95% (i.e., a three-point-elicitation), for three “seed 
variables” (i.e., quantities that are known to the analyst, but unlikely to 
be known by the expert): seed variable (1) - carapace length (cm) of 
adult female Diamondback Terrapins (Malaclemys terrapin); seed 

variable (2) - carapace length (cm) of adult male Diamondback Terra
pins; seed variable (3) - clutch size of Diamondback Terrapins. The 
purpose of this calibration training study was to help the experts assess 
their level of overconfidence and to become familiar with the expert 
elicitation process. Although the participants worked on these estimates 
on their own time, we asked them not to use any aid for the calibration 
study. At the beginning of the workshop, we showed the results of the 
calibration study. 

During the workshop we discussed each demographic rate for wood 
turtles (i.e., the model parameters; Table 1) in detail. The confidence 
level for the wood turtle demographic parameters was set at 95%; that 
is, we asked the participants to be 95% confident that the “true” value 
was within the “low” and “high” values that they provided to us. The 
wood turtle has a large range in North America and likely has differences 
in population parameters across the latitudinal gradient. To account for 
this, the participants agreed to express their parameter values for an 
average population in the middle of the eastern portion of the range as 
the population of interest (Fig. 1; Jones and Willey, 2021). 

After the workshop we organized two additional rounds of elicita
tions, before each new elicitation we provided the participants with a 
summary of the aggregated results and discussed these results to reduce 
the risk of misunderstanding about how the parameters were defined 
(linguistic uncertainty). We emphasized that the purpose of the addi
tional rounds of elicitation was not to reach consensus, but instead to 
make sure that the group had reached a common understanding of the 
parameter definitions. The participants were allowed to use any sources 
of information available to them including estimates compiled from the 
literature and provided to them in the first step of the IDEA protocol. 
During the group discussions we encouraged experts to discuss 

Table 1 
Population parameters and their definition.  

Population Parameter Definition 

Clutch size Number of eggs laid 
Nest survivala Probability of the nest surviving (entire nest) 
Survival of eggs Probability of each individual egg surviving to hatch 
Survival of hatchlings Probability of each hatchling survival to year one 
Survival of juveniles Probability of juvenile turtles surviving to the next year 

Survival of juveniles (age 1–2)a  

Survival of juveniles (age 2–3)a  

Survival of juveniles (age 3–6)a  

Survival of juveniles (age 6–12)a  

Age of first reproduction Age at which the turtle first developed eggs 
Proportion of adults that reproduce Proportion of adult turtles which reproduced each year 
Survival of adults Probability of adult turtles surviving to the next year  

a Parameters elicited from experts but not available in the literature. 

Table 2 
Mean and variance for each parameter from the literature review or the expert elicitation for an average, good, or bad year, including the symbol used for each 
parameter.   

Symbol Literature Expert Average Year Expert Good Year Expert Bad Year 

Clutch size c  9.048 (1.215) 9.667 (2.5) 10.778 (5.194) 8.222 (1.944) 
Age of first reproduction age  15.07 (3.838) 13.778 (1.444) 13.333 (2.250) 14.556 (1.278) 
Proportion of adults that reproduce r  0.653 (0.049) 0.706 (0.012) 0.844 (0.015) 0.500 (0.011) 
Nest survival nest  – 0.306 (0.017) 0.436 (0.020) 0.219 (0.052) 
Survival of eggs se  0.710 (0.026) 0.718 (0.010) 0.843 (0.014) 0.578 (0.011) 
Survival of hatchlings (0–1) sh  0.110a 0.199 (0.010) 0.378 (0.025) 0.114 (0.009) 
Survival of juveniles (1–12) sj  0.820 (0.0002) 0.642 (0.017) 0.748 (0.014) 0.483 (0.022) 
Survival of age 1–2 sj1  – 0.319 (0.009) 0.450 (0.004) 0.233 (0.009) 
Survival of age 2–3 sj2  – 0.461 (0.011) 0.550 (0.003) 0.364 (0.009) 
Survival of age 3–6 sj3  – 0.633 (0.009) 0.719 (0.006) 0.521 (0.012) 
Survival of age 6–12 sj6  – 0.824 (0.001) 0.891 (0.001) 0.706 (0.004) 
Survival of adults (12+) sa  0.908 (0.002) 0.907 (0.004) 0.931 (0.008) 0.750 (0.022)  

a From the literature, there is only one estimate for survival of hatchlings. 
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limitations of the studies available in the literature and to discuss their 
own studies and observations. Experts were encouraged to think about 
vital rates with a time horizon of 20 years into the future. In order to 
account for environmental stochasticity, we asked the participants to 
provide estimates for three categories of years “good conditions,” 
“average conditions,” and “bad conditions,” with the assumption that 
each type of year had an equal probability of occurrence, or independent 
and identically distributed (iid) sequences (Caswell, 2006). 

2.4. Matrix population projection model 

We used matrix models to compute the population growth rates 
using parameter estimates from the literature and the expert elicitation 
process (Moore et al., 2021). We used these matrix models to estimate 
both deterministic (λ) and stochastic population growth rate (λs). Sto
chastic population growth rates were used to model the environmental 
variation (over a 20-year period). We estimated population growth rates 
based on the average demographic values from the literature and experts 
as well as using distributions based on all demographic values from the 
sources, accounting for parameter uncertainty. In addition, we ran a 
sensitivity analysis to understand the effect of each parameter on the 
population growth rate. 

2.4.1. Input parameter estimates 
First, we calculated the mean and variance for each input population 

parameter based on values from the literature, as well as estimates from 
the experts for good, average, and bad years. Because we had multiple 
estimates for each population parameter, either multiple sources from 
the literature review or estimates from each expert, we also fit a distri
bution to the estimates for each parameter, which allowed us to consider 
parameter uncertainty in our models. In all cases, we fit a beta distri
bution to all survival parameters and the annual proportion of repro
ducing adults, and a double Poisson distribution to all discrete count 
parameters (i.e., clutch size and age of first reproduction) because the 
variance was lower than the mean for the latter. Distributions were fit 

using the rriskDistributions package (Belgorodski et al., 2017), the gamlss 
package (Rigby and Stasinopoulos, 2005), and the gamlss. dist package 
(Stasinopoulos and Rigby, 2020) in the statistical software R (R Devel
opment Core Team, 2019). 

2.4.2. Aggregation methods 
We used five different aggregation methods for compiling our esti

mates before fitting the aforementioned distributions: one method for 
the literature values and four methods for the expert values. For the 
literature values, we used the method of moments to fit distributions to 
the parameters using the mean and variance of each set of estimates. 
Because we had only one estimate for survival of hatchlings, we fit the 
distribution to the calculated quantiles by assuming a 10% coefficient of 
variation (CV). 

For the expert values, we elicited estimates for each parameter plus 
95% confidence intervals. We aggregated these estimates in four ways 
and fit a distribution for each parameter for good, average, and bad 
years.  

(1) We used an aggregation of expert assessments that took the mean 
of the elicited quantiles: the mean-based approach (A1). We fit 
distributions to the 95% quantiles using the average estimates 
from the experts. We took the average low estimate (2.5% 
quantile), median estimate (50% quantile), and high estimate 
(97.5% quantile) for each parameter.  

(2) For the second aggregation method (hereafter, A2), we used the 
median-based approach. This is similar to A1, but using the median 
of the elicited quantiles instead of the mean. Hora et al. (2013) 
showed that the median-based approach performs well when ex
perts are well-calibrated and independent, but that the mean-
based approaches are better when those assumptions are relaxed.  

(3) For the third aggregation method (hereafter, A3), we followed 
aspects of Johnson et al. (2017) to fit distributions for each 
expert, and then drew 10,000 samples for each parameter. The 
samples for each parameter were pooled across experts to 

Fig. 1. Range of the Wood Turtle in North America with a red square indicating the approximate area that the experts used when providing parameter estimates for 
the population model. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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produce a single distribution for each parameter. We assigned 
equal weights to all experts.  

(4) For the fourth aggregation method (hereafter, A4), we used the 
steps described for method A3, but, then we used the quantiles 
(2.5%, 50%, 97.5%) of this distribution to fit a unimodal distri
bution to avoid multi-modal distributions. 

Probability distribution functions and summary statistics for each 
distribution based on the different aggregation methods are included in 
the supplementary material. 

2.4.3. Matrix model formulation 
We constructed a post-breeding age-structured matrix model based 

on the life history of the wood turtle (Fig. 2). First, we created four 
matrices based on the average parameter estimates from the literature 
and the experts for an average, good, and bad year. Next, to incorporate 
parameter uncertainty, we simulated 50,000 matrices pulling values 
independently from the distribution for each parameter (i.e., each 
simulation we pull one value from the distribution for each parameter 
and create a matrix output). We simulated a set of matrices for each of 
the five aggregation methods described above, one for the literature and 
four for the expert values. For the expert values, we simulated a set of 
matrices using a single juvenile survival value and a set of matrices using 
four juvenile survival categories. We also allowed age of first repro
duction to vary based on the fitted distribution, or we fixed it at 14 years 
of age, which was the average age of first reproduction based on the 
estimates from the experts for an average year. This resulted in a total of 
five simulated sets of matrices for each of the four aggregations based on 
expert-elicited values plus one set of matrices for the literature values. 

2.4.4. Population growth rate 
We calculated the deterministic population growth rate (λ) as the 

dominant eigenvalue of the matrix model. We present the mean of the λ 
values across all 50,000 matrices for each set. For the expert values, we 
also calculated the stochastic population growth rate (λs). Stochastic 
population growth rate considers the parameter estimates for good, 
average, and bad years, assuming each type of year has a 1/3 chance of 
happening each year (Caswell, 2006). We calculated stochastic popu
lation growth rate using all aggregation methods for the expert values 
with one juvenile survival class or multiple juvenile survival classes with 

the age of first reproduction fixed at the average value. We estimated 
stochastic population growth rate using Tuljapukar’s approximation 
(Morris and Doak, 2002; Tuljapurkar and Orzack, 1980). All population 
growth rates were calculated using the popbio package in R (Stubben and 
Milligan, 2007). 

2.4.5. Sensitivity analysis 
Finally, we conducted a sensitivity analysis to test the effect of each 

survival parameter on the deterministic population growth rate (Cas
well, 2006). Using the average values from the experts for an average 
year, we created a matrix assuming a fixed age of first reproduction of 14 
years. We then allowed hatchling survival, juvenile survival, and adult 
survival to vary from 0 to 1, and examined the effect of the change in the 
parameter on the estimated population growth rate. 

3. Results 

Overall, we found that empirical data in the literature varied 
markedly for some parameters from expert-elicited values (Table 2; 
Supplementary Material). In some cases (i.e., age of first reproduction 
and survival of juveniles), estimates from the literature were higher than 
all values from the experts. However, for other parameters (i.e., survival 
of hatchlings), estimates from the literature were lower than all esti
mates from the experts even from a bad year. Some estimates (i.e., 
survival of adults and survival of eggs) were very similar between the 
literature and the expert estimates for an average year. It is worth noting 
there is considerable variation among different studies in the literature, 
and among experts, for most of the parameters, noted by the large 
variances for some parameters. 

Using the average values obtained from the literature and the experts 
for average, good, and bad years, the mean finite growth rate varied 
between λ = 0.750 and λ = 0.970 (Table 3). This range of estimates 
indicates population decline, between 3 and 25% per year, and the 
magnitude of the decline relates to whether the year is good, average, or 
bad. The estimated growth rate from the literature fell between the 
expert-elicited estimates for an average and a good year. 

For most parameters, there was great variation among expert esti
mation, as illustrated in Figs. 3 and 4, which also led to the difference 
among aggregation methods. 

Based on our analysis, the mean estimated growth rate (λs) ranged 

Fig. 2. Example matrix model assuming age of first reproduction is 14 years. This model takes into account juvenile survival categories. Symbols are defined 
in Table 2. 

Table 3 
Population growth rate estimates based on average values.   

Literature Values Expert Values – Average Year Expert Values – Good Year Expert Values – Bad Year 

One Juvenile Class λ = 0.951  λ = 0.912  λ = 0.967  λ = 0.750  
Multiple Juvenile Classes – λ = 0.910  λ = 0.970  λ = 0.751   
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from 0.78 to 0.798 for a bad year, from 0.907 to 0.922 for an average 
year, and from 0.963 to 0.976 in a good year (Table 4). The estimate 
based on the literature values fell between an average and a good year at 
0.952. The upper 95% confidence limit of these mean values exceeded 
1.0 for each aggregation method and matrix formulation in a good year, 
as well as with the literature values, indicating the possibility of a 
growing population within the range of the confidence interval. How
ever, all other scenarios indicated a declining population. In general, 

there was little difference in estimates between the different matrix 
formulations (i.e., fixed age of first reproduction at 14 years old vs. 
variable age or including a single juvenile survival class vs. breaking 
juvenile survival down into four classes based on age). However, there 
were differences in estimates between the four aggregation methods. 
When data were aggregated by the mean before fitting the distribution 
(A1), estimated growth rates were lower overall, but they also had less 
variation as shown by the smaller standard deviations or coefficients of 

Fig. 3. Beta distributions fitted to the elicited quantiles obtained from nine experts (A; colored lines) and for the three aggregations methods (B; A1, A2,A3, and A4) 
for juvenile survival during “average” years. 

Fig. 4. Beta distributions fitted to the elicited quantiles obtained from nine experts (A; colored lines) and for the three aggregations methods (B; A1, A2,A3, and A4) 
for adult survival during “average” years. 

J.F. Moore et al.                                                                                                                                                                                                                                



Journal of Environmental Management 306 (2022) 114453

7

variation (CV). However, when data were instead aggregated by the 
median (A2), estimated growth rates tended to be greater and less var
iable. The other two aggregation methods when all expert values were 
used, estimated growth rates fell between methods A1 and A2, but with 
greater uncertainty (i.e., greater CV). When all expert values were used 
but a second distribution was fit to the quantiles of the first distribution 
for each parameter (A4), estimated growth rates were higher than when 
only a single distribution was fit to all of the expert values (A3). 

Stochastic population growth rates were also estimated using the 
expert-elicited values with the four aggregation methods (Table 5). In 
this situation, age of first reproduction was fixed at 14 years of age, the 
average age of first reproduction. In all situations estimated stochastic 
growth rates indicated a declining population. Estimates were highest 
for the A3 method, followed by the A2 method, A4 method, and then the 
A1 method. When juvenile classes were split into four age classes instead 
of one, estimates of stochastic growth rate were higher, but still below 
one. 

Lastly, we used a sensitivity analysis to understand which parameters 
had the largest effect on the estimates of population growth rate (Fig. 5). 
Using the average value for each parameter, we allowed one parameter 
to vary at a time and examined the effect on the estimated population 
growth rate. Adult survival had the largest effect, with the population 
growth rate varying from 0 to 1 depending on the value of adult survival. 
Juvenile survival and hatchling survival had smaller effects, with pop
ulation growth rate only varying from 0.90 to 1.02 as juvenile survival 
varied from 0 to 1 and from 0.91 to 0.945 as hatchling survival varied 
from 0 to 1. For the hatchling survival scenario, we also fixed the nest 
survival to 1 as this would simulate a situation where management ac
tions were implemented to ensure the survival of nests and hatchling 
turtles. However, even if nest survival is 100% and hatchling survival is 
100% the estimated population growth rate will still not reach a stable 
or increasing population. If juvenile survival reaches 100% the popu
lation growth rate slightly passes 1 indicating a slightly growing popu
lation, but if adult survival reaches 100%, the population only reaches 

Table 4 
Deterministic population growth rate estimates based on the 50,000 matrices with input parameters based on fitted distributions for good, average, and bad years.     

Good Average Bad 

Mean 
λ  

Median 
λ  

SD λ  95% CI λ  Mean 
λ  

Median 
λ  

SD λ  95% CI λ  Mean 
λ  

Median 
λ  

SD λ  95% CI λ  

Literature 
Values       

0.952 0.957 0.036 (0.870, 
1.010)     

Expert 
Values 

A1 
method 

1 Juvenile 
Class 
Variable 
age 

0.966 0.968 0.041 (0.879, 
1.042) 

0.907 0.912 0.042 (0.811, 
0.972) 

0.748 0.751 0.054 (0.636, 
0.847) 

4 Juvenile 
Classes 
Variable 
age 

0.965 0.969 0.031 (0.896, 
1.016) 

0.907 0.912 0.041 (0.815, 
0.971) 

0.749 0.751 0.053 (0.640, 
0.847) 

4 Juvenile 
Classes 
Fixed age 
at 14 

0.964 0.968 0.031 (0.894, 
1.015) 

0.907 0.912 0.041 (0.815, 
0.972) 

0.749 0.751 0.054 (0.639, 
0.847) 

A2 
method 

1 Juvenile 
Class 
Variable 
age 

0.982 0.983 0.037 (0.903, 
1.054) 

0.932 0.937 0.038 (0.844, 
0.989) 

0.798 0.801 0.049 (0.694, 
0.884) 

4 Juvenile 
Classes 
Variable 
age 

0.983 0.986 0.028 (0.919, 
1.028) 

0.929 0.934 0.037 (0.842, 
0.984) 

0.798 0.801 0.048 (0.696, 
0.884) 

4 Juvenile 
Classes 
Fixed age 
at 14 

0.982 0.986 0.028 (0.917, 
1.026) 

0.929 0.934 0.037 (0.842, 
0.984) 

0.798 0.801 0.049 (0.696, 
0.884) 

A3 
method 

1 Juvenile 
Class 
Variable 
age 

0.976 1.002 0.080 (0.754, 
1.071) 

0.909 0.931 0.077 (0.670, 
0.988) 

0.753 0.799 0.141 (0.459, 
0.921) 

4 Juvenile 
Classes 
Variable 
age 

0.970 0.992 0.069 (0.771, 
1.043) 

0.911 0.928 0.063 (0.725, 
0.987) 

0.756 0.800 0.134 (0.497, 
0.920) 

4 Juvenile 
Classes 
Fixed age 
at 14 

0.969 0.992 0.071 (0.762, 
1.040) 

0.911 0.928 0.065 (0.719, 
0.988) 

0.755 0.800 0.136 (0.490, 
0.921) 

A4 
method 

1 Juvenile 
Class 
Variable 
age 

0.974 0.993 0.073 (0.790, 
1.083) 

0.922 0.930 0.048 (0.807, 
0.990) 

0.792 0.799 0.077 (0.624, 
0.921) 

4 Juvenile 
Classes 
Variable 
age 

0.965 0.986 0.062 (0.805, 
1.040) 

0.920 0.928 0.047 (0.808, 
0.987) 

0.792 0.799 0.076 (0.626, 
0.921) 

4 Juvenile 
Classes 
Fixed age 
at 14 

0.963 0.986 0.065 (0.795, 
1.038) 

0.920 0.928 0.048 (0.808, 
0.988) 

0.792 0.799 0.077 (0.625, 
0.921)  
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stability. 

4. Discussion 

Conservation decisions such as those under the U.S. Endangered 
Species Act for candidate assessment, listing, consultations, and recov
ery of species can have important implications; yet often these decisions 
must be made “solely on the basis of the best scientific and commercial 
data available” despite major uncertainties (U.S. Fish and Wildlife Ser
vice, 2016). For instance, some of these species are elusive and poorly 
studied (particularly the ones that are rapidly declining but have not 
been federally listed; Lindenmayer et al., 2013), and it is often difficult 
to assess how these species will respond to environmental changes and 
future threats. Expert elicitation can be a useful tool to help with the 
population assessment as part of the ESA listing and recovery process. 

The expert elicitation process used for wood turtles provided an 
alternative to relying solely on estimates from the literature. There are 
numerous limitations to the information from the literature to estimate 
the population growth rate: (1) the vital rates were obtained from study 
sites that may not have been representative of the population of interest 
(for example the best studied populations may exist in areas that benefit 
from better environmental protections); (2) historic estimates are not 
necessarily a good reflection of the future, if the goal is forecasting; or 
(3) several of the vital rates from the literature did not use rigorous 
estimators that properly address important sources of error such as 
imperfect detection. Thus, using expert elicitation while considering 
uncertainty, provides useful complementary insights about the future of 
the study population. While some parameter estimates were comparable 
with what was found in the literature, other parameters were not. For 

example, juvenile survival estimates from the experts for good, average, 
and bad years were all lower than the values found in the literature. 
Similarly, the estimate of the age of first reproduction was also higher in 
the literature. Conversely, estimates from the experts for survival of 
hatchlings were higher than the one value found in the literature. The 
lower estimates may have reflected that the experts believed the pop
ulations reported in the literature are not representative of the popula
tion of interest (i.e., experts were asked to provide estimates based on 
the representative area in the center of the range (Fig. 1)), but may also 
represent a belief that current threats (e.g., habitat loss, poaching, 
changes associated with climate) may depress these vital rates and were 
not considered in existing publications. 

Our estimate of population growth rate based on parameter values 
from the literature (λmean = 0.952, 95% CI: 0.87–1.01) does not 
conclusively reject the hypothesis of a rapidly declining population or a 
stable or even very slowly growing population (i.e., by 1% based on the 
upper 95% CI). In contrast, our results from the expert-elicited estimates 
suggest wood turtle population decline regardless of aggregation 
method or matrix model formulation. In fact, even the upper 95% CI of 
the stochastic population growth rate did not include a lambda of 1.0 
(Table 5). A few possible explanations include: (1) several of the survival 
rates from the literature did not account for imperfect detection, and the 
experts may have anchored on these (biased) values (we note that we 
had several discussions about this issue, but some anchoring effect may 
have remained); (2) the experts may have been overly pessimistic about 
the future; or (3) the experts are correct, and the future is very bleak for 
this population (for example under A4 [4 Juvenile classes] in Table 5, 
λmean = 0.88, 95% CI: 0.78–0.95; which would indicate a 5% annual 
decline even under the 97.5 percentile value of λ). Interestingly, there 
are differences in the temporal scope for inference between the 
literature-based estimates that may in fact provide insights about his
torical changes (e.g., historical decline), whereas the expert-based esti
mates were forward looking and therefore informed us about future 
potential declines given current demographic rates. In any case, we 
stress the importance of considering the uncertainty estimates as 
opposed to focusing on measure of central tendencies, particularly given 
the high level of uncertainty for our study. 

Although the population growth rate estimates from the four ag
gregation methods resulted in an estimated decline, there were notable 
differences among these methods. The variation in the results points to 
the importance of careful consideration about the aggregation tech
niques used. Method A1 led to the lowest deterministic and stochastic 
population growth rate estimates, while A2 led to the highest deter
ministic estimates, and A3 led to the highest stochastic estimates. One 
benefit of method A2 (median-based approach) over method A1 (mean- 
based approach) is that A2 may prevent the undue influence of outliers. 
When estimating the deterministic growth rate, Methods A1 and A2, 
where values were aggregated before fitting the distribution, led to less 
uncertainty (lower SD and CV), than for Methods A3 and A4. This is not 
surprising as of the four methods considered, A3 and A4 are the most 
explicit about considering uncertainty within and among experts. 
Method A3 can be helpful to identify disagreement among groups of 
experts (e.g., due to competing hypotheses) which could be reflected by 
multimodal distributions (Morgan, 2014). Method A4 is appealing in the 

Table 5 
Stochastic population growth rates.  

Aggregation Method # Of Juvenile Classes Mean λ  Median λ  SD λ  95% CI λ  

A1 1 Juvenile Class 0.857 0.858 0.028 (0.795, 0.907) 
A1 4 Juvenile Classes 0.861 0.861 0.026 (0.803, 0.910) 
A2 1 Juvenile Class 0.889 0.890 0.024 (0.839, 0.932) 
A2 4 Juvenile Classes 0.892 0.893 0.023 (0.845, 0.934) 
A3 1 Juvenile Class 0.900 0.902 0.024 (0.846, 0.939) 
A3 4 Juvenile Classes 0.917 0.919 0.020 (0.873, 0.951) 
A4 1 Juvenile Class 0.874 0.881 0.047 (0.766, 0.947) 
A4 4 Juvenile Classes 0.876 0.881 0.043 (0.779, 0.947)  

Fig. 5. Sensitivity plots showing the effect of varying adult survival, juvenile 
survival, or hatchling survival on estimated population growth rate. Dotted red 
lines mark population growth rate of 1.0 (i.e., a stable population). (For 
interpretation of the references to color in this figure legend, the reader is 
referred to the Web version of this article.) 
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sense that it may more explicitly account for variation among the ex
perts (than Methods A1 and A2) and yet avoids the potential downsides 
of multimodal distributions (Method A3), which may not be a good 
approximation of vital rates. Multimodal distributions may also lead to 
patterns that are counterintuitive. It is worth pointing out that there is a 
tradeoff between methods that leads to distribution that are either too 
precise or too imprecise. Indeed, given that we set the confidence levels 
for the three-point expert elicitation process at 95%, we would theo
retically expect that the true value should be outside of the 95% interval 
5% of the time. Methods A3 and A4 may be at a greater risk of leading to 
estimates that are too imprecise. Conversely, aggregation methods such 
as A1 and A2 may be at a great risk of returning estimates that are too 
precise. Additionally we note that this pattern in variation among the 
four methods may not be consistent for other case studies; therefore it 
may be useful to assess the sensitivity of the population growth rate to 
these alternative methods. Managers can then consider this source of 
uncertainty when assessing the population status. In addition to the four 
methods presented in this paper, there are alternative aggregation 
method used in ecology. These include weighted aggregation methods, 
where estimates from different expert are given weight based on criteria 
such as experience level, or behavioral aggregation methods, where 
experts work together to reach a consensus on each parameter estimate 
(Hemming et al., 2020). One way to evaluate the performance of 
alternative aggregation approaches is to use seed questions (also known 
as calibration questions, which are quantities known to the elicitation 
coach but unknown to the experts) during training exercises, and 
compare the results from the aggregation methods with the known 
values (Colson and Cooke, 2018). 

Conducting a sensitivity or elasticity analyses can be helpful for 
determining management actions that could have the largest effect on 
population growth rate. Our sensitivity and elasticity analyses supported 
the notion that population growth rate of wood turtles is most sensitive 
to changes in adult survival, which is a typical observation for long 
living species (Caswell, 2006; Folt et al., 2016; Rachmansah et al., 2020; 
Runge et al., 2007, 2017). An implication of these results is that in
terventions to increase adult turtle survival by reducing road mortality, 
preventing mortality from agricultural activities, or curbing removal of 
individuals by addressing illicit trade could have large effects on 
increasing population growth rate. Increasing juvenile survival rates and 
hatchling survival rates only had minimal effects on the turtle popula
tion (though it is worth noting that an increasing population may only be 
reached if juvenile survival is also increased). 

Although our analyses accounted for important sources of uncer
tainty (such as environmental stochasticity and parametric uncertainty) 
and provided us with some useful insights, it is worth considering some 
of the limitations. Firstly, our predictive abilities would improve as more 
rigorous empirical estimates of vital rates become available. Secondly, 
we did not account for potential covariances among the experts (John
son et al., 2017) which could affect the precision of our estimates; 
positive correlation would tend to lead to more precise estimates, 
therefore ignoring this effect as we did would lead to wider uncertainty 
bounds. Thirdly, given the large number of parameters included in each 
model (e.g., 36 parameters [for the model with four juvenile stages]), for 
each of the nine experts, and for four methodologies) we automated the 
fitting of distributions to the available data. This automated process can 
be an additional source of error, and it is therefore helpful to validate 
parameters, particularly for the vital rates that contribute the most to 
population growth rate. For example, the weight assigned to each 
quantile, can have a strong influence on the fitted distribution. Finally, 
we did not account for demographic stochasticity, temporal autocorre
lation, and covariance among vital rates which if accounted for would be 
expected to lead to lower estimates of population growth. We found our 
estimates of central tendencies to be already low. Indeed a 15% rate of 
annual decline would be extremely rapid, but as noted earlier we 
encourage readers to focus on the uncertainty bounds instead of the 
means or medians. For instance, the upper 95% CI of some of the 

methods used suggest a 5% rate of decline. We also note that as is the 
case with most estimates of population growth rates based on matrix 
population models, ignoring the immigration process (as we did) into 
the population can lead to growth rates that are negatively biased. 

Nevertheless, we use expert elicitation as a useful tool to help 
managers assess the population status of wood turtle populations when 
data are lacking, and demonstrate how this approach is particularly 
useful when accounting for important sources of uncertainty. As 
mentioned by other authors (Colson and Cooke, 2018), the rigor of the 
protocol used for the elicitation can influence the results. Accordingly, 
here we have also quantified the variation among aggregation methods 
and pointed out considerations about the automated process for curve 
fitting to the elicited quantiles. We recognize there are other potentially 
important sources of uncertainty (e.g., model uncertainty [such as 
different stage structures], demographic stochasticity) that may be 
worth considering when conducting future population status assess
ment. The technique used to aggregate data emerged as one of these 
important sources of uncertainty. These findings are applicable for other 
population models used for conservation and management, such as 
various forms of population viability analyses (Beissinger and McCul
lough, 2002; Caswell, 2006; Martin et al., 2017; Morris and Doak, 2002; 
Runge et al., 2017) or for identifying optimal decisions based on the best 
scientific information available (Fackler et al., 2014; Johnson et al., 
2017; O’Donnell et al., 2020). 
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