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Recent advances in occupancy estimation that adjust for imperfect detection have 

provided improvements over traditional approaches by reducing bias in estimated occupancy 

rates and species-environment relationships.  To estimate and adjust for detectability, occupancy 

modeling requires the strong assumption of closure.  Violations of this assumption could bias 

parameter estimates; however, little work has assessed model sensitivity to violations of this 

assumption or how commonly such violations occur in nature.  I first advance a modeling 

procedure which can test for violations of this assumption.  I apply this approach to two avian 

point-count datasets to evaluate closure over time-scales typical of many wildlife investigations.  

Using a simulation study, I then contrast this approach with current approaches and evaluate the 

sensitivity of parameter estimates to violations of closure.  Application of our approach to point-

count data indicates that habitats may frequently be open over time scales typical of many 

occupancy investigations.  Further, simulations suggest that models assuming closure are 

sensitive to changes in occupancy and that our approach can effectively test for closure. 

Next, I develop species distribution models using an occupancy modeling approach.  

Species distribution models are being used for a variety of problems in conservation biology. In 
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many applications, perfect detectability of species is assumed. While this problem has been 

addressed through the development of occupancy models, we still know little regarding whether 

addressing imperfect detection improves the predictive performance for species distribution 

models in nature. Here, I contrast logistic regression models of species occurrence that do not 

correct for detectability to hierarchical occupancy models that explicitly estimate and adjust for 

detectability, and maximum entropy models that circumvent the detectability problem by only 

using data on known presence locations. I contrast these models for four landbird species that 

vary in abundance and detectability using a large-scale, long-term monitoring database across 

western Montana and northern Idaho. Overall, logistic regression models were similar to, or 

better than, other approaches, in terms of predictive accuracy, as measured by the Area under the 

ROC curve (AUC).  I conclude by discussing the advantages and limitations to each approach for 

developing large-scale species distribution models. 

 



 

11 

CHAPTER 1 

OCCUPANCY ESTIMATION AND THE CLOSURE ASSUMPTION 

Introduction 

Estimating and interpreting patterns of occupancy lie at the heart of many questions in 

ecology and problems in conservation.  For example, metapopulation theory often explores 

variation in patch occupancy in fragmented landscapes (Hanski 1994).  Species distribution 

models, which are widely used in guiding conservation and management decisions, frequently 

rely on observed patterns of detection and non-detection (Guisan et al. 2006).  Additionally, 

occupancy estimation can provide valuable information on population trends when more detailed 

demographic or abundance estimates are not practical (e.g. Bailey et al. 2004). 

Traditional approaches to occurrence estimation, such as logistic regression or Incidence 

Function Models (Hanski 1994), assume perfect detection of species.  Recently, these 

approaches have been criticized because even modest amounts of false absences (i.e., modeling a 

species as absent when it is in fact present) can bias parameter estimates in metapopulation 

models and predicted habitat relationships in investigations of habitat use (Moilanen 2002, Tyre 

et al. 2003, Gu and Swihart 2004, Martin et al. 2005). 

Because of the bias introduced by non-detection errors in traditional occupancy studies, 

several recent investigations have focused on how to model occupancy, given imperfect 

detection (Geissler and Fuller 1987, Azuma et al. 1990, MacKenzie et al. 2002, Tyre et al. 2003, 

Stauffer et al. 2004, MacKenzie et al. 2006).  Of these new techniques, MacKenzie and Royle 

(2005) suggest that the approach of MacKenzie et al. (2002) is the most flexible and that other 

approaches are special cases of their general occupancy model.  A major advantage of 

MacKenzie et al.‟s (2002, 2006) approach is its ability to model occupancy and detection 

probability simultaneously.  This has provided significant improvements over traditional 
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approaches, which is reflected in a recent surge in occupancy studies (Marsh and Trenham 

2008).  Additionally, these models continue to become more flexible, as they can now address 

issues of species co-occurrence, spatial autocorrelation (Royle et al. 2007), and multiple 

occupancy states (Royle and Dorazio 2008).   

To estimate detection probability, MacKenzie et al.‟s (2002, 2006) occupancy modeling 

approach requires multiple surveys at each site.  Detection probability is then estimated from the 

pattern of detections and non-detections that arise from these multiple surveys.  A necessary 

assumption is that sites are closed to changes in occupancy between surveys (i.e., the closure 

assumption).  The term „closure‟ reflects the assumption that if a site is occupied during at least 

one survey, it is assumed to have been occupied during all surveys, and any non-detection during 

a survey is considered a „false zero‟.   

A commonly used sampling approach for occupancy studies is to visit a site multiple 

times and conduct a single survey during each site visit, treating the surveys from each site visit 

as replicate observations (e.g., amphibians: Bailey et al. 2004, Kroll et al. 2008, birds: Tipton et 

al. 2008, Winchell and Doherty 2008, mammals: Ball et al. 2005).  We will refer to this approach 

as a standard occupancy sampling protocol.  Site visits are frequently separated by periods of 

weeks, or even months, and sites are assumed to be closed to changes in occupancy during these 

time periods.  Violations of this assumption may lead to biased estimates of detection probability 

and thus occupancy.  However, little work has been done to assess how violations of the closure 

assumption may affect occupancy estimates, and MacKenzie et al. (2006) have only inferred the 

strength and direction of these biases based on Kendall‟s (1999) evaluation of capture-recapture 

models.  Further, there has been little guidance in testing for violations of this assumption (for an 

exception see Betts et al. 2008).   
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Here, we address the closure assumption for occupancy estimation by providing a 

sampling protocol and modeling approach that allows testing for closure.  We advocate the use 

of Pollock‟s (1982) robust design, which requires the observer to conduct multiple surveys 

during each site visit.  We show that this approach permits estimation of transitions in site 

occupancy (i.e., local colonization and extinction) and formal statistical tests of closure between 

site visits.  Using simulations, we assess the relative performance of standard occupancy 

modeling approaches and those based on robust design when sites are open to changes in 

occupancy between site visits.  Finally, using two datasets on bird distributions, we test the 

likelihood of closure over time periods typical of many wildlife occupancy investigations. Our 

comparisons provide insight to the likelihood of closure during the breeding season. 

Robust Design Sampling 

An intuitive and practical way to address the closure assumption is to sample populations 

using Pollock‟s (1982) robust design, which was originally developed for capture-recapture 

sampling.  In Pollock‟s robust design, sampling consists of secondary sampling periods nested 

within primary sampling periods.  Populations are assumed to be closed to demographic changes 

between secondary sampling periods and open to demographic changes between primary 

sampling periods.  We apply principles of robust-design (RD) sampling in an occupancy 

estimation context by considering individual site visits primary sampling periods and multiple 

surveys conducted during each site visit secondary sampling periods.  We define „site visit‟ as 

any single visit to a site during which one or more surveys are conducted to assess detection/non-

detection.  Thus, we assume that sites are open to changes in occupancy between site visits, but 

are closed to changes in occupancy during site visits.  Conducting multiple surveys during each 

site visit minimizes the time over which closure is assumed while still providing the detection 

and non-detection data necessary to estimate detection probability.   
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Robust-design sampling can take several forms.  For example, MacKenzie et al. (2006) 

suggest conducting a fixed number of replicate surveys or having multiple individuals conduct 

simultaneous surveys at the same site during the same visit.  Additionally, Farnsworth et al. 

(2002) and Alldredge et al. (2007) suggest dividing timed surveys into several shorter sampling 

intervals.  Since detection/non-detection is assessed during each sampling interval, each 

sampling interval can effectively be considered an individual survey.  We refer to this approach 

of conducting a fixed number of replicate surveys during each primary sampling period a fixed-

replicate RD protocol.  With a fixed-replicate RD protocol, single site-visit estimates of 

occupancy can be computed using the approach of MacKenzie et al. (2002).    

 When conducting multiple surveys during a single site visit, assuring independence 

between surveys may prove problematic.  For example, a species detected during one survey 

may be easier to detect during subsequent surveys once its location is known.  For that reason, 

MacKenzie et al. (2006) suggest adopting a „removal‟ sampling protocol, which consists of 

surveying for a species only until it is first detected, up to a maximum of J surveys (Azuma et al. 

1990, MacKenzie and Royle 2005).  Since surveying stops once a species is first detected, the 

assumption of independence between surveys is less problematic.  We refer to this approach of 

surveying during a primary sampling period only until a species is first detected as a removal RD 

protocol.  With a removal RD protocol, single site-visit estimates of occupancy can be estimated 

using MacKenzie et al.‟s (2006, p. 102) single-season removal model.  The likelihood function 

for this model is identical to that of MacKenzie et al. (2002), with missing data after the first 

detection. 

Dynamic Occupancy Models 

Transitions in occupancy between site visits can be estimated by fitting dynamic models 

to data collected using RD protocols.  These models include the probability of local colonization 
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( ) and extinction ( ) as parameters.  In this context,  is the probability that an unoccupied site at 

time t will become occupied at time t+1.  Local extinction, , is the probability that an occupied 

site at time t will become unoccupied at time t+1.  Data collected with a fixed-replicate RD 

protocol can be fit to MacKenzie et al.‟s (2003) dynamic occupancy models.  Data collected with 

a removal RD protocol can be fit using a simple extension of MacKenzie et al.‟s (2006) single-

season removal model.  The likelihood function for a two-season, dynamic removal model is: 

 

where ψ is the probability a site is occupied during time 1, p1 and p2 are the conditional 

probabilities of detecting a species, given presence, during times 1 and 2, respectively, ji1 and ji2 

denote the number of surveys until the first detection of a species at site i during times 1 and 2, 

respectively (note that if a species remains undetected at site i during time t, then jit=J, the 

maximum number of surveys), yi1 and yi2 are binary indicators of whether a species is detected 

(y=1) or not (y=0) at site i during times 1 and 2, respectively, and N is the number of sites 

surveyed.  The framework for extending this dynamic removal model to three or more seasons is 

identical to MacKenzie et al.‟s (2003) dynamic model, changing only the observation component 

of the model to reflect a removal sampling protocol. 

To test for closure between site visits we use a likelihood-ratio comparison of open (ε, γ > 

0) and closed (ε = γ = 0) models.  This test is a ratio of the likelihoods of two nested models 

calculated using the maximum likelihood estimate (MLE) of parameters under the null 

hypothesis (ε = γ = 0) and the MLE of parameters under the alternative hypothesis (ε, γ > 0).  
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The likelihood-ratio test statistic is calculated as -2 × log(Λ), where Λ is the likelihood ratio of 

the two nested models.  Under the standard regularity conditions, the limiting distribution the test 

statistic under the null hypothesis is χ
2
 with degrees of freedom equal to the difference in 

dimensionality between the two models (Royle and Dorazio 2008).  However, in our situation 

the null model has parameters which are on the boundary of the parameter space (ε = γ = 0), and 

the limiting distribution is a mixture of χ
2
 and zeros (Self and Liang 1987).  The mixing 

proportion of this distribution depends on the Fisher Information and is difficult to calculate; 

however, the distribution of the test statistic can be approximated by simulating hypothetical data 

sets under the null hypothesis (Appendix A). 

Application of Robust Design Sampling to Breeding Bird Distributions 

Application Methods 

As an application, we fit standard occupancy and RD models to avian point-count data.  

We used two separate datasets for this application that illustrate different RD sampling designs.  

Our first dataset was collected along approximately 600 km of the Madison and Missouri Rivers, 

Montana, during the 2004 breeding season („riparian‟ dataset hereafter).  Each of 165 sites was 

each visited twice, once between 25 May-15 June and again between 15 June-10 July.  A 

standard 10-minute, 50-m radius point-count survey was conducted during each site visit.  Each 

10-minute survey was further divided into four 2.5-minute sampling intervals, which served as 

secondary sampling periods.  This dataset was collected using a removal RD sampling protocol, 

so sampling stopped for a species during a site visit once it was detected.  For a more detailed 

description of field methods, see Fletcher and Hutto (2008).  

Our second dataset was collected at the Hubbard Brook Experimental Forest, New 

Hampshire, during the 2007 breeding season („Hubbard Brook‟ dataset hereafter).  Each of 184 

sites was visited three times between 2 June and 2 July.  A standard 10-minute, 50-m radius 
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point-count was conducted during each site visit.  Each 10-minute survey was further divided 

into three 3-min 20-s sampling intervals, which served as secondary sampling periods.  This 

dataset was collected using a fixed-replicate RD sampling protocol, so each species was re-

sampled during each sampling interval.  For a more detailed description of field methods, see 

Betts et al. (2008). 

We fit open and closed RD models to both datasets.  We treated closed RD models as a 

restricted version of open RD models, such that ε = γ = 0.  We also fit standard occupancy 

models to a truncated version of each dataset.  We generated truncated datasets by collapsing 

information from each primary sampling period into either a 1 if a species was detected or a 0 if 

a species remained undetected.  This effectively treated each site visit as a single survey.     

Because apparent changes in site occupancy could potentially be explained by differences 

in detectability between site visits, we fit RD models estimating both constant detection 

probability and site-visit-specific detection probability.  This resulted in fitting four RD models 

for each species: closed with constant p, closed with site-visit-specific p, open with constant p, 

and open with site-visit-specific p.  For both datasets, we fit models to species that were detected 

on >10% of sites surveyed (riparian = 28 species, Hubbard Brook = 18 species).   

Because standard occupancy and RD models are fit to different data, formal comparison 

of open and closed models can only be performed with RD models.  Thus, we tested for closure 

using likelihood-ratio comparisons of nested open and closed RD models.  In addition, we 

calculated the Bayesian information criterion (BIC) for each RD model as -2 log(L) + K log(N), 

where K denotes the number of estimable parameters  (Burnham and Anderson 2002).  We then 

computed a set of model weights for ranking nested and non-nested models fit to each species' 

data as follows: 
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where Δr = BICi - BICmin denotes the difference between the ith model's BIC value and the 

smallest BIC value in the set of R candidate models. 

Application Results 

For 16 of the 28 species considered from the riparian dataset, open RD models received 

more than half of the model weight, according to BIC weights (Fig. 1-1a).  Likelihood-ratio tests 

provided similar results, rejecting the null hypothesis of closure between primary sampling 

periods for 20 species (p<0.05, Figure 1-1a).  In general, apparent colonization or extinction 

events with the riparian dataset were best explained by transitions in occupancy rather than 

changes in detectability; i.e., seasonal changes in detection probability were insufficient for 

explaining apparent transitions.  In only two clear cases (house finch [Carpodacus mexicanus] 

and European starling [Sturnus vulgaris]) did closed models with site-visit-specific detection 

probability best explain apparent changes in site occupancy (Figure 1-1a).  In all cases, open RD 

models provided lower point estimates of ψ than did standard occupancy models (Fig. 2-2a).   

For 17 of 18 species considered from the Hubbard Brook dataset, open RD models 

received more than half of the model weight, according to BIC weights (Fig. 1-1b).  Likelihood-

ratio tests provided similar results, rejecting the null hypothesis of closure between site visits for 

all 18 species (p<0.01, Figure 1-1b).  Apparent colonization and extinction events with the 

Hubbard Brook dataset were always better explained by transitions in occupancy rather than 

changes in detection probability (Figure 1-1b).  In all cases, open RD models provided lower 

point estimates of ψ than did standard occupancy models (Fig 1-2b). 
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Simulation Study 

Simulation Methods 

To assess how violations of the closure assumption can bias parameter estimates, we conducted 

simulation studies with sites open and closed to changes in occupancy between site visits.  We 

simulated two levels of initial probability of site occupancy, ψ, and single-site-visit detection 

probability, p (ψ,p high = 0.7, low = 0.3), open to varying levels of probability of local 

colonization, γ, and extinction, ε, between site visits (γ,ε = 0-0.95; note that when γ = ε = 0, 

populations are closed).   

To guide our simulations, we adopted the sampling protocols used by Fletcher and Hutto 

(2008; described above), who used a removal RD protocol, and Betts et al. (2008; also described 

above), who used a fixed-replicate RD protocol.  We based one set of simulations on Fletcher 

and Hutto (2008) by simulating observations from two primary sampling periods, each of which 

was divided into four secondary sampling periods (J = 4 surveys).  We based a second set of 

simulations on Betts et al. (2008) by simulating observations from 3 primary sampling periods, 

each of which was divided into 3 secondary sampling periods (J=3 surveys).  In both approaches, 

a primary sampling period corresponds to a single site visit.     

For each replicate dataset, we simulated observations on N = 1000 sites.  A site was 

initially occupied with probability ψ, and species were detected on occupied sites with 

probability 1-(1-p)
1/J

 during each survey.  During subsequent site visits, species were absent from 

sites occupied during the previous site visit with probability ε and present on sites that were 

unoccupied during the previous site visit with probability γ.  We randomly generated 1000 

replicate datasets for each combination of ψ, p, ε, and γ. 

Using the data-generating process described above, we simulated three different sampling 

protocols to address the closure assumption.  For a fixed-replicate RD protocol, each primary 
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sampling period consisted of J secondary sampling periods, regardless of detection history.  For 

a removal RD protocol, we only surveyed during a primary sampling period until a species was 

first detected, for a maximum of J surveys.  For a standard occupancy protocol, we truncated 

information from primary sampling periods into a 0 for non-detection and 1 for detection, 

effectively treating each primary sampling period as a single survey. 

 For both RD protocols, we fit open and closed models.  Fixed-replicate RD models had J 

× s surveys, where s is the number of primary sampling periods.  Removal RD models had a 

maximum of J × s surveys, but surveys stopped after the initial detection in any primary 

sampling period.  Open RD models estimated transitions in occupancy between primary 

sampling periods and closed RD models assumed closure between primary sampling periods.  

For the standard occupancy sampling protocol, we fit single-season occupancy models 

(MacKenzie et al. 2002) to the truncated data, with the number of surveys equal to the number of 

primary sampling periods.  This resulted in fitting five models to each replicate dataset. 

Simulation Results 

Estimates of ψ from closed models are sensitive to changes in occupancy between 

primary sampling periods (Fig. 1-3), whereas open models provided unbiased estimates of ψ.  

Biases in estimates of ψ are similar regardless of detection probability or the number of primary 

sampling periods.  This bias in estimated ψ is most pronounced for a standard occupancy 

sampling protocol, and is less pronounced with closed RD models.  Interestingly, closed fixed-

replicate RD models perform almost as well as open RD models when sites are open to 

extinction (Fig. 1-3a, b). 

In most cases, changes in site occupancy between primary sampling periods leads to 

overestimates of ψ for closed models (Fig. 1-3).  The exception is for intermediate values of 

extinction with a closed fixed-replicate RD model, which slightly underestimates ψ.  Estimates 
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of ψ are most sensitive to local colonization events, while estimates are relatively robust for low 

probabilities of local extinction between primary sampling periods.   

Interestingly, closed models are most sensitive to extinction events between primary 

sampling periods when occupancy rates are high (Fig. 1-3a), due to an increased number of sites 

that can possibly go extinct.  Conversely, closed models are most sensitive to colonization events 

between primary sampling periods when occupancy rates are low (Fig. 1-3d), due to an increased 

number of sites that can possibly become colonized.  These overestimates of ψ are driven by 

underestimates of p (Appendix B).   

Importantly, the power of a likelihood-ratio test to detect violations of the closure 

assumption increases with increasing extinction and colonization rates between site visits (Fig. 1-

4, see Appendix C for a description of power calculations).  Power to detect violation of the 

closure assumption is slightly greater for a fixed-replicate RD sampling protocol than for a 

removal RD sampling protocol.  Also, the power to detect extinction events between site visits is 

greatest when occupancy is high, whereas the power to detect colonization events between site 

visits is greatest when occupancy is low. 

Discussion 

The assumption that sites are closed to changes in occupancy over a season is a major 

assumption of standard occupancy models.  Recently, MacKenzie et al. (2006) have suggested 

the assumption of closure can be relaxed if changes in site occupancy are random (by drawing 

analogy from Kendall (1999)) and “use” rather than occupancy is estimated.  This relaxation 

may be appropriate in some situations, especially if the species of interest is wide ranging 

relative to survey sites and movement into and out of the sampling area is effectively random.  

Additionally, conducting repeated surveys close in time, either on the same day or during 
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subsequent days, has been advocated as a means to maximize the likelihood of closure 

(MacKenzie et al. 2006). 

Occupancy models share many similarities with traditional mark-recapture models, such 

that investigators have drawn analogy from mark-recapture models to infer potential biases 

resulting from violation of the closure assumption in occupancy estimation. For example, 

MacKenzie et al. (2006) used results from Kendall (1999) to suggest that if only two survey 

occasions are used and movement into or out of the study area between surveys is non-random 

(i.e., immigration or emigration-only movement), estimates of occupancy should reflect the 

probability of site occupancy during either the first or second survey occasion (for emigration or 

immigration, respectively).  However, our simulations demonstrate that violation of the closure 

assumption consistently leads to overestimates of the probability of site occupancy during either 

survey occasion, or for both occasions combined.   

Biases in estimates of the probability of site occupancy for standard occupancy models 

are driven largely by the detectability component of these models.  If a species is detected at least 

once at a site during a primary sampling period, all other non-detections during that same period 

are considered „false‟ zeros (i.e., a species was present but undetected).  However, if sites are 

open to changes in occupancy during that period, some of these „false‟ zeros will actually be 

„true‟ zeros, because the species was not available for detection over the entire primary sampling 

period.  Thus, incorrectly assuming closure deflates estimates of detection probability and 

inflates estimates of occupancy.  Our application of RD sampling makes the assumption of 

closure less problematic because closure is assumed over a very short time period. 

While methods of maximizing the likelihood of closure have been proposed, the 

importance of this issue has been unclear because no systematic approach has examined how 
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sensitive occupancy models are to violations of this assumption.  Understanding the level of 

sensitivity in parameter estimates to violations of model assumptions is important because it 

allows for determining the amount of effort necessary to properly safeguard against violations of 

these assumptions.  Our simulations have demonstrated that estimates of occupancy are sensitive 

even to small violations of the closure assumption.  It is important to note, however, that our 

work only addresses bias in estimates of the probability of site occupancy, not in estimated 

habitat relationships.  Future work is still needed to address the strength and direction of bias in 

estimates of habitat relationships arising from violations of the closure assumption. 

Our application of RD models to point-count data provides results consistent with the 

simulation study.  Models based on RD sampling yielded higher estimates of detection 

probabilities and lower estimates of occupancy relative to standard occupancy models, which is 

expected if sites are open to changes in occupancy between site visits.  Our application also 

suggests that habitats may frequently be open to changes in site occupancy over time-scales 

typical of many wildlife occupancy investigations.  The average time between site visits for the 

riparian dataset was 3.5 weeks, and the average time between site visits for the Hubbard Brook 

dataset was 6-8 days.  Consistently high support for open RD models indicates support for the 

hypothesis that many birds are shifting territories and/or migratory birds are arriving late or 

leaving early, even over these relatively short time spans.   

Within-season shifts in territories may occur for several reasons.  For example, Betts et 

al. (2008) demonstrated apparent within-breeding-season movement of Black-throated Blue 

Warblers (Dendrioca caerulescens) along a habitat gradient.  These warblers presumably shifted 

territories as more reliable information about habitat quality became available.  Studies using 

radio-telemetry and/or color banding have demonstrated that individuals may shift territories 
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after failed breeding attempts (Walk et al. 2004, Fletcher et al. 2006) or in response to seasonal 

fluctuations in food availability (Klemp 2003).  Additionally, Hamer et al. (2008) have 

demonstrated seasonal shifts in habitat use by amphibians exploiting ephemeral wetlands.  In 

these situations, occupancy models that assume closure between surveys widely separated in 

time are likely to produce biased estimates of occupancy and detection probability. 

The sensitivity of model performance to changes in site occupancy and the likelihood that 

sites are open to changes in site occupancy during timescales typical of many occupancy studies 

underscore the importance of addressing the closure assumption whenever possible.  Ideally, this 

assumption should be addressed in the study design phase, by planning for surveys to be 

conducted as close in time as possible.  This could include repeat surveys during the same day or 

on consecutive days, as recommended by MacKenzie et al. (2006).   

If conducting repeated surveys close in time, both fixed-replicate and removal RD 

approaches offer advantages and disadvantages.  A removal approach increases the likelihood of 

independence among surveys by stopping surveys during a primary sampling period once a 

species is detected, but the power to detect a violation of closure is less than with fixed-replicate 

models.  Closed fixed-replicate approaches produce less biased parameter estimates when the 

closure assumption is violated, but assuring independence between surveys is more difficult.  

One approach to this problem is to model detections at time t as a function of detections during 

time t-1 (within the same primary sampling period, see Betts et al. (2008)). 

If repeated surveys are separated over longer timescales, our approach provides a method 

to test for closure by dividing each site visit into two or more secondary sampling periods.  For 

many investigations, implementing our recommendations should require only minor 

modifications of existing protocols.  For example, timed occupancy surveys such as avian point 
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counts or amphibian call surveys can simply divide individual surveys into several shorter 

sampling intervals.  Using a RD design, these sampling intervals can be treated as secondary 

sampling periods and each site visit can be treated as a primary sampling period, which will 

allow testing for closure by comparing open and closed models. 

One problem with our approach of treating individual site visits as a primary sampling 

period is that temporary site absences can be confounded with extinction or colonization events.  

For example, if a territory were to overlap a survey site, but not be completely contained within 

that site, what might be an apparent extinction or colonization event could simply be an animal 

still present in its territory, but absent from the survey site.  This is likely to have occurred with 

the datasets we considered, especially for wide ranging species and those that occur at low 

densities (which may correspond to greater territory size).  Teasing apart true colonization and 

extinction events from temporary absence from a site is not possible with these datasets, and our 

estimates likely represent an upper limit to changes in site occupancy.  This issue should also be 

considered in the sampling design.  One approach for addressing this issue is to increase the area 

sampled.  If temporary immigration and emigration is driving apparent immigration and 

emigration, expanding the area sampled should provide more support for closed models.  This is 

less of a problem for the riparian dataset because most forest patches sampled were small, and 

increasing the point-count radius could have resulted in sampling non-forest habitat.  Therefore, 

we expect the likelihood of temporary immigration or emigration is probably less than for more 

contiguous habitats.   

Hubbard Brook is characterized by relatively contiguous habitat, which makes the issue 

of temporary site absences more relevant for this dataset.  We further analyzed the Hubbard 

Brook data at a 100 m point-count radius to determine if inferences on violations of closure were 



 

26 

sensitive to sampling area.  Tests for closure at this radius did not change our inference for any 

species (p<0.01), although BIC weight of closed models increased substantially for the yellow-

bellied sapsucker and decreased substantially for white-breasted nuthatch.  This suggests that, at 

least for the yellow-bellied sapsucker, a wide ranging species, temporary site absences may be 

occurring at least some of the time.   

If temporary immigration or emigration was driving apparent colonization and extinction 

events, we should further expect to consistently reject the closure hypothesis for large, wide-

ranging species.  However, many species for which the closure hypothesis was supported are 

wide ranging species, such as the black-headed grosbeak (Pheucticus melanocephalus), downy 

woodpecker (Picoides pubescens), and black-billed magpie (Pica hudsonia).  Further, species 

body mass (a surrogate of territory size, see Bowman [2003] for justification and Appendix D for 

body mass values used) was not a significant predictor of BIC model weight for either the 

riparian or Hubbard Brook data (Rota; unpublished results).  Thus, despite the potential to 

confound temporary site absences with true immigration or emigration, our analyses strongly 

suggest that sites were open to changes in occupancy over the duration of these two studies. 

Adequately addressing the closure assumption is critical to drawing valid inference for 

both ecological questions and conservation problems.  Our simulations demonstrate that standard 

occupancy models are highly sensitive to violations of the closure assumption and will always 

overestimate the probability of site occupancy when closure is violated.  Further, this bias is 

dependent on the amount of immigration and emigration.  These parameters are unlikely to 

remain constant within or among seasons, making inference even on relative occupancy from 

closed models problematic.  Because of the direction of these biases, an uncritical application of 

closed occupancy models could have dire consequences when monitoring rare or declining 
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species for conservation and management decisions.  We recommend explicitly addressing the 

assumption of closure whenever possible, whether it is conducting repeat sampling over a 

timescale (hours to days) that will maximize the likelihood of closure, or adopting a design 

which will allow testing for closure.  Adequately addressing assumptions is an essential part of 

any modeling process, and an improved focus on the closure assumption will play a crucial role 

for managers and scientists alike in providing meaningful estimates of occupancy. 
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Figure 1-1.  Relative weights of open and closed occupancy models for breeding birds in two areas.  A)  Bayesian information criteria 

(BIC) model weight for all species detected on >10% of riparian point-counts (N=165), Montana, using a removal RD 

sampling protocol.  B)  BIC model weight for all species detected on >10% of Hubbard Brook point-counts (N=184), New 

Hampshire, using a fixed-replicate sampling protocol.  Significant likelihood-ratio tests for closure are marked with 

asterisks (*: p<0.05, **: p<0.01).  For a list of scientific names, see Appendix D. 
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Figure 1-2.  Estimated probability of site occupancy, ψ, from open and closed models.  A) 

Estimated probability of site occupancy, ψ from open removal RD models relative to 

standard occupancy models for all species detected on >10% of riparian dataset point-

counts.  Both models assume constant detection probability.  Open circles indicate 

species for which the closure hypothesis was supported.  B) Estimated ψ from open 

fixed-replicate RD models relative to standard occupancy models for all species 

detected on >10% of Hubbard Brook dataset point-counts.  Both models assume 

constant detection probability.  The dashed line indicates a 1:1 relationship, or no 

difference in estimates, and points above that line indicate a higher estimate of ψ for 

standard occupancy models. 
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Figure 1-3.  Mean estimated probability of site occupancy, ψ from standard occupancy 

(MacKenzie et al. 2002), fixed-replicate RD and removal RD models, each calculated 

from 1000 replicate simulations.  A) Extinction-only, initial ψ=0.70.  B)  Extinction-

only, initial ψ=0.30.  C) Colonization-only, initial ψ=0.70.  D) Colonization-only, 

initial ψ=0.30.  All data were simulated using two primary sampling periods, with 

four secondary sampling periods nested within each primary period.  For all 

simulations, p = 0.7. 
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Figure 1-4.  The power of a likelihood-ratio test to detect changes in site occupancy between 

primary sampling periods.  High ψ=0.70, low ψ=0.30, p=0.70, and calculations were 

made assuming two primary sampling periods, each with four secondary sampling 

periods.  Note that these power calculations were made assuming surveys on 165 sites 

(i.e., the sampling protocol from Fletcher and Hutto (2008)).  
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CHAPTER 2 

DOES ADDRESSING IMPERFECT DETECTION IMPROVE PREDICTIVE 

PERFORMANCE OF SPECIES DISTRIBUTION MODELS? 

Introduction 

 Accurate predictions of species distributions are essential for conservation (e.g. Carroll 

and Johnson 2008), management (Fernandez et al. 2006), and forecasting the effects of global 

climate change (Lassalle et al. 2008).  Species distribution models (SDMs) are a commonly used 

tool to describe the geographic distribution of plants and animals by quantifying species-

environment relationships (Guisan and Thuiller 2005).  Recent advances in statistical techniques 

and geographic information system (GIS) technology has caused a proliferation in the number of 

SDM approaches (Guisan and Zimmermann 2000, Guisan and Thuiller 2005).  While 

applications exist for predicting both the abundance (e.g. Thogmartin et al. 2004) and occurrence 

of species across space, often only information on occurrence is available for developing models. 

 Logistic regression is a commonly used approach to modeling species occurrence 

(Guisan and Zimmermann 2000).  This approach relies on binomial response data in the form of 

presences or absences (or more frequently, detection/non-detection) (Manly et al. 2002).  

Obtaining reliable presence/absence data is often costly and difficult.  Additionally, records of 

occurrence of many species are sparse or known only through museum records.  This has 

prompted researchers to develop a variety of techniques for modeling presence-only data.  A 

recent comprehensive analysis of presence-only SDMs demonstrates that many of these 

techniques have high predictive performance (Elith et al. 2006). 

A common problem with the above approaches is their inability to properly account for 

the imperfect detection of species.  For example, SDM approaches that rely on presence/absence 

data, such as logistic regression, require the strong assumption that species are perfectly detected, 

an assumption that is unlikely to hold in most situations (MacKenzie et al. 2002).  Further, recent 
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investigations have demonstrated that failure to account for imperfect detection can lead to 

biased estimates of habitat relationships for logistic regression models (Tyre et al. 2003, Gu and 

Swihart 2004, Martin et al. 2005).  Presence-only methods can potentially circumvent the 

detectability issue by only using data from locations where a species was known to occur.  As a 

result, presence-only methods are unable to directly estimate the probability of occurrence (Ward 

et al. 2008), instead estimating a relative measure of suitability (Phillips et al. 2006).   

  Recently developed occupancy modeling approaches that account for imperfect detection 

(occupancy modeling approaches hereafter) have the potential to overcome this shortfall by 

simultaneously estimating the probability of occurrence and the probability a species is detected 

(MacKenzie et al. 2002, MacKenzie et al. 2006, Royle and Dorazio 2008, Rota et al. In Review).  

These approaches rely on detection/non-detection data, and require multiple surveys at a site to 

estimate the probability of detection (MacKenzie et al. 2002).  Occupancy models can 

accommodate covariates associated with detection probability and the probability of occurrence, 

and can be estimated with both a classical likelihood-based (MacKenzie et al. 2006) or a 

Bayesian (Royle and Dorazio 2008) approach. 

 Occupancy modeling approaches have gained enormously in popularity (Marsh and 

Trenham 2008) and have the potential to improve the predictive performance of SDMs.  

However, to our knowledge, they have yet to be assessed relative to other approaches in a 

species distribution modeling context, where the goal is to maximize the predictive performance 

of models across geographic regions.  Here, we use occupancy modeling approaches to create 

SDMs for breeding forest birds that are imperfectly detected.  We contrast an occupancy 

modeling approach with other commonly used SDM approaches:  logistic regression and 

maximum entropy (Phillips et al. 2006).  By explicitly accounting for imperfect detection when 
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building SDMs, we expect that occupancy models should produce more accurate estimates of 

habitat relationships and improve predictive performance relative to approaches that do not 

account for detection bias (e.g., logistic regression) or use a subset of the data to do so (e.g., 

presence-only approaches). 

Methods 

Field Methods 

 Our analysis draws on a spatially and temporally extensive effort to estimate 

geographical distributions and monitor population trends of landbirds breeding in western 

Montana and northern Idaho.  Since 1994, surveys coordinated through the Northern Region 

Landbird Monitoring Program (NRLMP) have monitored all diurnal landbirds that can be 

detected using a single point-count methodology (Hutto and Young 1999).  The entire NRLMP 

dataset consists of 482 permanently marked transects stratified across nine National Forests and 

three cooperating agencies (Fig. 2-1).   

 Each transect consists of 10 permanently marked points (sites hereafter), spaced 

approximately 300 m apart.  Standard 10-minute, 100 meter radius point-count surveys were 

conducted at each permanently marked site.  During each survey, all birds seen or heard were 

recorded by trained observers.  A subset of transects were surveyed every year since 1994, with 

the exception of 1997, 1999, 2001, and 2006.  Each site was only surveyed once per breeding 

season (Hutto and Young 2002).  During all years, transects were surveyed from late-May to 

mid-July. 

In many years, each 10-minute survey was divided into two 5-minute sampling intervals.  

When point-counts were divided into shorter sampling intervals, observers noted the sampling 

interval in which a species was first detected.  By doing so, observers were effectively 

employing a „removal‟ sampling design (sensu MacKenzie and Royle 2005, Rota et al. In 
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Review), meaning they were only sampling for a species until it was first detected.  We used this 

information to estimate and account for detectability in SDMs. 

Transect and Species Selection 

We initially refined our analysis to transects and sites with reliable GIS data.  Occupancy 

modeling approaches require multiple surveys at each site in order to estimate detection 

probability.  Thus, in order to build SDMs that incorporate imperfect detection, we further 

refined our analysis to those sites where surveys were subdivided into shorter sampling intervals.  

Finally, we removed from the analysis surveys conducted during 2003 and 2005, because of 

restricted geographic sampling.  This resulted in 8037 individual point counts, located on 268 

transects (Fig. 2-1), spanning 5 different years (1994, 1995, 2004, 2007, and 2008).  We then 

split the refined data into two groups:  training and validation data.  We randomly selected 2/3 of 

the transects (5487 point-counts located on 181 transects) for model training, i.e., we developed 

SDMs using these data only.  The remaining 1/3 of the data (2550 point-counts located on 87 

transects) was used to validate SDMs.  With the fixed effects estimated from the training data, 

we made predictions to the validation data (see below). 

For this analysis, we chose species with high and low relative abundance and detection 

probability.  To ensure enough data for developing SDMs, we limited our pool of candidate 

species to those detected on at least 5% of point-counts, for a total of 39 species.  We initially 

partitioned candidate species into two groups, relatively abundant and relatively uncommon, 

based on the proportion of point-counts they were detected on.  To estimate detection 

probability, we fit intercept-only occupancy models (including random effects; see below) to 

each species.  From the relatively abundant group, we then selected species with the highest and 

lowest estimated detection probability, excluding Pine Siskin (Carduelis pinus) because of their 

nomadic nature.  This resulted in selecting Townsend‟s Warbler (Dendroica townsendii), which 
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is relatively abundant in the study area and highly detectable, and Golden-crowned Kinglet 

(Regulus satrapa), which is relatively abundant in the study area but with a relatively low 

detection probability.  From the relatively uncommon group, we selected the Olive-sided 

Flycatcher (Contopus cooperi), which was the species in that group with the highest estimated 

detection probability.  We additionally selected the Black-headed Grosbeak (Pheucticus 

melanocephalus).  We selected this species because of a relatively low estimated detection 

probability (approximately 40% for a 10-minute survey) and because of a close correspondence 

with the estimated detection probability from an independent dataset (Rota et al. In Review). 

Habitat and Detection Covariates 

We modeled species distributions as a function of several habitat covariates.  We selected 

unique habitat covariates for each species, based on published accounts of habitat preference.  

Townsend‟s Warblers are associated with closed canopy, late successional forest (Wright et al. 

1998).  We thus selected habitat covariates to reflect canopy cover and tree diameter at breast 

height (DBH).  Olive-sided flycatchers are associated with open canopy forest, and frequently 

breed along streams (Altman and Sallabanks 2000), so we selected habitat covariates to reflect 

canopy cover and distance to stream.  Golden-crowned Kinglets are strongly associated with 

subalpine forest, show a preference for breeding close to streams, and may show a positive 

relationship with tree size (Ingold and Galati 1997).  We thus selected habitat covariates to 

reflect the presence of subalpine forest, distance to streams, and tree DBH.  Based on known 

associations of Black-headed Grosbeaks with deciduous vegetation, streams, and forest gaps and 

openings (Hill 1995), we selected habitat variables reflecting the presence of deciduous forest, 

proximity to streams, and canopy cover.  In addition to these unique habitat variables for each 

species, we modeled the probability occurrence as a function of elevation and survey date for all 

species.  Elevation is an indirect gradient that is likely to strongly influence the probability of 
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occurrence (Austin 2002).  Survey date is likely to influence to probability of occurrence, 

especially early in the season as species are making settlement decisions.  We explored both 

linear and quadratic relationships with elevation and survey date. 

We derived all habitat covariates from Global Information System (GIS)-based 

vegetation measures.   All original GIS layers for canopy cover , DBH, and forest type were 15-

m resolution digital land-cover maps developed by the United States Forest Service Northern 

Region Vegetation Mapping Program (USFS R1-VMP) based on Landsat TM imagery and aerial 

photo interpretation (Brewer et al. 2004).  We derived habitat variables from three R1VMP GIS 

layers:  Tree-diameter, Canopy-Cover, and Life Form.  The original R1VMP Tree-diameter layer 

described tree size with four size categories and we used a Principal Component Analysis (PCA) 

to reduce the number of DBH variables to two.  The original R1VMP Canopy Cover layer 

described canopy cover using three categories.  We again used PCA to reduce the number of 

canopy cover variables to two.  In both cases, one principal component reflected a linear gradient 

of canopy cover or DBH, whereas the other component reflected a non-linear gradient (high 

factor loadings on intermediate). The original R1VMP Life-Form layer describes the relative 

canopy cover of several vegetative communities in each cell.  From this layer, we derived new 

layers describing the presence/absence of subalpine and deciduous forest in each cell and in the 

surrounding 1 km landscape.  We derived stream distances from the United States Geological 

Survey (USGS) National Hydrography Dataset, and we derived elevation from a 30-m resolution 

Digital Elevation Model.  We aggregated all GIS layers to a common 200 meter resolution prior 

to analysis to reflect the grain of our sampling unit (100m radius counts). 

In addition to habitat covariates, we selected several variables that may influence the 

probability that a species is detected.  For all species, we modeled detection probability as a 
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function of date of survey, time of survey, wind speed, and sky cover/precipitation.  We also 

included quadratic effects of date of survey and time of survey.  We initially attempted to include 

an observer random effect, since accounting for observer bias has been demonstrated to improve 

model fit with another large-scale avian monitoring dataset (Sauer et al. 1994).  However, 

observations were sparse for the Olive-sided Flycatcher and Black-headed Grosbeak, leading to 

difficulties with model convergence.  We thus excluded a random observer effect from analysis. 

Logistic Regression Models 

We fit logistic regression models to detection/non-detection data for the four species 

considered.  We used a repeated measures logistic regression design (Liang and Zeger 1986) 

because many sites had multiple surveys across years.  For example, some sites were surveyed in 

1994, 1995, 2004, 2007, and 2008.  We estimated regression parameters using Generalized 

Estimating Equations (GEE), as implemented in PROC GENMOD (SAS Institute 2008).  For 

each species, we modeled the probability of occurrence as a function of the habitat variables 

described above.   

For each species, we used manual backwards selection based on QIC (Pan 2001) and 

95% confidence intervals of parameters to arrive at a parsimonious model (cf. Thogmartin et al. 

2004).  We first fit full models with all habitat variables included.  We then removed the habitat 

variable with the smallest estimated regression coefficient whose 95% confidence interval 

overlapped zero.  If removal of this variable resulted in a decreased QIC score, it remained out of 

the model and we removed the variable with the next smallest estimated regression coefficient 

whose 95% confidence interval overlapped zero.  We continued in this manner until either 

removal of a parameter no longer resulted in a decreased QIC, or until no estimated regression 

coefficient had 95% confidence intervals that overlapped zero.  We then used this final model to 

make predictions and compare across models. 
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Hierarchical Occupancy Models 

We contrasted logistic regression models with hierarchical occupancy models to build 

SDMs for all species considered.  We fit hierarchical models using Bayesian methods, which we 

implemented in WinBUGS 1.4 (Spiegelhalter et al. 2003).  Hierarchical occupancy models 

contain explicit models for both the latent occupancy state, which is the ecological process of 

interest, and the observations conditional on the latent occupancy state (Royle and Dorazio 

2008).  The process model describes the latent occupancy state and is specified as: 

zi ~ Bernoulli(ψi), 

where zi is the latent occupancy state of site i ( ; a site is occupied if zi = 1, a site is 

unoccupied of zi = 0) and ψi is the probability site i is occupied.  We further modeled ψi as a 

function of both fixed and random effects: 

logit(ψi) = β0 + βcov × xi + τt + γr . 

Here, β0 is an intercept term, βcov is a vector of regression parameters associated with the 

covariates, xi is a vector of habitat covariates at site i, τt is a random effect of transect t and γr is a 

random effect of year r.  By including a random transect effect, we effectively „block‟ each site 

by transect.  This can be an effective way to deal with potential spatial autocorrelation (Keitt et 

al. 2002).  In our case, if spatial autocorrelation was pervasive in the data, we expected it to 

occur within transects rather than among transects, because on average transects are >8 km apart.  

Additionally, we include a random year effect because many sites were surveyed in multiple 

years.  Including a random year effect effectively „blocks‟ each site by year and limits potential 

pseudoreplication from temporally repeated measures.  

The observation model describes variation in detections, conditional of the latent 

occupancy state.  We employed a „removal‟ sampling protocol (sensu MacKenzie and Royle 

2005, Rota et al. In Review), where we only surveyed for a species until it was first detected, for 
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a maximum of two surveys.  Such designs are typical of many point-count based surveys (Ralph 

et al. 1993).  The likelihood function for detection probability with a removal sampling protocol, 

conditional on the latent occupancy state, is: 

 

where pi is the probability of detecting a species at site i, yi is a binary indicator of whether a 

species was detected at site i (yi=1) or not (yi=0) and ji is the survey during which a species was 

detected at site i (note that if no detections were made, ji = J = 2, the maximum number of 

surveys at a site).  We further modeled pi as a linear function of covariates likely to influence 

detection probability as: 

logit(pi) = α0 + αcov × vi 

where α0 is an intercept term, αcov is a vector of regression parameters associated with the 

covariates, and vi is a vector of detection covariates at site i. 

For all fixed effects, we specified vague normal prior distributions with mean 0 and 

variance 1000.  We specified all random effects to have a mean zero and variance (for the 

random transect effect) or (for the random year effect).  We specified vague inverse gamma 

prior distributions for these variance hyperparameters, with mean 1 and variance 1000.  We 

estimated posterior distributions from two Markov chains, each with 100,000 iterations, 

discarding the first 50,000 as burn-in and drawing every fifth iteration thereafter. 

 For hierarchical occupancy models, we used the model selection strategy described by 

Kuo and Mallick (1998) to arrive at a parsimonious model as an alternative to DIC, which is 

limited for hierarchical models with two or more levels (Millar 2009).  This approach estimates 

the posterior probability of all possible combinations of fixed effects in a model.  This involves 

fitting an additional inclusion parameter, wk, for each fixed effect k.  Each inclusion parameter is 
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assumed to have a Bernoulli distribution with parameter πk, which is the probability that fixed 

effect k will be included in the model.  We specified an impartial prior distribution on all 

inclusion parameters as: 

wk ~ Bernoulli(0.5). 

We then estimated the posterior probability of each model directly from the Markov Chain 

Monte Carlo (MCMC) output by calculating the proportion of times each configuration of 

inclusion parameters, wk, equaled 1.  We selected the model with the largest posterior probability 

as our parsimonious model. 

Maximum Entropy Models 

 Finally, we used a maximum entropy machine learning approach to build SDMs for all 

species.  Maximum entropy approaches rely on presence-only data to model the distributions of 

species, avoiding the problem of imperfect detection by not considering sites during the 

modeling process where species were not detected.  This approach has recent been shown to 

have high predictive performance relative to other presence-only approaches (Elith et al. 2006).  

The maximum entropy principle is to approximate a probability distribution π that satisfies any 

known constraints on species distributions, but is closest to maximum entropy (i.e., the 

approximated probability distribution is as close to uniform as possible).  Environmental 

variables at known presence locations are used to constrain the probability distribution π, such 

that the expected value of an environmental variable under the estimated distribution must match 

its empirical average (Phillips et al. 2006).  We used Maxent (Phillips et al. 2006) to model 

species distributions from presence-only data. 

 To estimate species distributions with Maxent, we combined a set of GIS layers unique to 

each species that described several biotic and abiotic gradients likely to influence the probability 

occurrence (as described above), which we then overlaid with locations of known species 
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occurrence.  We then used two approaches to arrive at a mean suitability across years.  First, we 

segregated the presence-only points by year, building separate models for each year.  We then 

estimated mean suitability by simply averaging the estimate of suitability across years.  Second, 

we fit a single model to all presence points, regardless of the year it was collected.  These two 

approaches provided almost identical estimates of relative suitability, so we only report the 

average estimate of suitability across years. 

 Maxent uses a jackknife test to estimate the relative importance of variables in a model.  

This test is performed by running a series of models, with each run omitting a single habitat 

variable in turn.  Additionally, a series of models are run which include each habitat variable 

used in isolation.  The estimate of relative importance is then obtained by comparing model gain 

when a variable is omitted and when only that variable is included.  We use the results of the 

jackknife test to qualitatively compare habitat relationships estimated by Maxent to habitat 

relationships estimated by logistic and occupancy models.  Maxent fits highly non-linear 

relationships to the data, and direct comparison of estimated habitat effects between Maxent and 

logistic and occupancy models is not straightforward. 

Comparing Predictive Performance 

   Once we arrived at a parsimonious model for each SDM approach, we compared their 

predictive performance by calculating the Area Under the Curve (AUC) of a Receiver Operating 

Characteristic (ROC) plot (Fielding and Bell 1997).  SDM predictions are in the form of a 

probability of detection (for logistic and occupancy models) or relative suitability (for maximum 

entropy models).  The ROC plot is a threshold-independent measure of model predictive 

performance, because it evaluates predicted versus observed detections at all possible thresholds.  

The curve is constructed by plotting the fraction of true-positive predictions on the y-axis against 

the fraction of false-positive predictions on the x-axis for every threshold value.  The AUC is 
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then a measure of predictive performance.  An AUC value of 0.50 indicates a model‟s 

predictions are no better than random, while an AUC score >0.50 indicates successively greater 

predictive performance.  We used the ROCR package (Sing et al. 2005) in the R statistical 

package (R Development Core Team 2008) to calculate AUC.  This measure is useful for 

contrasting different model types that vary subtly in interpretation (Elith et al. 2006), such as 

those contrasted here. 

 We used estimates of fixed effects from the training data to make predictions to the 

validation data.  Since presence/absence is only imperfectly assessed in our validation data, our 

predictions were interpreted as the probability of detection/non-detection to new sites.  We 

estimated the probability of detecting a species with logistic regression models by multiplying 

the estimated fixed habitat effect by the observed habitat variable at each new location.  

However, because logistic regression approaches do not explicitly account for imperfect 

detection, the probability of occurrence is confounded with detection probability.  Therefore, to 

ensure we were using the same currency to compare models, we additionally estimated the 

probability of detection at each new location with occupancy modeling approaches.  We first 

estimated the probability of occurrence by multiplying the estimated fixed habitat effect by the 

observed habitat variable at each new location.  We then estimated the probability of detecting a 

species at each site by multiplying the estimate of fixed detectability effects by the observed 

detectability variables at each new location.  We finally multiplied the predicted probability of 

occurrence by the predicted probability of detecting a species at least once to arrive at a 

prediction of detection or non-detection at a site.  Finally, we compared the index of relative 

suitability generated by Maxent with observed detections/non-detections at the validation sites. 
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Results 

Each modeling approach estimated slightly different habitat relationships.  Generally, the 

three approaches all agreed on what habitat variables had the strongest influence on the 

probability of occurrence (Table 2-1 and Figure 2-2).  For example, an elevation term entered all 

of the logistic and occupancy models except the final Olive-sided Flycatcher occupancy model, 

and was a consistently influential variable in Maxent models.  Additionally, for several habitat 

variables, there was consistent agreement between models.  For example, Townsend‟s warblers 

were correlated with canopy cover, Golden-crowned Kinglets were correlated with distance to 

stream and presence of subalpine forest, and Black-headed Grosbeaks were correlated with 

canopy cover for all three modeling approaches.   

There was, however, considerable disagreement over the importance of some estimated 

habitat relationships, particularly for the Olive-sided Flycatcher (Table 2-1 and Figure 2-2).  For 

example, Maxent estimated strong correlations between Olive-sided Flycatcher occurrence and 

distance to stream and elevation, but these two variables didn‟t even enter the final occupancy 

model for the Olive-sided Flycatcher.  Similarly, both logistic and occupancy models predicted 

strong negative correlations between the presence of deciduous trees and Black-headed Grosbeak 

occurrence, while this was the least influential variable in Maxent models.  This disagreement in 

estimated habitat relationships led to considerably different predictive maps between the Maxent 

approach and the logistic and occupancy modeling approaches (Fig. 2-3). 

Occupancy models and logistic regression models tended to have similar fixed-effects 

coefficients (Table 2-1).  All estimated habitat relationships except one were in the same 

direction and of similar magnitude.  Most of the same variables entered both logistic and 

occupancy modes, although occupancy models always had the same or fewer number of 
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variables.  Estimates of habitat relationships were not consistently larger or smaller for either the 

logistic or occupancy modeling approaches. 

Detection probability decreased as a function of site-specific variables for the 

Townsend‟s Warbler and Golden-crowned Kinglet (Table 2-3).  Detection probability was best 

modeled as constant for the Olive-sided Flycatcher and the Black-headed Grosbeak, the two least 

abundant species considered.  The intercept of estimated detection probability (detection 

probability when all other covariates equals 0) during a 10-minute point-count ranged from 0.81 

for the Black-headed Grosbeak to 0.98 for the Townsend‟s Warbler. 

Species distribution models based on occupancy modeling and logistic regression 

consistently outperformed maximum entropy models, in terms of AUC.  However, there was no 

clear distinction in AUC between occupancy modeling and logistic regression models.  The AUC 

score for the Olive-sided Flycatcher was higher for logistic regression models than for 

occupancy models; for the other species considered, AUC scores were nearly identical for 

logistic and occupancy models (Table 2-3). 

Discussion 

Species distribution modeling approaches that included detection/non-detection data 

consistently outperformed species distribution models that relied on presence-only data.  This 

result is consistent with earlier work (Brotons et al. 2004) that contrasted other presence-only 

methods with logistic regression.  While a recent overview of presence-only SDM approaches 

suggests that Maxent performs well relative to other presence-only methods (Elith et al. 2006), 

The consistent underperformance of Maxent relative to logistic and occupancy models suggests 

that approaches that rely on detection/non-detection data should be used whenever the 

appropriate data are available. 
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 A possible reason for the consistent under-performance of Maxent models relative to 

logistic and occupancy models is its reliance on presence-only points.  While presence-only data 

provides information on where a species is likely to be found, it may not be reliable for 

determining habitat variables a species is likely to avoid.  For example, in the training data, 

Black-headed Grosbeaks were only detected in 5 of the 208 sites that had deciduous forest in the 

surrounding 1 km landscape.  This led to a strong negative correlation between occurrence of the 

Black-headed Grosbeak and the presence of deciduous forest in the surround 1km landscape for 

both logistic and occupancy models (admittedly, the opposite relationship we were expecting).  

However, the effect of the variable was negligible in the Maxent models, presumably because of 

the paucity of detections associated with that habitat.  This could lead to erroneous predictions to 

new sites if, for example, presence of a variable that is negatively correlated with the probability 

of occurrence co-occurs with other variables that may positively correlate with occurrence 

probability. 

 Surprisingly, we found no clear distinction between the predictive performance of either 

logistic regression or occupancy modeling approaches.  Our a priori expectation was that, 

especially for species with low relative detection probability, a species distribution modeling 

approach that explicitly incorporated imperfect detection should improve predictive 

performance.  Several recent simulation studies demonstrate that false absences, i.e., failing to 

detect a species that is in fact present, will result in biased estimates of habitat relationships when 

using logistic regression approaches (Tyre et al. 2003, Gu and Swihart 2004, Royle and Dorazio 

2008).  These simulations demonstrate that when false absences are included in logistic 

regression models of habitat relationships, both the intercept and slope of the estimated 

relationship will be underestimated.  However, inspection of the regression coefficients for the 
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logistic regression models shows no consistent difference in estimation of either the intercept or 

slope of estimated habitat relationships. 

 Additionally, another simulation study (Rota, unpublished data) demonstrated that in 

some situations, occupancy models that account for imperfect detection will improve predictive 

performance of species distribution models relative to logistic regression, in terms of AUC.  In 

these simulations, occupancy models outperformed logistic regression models when detection 

probability was heterogeneous across sites.  However, when detection probability was constant 

across sites, the predictive performance of logistic models was equivalent to occupancy models, 

despite under-estimates of habitat relationships from logistic models.  The predictive 

performance of logistic models is comparable to occupancy models when detection probability is 

constant across sites, even if it is less than 1, because the relative estimates of habitat 

relationships are maintained. 

 For both the Black-headed Grosbeak and the Olive-sided Flycatcher, the final model held 

detection probability constant across sites.  This may partly explain the lack of gains in 

predictive performance of occupancy models for these species.  While an occupancy modeling 

approach may have provided more accurate estimates of habitat relationships for these species, 

there still may have been no gain in predictive performance since the final model held detection 

probability constant across sites.  Indeed, evaluation of regression coefficients for both 

occupancy and logistic models shows relative estimates of habitat relationships to be similar. 

 Another reason occupancy modeling approaches may have failed to improve predictive 

performance is the short temporal scale of the replicate surveys.  Ten minute point counts were 

divided into two five minute sampling intervals, and these sampling intervals were used as 

replicate surveys to estimate detection probability.  Little information relevant to estimating 
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detection probability may have been gained in such a short period.  For example, estimated 

detection probability is the probability of detecting an individual, conditional on the individual 

being present during the sampling occasion.  However, both the Black-headed Grosbeak and 

Olive-sided Flycatchers have relatively large territories, and temporary absences from occupied 

or otherwise suitable habitat may be confounded with true absences over such a small sampling 

window.  Thus, estimated detection probability may be biased high, leading to similar 

performance between occupancy modeling and logistic regression approaches.  Nonetheless, for 

two species, parsimonious models did capture signals that date, time, and wind speed influenced 

detection probability. 

 An important assumption of occupancy modeling approaches is that sites are closed to 

changes in occupancy between replicate surveys (MacKenzie et al. 2002, Rota et al. In Review).  

Occupancy models can be very sensitive to violations of closure (Rota et al. In Review), and the 

temporal scale of our replicate surveys minimized the length of time over which closure was 

assumed.  However, there may be a trade-off between conducting surveys over a short enough 

time period to minimize the likelihood of closure and conducting surveys over a long enough 

time period to collect adequate data on detection probability.  Assessing the potential effect of 

such a trade-off could be an important avenue of future research in occupancy modeling 

approaches. 

 An additional assumption of occupancy modeling approaches is that there is no un-

modeled heterogeneity in detection probability (MacKenzie et al. 2006).  While our long-term 

dataset was uniquely designed to provide some information on detection probability (cf. 

Thogmartin et al. 2004), this assumption was almost certainly violated with our approach as 

several likely sources of heterogeneity in detection probability were not modeled.  For example, 
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since including a random observer effect led to difficulty with model convergence, we excluded 

it from analysis.  Additionally, background noise (e.g., stream noise) and temperature at a survey 

site is likely to influence detection probability.  We excluded these variables from analysis, 

however, because this data was not consistently collected at all sites.  Failure to model all 

sources of heterogeneity in detection probability may have contributed to the lack of improved 

predictive performance in occupancy models.  However, it is not known how sensitive 

occupancy models are to violations of this assumption, or how violations of this assumption may 

bias estimates of detection probability and thus estimated habitat relationships.  This is an 

important direction for future research into the performance of occupancy models. 

 While occupancy modeling approaches hold promise for improving estimates of habitat 

relationships and models of species distributions, in some situations they may offer little 

difference in inference regarding behavioral and ecological questions (Fletcher 2009), or 

predictive performance of species distributions (Table 2-3). We are not implying that models that 

do not account for imperfect detection are better than those that do; rather, other issues of 

sampling design may be of greater importance for inference in some situations (see, e.g., Bart et 

al. 2004)..  Instead, we contend that the onus is on ecologists to address the detection issue, as 

well as other problems in sampling design, in rigorous ways to evaluate potential biases in 

inference.  This application highlights, however, that practitioners may need to balance the 

additional conceptual and computational expense of an occupancy modeling approach relative to 

potential gains in improved predictions of species distributions. 
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Table 2-1.  Regression coefficients (with SE and SD for logistic and occupancy models, respectively), on the logit scale, from logistic 

and occupancy species distribution models, for variables that were selected for the final model.  An empty cell indicates 

that variable was not considered, and a – indicates this variable was removed during the model selection procedure. 

Species/Model Intercept Ccpc1* Ccpc2* Dbhpc1 Dbhpc2 Stream Decid1k Subalp Elev Elev
2
 Date Date

2
 

Townsend‟s Warbler            

Logistic 
    0.44 

(0.06) 

    0.23 

(0.08) 

  0.81 

(0.11) 

   0.56 

(0.09) 

   0.15 

(0.09) 
   

 -0.27 

(0.04) 

-0.43 

(0.04) 

-0.42 

(0.04) 

-0.47 

(0.03) 

Occupancy 
    0.41 

(0.22) 
- 

  1.12 

(0.15) 

   0.42 

(0.12) 

   0.36 

(0.11) 
   

-0.47 

(0.12) 

-0.58 

(0.08) 

-0.40 

(0.10) 

-0.35 

(0.09) 

Golden-Crowned Kinglet           

Logistic 
   -1.24 

(0.07) 
  

   0.48 

(0.09) 
- 

-0.20 

(0.04) 
 

 0.74 

(0.08) 

-0.20 

(0.04) 

-0.26 

(0.04) 

 0.15 

(0.04) 

-0.13 

(0.04) 

Occupancy 
   -1.14 

(0.31) 
  

   0.54 

(0.11) 
- 

-0.20 

(0.06) 
 

 0.55 

(0.11) 

-0.13 

(0.08) 

-0.31 

(0.06) 

-0.03 

(0.07) 

-0.15 

(0.05) 

Black-headed Grosbeak            

Logistic 
   -2.83 

(0.12) 
- 

 -1.39 

(0.17) 
  - 

  -0.84 

(0.46) 
 

-0.79 

(0.10) 

-0.19 

(0.07) 

-0.14 

(0.08) 

-0.21 

(0.07) 

Occupancy 
   -3.53 

(0.33) 
- 

 -1.56 

(0.24) 
  - 

  -1.26 

(0.60) 
 

-0.81 

(0.15) 
- - - 

Olive-sided Flycatcher            

Logistic 
   -1.50 

(0.08) 
- 

 -1.68 

(0.25) 
  

-0.24 

(0.06) 
  

 0.42 

(0.07) 

-0.31 

(0.05) 

 0.43 

(0.06) 

-0.34 

(0.06) 

Occupancy 
   -2.43 

(0.23) 
- 

 -2.85 

(0.59) 
  -   - - 

 0.49 

(0.12) 

-0.30 

(0.08) 

*  Principle components of canopy cover for the surrounding 1 km landscape was used for the Olive-sided Flycatcher. 
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Table 2-2.  Regression coefficients (and SD), on the logit scale, for estimates of detection 

probability from occupancy models.  All variables were considered for all species.  A 

– indicates that variable was removed during the model selection process. 

Species Intercept Date Date
2
 Time Time

2
 Wind Sky 

Townsend‟s Warbler       1.84 

(0.12) 

 -0.53 

(0.14) 

-0.44 

(0.13) 

-0.10 

(0.06) 

-0.22 

(0.05) 

- - 

Golden-crowned Kinglet       0.42 

(0.11) 

  0.22 

(0.11) 

- - - -0.18 

(0.08) 

- 

Black-headed Grosbeak       0.26 

(0.26) 

- - - - - - 

Olive-sided Flycatcher       1.01 

(0.15) 

- - - - - - 

 

Table 2-3.  Area Under the Curve (AUC) scores for each Species Distribution Modeling (SDM) 

approach. 

Species Logistic  Occupancy  Maxent  

Townsend‟s Warbler 0.75  0.75  0.68  

Golden-crowned Kinglet 0.63  0.63  0.62  

Black-headed Grosbeak 0.71  0.71  0.62  

Olive-sided Flycatcher 0.70  0.66  0.56  
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Figure 2-1.  Location of permanently marked Northern Region Landbird Monitoring Program 

transects used to estimate the distribution of forest birds.  The black dots represent 

transects selected for building species distribution models (SDMs), and the open 

rectangles represent transects selected for validating SDMs. 
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Figure 2-2.  Results of jackknife test of relative variable importance from Maxent species 

distribution models.  The dark blue bars indicate the gain from building species 

distribution models with only that variable.  The light blue bars indicate the gain from 
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building species distribution models without that variable.  The red bar indicates the 

gain from building a species distribution model with all variables.  High gain when a 

single variable is considered indicates a strong correlation with species occurrence.  

Low gain when a variable is excluded indicates that variable has unique information 

not included in other variables.
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Figure 2-3.  Predicted habitat suitability of Olive-sided Flycatcher (Contopus cooperi) in western Montana and northern Idaho.  A) 

The probability of occurrence estimated from logistic regression models.  B) The probability of occurrence estimated from 

occupancy models.  C)Estimates of relative suitability from Maxent, a presence-only species distribution modeling 

approach.  Darker gray indicates a greater suitability.  Note the different interpretation between the occupancy and logistic 

regression predictions (probabilistic) and the presence-only (relative suitability) models. 
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APPENDIX A 

SIMULATING THE DISTRIBUTION OF THE LIKELIHOOD-RATIO TEST STATISTIC 

We simulated the distribution of the likelihood-ratio (LR) test statistic by randomly 

generating data under the null hypothesis of closure, fitting open and closed models to the 

simulated data, and conducting a likelihood-ratio comparison.  Random data was generated using 

the maximum-likelihood estimate (MLE) of parameters from closed models.  We repeated this 

process an arbitrarily large number of times (N=10,000) for each LR test.  We estimated p-values 

from the simulated distribution by determining the proportion of simulated test statistics that 

exceeded the observed LR test statistic. 

We used the „optim‟ function in R (R Development Core Team 2008) to maximize the log-

likelihoods of open and closed models, which we then used to calculate LR test statistics.  

Occasionally, this technique returned negative values of LR test statistics when the test statistic 

should have been zero.  We determined that this occurred because optim cannot evaluate a 

parameter at zero when searching for MLEs of open models.  The Nelder-Mead and BFGS 

algorithms contained within optim both search over a parameter space between -∞ and ∞, and we 

use an inverse-logit transformation to constrain the parameter space between 0 and 1.  In some 

situations, the MLE of ε and γ in open models is exactly 0, but with an inverse-logit 

transformation, optim cannot evaluate ε and γ at exactly 0 or 1.  When this happens, optim 

returns an incorrect MLE, which can result in negative LR test statistics.  Thus, we determined 

that when using numeric optimization methods such as optim, negative values of a LR test 

statistic can always be treated as zeros.
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APPENDIX B 

BIASES IN DETECTION PROBABILITY, P, RESULTING FROM VIOLATION OF THE 

CLOSURE ASSUMPTION 

Changes in site occupancy between primary sampling periods leads to underestimates of p 

for closed models (Fig. B-1, B-2).  Bias in estimates of p is more pronounced for standard 

occupancy protocols than for closed RD protocols.  Estimates of p from closed models are most 

sensitive to extinction events when occupancy rates are high (Fig. B-1), and colonization events 

when occupancy rates are low (Fig. B-2). 

 

Figure B-1.  Mean estimated probability of detection, p, when ψ = 0.70, from standard 

occupancy (MacKenzie et al. 2002), fixed-replicate RD and removal RD models, 

each calculated from 1000 replicate simulations.  A) Extinction-only, p=0.70.  B) 

Extinction-only, p=0.30.  C) Colonization-only, p=0.70.  D) Colonization-only, 

p=0.30.  All data were simulated using two primary sampling periods, with four 

secondary periods nested within each primary period. 



 

58 

 

Figure B-2.  Mean estimated probability of detection, p, when ψ = 0.30, from standard 

occupancy (MacKenzie et al. 2002), fixed-replicate RD and removal RD models, 

each calculated from 1000 replicate simulations.  ) Extinction-only, p=0.70.  B) 

Extinction-only, p=0.30.  C) Colonization-only, p=0.70.  D) Colonization-only, 

p=0.30.  All data were simulated using two primary sampling periods, with four 

secondary periods nested within each primary period. 
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APPENDIX C 

STATISTICAL POWER OF LIKELIHOOD-RATIO TEST 

The likelihood-ratio test of closure measures the relative support for closed models (H0) 

compared to open models (H1).  In this context, closed models are a restricted version of open 

models: 

H0:  ε = 0 ∩ γ = 0  (i.e., no extinction or colonization) 

  H1:  not H0     (i.e., extinction or colonization > 0). 

The likelihood-ratio test statistic, G
2
, is calculated as: 

G
2
 = -2 × log(Λ) 

where Λ is the likelihood-ratio of two nested models calculated using the maximum likelihood 

estimates (MLE) of parameters under H1 and H0.  Under the assumptions of H1, the limiting 

distribution of G
2
 is non-central chi-squared with ν degrees of freedom and non-centrality 

parameter λ: 

 

where ν is the difference in the number of parameters between H1 and H0.  The power of 

rejecting H0 when H1 is true is the probability of drawing a random value from the limiting 

distribution of H1 that is greater than a critical value for an α-level test: 

 

where  is the central chi-square critical value for an α-level test.  Calculation of the non-

centrality parameter, λ, is not available in closed form.  However, this parameter can be 

computed by fitting open and closed models to data expected under the assumptions of H1. 

Calculating Expected Data 

To calculate expected data, we first determine the number of sites that fall within each of 

2
T
 mutually exclusive patterns of detection and non-detection, where T is the number of primary 
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sampling periods.  For example, two-season fixed-replicate and removal RD protocols imply 2
2
 

= 4 mutually exclusive events (Table C-1).  The expected number of sites where each mutually 

exclusive event is observed is calculated by multiplying the number of sites, N, by the 

probability of observing each mutually exclusive event (Table C-1).   

With a fixed-replicate RD protocol, we next determine the expected number of detections 

at sites where detections occurred.  Let the random variables y1, y2,…,yT denote the number of 

detections observed during primary sampling period t (t=1, 2,…,T): 

 
where J is the number of secondary sampling periods within each primary sampling period.  For 

sites where a species is detected during primary sampling period t, we can show that: 

, 

and for sites where a species is not detected during primary sampling period t: 

. 

 With a removal RD protocol, we determine the expected number of surveys at sites 

where detections occurred.  Let the random variables y1, y2,…,yT denote a sequence of binary 

indicators of whether a species is detected (y=1) or not (y=0): 

 

and let j1, j2,…,jT denote a corresponding sequence of sampling intervals in which a species is 

detected: 

. 

For sites where a species is detected during primary sampling period t, we can show that: 

 

, 
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and for sites where a species is not detected during primary sampling period t: 

 

 

Calculating Noncentrality 

The final step in computing the statistical power is to fit open and closed models to the 

expected data and to calculate the likelihood-ratio (LR) test statistic using these fits.  The value 

of this LR test statistic is equal to λ, the noncentrality parameter.   For a fixed-replicate RD 

protocol, the likelihood function under H1 is: 

, 

where: 

 

 

 

 

 

 

and  

n11 = the expected number of sites with at least one detection at primary sampling periods t=1 

and t=2, 

n10 = the expected number of sites with at least one detection at primary sampling period t=1 and 

no detections at primary sampling period t=2, 
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n01 = the expected number of sites with no detections at primary sampling period t=1 and at least 

one detection at primary sampling period t=2, 

n00 = the expected number of sites with no detections at primary sampling periods t=1 and t=2. 

For a removal RD protocol, the likelihood function under H1 is: 

, 

where: 

 

 

 

. 

and where n11, n10, n01, and n00 are defined exactly as they were defined for the fixed-replicate 

RD protocol.   

For both fixed-replicate and removal RD protocols, set ε = γ = 0 to calculate the likelihood 

function under H0. 

  



 

63 

Table C-1.  The probability of observing each of four mutually exclusive patterns of detections 

and non-detection for a two-season, fixed-replicate or removal RD sampling protocol.  

Note that the probability of all four events sums to 1. 

                                     Time 2 

  Detected Not Detected 

T
im

e 
1
 Detected 

 

 

 

 

   

Not Detected 
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APPENDIX D 

SCIENTIFIC NAMES AND BODY MASS 

Table D-1.  Scientific names and body mass 

Common Name Scientific Name Mass (g)
1
 Dataset

2
 

Mourning Dove Zenaida macroura 119.00 R 

Yellow-bellied Sapsucker Sphyrapicus varius 50.30 HB 

Downy Woodpecker Picoides pubescens 27.00 R 

Northern Flicker Colaptes auratus 142.00 R 

Western Wood-Pewee Contopus sordidulus 12.80 R 

Yellow-bellied Flycatcher Empidonax flaviventris 11.60 HB 

Willow Flycatcher Empidonax traillii 13.40 R 

Least Flycatcher Empidonax minimus 10.30 R 

Western Kingbird Tyrannus verticalis 39.60 R 

Eastern Kingbird Tyrannus tyrannus 43.60 R 

Blue-headed Vireo Vireo solitaries 16.60 HB 

Warbling Vireo Vireo gilvus 14.80 R 

Red-eyed Vireo Vireo olivaceus 16.70 HB 

Black-billed Magpie Pica hudsonia 177.50 R 

Tree Swallow Tachycineta bicolor 20.10 R 

Black-capped Chickadee Poecile atricapillus 10.80 R/HB 

White-breasted Nuthatch Sitta carolinensis 21.10 HB 

Brown Creeper Certhia americana 8.40 HB 

House Wren Troglodytes aedon 10.90 R 

Winter Wren Troglodytes troglodytes 8.90 HB 

Golden-crowned Kinglet Regulus satrapa 6.20 HB 

Swainson‟s Thrush Catharus ustulatus 30.80 HB 

Hermit Thrush Catharus guttatus 31.00 HB 

American Robin Turdus migratorius 77.30 R 

Gray Catbird Dumetella carolinensis 36.90 R 

European Starling Sturnus vulgaris 82.30 R 

Cedar Waxwing Bombycilla cedrorum 31.85 R 

Yellow Warbler Dendroica petechia 9.50 R 

Magnolia Warbler Dendroica magnolia 8.70 HB 

Black-throated Blue Warbler Dendroica caerulescens 10.15 HB 

Yellow-rumped Warbler Dendroica coronate 12.55 HB 

Black-throated Green Warbler Dendroica virens 8.80 HB 

Blackburnian Warbler Dendroica fusca 9.75 HB 

Ovenbird Seiurus aurocapilla 21.00 HB 

Common Yellowthroat Geothlypis trichas 10.10 R 

Yellow-breasted Chat Icteria virens 25.30 R 

Spotted Towhee Pipilo maculatus 40.50 R 

Song Sparrow Melospiza melodia 20.75 R 

Dark-eyed Junco Junco hyemalis 19.60 HB 

Black-headed Grosbeak Pheucticus melanocephalus 42.00 R 

Red-winged Blackbird Agelaius phoeniceus 52.55 R 

Brown-headed Cowbird Molothrus ater 43.90 R 
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Table D-1.  Continued 

Common Name Scientific Name Mass (g)
1
 Dataset

2
 

Bullock‟s Oriole Icterus bullockii 33.60 R 

House Finch Carpodacus mexicanus 21.40 R 

American Goldfinch Carduelis tristis 12.90 R 
1
 Body masses were obtained from Dunning (1993). 

2
 R = riparian dataset, HB = Hubbard Brook dataset. 
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