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ABSTRACT 

Ecological monitoring data are critical in estimating populations, distributions, 

and other parameters. These data are collected by a variety of agencies, non-

governmental organizations, volunteer networks, and private individuals as part of 

coordinated programs operating with a variety of conservation-related goals. The 

programs face numerous challenges, often leading to shortcomings in data quality and 

utility. Likewise, the species targeted by these programs may be imperfectly detected due 

to accessibility, rarity, cryptic behaviors, or other issues resulting in negative surveys 

(non-detections) despite the presence of a species. 

A suite of approaches and statistical tools have been developed in the last two 

decades employing data from repeated visits or other sampling designs allowing the 

estimation of both observation (e.g., detection) and state processes (e.g., presence or 

absence). These approaches have improved the ability of researchers, monitoring 

agencies, and others to more reliably (1) estimate species distributions, abundances, or 

diversity measures, (2) estimate changes in these variables over time or space, (3) 

elucidate relationships with environmental covariates, and (4) generate predictions for 

imperfectly-sampled locations, non-sampled locations, or projected future conditions. 

However, even when accounting for observation processes, other sources of variation 

may result in inaccurate estimation or inference about relationships underlying detection, 

presence or abundance, and occupancy or population dynamics through time and space.  

In my first analysis chapter, I address one such source—within- and between-

group effects—resulting from variation in predictor covariates across levels such as 
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individuals or locations. These effects may be modeled by first decomposing covariates 

(using simple arithmetic) into their within-group means (between-group component) and 

within-group deviation from these means (within-group component). As a case study, I 

employ a multi-species, multi-year data set of detection vs. non-detection records (i.e., 

capture vs. non-capture) from the well-known Biological Dynamics of Forest Fragments 

Project in the Brazilian Amazon. I decomposed capture effort (in mist-net hours) into 

within- and between-site, -year, and -site-year components and compared support for, and 

effects within, multi-season occupancy models including these decomposed effort 

covariates vs. models employing the raw covariate of capture effort. I found at least 

marginal model improvement (ΔAICC > 0) when employing decomposed effort 

covariates in over 90% of species and notable model improvement (ΔAICC > 2) in over 

50% of species. Species exhibiting improved prediction via decomposed covariates had 

effort-associated effect sizes in their best model that were on average 22% greater than 

raw covariates. These differences were most pronounced in between-site and within-year 

effects of effort and suggested detectability related to site characteristics (e.g., area or 

isolation) or year-to-year population variation were better addressed via decomposed 

covariates. 

As a practical application of occupancy estimation and modeling to a species of 

conservation concern, I considered two research areas employing long-term monitoring 

data of the Lesser Prairie-chicken (Tympanuchus pallidicinctus; LPCH) in modeling 

behavior and distributions through time and space. The first research area focused on 

heterogeneity in lek attendance of LPCH (the presence of males on communal breeding 

grounds given their presence in an area) using information associated with sampling 
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occasion (lek survey) and landscape attributes. This area of interest is important given the 

widespread use of lek surveys as a monitoring and management tool for the LPCH and 

other prairie grouse. Using generalized linear models of lek-year combinations with at 

least two surveys and one observation of lek attendance, I found male LPCH lek 

attendance varied in relation to lek size, survey conditions (survey date, daily wind 

speeds, and estimated duration), and characteristics of the landscape (herbicide-treated 

area) and the previous winter’s weather (temperature and precipitation). Lek attendance 

estimates suggested survey coordinators and field crews should consider the use of 

multiple surveys, survey-related conditions, and environmental characteristics potentially 

influencing the probability of observing males on leks to improve estimates of LPCH 

populations or distributions. 

The second area of focus in which I employed LPCH lek survey data was in 

modeling the dynamics of site occupancy through time and space. The importance of 

dynamic species distribution models (SDMs) as monitoring and management tools has 

grown in the past decade with the availability of statistical tools and environmental data 

(e.g., gridded weather or remotely-sensed landscape data sets). However, considerations 

of (1) a species’ non-equilibrium with its environment, (2) imperfectly-collected 

monitoring data, and (3) imperfect species detection are less commonly addressed in 

SDMs. Using multi-season occupancy models accounting for variation in lek attendance, 

I constructed dynamic SDMs employing three covariate groups associated with 

demographic rates (e.g., reproductive success) and expected to be predictive of 

occupancy dynamics. These groups were population indices (neighborhood occupancy 

and lek size), landscape characteristics (vegetation, herbicide treatment, and roads within 
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3.2 km of sites), and weather (seasonal temperature anomalies, precipitation anomalies, 

and climate indices). The most-supported model included covariates from each of the 

three groups, provided good classification accuracy, and produced predictions through 

time illustrating complex synergies between internal population processes (e.g., 

dispersal), landscape changes, and inter-annual weather variation. 

Equipped with new statistical tools, monitoring data, environmental data sets, and 

the improved inference possible when they are carefully integrated, ecological and 

biogeographical researchers are ideally situated to identify novel patterns, elucidate 

poorly-understood processes, and offer recommendations to managers and other decision-

makers. My approaches and conclusions build off a growing literature focused on 

improving inference using modern statistical approaches employing ecological 

monitoring data. In this dissertation, I provide novel applications and extensions in 

occupancy estimation and modeling that can improve inference across a variety of 

species and environmental contexts. Future research applying occupancy models or 

emerging spatiotemporal statistical approaches employing robust samples from similar or 

markedly different study systems will no doubt improve our ability to estimate and 

understand drivers of species occurrence or abundance through space and time. 
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CHAPTER 1. PROLOGUE 

 Reliable information about the presence or numbers of living things in a given 

place and time is a critical foundation in making ecological or biogeographical inference. 

Unfortunately, the question “was it there?” (MacKenzie 2005) or, perhaps more 

accurately, “was it not there?” when attempting to investigate the occupancy or 

abundance of a species is, for a myriad reasons, often difficult to know with confidence. 

Highly contributive volumes have been written across a number of taxa on the 

importance of proper sampling methods for reducing biases due to observers, weather, 

and the character of sampling locations (e.g., Bibby et al. 2000). However, until the 

extension of Pollock’s (1982) robust design to unmarked populations, assumptions about 

the constancy of detection in the sampling of unmarked animals remained largely 

untested. This extension of the robust design, typically referred to as occupancy modeling 

(MacKenzie et al. 2006), but encompassing a number of similar modeling approaches 

(e.g., N-mixture models (Royle 2004)), has experienced an explosion in popularity over 

the last decade (Bailey et al. 2014, Kellner and Swihart 2014). While there is a perception 

among some that journal reviewers are too often “imposing” the use of occupancy 

modeling in ecological inference upon researchers (Welsh et al. 2013), extensive 

simulation and application (Guillera-Arroita et al. 2014) have proven the importance—

and often necessity—of methods accounting for imperfect detection across a wide range 

of taxa and even paleoecological studies (Liow 2013).  

Critical in these approaches is an estimation of confidence (in likelihood-based 

approaches) or credibility (in Bayesian approaches) in a given parameter, most 

commonly psi (ψ), describing the actual (but partially-observed) occupancy state of a 
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spatial unit at a given time. In contrast, detection is the product of ψ and the probability 

of detection given presence (p), while the cumulative probability of detecting a species 

over multiple surveys is D (Moore and Swihart 2005)—akin to the commonly-employed 

maximum count in a given location and year—where D = ψp* and p* = ∏
=

−−
K

k

kp
1

)ˆ1(1 . A 

failure to address differences between ψ (the parameter of interest) and ψp or ψp* (what is 

observed) may result in biased estimates of occupancy and relationships between 

ecological covariates and ψ (Tyre et al. 2003, MacKenzie et al. 2006, Kéry 2010). In 

some instances the issues of imperfect detection may—optimistically and depending on 

the parameter of interest—“come out in the wash” of ecological inference given the 

increasing use of large, multi-year analyses. However, ignoring this issue may lead to 

unintentionally calamitous conclusions. For example, counts of the Snail Kite 

(Rostrhamus sociabilis plumbeus) in Florida not corrected for increased search effort 

were interpreted as reflecting a relatively constant population size while the population 

was in fact dramatically declining (Martin et al. 2007). 

I was first introduced to occupancy modeling seven years ago during a 

presentation on its application in the Grinnell Resurvey Project (Tingley and Beissinger 

2009, Tingley et al. 2009). I had personal experience in (sometimes large) survey-to-

survey variation in the numbers or detection of birds within periods of population closure 

and the utility of a method to address the issues of imperfect detection was immediately 

obvious. Several years later, while part of a project with the goal of understanding how 

forest succession drives biodiversity dynamics, I had the opportunity to attend an 

occupancy modeling workshop with Darryl MacKenzie, Jim Nichols, and Jim Hines. 
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Emerging from the synergy of my project and the workshop was the apparent need to 

better account for detection processes when modeling species distributions from 

biological atlas data; a need I addressed applying occupancy models to bird observation 

records in the New York Breeding Bird Atlas (Sadoti et al. 2013). 

I continued to cultivate this interest—among others still to be fully realized—

during my doctoral research. In this dissertation, I explore three extensions and 

applications of occupancy modeling to monitoring data. The first analysis chapter 

addresses an issue in which I have a long-standing interest outside of occupancy 

modeling; that of how to address hierarchical structure when modeling the responses of 

animals to their environment. My previous experience with this topic was in addressing 

the paired sampling structure I—as have many others—employed in modeling resource 

selection of birds (Sadoti 2008, Sadoti and Vierling 2010). Ecologists and wildlife 

biologists typically assume selection for (or non-random use of) a resource (e.g., a nest-

site) is constrained in space by previous selection at a coarser scale (e.g., a territory). By 

spatially pairing a random available location for comparison to each nest, a researcher 

can build models (e.g., logistic regression) in which selection is relative (e.g., nest 

selection within the availability offered by a territory). These models are expected to be 

more predictive than a model that assumes each random location was available for 

selection by each pair of nesting birds in the sample.  

I revisit this topic in the context of occupancy modeling after an initial 

exploration of several personally-collected data sets suggested potentially more 

widespread importance of accounting for relative, within-site (or -year) attributes. While 

within- and between-group effects have not been explicitly explored in the context of 
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occupancy modeling, they have a long history of use in a number of fields (e.g., van de 

Pol and Wright 2009). To more adequately address the current lack of attention to this 

topic in occupancy modeling, I required a multi-species, hierarchically-structured data set 

with covariates varying across both time and space, allowing the decomposition of “raw” 

covariates into their year- and site-relative components. The data set employed in Ferraz 

et al. (2007)—from the well-known Biological Dynamics of Forest Fragments Project 

(BDFFP)—met these criteria and employed a single detection covariate (effort as 

measured by number of mist-net hours per visit). What emerged in comparing the 

decomposed effects vs. standard, aggregated effects of capture effort in detecting birds 

across 52 species was surprising. In all but five species, models of within- or between-

group effects of capture effort were more supported than “raw” aggregated-effect models. 

Effort-associated odds ratios (the change in probability of detection per unit change in 

effort) indicated these decomposed-effort effects were, on average, 22% greater than 

aggregated effort odd ratios. While these results are from only one dataset, and 

differences in effect sizes were overall modest, the large number of species considered 

suggests the importance of addressing the potentially confounded sources of variation in 

hierarchical occupancy models across a range of taxa and covariates of interest. 

My second and third analysis chapters relate to the Lesser Prairie-chicken 

(Tympanuchus pallidicinctus, LPCH), a species in which I first became interested during 

my first non-seasonal job after earning my BA (Johnson et al. 2004b). Dr. Kristine 

Johnson, with whom I had worked at Natural Heritage New Mexico (NHNM) during 

2001–2003, knew of my growing familiarity with various linear modeling approaches 

and invited my input on a report to the U.S. Fish and Wildlife Service regarding the 
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potential listing of the LPCH under the Endangered Species Act (subsequently listed in 

2014). After exploring a long-term lek survey data set being compiled by NHNM staff 

and working with Mitchell East (NHNM) to acquire additional survey covariates, I was 

intrigued with the possibility of investigating the long-term responses of LPCH to 

landscape and weather changes over multiple decades. With repeated surveys in a portion 

of the data set, and under assumptions of within-season closure for a subset of leks, these 

survey data lent themselves to occupancy modeling. Over time, however, it became 

apparent that the imperfect detection in LPCH lek surveys (which I argue is due to lek 

attendance and negligibly attributable to surveyors failing to see birds that were on leks) 

was a topic deserving its own chapter. 

I continue my focus on LPCH in my final chapter in which I contend long-term 

monitoring data that is collected imperfectly (e.g., due to missing data or variation in 

survey protocol) may still be suitable for dynamic species distribution modeling. Using 

27 years of LPCH lek surveys, I demonstrate how occupancy models can be extended 

beyond trends or year effects to incorporate covariates suspected of driving demographic 

responses (e.g., nest success), ultimately driving changes in site occupancy—all while 

concurrently accounting for imperfect detection using covariates associated with surveys 

or other factors. Employing imperfectly-collected monitoring data such as lek surveys in 

a dynamic species distribution model does, however, have its risks. For example, while 

multi-season occupancy models accommodate missing observations at all levels in their 

hierarchy (year, site, or survey), there is an assumption that these observations are 

missing at random. I attempted to address this issue in LPCH lek surveys, but continued 
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refinement of approaches to best reduce potential biases from missing data and other 

sources (e.g., spatial autocorrelation) is an area of active development. 

Occupancy modeling and its relatives—whether likelihood or Bayesian-based—

are tools that have seen an explosion in popularity in the last decade. With this 

popularity, a growing number of extensions and approaches have been developed to 

address a wide variety of survey methods, the diversity of life histories among study 

species, and a seemingly endless number of unexpected outcomes that can arise when 

imperfect people (or machines) collect data on unpredictable organisms. In this 

dissertation, I have contributed to this growth in three ways. First, I apply a commonly-

employed method of decomposing within- and between-group effects previously 

unaddressed in occupancy models. Second, I elucidate some critical but poorly-

understood factors affecting the detection of LPCH and offer suggestions for improved 

monitoring. Third, I demonstrate how imperfectly-collected monitoring data and 

available or custom-developed spatially-explicit environmental data can be used to build 

mechanism-informed dynamic species distribution models while addressing imperfect 

detection.  

With rapidly developing statistical approaches to addressing decades-old 

problems, ever-increasing computing power, an ever-growing “library” of species 

monitoring and occurrence data, and the efforts of agencies and NGOs in synthesizing 

environmental data, it is an exciting time to be a desk-bound ecologist or biogeographer. I 

feel fortunate for the opportunity in my doctoral program to have had access to these 

resources and people who have inspired me to apply them.   
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CHAPTER 2. APPLYING WITHIN- AND BETWEEN-GROUP EFFECTS IN 

OCCUPANCY ESTIMATION AND MODELING 

INTRODUCTION 

In modeling the site occupancy and distribution of species, imperfect detection 

may bias estimates of occupancy and occupancy-habitat relationships if not adequately 

addressed (Tyre et al. 2003, Gu and Swihart 2004, Kéry 2011, Lahoz-Monfort et al. 

2014). The problem of imperfect detection has long been acknowledged in ecology 

(Petersen 1896, Lincoln 1930, Emlen 1971), is now widely recognized if not universally 

acknowledged (Kellner and Swihart 2014), and informs the continuing development of 

occupancy and related models (MacKenzie et al. 2006, Bailey et al. 2014). These models, 

employing multiple locations in which repeated surveys (typically over time) are made 

within one or more periods (or areas) of assumed population closure, are variants of the 

robust design (Pollock 1982) applied to unmarked individuals (Royle 2004, MacKenzie 

et al. 2006, Dail and Madsen 2011). The hierarchical structure of occupancy models 

(MacKenzie et al. 2002) allows the estimation of detectability (p) and seasonal 

occupancy (ψ) and has been generalized in several forms (Bailey et al. 2014), including 

multi-season occupancy models (MacKenzie et al. 2003) allowing the estimation of 

colonization (γ), and local extinction (ε).  

The applications of occupancy models are diverse (Bailey et al. 2014), with 

studies at a range of scales (Jiménez-Alfaro et al. 2012, Sadoti et al. 2013), varying 

objectives (Smith et al. 2007, Falke et al. 2011, Rota et al. 2011, Lachish et al. 2012, 

Liow 2013, Banks-Leite et al. 2014), and across a wide range of both mobile and sessile 

taxa (Kéry et al. 2010, Falke et al. 2011, Jiménez-Alfaro et al. 2012, Veresoglou et al. 
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2013). While the limitations of occupancy models have been suggested in some scenarios 

(Welsh et al. 2013) and attention has been drawn to issues related to site definitions and 

potential violations of model assumptions (MacKenzie et al. 2006, Kendall and White 

2009, Guillera-Arroita 2011, Efford and Dawson 2012), the superiority of occupancy 

models to those ignoring imperfect detection has been shown in more extensive 

simulations across a range of conditions (Guillera-Arroita et al. 2014).  

Concurrent with the growing application of occupancy models is an appreciation 

for the importance of accounting for within- and between-subject effects when repeated 

observations of individuals (or other natural groupings) are employed in regression or 

generalized linear models (Neuhaus and Kalbfleisch 1998). In short, a covariate x 

measured in individual i on occasion j (e.g., repeated visits) has both a between-subject 

component  (or the subject mean, calculated as , where J is the number of 

times an individual is measured), and a within-subject component . While there is 

a growing use of random effects or other approaches to address repeated or otherwise 

grouped measurements in a (generalized) linear model framework (van de Pol and Wright 

2009), the use of “raw” covariates (hereafter called aggregated) to estimate an aggregated 

effect (βU) implicitly assumes common between- (βB) and within-subject effects (βW). 

The problem with making this assumption of common within- and between-

subject effects can be illustrated with a small, simulated data set of detection histories of 

a bird (the Imaginary Bunting; Passerina fictitious) across five visits to six sites along an 

elevation gradient. The breeding phenology of this species is strongly temperature-

dependent (negatively correlated with elevation). As such, surveys at each site were 

ix ∑
=

−
J

j

ijxJ
1

1

iij xx −
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initiated four days later for each 100 m in elevation. This non-synchronous sampling 

approach is employed in other bird monitoring programs with large latitudinal or 

elevational gradients among sampling locations (Kéry et al. 2005). Detection (p = 0.5) 

declined with date due to reduced singing activity at approximately the same rate within 

each site (Figure 1). A single-season occupancy model using the aggregated survey date 

covariate indicated a declining odds of detection of 4.2% per day (β1 = -0.043, SE= 

0.043, P = 0.32). However, when either (1) elevation or another site identifier was 

included as a covariate or (2) the aggregated component was replaced with the within-site 

component of survey date, the decline in detection odds was an estimated 15.5% per day 

(β1 = -0.168, SE= 0.077, P = 0.03). R code for generating these data can be found in 

Appendix 3. 

While long appreciated by social and educational researchers (Davis et al. 1961, 

Raudenbush and Bryk 1986), an understanding of potential problems arising from the 

assumption of identical within- and between-subject effects now permeates a number of 

other fields in tandem with the growing application of mixed-effect models (Kreft et al. 

1995, Zorn 2001, Curran and Bauer 2011, Dingemanse and Dochtermann 2013). The 

attention of the ecological, evolutionary, and behavioral sciences to this issue has 

accelerated in recent years (van de Pol and Wright 2009, Hamel et al. 2012, Dingemanse 

and Dochtermann 2013) and has been applied to a diversity of topics in ecology (Brody 

et al. 2008, Lane et al. 2012, Stewart and Westneat 2013). What has emerged in these 

fields is a growing appreciation that approaches such as the decomposition of covariates 

into within- and between-subject (more generally “group” henceforth) components offer 
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strong potential to address still largely unexplored questions in ecology and evolution 

(Hamel et al. 2012). 

While the number of applications has increased, ecologists have appreciated the 

importance of within-group effects since the mid-20th century in the form of statistical 

hypothesis tests employing paired samples (Newman 1956, Foote et al. 1958, Pearson 

1960, Chabreck 1962). Tests such as the sign, Wilcoxon signed-rank, or paired T-test are 

useful in accounting for within-group (i.e.,paired) dependence in a variable of interest 

measured in units that are binary or have some other two-category response. These could 

be the years of a study, conditions before and after an experimental treatment, or events 

vs. non-events in time or space (e.g., nesting vs. available locations in a territory). These 

established approaches have been extended to multivariate models by employing 

conditional likelihoods based on strata (a term synonymous with my use of ‘group’). 

Conditional logistic regression (CLR; (Cox and Hinkley 1974, Gail et al. 1981, Hosmer 

et al. 2013))—variably called a stratified Cox (proportional hazard) regression or a 

paired, stratified, or matched fixed-effect logistic regression—is one such conditional-

likelihood extension of ordinary logistic regression (OLR) familiar to many ecologists. In 

studies employing them, the population-level probability of an event associated with a 

covariate (a.k.a. “risk” due to common use in medical studies) is estimated as a function 

of covariate values within the same stratum. Stratification can also be extended to (Cox) 

survival analyses, for example in modeling the survival of bird nests (Heisey et al. 2007) 

when the relative risk of an event (e.g., nest predation) may be more appropriately 

modeled using covariates describing conditions within a given strata (e.g., year or site). 
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CLRs and other models employing conditional likelihoods result in similar 

estimated parameters to those resulting from including within-group effects (Neuhaus and 

Kalbfleisch 1998). CLRs have also been extended to species distribution models (SDMs) 

and related predictions of landscape-level patterns and processes using animal resighting 

data (Johnson et al. 2004a, Johnson and Gillingham 2008, Elliot et al. 2014). As 

occupancy models are increasingly employed in SDMs to address issues of imperfect 

detection (Rota et al. 2011), it is relevant to note that within-group effects as estimated 

from a CLR in an SDM are viewed as more reliable than aggregated OLR effects given 

the spatial clustering (e.g., by territory or home range) of observations (Hegel et al. 

2010).  

The utility of within- and between-group effects in linear models received an 

excellent treatment by van de Pol and Wright (2009) in the context of mixed-effects 

models of animal behavior. They noted what appeared to be a common misconception 

among biologists that because a random effect (e.g., for an individual in a longitudinal 

study) accounts for group-level variation in a response (y), the effect of a predictor 

variable (x) reflects a within-group effect rather than the standard population-level, 

aggregated effect estimated by a (non-mixed) GLM. Unfortunately, only a method that 

accounts for within-group (or subject, individual, cluster, etc.) mean values can address 

this problem of confounded within- and between-group effects. Similar misconceptions 

of occupancy models have been personally communicated to me by others employing 

these models and most commonly with respect to within-site effects of detection 

covariates.  
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This misconception, common or not, may arise much as in mixed-effects models 

from misunderstandings about how the hierarchical structure of observations within sites 

is treated during maximum likelihood estimation. In simplest terms, occupancy modeling 

can be considered a form of generalized logistic regression analysis, with parameters 

estimated irrespective of grouping among covariate values (e.g., by year or site) 

(MacKenzie et al. 2006). Within-group effects can be approximated by parameter 

estimates associated with an aggregated (“focal”) covariate, but only with the inclusion of 

an additional (“control”) covariate associated with the between-group effect of the focal 

covariate (van de Pol and Wright 2009). This could be a continuous covariate that—due 

to sampling differences or between-year or -site conditions—is highly correlated with the 

between-group component of the focal covariate. Similarly, discrete covariates 

identifying sampling years (often used in modeling detection), sites (though see below), 

or other classes (e.g., observer) may also address between-group effects in ways that 

random effects (not currently employed in MLE-based occupancy models) may not due 

to differences in estimation (Pinheiro and Bates 2000). There are several challenges, 

however, in including covariates with numerous classes (e.g., site identity) as between-

group “control” effects; perhaps most notable being over-parameterization of models.  

Regardless of whether an investigator (1) explicitly assumes occupancy models 

account for within-site effects or (2) implicitly assumes common within- and between-

site effects on p, the consequences of these assumptions are currently unexplored. To 

address this shortcoming, I employed a data set of detection histories for bird species 

observed in the Brazilian Amazon (Ferraz et al. 2007). My analysis was motivated by two 

questions: (1) how do estimated effects differ between models employing aggregated vs. 
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decomposed covariates and how do these differences affect inference about the processes 

driving ecological responses of interest? and (2) how are model fit and classification 

accuracy improved by decomposing covariates into site, year, or other within- and 

between-group components? My objectives were to (1) compare estimates resulting from 

(a) an assumption of common within- and between-site and -year effects on detection and 

(b) the decomposition of these covariates into site and year effects, (2) assess support for 

detection covariates decomposed by site or other level, and (3) assess improvements in 

the ability of aggregated vs. decomposed covariate models to accurately classify 

detection or non-detection surveys. 

METHODS 

Data set 

Data were described by Ferraz et al. (2007) and consisted of annual detection 

histories for 55 well-sampled understory bird species in 23 patches (sites hereafter) near 

Manaus, Brazil of varying sizes and isolative treatments over a 14-year period (1980-

1993). This data set was identified from an extensive though non-exhaustive examination 

of 489 papers citing MacKenzie et al. (2003) identified by querying the Web of Science 

database (accessed August 2, 2015). Species in this data set each had 50 or more captures 

per year for at least four consecutive years. Detections represented the capture of at least 

one individual of a species in mist-nest arrays during a visit (1 or more days) to a site 

within the rainy season (January–June) of a given year. This study was part of the large, 

well-documented Biological Dynamics of Forest Fragments Project (BDFFP) in which 

forest area in the central Brazilian Amazon was reduced and isolation increased to 

examine biodiversity responses to fragmentation (Tollefson 2013). With one covariate 
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(hours of mist-netting) predicting detection and a relatively large number of species, this 

data set provided a useful case study for illustrating the utility of within- and between-

group effects.  

Covariates 

I extracted covariate components of mist-netting effort across each site i, year j, 

and the site-year combination. Within- and between-site components of effort (x) were 

calculated as  and , respectively. Within- and between-year components of 

effort were calculated as  and , respectively. Finally, within- and between-site-

year components of effort were calculated as
ijijk xx −  and 

ijx , respectively. Site-year-

level effects may also be calculated relative to sites or years (Table 3).  

Modeling 

I employed the multi-season occupancy model of MacKenzie et al. (2003) in 

assessing the importance of accounting for within- and between-group effects of effort 

and fit models in R (R Development Core Team 2014) using the unmarked package 

(Fiske and Chandler 2011, Fiske et al. 2015). I built candidate sets of 10 models for each 

species using the aggregated effects of effort and, in separate models, independent or 

additive within- or between-group components of effort at the level of the site, year, and 

site-year combination (Table 4). I suspected the within-group effects of effort could arise 

due to varying within-group density of individuals (as indexed by detection probability) 

while between-group effects could arise due to (coincidentally) both varying effort and 

density in each site, year, or site-year combination.  

iijk xx −
ix

jijk xx − jx
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In addition to modeling detection probability (p) with aggregated or decomposed-

effort covariates, I included patch area and isolation as predictors of extinction (ε) 

following Ferraz et al. (2007). I excluded these extinction covariates per species if any 

model in the 10-model set failed to converge. I removed species in which models failed 

to converge despite removal of these covariates. I used the Akaike information criterion 

(Akaike 1974) adjusted for sample size (AICC; (Hurvich and Tsai 1989)). While there is 

debate on the appropriate number of observations for calculating AICC from the AIC of a 

model employing a nested data structure, I used the number of surveyed site-years (n = 

192) for each species as an intermediate value between the number of sites and surveys. I 

model-averaged parameter estimates across models sets for each species following 

Burnham and Anderson (2002).  

Model assessment 

I assessed the contribution of decomposing effort into within- and between-group 

effects in several ways. I first determined the proportion of species falling into three 

categories as dictated by ΔAICC of the aggregated-effect model relative to the nine 

models in which effort was decomposed. These categories were (1) no improvement 

(aggregated-effort model ΔAICC = 0), (2) marginal improvement (raw-covariate model 0 

< ΔAICC < 2), and (3) notable improvement (raw-covariate model ΔAICC > 2). I 

calculated evidence ratios (ERs) for those models in the latter two categories from the 

quotient of a given decomposed-effort model’s weight and the weight of the aggregated-

effort model (Burnham and Anderson 2002). 

Using the set of species with models marginally- or notably-improved by 

employing decomposed-effort covariates, I calculated odds ratios for the effect of 100 
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net-hours on detectability from the aggregated and most-supported decomposed-effort 

model. These odds ratios allowed easier interpretation of the effect of decomposing effort 

and comparison to the aggregated effect of effort. I omitted comparisons between 

aggregated and decomposed-effort effects in species in which 95% confidence intervals 

of the aggregated-effort effect included zero.  

I used the parametric bootstrap chi-square statistic from 1,000 simulations to 

assess the goodness of fit of the most complex model for each species. Simulations 

indicated adequate goodness-of-fit for each species (P > 0.21 in all). I assessed the power 

of each model to discriminate surveys as detections or non-detections using the area 

under the receiving operating characteristic (ROC) curve (AUC) statistic. The ROC curve 

is model sensitivity (related to errors of omission) plotted against 1 minus specificity 

(related to errors of commission) at multiple cut-off thresholds. An AUC of 0.7 to 0.8 

indicates that a model provides acceptable discriminatory power (0.5 is expected by 

chance), an AUC of 0.8 to 0.9 indicates good discriminatory power, and an AUC > 0.9 

indicates excellent discriminatory power (Fielding and Bell 1997, Hosmer et al. 2013). I 

used a leave-one-out cross-validation to calculate AUC in which (1) data for each site 

was withheld, (2) models were refit, (3) probabilities of occupancy and detectability were 

predicted for the withheld site, and (4) after iteratively cycling through each site, a vector 

of predicted probabilities of detecting a species at least once (Moore and Swihart 2005) 

was compared to a vector of naïve occupancy in each site-year combination. 

RESULTS 

Models in 17 species failed to converge with the addition of extinction covariates. 

Dynamic occupancy in these models was predicted solely by constant effects of initial 
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occupancy, colonization, and extinction, and the raw and decomposed effects of effort on 

detection. At least one model (with or without extinction covariates) did not converge in 

modeling three species; these species were excluded. Among all species modeled, five 

(9.6%) showed no model improvement from decomposing effort into within- and 

between-group effects (Table 1). Seventeen species (32.7%) showed marginal 

improvement, and 30 (57.7%) showed notable improvement by decomposing effort into 

within- and between-group effects.  

Of species with models improved by decomposing effort into site, year, and year-

site components, models in which effort was decomposed within- and between-sites were 

most commonly the best (ΔAICC = 0). In 25 species (53.2%) the most-supported models 

were those with effort decomposed by site, in 18 species (38.3%) the most-supported 

models were those with effort decomposed by year, and in four species (8.5%) the most-

supported models were those with effort decomposed by site-year. Evidence ratios (ER) 

between aggregated vs. decomposed-effort models of these 47 species indicated the best 

decomposed-effort model had a mean 4.7 times the support (SD = 6.4, range = 1.1–

1,039.4) of the aggregated-effort model (mean was calculated from back-transformed ER 

values after initial log-transformation, SD was calculated via Taylor expansion;

1

))log()(log(
)log(

2

−
−Σ

n

xx
x

e ). Cross-validated model classification accuracy was overall fair in 

aggregated-effort models (mean AUC = 0.789, SD = 0.072, range = 0.627–0.939) and 

was slightly but significantly improved by models with decomposed effort (mean ΔAUC 

= 0.005, SD = 0.012, range= -0.023–0.032, one-sided Wilcoxon signed rank test [T] = 

639, P < 0.01). 
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I assessed effect sizes of aggregated and decomposed effects from odd ratios. 

Odds ratios represented were the changes in the odds of detection per a 100 net-hour 

increase of effort and were valid for 43 species in which the 95% confidence intervals of 

aggregated effort did not include zero. Comparisons of aggregated vs. decomposed-

covariate odds ratios indicated that for every 100 net-hour increase in relative effort (i.e., 

decomposed by site, year, or site-year), the odds of capture was a mean 3.1% higher (SD 

= 5.5, range = -19.1–13.3, T = 825, P < 0.001) than increases predicted from the same 

number of raw net-hours (Appendix 2). This translated to predicted decomposed-effort 

odds ratios that were a mean 22.2% times higher (SD = 31.6, range = -13.7–139.9, T = 

866, P < 0.001) than there aggregated-effort counterparts. 

In examining the proximate causes for these differences (Table 2, Appendix 2), 

the most common decomposed covariate (n = 21 spp.) in best-fitting models was the 

between-site effect of effort. The larger odd ratios of this covariate relative to raw effort 

indicate that sites where birds had higher probabilities of detection (i.e., were more easily 

caught) were also those where effort was, on average, the greatest. This appears due to 

strong associations between the average effort per site and both area and isolation 

(isolated vs. non-isolated in the year of survey) of sites (Figure 2, Table 2); average effort 

was highly correlated with area (r = 0.91, P < 0.001) and continuous patch-years had 

greater average effort than isolated patch-years (Wilcoxon rank-sum test = 17,312.5, P < 

0.001). Perhaps unsurprisingly, continuous patches were given greater mist-netting effort 

and while relative, within-site effort (in 13 species) was positively associated with 

detection, other patterns associated with the size and configuration of patches likely 

contributed (e.g., via higher densities) to varying probabilities of detection. Accounting 
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for the between-site effect, in turn, resulted in smaller odds ratios for within-site effort 

relative to raw effort. Within-year effort, the second-most common covariate (n = 17 

spp.) to be included in best-fitting models, was present without between-year effort in all 

but one species. This suggests the presence of high between-year variation in these 

species and that this variation was better predicted by a year-relative rather than a raw 

measure of survey effort. 

DISCUSSION 

That a species may not be detected with certainty given presence has been 

appreciated by those studying unmarked animals in the wild for decades (Emlen 1971). 

Countless indices and adjustments have been employed to address this issue and are, in 

many cases, adequate for the research question at hand (Johnson 2008). However, 

estimates from observational data with long-known issues of heterogeneous detection 

have been improved by the formalization of occupancy estimation and modeling 

(MacKenzie et al. 2006). Yet despite the diversification and broad application of 

occupancy modeling, its generalization, and its Bayesian extensions, it is typically 

assumed that when including longitudinally-repeated covariates among groups (e.g., 

surveys within sites or sites within years), effects are common between and within groups 

or, alternately, between-group effects have little bearing on within-group effects of 

interest. I employed and focused on within- and between-group effects in predicting 

probabilities of detection of a multi-site, multi-year, multi-species data set. While the 

assumption of common within- and between-group (or null between-group) effects may 

be valid in many instances, my use of decomposed covariates in modeling detection of 52 

species in 23 sites across 14 years revealed that this assumption is clearly violated in 
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others. Models employing decomposed effort were more supported than standard, 

aggregated effort in over 90% of species and notably so in over half of species. Odds 

ratios describing effort effects on species detection in decomposed-effort models were 

over 10% greater than their aggregated-effort counterparts in over half of species 

showing improvement via covariate decomposition. Overall conclusions about the effect 

of effort on detectability of species in this data set were unchanged, and improvement via 

decomposition is unlikely to be universal when employing covariates that vary among 

groups (e.g., years, sites). However, that I detected notable within- and between-group 

effects in a majority of species in a multi-species data set selected at random from 

published multi-season occupancy modeling data sets suggests these patterns may be 

more common than currently acknowledged.  

The data set I employed, having only one detection covariate, provided a 

relatively simple example for testing support for and differences resulting from 

decomposition of this covariate into site, year, and site-year components. Detection is 

known to vary with a complex set of covariates (Joseph et al. 2009). However, the focus 

of the analysis of Ferraz et al. (2007) was primarily in modeling extinction-colonization 

dynamics and testing basic predictions of island biogeography and metapopulation 

theory. While accounting for imperfect detection was important, the detection component 

was simplified to allow for a small, easily interpretable candidate model set (Ferraz et al. 

2007). With a focus on detection, other covariates (e.g., isolation) considered but 

ultimately omitted by Ferraz et al. (2007) from the set of detection covariates could be 

included and would likely address between-site effects of effort. The capacity of 

multivariate models to “correct” these effects was shown by van de Pol and Wright 
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(2009) using simulated differences between individuals and is reiterated in the small 

example data set described in the introduction. 

For a simpler illustration of within- and between-group effects in occupancy 

models, I focused solely on the detection component. However these effects may be 

similarly present in modeling occupancy, abundance, or their dynamics. While static site 

covariates (lacking obvious within- and between-group components) may be useful in 

modeling colonization or local extinction (Betts et al. 2008), it has been long recognized 

(White 1978) that a species may respond differently to relative rather than absolute 

resource availability or environmental conditions when site-level covariates 

(“yearlySiteCovs” in the terminology of the unmarked package) vary across years. These 

responses to disturbance, weather, or other factors may be biased or masked by between-

site differences when covariates are not decomposed into their within- and between-

group effects.  

I describe the construction of within- and between-group covariates via simple 

averages and differences. However, other site-relative measures of such as proportional 

change in a covariate relative to the previous year ([xij/xij-1] – 1) or initial conditions 

(xij/xij=1) may better capture underlying processes of detection, occupancy, or occupancy 

dynamics. Patterns of between-group effects on occupancy dynamics may also suggest 

compelling underlying patterns. Extending beyond site-level influences of habitat quality 

or amount on local abundance, between-site effects on occupancy may indicate local 

shifts in habitat selection. My model-building approach to modeling the effect of effort 

on detection in the Ferraz et al. (2007) data did not consider contributions of multiple 

between- or within-group effort effects. While an inspection of decomposed-effort 
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covariates indicated most covariate components across hierarchies (e.g., within-site vs. 

within-year) are highly correlated (Sadoti, unpublished), the inclusion of non-collinear 

components may improve the fit of models.  

Lastly, while I have noted only groupings inherent in the data hierarchy of 

occupancy models (site and year), within- and between-group effects may be extracted 

using any number of categorical attributes associated with sites or surveys. For example, 

observer identity has been employed as a predictor of detection in occupancy models 

(Schuster and Arcese 2013, Hill and Diefenbach 2014) and is commonly employed to 

similar ends in analyses of data from monitoring programs such as the North American 

Breeding Bird Survey (Link and Sauer 2007, Albright et al. 2010). Influences that have 

not, to my knowledge, been explored are relative between- or within-observer effects of 

detection covariates. While these effects will often be addressed by between- or within-

site effects due to typically local efforts by observers, it may be necessary to account for 

them. For example, if some observers habitually start surveys later than others, this 

between-observer effect of survey time may result in biased estimates of underlying time 

effects on detection.  

Of potential interest to the application of within- and between-group effects in 

occupancy modeling, and particularly in account for heterogeneous detection using 

covariates is the growing use—by design or necessity—of survey replicates that are 

highly aggregated over space or time (Betts et al. 2008, Kendall and White 2009, Rota et 

al. 2009). While these approaches are more time-efficient and better ensure that closure 

assumptions are not violated (e.g., three sequential 5-minute counts per site visit or three 

spatially-adjacent and simultaneous 5-minute counts), they may preclude decomposition 
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(particularly in a single-season context) of detection covariates that vary over hours or 

days (e.g., wind speed) but are less likely to vary over a 10-minute aggregated “season” 

of three surveys. This results in detection covariates with within- and between-site 

components that cannot be separated without additional information. If employing 

covariates that vary over a time scale larger than a short-duration season, I suggest the 

assumption of common within- and between-site effects be tested by resurveying a subset 

of sites at the maximum interval within which population closure can safely be assumed. 

An ever-growing number of researchers across numerous disciplines have 

embraced the utility of occupancy estimation and modeling in disentangling previously 

confounded patterns of occurrence and detection (Bailey et al. 2014). I highlight the 

utility of employing within- and between-group components of covariates in these 

models. I illustrate that, at a minimum, these steps allow more accurate inference about 

spatiotemporally-varying covariates of interest; in this case the effect of effort (mist-net 

hours) on detection (i.e., the probability of capture given presence). I have little reason to 

suspect this is a widespread phenomenon, nor do I have reason to suspect the 

simplification of modeling detection in Ferraz et al. (2007) influenced inference about 

extinction-colonization dynamics. However, this simple and long-employed method of 

decomposing covariates is currently underutilized in occupancy estimation and modeling. 

Whether a failure to account for within- and between-group effects associated with one or 

more covariates in an occupancy model fundamentally biases or obfuscates inference 

about processes underlying detection, site occupancy, and occupancy dynamics of an 

organism depends, in part, on the goals of the investigator. What is clear, however, is that 

additional inquiries involving other taxa and systems are necessary. I recommend 



24 
 

investigators employing occupancy models compare, at a minimum, estimates from 

models including aggregated covariates vs. those employing within-group covariate 

components at one or more levels of suspected between-group heterogeneity (site, year, 

etc.). If the alternate (within-group) model has notably higher support (e.g., a large 

evidence ratio), this suggests an investigator should employ a more formal approach to 

constructing candidate model sets addressing heterogeneity in the data set. Heterogeneity 

across time, space, and individuals provides ecologists with both great challenges and 

great opportunities; tools and approaches that illuminate the structure of this 

heterogeneity and, in turn, reduce bias can only improve our ability to effectively ask 

ecological and evolutionary questions of complex, hierarchical data (Hamel et al. 2012). 
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Table 1. Summary of model improvements following decomposition of effort (mist net 
hours) in predicting detectability of 52 birds sampled in the Brazilian Amazon as part of 
the Biological Dynamics of Forest Fragments Project, 1980–1993. 
  
  Improvement  

Level of 
decomp-
osition 

Effort effect None 
(ΔAICC = 0) 

Marginal 
(ΔAICC > 0, 
ΔAICC ≤ 2) 

Notable 
(ΔAICC > 2) 

All species 

None Aggregated 9.6 (5) — — 9.6 (5) 
      

Site Within-site — 3.8 (2) 0.0 (0) 3.8 (2) 
 Between-site — 3.8 (2) 17.3 (9) 21.2 (11) 
 Within- & 

between-site 
— 7.7 (4) 15.4 (8) 23.1 (12) 

 Total — 15.4 (8) 32.7 (17) 48.1 (25) 
      

Year Within-year — 13.5 (7) 17.3 (9) 30.8 (16) 
 Between-year — 0.0 (0) 1.9 (1) 1.9 (1) 
 Within- & 

between-year 
— 1.9 (1) 0.0 (0) 1.9 (1) 

 Total — 15.4 (8) 19.2 (10) 34.6 (18) 
      

Site-year Within-site-
year 

— 1.9 (1) 0.0 (0) 1.9 (1) 

 Between-site-
year 

— 0.0 (0) 5.8 (3) 5.8 (3) 

 Within- & 
between-site-
year 

— 0.0 (0) 0.0 (0) 0.0 (0) 

 Total — 1.9 (1) 5.8 (3) 7.7 (4) 
      

 Grand total 9.6 (5) 32.7 (17) 57.7 (30) 100.0 (52) 
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Table 2. Mean and standard deviation of proportional differences (Δ%) between odds 
ratios associated with a 100-net-hour increase in trapping effort using raw vs. 
decomposed effort covariates predicting the detectability of 52 birds sampled in the 
Brazilian Amazon as part of the Biological Dynamics of Forest Fragments Project, 1980–
1993. While all effects of effort were positive in models, negative differences indicate 
larger positive effects of the raw effort covariate than the decomposed effort covariate. 
The number of species in which the best model included the indicated covariate is 
denoted by n. Only shown are species in which (1) the substitution of decomposed 
covariates over raw effort resulted in an improved model (via AICC) and (2) the 95% 
confidence interval of parameter estimates associated with effort in the raw covariate 
model did not bound zero. Raw data are from Ferraz et al. (2007). 
 

 Within-group effect Between-group effect 
Level of 

decomposition 
n 

Mean 
Δ% 

SD Δ% n 
Mean 
Δ% 

SD Δ% 

Site 13 -62.6 20.4 21 33.7 39.2 
Year 17 5.9 10.0 1 18.5 — 
Site-year 1 29.7 — 3 5.2 6.1 
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Table 3. Possible within- and between-group covariate components that may be 
decomposed from covariates used in single- and multi-season occupancy models (and 
related models with the robust design).  
 

Effect Effect and covariate 
calculation 

Description 

Site 
bs 

ibsxβ  Between-site effect: value of xik, xij, or xijk 
averaged over all seasons or surveys within 
site i. 

ws ( )
iijkws xxβ −  Within-site effect: the difference between xik, 

xij, or xijk and B1.  
Year 

by 
jby xβ  Between-season effect: value of xij or xijk 

averaged over all sites or surveys within 
season j. 

wy ( )
jijkwy xxβ −  Within-season effect: the difference between 

xij or xijk and B2. 
Site-season (site-season relative) 

bsy1 ijbsy xβ
1

 Between-site-season effect: value of xijk 
averaged over all surveys within site i and 
season j. 

wsy1 ( )
ijijkwsy xxβ −

1
 Within-site-season effect: the difference 

between xijk and B3. 
Site-season (site-relative) 

bsy2 ( )
iijbsy xxβ −

2
 Site-relative between-site-season effect: the 

difference between B3 and B1, or the site-
year-level deviation from the mean values at 
site i. 

wsy2 ( )][
2 iijijkwsy xxxβ −−  Site-relative within-site-season effect: the 

difference between xijk and B4, or the site-
season-survey level deviation from the site-
year deviation from mean site values. 

Site-season (season-relative) 

bsy3 ( )
jijbsy xxβ −

3
 Season-relative between-site-season effect: 

the difference between B3 and B2, or the site-
year-level deviation from the mean values in 
season j. 

wsy3 ( )][
3 jijijkwsy xxxβ −−  Site-relative within-site-season effect: the 

difference between xijk and B5, or the site-
season-survey level deviation from the site-
year deviation from mean season values. 
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Table 4. Formulation of models containing aggregated covariates and within- and 
between-group covariate components. See Table 3. for definitions. 
 

Model Equation 
Aggregated models  

Combined within- and between-
group effect*  

Within- and between-site or year models 
Within- and between-site effects 

 
Within- and between-season 
effects  

Within- and between-site-year models 
Within- and between-site-
season effects  

Site-relative within- and 
between-site-season effects  

Site-relative between-site, 
between site-season, and 
within-site-season effects 

 

Season-relative within- and 
between-site-season effects  

Season-relative between-season, 
between site-season, and 
within-site-season effects 

 

  

ijkijk xββy 10)(logit +=

( )iijWiBijk xxβxββy −++= 110)(logit

( )jijWjBijk xxβxββy −++= 220)(logit

( )ijijkWijBijk xxβxββy −++= 330)(logit

( ) ( )][)(logit 440 iijijkWiijBijk xxxβxxββy −−+−+=

( ) ( )ijijkWiijBiBijk xxβxxβxββy −+−++= 3410)(logit

( ) ( )][)(logit 550 jijijkWjijBijk xxxβxxββy −−+−+=

( ) ( )ijijkWjijBjBijk xxβxxβxββy −+−++= 3520)(logit
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Figure 1. Sampling days and detections (closed circle = detection, open circle = non-
detection) among 5 sampling locations for a simulated dataset of a fictitious bird species 
with p = 0.5 (a) and modeled relationships between detection and aggregated survey date 
covariate (black lines) and the within-site component of the date covariate (red lines) (b). 
Within-site relationships are centered on the mean survey date (day 136). Thin lines 
represent 95% confidence intervals of estimates. 

 

 

Figure 2. Distribution of average effort per forest patch across levels of patch size and 
isolation. Patch sizes of 600 ha were pooled with those of 500 ha. Boxes represent first 
and third quartiles, within-box lines are medians, whiskers are (typically) minimum and 
maximum values, and circles are extreme values. Raw effort and patch data are from 
Ferraz et al. (2007). 
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CHAPTER 3. MODELING HETEROGENEITY IN LESSER PRAIRIE-CHICKEN 

LEK ATTENDANCE FROM LONG-TERM LEK MONITORING DATA 

INTRODUCTION 

Lek surveys are the most common method for monitoring populations of North 

American prairie grouse (Cannon and Knopf 1981a, Bibby et al. 2000). Despite 

widespread use, the utility of these surveys has been challenged when the indices such as 

average count or number of active leks are employed as a measure population size 

(Applegate 2000, Anderson 2001, Clifton and Krementz 2006). While criticism has been 

directed toward potentially bias-inducing survey characteristics (e.g., if lek surveys are 

made from roads), it has been primarily focused on violations of the common assumption 

of constant detection across survey occasions and locations (Applegate 2000). What 

constitutes heterogeneity in the detectability of lekking individuals varies among studies 

employing lek surveys (Walsh et al. 2010) but is perhaps best framed as arising from 

three sources: (1) the presence of individuals in an area associated with a given lek, (2) 

lek attendance given presence within a site, and (3) detection given lek attendance 

(Riddle et al. 2010, Blomberg et al. 2013). While the issues associated with ignoring 

these sources of heterogeneous detectability are reduced when estimating population 

trends or related longer-term population characteristics (Applegate 2000, Blomberg et al. 

2013), unadjusted counts may introduce large biases in annual estimates of, and inter-

annual changes within populations and distributions. These biases may, in turn, lead to 

incorrect inference (Walsh et al. 2010).  

Addressing heterogeneity in detection has been an explicit goal in studies of 

lekking grouse using mark-resight analyses of identifiable individuals on leks (Walsh et 
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al. 2004, Clifton and Krementz 2006, Blomberg et al. 2013). These approaches can be 

costly in time and effort and, while they are important in estimating critical parameters 

such as population size and demographic rates, managers are likely to continue to employ 

lek surveys of unmarked individuals to assess relative changes to populations over time. 

The improvement of estimates from unmarked populations has, fortunately, been an area 

of active development in the last decade (Bailey et al. 2014), with approaches employing 

the robust design (Pollock 1982) common to mark-resight analysis and based on repeated 

surveys within periods of population closure. These models have expanded to 

accommodate a number of study designs (Nichols et al. 2008, Hines et al. 2010), 

responses such as abundance or reproductive activity (Royle 2004, Nichols et al. 2007), 

and multiple seasons or years (MacKenzie et al. 2003, Dail and Madsen 2011). Applying 

these models or related approaches to reducing biases in lek survey data has been 

suggested (Walsh et al. 2004, Johnson and Rowland 2007, McRoberts et al. 2011) but 

only recently implemented (McNew et al. 2012). Unfortunately, most grouse monitoring 

programs were developed before the introduction of methods accounting for imperfect 

detection and, should repeated counts be undertaken in a season, maximum counts are 

often employed as an index of abundance or presence (Bibby et al. 2000, Garton et al. 

2011).  

Interest in lek attendance, whether focused on behavior or improving estimates 

from lek surveys, has been long-standing, with Greater Sage-grouse (Centrocercus 

urophasianus) receiving some of the best attention (Emmons and Braun 1984, Dunn and 

Braun 1985, Schroeder and Braun 1992, Walsh et al. 2004, Blomberg et al. 2013). 

Whether lek attendance is termed as such or described using other terms (e.g., 
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sightability, Walsh et al. 2004), emergent patterns indicate that both (1) effects associated 

with the survey occasion and (2) lagged habitat, seasonal, or (meta-) population effects 

(e.g., density) affect the probability that males are present on leks within the breeding 

season (Jenni and Hartzler 1978, Walsh et al. 2004, Drummer et al. 2011, Blomberg et al. 

2013). An improved understanding of this heterogeneity in lek attendance is critical to the 

continuation of lek monitoring programs in the face of shrinking budgets and declining 

populations and in the application of lek surveys to the analysis of trends or distributional 

dynamics of prairie grouse.  

Among grouse, the Lesser Prairie-chicken (Tympanuchus pallidicinctus; LPCH 

hereafter) is a species of considerable conservation concern. The species was historically 

distributed among much of the southern Great Plains. Following substantial 20th-century 

declines in range and populations (Hagen and Giesen 2005), the LPCH was listed as 

Threatened in spring 2014 under the United States Endangered Species Act of 1973. To 

elucidate factors affecting lek attendance in this species, I employed a long-term 

monitoring data set from the core area of the eastern New Mexico metapopulation (Dunn 

and Milne 2014). I reference lek attendance as the presence or absence of at least one 

male LPCH on a lek during a survey, given the presence of one or more male LPCH 

during one or more surveys in the given year. I make this distinction because the term lek 

attendance is sometimes used to describe the (apparent) number of males (or females) 

associated with a lek relative to other leks (Niemuth 2005, Gregory and Beck 2014) or 

any non-zero count (Schroeder and Braun 1992). I make the assumption of population 

closure within spring survey periods such that the observation of at least one male on a 

given lek in a given year is evidence of availability for detection via lek attendance. 
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Given the conspicuous nature of LPCH lek displays and the generally open vegetation of 

most leks (Wolfe et al. 2007), I assumed that, given adequate survey effort (i.e., males on 

leks were both clearly visible and audible), imperfect detection of individuals was 

negligible and that variation in the observation process was due to lek attendance. 

This work was motivated by ongoing management and conservation concerns, the 

recent development of a standardized lek survey data set for the study area, and the 

continuing development of hierarchical modeling approaches of unmarked individuals 

applicable to long-term monitoring programs. My objectives in this study were to (1) test 

the utility of both survey and landscape covariates in predicting LPCH lek attendance, (2) 

describe attendance-covariate relationships emerging from models, and (3) make 

recommendations for future lek monitoring efforts. 

METHODS 

Study area and lek surveys 

Lek surveys were conducted primarily within Chaves County, New Mexico where 

ownership was primarily Bureau of Land Management (BLM). The primary land use of 

this area of the southern high plains is livestock grazing, and vegetation is dominated by 

shin oak (Quercus havardii) and sand sage (Artemisia filifolia) shrubs, and big, little, and 

sand bluestem grasses (Andropogon gerardii, Schizachyrium scoparium, and A. hallii, 

respectively) (Hagen and Giesen 2005).  

The BLM Roswell Field Office conducted the majority of lek surveys in which 

surveyors typically visited lek sites from 30 min prior to sunrise until 2 h after sunrise 

during the active lekking season in the spring (mean survey day = April 4, SD = 14 days) 

on rain-free mornings with low winds. With the exception of extended lek visits on which 
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birds were trapped (for local demographic studies), surveyors stayed at each lek long 

enough to count birds before moving to the next lek. There was no standard time for 

surveying leks on which no birds were observed. No protocol existed for choosing which 

leks to survey in years of limited funding, but surveyors appeared to select leks known to 

be active in previous years. New leks were added over time as they became active and 

were detected; a recommended strategy for improved reliability of lek surveys as an 

index of population levels (Cannon and Knopf 1981a, Schroeder and Braun 1992, 

Haukos and Smith 1999). On average, 5.5 new leks (SE = 1.3, range = 0–31) were added 

per year, with the total number of leks surveyed increasing at a rate of 2.5 leks year-1 (SE 

= 0.5, R2 = 0.43, P < 0.0001). If leks were too far from roads to easily access, surveyors 

were allowed to approach the lek as closely as feasible given time constraints, listen for 

LPCH vocalizations, and estimate the number of birds on the lek. Original data sheets or 

copies were provided to Natural Heritage New Mexico (NHNM), University of New 

Mexico Biology Department, and digitally entered in the NHNM database, NMBiotics. 

NHNM staff quality-checked the data entry and performed queries. 

Data treatment 

I removed surveys not meeting several criteria. The first were those occurring 

before March 1 or after May 31; the period in which males were expected to be available 

to attend leks. The second removal criterion were surveys on which trapping took place 

(as noted for 135 surveys) as I suspected this activity could bias lek attendance. Fourth, I 

removed any surveys starting more than 2.5 hours after sunrise as I suspected availability 

for attendance was reduced later in the day. Finally, I removed surveys occurring earlier 
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than 1.5 hours before sunrise as I suspected these were trapping surveys (96.3% of known 

trapping surveys [n = 135] commenced earlier than 1.5 hours before sunrise).  

To reduce potential biases associated with satellite leks, I removed any leks with 

fewer than three consecutive years of apparent occupancy (Haukos and Smith 1999), as 

attendance at these leks likely reflected fluctuations in populations associated with nearby 

traditional leks. These leks may not be attended by males until a month later (Schroeder 

and Braun 1992, Haukos and Smith 1999, Behney et al. 2012). As I was concerned solely 

with lek attendance, I limited my analysis to only those lek-years with (1) at least one 

survey on which birds were observed attending leks and (2) at least two surveys. 

Additionally, I removed any leks represented by only one year and any years represented 

by only one lek. 

Of concern due to varying survey effort among leks and years was whether the 

probability of lek attendance was correlated with either (1) the average number of 

surveys within each year, (2) the average number of surveys within each lek, (3) the 

number of years per lek, or (4) the number of leks per year. From those lek-years meeting 

the previous inclusion criteria, I calculated average naïve attendance probability of lek i 

as 

∑ ∑
= =

J

j

K

k

ijky
KJ 1 1

11

 

where j is the year of the survey for lek i, k is the survey within year j for lek i up to a 

maximum of K = 4 surveys, and y is the attendance (1) or non-attendance (0) of 1 or more 

individuals. I similarly calculated average naïve attendance probability in each j year. The 

naïve lek attendance was not correlated with the mean number of surveys within years or 
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the total number of years surveyed. Likewise, within years, naïve lek attendance was not 

correlated with the number of leks or the mean number of surveys per lek (all with |rs| < 

0.33, P > 0.05). 

I expected two covariate groups to influence lek attendance in the LPCH. The first 

group was composed of characteristics related to the survey itself; i.e., survey date, time, 

estimated duration, and weather. The second group described landscape and weather 

characteristics (which I collectively term landscape covariates) likely to affect the 

condition or behavior of individual males at the temporal and spatial scale of a lek-year. 

In addition to the two covariate groups, I included two additional covariates in each 

model. The first was an index of recent lek size (a proxy for density) expected to have a 

strong, positive effect on lek attendance (Betts et al. 2008, Warren et al. 2013). The 

second covariate in all models, survey year, is commonly included to account for 

individual year effects in modeling detection probabilities. As inclusion of this covariate 

resulted in model convergence issues, a categorical covariate combining years based on 

natural breaks in the frequency distribution of surveys by year was employed in all 

models. The ranges of values of all covariates associated with surveys in which males did 

not attend leks were within the ranges of values in which males did attend leks. 

Covariates 

Survey covariates 

Survey covariates addressed variation in date, time, estimated survey duration, 

and weather. I suspected lek attendance in the LPCH varied by date (Haukos and Smith 

1999), a pattern also shown in lek attendance studies of other prairie grouse and the 

Greater Sage-grouse (Walsh et al. 2004, Drummer et al. 2011) and likely to introduce 
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bias if unaddressed (Niemuth 2011). I examined the effect of a quadratic date term as I 

suspected the attendance-date relationship to potentially peak between March and May 

(Haukos and Smith 1999, McNew et al. 2011, Niemuth 2011). I considered decomposing 

date into within- and between-year components (Chapter 2) to address potential inter-

annual variation in breeding phenology but employed raw date to improve interpretability 

for future monitoring efforts. 

I suspected variation in time of survey—the most commonly examined detection 

covariate (Kellner and Swihart 2014)—would affect probabilities of lek attendance 

(Applegate 2000, Niemuth 2011). To account for this effect, I calculated the sunrise-

relative survey time from the recorded local time using the maptools R package (Bivand 

and Lewin-Koh 2015) after adjusting for inter-annual variation in the start date of 

daylight savings time. In the event of identical survey times recorded by the same party 

on the same day (7% of surveys), I randomly assigned the given start time to one lek 

survey of this sample and estimated the start time of other lek surveys from an estimated 

travel time and a mean survey time of 8.8 minutes. In the event (1) other surveys 

followed these redundant start-time surveys and (2) the travel-time adjustment resulted in 

an estimated start time after the next recorded survey (creating a negative survey 

duration), I used the mean time between these two surveys as an estimated survey start 

time. I also included a quadratic start time term as I suspected lek attendance to peak 

during the course of the morning. 

Survey effort—measured by search area, duration of survey, number of surveyors, 

or a related measure—is a well-known source of heterogeneity in detection (Kellner and 

Swihart 2014). I suspected the probability of observing at least one male during a lek 
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survey would increase with the survey duration as one or more males entered leks to 

display. While survey duration in the data set was rarely recorded by surveyors (start 

times were recorded, but seldom end times), I estimated the duration of each lek survey 

in several steps.  

I first identified the surveying parties within each day (mean = 1.5 parties, SD = 

0.8, n = 875 days) from the recorded names of observers (mean = 1.2 observers, SD = 

0.4, range = 1–4 observers, n = 5,572 surveys) and the start times of each survey. Critical 

in estimating survey duration was an estimation of travel times between leks. Though this 

was not recorded, by using only those party-days having (1) recorded start times for all 

surveys, and (2) no duplicate start times, I generated an estimation of travel speeds by 

using the distance between leks and the length of time between the start of sequential lek 

surveys. I included only those paired distance-time observations between 100 m and 10 

km and less than 1 h in length (n = 1,732) . The linear relationship between the straight-

line distance (in km) and between survey start times (in minutes),  

time between surveys = 2.741 × distance + 8.768, 

explained a small but significant proportion of the variance in the time between surveys 

(R2 = 0.154). The slope of this relationship indicated driving speeds were 21.8 km h-1 

while the intercept indicated surveys were, on average, 8.8 minutes (0.15 h) in length. I 

also assessed this relationship with Manhattan (i.e., 90° “L”-shaped) distances common 

on grids of roads, but found a marginally better fit using Euclidean distances likely due to 

the availability of roads oriented in non-cardinal directions.  

Based on this relationship, I estimated a travel time for each survey having a 

subsequent survey in the data set. Finally, I estimated survey duration from the difference 
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in consecutive survey start times minus this estimated travel time. Estimated survey 

durations longer than 1.85 hours (the 99.9th percentile of between-survey start times) 

were removed from the data set as I suspected these included periods without either travel 

or surveys. A remaining challenge was in estimating duration from surveys having no 

known subsequent surveys. For these surveys, as estimated survey durations varied 

between leks (Kruskal-Wallis test; n = 2,182, χ2= 287.1, P < 1e-13), I imputed the 

average within-lek estimated duration times from previous steps under the condition the 

lek had been surveyed 10 or more times and all were (1) on party-days in which all other 

start times were known and (2) non-duplicated start times. For leks with fewer than 10 

surveys, I used the travel-corrected mean survey time (0.15 h). 

I considered decomposing survey duration into within- and between-lek 

components (as in Chapter 2), as I expected (1) variation in lek attendance due to survey 

duration relative to the mean survey duration of a site and (2) to control for the 

likelihood—identified in a preliminary analysis (G. Sadoti unpublished)—that sites with 

overall higher abundance received greater effort as surveyors attempted to count all males 

in attendance or remain at leks with an expectation of lek attendance. However, between-

lek survey duration was not predictive of lek attendance in a preliminary analysis (in 

contrast to models in Chapter 4) and I elected to use raw survey duration for 

interpretability in future monitoring efforts despite slightly less predictive power than 

within-lek survey duration.  

Inclement weather has been linked to reduced lek attendance in Greater Sage-

grouse (Emmons and Braun 1984), both congeneric Greater Prairie-chickens (Martin and 

Knopf 1981) and Sharp-tailed Grouse (Drummer et al. 2011), and anecdotally in LPCH 
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(A. Behney, personal communication). While surveys were generally restricted to days 

with low winds and without precipitation, I suspected windier and colder conditions 

could reduce lek attendance as observed in other Tympanuchus grouse (Martin and Knopf 

1981, Drummer et al. 2011) and suggested by metabolic responses in Greater Sage-

grouse (Sherfy and Pekins 1995). Wind speeds and air temperature were rarely recorded 

by surveyors, requiring me to employ several auxiliary weather data sources. I quantified 

wind from daily wind summaries available for most days from either Roswell (50-80 km 

from leks) or Bitter Lakes National Wildlife Refuge (40-70 km from leks). To address 

inconsistency in the wind metric measured among stations over time (i.e., average wind 

speed, 24-hour wind movement, or maximum wind gust measurements), I standardized 

measurements to an index of average daily wind speed using estimates from ordinary 

least-squares regressions between wind metrics from days and stations on which multiple 

metrics were recorded. To obtain estimated survey temperatures, I used the daily, 1-km 

resolution Daymet data set (Thornton et al. 1997, available online: http://daac.ornl.gov). 

From daily minimum temperature and maximum temperatures on each lek survey day, I 

estimated the temperature at the hour closest to the starting time of each lek survey by 

interpolating minimum and maximum temperatures to hourly resolution using the chillR 

package (Luedeling 2015). 

Landscape covariates 

Lekking is an energetically demanding activity for male LPCH and other grouse 

(Vehrencamp et al. 1989, Wolfe et al. 2007). Likewise, herbicide (Tebuthiuron) treatment 

used to reduce woody cover and promote grasses and forbs (Peterson and Boyd 1998) has 

been linked to degraded body condition (measured by lipid levels) (Olawsky 1987) and 
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reproductive success (Johnson et al. 2004b). Finally, the effects of prairie fires, while 

understudied in the LPCH, can have strong short-term effects on grass and shrub cover, 

and may affect lek attendance (Cannon and Knopf 1979, Boyd and Bidwell 2001). 

Concurrent studies of this LPCH metapopulation could, unfortunately, provide only 

limited direct measurements of individuals (i.e., body condition) or their behaviors from a 

subset of leks and years (e.g., Johnson et al. 2004b). To account for these suspected 

habitat effects, I employed (1) an existing spatial land cover data set (Johnson et al. 2006) 

and (2) a per-year spatial delineation of herbicide-treated and burned areas. I sampled 

these landscape characteristics, described below, using the 3.2-km radius area centered on 

each lek (Hagen and Giesen 2005, Pirius et al. 2013).  

The land cover data set (Johnson et al. 2006) was produced from remotely-sensed 

imagery and field visits between 2001 and 2006 after most herbicide treatments took 

place. As such, I estimated the pre-treatment proportional cover of each class in 

herbicide-treated pasture following several steps. As a first step, I reduced the land cover 

classes into shrub, tall- and mid-grass (grass hereafter), and non-habitat classes. Shrub 

classes were shrubland vegetation map units containing shin-oak or sand sagebrush while 

grass cover classes were those grassland vegetation map units containing tall- or mid-

grass vegetation in Johnson et al. (2006). For pastures identified as treated (n = 48, mean 

area = 821 ha, SD = 650 ha; see herbicide and fire below), I estimated the proportion in 

each of the three habitat classes in areas that were (1) within a 1-km buffer of treated 

pastures and (2) were assessed as non-treated. A 1-km buffer was chosen as most 

pastures (treated and untreated) were less than 2 km wide in their narrowest dimension. I 

made a preliminary assessment of this approach by comparing the composition inside 
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untreated pastures (n = 128, mean area = 920 ha, SD = 930) and areas outside pastures 

(untreated areas within 1 km) via ordinary least squares regression and found reasonable 

agreement (R2 = 0.397, 0.310, and 0.412 for shrub, grass, and non-habitat, respectively). I 

assigned the land cover data set values to treated pastures if they indicated shrub habitat 

cover was higher within treated pastures than surrounding, untreated areas. Only four of 

48 (8.3%) treated pastures and 8.5% of the total treated area showed this unexpected 

pattern and to a relatively minor degree (average difference = 17.3%) relative to pastures 

with lower shrub cover than surrounding untreated areas (average difference = -28.0%), 

lending additional support to my approach to estimating pre-treatment shrub cover. I 

extracted averages for each land cover class using the 3.2-km radius area centered on 

each lek. I additionally calculated the proportion of habitat in shrub cover as a measure of 

shrub dominance less correlated with area in habitat (r = 0.54) than raw shrub cover (r = 

0.74). I included a quadratic proportional shrub cover term in models as I suspected 

intermediate shrub cover (expected to improve food availability and body condition) 

would promote higher lek attendance. 

To quantify areas treated with herbicide or burned during prairie fires, I employed 

the twice-monthly temporal resolution and multiple bands of LEDAPS-corrected 

Landsat-5 Thematic Mapper (TM) satellite imagery (Masek et al. 2008) by manually 

examining Normalized Difference Vegetation Index (NDVI; Pettorelli et al. 2005) 

images from each available, low (< 5%) cloud and snow cover scene between 1984 to 

2011. Visual inspections of Landsat Multispectral Scanner (MSS) satellite images, while 

of lower ground resolution, suggested no pre-1984 treatments in the study area. Treated 

pastures in this area typically displayed a striated pattern due to aerial application, 



43 
 

allowing me to easily determine the year of treatment, which typically occur into the fall 

preceding spring detection (Peterson and Boyd 1998). Burned areas were on average 11.5 

km2 in area (SD = 40.1 km2, range = 192.4 km2–0.1 km2) with burns usually occurring 

between June and December (exact dates were unknown). As with land cover, I used 3.2-

km circular sites centered on leks to derive the proportion of area (1) treated in the 

previous fall and (2) burned in the summer, fall, or winter prior to spring counts. As the 

qualitatively-assessed reduction in NDVI following herbicide treatment was almost 

universally sustained through the end of the study period, I simplified herbicide treatment 

effects to the cumulative proportional area of 32-km2 sites in the years prior to the spring 

of interest. In contrast to herbicide treatments, the impacts on vegetation cover and 

volume are typically greatest in the two years following fire (Peterson and Boyd 1998), a 

pattern confirmed qualitatively in my inspection of TM NDVI images. As the number of 

lek-years with any area burned was very low (< 5%), I converted the burn area to a binary 

index of fire impact of less than or greater than 10% burned in the previous two years of 

the survey. I identified this threshold in an exploratory analysis of 10% burn area 

increments. Calculations and extractions of land cover, herbicide, and fire were 

performed in ArcGIS v.10.1 (ESRI 2011). 

Modeling 

I modeled lek attendance as a binary response (0 = no males in attendance, 1 = ≥ 1 

male in attendance) using generalized linear models with binomial error (aka logistic 

regression) using R (R Development Core Team 2014). I considered employing the 

single-season occupancy model of MacKenzie et al. (2002) in the unmarked package 

(Fiske and Chandler 2011, Fiske et al. 2015); however, when sites have a naïve 
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occupancy of 1, parameter estimates from an occupancy model and logistic regression are 

nearly identical (Sadoti, unpublished data and M. Kery, personal communication). 

Similarly, I considered the use of N-mixture models (Royle 2004) employing counts of 

males to allow the estimation of latent abundance. However, possibly due to 

unconsidered covariates (A. Royle, personal communication), in an initial analysis with 

an apparently predictive and highly parameterized model (K = 56) accounting for 

overdispersion, this model greatly underestimated lek attendance (mean = 16.4%, SD = 

8.7), a pattern observed in other studies (Joseph et al. 2009). Finally, with concerns about 

correlated error (within sites, years, or year-sites), I conducted an exploratory analysis 

using binomial generalized linear mixed models with various random effect structures 

(Zuur et al. 2009) but found they explained a negligible portion of variation in lek 

attendance.  

I built models in three stages. In the first stage, I built global models from 

covariates in the two variable groups. These global models included several interactions 

expected to be predictive of lek attendance; for example varying effects of survey date by 

lek size. Starting with these global models, I then used a covariate removal approach 

(a.k.a. backward selection) starting with covariates or interactions with the highest z-

values until the Akaike information criterion (Akaike 1974) adjusted for sample size 

(AICC; (Hurvich and Tsai 1989)) was minimized. While this approach has shortcomings 

(Fieberg and Johnson 2015), similar approaches have been suggested when model 

hierarchies are complex (Lebreton et al. 1992, Kéry et al. 2013). While there is debate on 

the appropriate number of observations (i.e., sites vs. surveys) for calculating AICC from 

AIC, I used the number of surveyed site-years as an intermediate value. 
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In the second stage, I created an additive and interaction model using the best 

models from stage 1, removing covariates as in stage 1 to minimize AICC. Finally, in the 

third stage, I constructed a candidate model set of survey and landscape models (from 

stage 1) and models built in stage 2. In the event more than one model had ΔAICC < 4, I 

averaged parameters following Burnham and Anderson (2002). 

Model assessment 

I used the Hosmer-Lemeshow goodness-of-fit test with the most complex model, 

which indicated no lack of fit (χ2= 123, P = 0.64). I validated models in the final 

candidate set using the area under the receiving operating characteristic (ROC) curve 

(AUC) statistic in which each observation (0 or 1) was compared to predicted lek 

attendance of each survey. The ROC curve is model sensitivity (related to errors of 

omission) plotted against 1 minus specificity (related to errors of commission) at multiple 

cut-off thresholds. An AUC of 0.7 to 0.8 indicates that a model provides acceptable 

discriminatory power (0.5 is expected by chance), an AUC of 0.8 to 0.9 indicates good 

discriminatory power, and an AUC > 0.9 indicates excellent discriminatory power 

(Fielding and Bell 1997, Hosmer et al. 2013). I calculated the leave-one-out cross-

validated AUC by iteratively withholding each observation, refitting the model, and 

predicting the withheld observation using its associated covariates. 

I expected inclusion of survey and landscape covariates to explain much of the 

spatial information in lek attendance of LPCH over time. Nevertheless, as there was 

overlap in the areas in which landscape covariates were assessed and due to generally 

frequent presence of spatial autocorrelation, I considered it important to inspect and 

address model residuals to avoid biases that may result if this dependence is ignored 
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(Dormann 2007, Zuckerberg et al. 2012). Applying methods developed for occupancy 

models, I calculated residuals at the level of the lek-year between 1 (the known 

occupancy in all site-year combinations) minus the estimated probability that lek 

attendance would be observed on at least one survey in the given lek-year. I calculated 

this probability, previously termed ijD̂  (Moore and Swihart 2005), as 

∏
=

−−
K

k

ijkp
1

)ˆ1(1 , 

where 
ijkp̂  is the predicted probability of lek attendance on each k survey of lek i in year 

j. The estimated occupancy of site i in year j, ijψ̂ , could be ignored in my calculation due 

to 100% occupancy across lek-years. I generated Moran’s I correlograms for each year 

having at least 15 surveyed leks with 3 km wide bins (from 3 km to one-half the 

maximum inter-lek distance of leks within that year) and used monte-carlo permutation 

tests based on 999 randomizations to assess significance of correlations with α levels 

corrected for the bin number (Legendre and Legendre 1998). As I found significant 

correlation in only one bin (6–9 km) among 39 bins (3%) within the five years having 

adequate lek numbers, I assumed sufficient independence of errors and that spatial 

autocorrelation introduced negligible bias. 

RESULTS 

After reducing leks and years to those with at least two years and leks 

represented, respectively, I employed 58 leks, 27 years, 229 unique lek-years, and 547 

surveys in models of lek attendance. An inadequate number of leks were available in 

1989 and this year was excluded. Mean predicted lek attendance was 80.2% (SD = 
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24.9%). Second-stage models revealed a number of survey covariates but few landscape 

covariates predictive of lek attendance. The best model in the final candidate set indicated 

greatest support (86.8% of Σwi) for including survey and landscape covariates (Table 6). 

Both this and the model without landscape covariates indicated acceptable discrimination 

(cross-validated AUC > 0.7) in predicting surveys with and without observed lek 

attendance.  

The year-effect covariate indicated varying lek attendance rates across groups of 

years (Table 7, Figure 3). The lek size index was a strongly predictive of lek attendance. 

There was a weak interaction (95% CIs bounded zero) between survey day and lek size 

such that larger leks had overall high attendance throughout the survey period, while 

attendance peaked on day 112 (April 22) in smaller leks. Longer-duration lek surveys 

were associated with higher attendance probabilities as were days with slower wind 

speeds. A predictive interaction between temperature and precipitation in the winter 

preceding surveys indicated higher lek attendance following warmer and drier or cooler 

and wetter winters. A predictive interaction between temperature and precipitation in the 

winter preceding surveys indicated higher lek attendance on leks in more treated areas 

following wetter winters or on leks in less treated areas following drier winters.  

DISCUSSION 

An understanding of factors contributing to heterogeneity in grouse lek attendance 

is critical to improving estimates of occupancy and population changes over time (Clifton 

and Krementz 2006, Walsh et al. 2010, Davis et al. 2014). By employing lek surveys 

across a 28-year period of a LPCH monitoring program, I examined the contribution of 

both survey-related and landscape-related factors expected to predict the probability of 
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lek attendance. By including only those lek-years with at least one attending male with 

the assumptions of (1) within lek-year population closure, (2) negligible heterogeneity in 

detection of males given attendance on leks, and (3) constant availability for lek 

attendance within a breeding season given at least one observation of lek attendance, I 

employed generalized linear models to model lek attendance in the LPCH. Nonetheless, a 

number of other approaches to modeling lek attendance are available and may be 

appropriate in other applications such as hierarchical models employing repeated count 

data (Royle 2004, Chandler et al. 2011) or other generalized linear (mixed) models using 

count or proportional responses (e.g., successes [males in attendance] vs. failures [males 

absent] assuming the reliability of maximum counts). 

The sole competitive model after two stages of model building and a final 

candidate model set indicated both survey and landscape covariates were important in 

fitting a model of lek attendance with an acceptable ability to discriminate surveys with 

lek attendance vs. those without lek attendance. These covariates clearly indicated that 

the probability of detecting at least one male was strongly—and predictably—attributable 

to the number of males associated with that lek in a given year. While I included this 

covariate largely to control for this density effect—for which this covariate provides an 

index and which is typically unknown during a given lek survey—an analysis using an 

alternate size index (based on the three previous non-zero counts) provided similar results 

(Chapter 4) and may be substituted in other applications to control for this effect.  

While the inclusion of covariates describing the previous winter’s weather and the 

degree to which the lek vicinity was treated by herbicide improved model fit, the most 

predictive covariates were those associated with decisions made by lek surveyors. 
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Despite early assertions  (Jackson and DeArment 1963, p. 734) that “the number of males 

using a [lek during April] is relatively stable from day to day, and repeat counts are 

seldom necessary”, the importance of multiple visits to leks during the breeding season to 

determine the status (active vs. inactive) or a count more reflective of the total number of 

males attending in a given year has been noted for LPCH and other grouse (Walsh et al. 

2004, Johnson and Rowland 2007, Niemuth 2011).  

While the analysis of counts of attending males was not a focus of this chapter, 

similar conclusions about count stability were made by Garton et al. (2011) concerning 

Greater Sage-grouse. In one analysis of lek-years with four or more visits, the maximum 

count was rarely over 4% of the second-highest count (Garton et al. 2011). In 43 LPCH 

lek-years between 1971 and 2013 in eastern New Mexico with two or more non-zero 

counts among four or more surveys, I found maximum counts were, on average, 18.3% 

(SD = 17.7) higher than second-largest count. These maxima were greater than 4% in 

79.1% of lek-years. Similarly, in a preliminary analysis of 12 lek-years with at least 12 

surveys (primarily made during trapping visits), 90% of the within-year maxima was only 

achieved, on average, after seven surveys (Sadoti, unpublished). Of potential interest in 

this subset of counts is the correlation (r = 0.85) of the maximum count observed after 

two visits and that observed after 12, suggesting—at least for larger leks (range of 

maxima: 10–23)—that two surveys may be adequate for deriving a more reliable count 

index from a limited number of surveys. Underlying these lek statistics are individual 

rates of lek attendance, and a local study of LPCH indicated per-visit rates of male 

resighting on leks may approach 90% (Behney et al. 2012). This statistic, however, 

represented only six of 19 of males captured, and the remaining 13 (mostly yearling) 
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males were not resighted despite at least 15 lek revisits and extensive searches in the area 

of leks (A. Behney, personal communication). It is unclear whether these birds dispersed 

to other (likely satellite) leks, died, or remained undetected in the vicinity of sites.  

While parameter estimates indicated the probability of lek attendance continued to 

rise beyond the maximum estimated survey duration in my survey subset (1.5 hours), the 

linear fit of (log-transformed) estimated survey duration indicated probabilities of 

attendance began leveling off after 10 minutes. The probability of lek attendance at this 

10-minute mark was 56% (a probability of 82% was predicted after an hour); depending 

on the number of repeat visits to a lek and the need to survey other additional leks, it may 

be more appropriate to make multiple, shorter-duration surveys. For example, in the 

survey subset considered here and assuming mean conditions of other covariates, two 10-

minute surveys would result in an estimated 81% probability of lek attendance (1 – (1 – 

0.56)2) similar to a single 1-hour survey (82%). Two or three 5-minute surveys 

(probability of lek attendance = 46%) would result in an estimated 71% or 85% 

probability of lek attendance. 

While repeated visits to leks (or some subset) allow estimation of lek attendance 

probabilities and improve lek attendance probabilities more efficiently (travel time and 

effort notwithstanding), in some cases they may be impractical. Regardless of whether a 

minimum of two visits per lek per year can be achieved, I offer suggestions to improve 

accuracy in determining lek activity (used or unused) in a given year. First, I suggest 

caution in initiating surveys during March if subsequent visits are not possible during 

April or May. This is particularly germane to surveys of leks that are historically smaller 

in size, which are more likely to show a “humped” relationship with attendance peaking 
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in late April. As in any species with a large latitudinal range (approximately 32–39 

degrees in the LPCH), location-specific phenology will vary across the LPCH range. 

Second, as predicted lek attendance showed a nearly 50% decline between the range of 

daily estimated wind speeds in my sample (2–9 m s-1), I suggest surveyors take advantage 

of low-wind days to survey as many leks as possible. Finally, while outside the control of 

those coordinating or conducting lek surveys, I recommend surveyors consider the effects 

of landscape characteristics and weather in the preceding winter on lek attendance. 

Interacting conditions such as dry, cold winters may depress lek attendance probabilities 

in the following spring. Surveys may compensate for conditions in these years with 

additional survey efforts (e.g., longer or more frequent surveys). 

I included only traditionally-attended leks in my analysis as attendance of 

individuals on satellite leks may result from immigration to (attendance) or emigration 

from (non-attendance) the lek vicinity (Haukos and Smith 1999). Similarly, off-lek 

mating documented in Greater Sage-grouse (Gibson and Bradbury 1987) may also occur 

in the LPCH (Crawford and Bolen 1976b) and could bias lek attendance and estimated 

relationships with covariates. Lek attendance is, however, just one source of 

heterogeneity in detection that—depending on the design of the monitoring program and 

any analysis—may contribute to biased estimates from lek surveys. One of the largest 

contributors to the imperfect detection of lekking grouse—and arguably the largest 

challenge in employing lek surveys to estimate grouse populations—is that leks may not 

be discovered despite the presence of birds on or in the vicinity of the lek (Applegate 

2000, Johnson and Rowland 2007). Additionally, potentially inconsistent delineation of 

leks, such that “lumping” or “splitting” leks by the distance between males, may result in 
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biased estimates (Johnson and Rowland 2007). Sampling frameworks focused less on 

leks and more on standardized spatial units have been suggested and recently 

implemented in an attempt to address these and other potential biases (Johnson and 

Rowland 2007, McRoberts et al. 2011, McNew et al. 2012, McDonald et al. 2014). 

Additional, intensive study is needed to disentangle individual-specific attendance 

rates underlying the probability that lek surveyors following standard monitoring protocol 

will encounter lekking males (assuming presence in a year and association with a given 

lek). This is likely to be best addressed in a multi-season study using a combination of 

intensive mark-resight efforts and individual measurements (e.g., age, body condition) as 

in Behney et al. (2012) expanded to a larger set of leks in a metapopulation. In addition, 

randomization in survey dates, morning survey times, weather conditions, and survey 

durations are needed to better understand how surveyor choices influence inference from 

lek surveys. Lek surveys, while providing imperfect indices of occupancy or abundance, 

continue to be employed in population estimation under the implicit assumptions of 

constant lek attendance or that heterogeneity in lek attendance rates are either negligible 

or addressed by a given survey protocol (Garton et al. 2011). Arguably, the most robust 

approaches to estimating populations through time will integrate detailed estimates from 

local studies of lek attendance, survival, and reproduction with long-term lek survey data 

to maximize the utility of both data types (Davis et al. 2014). Future approaches 

employing these methods and those in development will undoubtedly benefit from 

accounting for factors affecting lek attendance.  
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Table 5. Survey and landscape covariates used to model Lesser Prairie-chicken lek 
attendance in eastern New Mexico, 1984–2011. 
 

   Standard deviation 
Covariate Description Mean All Across 

years 
Across 

sites 
size Lek size indexa 11.0 7.4 5.7 6.1 

Survey      
day Julian day of lek survey (d) 95.4 14.5 13.3 13.3 
time Sunrise-relative survey start time 

(h) 
-0.54 0.61 0.56 0.58 

duration Estimated survey duration (h) 0.30 0.19 0.18 0.17 
wind Average daily wind speed (m s-1) 4.6 1.42 1.34 1.30 
stemp Estimated temperature at time of 

survey (C) 
4.4 4.3 4.1 4.0 

Landscapeb      
hab Site area in habitat (shrub, 

tallgrass, or midgrass) (%) 
89.4 4.3 — 4.1 

shrub Site habitat area in shrub (%) 83.5 10.1 — 9.4 
treat Site area treated with herbicide in 

all previous years (%) 
23.6 18.8 8.2 17.1 

burn Area burned in previous two 
years (%) 

3.9 15.9 13.9 9.7 

temp Temperature anomaly in previous 
winterc (°C) 

0.05 1.03 0.91 0.04 

precip Precipitation anomaly in previous 
winter (cm) 

0.67 4.34 3.89 0.20 

 
a. The maximum count observed on a lek in the given year. Values were log-

transformed during modeling. 
b. Landscape variables were calculated over the 3.2-km radius area (32 km) 

surrounding leks. 
c. Anomalies were calculated as the difference between temperature or precipitation 

in the preceding November to February and 30-year averages (1982–2011). 
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Table 6. Candidate set of generalized linear models predicting lek attendance by Lesser 
Prairie-chickens (LPCH) in eastern New Mexico, 1984–2013. Lek attendance was 
predicted by a constant, survey and landscape characteristics, and their combinations. 
Covariates are described in Table 5. AUC is the cross-validated (leave-one-out) area 
under the receiver operating characteristic curve. 
 

Model Model details K AICC ΔAICC wi AUC 
null — 1 567.267 59.033 0.000 0.000 
year & size year+size 6 522.607 14.374 0.001 0.688 
survey year+size+day+day2+dur+wind+ 

size:day+size:day2 
 

12 512.028 3.795 0.130 0.716 

landscape year+size+temp+precip+treat+ 
temp:precip+precip:treat 

11 522.184 13.951 0.001 0.687 

survey+ 
landscape 

year+size+day+day2+dur+ 
wind+size:day+size:day2+ 
temp+precip+treat+ 
temp:precip+precip:treat 
 

17 508.233 0.000 0.868 0.715 

 
a. An AUC less than 0.5 may result from cross-validation. 
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Table 7. Parameter estimates from the only competitive model of Lesser Prairie-chicken 
lek attendance in Table 6. Covariates were scaled (mean = 0, SD = 1) to allow easily 
comparison of relative effect sizes associated with each covariate (Estimate column). 
Also included are odds ratios from a model in which variables were centered on zero, but 
not scaled nor transformed. This provides a clearer indication of effect sizes (changes in 
probability of lek attendance) associated with one-unit increases in each covariate. For 
example, the odds ratio of 1.067 associated with the lek size index (size) indicates a 6.7% 
increase in the odds of lek attendance associated with each additional male associated 
with a given lek in a given year. Values in bold indicate 95% confidence intervals of 
parameter estimates did not include zero. 
 

   Odds ratios 

Covariate Estimate SE 
Mean Lower 

95% CI 
Upper 

95% CI 
intercept  0.630 0.320 2.085 1.122 3.875 
year1991–1994 1.007 0.459 2.589 1.070 6.264 

year1995–2001 0.468 0.385 1.324 0.641 2.735 
year2002–2006 1.638 0.531 4.205 1.539 11.490 

year2007–2011 1.071 0.594 2.511 0.816 7.727 
sizea 0.487 0.146 1.067 1.014 1.123 

day 0.318 0.144 1.025 1.002 1.048 

day2 0.013 0.114 1.001 0.999 1.002 
durationa 0.368 0.144 5.661 1.095 29.262 

wind -0.278 0.122 0.842 0.714 0.993 

temp 0.122 0.164 1.137 0.836 1.547 
precip -0.089 0.158 0.975 0.908 1.046 
treat 0.023 0.117 1.000 0.988 1.012 
size:day -0.228 0.139 0.999 0.996 1.003 

size:day2 0.254 0.110 1.000 1.000 1.000 

temp:precip -0.428 0.170 0.913 0.849 0.983 

precip:treat 0.222 0.125 1.003 1.000 1.006 

 
a. The lek size index and the estimated survey duration were log-transformed in the 

final model. Raw (non-transformed) variables were employed to generate odds 
ratios  
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Figure 3. Relationships between the probability of lek attendance and covariates in the 
only competitive model predicting Lesser Prairie-chicken lek attendance in Table 6. 
Linear relationships are plotted using the intercept estimated for 1984-1990.  
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CHAPTER 4. EMPLOYING LONG-TERM, IMPERFECTLY-COLLECTED 

MONITORING DATA TO MODEL DYNAMIC SPECIES DISTRIBUTIONS 

INTRODUCTION 

The growth in biological monitoring programs has been important in identifying 

management-critical patterns such as species distributions, richness, and population sizes 

(Yoccoz et al. 2001). Unfortunately, data from monitoring programs may suffer from a 

number of critical shortcomings including the lack of a clear research question, poor 

survey design or data management, changes in scope due to limited funding, and changes 

in personnel over time (Lindenmayer and Likens 2010). When monitoring rare or at-risk 

species (e.g., endangered, threatened, or vulnerable), these issues may be compounded by 

inconspicuous behaviors, limited distributions, and low densities, resulting in inadequate 

representation (De Cáceres and Brotons 2012). Unfortunately, even with more robust 

estimates (e.g., population size) from targeted monitoring programs (De Cáceres and 

Brotons 2012), issues associated with sampling rare or poorly-detected species 

(Thompson 2004) may compromise the utility of data produced by these programs (Noon 

et al. 2012, Soto Navarro et al. 2012, Andersson et al. 2015). While the potential biases in 

estimates of any ecological response resulting from poor survey data are of concern, 

when applied to rare or at-risk species they may (1) lead to potentially disastrous policy 

decisions or (2) limit the ability to understand past processes such extinction (Martin et 

al. 2007, Rivadeneira et al. 2009). 

Imperfect detection 

Of particular importance in any monitoring program is the issue of imperfect 

detection (Dorazio 2007, Kéry and Schmidt 2008). Whether raw or indexed counts of 
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individuals, species, or numbers of occupied locations are employed directly or in 

predictive models, it is commonly assumed that detection probabilities are constant over 

space and time (Yoccoz et al. 2001). While increasingly recognized as a source of 

potential bias in monitoring program data (Bas et al. 2008, DeWan and Zipkin 2010), this 

assumption is likely to be violated by any number of site- and survey-level characteristics 

inducing heterogeneity in the observation process (Chen et al. 2013, Kellner and Swihart 

2014). These violations result in observation (e.g., detection) and state processes (e.g., 

colonization) that may be confounded to a degree that is often impossible to assess with 

many long-term species monitoring programs initiated prior to (and many after) the 

development of maximum likelihood- or Bayesian-based hierarchical modeling methods 

accounting for imperfect detection (MacKenzie et al. 2006, Royle and Dorazio 2008, 

Zipkin et al. 2010). Unfortunately, implicit or explicit assumptions of constant detection 

may have undesirable results such as (1) underestimated species distributions, abundance, 

or diversity measures (2) overestimated changes in these state variables, (3) biased 

estimates of environmental covariate relationships, and (4) systematically biased model 

predictions (Tyre et al. 2003, MacKenzie et al. 2006, Kéry 2010). 

Species distribution models 

One of the most common applications of biodiversity monitoring data is in 

species distribution models (SDMs) (Brotons et al. 2007, Sardà-Palomera et al. 2012). 

Whether accounting for imperfect detection or not (Rota et al. 2011, Lahoz-Monfort et al. 

2014), SDMs built from monitoring program data typically employ environmental 

covariates to predict occurrences and non-occurrences at surveyed locations and, 

subsequently, non-surveyed locations (Guisan and Zimmermann 2000). Important for 
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species management, the conservation of biodiversity, and ecological forecasting (Guisan 

and Thuiller 2005, Peterson et al. 2011), SDMs have exploded in popularity, their utility 

cemented by a staggering volume of applications (1) across a wide number of taxa in 

terrestrial and aquatic systems and (2) employing a growing number of statistical 

approaches (Guisan and Zimmermann 2000, Scott et al. 2002, Guisan and Thuiller 2005, 

Elith et al. 2006, Merow et al. 2014). In the last decade, a spectrum of SDM approaches 

from correlative to mechanistic has emerged (Buckley et al. 2010). A growing number of 

process-based or “hybrid” approaches employ environmental covariates in models 

developed with a priori hypotheses related to demographic processes underlying 

distributions (Kearney and Porter 2009, Franklin 2010, Dormann et al. 2012).  

A central challenge, however, in developing mechanism-informed, yet static 

SDMs is addressing the assumption that a species is in pseudo-equilibrium with its 

environment (Guisan and Thuiller 2005, Elith and Leathwick 2009). While perhaps 

adequate for many applications, assumptions implicit in applying SDMs often include 

unlimited dispersal abilities and stationary responses (e.g., colonization or extinction) to 

predictive covariates under projected environmental scenarios (Araújo and Pearson 2005, 

De Marco et al. 2008). These assumptions have drawn sometimes intense criticism 

(McShea 2014) and are more likely to be violated under scenarios of environmental 

perturbations and population declines often common to rare and at-risk species (Václavík 

and Meentemeyer 2012). Increasingly, the application of dynamic species distribution 

models (Mieszkowska et al. 2013)—a term describing a number of similar approaches 

(MacKenzie et al. 2003, Royle and Kéry 2007)—allows more robust predictions of 
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distributions in space and time (usually) conditional on starting state and any number of 

demographic or environmental conditions affecting transition probabilities. 

While addressing imperfect detection is increasingly recognized as useful in 

improving inference from SDMs, the integration of climate, disturbance, and other 

drivers of demography is well-known to benefit our understanding of past species 

distributions and predicting those in the future (Travis 2003, Opdam and Wascher 2004, 

Brook et al. 2008, Mantyka-Pringle et al. 2012). Integrating these processes in a dynamic 

SDM is challenging due to an often poor understanding of demographic processes 

(Mieszkowska et al. 2013). However, the growing availability of environmental data over 

large areas has made more tenable the analysis of species occurrences with environmental 

data at mechanism-specific temporal and spatial scales (Bateman et al. 2012, Marion et 

al. 2012). A growing number of studies have used dynamic SDMs in this pursuit, 

revealing synergistic influences of landscape and climate on demographic processes that 

were previously poorly understood (Altwegg et al. 2008, Popescu and Gibbs 2009, 

Hamel et al. 2013, Eaton et al. 2014, Mustin et al. 2014, Santika et al. 2014). 

The dynamic distribution of the L 

I address the growing need to understand patterns and processes driving 

distributional dynamics of an imperfectly-monitored species by employing a multi-

decade dataset of lek surveys from a Lesser Prairie-chicken (Tympanuchus pallidicinctus, 

LPCH hereafter) metapopulation in eastern New Mexico, U.S.A. The LPCH is a non-

migratory grouse species of the North American southern Great Plains inhabiting grass-

shrub habitats. Their New Mexico range is dominated by shin oak (Quercus havardii 

Rydberg) and sand sage (Artemisia filifolia) shrubs, and big, little, and sand bluestem 
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grasses (Andropogon gerardii, Schizachyrium scoparium, and A. hallii, respectively) 

(Hagen and Giesen 2005). Substantial 20th-century declines in range and populations 

(Hagen and Giesen 2005) led to their 2014 listing as Threatened under the United States 

Endangered Species Act of 1973. Male LPCH aggregate in competitive displays on leks 

within visual and audible range of neighbors to elicit mate selection by females. SDMs 

have only rarely been built for this species (Jarnevich and Laubhan 2011, Dunn and 

Milne 2014) as have methods to address imperfect detection while modeling dynamic 

distributions (McNew et al. 2012). My approach in using sites with known lekking 

activity differs somewhat from generally-applied SDM approaches employing sampling 

locations with a random, stratified, or gridded arrangement, but can be considered as 

simply a more restrictive definition of availability for occupancy. Similarly, each year of 

LPCH monitoring data represents a sample (if non-randomly selected) analogous to a set 

of sampling locations employed in a static SDM. 

I was motivated to apply dynamic SDMs to LPCH lek survey data by (1) a 

general lack of attention given to large-scale and long-term effects of environmental 

variation on distributions in the species, (2) availability of a long-term, imperfectly-

collected data set of lek surveys from one of the more long-occupied parts of the LPCH 

range, and (3) a preliminary analysis of unadjusted lek activity data (G. Sadoti and K. 

Johnson, unpublished) suggesting distributional retractions in the last 30 years. Using 

models accounting for imperfect detection (more specifically, lek attendance; Chapter 3), 

my primary objective was to identify a parsimonious, dynamic SDM for the LPCH 

incorporating additive effects of (1) population indices, (2) land cover and disturbances, 

and (3) weather and climate. In addition, I hoped to quantify differences between 
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estimates of occupancy and occupancy dynamics from the dynamic SDM to those from 

raw presence/absence data assuming perfect detection and representative sample each 

year. Finally, I hoped to offer (perhaps cautionary) suggestions and future directions of 

analysis for other researchers employing imperfect monitoring data in dynamic SDMs. 

METHODS 

Lek mating and lek surveys 

LPCH are a lek-mating species in which males congregate at traditional sites 

(leks) to attract females. Most commonly observed in birds (Höglund and Alatalo 1995), 

lek-mating provides both a context for behavioral and evolutionary research (e.g., 

Vehrencamp et al. (1989)) and convenient locations for monitoring populations in species 

that may be elusive and inconspicuous outside of the breeding season. Studies of factors 

driving the abundance of lekking individuals or distributions of active leks have 

improved the understanding of species life histories, metapopulation process, and 

behavioral and evolutionary ecology (Loiselle et al. 2007, Alonso et al. 2012). This 

research has most commonly focused on grouse (subfamily Tetraoninae) populations, of 

which many species are in decline (Suárez-Seoane et al. 2008, Gregory et al. 2011, 

Hamilton and Manzer 2011, Jarnevich and Laubhan 2011, Zurell et al. 2012, Geary et al. 

2013, Knick et al. 2013).  

Lek-based surveys are commonly employed in grouse monitoring programs and, 

while their reliability has received criticism when employed in estimating populations, 

they are useful in estimating trends and distributions (Applegate 2000, Ellingson and 

Lukacs 2003, Walsh et al. 2004, Clifton and Krementz 2006, Johnson and Rowland 2007, 

Garton et al. 2011, Niemuth 2011, McDonald et al. 2014). One of the primary criticisms 
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of lek surveys is the typically implicit assumption of constant detection probability over 

space and time (Walsh et al. 2010). Improvements to survey protocol and modeling 

approaches have been suggested (Johnson and Rowland 2007, McRoberts et al. 2011, 

Timmer et al. 2013) to address heterogeneity in (1) the presence of individuals in an area 

(“site”) associated with a given lek, (2) lek attendance given presence within a site, and 

(3) detection given lek attendance (Riddle et al. 2010, Blomberg et al. 2013). 

Nevertheless, despite lek surveys offering a coarse demographic index relative to 

parameters such as nest success or brood survival, variation in counts from lek surveys 

over space and time may offer valuable insights to relationships between lekking species 

and their environment (Niemuth 2011). 

Study species 

Historically, LPCH were distributed over much of the southern great plains of 

North America from the states of Kansas, through eastern Colorado, western Oklahoma, 

northern and western Texas, to eastern New Mexico, where they continue to occupy 

grass-shrub habitats within a contracted range (Hagen and Giesen 2005). Activity is 

concentrated within 3.2 km of leks (breeding grounds) and nesting typically within 1.8 

km (Campbell 1972, Giesen 1994, Hagen et al. 2005b, Pitman et al. 2006a, Pirius et al. 

2013). Population fluctuations are common in the species (Johnsgard 1983) and, as in 

most grouse, demographic rates appear largely dependent on the success of nesting and 

brood rearing (Hannon and Martin 2006, Hagen et al. 2009). These demographic rates are 

highest where vegetative cover protects nests and birds from predation and (thermal) 

exposure (Riley et al. 1992, Johnson et al. 2004b, Patten et al. 2005b, Pitman et al. 2005, 

Davis 2009, Grisham et al. 2014); indeed, areas with higher vegetative cover are used 
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disproportionately for nesting and brood rearing (Giesen 1994, Bell et al. 2010, Hagen et 

al. 2013, Larsson et al. 2013). The vegetation structure of these areas also provides a 

critical abundance and variety of fruits, seeds and invertebrates (Riley et al. 1993, 

Jamison et al. 2002, Hagen et al. 2005b). In addition to disturbance and livestock grazing, 

vegetative cover (and invertebrate abundance tied to it)—providing protection and food 

for the LPCH (Campbell 1972, Riley et al. 1992, Giesen 2000, Pitman et al. 2005)—is 

largely influenced by precipitation (Jamison et al. 2002, Muldavin et al. 2008, Xia et al. 

2010). The longest seasonal movements of LPCH are typically less than 10 km 

(Campbell 1972, Riley et al. 1994, Pitman et al. 2006c), with largest distances during 

brood break-up (Pitman et al. 2006c) or spring lek selection when males are displaced by 

more dominant males (Haukos and Smith 1999). 

Intensive examinations of environmental drivers of LPCH demographics have 

largely focused on local patterns and processes less than a decade in duration (Riley et al. 

1992, Hagen et al. 2005a, Patten et al. 2005b, Pitman et al. 2005, Fields et al. 2006, 

Pitman et al. 2006a, b, Hagen et al. 2007, Davis 2009, Hagen et al. 2009, Lyons et al. 

2011, Grisham et al. 2013, Pirius et al. 2013, Grisham et al. 2014). Another suite of 

studies has employed long-term trends (or indices) in LPCH populations from lek survey 

data to examine temporal patterns (Jensen et al. 2000) and influences of precipitation and 

landscape characteristics (Giesen 2000, Woodward et al. 2001, Fuhlendorf et al. 2002, 

Dunn and Milne 2014). 

Lek count data set 

I employed a data set consisting of LPCH lek survey data collected from 1971 to 

2013 in eastern New Mexico, U.S.A. Surveys were primarily conducted by trained staff 
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of the Bureau of Land Management Roswell, New Mexico Field Office and were 

compiled and subjected to extensive error-checking by Natural Heritage New Mexico 

(University of New Mexico Biology Department) staff. Surveys were road-based 

(augmented by foot travel), targeted historically-active leks, and occurred between dawn 

and approximately two hours after sunrise each spring. Individual leks were often visited 

once per season (though sometimes over 40 times while trapping birds as part of 

demographic studies) for approximately 5 to 30 minutes where surveyors typically only 

counted displaying males.  

I limited my analysis to a 27-year subset (1985–2011) as this period had better 

data availability. I removed satellite leks (less than three sequential years of activity; 

Haukos and Smith 1999) as attendance at these leks likely reflected fluctuations in 

populations associated with nearby traditional leks (Schroeder and Braun 1992, Haukos 

and Smith 1999, Behney et al. 2012). After removing any surveys occurring before 

March 1 or after May 31 (to better capture the peak period of lekking and more safely 

assume population closure), trapping surveys (Chapter 3), or starting more than 2.5 hours 

after sunrise, I retained only (1) leks surveyed more than once in at least one year, (2) 

leks surveyed in at least four years. If the number of surveys at a lek in a single year 

exceeded four, I retained a random selection of four surveys. These steps resulted in a 

dataset of 2,771 surveys within 1,859 unique lek-year combinations among 138 leks. 

Each lek was surveyed at least once during a year in an average 13.5 out of a possible 27 

years (SD = 4.6, range = 4–26). Each lek was visited an average 1.5 times per year (SD = 

0.2, range = 1.1–2.2), corresponding to an average total 20.1 surveys (SD = 8.7, range = 

5–54) during the period. The mean number of leks surveyed per year was 68 (SD = 28, 
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range 9–105). I had concerns that survey data were not missing at random (MacKenzie et 

al. 2006) due to identifying 1,867 of 3,726 (50.1%) lek-year combinations as non-

surveyed and 1,143 of 1,859 (61.5%) surveyed lek-years as having only one survey. 

However, after removal of sites not meeting survey criteria, there was no correlation 

between mean annual naïve site occupancy (n = 138) and mean number of surveys (rs = 

0.08, P = 0.34), number of years sampled (rs = -0.14, P = 0.11), the first year of survey 

(rs = 0.03, P = 0.74), the year of first appearance in the data set (rs = 0.16, P = 0.07), or 

the number of available transitions (surveys in both year j–1 and year j at site i; rs = -0.10, 

P = 0.23).  

Occupancy modeling was applied previously to modeling the dynamic 

distribution of LPCH (McNew et al. 2012). Of contributors to the observation process, 

they focused on the probability of detection given a transect-based survey protocol 

employed. As the data set I employed consisted of known (historical or active) leks and 

as male LPCH are highly conspicuous while attending leks (Wolfe et al. 2007), I assumed 

that given the attendance of at least one male during the duration of survey, detection was 

virtually 100%. In turn, I assumed variation in the detection of males given presence in 

the lek area was due to availability for detection as dictated by lek attendance. There has 

been a long-standing interest in the variation in lek attendance (or “sightability”; Walsh et 

al. 2004) by prairie grouse (Emmons and Braun 1984, Dunn and Braun 1985, Schroeder 

and Braun 1992), with emerging recognition that attendance may be driven both by 

population processes (e.g., density dependence; Blomberg et al. 2013) and survey-level 

processes (e.g., survey time; Jenni and Hartzler 1978, Walsh et al. 2004, Drummer et al. 

2011). I employed a number of static and dynamic site-level covariates in modeling 
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occupancy and occupancy dynamics in addition to survey-level covariates expected to 

influence lek attendance. These covariates appear in Table 8 and are described in more 

detail below and in Chapter 3. 

Covariates 

In addition to survey covariates predictive of lek attendance (expanded from 

Chapter 3), I employed three groups of covariates (population indices, landscape, and 

weather) expected to influence initial occupancy and occupancy dynamics between years 

of monitoring. 

Population indices 

Common metapopulation processes (Hanski 1998) and dynamic SDMs (Brotons 

et al. 2012) suggested that the probability of local colonization and extinction of sites 

between year j and year j+1 would be driven in part by both local abundance and 

occupancy of neighboring sites in year j and possibly prior. Similar to a temporal 

autoregressive term employed in other time-series approaches (but currently limited to 

special monitoring designs in likelihood-based occupancy models; e.g., Hines et al. 

(2010)), I included an index of previous lek size calculated from the mean of the three 

previous non-zero log-transformed maximum counts within each lek. This index was an 

attempt to characterize the recent local abundance while removing zero counts possibly 

arising from non-attendance of occupied leks. I expected historically larger leks to exhibit 

higher colonization probabilities (given absence in year j) and lower extinction 

probabilities (given presence in year j). As shown previously in dynamic occupancy 

models (Bled et al. 2010, Sadoti et al. 2013), I expected the lagged naïve occupancy of 

sites (i.e., attendance at leks) within 10 km (a typical maximum dispersal distance (Dunn 
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and Milne 2014)) to influence occupancy by increasing the probability of colonization 

and reducing the probability of extinction. I used an inverse-distance-weighted percent 

occupancy index often employed in autologistic regression approaches (Augustin et al. 

1996, Klute et al. 2002).  

I used a weighted, three-year moving average of neighborhood effects on 

occupancy to account for the estimated age distribution of males on leks (Niemuth 2011). 

I used the yearling-to-adult age ratio (0.8:1.0 or 44% yearling males) observed by Haukos 

and Smith (1999) for leks older than 6 years, and an annual male survival rate of 0.39 

from Campbell (1972) adjusted for recapture rates by Hagen et al. (2005a) which 

indicated an estimated age distribution of 44% yearling males, 35% second-year males, 

and 14% third-year males. After scaling the total proportion of second and third year 

males (49%) to 56% (such that proportions of yearling, second, and third-year males 

totaled 100%), I weighted year j-1, year j-2, and year j-3 as 44%, 40%, and 16%, 

respectively, in averaging herbicide treatment and fire effects in previous years.  

Landscape 

I expected landscape composition to influence demographic processes and, in 

turn, local colonization and extinction. I employed a spatial land cover data set for the 

study area (Johnson et al. 2006) and an herbicide treatment data set created for the current 

study (Figure 4). I reduced classes in the land cover data set to shrub, perennial mid- or 

tallgrass prairie, and non-habitat. Shrub classes were dominated by shin oak while non-

habitat classes consisted of agriculture, barren areas (e.g., dunes, roads), and areas of 

mesquite (Prosopis glandulosa). Because most treatments occurred before the creation of 

this data set, I estimated the pre-treatment proportional cover in the three aggregated 
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classes using neighboring, untreated pastures (details in Chapter 3). I converted land 

cover class information to percent habitat (shrub and mid- or tallgrass) and calculated the 

proportion of habitat in the shrub class for inclusion in models. 

Herbicide treatments in parts of the study area and region employed Tebuthiuron 

(an herbicide targeting woody species) primarily in the 1980s and 1990s (Johnson et al. 

2006) with the goal of improving both range and habitat conditions, resulting in large 

latter-20th-century shrub cover reduction in the southern part of the LPCH range 

(Peterson and Boyd 1998, Bell et al. 2010). Unlike prairie fires, herbicide treatments may 

result in persistent loss of root-sprouting shrubs. There is general agreement that while 

open prairie areas are important for LPCH nesting, brood-rearing, and wintering 

(Crawford and Bolen 1976a, Cannon and Knopf 1981b), large-scale reduction of shrub 

cover may result in contracted local distributions (Johnson et al. 2004b), reduced 

reproductive success (Haukos and Smith 1989), and poorer body condition (Olawsky and 

Smith 1991) by reducing food sources and protective cover (Bell et al. 2010). Loss of 

shrub cover was the only significant land cover conversion discriminating declining vs. 

non-declining leks in Oklahoma, Texas, and New Mexico (Woodward et al. 2001). In 

partial contrast, Patten and Kelly (2010) found that herbicide-induced shrub reduction per 

se had minimal effect on LPCH nest survival, but did greatly reduce use of these areas for 

nesting, resulting in a “perceptual trap” that nevertheless may affect local distributions. 

In addition to herbicide treatments, prairie fires may have notable, if relatively 

short-term effects on vegetation in the region (Peterson and Boyd 1998). The most 

immediate impacts are an overall reduction in vegetation cover despite increases in forbs, 

followed by denser shin oak stands (where affected) in the second to third year following 



70 
 

fire due to root-sprouting (Peterson and Boyd 1998, Boyd and Bidwell 2001). While the 

effects of fire on LPCH are not well-documented (Cannon and Knopf 1979, Boyd and 

Bidwell 2001), I suspected negative impacts in the immediate years following fire in the 

form of avoidance (Patten et al. 2007) and potentially higher nest and brood predation 

due to cover reductions. Because fires were rare in the study area and period, I reduced 

fire effects to greater than or less than a nominal threshold (10%) within 3.2 km of leks in 

years preceding counts. I selected this threshold after inspecting the distribution of areas 

burned. 

While remotely-sensed approaches to quantifying landscape change in this region 

and elsewhere have been successful via spectral or object-based approaches (Stow et al. 

2008, Dzialak et al. 2013) my efforts to automate change detection were hindered by the 

year-varying asynchrony in shin oak leaf-out and herbaceous vegetation green-up which 

was further confounded by varying livestock grazing times, locations, and intensities. As 

such, I manually delineated treatments and prairie fire perimeters from Landsat TM 5 

normalized differential vegetation index (NDVI) images (see Chapter 3 for additional 

details). As with neighborhood effects, I generated weighted, three-year moving averages 

of herbicide treatment and fire. Due to the rarity of fires (95.1% of site-years were 

unburned) and resulting model convergence issues, I generated a two-category covariate 

of burn area from the continuous covariate (less than 10% vs. greater than 10%) 

following an exploratory analysis using 10% increments. 

Roads and other human infrastructure have been associated with LPCH mortality 

or habitat avoidance (Pitman et al. 2005, Wolfe et al. 2007, Pruett et al. 2009). The study 

area is divided into fenced pastures and is also impacted by oil and gas developments 
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(generally in the northern one-third) established primarily preceding the period of 

interest. While there was a near-absence of transmission lines, and I lacked sufficient 

information about fence locations or the status of oil or gas wells (e.g., active or inactive 

in a given year), I used a 2011 road data set (TIGER www.census.gov/geo/maps-

data/data/tiger-line.html) to quantify the total length of all primary and secondary roads 

within 3.2 km of leks. While some roads were likely built and others abandoned during 

1985–2011, I assumed road densities were relatively constant. 

I suspected land cover composition, herbicide treatment, road density, and fire 

(and their interactions) were components of habitat quality and would indirectly influence 

male lek attendance by affecting male condition and risk perception (Wolfe et al. 2007). 

As herbicide treatment has been linked to degraded body condition (measured by lipid 

levels) in LPCH (Olawsky 1987), and as lekking is an energetically demanding activity 

for male LPCH (Wolfe et al. 2007) and other grouse (Vehrencamp et al. 1989), I 

expected land cover indices, fire in the two preceding years, and cumulative or prior-

season acute herbicide treatment levels preceding lek surveys to affect lek attendance. 

Inter-annual weather 

The effects of weather—generally indirect—on LPCH demographics have been 

well-established (Giesen 2000, Grisham et al. 2013). Drought and correlated high 

temperatures were implicated in declines in Texas in the mid-1950s (Jackson and 

DeArment 1963). Greater vegetation cover is associated with higher nest success, 

recruitment, and survival (Patten et al. 2005b, Hagen et al. 2007), but the degree to which 

the amount and timing of precipitation contributes to enhancing protective cover and food 

supply (Riley et al. 1993) is confounded with temperature, grazing, previous herbicide 
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treatments, and other site conditions (Hagen and Giesen 2005). The study area region 

receives most precipitation in the summer months during the North American Monsoon, 

but soil moisture during the growing season (April–October) is linked most closely to 

winter precipitation (Inouye 2006, Boal et al. 2014).  

Extremely cold weather conditions have been suspected in LPCH declines 

(Jackson and DeArment 1963, Woodward et al. 2001) and implicated in Greater Sage-

grouse (Centrocercus urophasianus) movement patterns (Connelly et al. 2011), though 

impacts on prairie grouse have been considered negligible by others (Kirsch 1974). On 

the opposite thermal extreme, air temperatures in excess of 37 °C for 5 subsequent days 

in May 2009 (with surface temperatures exceeding 50 °C) were linked to nest 

abandonment (Boal et al. 2014, Grisham et al. 2014). Female nest attendance is critical to 

maintaining egg viability under these conditions, as is vegetative cover in regulating 

surface temperatures during nesting and brooding periods (Donaldson 1966, Bell et al. 

2010).  

I employed gridded monthly PRISM precipitation and temperature data at an 

approximate 4-km resolution ((Daly et al. 1997), downloaded 9/10/2013 from 

http://www.prism.oregonstate.edu/) to estimate monthly precipitation totals and, to 

simplify analyses, averages of daily mean temperatures (calculated as the average 

between daily maximum and minimum temperatures). Following previous analyses 

(Grisham et al. 2013, Dunn and Milne 2014), I aggregated monthly weather metrics into 

three seasons approximating biologically-relevant periods coinciding with lekking and 

nesting (March to May; “spring” hereafter), brood-rearing (June to October, “summer” 

hereafter), and wintering (November to February). I suspected both between- and within-
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site characteristics of weather (Chapter 2) would influence dynamics of the LPCH 

distribution. The former, between-site characteristics (seasonal temperature and 

precipitation averages over 30 years; 1982–2011) are synonymous with climate normals, 

while the latter (within-site deviations from normals) are synonymous with seasonal 

weather anomalies. Because 30-year averages of seasonal precipitation and mean 

temperature were highly correlated (most pairs with |r| > 0.8; Appendix 8), I first 

conducted a principal components analysis on scaled versions (mean = 0, SD = 1) of 

these six covariates (Appendix 10). I retained the first two components for inclusion in 

models as they captured a cumulative 99.5% of variance in the 30-year averages at each 

site. The first component was correlated with cooler temperatures and more precipitation 

(less in winter). The second component was correlated with wetter springs and winters. I 

subtracted mean values from observed (annual site-year) values to generate weather 

anomalies. All pairwise correlations among seasonal anomalies were |r| < 0.7. I used the 

average value within 3.2-km radius surrounding the lek and, for anomalies, a 3-year 

weighted moving window (as with neighborhood and landscape data) to characterize 

weather potentially contributing to the local LPCH occupancy response. I included 

interactions between temperature and precipitation within seasons as I suspected, for 

example, wetter and warmer springs could promote greater cover; bolstering reproductive 

success in the same year. I extracted mean temperature values within 3.2 km of leks from 

ASCII-format PRISM files using the raster package for R (Hijmans 2013). 
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Survey covariates 

I suspected lek attendance varied with survey date, time, duration (i.e., effort), 

wind, land cover, and an index of lek size. Detailed descriptions of these covariates and 

their calculation can be found in Chapter 3.  

Modeling 

I employed multi-season occupancy models (MacKenzie et al. 2003) to 

characterize the dynamic distribution of LPCH. These models are hidden Markov models 

(MacDonald and Zucchini 1997, Kéry et al. 2013) in that (1) true occupancy of sites is 

not observed perfectly and (2) occupancy for any given site is a chain of states through 

time (Figure 5). These models estimate parameters using data available for each model 

component; e.g., colonization and extinction are estimated from sites surveyed in 

sequential years. They are also well-suited to lek survey data (in which a subset of lek-

year combinations are typically missing) under the assumption that data are missing at 

random. These models also generate estimates in instances of missing data when relevant 

predictor covariate information is available. I also considered the use of a similarly-

formulated, open-population abundance model (Dail and Madsen 2011) using observed 

counts of males on leks rather than binary attendance. I chose the latter for two reasons: 

(1) count data were previously found to be less reflective of LPCH population status than 

lek occupancy (Cannon and Knopf 1981a) and (2) preliminary analysis (Sadoti, 

unpublished) identified issues in explaining zero count data using detection covariates, as 

was reflected in low estimated detectability and unrealistically high estimated counts 

(Joseph et al. 2009).  
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I approached modeling in three stages. In stage 1, I constructed the most 

parsimonious lek attendance (p)-only model (initial occupancy, colonization, and 

extinction were predicted by intercepts). Relative parsimony was assessed from the log-

likelihood-calculated Akaike information criterion (Akaike 1974) adjusted for sample 

size (AICC; (Hurvich and Tsai 1989)). While the appropriate number of observations is 

unclear for calculating AICC from AIC (i.e., sites vs. surveys), I used the number of 

surveyed site-years as an intermediate value. Starting with a global model of all detection 

covariates correlated at |r| < 0.7, I sequentially removed covariates until the most 

parsimonious attendance-only model was achieved (Lebreton et al. 1992), re-adding 

earlier-removed covariates and retaining them if they improved the model (adapted from 

Kéry et al. (2013)). As in Chapter 3, this model included aggregated year effects on 

detection. 

In stage 2, I retained the most parsimonious lek attendance-only model and, for 

each of the three covariate groups (population indices, landscape, and weather), I 

identified the most parsimonious set of covariates predicting initial (1985) occupancy 

following those steps noted for lek attendance. Dynamic covariates (e.g., weather 

anomalies) employed in modeling initial occupancy were those predicting reproduction in 

the previous years. I retained covariates from the best occupancy-detection model and 

next modeled colonization following the previous steps. Finally, I retained covariates for 

the best occupancy-colonization-detection model and identified the most parsimonious 

set of extinction model covariates. Following Kéry et al. (2013), I also reversed the order 

of modeling colonization and extinction for each covariate group and identified the most 

parsimonious among either ordering of colonization and extinction model-building steps.  
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In stage 3, I constructed a final candidate set of models combining covariate 

groups. I removed covariates to generate the most parsimonious model for each additive 

combination of covariates as in previous stages. I used the most-supported model at this 

stage for inference about covariate relationships and other spatial and temporal estimates 

associated with lek attendance, site occupancy, and dynamics of LPCH distributions 

through time.  

Model fit, validation, prediction, and uncertainty 

To assess goodness-of-fit of the most complex model, I used a parametric 

bootstrap approach employing the χ2 statistic from 999 simulated datasets. To address 

concerns associated with missing observations when using this approach (MacKenzie and 

Bailey 2004), I aggregated observations to the site-year level and used (1) the naïve 

occupancy of site i in year j as the observed year-site state and (2) the model-predicted 

probability of at least one detection in site i in year j given the probability of occupancy   

( D̂ ) as the expected year-site state, where  

*ˆˆˆ
ijijij pψD = , 

ijψ̂  is the predicted probability of occupancy at site i in year j, and *ˆ
ijp  is the probability 

of LPCH lek attendance at least once in site i in year j as calculated by  

∏
=

−−
K

k

ijkp
1

)ˆ1(1 . 

This approach was originally suggested by Moore and Swihart (2005) and employed by 

others (Rodhouse et al. 2010, Rota et al. 2011, Sadoti et al. 2013) to quantify spatial 
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autocorrelation among model residuals at the level of the site- or site-year. Goodness-of-

fit statistics indicated no lack of fit in the most complex model (χ2= 1,307, P = 0.79). 

I validated models in the final candidate set using the area under the receiver 

operating characteristic (ROC) curve (AUC) statistic. The ROC curve is model sensitivity 

(related to errors of omission) plotted against 1 minus specificity (related to errors of 

commission) at multiple cut-off thresholds. An AUC of 0.7 to 0.8 indicates that a model 

provides acceptable discriminatory power (0.5 is expected by chance), an AUC of 0.8 to 

0.9 indicates good discriminatory power, and an AUC > 0.9 indicates excellent 

discriminatory power (Fielding and Bell 1997, Hosmer et al. 2013). Functions were not 

available for validation of multi-season occupancy models within the unmarked package, 

but I developed an R script (Appendix 5) to generate the leave-one-out cross-validated 

AUC for models by (1) iteratively removing all data associated with each site from the 

unmarked data frame associated with the model, (2) refitting the model without the site, 

(3) predicting estimates of survey-level p, site-level initial occupancy, and site-year-level 

colonization and extinction of the left-out site, (4) calculating projected occupancy in 

year j from MacKenzie et al. (2003) as  

)ˆ1(ˆ)ˆ1(ˆˆ 1111 −−−− −+−= ijijijijij ψγεψψ
, 

and (5) calculating ijD̂  for each model from *ˆˆ
ijij pψ  as above and (6) comparing ijD̂  to 

naïve occupancy for each site-year in which data was available (i.e., a lek was visited at 

least once).  

To generate predictions for each site and year and to assess the prediction 

uncertainty of the best SDM (Elith and Leathwick 2009), I developed a script employing 
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estimates and associated 95% confidence intervals of iψ̂ , 
ijγ̂ , and 

ijε̂  (Appendix 4). I 

approximated distributions of each site (or site-year estimates by transforming estimated 

means and 95% confidence intervals to the logit scale and calculating the standard 

deviation using the 68–95–99.7 rule where the difference between the logit-scale upper 

95% confidence interval and the logit-scale mean were assumed to represent two standard 

deviations. I simulated 1,000 chains by randomly drawing from each distribution, then 

back-transformed values to the probability scale, and finally calculated the mean and 

standard deviation of the 1,000 values for each site and year as a prediction and a 

measure of prediction uncertainty, respectively. 

Spatial autocorrelation 

I expected inclusion of environmental covariates and population indices to explain 

much of the spatial information in the distribution of LPCH over time. Nevertheless, as 

there was considerable site overlap in my data set, I considered it important to inspect and 

address model residuals for spatial autocorrelation to avoid biases that may result if this 

dependence is ignored (Dormann 2007, Zuckerberg et al. 2012). I calculated residuals 

from naïve occupancy in site i and year j minus ijD̂ . I generated Moran’s I correlograms 

for each year with 1 km bins (from 1 km to one-half the maximum inter-lek distance) and 

used Monte Carlo permutation tests based on 999 randomizations to assess significance 

of correlations with α levels corrected for the bin number (Legendre and Legendre 1998). 

As I found significant correlation in less than 1% of bin-years, I assumed sufficient 

independence of errors and that spatial autocorrelation did not bias estimates. 
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RESULTS 

Models 

The most-supported model of dynamic LPCH distribution included covariates and 

several interactions from each group (population indices, landscape, and weather; Table 

9). This model had over 300 times the support of the next best model, which included 

only covariates from population and weather covariate groups. When considering single-

group models, the most predictive covariates were those describing weather and climate, 

followed by population and landscape. Model accuracy as indexed by AUC improved 

substantially by the addition of covariates predicting lek attendance (from poor to fair), 

improving further (from fair to good in most in most cases) through the addition of 

population, landscape, or weather covariates predicting initial occupancy, colonization, 

and extinction.  

Estimates through time 

Lek attendance 

The mean probability of observing lek attendance was 64.0% (SD = 24.8%), 

contrasting with the naïve lek attendance of 78.5% among lek-year combinations with at 

least two surveys and at least one detection (SD=25.4, n = 261) (Figure 6). Predicted 

attendance probabilities varied strongly across years (Kruskal-Wallis χ2 = 583.9, df = 26, 

P < 1e-16, Figure 6).  

Occupancy and occupancy dynamics  

The probability of initial (1985) occupancy was 93.4% (SD =10.1%). The 

probability of colonization over all site-year combinations was 15.1% (SD = 19.4) while 

the probability of extinction was 14.6% (SD = 7.4, Figure 6). Projected occupancy over 
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all sites and years was 54.5% (SD = 26.4, Figure 6). Considerable differences in 

colonization and extinction probabilities between years suggested single-year pulses of 

predicted (if not always realized) colonization above an apparent baseline rate of less 

than 10% and multi-year periods of elevated extinction probabilities above an apparent 

baseline rate of approximately 10% (Figure 6). Variation within years indicated that 

colonization probabilities, when elevated, were predicted unevenly over the study area 

(Figure 6, Figure 7). Predicted extinction probabilities, when elevated, tended to be more 

consistent across sites. Despite overall higher predicted colonization probabilities, these 

dynamics resulted in predicted occupancy that was both declining and relatively 

consistent within years through most of the 1980s and 1990s, but showed both increasing 

occupancy and higher within-year variability through much of the 2000s. 

While raw estimates of naïve site occupancy from the annual subset of surveyed 

sites showed generally similar patterns to model-predicted estimates over time (Figure 6), 

the dynamic SDM indicated that annual estimates (% of sites occupied) were a mean 

10.9% higher (SD = 13.0) than naïve estimates. Differences between SDM-predicted 

occupancy dynamics and naïve estimates (when available) indicated both estimated 

colonization and extinction probabilities were slightly higher than naïve estimates 

(colonization: mean = 4.6%, SD = 17.8, extinction: mean = 2.3%, SD = 9.7). 

Uncertainty of prediction estimates—as measured by the standard deviation of 

simulated occupancy chains—was low (mean = 2.7%, SD = 2.3). The greatest 

uncertainty was in the first two years (Appendix 6). Model error, measured by the 

residuals between naïve occupancy (at least one detection) and predicted probability of at 

least one detection showed no clear patterns over time (Appendix 7), but are useful for 
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visualizing the availability of site-year data employed in models, annual survey effort, 

and spatial patterns of naïve site occupancy. 

Survey covariates 

Lek attendance probabilities were generally higher later in the March–May survey 

season, and predictive interactions between date and three other covariates were indicated 

(Table 10, Figure 8). Attendance at leks with a larger size index showed a weak 

relationship with survey date while attendance at smaller leks responded strongly to date. 

Attendance increased with (within-lek) survey duration; a relationship that was more 

pronounced later in the spring. Finally, lek attendance showed little response to (relative) 

within-lek wind speed later in the season but showed a strong decline with wind early in 

the season, possibly due to (negative) wind chill effects. Other covariates predictive of 

lek attendance included survey time (decreasing attendance with later surveys), winter 

temperature anomalies (increasing lek attendance associated with warmer winters 

preceding surveys), and recently burned area (lower attendance on leks with at least 10% 

of vicinity burned). Finally, interactions between the quadratic effect of proportional 

shrub cover and two covariates were predictive. Shrub cover interactions with previous 

herbicide treatment indicated overall uniformly high lek attendance when treatment area 

was low and high attendance at intermediate shrub cover levels (70-80%) when herbicide 

treatment was high. Interactions with winter precipitation anomalies indicated overall 

uniformly high lek attendance following wetter winters and high attendance at 

intermediate shrub cover levels (70-80%) following drier winters. 
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Site covariates 

Population indices 

Past neighborhood occupancy was only predictive of site extinction, with 

estimates indicating lower extinction probabilities in sites with higher neighborhood 

occupancy (Figure 11). The index of lek size was positively associated with initial 

occupancy (Figure 9) and predictive of lower extinction probabilities (Figure 11). 

Landscape 

While I found no relationships between landscape and either initial occupancy or 

extinction, colonization probabilities exhibited several patterns with initial estimated 

landscape conditions and subsequent herbicide treatments (Figure 10). Sites were more 

likely to be colonized with a greater area in habitat classes (shrub or mid- and tallgrass 

cover). Colonization probabilities were lower in sites with a higher proportion of habitat 

in shrub cover and a higher proportion of the total site area previous treated with 

herbicide (Figure 10). 

Weather and climate 

Site colonization and extinction probabilities exhibited relationships with weather 

anomalies and their interactions. Colonization was higher following years with warmer 

springs but this relationship varied with spring precipitation; years following drier springs 

had rapid increases in colonization probability when temperature anomalies were above 

zero, while years following wetter springs increased more gradually along a gradient of 

spring temperature. A weak association between spring precipitation and extinction 

indicated lower extinction following wetter springs. Colonization probabilities were 

strongly linked to summer precipitation and rose sharply following years with above-
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normal June–October precipitation. Finally, colonization was weakly associated with the 

first principal component of climate, indicating higher longer-term colonization 

probabilities in overall cooler sites having wetter springs and summers (Figure 10, 

Appendix 10).  

DISCUSSION 

The dynamic distribution of the Lesser Prairie-chicken 

Each of my final single-group candidate models had substantially greater support 

than a detection-only model accounting for variation in lek attendance. The most-

supported of models I considered indicated complex spatiotemporal responses in the 

distribution of LPCH to within-population and environmental attributes. As measured by 

a cross-validated index of model accuracy (AUC), most models provided good fits to 

observations. Rather than simply measuring a decline in occupancy over time (constant 

model: ε [0.14] > γ [0.08]), models considering processes associated with local 

populations, landscape attributes, and weather captured the spatiotemporal variation of 

this decline. Spatial SDM predictions (Figure 7) revealed patterns of sparser, more 

fragmented distributions in lower-occupancy years consistent with patterns observed in 

other species in decline such as butterflies (Wilson et al. 2004). 

Estimates of naïve occupancy were, as expected, lower than model-predicted 

occupancy in most years (Figure 6). Higher naïve occupancy may be due to the selection 

of leks on which males were more consistently observed in years in which survey effort 

(as measured by leks visited) was low (e.g., 1994 with only 9 leks represented in the 

analysis subset; Appendix 9). Naïve colonization and extinction estimates, while typically 

lower that those predicted by models accounting for imperfect detection, here showed 
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differences that varied across years. Most surprising were naïve estimates from years in 

which colonization or extinction were predicted to be high by the dynamic occupancy 

model (colonization: 1992–1994 and 2005, extinction: 1992 and 1997). Again, this 

appears to be driven, at least in part, by the selection of sites for surveys within years and 

the sequential site-years available for calculation of naïve estimates.  

A challenge in interpreting effects in any dynamic SDM is accurately attributing 

demographic processes to each effect. I employed a weighted temporal lag (decaying 

from year j–1 to year j–3) to generate spatiotemporally dynamic covariates as I expected 

local nesting success and recruitment to make the greatest contribution to changes in site 

occupancy. However, changes could also reflect dispersal by hatch-year birds and inter-

annual movement by adult males, if likely to a lesser degree (Pitman et al. 2006c). 

Consequently, colonization probabilities associated with land cover and weather 

covariates may reflect years of both higher recruitment of the local population (resulting 

in higher densities and male lek attendance) and site selection (immigration) by 

dispersing juveniles or site-switching males for (perceived) higher-quality sites. 

Likewise, extinction probabilities may reflect both lower recruitment and site 

abandonment (emigration) in response to site conditions. 

The difficulty of attributing cause to changes in species distribution aside, I 

identified several relationships with landscape and weather covariates suggested by 

previous analyses of lek monitoring data (Woodward et al. 2001, Fuhlendorf et al. 2002, 

Dunn and Milne 2014). The simplest linear relationships indicated higher colonization 

probabilities in sites that had more habitat, sites with a smaller proportion of habitat in 

shrub cover, a smaller area previously treated, and in years following warmer springs or 
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wetter summers. While winter and spring precipitation are more typically linked to 

vegetation responses in the region (Grisham et al. 2013), most forb and grass growth in 

the New Mexico portion of the shin oak vegetation community follows the start of the 

July–September North American Monsoon seasons (Peterson and Boyd 1998). With the 

exception of shrub cover effects, all are consistent with generally-expected 

metapopulation processes, and landscape and seasonal associations with nest success and 

recruitment in LPCH. As both shrub and grass-dominated areas are important for 

reproduction and survival; levels of proportional shrub cover in areas of habitat 

(minimum = 61.4%) may represent a more optimum balance. 

Extinction probabilities were consistent with expectations that higher 

neighborhood occupancy and a large lek size index would reduce the probability of site 

extinction. Finally, marginally lower extinction probabilities following springs with more 

precipitation are consistent with expectations of greater vegetative cover in these years. 

There was some contradiction with the effects of the spring precipitation on colonization, 

but only following warmer springs (and then having a high degree of error; Figure 10). 

Leks counts in hybrid SDMs 

Despite their application in past SDMs and apparent utility in this study, lek 

surveys have limitations. One of the most comprehensive reviews (Johnson and Rowland 

2007) presented many of these limitations in the context of Greater Sage-grouse and the 

estimation of population sizes. Perhaps the most fundamental challenge in using count or 

presence-absence data from leks—or any focal area in which a species is typically 

detected—is that not all of these focal areas are known. Despite years of high survey 

effort (e.g., observer-hours, number of leks surveyed), some leks are never discovered. 
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This likelihood is greater for a satellite lek with more ephemeral use, but is possible in 

smaller traditional leks for reasons such as accessibility due to terrain or proximity to 

roads from which many lek surveys and other monitoring programs are based.  

Secondly, even if nearly all leks are known in a given area (the probability of 

which generally declines with area), the number of leks surveyed in the context of a 

monitoring program is seldom comprehensive within a given year. In modeling dynamic 

distributions, this raises potential issues when transitions between year j–1 and year j 

(information needed—over time and space—to estimate colonization and extinction 

probabilities) of sampled leks are not representative of the population of (traditional) 

leks. This issue of missing data within sites is common to many monitoring programs, 

particularly when counts, presence-absence information, or other measures are employed 

in estimating population trends (Thomas 1996, Seavy and Reynolds 2007). I examined 

correlations between mean naïve occupancy of leks and several metrics I suspected could 

bias estimates associated with lek attendance, site occupancy, or occupancy dynamics 

over time (number of surveys within year, number of years surveyed, year of first survey 

in the data set, number of available transitions between years). While none was 

significantly correlated given my lek-inclusion criteria, there is no clear method by which 

to ensure between-year transitions for a sample of leks in a given year are representative 

of the (meta-) population. 

Thirdly, as leks may at times be poorly defined in space, at what distance do we 

determine that displaying males are using separate leks? Typically this is not an issue as 

leks are often well-defined by topography or vegetation (or lack thereof), but this 

potential issue remains relatively unexplored. In addressing some of these spatial issues, 
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Johnson and Rowland (2007) suggested a sampling framework using a sampling unit that 

measures activity at the scale of lek networks (e.g., both satellite and traditional leks). 

Finally, arguments have been made for sampling of occupancy independent—if at all 

possible given previous surveyor knowledge—of known leks as in McNew et al. (2012) 

and recently applied in aerial surveys (McRoberts et al. 2011, McDonald et al. 2014). 

However, for better or worse, existing sampling approaches in which known leks are 

targeted for sampling will likely continue in many areas. 

Spatial and temporal scale 

Issues of spatial resolution are also relevant to any hybrid SDM approach 

employing sampling locations, such as leks, that are focal areas within a larger area of 

seasonal or year-round activity. I used a fixed 3.2-km buffer around each lek to delineate 

areas expected to be of greatest influence on recruitment rates (Giesen 1994, Pirius et al. 

2013). However, even within the area influencing recruitment, nesting and brood-rearing 

locations may vary greatly. While weather likely affects these locations equally 

(microclimates aside), within-site differences in habitat (structure and composition) and 

land cover disturbance likely affect nesting and brood-rearing females (Applegate 2000). 

Fuhlendorf et al. (2002) attempted to address these issues in analyzing long-term lek 

count trends relative to landscape metrics within varying radii around leks. As any 

approach using circular radii around a lek (or other focal area) represents a simple 

approximation of areas influencing demographic rates underlying dynamic distribution 

patterns, other approaches employing weighted averages around leks from movement 

(e.g., radio or satellite telemetry) data to improve estimates of nesting or brood-rearing 

density around leks may help clarify relationships and improve models. 
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I did not make an assumption of equal contribution among leks within a 10-km 

buffer when calculating past neighborhood occupancy patterns and trends indexing 

metapopulation processes of dispersal, instead weighting leks by their inverse distance 

from the target lek. While this is a common autologistic approach (Augustin et al. 1996), 

the 10-km distance is based on information from a limited number of birds from a limited 

number of multi-year studies (Campbell 1972, Riley et al. 1994, Pitman et al. 2006c). 

Additional studies identifying dispersal rates and distances in LPCH and other species are 

critical to reliably incorporating these influences in dynamic SDMs (Brotons et al. 2012), 

and recently-developed Bayesian approaches to spatial occupancy modeling do not 

necessitate the use of a priori and potentially arbitrary dispersal neighborhoods (Chandler 

et al. 2015). 

While I assumed conditions within the 3.2-km area surrounding each lek 

contributed equally to patterns of dynamic distribution, I expected conditions in the areas 

during previous years to contribute unequally to occupancy patterns over time. My 

approach using annual weights (highest in year j–1, lowest in year j–3) was an 

approximation based on age ratios from a Texas study (Haukos and Smith 1999) and 

estimated survival from a historical study overlapping the study area (Campbell 1972) 

adjusted using information from a study in Kansas (Hagen et al. 2005a). This approach 

was based on the assumption that the underlying state of a site (number or presence of 

breeding-age males) in a given year reflected conditions affecting recruitment in the 

previous three years. Unfortunately, given the various locations, ages, and relatively short 

duration (< 6 years) of these and most studies, it is unclear how well my annual 

weightings reflected site-level processes. In addition to concurrent and local post-brood-
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breakup survival data, a more informed and robust approach to addressing lags in 

distribution patterns could be improved by (1) experimentally varying the weighting 

decay rate over years, potentially via an approach such as van de Pol and Cockburn 

(2011) or (2) incorporating year-varying survival rates when reliably estimable. 

Covariates 

Those engaged in modeling species distributions must weigh the advantages of 

employing possibly under-fit models that limit understanding of drivers shaping species 

distributions vs. possibly over-fit models that may either identify spurious relationships, 

lack transparency, or lack transferability to other areas (Merow et al. 2014). I chose a 

simplified set of environmental drivers from three groups (population indies, weather, 

and landscape features) and covariates approximating them to model the dynamic 

distribution of LPCH, yet I introduced model complexity by including within-group 

interactions and additive combinations of different groups. While I believe my models 

strike a balance between complexity and generality, I have no doubt that additional, 

alternately-calculated, or across-group interaction covariates could improve the predictive 

ability of my models. For example, weather indices capturing large-scale weather 

patterns such as the El Niño Southern Oscillation (ENSO) may more parsimoniously 

predict ecological responses than local or within-year effects of multiple weather 

covariates (Stenseth and Mysterud 2005). 

Population indices 

In considering neighborhood occupancy covariates as indices of metapopulation 

processes, I reiterate that this covariate was calculated from the naïve occupancy of sites 

associated with leks surveyed in the prior year(s) and is thus subject to (1) an unknown 
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degree of occupancy underestimation if I assume sampled leks accurately represent the 

population of all leks in the 10-km radius area, (2) an unknown degree of potential 

overestimation if sampled leks were larger or more stable than the population of known 

leks in the area. While I did not address these potential issues due to the (1) limitations of 

the maximum likelihood-based models I employed and (2) the varying annual (and 

within-year) survey effort in my data set, Bayesian models accounting for imperfect 

detection and incorporating autocovariates have been developed and increasingly applied 

in SDMs (Royle and Dorazio 2008, Bardos et al. 2015). My simple linear measures of 

distance and weighting also rely on an assumption of complete connectivity of sites 

across the heterogeneous landscape of my study area. In reality, animals may encounter 

resistance to movement from perceived or real costs and risks (Pullinger and Johnson 

2010). 

Landscape 

In considering landscape and habitat characteristics, there are several caveats and 

assumptions to highlight. First, the aggregation of initial vegetation information to the 

scale of the pasture was necessary under my approach to estimating historical vegetation 

in treated pastures. Unfortunately, this resulted in a loss of information about both 

composition and configuration of patches (e.g., edge density) that was predictive in other 

studies of dynamic distributions (e.g., Sadoti et al. 2013) and may be predictive in 

modeling dynamics of LPCH (Fuhlendorf et al. 2002).  

Second, I made several assumptions in quantifying areas of both recent and 

cumulative herbicide treatment, including (1) there was no herbicide treatment prior to 

1984, (2) all treatments had uniformly similar effects on demographics that ultimately 



91 
 

drive patterns of occupancy, and (3) cumulative treatment assumes shrub communities 

did not recover post-treatment. I could not be certain that any part of the study area was 

untreated before 1984. However, data provided by the Roswell BLM for a subset of the 

study area (T. Neville, personal communication) indicated no areas of treatment prior to 

1986. Regarding uniform effects of treatment, it was apparent from inspection of NDVI 

images that, while patterns of NDVI reduction—assumed to be due to aerial herbicide 

application (evidenced by striated patterns)—were qualitatively similar, these immediate 

reductions showed some differences in their intensity. Likewise, while the contrast in 

NDVI between most treated and neighboring untreated areas persisted for over two 

decades, some showed relative increases over time. Whether this reflected expansion of 

existing (if reduced) shin oak, establishment of other shrubs (e.g., mesquite), reduced 

grazing, or other factors augmenting the long-term greenness in pastures is unclear. 

Long-term monitoring of vegetation composition and structure is needed to improve 

quantification of herbicide treatments and recovery, though herbicide application has 

largely ceased in the study area. Data from a long-term change study (Dzialak et al. 2013) 

showed areas of expansion of the shin oak vegetation community between the 1998 and 

2011 classifications in areas treated in the 1980s. I recommend periodic monitoring of 

these areas and other habitats to improve the ability of dynamic distributions models to 

identify linkages between changing landscapes and changing LPCH distributions. 

Third, in examining effects of herbicide treatment, I make the implicit assumption 

that treatment equally affected all areas within pastures despite spatial configurations of 

sub-pasture shrub and grass areas that (judging from untreated areas (Johnson et al. 

2006)) were sometimes highly heterogeneous. This assumption could result in an 
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overestimation of the percent site area treated if an overlapping area of a site and treated 

pasture had little to no shrub cover relative to the (estimated) pre-treatment shrub cover 

of the entire pasture. A more robust quantification via image processing of Landsat (or 

other platform) imagery at annual intervals (beyond the decadal interval of (Dzialak et al. 

2013)) may better improve estimation of herbicide effects on shrub and other vegetation. 

Fourth, my use of fire as a covariate was simplified by (1) the conversion of area 

of burn to a binary burned (≥ 10%) vs. non-burned (< 10%) covariate and (2) focusing on 

immediate effects of fire with an expected negative site-level occupancy response. The 

first of these was necessitated by a failure of models to converge when area burned was 

treated as continuous (raw or log-transformed values). My decision to focus on 

immediate effects was made for consistency with other effects and to avoid potential 

issues with multiple fire covariates (i.e., fire in year j–1 and year j–2 vs. year j–3 and year 

j–4) given the three-year weighted average employed to account for the estimated age 

distributions of males. The role of fire intensity, area, and frequency on species 

distributions is of particular concern in many areas (Brotons et al. 2012) and the 

examination of fire effects on LPCH distributions (which was only predictive of lek 

attendance) warrants further investigation. In limited investigations of prescribed burn 

effects on lekking behavior, Cannon and Knopf (1979) observed abandonment of one of 

two leks in unburned areas and establishment of two new leks in newly-burned areas. 

Further study of the effects of fire on LPCH lekking behavior and demographic patterns 

are needed, and particularly along gradients of fire frequency and vegetation density.  

Finally, a potentially critical driver of dynamic occupancy patterns is the role of 

livestock grazing on LPCH distributions through time. While light grazing may increase 
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habitat heterogeneity to the benefit of LPCH (Applegate and Riley 1998, Fuhlendorf and 

Engle 2001), heavy grazing has been implicated in population declines and range 

contractions, particularly when coupled with shrub control treatments such as herbicide 

application (Jackson and DeArment 1963, Fuhlendorf and Engle 2001, Hagen and Giesen 

2005, Hunt and Best 2010). I detected the effects of grazing in qualitative differences in 

NDVI between Landsat scenes within seasons. However, these differences (typically in 

the spring) were often confounded with the timing of shin oak leaf-out which varies by 

year due to weather conditions and soil moisture (Peterson and Boyd 1998). Approaches 

to quantifying grazing impacts have been successful via remote sensing (Numata et al. 

2007) and may improve future dynamic distribution modeling of LPCH. 

Weather and climate 

I used covariates based on mean temperature and total precipitation in models 

primarily for simplicity when combined with the other factors driving dynamic 

distributions in the LPCH (population indices and landscape characteristics). With an 

analysis focused more or solely on weather and climate influences, it would be more 

practical to investigate the influence of average minimum or maximum temperatures as 

employed previously for LPCH and other species (Dunn and Milne 2014). Additionally, 

models employing temperature at higher temporal resolutions (e.g., daily or weekly) 

might better address demographic responses to extreme conditions such as heat waves 

than monthly means (Albright et al. 2011, Grisham et al. 2014). On the coarser end of the 

spatiotemporal spectrum, large-scale weather indices such as ENSO, while not predictive 

in an exploratory analysis of my data set (Sadoti, unpublished), were implicated in a 

long-term local LPCH demographic study (Grisham et al. 2013) and warrant further 
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attention. Finally, I employed multi-month weather covariates pooled by primary life-

history periods (breeding, brood-rearing, and winter) employed in previous studies. 

While these periods correlate with periods of primary seasonal weather patterns, 

temperature and rainfall may be more predictive of dynamic distributions if averaged 

over periods specific to vegetation growth (Grisham et al. 2014).  

Additional covariates 

Other covariates considered but not employed in this analysis may improve 

models of dynamic distribution in my study and elsewhere. I did not include year-specific 

effects of colonization or extinction commonly employed in multi-season analyses of 

distribution or population indices (Royle and Kéry 2007), as their inclusion caused model 

convergence problems possibly due to the sparse nature of the data set. While my use of 

other covariates varying primarily by year (e.g., weather) likely addressed much inter-

annual variation, year effects (often treated as random in mixed-effects models or 

Bayesian approaches) may account for noise masking important mechanisms underlying 

distribution dynamics of the LPCH and other species. I also considered the use of linear 

(or polynomial) year effects in predicting dynamic distribution (McNew et al. 2012) but 

did not identify any processes in this species or metapopulation to warrant their inclusion 

in models. 

In considering other potentially predictive landscape covariates, I did not employ 

measures of spatially-explicit disturbance quantified by LANDFIRE (www.landfire.gov), 

as my study period preceded this data set by over a decade. However, a preliminary 

inspection suggested strong agreement in areas of herbicide application during the mid-

2000s. Similarly, remote sensing data are available for my study area and period with 
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lower spatial resolution such as the 8-km, bimonthly Global Inventory Modeling and 

Mapping Studies (GIMMS) or the GLASS Leaf Area Index (LAI) data set (Tucker et al. 

2005, Xiao et al. 2014) and may potentially provide information on general vegetation 

dynamics predictive of LPCH demographics and their expression in spatial distributions. 

Finally, while the land cover data employed in my study quantified barren areas of 

disturbance, I did not include explicit quantifications of potentially impacting features 

such as oil and gas extraction operations. Most of these wells were established prior to 

my study period, however, a small percentage (approximately 5%) were established after 

1984. Unfortunately, available data from sources such as the New Mexico Energy, 

Minerals, and Natural Resources Department (http://www.emnrd.state.nm.us/) often 

lacked information on year of well establishment or, when available, was in disagreement 

with other data sources (B. Dunn, personal communication). Inclusion of well 

development characterization via remote sensing or manual digitizing may improve 

models of dynamic distributions in the LPCH. 

Conclusion 

The gap between correlative and mechanistic SDMs is increasingly bridged by 

approaches such as mine employing mechanism-linked covariates to predict presence or 

occupancy of organisms (Dormann et al. 2012). Multi-season occupancy models 

accounting for imperfect detection allowed me to address issues associated with missing 

data in years of reduced staffing budgets (common in long-monitoring data) by 

generating site-level estimates of occupancy and occupancy dynamics from available 

spatial data. By considering three groups of covariates—(1) local population processes 

indexed by neighborhood occupancy and lek size, (2) effects of landscape composition 



96 
 

and disturbances, and (3) seasonal weather anomalies and climate—measured over 1,000 

km2 and 27 years, I developed a dynamic, mechanism-based SDM from three decades of 

sparse monitoring data of a threatened grouse species.  

I assumed my sequential approach to model-building was reasonable given 

previous approaches, the covariates I considered, and the inherent complexity of the 

hierarchical model I employed. My best model received overwhelming support yet, as in 

any sequential model-building employing observational data, my best model may 

represent only one of many similarly-competitive, but unconsidered descriptions of the 

LPCH’s dynamic distribution (Elith and Leathwick 2009, Fieberg and Johnson 2015).  

While cross-validation indicated that the predictive ability of my final model was 

good within my period and area of interest (AUC > 0.8), model transferability is a 

considerable issue in species distribution modeling (Randin et al. 2006) and testing is 

needed in other areas of the southern, shin oak-dominated region of the LPCH range 

(e.g.. Texas) and possibly those populations beyond (e.g., Kansas). While not considered 

here, additional k-fold cross-validation approaches using gradients (e.g., latitude) or other 

groupings of sites within samples may offer a preliminary indication of the transferability 

elsewhere (Wenger and Olden 2012). Due to differences in climate (e.g.. seasonal 

precipitation), landscapes (e.g.. agriculture vs. rangeland), and possibly even reproductive 

strategies (Patten et al. 2005a), model modifications would likely be necessary. 

Additionally, when available both from eastern New Mexico and beyond, data from local 

demographic studies may be useful in validating the utility of dynamic SDM predictions. 

Similarly, SDM predictions from this study and others addressing detection in poorly-
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detected species may prove useful in improving population estimation via integrated 

population models (Schaub and Abadi 2011). 

I used estimates (primarily annual) of local population indices, landscape 

characteristics, and weather anomalies (and their interactions) as drivers of LPCH 

distribution from a study area with (1) a high density of annually-monitored sites within 

probable dispersal distances of my focal species, (2) detailed, published vegetation data, 

and (3) availability of remotely-sensed and spatially-explicit landscape and weather data. 

My approach, however, may be inappropriate or impractical in modeling the dynamic 

distributions of other species using monitoring or similar data. For example, while 

repeated biological atlases have been successfully employed in modeling dynamic 

distributions (Sadoti et al. 2013), the distribution of species known to exhibit high inter-

annual variation in abundance or distribution may be poorly predicted by inter-annually-

varying covariates (e.g., neighborhood occupancy, precipitation) given the typical 10-

year (or longer) interval between atlases. A similar challenge is presented by monitoring 

data in which sampled sites are separated by distances larger than typical dispersal 

distances. In this case, accounting for metapopulation processes may require more 

creative approaches than my use of neighborhood autocovariates.  

My approach to modeling the distribution dynamics of LPCH employed a diverse 

set of interacting covariates to predict long-term, imperfectly-collected monitoring data 

of imperfectly-observed occurrence. This approach provided both accurate predictions of 

past distributional changes and parameterization of relationships suspected but previously 

not shown at the spatial and temporal scale of my study. Regardless of how predictive 

and how informed by mechanism and process, my model, like any SDM built on past 
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observations, is a first step; the conservation of rare, threatened, vulnerable, and typically 

under-detected species necessitates forecasted distributions under projected climate and 

landscape change scenarios (Franklin 2010). Meeting the challenge of generating 

forecasts useful in conservation planning is formidable. However, by allowing the 

inclusion of imperfectly-collected, long-term monitoring data and by incorporating the 

products of climate scientists and landscape ecologists, dynamic SDMs can provide a 

valuable contribution to the conservation of endangered, threatened, or vulnerable 

species.  
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Table 8. Abbreviations, descriptions, and descriptive statistics of covariates employed in 
modeling multi-season occupancy of Lesser Prairie-chickens in eastern New Mexico, 
USA, 1985–2011. Survey covariates were those characteristics expected to influence lek 
attendance while population, landscape, and weather covariates describe characteristics 
within 32 km2 (3.2 km radius) of leks prior to initial occupancy or occurring between 
year j and j+1. All site covariates were weighted means of the three-year period prior to 
year j as I assumed most birds on leks were ≤ 3 years old and site occupancy was most 
reflective of nesting and brood-rearing conditions. Standard deviations are indicated for 
all site-year combinations (all), within sites (across years), and within years (across sites) 
when appropriate. 
 

   Standard deviation 
Covariate Description Mean All Across 

years 
Across 

sites 
Survey      

size Lek size indexa 8.7 5.1 3.3 5.0 
day Julian day of lek survey (d) 96.5 13.0 12.3 12.0 
time Sunrise-relative survey start time 

(h) 
-0.55 0.63 0.57 0.60 

dur Estimated survey duration (h) 0.25 0.16 0.15 0.14 
wind Average daily wind speed (m s-1) 4.6 1.5 1.5 1.4 
hab Site area in habitat (shrub, tallgrass, 

or mid-grass vegetation) (%) 
88.5 4.6 0.0 4.6 

shrub Site habitat area in shrub (%) 87.3 8.6 0.0 8.5 
treat Site area treated with herbicide in 

all previous years (%) 
27.9 21.6 10.2 20.6 

burn Area burned in previous two years 
(%) 

2.1 12.2 11.8 9.4 

road Total road distance (km) 24.3 11.1 0.0 10.9 
temp Temperature anomaly in previous 

winterb (C) 
0.11 1.06 1.04 0.04 

precip Precipitation anomaly in previous 
winter (cm) 

0.33 4.02 3.94 0.27 

Population      
Nocc Neighborhood site occupancy in 

previous yearsc (%) 
40.2 26.0 24.0 18.5 

I Lek size indexa 8.9 5.3 3.1 5.2 
Landscape      

L Site area in shrub, tallgrass, or 
midgrass land cover (%) 

88.1 5.0 0.0 5.0 

S Site area in shrub (% of L) 86.7 9.3 0.0 9.3 
H Cumulative site area in herbicide 

treatment (%) 
26.1 23.0 11.6 21.6 

B Area burned in previous two years 
(%) 

3.2 14.3 13.8 11.2 
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R Total road distance (km) 24.6 11.1 0.0 11.1 
Weatherd      

Tsp March–May mean temperature 
anomaly (°C) 

0.06 0.49 0.49 0.04 

Psp March–May total precipitation 
anomaly (cm) 

0.33 2.20 2.20 0.30 

Tsu June–October mean temperature 
anomaly (°C) 

-0.02 0.58 0.58 0.03 

Psu June–October total precipitation 
anomaly (cm) 

0.52 4.06 4.06 0.78 

Twn November–February mean 
temperature anomaly (°C) 

0.09 0.64 0.64 0.03 

Pwn November–February total 
precipitation anomaly (cm) 

-0.10 1.98 1.98 0.18 

C1 First principal component of 
climate 

0.00 2.26 0.00 2.26 

C2 Second principal component of 
climate 

0.00 0.92 0.00 0.92 

 
a. Calculated and employed in models as the mean of the log-transformed three 

previous non-zero counts at a given lek. Shown here in real units (males). 
b. Within-site (between-year) anomalies were calculated from 1982–2011 normals. 

Means depart from zero due to years represented in data set (1985–2011) and 
available survey data. 

c. Calculated from annual naïve occupancy (0 = no males observed, 1 = at least one 
male observed) of all leks within 10 km.  

d. Anomalies were calculated as observed values minus 1982–2011 site-specific 
means. C1 and C2 were calculated from scaled mean 1982–2011 values of each of 
the six weather covariates (mean = 0, SD = 1).  
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Table 9. Final candidate set of multi-season Lesser Prairie-chicken occupancy in eastern 
New Mexico, 1985–2011. Model components are detection (p), initial (1985) occupancy 
(ψ), colonization (γ), and extinction (ε). Covariates are defined in Table 8. AUC is the 
cross-validated (leave-one-out) area under the receiver operating characteristic curve. 
 

Model name Model details K AICC ΔAICC wi AUC 
Constant ψ(.),γ(.),ε(.),p(.) 4 2454.882 300.056 0.000 0.549 
Detection-only ψ(.),γ(.),ε(.),p(…)a 27 2264.509 109.683 0.000 0.773 
Population ψ(.),γ(Nocc),ε(Nocc+I), 

p(…) 
31 2213.333 58.507 0.000 0.791 

Landscape ψ(.),γ(L+S+H),ε(H), 
p(…) 

31 2230.680 75.854 0.000 0.782 

Weather ψ(Tsp+Psp+Tsp:Psp), 
γ(Tsp+Psp+Psu+Tsp:Psp+ 
C1), ε(Psp+Psu),p(…) 

37 2181.535 26.709 0.000 0.812 

Population + 
Landscape 

ψ(I),γ(Nocc+L+S+H), 
ε(Nocc+I),p(…) 

34 2198.432 43.606 0.000 0.797 

Population + 
Weather 

ψ(I+Psp),γ(Nocc+Tsp+Psp+
Psu+Tsp:Psp+C1), 
ε(Nocc+I+Psp+Psu),p(…) 

39 2166.306 11.480 0.003 0.812 

Landscape+ 
Weather 

ψ(Psp),γ(L+S+H+Tsp+ 
Psp+Psu+Tsp:Psp), 
ε(Psp+Psu),p(…) 

37 2167.338 12.512 0.002 0.817 

Global  ψ(I),γ(L+S+H+Tsp+Psp+
Psu+Tsp:Psp+C1), 
ε(Nocc+I+Psp),p(…) 

39 2154.826 0.000 0.995 0.817 

 
a. lek attendance, when modeled (p(…)), was the same in each model: 

p(year+size+day+time+durwl+durbl+wind+shrub+shrub2+treat+burn+temp+precip
+size:day+day:durwl+day:wind+treat:shrub+treat:shrub2+precip:shrub+precip:shr
ub2). 
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Table 10. Parameter estimates from the best model predicting the multi-season 
distribution of Lesser Prairie-chickens in eastern New Mexico, 1985–2011. Covariates 
are defined in Table 8. Covariate groups are population (P), habitat (H), and weather (W). 
All covariates were scaled to have a mean of zero and a standard deviation of 1. 
Parameter estimates with 95% confidence intervals not bounding zero are in bold. 
 

Group Covariate Estimate SE  Group Covariate Estimate SE 
Initial occupancy  Detection 

— intercept 4.730 2.059  — intercept 1.328 0.221 
P I 2.992 1.777  — year1991-1994 0.176 0.307 

Colonization  — year1995-2001 -0.778 0.277 

— intercept -2.829 0.305  — year2002-2007 0.853 0.310 

P L 0.712 0.216  — year2008-2011 0.170 0.300 
L S -0.391 0.212  — size 0.191 0.103 
L H -0.470 0.165  — day 0.267 0.082 

L Tsp 1.292 0.289  — time -0.458 0.086 

W Psp 0.523 0.221  — durwl 0.563 0.093 

W Psu 1.180 0.251  — durbl 0.775 0.115 

W C 0.333 0.204  — wind -0.179 0.086 

W Tsp:Psp -0.848 0.327  — shrub -1.087 0.411 

Extinction  — shrub2 0.387 0.110 

— intercept -1.896 0.126  — treat -0.012 0.119 

P Nocc -0.356 0.126  — burn -0.339 0.123 

P I -0.444 0.130  — temp -0.336 0.095 

W Psp -0.275 0.160  — precip 0.079 0.132 

     — size:day -0.211 0.079 

     — day:durwl 0.193 0.074 

     — day:wind 0.265 0.092 

     — shrub:treat -0.466 0.149 

     — shrub2:treat -0.422 0.110 

     — shrub:precip 0.138 0.114 

     — shrub2:precip 0.298 0.086 
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Land cover Shrub cover Grass cover Non-habitat Herbicide Fires 
 

Figure 4. Landscape data used in modeling the dynamic distribution of the Lesser Prairie-
chicken study area of eastern New Mexico, 1985–2011. Land cover data (Johnson et al. 
2006) was aggregated into three classes. Initial (1985) percent cover in each of these 
classes within herbicide-treated areas was estimated using neighboring, untreated 
pastures (methods described in Chapter 3). 
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Figure 5. Schematic of the multi-season occupancy model employed in modeling the 
dynamic distribution of the Lesser Prairie-chicken in eastern New Mexico, 1985–2011. 
Initial occupancy is estimated at the start of the chain. Figure adapted from Kéry et al. 
(2013). 
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Figure 6. Annual patterns of mean predicted lek attendance (a), site colonization (b), site 
extinction (c), and site occupancy (d). Error bars indicate the standard deviation of values 
within each year. Open circles represent naïve estimates from each year. In (a), naïve 
estimates were calculated from site-year combinations with at least two surveys and one 
detection. In (b) and (c), naïve estimates were calculated from the pool of leks also 
surveyed in the given and previous year. In (d), naïve estimates were calculated from the 
total number of leks surveyed in the year. Grey lines in (d) indicate estimated occupancy 
trajectories of each site. 
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Figure 7. Mean estimated site occupancy across the Lesser Prairie-chicken study area of 
eastern New Mexico, 1985–2011 from the best dynamic species distribution model. 
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Figure 8. Linear relationships between probabilities of lek attendance and covariates 
associated with past abundance, survey conditions, land cover, and weather in the 3.2-km 
radius of leks. Also shown are several interactions. In these plots, relationships at two 
levels of the interacting covariate are shown; mean minus 1 standard deviation (blue 
lines) and mean plus one standard deviation (red lines). Thin lines indicate 95% 
prediction confidence intervals. 
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Figure 7. (continued) 
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Figure 9. Linear relationship between the probability of initial (1985) occupancy and the 
index of lek size (mean of log-transformed three previous maximum non-zero counts).  
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Figure 10. Linear relationships between probabilities of site colonization and covariates 
describing proportion of sites (32 km2 circles centered on leks) in habitat (grass or shrub), 
of habitat in shrub cover, herbicide treatment, spring (March–May) temperature and 
precipitation anomalies, summer (June–October) precipitation anomalies, and the first 
principal component from a principal component analysis of mean weather conditions. 
Also shown are interactions between spring temperature and precipitation anomalies. In 
these plots, relationships at two levels of the interacting covariate are shown; mean minus 
1 standard deviation (blue lines) and mean plus one standard deviation (red lines). Thin 
lines indicate 95% prediction confidence intervals. 
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Figure 11. Linear relationships between probabilities of site extinction and covariates 
describing neighborhood occupancy, lek size, and spring (March–May) precipitation 
anomalies. Thin lines indicate 95% prediction confidence intervals. 
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CHAPTER 5. EPILOGUE 

For over a half century, ecologists relied on their understanding of natural history 

and a long-cultivated knowledge (and resulting literature) of the best practices for 

accurately determining the presence or abundance of species in a given time and space. 

The development of occupancy estimation and modeling was built from approaches 

developed earlier for generating estimates from marked and re-sighted individuals. The 

formal introduction of this approach and related tools offered ecologists, wildlife 

biologists, fisheries biologists, biogeographers, and others study unmarked individuals a  

tool to address that ever-nagging knowledge that—despite best practices—a count of zero 

individuals provided only absence of evidence and not evidence of absence. While not 

universally embraced, after a decade since the publication of MacKenzie et al. (2006) and 

over a decade since MacKenzie et al. (2002), occupancy estimation and modeling (and its 

variants) appear here to stay. 

Emergent with the widespread adoption of occupancy models is the perhaps 

deserved criticism that a useful tool is being applied haphazardly and creating an 

overzealous culture of “detectionists” among ecological and wildlife journals. Based on 

my own experiences as a field biologist studying rare or elusive species, I took little arm-

twisting to join the “army” of occupancy modelers. I would, however, never assert that 

naïve estimates (a seemingly pejorative term) are inherently wrong; the interplay of 

detectability and rarity can, in many species, allow highly reliable estimates without 

repeated counts or the occupancy modeling machinery. In those species whose behavior, 

distribution, and rarity create challenges in detection—often due, in part, to synergies 

with limitations of human senses—occupancy estimation and modeling provides a robust 
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framework for estimating basic parameters (such as percent-of-area occupied) and allows 

the testing of ecological hypotheses related to the sources of variation in these 

parameters. 

These tools find a natural home in the toolbox of ecologists and biogeographers 

employing the often imperfectly-collected data of monitoring programs who are willing 

(or offered the opportunity) to learn them. In this dissertation, I build from one such 

opportunity after identifying what I believe are important and under-applied areas of 

occupancy modeling. The first area I identified—within- and between-group effects—is 

one that is arguably underappreciated across a far greater range of topics and analyses 

than occupancy modeling. However, I suspect this is likely due more to the difficulties in 

standardizing terminology than in a lack of awareness of the issues associated with these 

hierarchical effects. While within- and between-group effects are not universally 

applicable in all ecological models, the presence in occupancy modeling data of repeated 

observations in at least some subset of sites guarantees their utility when at least one 

covariate varies across observations. The degree to which these potentially obfuscating 

effects (if ignored) are present in occupancy models has yet to be described. 

The second and third areas I identified are parts of a larger whole focusing on the 

Lesser Prairie-chicken (LPCH). Variation in lek attendance—which I argue is the largest 

contributor to imperfect detection in monitoring the LPCH—was the first of these topics 

that, based on my field experiences with other lekking species and the recent listing of the 

LPCH, I believed was in urgent need of investigation. A long-term monitoring program, 

while not designed to test hypotheses related to lek attendance, nonetheless provided 

basic information from which I could build an observation data set integrating various 
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available and derived environmental covariates. What emerged has clear and practical 

implications for those collecting data in the field. 

My third area of interest—employing imperfectly-collected monitoring data to 

model distributions through time—is one that has been explored with a number of species 

in the past decade. However, this has seldom been done with an explicit focus on data 

shortcomings, heterogeneities in survey characteristics or other factors influencing 

detection, nor on integrating a wide variety of covariates suspected (from an extensive 

body of literature) to shape distributions. With the advantage of a 27-year period of 

higher data quality, remotely-sensed imagery, and gridded weather data, I built a 

predictive model with a good ability to (internally) discriminate site-years with observed 

lek attendance vs. those without. This model told us, in part, what we already knew; the 

LPCH had declined over the latter 20th and early 21st centuries in eastern New Mexico. 

What was previously unknown (and to a large degree remains unknown) is how 

landscape and weather factors—usually identified separately—have synergistically 

shaped the distribution of the LPCH through time and space. Some of these factors (e.g., 

herbicide-based shrub control) are of less concern today in eastern New Mexico, but 

analogous factors are no doubt still of concern across the rangeland- and cropland-based 

distribution of the LPCH. In considering future weather impacts on the LPCH, there is 

little doubt of future warming. Higher spring temperatures may benefit the LPCH, but 

come with greater rates evapotranspiration and reduced water availability. The North 

American Monsoon, a strong predictor of local colonization in my model, is not expected 

to change greatly in years to come (Cook and Seager 2013) but, like spring, warmer 
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summer temperatures will no doubt have effects on water availability and vegetation 

growth. 

In conclusion, my dissertation’s three areas of interest contribute new 

perspectives on employing monitoring data in occupancy estimation and modeling. These 

perspectives join an expanding body of literature applying occupancy models in (1) new 

ecological and conservation contexts or (2) developing statistical extensions of the 

occupancy model framework to accommodate different sampling approaches or 

considerations such as spatial dependence. These gains can only improve our ability to 

understand and more effectively respond to our changing environment.  
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Appendix 1. Relative support (ΔAICC) for 10 difference models predicting multi-season 
occupancy of forest patches by 52 bird species sampled in the Brazilian Amazon as part 
of the Biological Dynamics of Forest Fragments Project, 1980–1993. Models varied by 
the effort covariates employed in predicting detection probabilities. Aggregated effort 
was the raw measured number of mist net hours used across multiple multi-day periods of 
population closure within each year of the study. Between-group covariates were the 
average effort within the level of interest (site, year, or site-year combination) and within-
group covariates were the deviation in effort from each average level. Raw data are from 
Ferraz et al. (2007). Best models (ΔAICC = 0) are shown in bold. 
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Micrastur 

gilvicollis 

0.753 0.000 4.760 1.789 1.216 3.473 2.756 1.084 2.882 1.731 

Geotrygon 

montana 

2.796 10.301 0.000 3.075 5.455 3.940 2.098 10.236 2.457 4.398 

Phaethornis 

bourcieri 

9.546 27.155 0.000 2.028 6.690 27.273 8.396 27.258 7.036 9.192 

Phaethornis 

superciliosus 

8.152 18.166 0.000 2.061 8.064 17.709 10.104 18.190 7.129 9.256 

Thalurania furcata 0.525 28.252 1.134 0.431 0.000 35.666 2.067 33.021 2.453 2.132 
Momotus momota 1.373 21.906 2.188 1.454 0.000 27.465 2.131 26.346 2.456 2.738 
Galbula albirostris 0.000 16.529 20.715 2.095 3.392 21.947 1.604 25.916 3.680 2.041 
Malacoptila fusca 2.692 13.056 0.401 0.000 1.119 13.612 3.297 13.404 1.024 2.901 
Dendrocincla 

merula 

4.099 35.506 16.566 5.920 5.042 38.081 6.060 45.386 0.000 1.994 

Deconychura 

longicauda 

0.987 9.013 1.795 1.679 3.657 2.381 0.000 10.234 1.998 3.037 

Deconychura 

stictolaema 

0.197 43.540 7.331 0.000 2.866 44.033 2.245 41.660 12.027 1.988 

Sittasomus 

griseicapillus 

4.640 4.665 4.598 6.717 3.918 0.000 1.816 4.398 4.676 6.522 

Glyphorynchus 

spirurus 
0.000 107.591 33.114 2.285 20.439 111.538 1.693 110.111 16.226 1.974 

Hylexetastis 

perrotii 

0.250 0.797 0.000 2.166 0.140 0.829 2.273 0.803 0.227 2.385 

Dendrocolaptes 

certhia 
0.000 8.340 7.717 2.122 1.925 15.498 1.891 18.958 0.051 1.328 

Xiphorhynchus 

pardalotus 

2.423 41.834 2.554 0.000 11.115 40.367 3.501 41.758 7.284 4.418 

Campylorhamphus 

procurvoides 

1.819 9.702 10.249 3.914 0.000 20.882 1.543 9.217 8.043 2.795 

Philydor 

erythrocercum 

0.797 18.800 1.582 0.000 1.837 16.421 2.948 19.688 3.283 2.820 

Automolus 

infuscatus 

5.326 73.661 8.253 0.000 1.178 77.867 3.174 75.235 12.912 7.005 

Automolus 

ochrolaemus 

1.439 5.327 3.814 3.516 0.877 7.130 2.837 0.000 4.884 0.974 

Sclerurus 

caudacutus 

1.940 5.392 0.000 1.822 2.481 4.114 3.871 5.479 2.024 3.927 
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Appendix 1. (continued) 
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Sclerurus 

rufigularis 

0.694 26.924 21.377 2.577 0.000 44.290 1.903 37.537 10.159 2.345 

Frederickena 

viridis 

3.198 14.300 8.765 4.592 0.000 21.470 0.286 20.876 2.482 4.088 

Thamnophilus 

murinus 

6.641 14.928 0.000 2.104 4.817 14.967 5.626 14.971 4.699 6.876 

Thamnomanes 

ardesiacus 

0.000 74.613 24.204 1.917 2.824 79.081 0.842 75.436 19.366 1.787 

Thamnomanes 

caesius 

2.424 75.327 9.288 0.000 7.942 74.783 4.561 75.811 12.775 4.561 

Myrmotherula 

axillaris 

2.290 9.818 4.881 4.087 4.958 6.147 2.491 13.070 0.000 2.174 

Myrmotherula 

guttata 

5.159 19.771 0.000 1.612 1.742 20.182 1.534 14.069 9.536 6.589 

Myrmotherula 

gutturalis 

2.384 41.240 22.260 4.490 0.000 53.311 1.889 46.729 14.003 4.035 

Myrmotherula 

longipennis 

2.305 28.872 10.819 2.991 0.000 36.233 2.120 29.085 13.314 4.107 

Myrmotherula 

menetriesii 

2.181 18.489 6.026 0.000 0.113 24.249 1.510 18.366 7.623 3.772 

Hypocnemis 

cantator 

0.996 34.547 4.264 0.000 7.565 32.222 1.714 38.451 3.026 2.510 

Percnostola 

rufifrons 

4.075 23.509 0.000 2.061 3.945 25.435 5.752 26.495 2.610 4.634 

Myrmeciza 

ferruginea 

1.146 3.051 3.913 3.307 0.000 6.407 1.079 2.234 3.373 2.396 

Pithys albifrons 0.000 45.995 21.058 2.003 0.955 50.672 1.605 50.394 5.455 1.835 
Gymnopithys 

rufigula 

6.848 57.465 17.889 7.711 1.955 61.575 4.018 63.104 0.000 2.161 

Myrmornis 

torquata 

2.524 10.747 0.000 1.995 2.727 11.984 4.630 13.567 1.460 3.466 

Conopophaga 

aurita 

0.437 0.000 0.982 1.216 0.365 1.029 2.510 0.102 0.854 2.112 

Corythopis 

torquatus 

3.486 13.532 2.864 4.976 0.000 30.237 1.601 24.392 9.414 5.545 

Platyrinchus 

coronatus 

8.794 44.081 2.780 0.000 9.117 46.584 8.225 43.411 16.771 10.701 

Platyrinchus 

saturatus 

2.309 55.058 25.195 4.200 0.000 66.176 1.429 65.509 6.867 3.221 

Terenotriccus 

erythrurus 

4.011 9.939 0.000 1.828 4.411 8.912 6.885 10.137 1.112 3.083 

Myiobius barbatus 3.116 36.181 8.679 3.517 0.000 42.026 2.111 37.601 8.805 5.240 
Schiffornis turdina 13.893 59.656 17.221 12.641 0.000 61.639 0.003 55.254 27.098 14.878 
Pipra 

erythrocephala 

0.850 17.958 3.658 0.000 2.160 22.287 2.932 24.729 0.878 1.710 

Pipra pipra 2.232 128.552 28.336 0.000 19.996 130.211 3.629 121.985 36.489 3.851 
Lepidothrix serena 2.286 35.108 1.398 0.746 0.000 41.485 2.114 38.750 6.625 4.182 
Cyphorhinus arada 0.451 10.784 7.290 2.629 0.000 14.313 2.166 12.109 5.032 2.425 
Turdus albicollis 4.140 61.181 4.329 0.000 5.789 62.721 5.456 62.126 7.456 5.166 
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Appendix 1. (continued) 
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Microbates 

collaris 

2.144 5.308 8.602 3.417 0.000 12.196 1.088 11.847 2.465 4.092 

Cyanocompsa 

cyanoides 

2.191 1.229 0.000 1.377 1.879 1.428 2.936 1.225 1.410 2.670 

Hylophilus 

ochraceiceps 

1.686 15.345 1.855 2.157 0.000 17.426 1.798 16.711 1.984 3.642 
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Appendix 2. Odds ratios (OR) of effort parameter estimates from models in which effort 
was either raw (aggregated) or decomposed into within- and between-group components 
of effort (site, year, or site-year). An odds ratio of 1.107 associated indicates an increase 
of 10.7% in the odds of capture for every 100 additional mist-net-hours. The decomposed 
covariates are those from the best (lowest-AICC) model. Information for both within- and 
between-group effects are indicated when the best model included both covariates. Also 
indicated are proportional differences (Δ%) in odds ratios of decomposed- vs. 
aggregated-effort covariates where positive values indicated a larger effect of effort on 
capture probability when decomposed-effort covariates were substituted for aggregated 
effort in models. Empty rows are either from species in which the aggregated- effort 
model was the best, or in which the 95% confidence intervals of odds ratios associated 
with aggregated effort overlapped 1 (creating unreliable odds ratio comparisons). Data 
are from 52 bird species sampled in the Brazilian Amazon as part of the Biological 
Dynamics of Forest Fragments Project, 1980–1993. Raw data are from Ferraz et al. 
(2007) 
 

  
Raw 
effect 

Within-group 
effect 

Between-
group effect 

Species Level OR OR Δ% OR Δ% 
Micrastur gilvicollis Site 1.107 1.111 3.6 — — 
Geotrygon montana Site 1.119 — — 1.172 44.9 
Phaethornis bourcieri Site 1.176 — — 1.262 49.0 
Phaethornis superciliosus Site 1.124 — — 1.197 59.2 
Thalurania furcata Year 1.263 1.269 2.5 — — 
Momotus momota Year 1.258 1.273 5.9 — — 
Galbula albirostris None — — — — — 
Malacoptila fusca Site 1.262 1.066 -75.0 1.307 17.3 
Dendrocincla merula Site-year 1.336 — — 1.338 0.6 
Deconychura longicauda Year 1.151 1.115 -23.7 1.179 18.5 
Deconychura stictolaema Site 1.456 1.172 -62.3 1.431 -5.5 
Sittasomus griseicapillus Year — — — — — 
Glyphorynchus spirurus None — — — — — 
Hylexetastis perrotii Site — — — — — 
Dendrocolaptes certhia None — — — — — 
Xiphorhynchus pardalotus Site 1.375 1.109 -71.1 1.361 -3.9 
Campylorhamphus procurvoides Year 1.234 1.267 14.0 — — 
Philydor erythrocercum Site 1.228 1.072 -68.4 1.277 21.1 
Automolus infuscatus Site 1.542 1.164 -69.7 1.544 0.3 
Automolus ochrolaemus Site-year 1.128 1.166 29.7 — — 
Sclerurus caudacutus Site 1.095 — — 1.228 139.9 
Sclerurus rufigularis Year 1.323 1.326 0.8 — — 
Frederickena viridis Year 1.235 1.273 16.4 — — 
Thamnophilus murinus Site 1.141 — — 1.268 90.2 
Thamnomanes ardesiacus None — — — — — 
Thamnomanes caesius Site 1.542 1.182 -66.4 1.514 -5.3 
Myrmotherula axillaris Site-year 1.134 — — 1.151 12.2 
Myrmotherula guttata Site 1.158 — — 1.221 39.2 
Myrmotherula gutturalis Year 1.412 1.411 -0.3 — — 
Myrmotherula longipennis Year 1.320 1.328 2.8 — — 
Myrmotherula menetriesii Site 1.227 1.092 -59.6 1.314 38.1 
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Appendix 2. (continued) 
 

  
Raw 
effect 

Within-group 
effect 

Between-
group effect 

Species Level OR OR % OR % 
Hypocnemis cantator Site 1.297 1.101 -66.1 1.310 4.4 
Percnostola rufifrons Site 1.200 — — 1.249 24.3 
Myrmeciza ferruginea Year 1.107 1.131 22.3 — — 
Pithys albifrons None — — — — — 
Gymnopithys rufigula Site-year 1.477 — — 1.491 2.9 
Myrmornis torquata Site 1.142 — — 1.226 59.4 
Conopophaga aurita Site — — — — — 
Corythopis torquatus Year 1.273 1.303 11.2 — — 
Platyrinchus coronatus Site 1.363 1.086 -76.3 1.438 20.5 
Platyrinchus saturatus Year 1.579 1.580 0.1 — — 
Terenotriccus erythrurus Site 1.122 — — 1.239 95.3 
Myiobius barbatus Year 1.283 1.295 4.1 — — 
Schiffornis turdina Year 1.468 1.503 7.5 — — 
Pipra erythrocephala Site 1.271 1.092 -66.0 1.370 36.5 
Pipra pipra Site 2.397 1.475 -66.0 2.206 -13.7 
Lepidothrix serena Year 1.333 1.338 1.5 — — 
Cyphorhinus arada Year 1.212 1.235 10.8 — — 
Turdus albicollis Site 1.509 1.146 -71.3 1.489 -4.1 
Microbates collaris Year 1.123 1.141 15.3 — — 
Cyanocompsa cyanoides Site — — — — — 
Hylophilus ochraceiceps Year 1.152 1.165 8.6 — — 
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Appendix 3. R code used in creating and modeling a simulated detection dataset for a 
fictitious bird to illustrate the differences in employing a raw vs. within-site date 
covariate. 
# A script to generate within-site effects on detec tion probabilities of 
# a fictitious bird. Employs a script from van de P ol, M., and J. Wright (2009). 
 
require(unmarked) 
 
# First run within- and between-subject covariate-e xtraction functions 
# (from van de Pol, M., and J. Wright. 2009. A simp le method for distinguishing  
# within- versus between-subject effects using mixe d models.  
# Animal Behaviour 77:753-758.) 
 
# within-subject function 
ws <- function(Covar, GroupVar,sc=F) { 
 a<-unique(factor(GroupVar)) 
 groups<-length(a) 
 observations<-length(Covar) 
 temp<-rep(NA,groups) 
 GroupMean<-rep(NA,observations) 
 GroupDev<-rep(NA,observations) 
 for (i in 1:groups) { 
  b<-which(GroupVar==a[i]) 
  temp[i]<-mean(Covar[b],na.rm=T) 
 } 
 for (j in 1:observations) { 
  c<-which(a==GroupVar[j]) 
  GroupMean[j]<-temp[c] 
  GroupDev[j]<-Covar[j]-GroupMean[j] 
 } 
 if(sc==T) { GroupDev=scale(GroupDev) } 
 else {} 
 return(GroupDev) 
} 
 
# between-subject function 
bs <- function(Covar, GroupVar,sc=F) { 
 a<-unique(factor(GroupVar)) 
 groups<-length(a) 
 observations<-length(Covar) 
 temp<-rep(NA,groups) 
 GroupMean<-rep(NA,observations) 
 GroupDev<-rep(NA,observations) 
 for (i in 1:groups) { 
  b<-which(GroupVar==a[i]) 
  temp[i]<-mean(Covar[b],na.rm=T) 
 } 
 for (j in 1:observations) { 
  c<-which(a==GroupVar[j]) 
  GroupMean[j]<-temp[c] 
  GroupDev[j]<-Covar[j]-GroupMean[j] 
 } 
 if(sc==T) { GroupMean=scale(GroupMean) } else {} 
 return(GroupMean) 
} 
 
# Simple simulation of survey dates and detections for a fictitious bird 
# Survey date 
dateUndiff=c(120,124,128,132,136, 
       124,128,132,136,140, 
       128,132,136,140,144, 
       132,136,140,144,148, 
       136,140,144,148,152, 
       140,144,148,152,156) 
# Detections 
y=c(1,0,0,1,0, 
  1,1,0,0,0, 
  1,0,1,1,0, 
  0,1,1,0,1, 
  1,0,1,0,0, 
  1,1,1,0,0) 
 
# Generate other covariates 
site=rep(c('a','b','c','d','e','f'),each=5) 
elev=rep(seq(100,600,by=100),each=5) 
dateBetween=bs(dateUndiff,site) 
dateWithin=ws(dateUndiff,site) 
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# Make data matrices 
siteMat=matrix(site,6,5,byrow=T) 
dateUndiffMat=matrix(dateUndiff,6,5,byrow=T) 
dateBetweenMat=matrix(dateBetween,6,5,byrow=T) 
dateWithinMat=matrix(dateWithin,6,5,byrow=T) 
yMat=matrix(y,6,5,byrow=T) 
elevMat=matrix(elev,6,5,byrow=T) 
 
# Build single-season occupancy data frame 
umf=unmarkedFrameOccu(y=yMat,obsCovs=list(site=site Mat, 
                     dateUndiff=dateUndiffMat, 
                     dateBetween=dateBetweenMat, 
                     dateWithin=dateWithinMat, 
                     elev=elevMat)) 
# Run unmarked models 
 
# Aggregated-covariate model 
modUndiff=occu(~dateUndiff~1,umf);modUndiff 
 
# Within-site covariate model 
modWithin=occu(~dateWithin~1,umf);modWithin 
 
# These three models account for the between-site e ffect in different ways. 
# In each, the effect of aggregated date covariate reflects the  
# within-site effect. 
occu(~dateBetween+dateUndiff~1,umf) 
occu(~site+dateUndiff~1,umf) 
occu(~elev+scale(dateUndiff,sc=F)~1,umf) #scaling n eeded to avoid Hessian error 
 
# Produce plots showing the data and the detection- date relationships 
par(mar=c(4.1,4.1,2.1,2.1)) 
plot(dateUndiff,elev,xlab='Survey date (Julian day) ', 
   ylab="Elevation (m)", 
   pch=21,bg=y,cex=2) 
 
# First generate the effect of date undifferentiate d by site effects 
plot(120:152,predict(modUndiff, 
           newdat=data.frame(dateUndiff=120:152),ty pe='det')$Predicted, 
   type="l", 
   ylim=c(0,1), 
   ylab='Probability of detection', 
   xlab='Survey date (Julian day)', 
   lwd=2) 
points(120:152,predict(modUndiff,newdat= 
             data.frame(dateUndiff=120:152),type='d et')$lower,type="l") 
points(120:152,predict(modUndiff,newdat= 
             data.frame(dateUndiff=120:152),type='d et')$upper,type="l") 
 
# Second generate (by addding lines) the within-sit e effect of date  
# (centered on the mean survey date, 136) 
points(-8:8+136,predict(modWithin,newdat= 
             data.frame(dateWithin=-8:8),type='det' )$Predicted, 
    type="l",lwd=2,col='red') # 136 is the mean sur vey date 
points(-8:8+136,predict(modWithin,newdat= 
             data.frame(dateWithin=-8:8),type='det' )$lower, 
    type="l",lwd=1,col='red') 
points(-8:8+136,predict(modWithin,newdat= 
             data.frame(dateWithin=-8:8),type='det' )$upper, 
    type="l",lwd=1,col='red') 
 
# We can also examine the date-detection relationsh ip in several GLMs and GLMMs 
 
# Make the standard tabular dataset 
dat=data.frame(y,dateUndiff,dateBetween,dateWithin, site,elev) 
 
# Run several GLMs, showing similar differences bet ween an  
# aggregated covariate model (first in list) and mo dels  
# accounting for between-site effects 
summary(glm(y~dateUndiff,family=binomial,data=dat))  
summary(glm(y~dateWithin,family=binomial,data=dat))  
summary(glm(y~dateBetween+dateWithin,family=binomia l,data=dat)) 
summary(glm(y~elev+dateUndiff,family=binomial,data= dat)) 
summary(glm(y~site+dateUndiff,family=binomial,data= dat)) 
 
# Compare a GLMM with site as random effect and the   
# aggregated date effect vs. those with 
# within-site date or effects accounting for betwee n-site effects 
require(lme4) 
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summary(glmer(y~scale(dateUndiff,sc=F)+(1|site),fam ily=binomial,data=dat)) 
summary(glmer(y~scale(dateWithin,sc=F)+(1|site),fam ily=binomial,data=dat)) 
summary(glmer(y~scale(dateBetween,sc=F)+scale(elev, sc=F)+scale(dateUndiff,sc=F)+(1|site), 
family=binomial,data=dat)) 
summary(glmer(y~scale(elev,sc=F)+scale(dateUndiff,s c=F)+(1|site),family=binomial,data=dat)) 
summary(glmer(y~site+scale(dateUndiff,sc=F)+(1|site ),family=binomial,data=dat)) 
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Appendix 4. R script for calculating probabilities of lek attendance of at least one male 
LPCH within a given year and site from a multi-season occupancy model fit using the 
colext function in the unmarked package. This function also allows the calculation of 
leave-one-out cross-validated probabilities (by setting cv = TRUE). These probabilities 
may subsequently be used to calculate mode fit via AUC or other measures (e.g., RMSE). 
This function uses equations from Moore and Swihart (2005). This function may be 
applied to any colext model having an unmarkedMultiFrame containing obsCovs, 
siteCovs, and yearlySiteCovs. 
 
 
colextResid=function(fm,cv=FALSE){ 
 require(reshape2) 
 require(unmarked) 
 data <- fm@data            #extract the unmarkedMu ltFrame from the model 
  
 y <- getY(data)            #get the observation ma trix (i sites by j primary periods * k surveys) 
 numSites <- numSites(data)       #get i  
 numPrimary <- data@numPrimary     #get j 
 numSecondary <- ncol(y)/numPrimary   #get k 
 numSitePrimary <- numSites*numPrimary #get i*j; th is will be the  
                     #number of rows in the generat ed output table 
 nSurvs <- numSecondary*numPrimary   #get j*k  
  
 pTab <- data.frame(site=rep(1:numSites,each=numPri mary*numSecondary), 
           primary=rep(rep(1:numPrimary,each=numSec ondary),numSites), 
           sitePrimary=paste(rep(1:numSites,each=nu mPrimary), 
                    rep(rep(1:numPrimary,each=numSe condary),numSites), 
                    sep='_'), 
           secondary=rep(1:numSecondary,numSitePrim ary)) 
  
 pTab$o_ijk <- as.numeric(t(y))     #add observatio ns (detection or non-detection) 
  
 if(cv==TRUE){ 
   
  # Add placeholder vector where predicted values o f p will be added 
  pTab$p_ijk <- NA                
   
  # Generate an empty vector where projected values  of psi will be added 
  projPsiAll <- rep(NA,numSitePrimary) 
   
  # Loop through each site, refit model to training  set, and predict the left-out site 
  for(i in 1:numSites){ 
    
   #print status on screen 
   print(paste("fitting and validating site number" ,i,"of",numSites)) 
    
   # Make training set 
   trainDat=data[-i,] 
    
   # Refit model using training data 
   fmTrain=update(fm,data=trainDat) 
    
   # Make testing set 
   testDat=data[i,] 
    
   # Generate predictions for each model component 
   predDet=predict(fmTrain,newdat=testDat,'det')[,1 ] #get survey-level predictions of p 
   predPsi=predict(fmTrain,newdat=testDat,'psi')[,1 ] #get prediction of initial occupancy 
   predCol=predict(fmTrain,newdat=testDat,'col')[,1 ] #get year-level prediction of colonization 
   predExt=predict(fmTrain,newdat=testDat,'ext')[,1 ] #get year-level prediction of extinction 
    
   # Fill in predicted p value 
   pTab$p_ijk[(((i-1)*nSurvs+1):((i-1)*nSurvs+nSurv s))] <- predDet 
    
   # Create a vector of predicted psi values for ea ch year 
   projPsi=numeric(numPrimary) 
   projPsi[1]=predPsi 
   for(j in 2:numPrimary){ 
    projPsi[j]=projPsi[j-1]*(1-predExt[j-1])+(1-pro jPsi[j-1])*predCol[j-1] 
   } 
    
   # Add projected psi values to vector of all proj ected values 
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   projPsiAll[(((i-1)*numPrimary+1):((i-1)*numPrima ry+numPrimary))] <- projPsi 
    
  }   
 } else { 
  # If cv = F, insert the predicted values of p in pTab 
  pTab$p_ijk <- as.numeric(t(getP(fm)))  #add predi cted values of p(ijk).  
 } 
  
 # Reformat data to i*j by k 
 pTabWide <- data.frame(dcast(pTab, site+primary~se condary, value.var='o_ijk'), 
             dcast(pTab, site+primary~secondary, va lue.var='p_ijk')[,3:(numSecondary+2)]) 
  
 # Create more informative column names for pTabWid e 
 #'o' for observed (raw detection) 
 #'p' for predicted (predicted detection) 
 names(pTabWide)[3:(2*numSecondary+2)] <- c(paste(' o',1:numSecondary,sep='_'),  
                       paste('p',1:numSecondary,sep ='_'))  
  
 # add a naive occupancy column 
 # This is a function to return the max (0, 1, or N A) from a vector of detection histories. 
 naivePsi<-function(x){  
  naivePsi=NA       
  if (length(na.omit(x))>0) { 
   naivePsi <- max(x,na.rm=T) 
  } else { } 
  return(naivePsi)  
 } 
 pTabWide$naivePsi <- apply(pTabWide[,3:(2+numSecon dary)],1,FUN=naivePsi) 
  
 # Fill in the predictions of annual psi (depending  on whether the model was cross-validated or not) 
 if(cv==TRUE){ 
  #put projected psi values into table 
  pTabWide$predPsi=projPsiAll 
 } else { 
  #add the projected occupancy (annual values of ps i)  
  #using only column 2 of the @projected array (pro jected occupancy) creates a year x site matrix 
  pTabWide$predPsi <- as.numeric(fm@projected[2,,])   
 } 
  
 # Create columns with 1-p_ijk 
 pTabWide[,(ncol(pTabWide)+1):(ncol(pTabWide)+numSe condary)] <- 1-
pTabWide[,(3+numSecondary):(2+2*numSecondary)] 
 #rename these new columns as "c_..." 
 names(pTabWide)[(ncol(pTabWide)-numSecondary+1):nc ol(pTabWide)] <- paste('c',1:numSecondary,sep='_') 
  
 # Replace NAs with 1 for later generating a produc t of these 1-p values 
 pTabWide[,(ncol(pTabWide)-numSecondary+1):ncol(pTa bWide)][is.na(pTabWide[,(ncol(pTabWide)-
numSecondary+1):ncol(pTabWide)])] <- 1  
  
 # Generate the probability of at least one detecti on (pi* [Moore and Swihart 2005]),  
 # inserting NAs if naivePsi = NA (i.e.,no surveys in sitePrimary) 
 pTabWide$pi <- ifelse(pTabWide$naivePsi=='NA',NA, 1-apply(pTabWide[,(ncol(pTabWide)-
numSecondary+1):ncol(pTabWide)],1,prod)) 
  
 # Generate D-hat (Moore and Swihart 2005), or the probability of at least one detection given 
occupancy in site i, primary period j 
 pTabWide$Dhat <- pTabWide$predPsi*pTabWide$pi 
  
 # Calculate the sitePrimary-level residual from na ivePsi and D-hat 
 pTabWide$resid <- pTabWide$naivePsi-pTabWide$Dhat 
  
 # Add the number of surveys in the site-year for p otential use later 
 pTabWide$numSurvs <- apply(pTabWide[,3:(numSeconda ry+2)],1, 
               FUN=function(x){ length(na.omit(x)) }) 
  
 pTabWide=pTabWide[,c('site','primary','numSurvs',' pi','predPsi','naivePsi','Dhat','resid')] 
 return(pTabWide) 
} 
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Appendix 5. R script for estimating and validating predictions of multi-season occupancy 
models. Given a fitted model, this script returns a table of estimates and several error 
estimates that are propagated through each year of the model using the equation 

)ˆ1(ˆ)ˆ1(ˆˆ
1111 −−−− −+−= ijijjijij ψγεψψ  to estimate occupancy in each year. 

 
colextGenPreds=function(fm){ 
 require(reshape2) 
 data <- fm@data            #extract the unmarkedMu ltFrame from the model 
  
 y <- getY(data)            #get the observation ma trix (i sites by j primary periods * k surveys) 
 numSites <- numSites(data)       #get i  
 numPrimary <- data@numPrimary     #get j 
 numSecondary <- ncol(y)/numPrimary   #get k 
 numSitePrimary <- numSites*numPrimary #get i*j; th is will be the number of rows in the        
                     #generated output table 
 nSurvs <- numSecondary*numPrimary   #get j*k  
   
 predPsi=predict(fm,'psi') #get prediction of initi al occupancy 
 predCol=predict(fm,'col') #get year-level predicti on of colonization 
 predExt=predict(fm,'ext') #get year-level predicti on of extinction 
     
 # An internal function to generate bootstrapped (r andom normal) 
 # samples given the estimate and 95% CIs associate d with each parameter (det, 
 # psi, col, ext). 
 getBoots=function(tab){  
   years=nrow(tab) 
   tab[,5:1004]=NA #create empty columns to populat e with random values 
   lo.sc=qlogis(tab$lower) #transform to logit-scal e 
   hi.sc=qlogis(tab$upper) #transform to logit-scal e 
   me.sc=qlogis(tab$Predicted) #transform to logit- scale 
   # Estimate standard deviation for bootstrap usin g the 68–95–99.7 rule under 
   # parametric assumptions. 
   sd.dist=(hi.sc-me.sc)/2 
   #makes an exception for tables having NAs in the  final row (col and ext) 
   if(is.na(me.sc[years])) {ce=1} else {ce=0}  
   for(k in 1:(years-ce)){ 
    set.seed(k+7777) 
    #generate normal distribution from parameter es timates 
    x = rnorm(1000,mean=me.sc[k],sd.dist[k]) 
    bt.x=plogis(x) #back-transform to true (probabi lity) scale   
    tab[k,5:1004]=bt.x #populate rows in table 
   } 
   names(tab)[5:1004]=paste0('sim',1:1000) 
   return(tab[,5:1004]) 
 } 
   
 # Use getBoots function to generate bootstrapped d istributions  
 psiBS=getBoots(predPsi) 
 colBS=getBoots(predCol) 
 extBS=getBoots(predExt) 
   
 # Generate large matrix in which to input projecte d (annual) psi  
 # values for each bootstrap. 
 projPsiBS=matrix(nrow=numPrimary,ncol=1000,NA);dim (projPsiBS) 
   
 # Calculated projected psi values (first value is initial psi) 
 projPsiBS[1,]=as.numeric(psiBS[1,]) 
 for(j in 2:numPrimary){ 
  psi=as.numeric(projPsiBS[j-1,]) 
  col=as.numeric(colBS[j-1,]) 
  ext=as.numeric(extBS[j-1,]) 
  projPsiBS[j,]=psi*(1-ext)+(1-psi)*col 
  print(paste('site',i,":",'year',j)) 
 } 
   
 # Construct final output table with several statis tics and flag fields 
  projPsiBS=data.frame(projPsiBS) 
  projPsiBS$site=i 
  projPsiBS$year=1:numPrimary 
  projPsiBS$Pred.mean=apply(projPsiBS[,1:1000],1,FU N=mean) 
  projPsiBS$Pred.sd=apply(projPsiBS[,1:1000],1,FUN= sd) 
  projPsiBS$Pred.median=apply(projPsiBS[,1:1000],1, FUN=median) 
  projPsiBS$pred.25=apply(projPsiBS[,1:1000],1,FUN= function(x){quantile(x,.25)}) 
  projPsiBS$pred.75=apply(projPsiBS[,1:1000],1,FUN= function(x){quantile(x,.75)}) 
  projPsiBS$Pred.iqr=projPsiBS$pred.75-projPsiBS$pr ed.25 
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  projPsiBS$Pred.min=apply(projPsiBS[,1:1000],1,FUN =min) 
  projPsiBS$Pred.max=apply(projPsiBS[,1:1000],1,FUN =max) 
   
  # Remove simulated values prior to output 
  projPsiBS=projPsiBS[,-c(1:1000)] 
   
  # Create new output or amend existing output 
  if(i == 1) {projOut=projPsiBS} else {projOut=rbin d(projOut,projPsiBS)} 
 } 
  return(projOut) 
} 
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Appendix 6. Uncertainty of site occupancy predictions (standard deviation; see Methods) 
across the Lesser Prairie-chicken study area of eastern New Mexico, 1985–2011.  
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Appendix 7. Error associated with the best dynamic species distribution model of Lesser 
Prairie-chickens. Red and blue indicate over- and underestimates, respectively. 
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Appendix 8. Correlations between mean seasonal weather covariates derived from 
monthly PRISM data from 138 lek-centered, 32 km2 Lesser Prairie-chicken breeding sites 
in eastern New Mexico, 1982–2011. Values below the diagonal are Pearson r values 
while those above are P-values (df = 136). 
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Average February–May 
precipitation 

 <0.001 0.003 <0.001 <0.001 <0.001 

Average June–October 
precipitation 

0.912  <0.001 <0.001 <0.001 <0.001 

Average November–February 
precipitation 

-0.251 -0.607  <0.001 <0.001 <0.001 

Average February–May mean 
temperature 

-0.813 -0.975 0.751  <0.001 <0.001 

Average June–October mean 
temperature 

-0.868 -0.991 0.680 0.994  <0.001 

Average November–February 
mean temperature 

-0.669 -0.906 0.866 0.975 0.945  
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Appendix 9. Data available for estimating naïve probabilities of detection, colonization, 
extinction, and annual site occupancy. 
 
 

  

Year Surveyed sites Sites surveyed 
in previous 

year 

Sites with > 1 
survey and ≥ 1 
observation of 
lek attendance 

1985 78 29 18 
1986 105 91 25 
1987 71 65 7 
1988 101 66 17 
1989 28 25 — 
1990 23 21 4 
1991 23 11 3 
1992 51 13 9 
1993 64 33 14 
1994 9 7 3 
1995 35 6 4 
1996 96 32 18 
1997 94 82 13 
1998 98 79 14 
1999 95 81 11 
2000 102 83 17 
2001 64 62 2 
2002 86 49 12 
2003 99 79 13 
2004 88 77 16 
2005 52 26 7 
2006 99 50 11 
2007 67 56 3 
2008 44 28 4 
2009 66 27 9 
2010 61 31 3 
2011 60 37 4 
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Appendix 10. Principal components analysis of scaled mean weather covariates from 
from 138 lek-centered, 32 km2 Lesser Prairie-chicken breeding sites in eastern New 
Mexico, 1982–2011. I retained the first two principal components in modeling initial 
(1985) occupancy, and interannual site colonization and extinction. 
 

Components PC1 PC2 PC3 PC4 PC5 PC6 

Standard deviation 2.264 0.919 0.146 0.080 0.053 0.015 
Proportion of Variance 0.854 0.141 0.001 0.001 0.000 0.000 
Cumulative Proportion 0.854 0.995 0.998 0.999 1.000 1.000 
       

Loadings PC1 PC2 PC3 PC4 PC5 PC6 

Average February–May 
precipitation 

0.365 0.607 -0.494 -0.482 0.138 0.052 

Average June–October 
precipitation 

0.433 0.202 -0.083 0.779 0.397 -0.022 

Average November–February 
precipitation 

-0.329 0.721 0.608 0.044 0.032 -0.013 

Average February–May mean 
temperature 

-0.441 0.018 -0.263 0.113 0.240 0.816 

Average June–October mean 
temperature 

-0.440 -0.095 -0.164 -0.130 0.722 -0.483 

Average November–February 
mean temperature 

-0.428 0.248 -0.533 0.360 -0.494 -0.313 

 


