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ABSTRACT. Nightjars are a family of nocturnal and aerial insectivorous birds that have experienced long-term declines driven primarily
by loss of habitat and prey populations. In Illinois, structured survey efforts documented the presence of Eastern Whip-poor-will
(Antrostomus vociferus) and Chuck-will’s-widow (Antrostomus carolinensis) over 30 years ago, but their current distribution in the state
is not well known. We deployed autonomous recording units at 142 locations during May–July 2022 to resurvey a uniform sampling
grid developed by the Illinois Breeding Bird Atlas during 1986–1991 surveys, with the objective of estimating the current distribution
of the species within the state and understanding how their distribution has changed over 30 years. We used a bird call identification
algorithm, BirdNet, to detect Nightjars in 4-hour recordings and then manually verified detections where species were reported. We
used single-season, single-species occupancy models and a suite of remotely sensed, ecological variables to identify key drivers of their
current distribution relating to landcover, forest patch configuration, and forest disturbances. BirdNet was highly accurate at detecting
Nightjars and reduced the time spent manually annotating recordings. Eastern Whip-poor-will were positively associated with large
core forests and proportion of pastureland within a sampling block. Additionally, Eastern Whip-poor-will were more likely to occupy
areas that had experienced low to moderate disturbance in forests. Covariates used to model Chuck-will’s-widow occupancy explained
little variation in detection or occupancy. However, examining non-significant trends suggest some similar relationships as documented
with Eastern Whip-poor-will. Compared to the 1986–1991 surveys, Chuck-will’s-widow populations remained constant while Eastern
Whip-poor-will declined although the spatial distribution of occurrences for both species changed. Our results provide updated
knowledge of the current distributions of Nightjars in our region and highlight the need for further studies examining the drivers of
distribution particularly in the case of Chuck-will’s-widow.

Relations avec l’environnement, changements décennaux et déclin régional de l’Engoulevent bois-
pourri (Antrostomus vociferus) et de l’Engoulevent de Caroline (Antrostomus carolinensis)
RÉSUMÉ. Les engoulevents sont une famille d’oiseaux insectivores aériens nocturnes qui ont connu un déclin à long terme,
principalement en raison de la perte d’habitat et de populations de proies. Dans l’Illinois, des relevés systématiques ont permis de
documenter la présence de l’Engoulevent bois-pourri (Antrostomus vociferus) et de l’Engoulevent de Caroline (Antrostomus carolinensis)
il y a plus de 30 ans, mais la répartition actuelle de ces deux espèces dans l’État n’est pas bien connue. Nous avons installé des enregistreurs
automatiques à 142 sites de mai à juillet 2022 selon la grille d’échantillonnage élaborée dans le cadre de l’Atlas des oiseaux nicheurs
de l’Illinois de 1986 à 1991, dans le but de déterminer la répartition actuelle des espèces dans l’État et de comprendre les changements
advenus au cours des 30 dernières années. Nous avons utilisé un algorithme d’identification des cris d’oiseaux, BirdNet, pour détecter
les engoulevents dans des enregistrements de 4 heures et avons ensuite vérifié manuellement les détections lorsque les espèces étaient
signalées. Nous avons bâti des modèles de présence à une seule saison et à une seule espèce, ainsi qu’à partir d’une série de variables
écologiques télédétectées, afin déterminer les principaux facteurs de la répartition actuelle, liés à la couverture du sol, à la configuration
des îlots forestiers et aux perturbations forestières. BirdNet s’est avéré très précis dans la détection des engoulevents et a permis de
réduire le temps passé à annoter manuellement les enregistrements. L’Engoulevent bois-pourri était positivement associé au cœur de
grandes forêts et à la proportion de pâturages dans une parcelle d’échantillonnage. Aussi, il était plus susceptible d’occuper des secteurs
ayant subi des perturbations forestières légères à modérées. Les covariables testées pour modéliser la présence de l’Engoulevent de
Caroline ont expliqué peu de variations dans la détection. Cependant, l’examen des tendances non significatives indique qu’il existe
des relations similaires à celles documentées pour l’Engoulevent bois-pourri. Comparativement aux relevés réalisés entre 1986 et 1991,
la population de l’Engoulevent de Caroline est restée stable, tandis que celle de l’Engoulevent bois-pourri a diminué, bien que la
répartition spatiale des occurrences ait changé chez les deux espèces. Nos résultats ont permis de mettre à jour la répartition des
engoulevents dans notre région et soulignent le besoin de mener d’autres études sur les facteurs de répartition, en particulier dans le
cas de l’Engoulevent de Caroline.
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INTRODUCTION
Declines in migratory aerial insectivorous birds are significant
and long-term (Spiller and Dettmers 2019). The declines across
many species within the guild of aerial insectivores have been
driven by a myriad of stressors including breeding habitat loss,
climate change linked weather patterns, and environmental
contaminants (Hallmann et al. 2014, Weegman et al. 2017, Imlay
et al. 2018, Spiller and Dettmers 2019, Cox et al. 2020). Identifying
a single cause of population decline for the entire guild is unlikely
because drivers are likely large scale and region or species specific
(Smith et al. 2015, Michel et al. 2016).  

Among aerial insectivorous birds, nightjars (Family:
Caprimulgidae) are often understudied because their nocturnal
behavior makes them challenging to detect and is temporally
misaligned with traditional dawn bird surveys (Wilson and Watts
2006). Nightjars are most active between dusk and pre-dawn, or
when moonlight can provide a backlit sky for them to forage
(Cleere 1998). Two nightjars with breeding ranges in Illinois,
USA, Eastern Whip-poor-will (Antrostomus vociferus; hereafter:
Whip-poor-will) and Chuck-will’s-widow (A. carolinensis), have
experienced estimated declines in their breeding range of 53% and
48%, respectively, between 1993 and 2019 according to the
Breeding Bird Survey (BBS; Sauer et al. 2020). Given that the
BBS is a diurnal survey, it may not be the most accurate population
estimate for nocturnal species, but the negative directionality is
significant. No specific drivers have been identified as a cause for
these declines and knowledge gaps associated with their
environmental preferences, such as their relationship to landscape
composition and configuration, exist across many areas of their
breeding range. Furthermore, widespread species such as these
may not select the same environmental conditions throughout
their entire range thus requiring region specific research (Sagarin
et al. 2006, Pease et al. 2022a, 2022b)  

Whip-poor-will and Chuck-will’s-widow are classified as Species
of Greatest Conservation Need and the latter is listed as
threatened in the state of Illinois (Illinois Department of Natural
Resources 2015). Both species are of management interest in the
Forest and Woodlands Campaign of the Illinois Wildlife Action
Plan in part because of their associations with open woodland
conditions, which have steadily declined since the early 20th
century (Nowacki and Abrams 2008, Illinois Department of
Natural Resources 2015, Habel et al. 2022). Open woodlands are
forest communities defined by high canopy openness and poorly
developed woody understory, conditions that can be important
for both species for its increased light on the forest floor and
proximity to gaps used for foraging (Spiller et al. 2022). Interest
in maintaining and expanding open woodland conditions has
gained support of managers in Illinois and nightjars may benefit
as a result (Illinois Department of Natural Resources 2015). There
are established surveys targeting nightjars that exist at both the
state and national level that follow the road-based survey methods
of the Breeding Bird Survey but lack smaller scale spatial and
temporal coverage in southern Illinois (Wilson 2008, Beveroth
2017, Pardieck et al. 2019). Research aimed at identifying the
distribution or environmental relationships within southern
Illinois is likely due to the need for targeted methods to detect
Whip-poor-will and Chuck-will’s-widow. The most recent large-
scale monitoring effort, focused on censusing all birds in Illinois,
was the Illinois Breeding Bird Atlas (IBBA), which occurred

between 1986 and 1991 (Kleen et al. 2004). Largely through
volunteer effort, surveyors reached nearly 1000 survey blocks in
a gridded design for cumulative survey effort of over 32,000 hours
across the entire state of Illinois. Over the last century, land cover
in southern Illinois has undergone increases in forest cover and
decreases in agriculture cover with the government purchase of
large portions of land for the establishment of the Shawnee
National Forest. Since the initial IBBA, forest cover has increased
~6% (approximately 58,700 hectares) across southern Illinois with
noted changes within the forest structure and composition as
species shift from oak-dominated to shade tolerant species, a
change consistent with forests across the Midwest (Ozier et al.
2006, Ruffner and Groninger 2006, Hanberry and Abrams 2018,
Pease et al. 2019). Both the Whip-poor-will and Chuck-will’s-
widow were detected in the IBBA, however, the regional changes
and length of time that has lapsed since this survey means it likely
does not represent their current status in southern Illinois.  

We deployed autonomous recording units (ARUs) in a uniform
design using the same survey areas as the IBBA in the southern
11 counties of Illinois to detect Whip-poor-will and Chuck-will’s-
widow (Fig. 1). Our primary objective was to estimate their
current distribution within southern Illinois, along with
identifying ecological correlates, and whether these ecological
relationships varied by species. Additionally, we were interested
in how these distributions may have changed over the last 30 years
when compared with the initial IBBA surveys. We investigated
species-environmental relationships of Whip-poor-will and
Chuck-will’s-widow separately using competing model sets of
landscape composition, forest patch configuration, and forest
disturbance history to determine what best predicted their
occupancy (Fig. 2).

 Fig. 1. Map of primary sampling blocks subdivided into nine
subblocks, three of which were visited during May–July 2022 in
the southernmost 11 counties of Illinois, USA. Counties
included are as follows: Jackson, Williamson, Saline, Gallatin,
Union, Johnson, Pope, Hardin, Alexander, Pulaski, Massac.
Light green areas are state and federally owned land and dots
represent the sampled locations.
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 Fig. 2. Visual representation of potential drivers of current
distributions tested by remotely sensed covariates in study area
in southern Illinois, USA. Each square, outlined in black,
represents a subblock. Colors represent landcover
classifications of cropland, forest cover, and pastureland with
colors brown (1), green (2), and yellow (3), respectively.
Covariates in the landscape composition candidate model set
(a) quantify the coverage of each land type within a subblock.
Covariates in forest patch configuration candidate model set (b)
quantify the size and shape of forest (green) and what type of
landcover is immediately adjacent (white-outlined cells).
Adjacent cells characterized neighborhood measurements and
were used to describe forest cell neighbors because this may be
an important feature for Eastern Whip-poor-will (Antrostomus
vociferus) and Chuck-will’s-widow (Antrostomus carolinensis).
The black to white gradient in C represents differing
magnitudes of disturbance within forested areas. The forest
disturbance history candidate model set (c) used summaries of
disturbances in forests to encompass variation in the study
area.
 

METHODS

Study area and sampling design
We surveyed the southernmost 11 counties of Illinois (Jackson,
Williamson, Saline, Gallatin, Union, Johnson, Pope, Hardin,
Alexander, Pulaski, and Massac; Fig. 1) during May–July 2022.
The 9812 km² area encompasses large tracts of public land
managed by both state and federal agencies including the Shawnee
National Forest, Crab Orchard National Wildlife Refuge, Cache
River State Natural Area, and several Illinois State Parks. We
followed a uniform gridded sampling scheme adapted from the
IBBA to resample blocks previously established (Kleen et al.
2004). The IBBA survey design was based on the United States
Geological Survey 7.5-minute quadrangle maps that were
subdivided into six approximately equal portions. They surveyed
the third of the six blocks, hereafter called the primary block, at
least once during the five years of the IBBA. We further
subdivided the IBBA primary blocks into nine equal subblocks
that were approximately 2.25 km², reflecting the largest estimates
of Whip-poor-will home range to minimize overlapping
detections and relate the sampling design to a biologically
significant value (Wilson 2003, Hunt 2016). We then randomly
selected three of the nine subblocks for a total of 156 sampling
sites of which 60 were located on private land. Private landowners
were contacted by telephone and mail using publicly available
property records. If  we were unable to gain permission from
private landowners in the randomly sampled subblock,
landowners in the neighboring subblock were contacted.

Bird surveys
Whip-poor-will and Chuck-will’s-widow cryptic and nocturnal
behavior presents a challenge for traditional bird surveying
methods (e.g., point counts). They are well camouflaged, usually
occur in isolated populations, and are most likely to be detected
during a relatively short time window, just after dusk and before
dawn (Cink et al. 2020, Straight and Cooper 2020). To overcome
these logistical challenges, we used ARUs, which are
programmable devices that record sound at specified times,
allowing for greater survey effort with fewer surveyors in the field,
and not requiring surveyors to be in the field at night (Shonfield
and Bayne 2017). Whip-poor-will and Chuck-will’s-widow
primarily vocalize during times when few other birds are calling
thereby reducing call overlap and acoustic complexity, further
making them good candidates for passive acoustic surveys.  

We used Open Acoustics AudioMoth 1.2.0 (Open Acoustic
Devices 2020) ARUs because they are cost effective and have
comparable performance to other available hardware (Hill et al.
2018, Toenies and Rich 2021). We deployed ARUs for five
consecutive evenings programmed to record beginning 30 minutes
before sunset for four hours to capture the hours of highest calling
activity while balancing battery and data capabilities of the ARUs
(Wilson and Watts 2006). We deployed ARUs throughout May
and June 2022. Dates and locations of deployments were
determined based on landowner availability. We set ARUs to
custom mode and programmed them to record continuously
through each sampling period at a 48 kHz sampling rate and
medium gain (30.6 dB). We housed ARUs in heavy duty, 4 mil
plastic bags with silica packets to reduce moisture then placed
inside cloth camouflage bags; previous research suggests little to
no loss in performance using this waterproofing technique (Lapp
et al. 2023). Cloth bags had openings in the corner at the
microphone so that sound was not muffled by the cloth. At each
sampling location, we affixed ARUs to a tree located at least 15
m from major roadways that was less than 127 mm in diameter
at breast height to reduce sound attenuation (Lapp et al. 2023).
While placement in the centroid of a subblock is ideal, the location
of ARUs were determined by permissions to access granted by
private and public landowners. Locations were greater than 200
m apart and no preference was given to any land cover type.

Data extraction and verification
We extracted detections from the acoustic data using a call
classification software BirdNet v2 (Kahl et al. 2021), a freely
available machine learning model able to identify 984 North
American and European bird species. BirdNet is a deep artificial
neural network trained to identify birds by spectrogram.
Spectrograms are a visual representation of sound based on
frequency (Hz) and intensity (dB). BirdNet annotates the
spectrogram at 3-second intervals and reports up to three of the
most probable species detected during an interval. Following this,
BirdNet creates a text document for each 4-hour recording with
bird species name, time stamp of vocalization detection event,
and confidence level associated with the estimated likelihood of
correct detection. We used BirdNet in Python version 3.7.13
(Vanrossum PYTHON) using default settings and refined species
list consisting of the 342 birds most likely to be detected in
deployment areas based on the time of year and their distributions
(Billerman et al. 2022).  
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Although BirdNet has documented drawbacks, such as variable
accuracy of confidence scores between species and across studies,
Whip-poor-will and Chuck-will’s-widow typically call repeatedly,
hundreds of times in a single night while there is very little activity
at similar frequencies (Stoner 1920, Pérez-Granados 2023). The
focal species’ calling behavior makes the manual verification of
their presence from detections produced by the BirdNet software
relatively straightforward. To verify BirdNet detections of each
species, we manually verified any night with less than 100 unique
BirdNet detections to determine if  Whip-poor-will or Chuck-
will’s-widow was calling, as fewer than this number of calls does
not align with their calling behavior. Preliminary data analysis
indicated that there were no nights that had between 100 to 250
BirdNet detections as all nights with detections ranged from 250
to 3500 BirdNet detections, justifying the 100-detection threshold
for further analysis. We also manually verified all nights at any
site where both Whip-poor-will and Chuck-will’s-widow were
detected because both species call at similar frequencies, which
may lead to misidentification. Manual verification involved
listening to the exact timestamp that BirdNet marked a detection
to determine if  the target species was calling. To create nightly
detection history at each sampling location, we listened to all the
BirdNet detections within a single recording sequentially, until
we identified a calling individual, resulting in a confirmed
detection for that survey night, or if  all BirdNet detections in the
nightly recording were listened to without confirmation, the
species was marked as not detected for that survey. We then used
our species-specific detection histories for modeling species
occurrence throughout the 11 counties.

Drivers of current distribution
We created three primary model sets describing potential drivers
of current distributions: landscape composition, forest patch
configuration, and forest disturbance history (Fig. 2). We chose
to explore these drivers because they have been deemed important
to nightjars in previous research across multiple regions in North
America, including the Midwest, southern Canada, and the
eastern United States, but were untested in this region (Akresh
and King 2016, Slover and Katzner 2016, English et al. 2017,
Thompson et al. 2022). The landscape composition model set
compares the relative effect of land cover types, forest cover,
pastureland, and water sources, on Whip-poor-will and Chuck-
will’s-widow distribution. The forest configuration model set
compares how the shape, size, and connectedness of forest
patches, and the landcover conditions neighboring forest patches
influence species’ distribution. Last, we tested a suite of models
exploring the driver of forest disturbance on the occurrence of
nightjars because Whip-poor-will have been noted to use recently
disturbed areas (Akresh and King 2016).

Landscape composition
We calculated landscape composition covariates to quantify the
relative amount of landcover types in each subblock using the
National Land Cover Database (NLCD) 2019 30x30 m resolution
product (Dewitz and U.S. Geological Survey 2021). Using R
package “exactextractR” (Baston et al. 2022), we calculated the
proportion of pastureland (PAST), water (WAT), conifer cover
(CONI), and total forest canopy cover (CANC) in each subblock.
We included pastureland because both species require open areas
for foraging in addition to forests for nest establishment (Cink et

al. 2020, Straight and Cooper 2020). We hypothesized that
pastureland cover would be important because it is a common
open landcover type in our study region. We chose not to include
cropland cover because the configuration across the study area is
highly grouped and largely the inverse to forested areas leading
to high correlation. We also combined the four forest
classifications (mixed, conifer, deciduous, and woody wetland)
into a forest/non-forest layer to characterize the percent of total
forest canopy cover. Woody wetlands was included in our canopy
cover calculation because this NLCD class was included in the
2016 NLCD Canopy Tree Canopy Cover product (Coulston et
al. 2012). Furthermore, several sites in our study area along the
Mississippi River, such as Oakwood Bottoms in the Shawnee
National Forest, were categorized as woody wetland type and
have significant areas of canopy cover. Although forest
understory structure is likely an important vegetative
characteristic, we were unable to find data to summarize this
across a large scale (i.e., averaged understory structure of forests
within an entire subblock).

Forest patch configuration
We used the binary forest layer described in the landscape
composition model set to calculate forest patch metrics within
each subblock using R package “landscapemetrics„ (Hesselbarth
et al. 2022), a reimplementation of FRAGSTATS (McGarigal
and Marks 1995). We chose metrics which reflected the
configuration and availability of forest patches on the landscape
—total core area (COR) and patch contiguity (CONT)—as
described in FRAGSTATS (McGarigal and Marks 1995). Total
core area sums the area of all forest cells that exclusively have
other forest cells as neighbors thus it describes overall forest
amount while accounting for shape because narrow patches will
result in lower values than wide patches. Patch contiguity is a
metric assessing the spatial connectedness of cells in patches; the
larger the value from 0 to 1, the more highly connected forests
cells in each subblock are to each other. Finally, we wanted to
explore the effect that forest adjacency to selected landcover types
had on species’ distribution. Distance between foraging and
breeding habitats impacts the behavior and population dynamics
of some nightjar species (Evens et al. 2018). To quantify this
adjacency, we calculated the proportion of forest edge cells that
were neighboring pastureland (PAN), cropland (AGN), and
urban (URN) areas within each subblock.

Forest disturbance history
To test the effect of disturbance on the focal species, we calculated
the forest-based disturbance history between 2006 and 2022 in
the study area using the Google Earth Engine (GEE)
implementation of the LandTrendr algorithm (Kennedy et al.
2018). The GEE LandTrendr algorithms use a time series set of
Landsat satellite imagery to detect spectral change, or
disturbance, in landscapes over time. The calculations produce a
raster layer containing the year, magnitude, and duration of the
disturbance in a 30x30m pixel. The magnitude value represents
the spectral change in a satellite image pre and post a disturbance
event and is interpreted as the intensity of a disturbance. We used
the Normalized Burn Ratio images between 2006 and 2022 and
all default settings within the GEE LandTrendr guided user
interface for our calculations. We included the 15-year period to
capture potential time-lagged effects following a disturbance
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(Latif  et al. 2020). In a forest-based disturbance, the vegetative
structure can change over this 15-year period, particularly with
extreme changes like clear-cutting, because revegetation will
create shifting conditions that the focal species may be sensitive
to (Tozer et al. 2014). The LandTrendr algorithm is not specific
to landcover types so changes caused by urban construction
registers as a disturbance but will likely not be important to these
species. To account for this, we used the Land Change Monitoring
System (LCMS) Land Use layer that includes yearly, 30x30 m
resolution, remotely sensed, forest cover data to retain changes
only in areas that were forested at the time of the disturbance thus
creating a forest-based disturbance history layer (Housman et al.
2022). To summarize the forest disturbance history, we calculated
the mean magnitude (MAG) and duration (DUR), the proportion
covered by disturbance (CF), and the years since the most recent
disturbance (YSD) in each subblock.

Modeling approach
Because both species call at frequencies and times that few other
organisms vocalize, identifying and extracting detections via
machine learning methods is easier because of low sound
interference or confusion with other bird calls. This accuracy in
nocturnal and low activity soundscapes has been documented in
owls, as well as other nightjars (Rognan et al. 2012, Knight et al.
2022). Although false positives were unlikely, false negatives may
still be present because of the nature of ARUs, which depend on
individuals vocalizing to be detected; it is possible that a species
was present at a nightly survey but not detected by the ARU. To
account for the imperfect nightly detection, we used single-season,
single-species occupancy models to estimate the probability of
occurrence (ψ) of a given species while simultaneously estimating
the probability of detection (p), which accounts for the false-
negative measurement error (MacKenzie et al. 2002). As such,
this approach requires fitting two submodels, an observation
submodel and an ecological submodel. Although we are most
interested in the ecological model, by accounting for the imperfect
detection of wildlife, occupancy models can more accurately
estimate the effect of ecological covariates resulting in more
reliable inference (MacKenzie et al. 2017). As described below,
we first fit a suite of models identifying which detection covariates
best explain variation in the observation process and following
the identification of these covariates, we switch to identifying
which ecological variables best explain the distribution of the
nightjar species.  

To model the probability of detecting a focal species given its
occurrence, we tested four covariates thought to influence the
detection of the focal species by ARUs. Similar to point counts,
precipitation, wind, and vegetation are all documented to affect
the detection process of ARUs (Pacifici et al. 2008, Yip et al. 2017,
Priyadarshani et al. 2018, Kreh et al. 2023). To account for general
weather conditions, we calculated daily precipitation (PRECIP)
from Climate Hazards Group InfraRed Precipitation with Station
data on GEE at each sampling location for each survey night
(Funk et al. 2015). Additionally, extreme temperatures can impact
nightjar activity, so we included daily temperature maximums
(TEMP) as a factor affecting detection; we did this using
observations from seven weather stations in the study area and
assigned the temperatures of the closest weather station to each
sampling location for each survey night (Knight et al. 2022, Schaaf

et al. 2023). Nightjars require some light to see prey and a positive
relationship between Whip-poor-will activity and moonlight has
been documented (Wilson and Watts 2006). For each survey night,
we calculated the moon phase (MP) using R package “suncalc”
(Thieurmel and Elmarhraoui 2022). Moon phase signifies the
stage of the moon with 0 interpreted as a new moon, 0.5 as a full
moon and 0.75 is the last quarter waning moon. We chose moon
phase because it encompasses both moon illumination and the
possible activity changes based on waning versus waxing moon
phases, and added a quadratic effect term to represent a parabolic
relationship allowing for the probability of detection to increase
or decline (Wilson and Watts 2006). Finally, as deployments
occurred throughout the season, we included a parabolic
relationship of the day of year (DOY) of each survey to reflect
the decline in calling activity associated with end of breeding
season (Cink et al. 2020; Table A1.1). We tested combinations of
each detection covariate using single-season, single-species
occupancy models and used model comparison via Akaike’s
Information Criterion correction (AICc) to identify the covariate
(s) best describing variation in the observation process (Table
A1.2). The best fitting species-specific model was then carried
forward to identify which ecological variables best explained the
occurrence of each species.  

We treated the three potential drivers of current distribution as
three candidate model sets to identify which driver best explained
occurrence of the nightjars. Importantly, we combined covariates
describing each potential driver with the best performing
detection model covariates from the previous modelling step,
resulting in a combination of covariates across each submodel.
Each potential driver model set included a global model that
contained all covariates in that model set along with two other
models that split the covariates based on predicted relationships
(Table A1.2). The model sets were only ranked against models
within their own set to test the driver-specific relative importance
of covariates.  

Prior to model fitting, we calculated correlation coefficients for
all pairwise combinations of the predictor variables. If  any
variables had a correlation coefficient greater than 0.6, they were
not included in the same model. We fit all models using single-
species, single-season occupancy models in “unmarked” (Fiske
and Chandler 2011) in R 4.2.1 (R Core Team 2022) and compared
them using AICc (MacKenzie et al. 2003, Burnham and Anderson
2004). We scaled each covariate so that the mean was centered on
0 prior to fitting models and used regression coefficients (β) and
95% confidence intervals to interpret the direction of relationship
to covariates. We considered relationships significant if  the 95%
confidence intervals of regression coefficients did not intersect
zero. The slope of the scaled coefficient estimates are interpreted
as the expected change in occupancy probability of a single unit
of the scaled covariate (Kéry and Royle 2020). We considered
models within 2 AICc of the top model to have considerable
support (Burnham and Anderson 2004)

Distributional change
To examine change in distribution over 30 years, we used LCMS
Land Use layers to identify if  the change in landcover explained
changes in the distributions of either species during this time.
Although sampling technique was different, the hours sampled
in our resurvey of the IBBA primary blocks were comparable to
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the total hours sampled over the 5-year period of the IBBA. We
summarized the past and current landscape composition within
each block using the 1986 and 2022 LCMS Land Use layers for
forest, cropland, developed land, and pastureland with identical
resolution. We identified the direction and magnitude of change
for each landcover type. We classified the occurrence changes for
both species as “lost”> (detected in 1986 but not 2022), “gained”
(detected in the 2022 survey but not the 1986 survey), or “not
changed,” which included primary blocks with continuous
detections and non-detections. We then compared the categorical
status changes within each block as a response to trend of a single
landcover type using a multinomial logistic regression, an analysis
used for unordered categorical response variables, where the
response was the status change, separated by species (Kwak and
Clayton-Matthews 2002). We ranked models that included each
landcover type individually and an intercept-only model via
AICc.

RESULTS

Sampling summary
We surveyed 142 sites for a total of 20 hours each (5 nights of 4-
hour recordings), resulting in a collective 170,000 minutes of
recordings (2840 hours, or 118 days). We were unable to survey
at 14 sites because of inability to contact private landowners in a
primary block or refusal of permission to survey. We were unable
to gain permission in three entire primary blocks (a total of 9
sampling locations), and the remaining five missed sampling
locations were split between three primary blocks. We began
sampling on 5 May 2022 and continued until 5 July 2022 and
collected a total of 710 survey nights.  

The number of BirdNet detections in one night ranged from a
single vocalization to several thousand; Whip-poor-will and
Chuck-will’s-widow had a maximum of 2326 and 3469 calls
detected in one night at one location, respectively. Of the 710
survey nights, BirdNet detected Whip-poor-will vocalizations on
78 nights and Chuck-will’s-widow on 98 nights. We manually
verified that Whip-poor-will were calling on all 78 nights, but
Chuck-will’s-widow were only calling on 75 of the 98 nights, which
BirdNet detected. Misidentifications of Chuck-will’s-widows
were often the result of overlapping Whip-poor-will vocalizations,
and 76% of the inaccurate survey nights were at Whip-poor-will
occupied sites. Whip-poor-will were detected at 22 of the 142
subblocks (15%) and Chuck-will’s-widow were detected at 16 of
the 142 subblocks (11%). Detections of both species occurred
throughout the study area, although some detections were
concentrated on the eastern portion of the study area close to
large patches of forested, public land.

Whip-poor-will occupancy
The detection of Whip-poor-will was best explained by the global
detection model that included daily temperature maximums,
precipitation, day of the year, and moon phase (Table 1). In the
landscape composition candidate model set, occupancy
probability of Whip-poor-will was best explained by the global
model but the model containing only conifer and canopy cover
was also highly supported (ΔAICc < 2; Table 1). Within the global
model, canopy cover had a strong positive effect, indicating that
Whip-poor-will were most likely to occupy subblocks with over

70% forest coverage (= 6.49 ± 2.36 [SE]; Fig. 3; Table A2.1). We
also documented a strong positive effect of pastureland coverage
(= 2.16 ± 0.98; Fig. 3). Occupancy of Whip-poor-will in the forest
patch configuration candidate set was best explained by the global
model and a model with only total core area and patch contiguity
(ΔAICc < 2; Table 1). There was a strong quadratic effect of total
core area that peaked at just over 210 hectares of core forest
available in a subblock (linear: = 4.49 ± 1.75, quadratic: = -1.57
± -0.82; Fig. 3). The proportion of forest edges neighboring urban
areas and cropland in the global model had slightly negative and
positive trends, respectively, but were not significant. The forest
disturbance history model, which combined the quadratic effects
of magnitude and proportion of disturbance coverage, was the
most supported model within the candidate set. The mean
magnitude of disturbance had a significant negative effect with
pronounced decreases after magnitudes of 250 (= -1.04 ± 0.43;
Fig. 3). When comparing the top models from each candidate
model set, the landscape composition model had the lowest AIC
score. The forest patch configuration model received some
support of the top model (ΔAICc < 5; Table 1). The forest
disturbance history model received no support (ΔAICc > 20).

Chuck-will’s-widow occupancy
The detection of Chuck-will’s-widow was best explained by the
day of the year and moon phase (Table 1). The most supported
model across all candidate sets was the intercept-only model
which contained no occupancy covariates. Although there was
support for models that contained some covariates within each
model set (ΔAICc < 5) there were no significant relationships
between Chuck-will’s-widow occupancy probability and any
covariates (Table 1). Distributional change  

During the IBBA, Whip-poor-will and Chuck-will’s-widow were
detected at 24 and 13 primary blocks, respectively, with an average
of 44 ± 91 (SD) effort hours per primary block. In 2022, we
detected Whip-poor-will within 12 primary blocks and Chuck-
will’s-widows in 11 primary blocks. Despite comparable survey
effort in terms of duration, there were overall fewer detections
across primary blocks for both species when compared to the
IBBA. Notably, the number of primary blocks with Whip-poor-
will detections dropped from 50% to 25% over the 30-year period.
Whip-poor-will were detected in 9 of the same primary blocks
across the 1986–1991 and 2022 surveys while Chuck-will’s-
widow’s detections occurred in only one of the same primary
blocks (Fig. 4). Multinomial regression analysis did not indicate
any landcover covariates as key drivers of change between surveys.
For Whip-poor-will, models that contained individual covariates
associated with the change of landcover of each land type
(pastureland, forest, developed, cropland) had little evidence of
support (> Δ 3AICc; Table A2.2). Forest cover change for Chuck-
will’s-widow showed some support (< Δ 2AICc) but the
relationship was not significant. All other models showed less
evidence of support (> Δ 3AICc).

DISCUSSION
Understanding the patterns of species distributions is
foundational to recognizing threats and gaining knowledge of
species ecology for effective management and recovery. Here, we
resurveyed a study area after 30 years and estimated the
environmental relationships driving the regional distributions of
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 Table 1. Model selection table containing the top three models within each candidate set describing the occupancy of Eastern Whip-
poor-will (Antrostomus vociferus) and Chuck-will’s-widow (Antrostomus carolinensis) in southern Illinois, USA between May and July
2022. Model sets were fit separately by candidate set and species. All models were fitted with the most parsimonious detection (p) sub-
model for each species. Ψ (.) indicates that the occupancy sub-model was fit with no additional covariates. 2 Denotes that both the
linear and quadratic relationships of covariate were included. Abbreviations included in Appendix 1.
 

Whip-poor-will Chuck-will’s-widow

Model

P(TMP+PRECIP+DOY²+MP²)§

~ψ(Occupancy Covariates)

ΔAICc† k‡ AICc Model

P(DOY²+MP²)§

~ψ(Occupancy Covariates)

ΔAICc† k‡ AICc

Landscape Composition
~ψ(CONI+PAST+WAT+CANC²) 0 13 218.81 ~ψ(.) 0 2 207.49
~ψ(CONI+CANC²) 1.18 11 219.99 ~ψ(CONI+CANC²) 1.13 9 208.62
~ψ(PAST+WAT) 32.87 10 251.68 ~ψ(PAST+WAT) 1.57 8 209.06

Forest Patch Configuration
~ψ(CONT+COR²+URN+AGN+PAN) 0 14 220.99 ~ψ(.) 0 2 207.49
~ψ(CONT+COR²) 0.44 11 221.43 ~ψ(CONT+COR²) 1.17 9 208.66
~ψ(URN+AGN+PAN) 19.61 11 240.60 ~ψ(URN+AGN+PAN) 1.50 9 208.99

Forest Disturbance History
~ψ(MAG²+CF²) 0 12 240.29 ~ψ(.) 0 2 207.49
~ψ(YSD+DUR+MAG²+CF²) 3.7 14 243.99 ~ψ(YSD+DUR) 4.66 8 212.15
~ψ(YSD+DUR) 13.04 10 253.33 ~ψ(MAG²+CF²) 9.28 10 216.77

Top Models Compared
~ψ(CONI+PAST+WAT+CAN²) 0 13 218.81 ~ψ(.) 0 2 207.49
~ψ(CONT+COR²+URN+AGN+PAN) 2.18 14 220.99 ~ψ(CONI+CANC²) 1.13 9 208.62
~ψ(MAG²+CF²) 21.48 12 240.29 ~ψ(CONT+COR²) 1.17 9 208.66
~ψ(.) 40.28 2 259.09 ~Ψ(YSD+DUR) 4.66 8 212.15
† ΔAICc is the difference in AICc between model and top model within the model set. The bottom section of “top models compared” compares each
individual driver’s top model. AICc is corrected Akaike Information Criterion.
‡ K is the number of model parameters including both the detection and occupancy submodels.
§ Denotes inclusion as a submodel in all following models of species.

 Fig. 3. Predicted occupancy probability of Eastern Whip-poor-
will (Antrostomus vociferus) as a function of canopy cover,
pastureland cover, forest patch core, and magnitude of
disturbance in southern Illinois, USA, during May–July 2022.
Lines indicate estimated relationship (blue) and 95% confidence
intervals (gray). Estimates are based on the most parsimonious
model within given model set.
 

Whip-poor-will and Chuck-will’s-widow. Whip-poor-will were
positively related to landscape characteristics consistent with
findings in other regions, but we documented no significant
relationships in Chuck-will’s-widow (Vala et al. 2020, Thompson
et al. 2022). However, we observed differences in Chuck-will’s-
widow distribution over time, and when compared to Whip-poor-
will. These differences, likely due to unique ecological attributes
(e.g., habitat preference), suggest that the two species may respond
differently to conservation efforts, particularly at a finer scale.
Future research should focus on understanding fine-scale ecology
of Chuck-will’s-widow, especially in areas where they co-occur
with Whip-poor-will. Research in areas where they co-occur
should also emphasize how the species’ occurrence patterns differ
in areas of with and without Whip-poor-will.  

Whip-poor-will in southern Illinois seem to follow similar broad
relationships with landcover as they do in other regions of their
breeding range, where the species is associated with high canopy
cover and open areas (Akresh and King 2016, Spiller et al. 2022,
Thompson et al. 2022). Much of the research on environmental
relationships of Whip-poor-will has been in the Canadian boreal
forest, and there are noted associations with wetland and
marshland that may be analogous to the role that pasturelands
play in southern Illinois, an open area to forage for insects and
acquire mates (Vala et al. 2020, Billerman et al. 2022). The positive
relationship with pastureland observed may also reflect the
potential that pastureland, more so than cropland, has to support
insect abundance, which is an important aspect of determining
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 Fig. 4. Changes in detections of Eastern Whip-poor-will
(Antrostomus vociferus; left) and Chuck-will’s-widow
(Antrostomus carolinensis; right) in the Illinois Breeding Bird
Atlas (IBBA) 1986–1991 and May–July 2022 surveys in the
southernmost 11 counties of Illinois, USA. Black fill indicates
detection in both surveys, no fill indicates that block was
surveyed but there were no detections in either survey. Green
fill indicates a gained primary block: species was not detected in
IBBA but was in 2022 surveys. Red fill indicates a lost primary
block: species was detected in the IBBA, but not in the 2022
surveys. Light green areas are state and federally owned land.
 

use of open landcover types (Møller et al. 2021). To add to this,
a study in central Illinois observed a positive relationship between
moth abundance and availability of forest core in the area (Souza-
Cole et al. 2022). The combination of positive relationships to
pastureland and forested areas suggests the juxtaposition of cover
(i.e., forests) and open areas for foraging (i.e., pastureland) is an
important landscape feature for the species.  

Our results suggest that Whip-poor-will also prefer areas with low
intensity disturbance, which has been reported in harvested
forests in Canada and shrublands in the eastern United States,
and more recently led to descriptions of Whip-poor-will as a
disturbance-dependent species (Spiller and King 2021, Spiller et
al. 2022). In the context of our study area, the disturbances varied
from 100 to 1200 intensity, which measures the spectral change
in satellite imagery. Although precise descriptions of intensity
values vary, generally, disturbances like selective forest harvest
registered as having magnitudes between 250 to 500 intensity while
clear-cutting for development or pit-mining operations ranged
from 900 to 1200 intensity (Fig. A3.1). Much of the less intense
(< 250) forest disturbance in the study area was associated with
the creation of edge, which would support hypotheses that they
prefer such conditions while breeding. However, the vegetative
conditions created by disturbance varies in suitability for Whip-
poor-will nesting, which, even when occurring in open areas,
requires some vegetative coverage (Akresh and King 2016).
Furthermore, the growth of understory structure is impacted by
more than the intensity of the disturbance, including deer density,
invasive species, and management regimes (Rogers et al. 2008,
Lettow et al. 2014, Russell et al. 2017). We lacked information on
understory structure at the scale of our study, but it is likely an
important aspect in their use of recently disturbed areas.
Furthermore, reported variable relationships with stand age
suggest Whip-poor-will are sensitive to fine-scale differences in
disturbed forests that should be studied further (Tozer et al. 2014).
We also expected larger negative impacts of cropland and

urbanization, as found in studies in Canada and central Illinois,
but this may be a result of low amounts of urbanization relative
to the large patches of forest in the study area (Vala et al. 2020,
Souza-Cole et al. 2022).  

There were no significant predictors of Chuck-will’s-widows
distribution, but trends suggested positive relationships to forest
patch core and conifer cover. Basic breeding habitat requirements
and foraging behaviors of Chuck-will’s-widows and Whip-poor-
wills are alike, so the similarities of some trends, namely open
areas to forage and forested land, were expected. Although their
distribution in our study differed from Whip-poor-will, it is
unclear how Chuck-will’s-widows’ preferred habitats vary,
whether they may be in competition with Whip-poor-will or if
they may be a generalist species capable of using a variety of
conditions. Despite our inability to identify drivers of Chuck-
will’s-widow distributions, the contrast in distributions when
compared to Whip-poor-will is clear and the dynamics of these
species should be further studied in regions where they co-occur.

Between 1986 and 2022, there was an overall gain in forest cover
as well as a loss in cropland and pastureland throughout the study
blocks. Despite the landcover changes, we did not observe a
relationship between changes in landcover and either species
distribution suggesting that landcover change may not be a
prominent driver of their distributional change in southern
Illinois. However, the distributional changes in both species over
time are evident. When comparing to large scale surveys like the
Breeding Bird Survey, where trends of decline are similar between
species, the observed occupancy decline of Whip-poor-will
detections in comparison to Chuck-will’s-widow are particularly
notable (Sauer et al. 2020). Whip-poor-will detections trended
negatively but they persisted in the same primary blocks over time
while Chuck-will’s-widow detections shifted to new primary
blocks. Although our inference is limited, the clear variation in
patterns of detections over time requires further investigation to
identify the variation between species. For example, though not
available for use in this analysis, it is likely that changes in prey
availability may better describe changes in their distribution
through time (Spiller and Dettmers 2019, Raven and Wagner
2021). Furthermore, these pattern differences provide evidence
that Whip-poor-will and Chuck-will’s-widow have variable
responses to their environment and thus may require some
species-specific management practices.  

Finally, while passive acoustic monitoring is an evolving tool for
bird surveying and has been effective for other nocturnal species
over a large areas, it has not yet been applied to nightjars at this
spatial scale (Wood et al. 2019, Duchac et al. 2020). In our study,
the combination of ARUs and BirdNet provided rapid assessment
of large amounts of data with high accuracy. The repetitive nature
of their calling behavior makes manual verification for detection/
non-detection data straight forward. Our results demonstrate that
ARUs are a viable substitute for traditional nightjar monitoring
methods and can be an easy addition to dawn-focused passive
acoustic monitoring methods especially with the availability of
open-source call identification software like BirdNet.  

Our results may be limited by the homogeneous nature of sites
where individuals were detected relative to sites where they were
not. To capture broad trends of distributions throughout a large
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study area by revisiting previously surveyed sites, we chose a
systematic sampling scheme rather than targeting specific
landcover types; this choice likely came at the cost of a more
refined understanding of environmental relationships. That is, the
initial Illinois Breeding Bird Atlas was a systematic sampling grid
aimed at detecting all breeding birds within the state, and here we
were focused primarily on two species. Additionally, the
relationships investigated here are closely linked to the availability
of foraging habitat, but we did not gather insect abundance
information that would be valuable to these models.  

This study supports previous research that management actions
for these species should include the maintenance of core forest
area and adjacent open areas. Results also highlight management
that encourages some disturbance and intermediate successional
habitat would benefit these birds in southern Illinois. Although
not explicitly addressed here, open areas with vegetation
communities that are able to support high insect abundance may
be particularly important to preserve. We did not specifically
examine the relationships of these birds to open woodlands, but
the affinity for low magnitude disturbances suggests support for
management strategies that create open canopied areas. However,
the affinity for high amounts of forest patch core area suggests
that Whip-poor-will likely require a variation of forest canopies,
both open and closed, across the landscape. Maintaining a matrix
of open areas and mix-canopied forests with some disturbance is
therefore likely beneficial to Whip-poor-will in southern Illinois.
Although Chuck-will’s-widow relationships were not significant,
some general trends followed those of the Whip-poor-will.
However, the observed distributional changes between the IBBA
and this survey provide support that Chuck-will’s-widow land use
varies to some extent from Whip-poor-will. These observed
differences in Chuck-will’s-widow environmental relationships
warrant further investigation explicitly comparing these two
species where they co-occur.
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Table A1.1 Key of covariate abbreviations used in following models. 2denotes the inclusion of a parabolic 
effect indicating that occupancy/detection will increase then decrease. Surveys completed during May-
July 2022 in southern 11 counties of Illinois, USA. 

Candidate Model Set Covariate 
Abbreviation 

Description 

Landscape Composition 
(values summarized using 

2019 NLCD) 

WAT Proportion of water cover in subblock 

PAST Proportion of pasture cover in subblock 

CONI Proportion of conifer cover in subblock 

CAN Proportion of forest cover in subblock 

 CAN2 Very high forest cover may lead to decreases in 
occupancy probability.  

Forest Patch Configuration 
(values summarized using 

2019 NLCD) 

COR Mean core area of forest patches 

COR2 High amounts of core area in the area may 
lead to decreases in occupancy probability 

CONT Forest patch contiguity 

PAN Proportion of forest edge shared with pasture 

URN Proportion of forest edge shared with urban 

AGN Proportion of forest edge shared with row crop 
agriculture 

Forest Disturbance History 
(values summarized using 
LandTrendr Algorithm and 

LCMS Land Use) 

YSD Years since most recent disturbance 

MAG Mean magnitude of disturbances 

MAG2 Extreme disturbances will likely not yield 
increases in occupancy probability. 

DUR Mean duration of disturbances 

CF Proportion of disturbed area 

 CF2 Large areas of disturbance will likely not yield 
increases in occupancy probability. 

Detection TMP Daily high temperature from nearest weather 
station 

 PRECIP Daily precipitation from CHIRPS 

 DOY Day of year 

 DOY2 Parabolic relationship (peak calling in the 
middle of the breeding season) 

 MP Moon phase (0-0.5=waxing, 0.5=full moon, 
0.5-1=waning) 

 MP2 Parabolic relationship representing peak 
calling while moon is full.  

 

 

 

 

 



Table A1.2 Written statements of a priori models from each candidate set. Each set included an 
intercept-only model and all models included intercepts. 2 denotes a quadratic relationship of variable. 
Each model was calculated using the detection model with the lowest AIC value. Surveys completed 
during May-July 2022 in southern 11 counties of Illinois, USA. 

Candidate Model Set Model Name Model Statements  
Landscape 

Composition 
Global CONI+PAST+WAT+CAN2 

Breeding Habitat CONI+CAN2 

Foraging Habitat PAST+WAT 

Forest Configuration Global CONT+COR2+URN+AGN+PAN 

Patch Shape CONT+COR2 
Edge Composition URN+AGN+PAN 

Disturbance Global YSD+DUR+MAG2+CF2 

Temporal YSD+DUR 

Intensity MAG2+CF2 

Detection Global TMP+PRECIP+DOY2+MP2 

Environmental TMP+PRECIP 

Temporal DOY2+MP2 

 



Table A2.1: Estimates of regression coefficients (β), upper and lower 95% Confidence Intervals (CI) 

standard error for top models in each candidate set of Whip-poor-will and Chuck-will’s-widow from 

surveys in May-July 2022 in southern 11 counties of Illinois, USA. 

 Covariate β Coefficient Lower 95% CI Upper 95% 
CI 

Standard Error 

Whip-poor-will 

Landscape 
Composition 

CONI 0.37 -0.09 0.84 0.23 

PAST 2.16 0.23 4.09 0.98 

WAT 0.68 -0.87 2.24 0.79 

CAN 6.49 1.84 11.13 2.36 

CAN2 -1.54 -3.69 0.61 1.09 

Forest 
Configuration 

URN -0.20 -0.96 0.54 0.38 

AGN 0.11 -1.07 1.30 0.60 

PAN 1.25 -0.04 2.55 0.66 

CONT 0.58 -0.15 1.31 0.37 

COR 4.49 1.04 7.93 1.75 

COR2 -1.57 -3.19 0.04 0.82 

Disturbance CF 0.27 -0.31 0.87 0.30 

MAG -1.04 -1.89 -0.18 0.43 

CF2 0.05 -0.22 0.32 0.14 

MAG2 0.4 -0.06 1.04 0.28 

Chuck-will’s-widow 

Landscape 
Composition 

CONI 0.23603 -0.21 0.68 0.23 

CAN 0.240535 -0.39 0.87 0.32 

CAN2 -0.22374 -0.88 0.44 0.33 

Forest 
Configuration 

CONT -0.12271 -0.88 0.64 0.38 

COR 0.510751 -0.21 1.23 0.36 

COR2 -0.35527 -1.11 0.40 0.38 

Disturbance DUR -0.10465 -0.65 0.48 0.30 

YSD 0.219306 -0.34 0.77 0.28 

 

 

 

 

 

 

 

 

 

 



Table A2.2: Model ranking results of Multinomial logistic regression for Whip-poor-will and Chuck-will’s-
widow in southern Illinois May-July 2022. K is the number of model parameters; AICc is corrected Akaike 
Information Criterion; ΔAICc is the difference in AICc between model and top model. 

 
Whip-poor-will 
 K ΔAICc 

Intercept-only 2 0 

Cropland 4 3.27 

Forest 4 3.29 

Pastureland 4 3.3 

Developed 4 3.5 

   
 

Chuck-will’s-widow 
 K ΔAICc 

Intercept-only 2 0 

Forest 4 1.91 

Cropland  4 2.65 

Developed 4 2.73 

Pastureland 4 3.61 

   
 



 

Figure A3.1. Forest associated disturbance between 2016-2021 from LandTrendR algorithm filtered by 
yearly forest cover in LCMS Land Use.  

 



Table A4.1. The proportion of landcover types from the 2019 NLCD within sampled 2.25km2 subblocks 

(total area = 320km2) and the overall study area of the southern 11 counties of Illinois (total area = 

9,812km2).  

Landcover type 
Sampled 
Subblocks 

Study 
Area 

Water 2.3 2.9 

Conifer Cover 1.1 1.1 

Pastureland 16.6 14.8 

Forest Cover 50.8 45.6 

Urban/Developed 
Areas 7.9 7.4 

Cultivated Cropland 20.9 28 

 

 

 

 

Table A4.2. Land use percent coverage and change between the Illinois Breeding Bird Atlas (IBBA) and 

2021 survey in the southern 11 counties of Illinois, USA. Coverage values were summarized using the 

Sampled Blocks from the BBA study design and the entire Study Area of the southern 11 counties of 

Illinois.  
 

Land Use 1986 
(%) 

2021 
(%) 

Change 
(%) 

Sampled 
Blocks 

Agriculture 36 32 -4 

Forest 50 57 +7 

Developed 6 4 -2 

Pasture 6 5 -1 

Other 2 2 0 

Study 
Area  

Agriculture 38 36 -2 

Forest 6 4 -2 

Developed 48 53 5 

Pasture 6 5 -1 

Other 2 2 0 
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