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Abstract
Grassland birds are among the most globally threatened bird groups due to sub-
stantial degradation of native grassland habitats. However, the current network of 
grassland conservation areas may not be adequate for halting population declines 
and biodiversity loss. Here, we evaluate a network of grassland conservation areas 
within Wisconsin, U.S.A., that includes both large Focal Landscapes and smaller 
targeted conservation areas (e.g., Grassland Bird Conservation Areas, GBCAs) es-
tablished within them. To date, this conservation network has lacked baseline infor-
mation to assess whether the current placement of these conservation areas aligns 
with population hot spots of grassland- dependent taxa. To do so, we fitted data 
from thousands of avian point- count surveys collected by citizen scientists as part 
of Wisconsin's Breeding Bird Atlas II with multinomial N- mixture models to estimate 
habitat– abundance relationships, develop spatially explicit predictions of abundance, 
and establish ecological baselines within priority conservation areas for a suite of 
obligate grassland songbirds. Next, we developed spatial randomization tests to eval-
uate the placement of this conservation network relative to randomly placed conser-
vation networks. Overall, less than 20% of species statewide populations were found 
within the current grassland conservation network. Spatial tests demonstrated a high 
representation of this bird assemblage within the entire conservation network, but 
with a bias toward birds associated with moderately tallgrasses relative to those as-
sociated with shortgrasses or tallgrasses. We also found that GBCAs had higher rep-
resentation at Focal Landscape rather than statewide scales. Here, we demonstrated 
how combining citizen science data with hierarchical modeling is a powerful tool for 
estimating ecological baselines and conducting large- scale evaluations of an existing 
conservation network for multiple grassland birds. Our flexible spatial randomization 
approach offers the potential to be applied to other protected area networks and 
serves as a complementary tool for conservation planning efforts globally.
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1  | INTRODUC TION

Grasslands are one of the most endangered ecosystems in the 
world (Drum et al., 2015; McCracken, 2005). In North America, over 
95% of tallgrass and 70– 80% of mixed and shortgrass prairies have 
been lost due to urbanization, overt fire suppression, and agricul-
tural intensification (Askins et al., 2007; McCracken, 2005; Wilsey 
et al., 2016). Concurrently, the decline of grassland habitat has con-
tributed to population declines for many grassland birds that are 
uniquely adapted to native grasslands (Drum et al., 2015). As a re-
sult, grassland- dependent birds are experiencing steeper population 
declines than any other avian group in North America and are of high 
conservation concern (Rosenberg et al., 2019; Sauer & Link, 2011).

Spatial planning for biodiversity conservation involves decisions 
on allocating conservation resources (e.g., optimal spatial conser-
vation planning) and evaluating the spatial configuration of existing 
conservation areas to ensure that they overlap with conservation 
targets (Franklin et al., 2011; Stem et al., 2005). To date, these eval-
uations often show a low representation of conservation targets 
in existing conservation networks due to the lack of biological in-
formation prior to the establishment of conservation areas and the 
placement of conservation areas in regions with lower conflict with 
economic activities, regardless of biodiversity value (Jenkins et al., 
2015; Xu et al., 2018).

The potential for spatial mismatches is especially high in grass-
land conservation networks due to persistent conflicts with agri-
cultural activities (Thogmartin et al., 2014) and the low protection 
rates in grassland ecosystems relative to other major global biomes 
(Hoekstra et al., 2004). In addition, there is substantial variation in 
the structural vegetation preferences among grassland- dependent 
bird species that complicate the establishment and success of 
broader grassland conservation efforts (Elliott & Johnson, 2017; 
Nocera et al., 2007; Sample & Mossman, 1997). Several grassland 
bird species are also area- sensitive, whereby population density is 
generally higher in larger grassland patches (Murray et al., 2008; 
Ribic et al., 2009), and thus, one strategy for effective grassland 
conservation is the preservation of large, intact grasslands embed-
ded within an agricultural landscape that provides secondary grass-
land habitats (e.g., pastures, hayfields; Ribic et al., 2009; Sample & 
Mossman, 1997; Wilsey et al., 2016).

Citizen science initiatives result in biodiversity data collection 
across broad geographic scales and at significantly lower costs than 
non- volunteer surveys (Bonnet- Lebrun et al., 2020; Dickinson et al., 
2010; Graham et al., 2015). Structured citizen science initiatives, such 
as the breeding bird atlas, have advantages over “semi- structured” 
initiatives (La Sorte et al., 2018) including the following: (1) system-
atic sampling across large spatial scales that reduces habitat biases 
in species estimates (Niemuth et al., 2007; Sólymos et al., 2020), and 
(2) standardized sampling protocols that ensure equal survey effort 
and also account for heterogeneous detection probabilities (Pacifici 
et al., 2017). These data can be useful in filling the gaps for many 
species and regions and therefore are extremely valuable to evalu-
ate and inform conservation planning (Bonnet- Lebrun et al., 2020; 

Bradter et al., 2018; Morán- Ordóñez et al., 2018). Typically, biodi-
versity monitoring efforts were conducted using species checklists, 
range maps, or probability of occurrence estimates (Cantú- Salazar 
& Gaston, 2013; Johnston et al., 2015). Recently, many citizen sci-
ence efforts also include the collection of abundance data, which 
is known to improve evaluations of conservation prioritization 
(Johnston et al., 2015).

Here, we aimed to evaluate an existing grassland conserva-
tion network in the Midwestern State of Wisconsin, USA, a se-
verely threatened breeding ground for North American grassland 
bird populations (Buxton & Benson, 2016). Wisconsin provides a 
breeding habitat for 17 obligate grassland bird species (Sample & 
Mossman, 1997), 12 of which are of greatest conservation concern 
(Wisconsin Department of Natural Resources, 2015). In 2010, the 
state initiated a landscape- scale planning strategy to address the 
conservation needs of grassland- dependent birds (Paulios, 2010). 
This strategy involved the identification of priority conservation 
areas (hereafter Focal Landscapes) that contained higher amounts 
of grasslands and lower amounts of suboptimal habitat (e.g., urban 
areas, forest) to guide the establishment of multiple “Grassland 
Bird Conservation Areas” within them (based on recommendations 
from Sample & Mossman, 1997). GBCAs are targeted landscape- 
scale conservation areas and are a primary tool for the conserva-
tion of grassland birds in North America (Wilsey et al., 2016). Like 
other regions, these priority conservation areas were established 
using expert opinion and knowledge about the location of existing 
grasslands due to the lack of broadscale assessments of grassland 
bird populations (Wilsey et al., 2016). In 2019, Wisconsin com-
pleted its statewide Breeding Bird Atlas II (WBBA), which included 
a systematic secondary sampling scheme to measure abundance of 
all breeding bird species (Gibbons et al., 2007; McCabe et al., 2018). 
Thus, the WBBA dataset is uniquely suited for generating unbiased 
spatially explicit predictions of species abundance or densities for 
breeding bird populations for the entire state. With this dataset, it 
is now possible to evaluate potential mismatches between state-
wide grassland- dependent bird hot spots and the placement of 
grassland conservation areas.

Our goal was to develop a robust baseline of the contempo-
rary distribution and densities of a suite of obligate grassland 
birds and to evaluate the spatial configuration of this existing 
grassland conservation area for grassland- dependent birds using 
a spatial randomization approach. We evaluate this spatial plan-
ning in terms of representation, in this case, the number of species 
with significantly high population densities, within one or multiple 
conservation areas (Kukkala & Moilanen, 2013). We compared the 
existing spatial planning against a species- specific optimal plan-
ning strategy and a random planning strategy. We hypothesized 
that the representation of obligate grassland birds within the ex-
isting conservation network would be low when compared to an 
optimal spatial planning strategy but high compared to a random 
planning approach. We conducted three spatial randomizations 
to compare differences in representation due to the type of con-
servation area (i.e., Focal Landscape vs GBCAs) and spatial scale 
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(i.e., statewide vs constrained to Focal Landscapes). In doing so, 
we showcase a novel framework for conducting multispecies con-
servation planning assessments that can be useful in monitoring 
other existing conservation networks and globally threatened taxa 
and ecosystems.

2  | METHODS

2.1 | Study landscapes

Wisconsin's grassland habitats are located throughout the south-
ern and western regions of the state and are interspersed with 
human- modified landscapes. In this study, we focused on three 
established Focal Landscapes: Southwest Grasslands and Stream 
Conservation Area (SWGSCA; 192,587 ha), Central Wisconsin 
Grasslands Conservation Area (CWGCA; 368,697 ha), and Western 
Prairie Habitat Restoration Area (WPHRA; 163,011 ha; Figure 1). 
These Focal Landscapes contain around 20% of the suitable grass-
land habitat in the state (i.e., grassland and agriculture land cover). 
These Focal Landscapes each contain multiple GBCAs (Figure 1; see 
Appendix S1 for details). We considered a GBCA ensemble to be the 
combination of individual GBCAs found within each Focal Landscape, 
so the GBCA ensemble of the SWGSCA Focal Landscape included 
four individual GBCAs, while the GBCA ensembles of CWGCA and 
WPHRA each contained three individual GBCAs (Figure 1). These 
ensembles exclude the areas within the Focal Landscape that are 

outside of the GBCAs. We obtained spatial datasets outlining the 
boundaries of these priority grassland conservation areas from Ribic 
et al. (2019).

2.2 | Wisconsin Breeding Bird Atlas II

The WBBA is a structured citizen science program (La Sorte et al., 
2018) that collected data on the occurrence and reproductive sta-
tus of bird populations throughout the state from 2015 to 2019. 
General atlasing was conducted within 5 × 5 km blocks and fo-
cused on documenting species occurrences and reproductive 
status, with a point count- based secondary sampling scheme im-
plemented within each block for abundance estimation from 2016 
to 2019 (McCabe et al., 2018). Observers were selected for con-
ducting point counts using a regional bird certification test (http://
www.birde rcert ifica tion.org) to ensure the observers were skilled 
at auditory and visual observations of Wisconsin birds. Observers 
followed a standardized point- count protocol in which sites were 
>400 m apart and surveys lasted 10 min with individual birds re-
corded at 0-  to 50- m, 50-  to 100- m, and >100- m distance bins. To 
account for changes in detectability during surveys, observers fol-
lowed a removal sampling protocol whereby only newly observed 
individuals at 1- min intervals were recorded (Farnsworth et al., 
2002). Surveys were conducted systematically across the state 
during one of the four possible years to control for potential yearly 
geographic biases in the sampling. In our analysis, we only included 

F I G U R E  1   Percent of grassland cover within 1- km2 grid cells in Wisconsin (Wiscland 2.0). Focal Landscapes and Grassland Bird 
Conservation Areas (GBCAs) overlaid. Focal Landscapes refer to areas with high amounts of grasslands (i.e., grassy matrix) and low amounts 
of hostile habitat (i.e., urban, forest). GBCA ensembles refer to all Grassland Bird Conservation Areas within a Focal Landscape (i.e., smaller 
outlines within each Focal Landscape). CWGCA, Central Wisconsin Grasslands Conservation Area; SWGSCA, Southwest Grasslands and 
Stream Conservation Area; WPHRA, Western Prairie Habitat Restoration Area

http://www.birdercertification.org
http://www.birdercertification.org
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male singing detections and redetections (individuals detected 
as non- singing at the start of the point count that began singing 
during the 10- min period). We compiled a total of 16,542 WBBA 
bird point- count sites on abundance for 10 grassland- dependent 
songbirds, six of which are of conservation concern in Wisconsin 
(Table 1; Wisconsin Department of Natural Resources, 2015). We 
classified this assemblage of grassland birds based on three habitat 
specializations (i.e., shortgrass, midgrass, and tallgrass; Table 1). 
For example, Henslow's sparrows (Centronyx henslowii) require tall, 
dense herbaceous vegetation and are considered tallgrass special-
ists (Herkert, 2019). In contrast, horned larks (Eremophila alpestris) 
depend on short, sparse vegetation and are considered shortgrass 
specialists (Dinkins et al., 2019).

2.3 | Hierarchical population modeling

We obtained land cover at 30- m resolution from Wiscland 2.0 
(Wisconsin Department of Natural Resources, 2016) and monthly 
climate data for May, June, and July (i.e., mean, minimum tempera-
ture, maximum temperature, and total precipitation) from PRISM 
30- year normals at 800- m resolution (Daly et al., 2008). We cal-
culated the proportion of four land cover classes (i.e., agriculture, 
forest, grassland, and urbanization) and the average maximum tem-
perature and total precipitation within 100 m buffers around each 
WBBA point- count site using the “landscapemetrics” R package 
(Hesselbarth et al., 2019); this scale approximates the maximum av-
erage territory size of grassland birds (1– 3 ha) and is less than half the 
minimum distance between point- count sites in this study (Sólymos 
et al., 2020). We found no significant multicollinearity between the 
selected variables (Pearson's r < .7). Longitude and latitude coordi-
nates for WBBA II point- count sites and Wisconsin's land cover and 
climate variables were transformed to NAD83(HARN)/Wisconsin 
Transverse Mercator (ESPG code: 3071).

We generated site density estimates for each species by fit-
ting WBBA point- count data with N- mixture removal multinomial 
Poisson hierarchical models that account for imperfect detection 
(Dorazio et al., 2005; Royle, 2004). We modeled site density using 
the four land cover variables and two climate variables. The detec-
tion component included the annual Julian date that the surveys 
were conducted. We standardized all predictors by subtracting 
their means and dividing by the standard deviation. Models were fit 
with observations from the 0-  to 50- m distance bin to reduce ob-
servation uncertainty at longer distances (Diefenbach et al., 2003). 
We grouped the number of individuals of each species observed 
during the 10- min observation period into 2- min- long discrete 
observation bins to use the removal method to adjust for detect-
ability (Farnsworth et al., 2002). The fitted models also included 
an offset equal to the area of a circle with a 100- m radius, which 
corresponds to the buffer used to measure the site- level covari-
ates, to estimate population density at any spatial scale. Models 
were fit with a maximum- likelihood approach in the unmarked R 
package (Fiske & Chandler, 2011). We assessed model fit based 

on chi- square goodness- of- fit tests and overdispersion estimates 
using the function Nmix.gof.test from the AICmodavg R package 
(Mazerolle, 2016). Models with overdispersion <1 were given an 
overdispersion value of 1. The models were corrected for overdis-
persion using the function summaryOD from the AICmodavg R 
package (Mazerolle, 2016). We tested for the presence of spatial 
autocorrelation in model residuals using the spline.correlog function 
in the ncf R package to calculate Moran's I between survey sites 
within a maximum distance of 30 km and using 100 resamples for 
the bootstrapping (Bjornstad & Bjornstad, 2016).

To test for the predictive accuracy of the species- specific models 
in unsampled sites, we conducted a training test assessment using 
two approaches. First, we conducted a cross- validation test with a 
30% holdout using the CrossVal function in the unmarked R pack-
age (Fiske & Chandler, 2011). Second, we conducted an area under 
the curve (AUC) approach following Ball et al. (2016). In short, we 
fitted each species model with 70% of the data and then predicted 
the model onto the remaining 30% and measured sensitivity and 
specificity at different thresholds based on detections and non- 
detections from the test dataset to measure AUC (Ball et al., 2016). 
We repeated this process 10 times and calculated the average AUC 
for each species. Species- specific models with values higher than 
0.6 were considered to have acceptable predictive accuracy (Zipkin 
et al., 2012). We also calculated, for each species, Spearman's rho (rs) 
between observed and predicted densities using the full dataset. To 
test for the effect of each individual site covariates on species abun-
dances, we conducted an effect size analysis of each individual site 
covariate by measuring the change in abundance predictions when 
site covariates were increased by one standard deviation from the 
mean, while holding all the other covariates constant at their mean. 
These predictions were conducted using the modavgPred function 
from the AICmodavg R package (Mazerolle, 2016) while correcting 
for overdispersion.

To predict population densities at a meaningful spatial scale 
for conservation planning (Sólymos et al., 2020), the state of 
Wisconsin was divided into 1- km2 pixels, resulting in a total of 
134,295 1- km2 pixels. The proportion of the same four land cover 
categories and mean climate within each pixel were measured and 
fitted using the hierarchical model estimates to generate spatially 
explicit predictions of population density for each 1- km2 pixel in 
Wisconsin (see Appendix S2 for details). We predicted popula-
tion densities using the average coefficients, and to account for 
error propagation, we generated predictions using ±1.96*SE of 
the model coefficients and conducted the analysis outlined below 
using the three sets of estimates (i.e., average, 2.5%, and 97.5% 
confidence intervals).

2.4 | Spatial planning evaluations

To estimate the optimal spatial planning for each species, we identi-
fied the smallest set of 1 × 1 km grid cells, which together encom-
passed 20% of the statewide population of each individual species 
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(Johnston et al., 2020). We selected a 20% conservation target so 
that it would be higher than the 10% threshold for critically endan-
gered species listed by the International Union for the Conservation 
of Nature (IUCN). To compare the species- specific optimal spatial 
designs with the existing spatial design for grassland conservation, 
we also measured the proportion of the statewide population that 
is predicted within the three existing Focal Landscapes to test how 
this spatial design was compared with 20% and 10% conservation 
thresholds.

We estimated contemporary population baselines based on the 
mean density estimates of all 1- km2 pixels within each individual 
conservation area (i.e., Focal Landscape or GBCA) and within the en-
tire state. We used a 500- m buffer around the landscape boundaries 
to ensure that all pixels intersecting with the landscape boundaries 
were included.

We assessed the existing conservation network for obligate 
grassland songbirds in terms of species representation using a spa-
tial randomization, or null model, approach (Gotelli, 2001; Thornton 
et al., 2016). We defined representation of each conservation area 
to be the number of species with significantly higher population den-
sities within a conservation area relative to a random distribution of 
replicate conservation areas. This randomization approach allowed 
us to compare the population baselines represented by the exist-
ing conservation network against a conservation planning approach 
that is not constrained by socioeconomic conflicts in predomi-
nantly grassland or agriculture landscapes. We adapted the random 

translation– rotation (RTR) model of Nunes and Pearson (2017) to 
randomly place replicate landscapes of the existing conservation 
areas (i.e., individual Focal Landscapes or GBCAs), thus maintaining 
the same size and shape of the conservation areas of interest. This 
approach generated a distribution of 1000 randomly placed repli-
cate conservation areas across a sampling region (i.e., the state of 
Wisconsin or within a Focal Landscape). We constrained the place-
ment of replicates to ensure replicates did not fall in predominantly 
unsuitable areas for grassland bird conservation (e.g., areas with 
predominant forest or urban land cover). To constrain the random 
placement of replicates to suitable grassland areas, we used a three- 
step process: (1) We defined any 1- km2 grid cell that had at least 
50% of total unsuitable land cover (i.e., forest and urban land types) 
as unsuitable for grassland bird conservation; (2) we calculated the 
average amount of unsuitable grassland habitat within all conser-
vation areas studied (i.e., Focal Landscapes and GBCA ensembles) 
based on Wiscland 2.0 (see above); and (3) we discarded any null 

TA B L E  1   Grassland- dependent songbird species in Wisconsin 
and their preferences for short, intermediate, or tall vegetation 
heights (i.e., shortgrass, midgrass, and tallgrass, respectively; 
Sample & Mossman, 1997)

Species name Scientific name
Species 
code

Grass height 
preference

Grasshopper 
sparrowa

Ammodramus 
savannarum

GRSP Shortgrass

Horned lark Eremophila 
alpestris

HOLA Shortgrass

Vesper sparrow Pooecetes 
gramineus

VESP Shortgrass

Western 
meadowlarka

Sturnella neglecta WEME Shortgrass

Bobolinka Dolichonyx 
oryzivorus

BOBO Midgrass

Dickcissela Spiza americana DICK Midgrass

Eastern 
meadowlarka

Sturnella magna EAME Midgrass

Savannah 
sparrow

Passerculus 
sandwichensis

SAVS Midgrass

Henslow's 
sparrowa

Centronyx 
henslowii

HESP Tallgrass

Sedge wren Cistothorus 
platensis

SEWR Tallgrass

aWisconsin Species of Greatest Concern (Wisconsin Department of 
Natural Resources, 2015).

F I G U R E  2   Schematic of three simulation scenarios to assess the 
placement of current conservation areas for grassland songbirds. 
(a) Population baselines in Focal Landscapes are tested against 
replicate landscapes randomly placed across suitable grassland 
habitats in the state (“Focal Landscape vs statewide” scenario); 
(b) population baselines in current GBCA ensembles within Focal 
Landscapes are tested against GBCA ensembles placed randomly 
across suitable grassland habitats in the state (“GBCA vs statewide” 
scenario); and (c) population baselines in GBCA ensembles are 
tested against random replicate ensembles in suitable grassland 
areas within their associated Focal Landscapes (“GBCA vs Focal 
Landscape” scenario). Focal Landscapes refer to areas with high 
amounts of grasslands (i.e., grassy matrix) and low amounts of 
hostile habitat (i.e., urban, forest). GBCA ensembles refer to all 
Grassland Bird Conservation Areas within a Focal Landscape
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replicates that encompassed more than 20% of unsuitable grassland 
bird habitat (average amount of unsuitable habitat among the stud-
ied conservation areas) and replaced them with replicates that fell in 
areas with <20% of unsuitable habitat, thus ensuring comparability 
with current conservation areas (replicates included in the analysis 
are found in Appendix S4).

Finally, we calculated the mean population density of each repli-
cate landscape using the same approach as the population baselines 
in the existing conservation areas. We defined an existing conser-
vation area of interest (i.e., Focal Landscapes or GBCA ensemble) 
to have representation for a given species when the corresponding 
population baseline density was greater than the 90% confidence in-
terval of the densities generated from the randomly placed replicate 
areas (Nunes & Pearson, 2017; Thornton et al., 2016; see Appendix 
S4 for details), thus indicating that densities were significantly 
higher within an existing conservation area than expected by ran-
dom chance. We conducted these spatial randomization tests under 
three different scenarios.

“Focal Landscape vs statewide” scenario: Do existing Focal 
Landscapes overlap with higher densities of grassland songbirds rela-
tive to other suitable grassland areas in the state? We tested whether 
population densities in each Focal Landscape were significantly 
higher relative to randomly placed replicates in suitable grassland 
areas in the state (Figure 2a). In doing so, we predicted that the Focal 
Landscapes would have representation for several grassland song-
birds than randomly placed areas that are similar in amount of suit-
able habitat.

“GBCA vs statewide” scenario: Do GBCA ensembles within Focal 
Landscapes overlap with higher densities of grassland songbirds relative 
to other suitable grassland areas across the state? We tested whether 
the ensemble of GBCAs embedded within the Focal Landscapes 
was associated with higher population densities for grassland song-
birds relative to replicate GBCAs placed randomly within suitable 
grassland areas in the state. To do this, we randomly placed individ-
ual GBCAs of each Focal Landscape in suitable grassland habitats 
across the state, thus simulating GBCA ensembles unconstrained by 
Focal Landscape boundaries (Figure 2b). Individual GBCAs were not 
allowed to overlap with one another to ensure that the replicates 
GBCA ensembles were made up of disjunct conservation areas. We 
predicted that all existing GBCA ensembles would have significantly 
higher population densities for more grassland bird species than 
these randomly placed GBCAs.

“GBCA vs Focal Landscape” scenario: Do GBCAs within Focal 
Landscapes overlap with higher population densities of grassland 
songbirds relative to other suitable grassland areas across the Focal 
Landscape? Using the same approach as the “GBCA vs statewide” 
scenario, we constrained the sampling region to the current extents 
of the corresponding Focal Landscape (Figure 2c). We predicted that 
the current location of all GBCAs would be associated with higher 
population densities for more grassland songbirds than other ran-
domly placed GBCAs within the Focal Landscapes.

All analyses described above were developed and conducted in 
R (R Core Team, 2020).

3  | RESULTS

3.1 | Model results

Of the 10 species studied, the most detected species was Savannah 
sparrow (1014 individuals at 814 sites), and the least commonly de-
tected species were Henslow's sparrow (26 individuals at 22 sites) 
and western meadowlark (12 individuals at 12 sites). Bobolink, dick-
cissel, and western meadowlark were the only species that had a low 
model fit (chi- square p- value of <.05). Most models had overdisper-
sion estimates between 1 and 2, except for dickcissel, Henslow's 
sparrow, and western meadowlark. Spline correlograms showed 
Moran's I estimates centered around zero, with quantiles overlapping 
with zero, therefore indicating a lack of residual spatial autocorrela-
tion (Dormann et al., 2007). Spearman's rho (rs) was positive between 
observed and predicted densities for all species (rs = 0.03 to 0.3) with 
the lowest correlations for species observed the least (grasshopper 
sparrow (rs = 0.07); Henslow's sparrow (rs = 0.05); and western mead-
owlark (rs = 0.03)). Lower correlations in datasets with large numbers 
of zeros (such as these rarer species) result from predicted densities 
having an adjustment for detectability, which binds values away from 
zero. AUC scores ranged from 0.69 to 0.9, except for the western 
meadowlark (AUC = 0.4), and thus, the western meadowlark was ex-
cluded from the rest of the analysis due to low predictive accuracy. 
As expected, population densities tended to increase with increas-
ing grassland or agriculture land cover and decrease with increasing 
urban or forest areas, but these relationships varied across species 
(see Appendix S2 for full details on model results and assessment).

3.2 | Spatial density patterns

We found variation among the density patterns of the nine obligate 
grassland songbirds, but Southwest Wisconsin appeared to be an 
area with the highest density for most of the species (Figure 3). The 
minimum sets of 1 × 1 km grid cells that include 20% of the statewide 
populations for all species studied were smaller than the size of the 
existing conservation network (i.e., all three Focal Landscapes com-
bined; full results in Appendix S3). Furthermore, the existing conser-
vation network did not meet the target of protecting 20% statewide 
population for any of the species studied (Figure 4). The species with 
the highest population percentage within the conservation network 
were eastern meadowlark and dickcissel (midgrass specialists) and 
horned lark (shortgrass specialist; Figure 4). In contrast, less than 
10% of statewide populations were within the conservation network 
for vesper sparrow (shortgrass specialist) and sedge wren (tallgrass 
specialist; Figure 4).

3.3 | Contemporary population baselines

Across all species, mean population densities in the Focal Landscapes 
were similar to or higher than statewide average estimates 
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(Table 2). The SWGSCA Focal Landscape had consistently higher 
population densities compared with the other two Focal Landscapes; 
the CWGCA Focal Landscape had equal to or lower population den-
sities than the WPHRA (Table 2; see Appendices S5– S7 for details). 
These contemporary population baselines could be used to inform 
future conservation management success.

In the “Focal Landscape vs statewide” scenario, the Focal 
Landscape with the highest representation of grassland- dependent 
birds was SWGSCA (seven out of nine species), followed by the 
CWGCA (two out of nine species). The WPHRA had no species 
with higher densities in the focal landscape relative to random 
replicates (Figure 5). We also found two species (vesper sparrow 
and sedge wren) that were not represented in any of the Focal 
Landscapes (Figure 5). We found a similar pattern of representation 
in the “GBCA vs statewide” scenario, with the GBCA ensemble of 
SWGSCA having the highest representation values (four out of nine 
species), followed by the GBCA ensembles of CWGCA (four out of 
nine species). We also found three species (horned lark, vesper spar-
row, and sedge wren) without higher densities between any current 

GBCA ensembles and GBCA replicates outside Focal Landscapes 
(Figure 6). Species representation between these two types of con-
servation areas (i.e., Focal Landscapes and GBCAs) was similar rel-
ative to statewide replicates, with the exception of horned lark not 
being represented in the “GBCA vs statewide” scenario.

In the “GBCA vs Focal Landscape” scenario, the GBCA ensemble 
in the CWGCA Focal Landscape had the highest representation of 
species (seven out of nine) relative to replicate GBCAs within the 
Focal Landscape, followed by the WPHRA (four out of nine species; 
Figure 7). Under this scenario, we did not find any species having 
higher representation within the GBCAs of the SWGSCA Focal 
Landscape. Finally, Savannah sparrow did not have significantly 
higher densities in any GBCA ensemble compared with the Focal 
Landscape (Figure 7). Species representation was higher in the 
“GBCA vs Focal Landscape” scenario (eight out of nine species) than 
in the “GBCA vs statewide” scenario (six out of nine species). Across 
all scenarios, the midgrass specialists tended to be the most rep-
resented by this conservation network than shortgrass or tallgrass 
specialists (Figures 5- 7).

F I G U R E  3   Optimal spatial planning for nine obligate grassland songbirds grouped by habitat specialism (blue for shortgrass specialists, 
purple for midgrass specialists, and green for tallgrass specialists). Blue pixels represent the smallest set of 1- km2 grid cells that were 
predicted to encompass at least 20% of the statewide population. Outlines of existing Focal Landscapes are overlaid in black
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4  | DISCUSSION

Mismatches between the placement of conservation areas and bio-
diversity hot spots often result from a lack of explicit information 
on abundance or demographic rates when establishing protected 
areas (Johnson et al., 2010) and competing interests from other 
conservation or land use priorities (Jenkins et al., 2015). Here, we 
used a statewide citizen science effort to develop a spatial assess-
ment of an existing grassland conservation network and evaluated 
the representation of bird populations within strategically placed 

grassland conservation areas. These findings provide a “snapshot” 
of the representation of grassland bird communities in these priority 
areas relative to the broader jurisdictional scales over which con-
servation and land acquisition decisions are made. In doing so, we 
compared the representation of obligate grassland songbirds within 
this conservation network with both optimal and random spatial 
planning approaches. Overall, we found the existing conservation 
network to have a low representation when compared to optimal 
conservation targets. Specifically, no species met the target of 20% 
statewide population protected within the existing conservation 
network, despite the size of this network being larger than the mini-
mum area required to meet this target under an optimal planning 
approach. When the existing conservation network was compared 
to three randomization scenarios, we found it to have representation 
for more than half of the species studied. However, representation 
varied across scenarios, conservation areas, and species, thus high-
lighting the importance of conducting conservation assessments 
that consider multiple species and scales.

Anthropogenic disturbances disproportionately impact habi-
tat specialists relative to habitat generalists (Keinath et al., 2017). 
Consequently, there is a need to implement targeted conservation 
to meet the distinct habitat requirements of species assemblages. 
The establishment of GBCAs is considered an essential tool for the 
conservation of grassland obligate birds in North America (Johnson 
et al., 2010), and in Wisconsin, the identification of Focal Landscapes 
served as a guide for the spatial prioritization of GBCAs. We found 
that this hierarchical approach results in the representation of 
seven out of the nine species studied in multiple GBCA ensembles, 
which could be a reflection of the ability of some of these species 
to use both agricultural and non- agricultural grasslands (Guttery 
et al., 2017; Nocera et al., 2007). The higher species representation 
in the “GBCAs vs statewide” scenario compared with the “Focal 
Landscapes vs statewide” scenario highlights the importance of 

F I G U R E  4   Percentage of statewide population within existing 
Focal Landscapes. Colors distinguish between habitat specialists 
(blue for shortgrass specialists, purple for midgrass specialists, 
and green for tallgrass specialists). Refer to Table 1 for species 
abbreviations. Dotted black line represents the conservation target 
of 20% of statewide population to be within existing conservation 
areas (i.e., Focal Landscapes). Dotted red line represents the 10% 
threshold for IUCN’s critically endangered status (Johnston et al., 
2020)

TA B L E  2   Mean densities per km2 for each grassland bird species within Focal Landscapes and the state based on model coefficient 
averages (see Appendices S5– S6 for further details)

Species name Scientific name

SWGSCA CWGCA WPHRA State

Sample 
size = 1945 × 1 km2

Sample 
size = 3670 × 1 km2

Sample 
size = 1631 × 1 km2

Sample 
size = 140,780 × 1 km2

Grasshopper 
sparrow

Ammodramus 
savannarum

0.22a 0.08a 0.10a 0.06

Horned lark Eremophila alpestris 2.59a 0.63a 1.15a 0.48

Vesper sparrow Pooecetes gramineus 0.37a 0.26a 0.34a 0.24

Bobolink Dolichonyx oryzivorus 1.27a 0.55a 0.59a 0.30

Dickcissel Spiza americana 3.96a 0.93a 1.46a 0.64

Eastern meadowlark Sturnella magna 1.37a 0.24a 0.38a 0.17

Savannah sparrow Passerculus sandwichensis 4.76a 2.59a 2.80a 1.25

Henslow's sparrow Centronyx henslowii 0.18a 0.03 0.05a 0.03

Sedge wren Cistothorus platensis 0.74a 0.62a 0.48 0.53

Mean 1.71a 0.60a 0.74a 0.37

aMean densities that are higher in a given Focal Landscape than the state.
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targeted initiatives for the conservation of obligate grassland birds 
relative to broadly targeted grassland management. Other strategic 
approaches could be adopted for species that are currently under-
represented within this hierarchical approach. Importantly, GBCAs 
aligned with density hot spots for all but Savannah sparrow when 
evaluated within smaller spatial scales (i.e., Focal Landscapes). These 
findings suggest that the degree of obligate grassland bird repre-
sentation within GBCAs depends on the spatial extent (i.e., state-
wide vs. within Focal Landscapes), and highlights the importance of 
landscape- scale simulations across multiple species and scales for 
conservation planning assessments.

In many cases, the establishment of grassland conservation 
areas often focuses on the protection of a single species or group 
of species (e.g., waterfowl, Grant et al., 2017). These umbrella spe-
cies serve as surrogates for the conservation of other grassland- 
dependent species, but the habitat requirements of umbrella species 

could make them an unsuitable surrogate for grassland- dependent 
songbirds (Grant et al., 2017; McNew et al., 2015). Differences in 
land management goals among Focal Landscape could explain dif-
ferences in their representation of the grassland bird assemblage 
studied. For example, the SWGSCA was originally established in 
areas of tallgrass prairie that was historically the dominant plant 
community (Wisconsin Department of Natural Resources, 2009). 
In contrast, the CWGCA is primarily managed for the greater prai-
rie chicken (Tympanuchus cupido), another state- threatened species 
(Hardy et al., 2020; Wisconsin Department of Natural Resources, 
2004), and the WPHRA was primarily established for the conserva-
tion of both waterfowl and grassland birds (Wisconsin Department 
of Natural Resources, 2020). Unsurprisingly, we found SWGSCA 
to have the highest representation of grassland- dependent birds 
among the three Focal Landscapes. These results suggest that con-
servation targets are concentrated in one Focal Landscape with the 

F I G U R E  5   Spatial simulation testing for significantly higher population densities within existing Focal Landscapes relative to random 
placement in suitable grassland habitats across the state. (a) Scaled population densities from individual Focal Landscapes against null 
replicates for each species. Gray circles represent 50% quantile, and the black lines represent 10– 90% quantiles. Cases with colored 
circles outside of solid lines represent population densities in existing Focal Landscapes that are significantly higher than random. (b) 
Diagram representing significant and nonsignificant cases for each Focal Landscape. (c) Diagram legend indicating the order of the circles 
as being WPHRA in the top left circle, CWGCA in the top right circle, and SWGSCA in the bottom. Significant cases refer to species 
where their estimated population densities within Focal Landscapes fell within the top 10% of the null distribution of replicate population 
densities. Colors represent the grassland habitat of each species. CWGCA, Central Wisconsin Grasslands Conservation Area; SWGSCA, 
Southwest Grasslands and Stream Conservation Area; and WPHRA, Western Prairie Habitat Restoration Area. Refer to Table 1 for species 
abbreviations
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other areas having limited unique contributions to the conservation 
of the entire assemblage. Our findings highlight that the origins of 
the different conservation areas and their goals for targeting specific 
surrogates could have implications for the representation of other 
habitat specialist species in these conservation networks.

Citizen science has emerged worldwide (Dickinson et al., 2010) 
with initiatives targeting terrestrial and marine organisms (Norman 
et al., 2017; Sullivan et al., 2014). A major benefit of structured cit-
izen science initiatives, such as breeding bird atlases, is the use of 
the standardized protocol in the collection of species- rich data (La 
Sorte et al., 2018). These types of programs allow for direct compar-
isons across species with different ecological requirements and life 
histories and are an important tool in multitargeted evaluations of 
conservation planning. In this study, we found the existing conser-
vation areas to have a higher representation for species that prefer 
intermediate- height vegetation. This pattern can be explained by 
shortgrass specialists having some of the lowest sensitivity to urban 

and forested areas in our models (i.e., horned lark and vesper spar-
row, Appendix S2), which would result in density estimates to be 
widespread across the state rather than concentrated in grassland 
hot spots. The sedge wren, a tallgrass specialist, was not represented 
by either Focal Landscapes or GBCA ensembles relative to the rest 
of the state. This can be explained by its association with wet prairie 
and idle planted grasslands (Elliott & Johnson, 2018) and its sensi-
tivity to agricultural management practices that reduce late succes-
sional patches of dense herbaceous and woody vegetation that 
sedge wren use for foraging and cover from predators (Marx et al., 
2008). Overall, our findings highlight the need for spatial planning 
of grassland conservation networks to account for heterogeneous 
habitats and integrate multispecies assessments (Elliott & Johnson, 
2017; Nocera et al., 2007; Thogmartin et al., 2006).

Predictions of species occupancy or abundance are essential for 
informing conservation planning, but caution is required in the inter-
pretation of these models. For example, while a traditional approach 

F I G U R E  6   Spatial simulation testing for higher grassland bird densities within existing GBCA ensembles relative to random placement 
in suitable grassland habitats across the state. (a) Scaled population densities from individual GBCA ensembles against null replicates. 
Gray circles represent 50% quantile, and the black lines represent 10– 90% quantiles. Cases with colored circles fall outside of solid lines 
represent population densities in existing GBCA ensembles that are significantly higher than random. (b) Diagram representing significant 
and nonsignificant cases for each GBCA ensemble. (c) Diagram legend indicating the order of the circles as being WPHRA in the top left 
circle, CWGCA in the top right circle, and SWGSCA in the bottom. Significant cases refer to species with estimated population densities 
within GBCA ensembles that fell within the top 10% of the null distribution of population densities. Colors represent the grassland habitat of 
each species. CWGCA, Central Wisconsin Grasslands Conservation Area; SWGSCA, Southwest Grasslands and Stream Conservation Area; 
WPHRA, Western Prairie Habitat Restoration Area. Refer to Table 1 for species abbreviations
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is to assign a common scale of effect across multiple species and 
covariates (i.e., Sólymos et al., 2020), our approach does not account 
for species– environment associations occurring across a diversity of 
scales (Jackson & Fahrig, 2012; Stuber & Fontaine, 2019). Among 
our sampled species, models also varied in their predictive perfor-
mance. This variation may be due to inappropriate choice of predic-
tors, spatial scales, or the need for targeted surveys for more rarely 
observed species, such as Henslow's sparrow and western meadow-
lark. Future work could include a multispecies approach when esti-
mating model coefficients of rare species (e.g., Gomez et al., 2018). 
Finally, our analysis did not account for the connectivity of grassland 
patches, which may be important in identifying landscapes that are 
large enough to accommodate viable populations of grassland birds.

Grassland birds are of national and international conservation 
concern given the pronounced declines in North America, Great 
Britain, and western Europe (Askins et al., 2007; McCracken, 2005), 
and the challenges of developing conservation networks within 

a mosaic of competing land uses and socioeconomic activities 
(Dallimer & Strange, 2015; Thogmartin et al., 2014). For example, 
in the alpine grasslands of the Qinghai– Tibetan Plateau, less than 
30% of grassland biodiversity hot spots were found inside protected 
areas (Su et al., 2019). Landscape- scale simulations can help guide 
and evaluate the placement of conservation areas with alterna-
tive planning scenarios (Cannon et al., 2020; Dorning et al., 2015). 
However, there have been few attempts at testing whether biodiver-
sity metrics measured within existing conservation areas are distinct 
from the broader landscape (but see Thornton et al., 2016 for an 
example). A spatial randomization approach is useful in determining 
whether the placement of conservation networks are effective at 
protecting unique or uncommon ecological features (Thornton et al., 
2016). Here, we implemented a spatial randomization approach that 
has the distinct feature of generating replicates with the same shape 
and size of the conservation areas of interest. By maintaining the 
same spatial structure between replicate and actual conservation 

F I G U R E  7   Spatial simulation testing for higher grassland bird population densities within current GBCA ensembles relative to random 
placement in suitable grassland habitats within the focal landscape. (a) Scaled population densities from individual GBCA ensembles against 
null replicates. Gray circles represent 50% quantile, and the black lines represent 10– 90% quantiles. Cases with colored circles fall outside 
of solid lines represent population densities in existing GBCA ensembles that are significantly higher than random. (b) Diagram representing 
significant and nonsignificant cases for each GBCA ensemble. (c) Diagram legend indicating the order of the circles as being WPHRA in 
the top left circle, CWGCA in the top right circle, and SWGSCA in the bottom. Significant cases refer to species with estimated population 
densities within GBCA ensembles that fell within the top 10% of the null distribution of population densities. Colors represent the 
grassland habitat of each species. CWGCA, Central Wisconsin Grasslands Conservation Area; SWGSCA, Southwest Grasslands and Stream 
Conservation Area; and WPHRA, Western Prairie Habitat Restoration Area. Refer to Table 1 for species abbreviations
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areas, significant differences between the two types of conserva-
tion areas are less likely to be detected, thus reducing the likelihood 
of falsely rejecting the null hypothesis (Beale et al., 2008). Given the 
projected changes in grassland land cover in this region (Lark, 2020), 
this spatial modeling approach can be useful in assessing shifts in 
conservation representation under future land use scenarios. This 
randomization approach can be further modified to identify can-
didate grassland landscapes for future grassland bird conservation 
efforts in Wisconsin. While this study focused on evaluating the 
representation within the existing grassland conservation network, 
future work could include other optimal spatial planning approaches 
that integrate additional aspects of conservation decision- making 
such as land acquisition or restoration potential (e.g., Zonation or 
Marxan; Franklin et al., 2011; Kukkala & Moilanen, 2013) to inform 
potential expansions of the current conservation network.

5  | CONCLUDING REMARKS

With only 4.6% of native temperate grassland being protected 
globally (Carbutt et al., 2017; Hoekstra et al., 2004), it is impor-
tant to evaluate the overlap of these conservation areas with the 
distribution and abundance of declining grassland- dependent 
taxa. The identification of potential conservation gaps could in-
form management plans and future expansions of existing conser-
vation networks (Stem et al., 2005). In this study, we identified 
mismatches between an existing grassland conservation network 
and a rapidly declining assemblage of grassland- dependent birds. 
While our findings provide important information to regional con-
servation initiatives, this study also outlines a flexible framework 
that combines large- scale abundance data and spatial simulations 
with the potential to be applied to other conservation networks 
and serves as a complementary tool to conservation monitoring 
and spatial planning efforts globally. Large- scale biodiversity da-
tabases and advancements in spatial tests, combined with habitat 
availability information and expert judgment, are key components 
of conservation efforts to halt and reverse the global trends of 
biodiversity loss.

ACKNOWLEDG MENTS
We thank the Department of Forest and Wildlife Ecology, University 
of Wisconsin, Madison, for assistance with publication expenses. 
Any use of trade, firm, or product names is for descriptive purposes 
only and does not imply endorsement by the U.S. Government. We 
are grateful to Chris Latimer and Wayne Thogmartin for insightful 
comments on this work. We thank Ryan Brady, Nicholas M. Anich, 
and the Wisconsin’s Department of Natural Resources for providing 
access to the Wisconsin’s Breeding Bird Atlas II datasets. Research 
reported in this publication was supported by the U.S. Fish and 
Wildlife Service Region 3 Migratory Bird Program through an intera-
gency agreement with the U.S. Geological Survey to the University 
of Wisconsin- Madison (agreement number: G19AC00089) and the 
Wisconsin Department of Natural Resources.

CONFLIC T OF INTERE S T
The authors have no conflicts to declare.

AUTHOR CONTRIBUTION
Laura A. Nunes: Conceptualization (lead); Data curation (lead); 
Formal analysis (lead); Investigation (lead); Methodology (lead); 
Visualization (lead); Writing- original draft (lead); Writing- review & 
editing (lead). Christine A. Ribic: Conceptualization (equal); Funding 
acquisition (equal); Project administration (equal); Supervision 
(equal); Validation (equal); Writing- review & editing (equal). Benjamin 
Zuckerberg: Conceptualization (equal); Funding acquisition (equal); 
Project administration (equal); Resources (equal); Software (equal); 
Supervision (equal); Validation (equal); Writing- review & editing 
(equal).

OPEN RE SE ARCH BADG E S

This article has earned an Open Data badge for making publicly 
available the digitally- shareable data necessary to reproduce the 
reported results. The data is available at https://doi.org/10.5061/
dryad.cnp5h qc5p.

DATA AVAIL ABILIT Y S TATEMENT
The formatted data that support the findings of this study, includ-
ing spatially explicit population density predictions, land cover, and 
climate measurements for Wisconsin and R code for conducting the 
RTR analysis, are available at Dryad: https://doi.org/10.5061/dryad.
cnp5h qc5p.

ORCID
Laura A. Nunes  https://orcid.org/0000-0002-7623-5899 
Christine A. Ribic  https://orcid.org/0000-0003-2583-1778 
Benjamin Zuckerberg  https://orcid.org/0000-0001-7412-4354 

R E FE R E N C E S
Askins, R. A., Chávez- Ramírez, F., Dale, B. C., Haas, C. A., Herkert, J. 

R., Knopf, F. L., & Vickery, P. D. (2007). Conservation of grassland 
birds in North America: Understanding ecological processes in dif-
ferent regions. Ornithological Monographs, 64, 1– 46. https://doi.
org/10.2307/40166905

Ball, J. R., Sólymos, P., Schmiegelow, F. K. A., Hache, S., Schieck, J., & 
Bayne, E. (2016). Regional habitat needs of a nationally listed 
species, Canada Warbler (Cardellina canadensis), in Alberta, 
Canada. Avian Conservation and Ecology, 11(2), art10. https://doi.
org/10.5751/ACE- 00916 - 110210

Beale, C. M., Lennon, J. J., & Gimona, A. (2008). Opening the climate 
envelope reveals no macroscale associations with climate in 
European birds. Proceedings of the National Academy of Sciences, 
105(39), 14908– 14912. https://doi.org/10.1073/pnas.08035 
06105

Bjornstad, O. N., & Bjornstad, M. O. N. (2016). Package ‘ncf’. Spatial 
Nonparametric Covariance Functions.

Bonnet- Lebrun, A.- S., Karamanlidis, A. A., de Gabriel Hernando, M., 
Renner, I., & Gimenez, O. (2020). Identifying priority conserva-
tion areas for a recovering brown bear population in Greece using 

https://doi.org/10.5061/dryad.cnp5hqc5p
https://doi.org/10.5061/dryad.cnp5hqc5p
https://doi.org/10.5061/dryad.cnp5hqc5p
https://doi.org/10.5061/dryad.cnp5hqc5p
https://orcid.org/0000-0002-7623-5899
https://orcid.org/0000-0002-7623-5899
https://orcid.org/0000-0003-2583-1778
https://orcid.org/0000-0003-2583-1778
https://orcid.org/0000-0001-7412-4354
https://orcid.org/0000-0001-7412-4354
https://doi.org/10.2307/40166905
https://doi.org/10.2307/40166905
https://doi.org/10.5751/ACE-00916-110210
https://doi.org/10.5751/ACE-00916-110210
https://doi.org/10.1073/pnas.0803506105
https://doi.org/10.1073/pnas.0803506105


16018  |     NUNES Et al.

citizen science data. Animal Conservation, 23(1), 83– 93. https://doi.
org/10.1111/acv.12522

Bradter, U., Mair, L., Jönsson, M., Knape, J., Singer, A., & Snäll, T. 
(2018). Can opportunistically collected Citizen Science data fill a 
data gap for habitat suitability models of less common species? 
Methods in Ecology and Evolution, 9(7), 1667– 1678. https://doi.
org/10.1111/2041- 210X.13012

Buxton, V. L., & Benson, T. J. (2016). Conservation- priority grassland 
bird response to urban landcover and habitat fragmentation. 
Urban Ecosystems, 19(2), 599– 613. https://doi.org/10.1007/s1125 
2- 016- 0527- 3

Cannon, J. B., Gannon, B. M., Feinstein, J. A., Padley, E. A., & Metz, L. 
J. (2020). Simulating spatial complexity in dry conifer forest res-
toration: Implications for conservation prioritization and scenario 
evaluation. Landscape Ecology, 35(10), 2301– 2319. https://doi.
org/10.1007/s1098 0- 020- 01111 - 8

Cantú- Salazar, L., & Gaston, K. J. (2013). Species richness and represen-
tation in protected areas of the Western hemisphere: Discrepancies 
between checklists and range maps. Diversity and Distributions, 
19(7), 782– 793. https://doi.org/10.1111/ddi.12034

Carbutt, C., Henwood, W. D., & Gilfedder, L. A. (2017). Global plight of 
native temperate grasslands: Going, going, gone? Biodiversity and 
Conservation, 26(12), 2911– 2932. https://doi.org/10.1007/s1053 
1- 017- 1398- 5

Dallimer, M., & Strange, N. (2015). Why socio- political borders and 
boundaries matter in conservation. Trends in Ecology & Evolution, 
30(3), 132– 139. https://doi.org/10.1016/j.tree.2014.12.004

Daly, C., Halbleib, M., Smith, J. I., Gibson, W. P., Doggett, M. K., Taylor, 
G. H., Curtis, J., & Pasteris, P. P. (2008). Physiographically sensitive 
mapping of climatological temperature and precipitation across the 
conterminous United States. International Journal of Climatology: 
A Journal of the Royal Meteorological Society, 28(15), 2031– 2064. 
https://doi.org/10.1002/joc.1688

Dickinson, J. L., Zuckerberg, B., & Bonter, D. N. (2010). Citizen science as 
an ecological research tool: Challenges and benefits. Annual Review 
of Ecology, Evolution, and Systematics, 41(1), 149– 172. https://doi.
org/10.1146/annur ev- ecols ys- 10220 9- 144636

Diefenbach, D. R., Brauning, D. W., & Mattice, J. A. (2003). Variability 
in grassland bird counts related to observer differences and spe-
cies detection rates. The Auk, 120(4), 1168– 1179. https://doi.
org/10.1093/auk/120.4.1168

Dinkins, M. F., Igl, L. D., Shaffer, J. A., Johnson, D. H., Zimmerman, A. 
L., Parkin, B. D., Goldade, C. M., & Euliss, B. R. (2019). The effects 
of management practices on grassland birds— Horned Lark (Eremophila 
alpestris) (Report No. 1842U; Professional Paper, pp. 34). USGS 
Publications Warehouse. https://doi.org/10.3133/pp1842U

Dorazio, R. M., Jelks, H. L., & Jordan, F. (2005). Improving removal- based 
estimates of abundance by sampling a population of spatially dis-
tinct subpopulations. Biometrics, 61(4), 1093– 1101. https://doi.
org/10.1111/j.1541- 0420.2005.00360.x

Dormann, C. F., McPherson, J. A., Araújo, M. B., Bivand, R., Bolliger, 
J., Carl, G., Davies, R. G., Hirzel, A., Jetz, W., Daniel Kissling, 
W., Kühn, I., Ohlemüller, R., Peres- Neto, P. R., Reineking, B., 
Schröder, B., Schurr, F. M., & Wilson, R. (2007). Methods to ac-
count for spatial autocorrelation in the analysis of species distri-
butional data: A review. Ecography, 30(5), 609– 628. https://doi.
org/10.1111/j.2007.0906- 7590.05171.x

Dorning, M. A., Koch, J., Shoemaker, D. A., & Meentemeyer, R. K. (2015). 
Simulating urbanization scenarios reveals tradeoffs between con-
servation planning strategies. Landscape and Urban Planning, 136, 
28– 39. https://doi.org/10.1016/j.landu rbplan.2014.11.011

Drum, R. G., Ribic, C. A., Koch, K., Lonsdorf, E., Grant, E., Ahlering, M., 
Barnhill, L., Dailey, T., Lor, S., Mueller, C., Pavlacky, D. C., Rideout, 
C., & Sample, D. (2015). Strategic grassland bird conservation 
throughout the annual cycle: Linking policy alternatives, landowner 

decisions, and biological population outcomes. PLoS One, 10(11), 
e0142525. https://doi.org/10.1371/journ al.pone.0142525

Elliott, L. H., & Johnson, D. H. (2017). Local- scale habitat associ-
ations of grassland birds in Southwestern Minnesota. The 
American Midland Naturalist, 178(2), 165– 188. https://doi.
org/10.1674/0003- 0031- 178.2.165

Elliott, L. H., & Johnson, D. H. (2018). The grasshopper sparrow as an 
indicator species in tallgrass prairies: Grasshopper Sparrow as 
Indicator Species. The Journal of Wildlife Management, 82(5), 1074– 
1081. https://doi.org/10.1002/jwmg.21447

Farnsworth, G. L., Pollock, K. H., Nichols, J. D., Simons, T. R., Hines, J. 
E., & Sauer, J. R. (2002). A removal model for estimating detection 
probabilities from point- count surveys. The Auk, 119(2), 414– 425. 
https://doi.org/10.1093/auk/119.2.414

Fiske, I., & Chandler, R. (2011). unmarked: An R package for fitting hi-
erarchical models of wildlife occurrence and abundance. Journal 
of Statistical Software, 43(10), 1– 23. https://doi.org/10.18637/ jss.
v043.i10

Franklin, J., Regan, H. M., Hierl, L. A., Deutschman, D. H., Johnson, B. S., 
& Winchell, C. S. (2011). Planning, implementing, and monitoring 
multiple- species habitat conservation plans. American Journal of 
Botany, 98(3), 559– 571. https://doi.org/10.3732/ajb.1000292

Gibbons, D. W., Donald, P. F., Bauer, H.- G., Fornasari, L., & Dawson, I. K. 
(2007). Mapping avian distributions: The evolution of bird atlases. 
Bird Study, 54(3), 324– 334. https://doi.org/10.1080/00063 65070 
9461492

Gomez, J. P., Robinson, S. K., Blackburn, J. K., & Ponciano, J. M. (2018). 
An efficient extension of N- mixture models for multi- species abun-
dance estimation. Methods in Ecology and Evolution, 9(2), 340– 353. 
https://doi.org/10.1111/2041- 210X.12856

Gotelli, N. J. (2001). Research frontiers in null model analysis. 
Global Ecology and Biogeography, 10(4), 337– 343. https://doi.
org/10.1046/j.1466- 822X.2001.00249.x

Graham, L. J., Haines- Young, R. H., & Field, R. (2015). Using citizen sci-
ence data for conservation planning: Methods for quality control 
and downscaling for use in stochastic patch occupancy modelling. 
Biological Conservation, 192, 65– 73. https://doi.org/10.1016/j.
biocon.2015.09.002

Grant, T. A., Shaffer, T. L., Madden, E. M., & Nenneman, M. P. (2017). 
Contrasting nest survival patterns for ducks and songbirds in 
northern mixed- grass prairie. The Journal of Wildlife Management, 
81(4), 641– 651. https://doi.org/10.1002/jwmg.21224

Guttery, M. R., Ribic, C. A., Sample, D. W., Paulios, A., Trosen, C., 
Dadisman, J., Schneider, D., & Horton, J. A. (2017). Scale- specific 
habitat relationships influence patch occupancy: Defining neigh-
borhoods to optimize the effectiveness of landscape- scale grass-
land bird conservation. Landscape Ecology, 32(3), 515– 529. https://
doi.org/10.1007/s1098 0- 016- 0462- y

Hardy, M. A., Broadway, M. S., Pollentier, C. D., Radeloff, V. C., Riddle, J. 
D., Hull, S. D., & Zuckerberg, B. (2020). Responses to land cover and 
grassland management vary across life- history stages for a grass-
land specialist. Ecology and Evolution, 10(23), 12777– 12791. https://
doi.org/10.1002/ece3.6805

Herkert, J. R. (2019). The effects of management practices on grassland 
birds— Henslow’s Sparrow (Centronyx henslowii) (Report No. 1842II; 
Professional Paper, p. 24). USGS Publications Warehouse. https://
doi.org/10.3133/pp1842II

Hesselbarth, M. H., Sciaini, M., With, K. A., Wiegand, K., & Nowosad, 
J. (2019). landscapemetrics: An open- source R tool to calculate 
landscape metrics. Ecography, 42(10), 1648– 1657. https://doi.
org/10.1111/ecog.04617

Hoekstra, J. M., Boucher, T. M., Ricketts, T. H., & Roberts, C. (2004). 
Confronting a biome crisis: Global disparities of habitat loss and 
protection: Confronting a biome crisis. Ecology Letters, 8(1), 23– 29. 
https://doi.org/10.1111/j.1461- 0248.2004.00686.x

https://doi.org/10.1111/acv.12522
https://doi.org/10.1111/acv.12522
https://doi.org/10.1111/2041-210X.13012
https://doi.org/10.1111/2041-210X.13012
https://doi.org/10.1007/s11252-016-0527-3
https://doi.org/10.1007/s11252-016-0527-3
https://doi.org/10.1007/s10980-020-01111-8
https://doi.org/10.1007/s10980-020-01111-8
https://doi.org/10.1111/ddi.12034
https://doi.org/10.1007/s10531-017-1398-5
https://doi.org/10.1007/s10531-017-1398-5
https://doi.org/10.1016/j.tree.2014.12.004
https://doi.org/10.1002/joc.1688
https://doi.org/10.1146/annurev-ecolsys-102209-144636
https://doi.org/10.1146/annurev-ecolsys-102209-144636
https://doi.org/10.1093/auk/120.4.1168
https://doi.org/10.1093/auk/120.4.1168
https://doi.org/10.3133/pp1842U
https://doi.org/10.1111/j.1541-0420.2005.00360.x
https://doi.org/10.1111/j.1541-0420.2005.00360.x
https://doi.org/10.1111/j.2007.0906-7590.05171.x
https://doi.org/10.1111/j.2007.0906-7590.05171.x
https://doi.org/10.1016/j.landurbplan.2014.11.011
https://doi.org/10.1371/journal.pone.0142525
https://doi.org/10.1674/0003-0031-178.2.165
https://doi.org/10.1674/0003-0031-178.2.165
https://doi.org/10.1002/jwmg.21447
https://doi.org/10.1093/auk/119.2.414
https://doi.org/10.18637/jss.v043.i10
https://doi.org/10.18637/jss.v043.i10
https://doi.org/10.3732/ajb.1000292
https://doi.org/10.1080/00063650709461492
https://doi.org/10.1080/00063650709461492
https://doi.org/10.1111/2041-210X.12856
https://doi.org/10.1046/j.1466-822X.2001.00249.x
https://doi.org/10.1046/j.1466-822X.2001.00249.x
https://doi.org/10.1016/j.biocon.2015.09.002
https://doi.org/10.1016/j.biocon.2015.09.002
https://doi.org/10.1002/jwmg.21224
https://doi.org/10.1007/s10980-016-0462-y
https://doi.org/10.1007/s10980-016-0462-y
https://doi.org/10.1002/ece3.6805
https://doi.org/10.1002/ece3.6805
https://doi.org/10.3133/pp1842II
https://doi.org/10.3133/pp1842II
https://doi.org/10.1111/ecog.04617
https://doi.org/10.1111/ecog.04617
https://doi.org/10.1111/j.1461-0248.2004.00686.x


     |  16019NUNES Et al.

Jackson, H. B., & Fahrig, L. (2012). What size is a biologically rele-
vant landscape? Landscape Ecology, 27(7), 929– 941. https://doi.
org/10.1007/s1098 0- 012- 9757- 9

Jenkins, C. N., Van Houtan, K. S., Pimm, S. L., & Sexton, J. O. (2015). 
US protected lands mismatch biodiversity priorities. Proceedings of 
the National Academy of Sciences, 112(16), 5081– 5086. https://doi.
org/10.1073/pnas.14180 34112

Johnson, R. R., Granfors, D. A., Niemuth, N. D., Estey, M. E., & Reynolds, 
R. E. (2010). Delineating grassland bird conservation areas in the 
U.S. Prairie Pothole Region. Journal of Fish and Wildlife Management, 
1(1), 38– 42. https://doi.org/10.3996/JFWM- 022

Johnston, A., Auer, T., Fink, D., Strimas- Mackey, M., Iliff, M., Rosenberg, 
K. V., Brown, S., Lanctot, R., Rodewald, A. D., & Kelling, S. (2020). 
Comparing abundance distributions and range maps in spatial con-
servation planning for migratory species. Ecological Applications, 
30(3). https://doi.org/10.1002/eap.2058

Johnston, A., Fink, D., Reynolds, M. D., Hochachka, W. M., Sullivan, B. 
L., Bruns, N. E., Hallstein, E., Merrifield, M. S., Matsumoto, S., & 
Kelling, S. (2015). Abundance models improve spatial and tempo-
ral prioritization of conservation resources. Ecological Applications, 
25(7), 1749– 1756. https://doi.org/10.1890/14- 1826.1

Keinath, D. A., Doak, D. F., Hodges, K. E., Prugh, L. R., Fagan, W., 
Sekercioglu, C. H., Buchart, S. H. M., & Kauffman, M. (2017). A 
global analysis of traits predicting species sensitivity to habitat 
fragmentation: Species sensitivity. Global Ecology and Biogeography, 
26(1), 115– 127. https://doi.org/10.1111/geb.12509

Kukkala, A. S., & Moilanen, A. (2013). Core concepts of spatial prioritisa-
tion in systematic conservation planning. Biological Reviews, 88(2), 
443– 464. https://doi.org/10.1111/brv.12008

La Sorte, F. A., Lepczyk, C. A., Burnett, J. L., Hurlbert, A. H., Tingley, 
M. W., & Zuckerberg, B. (2018). Opportunities and challenges for 
big data ornithology. The Condor, 120(2), 414– 426. https://doi.
org/10.1650/CONDO R- 17- 206.1

Lark, T. J. (2020). Protecting our prairies: Research and policy actions 
for conserving America’s grasslands. Land Use Policy, 97, 104727. 
https://doi.org/10.1016/j.landu sepol.2020.104727

Marx, D. E., Hejl, S. J., & Herring, G. (2008). Wintering grassland bird 
habitat selection following summer prescribed fire in a Texas 
Gulf Coast Tallgrass Prairie. Fire Ecology, 4(2), 46– 62. https://doi.
org/10.4996/firee cology.0402046

Mazerolle, M. J. (2016). AICcmodavg: Model selection and multimodel 
inference based on (Q) AIC (c). R Package Version, 1.

McCabe, J. D., Anich, N. M., Brady, R. S., & Zuckerberg, B. (2018). Raising 
the bar for the next generation of biological atlases: Using existing 
data to inform the design and implementation of atlas monitoring. 
Ibis, 160(3), 528– 541. https://doi.org/10.1111/ibi.12561

McCracken, J. D. (2005). Where the bobolinks roam: The plight of North 
America’s Grassland Birds. Biodiversity, 6(3), 20– 29. https://doi.
org/10.1080/14888 386.2005.9712771

McNew, L. B., Winder, V. L., Pitman, J. C., & Sandercock, B. K. (2015). 
Alternative rangeland management strategies and the nest-
ing ecology of Greater Prairie- Chickens. Rangeland Ecology 
& Management, 68(3), 298– 304. https://doi.org/10.1016/j.
rama.2015.03.009

Morán- Ordóñez, A., Canessa, S., Bota, G., Brotons, L., Herrando, S., & 
Hermoso, V. (2018). Efficiency of species survey networks can 
be improved by integrating different monitoring approaches in a 
spatial prioritization design. Conservation Letters, 11(6), e12591. 
https://doi.org/10.1111/conl.12591

Murray, L. D., Ribic, C. A., & Thogmartin, W. E. (2008). Relationship 
of obligate grassland birds to landscape structure in Wisconsin. 
Journal of Wildlife Management, 72(2), 463– 467. https://doi.
org/10.2193/2006- 556

Niemuth, N. D., Dahl, A. L., Estey, M. E., & Loesch, C. R. (2007). 
Representation of landcover along breeding bird survey routes in 

the Northern Plains. Journal of Wildlife Management, 71(7), 2258– 
2265. https://doi.org/10.2193/2006- 281

Nocera, J. J., Forbes, G., & Milton, G. R. (2007). Habitat relationships of 
three grassland breeding bird species: Broadscale comparisons and 
hayfield management implications. Avian Conservation and Ecology, 
2(1), art7. https://doi.org/10.5751/ACE- 00127 - 020107

Norman, B. M., Holmberg, J. A., Arzoumanian, Z., Reynolds, S. D., Wilson, 
R. P., Rob, D., Pierce, S. J., Gleiss, A. C., de la Parra, R., Galvan, B., 
Ramirez- Macias, D., Robinson, D., Fox, S., Graham, R., Rowat, D., 
Potenski, M., Levine, M., Mckinney, J. A., Hoffmayer, E., … Morgan, 
D. L. (2017). Undersea constellations: The global biology of an en-
dangered marine megavertebrate further informed through citizen 
science. BioScience, 67(12), 1029– 1043. https://doi.org/10.1093/
biosc i/bix127

Nunes, L. A., & Pearson, R. G. (2017). A null biogeographical test for as-
sessing ecological niche evolution. Journal of Biogeography, 44(6), 
1331– 1343. https://doi.org/10.1111/jbi.12910

Pacifici, K., Reich, B. J., Miller, D. A. W., Gardner, B., Stauffer, G., Singh, 
S., McKerrow, A., & Collazo, J. A. (2017). Integrating multiple data 
sources in species distribution modeling: A framework for data fu-
sion. Ecology, 98(3), 840– 850. https://doi.org/10.1002/ecy.1710

Paulios, A. (2010). Wisconsin bird conservation initiative coordinator’s re-
port fall 2010. Wisconsin Department of Natural Resources.

R Core Team. (2020). R: A language and environment for statistical com-
puting. R Foundation for Statistical Computing. http://www.R- proje 
ct.org/

Ribic, C. A., Guttery, M. R., Sample, D. W., Schneider, D., Paulios, A., 
Dadisman, J., Horton, J. A., & Trosen, C. (2019). Base data for three 
focal landscapes in Wisconsin used for grassland bird conservation. 
Forest Service Research Data Archive. https://doi.org/10.2737/
RDS- 2018- 0065

Ribic, C. A., Koford, R. R., Herkert, J. R., Johnson, D. H., Niemuth, N. 
D., Naugle, D. E., Bakker, K. K., Sample, D. W., & Renfrew, R. B. 
(2009). Area sensitivity in north american grassland birds: Patterns 
and processes. The Auk, 126(2), 233– 244. https://doi.org/10.1525/
auk.2009.1409

Rosenberg, K. V., Dokter, A. M., Blancher, P. J., Sauer, J. R., Smith, A. C., 
Smith, P. A., Stanton, J. C., Panjabi, A., Helft, L., Parr, M., & Marra, 
P. P. (2019). Decline of the North American avifauna. Science, 
366(6461), 120– 124. https://doi.org/10.1126/scien ce.aaw1313

Royle, J. A. (2004). N- mixture models for estimating population size from 
spatially replicated counts. Biometrics, 60(1), 108– 115.

Sample, D. W., & Mossman, M. J. (1997). Managing habitat for grassland 
birds: A guide for Wisconsin. Dept. of Natural Resources, Bureau of 
Integrated Science Services.

Sauer, J. R., & Link, W. A. (2011). Analysis of the North American 
Breeding Bird survey using hierarchical models. The Auk, 128(1), 
87– 98. https://doi.org/10.1525/auk.2010.09220

Sólymos, P., Toms, J. D., Matsuoka, S. M., Cumming, S. G., Barker, N. K. S., 
Thogmartin, W. E., Stralberg, D., Crosby, A. D., Dénes, F. V., Haché, 
S., Mahon, C. L., Schmiegelow, F. K. A., & Bayne, E. M. (2020). 
Lessons learned from comparing spatially explicit models and the 
Partners in Flight approach to estimate population sizes of boreal 
birds in Alberta, Canada. The Condor, 122. https://doi.org/10.1093/
condo r/duaa007

Stem, C., Margoluis, R., Salafsky, N., & Brown, M. (2005). Monitoring 
and evaluation in conservation: A review of trends and ap-
proaches. Conservation Biology, 19(2), 295– 309. https://doi.
org/10.1111/j.1523- 1739.2005.00594.x

Stuber, E. F., & Fontaine, J. J. (2019). How characteristic is the species 
characteristic selection scale? Global Ecology and Biogeography, 
28(12), 1839– 1854. https://doi.org/10.1111/geb.12998

Su, X., Han, W., Liu, G., Zhang, Y., & Lu, H. (2019). Substantial gaps be-
tween the protection of biodiversity hotspots in alpine grasslands 
and the effectiveness of protected areas on the Qinghai- Tibetan 

https://doi.org/10.1007/s10980-012-9757-9
https://doi.org/10.1007/s10980-012-9757-9
https://doi.org/10.1073/pnas.1418034112
https://doi.org/10.1073/pnas.1418034112
https://doi.org/10.3996/JFWM-022
https://doi.org/10.1002/eap.2058
https://doi.org/10.1890/14-1826.1
https://doi.org/10.1111/geb.12509
https://doi.org/10.1111/brv.12008
https://doi.org/10.1650/CONDOR-17-206.1
https://doi.org/10.1650/CONDOR-17-206.1
https://doi.org/10.1016/j.landusepol.2020.104727
https://doi.org/10.4996/fireecology.0402046
https://doi.org/10.4996/fireecology.0402046
https://doi.org/10.1111/ibi.12561
https://doi.org/10.1080/14888386.2005.9712771
https://doi.org/10.1080/14888386.2005.9712771
https://doi.org/10.1016/j.rama.2015.03.009
https://doi.org/10.1016/j.rama.2015.03.009
https://doi.org/10.1111/conl.12591
https://doi.org/10.2193/2006-556
https://doi.org/10.2193/2006-556
https://doi.org/10.2193/2006-281
https://doi.org/10.5751/ACE-00127-020107
https://doi.org/10.1093/biosci/bix127
https://doi.org/10.1093/biosci/bix127
https://doi.org/10.1111/jbi.12910
https://doi.org/10.1002/ecy.1710
http://www.R-project.org/
http://www.R-project.org/
https://doi.org/10.2737/RDS-2018-0065
https://doi.org/10.2737/RDS-2018-0065
https://doi.org/10.1525/auk.2009.1409
https://doi.org/10.1525/auk.2009.1409
https://doi.org/10.1126/science.aaw1313
https://doi.org/10.1525/auk.2010.09220
https://doi.org/10.1093/condor/duaa007
https://doi.org/10.1093/condor/duaa007
https://doi.org/10.1111/j.1523-1739.2005.00594.x
https://doi.org/10.1111/j.1523-1739.2005.00594.x
https://doi.org/10.1111/geb.12998


16020  |     NUNES Et al.

Plateau, China. Agriculture, Ecosystems & Environment, 278, 15– 23. 
https://doi.org/10.1016/j.agee.2019.03.013

Sullivan, B. L., Aycrigg, J. L., Barry, J. H., Bonney, R. E., Bruns, N., Cooper, 
C. B., Damoulas, T., Dhondt, A. A., Dietterich, T., Farnsworth, A., 
Fink, D., Fitzpatrick, J. W., Fredericks, T., Gerbracht, J., Gomes, C., 
Hochachka, W. M., Iliff, M. J., Lagoze, C., La Sorte, F. A., … Kelling, 
S. (2014). The eBird enterprise: An integrated approach to develop-
ment and application of citizen science. Biological Conservation, 169, 
31– 40. https://doi.org/10.1016/j.biocon.2013.11.003

Thogmartin, W. E., Crimmins, S. M., & Pearce, J. (2014). Prioritizing bird 
conservation actions in the Prairie Hardwood transition of the 
Midwestern United States. Biological Conservation, 176, 212– 223. 
https://doi.org/10.1016/j.biocon.2014.06.002

Thogmartin, W. E., Knutson, M. G., & Sauer, J. R. (2006). Predicting re-
gional abundance of rare grassland birds with a hierarchical spatial 
count model. The Condor, 108(1), 25– 46. https://doi.org/10.1093/
condo r/108.1.25

Thornton, D., Zeller, K., Rondinini, C., Boitani, L., Crooks, K., Burdett, 
C., Rabinowitz, A., & Quigley, H. (2016). Assessing the umbrella 
value of a range- wide conservation network for jaguars (Panthera 
onca). Ecological Applications, 26(4), 1112– 1124. https://doi.
org/10.1890/15- 0602

Wilsey, C., Jensen, C., & Miller, N. (2016). Quantifying avian relative 
abundance and ecosystem service value to identify conserva-
tion opportunities in the Midwestern US. Avian Conservation and 
Ecology, 11(2). https://doi.org/10.5751/ACE- 00902 - 110207

Wisconsin Department of Natural Resources. (2004). Feasibility study 
and environmental analysis for the Central Wisconsin Grassland 
Conservation Area. Wisconsin Department of Natural Resources. 
https://p.widen cdn.net/mrkdz l/cwgca feas

Wisconsin Department of Natural Resources. (2009). Feasibility study, 
master plan and environmental impact statement for the Southwest 
Wisconsin Grassland & Stream Conservation Area. Wisconsin 
Department of Natural Resources. https://p.widen cdn.net/y4rod 
d/FL_MP_South westW iscon sinGr assla nd_Maste rPlan_2009

Wisconsin Department of Natural Resources. (2015). 2015– 2025 
Wisconsin Wildlife Action Plan. Wisconsin Department of Natural 
Resources. https://dnr.wi.gov/files/ pdf/pubs/nh/NH0938_00.pdf

Wisconsin Department of Natural Resources. (2016). Wiscland 2.0 user 
guide. Wisconsin Department of Natural Resources. https://data- 
wi- dnr.opend ata.arcgis.com/datas ets?q.wiscland

Wisconsin Department of Natural Resources. (2020). Western Prairie 
Regional Master Plan: Master plan and environmental analysis. 
Wisconsin Department of Natural Resources. https://widnr.widen.
net/view/pdf/tz1gh wjszz/ FL_EL_WP_Final Maste rPlan.pdf

Xu, H., Cao, M., Wang, Z., Wu, Y. I., Cao, Y., Wu, J., Le, Z., Cui, P., Ding, 
H., Xu, W., Peng, H., Jiang, J., Wu, Y., Jiang, X., Zhang, Z., Rao, D., Li, 
J., Lei, F., Xia, N., … Li, Y. (2018). Low ecological representation in 
the protected area network of China. Ecology and Evolution, 8(12), 
6290– 6298. https://doi.org/10.1002/ece3.4175

Zipkin, E. F., Grant, E. H. C., & Fagan, W. F. (2012). Evaluating the pre-
dictive abilities of community occupancy models using AUC while 
accounting for imperfect detection. Ecological Applications, 22(7), 
1962– 1972. https://doi.org/10.1890/11- 1936.1

SUPPORTING INFORMATION
Additional supporting information may be found in the online version 
of the article at the publisher’s website.

How to cite this article: Nunes, L. A., Ribic, C. A., & 
Zuckerberg, B. (2021). Identifying mismatches between 
conservation area networks and vulnerable populations using 
spatial randomization. Ecology and Evolution, 11, 16006– 
16020. https://doi.org/10.1002/ece3.8270

https://doi.org/10.1016/j.agee.2019.03.013
https://doi.org/10.1016/j.biocon.2013.11.003
https://doi.org/10.1016/j.biocon.2014.06.002
https://doi.org/10.1093/condor/108.1.25
https://doi.org/10.1093/condor/108.1.25
https://doi.org/10.1890/15-0602
https://doi.org/10.1890/15-0602
https://doi.org/10.5751/ACE-00902-110207
https://p.widencdn.net/mrkdzl/cwgcafeas
https://p.widencdn.net/y4rodd/FL_MP_SouthwestWisconsinGrassland_MasterPlan_2009
https://p.widencdn.net/y4rodd/FL_MP_SouthwestWisconsinGrassland_MasterPlan_2009
https://dnr.wi.gov/files/pdf/pubs/nh/NH0938_00.pdf
https://data-wi-dnr.opendata.arcgis.com/datasets?q.wiscland
https://data-wi-dnr.opendata.arcgis.com/datasets?q.wiscland
https://widnr.widen.net/view/pdf/tz1ghwjszz/FL_EL_WP_FinalMasterPlan.pdf
https://widnr.widen.net/view/pdf/tz1ghwjszz/FL_EL_WP_FinalMasterPlan.pdf
https://doi.org/10.1002/ece3.4175
https://doi.org/10.1890/11-1936.1
https://doi.org/10.1002/ece3.8270

