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Abstract

The Whooping Crane (Grus americana) is a federally endangered species that relies on
strategically located stopover habitats to complete its long migration between breeding and
wintering grounds. Therefore, we need to identify suitable stopover habitats to aid their survival
and recovery. Despite conservation efforts, we still don’t know how habitat preferences vary
spatially and temporally, which hinders effective planning to balance species recovery with
renewable energy development. To address this gap, we built upon recent research using
machine learning algorithms to create species distribution models (SDM) for migratory avian
species.

We created an enhanced habitat suitability model for whooping cranes along the Kansas
flyway using Random Forest algorithms, incorporating spatial (latitude/longitude) and temporal
(date) variables to capture dynamic habitat use. Telemetry data from 2010-2016 (n = 1,253)
were combined with pseudo-absences (n = 2,000) and environmental predictors (e.g., wetland
cover, urban proximity) to train the model, which was validated using AUC and out-of-bag error
rates. Areas with high wind potential and low conflict with suitable habitats were identified and
ranked, while conflict zones with existing turbines were mapped by overlaying high-suitability
habitats with current turbine locations from the U.S. Wind Turbine Database, with a 5 km buffer
to assess displacement risks.

Key results showed the improved model’s robustness (AUC = 0.98), outperforming
previous static approaches by showing fine-scale seasonal shifts and spatial variability. Wetland
cover was the top predictor in Kansas, while distance from road networks was the driver of
habitat selection in Nebraska, reflecting regional landscape differences. Time-series analysis

(2010-2016) showed corridor narrowing during drought years and seasonal divergence, with



spring migrations using broader pathways than fall. The prediction map showed 75.07% of the
study area was unsuitable and low conflict for energy development projects. 24.93% was mid-
high conflict and should be designated as critical habitats. The wind-suitability overlay showed

western Kansas’s agricultural zones as the optimal low-conflict areas for energy development.
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Preface

One of the purposes of this project is to complete a master’s degree in Geography from
Kansas State University. To do this the project follows the “multiple publishable papers”
structure instead of the traditional thesis monograph. So, the goal of “chapter” 4 and 5 in this
project is to produce a standalone paper of sufficient quality and intellectual depth to be the core
of a journal article. Each standalone chapter also contributes to the common research theme of

better understanding spatio-temporal changes in whooping crane habitat selection.
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Chapter 1 - Introduction

The whooping crane (Grus americana) is the rarest crane (family Gruidae) species and
was listed in 1970 as endangered under the Endangered Species Preservation Act. This bird
species is endemic to North America (French, Converse, & Austin, 2019) and faces critical
challenges during its long migratory journey (Armbruster, 1990). At one time, the population of
whooping cranes exceeded 10,000 individuals (Canadian Wildlife Service and U.S. Fish and
Wildlife Service, 2007) but, by the late 1940s the species was close to extinction, with only
about 15 individuals remaining in the wild. Through combined conservation efforts, including
habitat restoration, captive breeding programs, and different protection measures, there has been
a significant increase in the whooping crane population. Their numbers today have risen to
approximately 600 individuals in the wild (Leaverton & Fellows, 2023; U.S. Fish & WIldlife
Service, 2023) . Despite their increase in numbers, whooping cranes still face threats from land
use changes, predation, and hunting pressures during migration (Pearse A. T., Metzger, Brandt,
Shaffer, & Bidwell, 2021; U.S. Fish and Wildlife Service., 2009).

Traditionally, many whooping crane conservation plans have emphasized protecting
wintering and breeding habitats since these areas are essential for the species' reproductive
success and survival during the non-migratory period (Moore, Gauthreaux, Kerlinger, & Simons,
1995). Although these initiatives have significantly helped the species' recovery, they are not
enough to guarantee long-term population stability. For effective conservation, top priority
should be given to the identification and protection of stopover habitats as they provide vital
resources for rest and refueling during migration (Canadian Wildlife Service and U.S. Fish and
Wildlife Service, 2007). In the past, extensive wetland losses and agricultural land conversion

across North America drastically reduced the availability of suitable stopover sites (French,



Converse, & Austin, 2019) and created geographic bottlenecks for migratory birds including the
whooping crane (Myers, 1983). Wetlands, which are crucial to migratory birds for feeding and
resting, have been especially impacted by urbanization, landuse change, and drainage for
farming. This loss of habitat disproportionately affects species such as the whooping crane which
is highly specific in its habitat requirements during migration (Webb, Smith, Vrtiska, &
Lagrange, 2010). Kansas is acritical part of the whooping crane's central migratory corridor.
Wetlands like Cheyenne Bottoms and Quivira National Wildlife Refuge are important stops
during migration.

The field of Geography has played an essential role in the advancement of habitat
modeling for endangered species in many ways through spatial modeling, GIS-based studies, and
remote sensing. Through the study of human relationships to the environment and by applying
landscape ecology principles, geographers have helped improve conservation efforts by
identifying areas of high biodiversity and patterns of habitat fragmentation. One example is the
equilibrium theory of island biogeography proposed by MacArthur and Wilson (MacArthur &
Wilson, 1967) which helped researchers better appreciate the relationship between habitat-area
and species-abundance (Zimmerman & Bierregaard, 1986). This understanding has since led to
new strategies for conserving habitats. By looking at how geography interacts with the
environment—Ilandcover, topography, and climate — researchers have been able to pinpoint
critical habitats (Turner, 1989; Liverman, 1999; Andrén, 1994; Niemuth, et al., 2018; Pearse A.
T., et al., 2020). Spatial analysis techniques have also helped predict how habitats mightchange
under different land uses and climate change scenarios. That information is exactly what
conservationists need to make informed decisions about how to manage those habitats (Geary,

Fielding, McGowan, & Marsden, 2015). Studies on habitat fragmentation have also been able to



illustrate the effect of land use changes on bird migration and their survival rates during
migration (Andrén, 1994), while studies on ecosystem services have emphasized how important
protected habitats are to sustaining migrating bird populations (Runge, et al., 2015).

Despite extensive research on whooping crane stopover habitat selection, there is still a
significant information gap, especially along the Kansas migratory corridor. Prior studies have
primarily focused on broad-scale habitat preferences across the Central Flyway (Pearse, et al.,
2018; Harrell & Bidwell, 2020), often overlooking finer spatial and temporal variations critical
for targeted conservation efforts. Habitat suitability models have traditionally been built using
GIS-based methods (Kaminski, Comer, Garner, Hung, & Calkins, 2013; Watershed Institute,
Inc., 2013). But opportunities exist to combine high-resolution spatial data with the latest
machine learning techniques for habitat analyses (Cutler, et al., 2007). Since Kansas is a critical
part of the whooping crante migration route — and a potential geographic bottleneck for the
species, a more detailed approach to refine conservation and habitat management strategies is
warranted.

This study aims to improve understanding of whooping crane stopover ecology to inform
conservation strategies along the Aransas-Wood Buffalo migratory flyway. One question that
will be investigated is whether characteristics of preferred whooping crante stopover habitats
vary spatially, and potentially, temporally (i.e., depending on where and when they are in the
migratory corridor. This study will also assess whether key variables change within (from one
migratory season to the next) and between years by identifying important environmental factors
(e.g., wetland cover, access to food, urban development, proximity to roads, and other land cover
types) influencing whooping crane habitat selection in Kansasusing telemetry data in a random

forest model (Breiman, 2001)By comparing the relative importance of these key environmental



variables in Kansas and Nebraska, potentially important intra- and interstate differences might be
uncovered. This study builds on past research suggesting that whooping cranes select areas with
a higher percentage of wetlands and access to food while avoiding regions with substantial urban
development.

Given the high wind resource potential in Kansas, another question that will be explored
is how these migration preferences affect wind energy exploration within the state. This work
will highlight the importance of integrating habitat modeling with land-use planning to facilitate
prioritization of habitat protection and restoration while addressing potential conflicts with

urbanization and renewable energy development along the migratory corridor.



Chapter 2 - Literature Review

Importance and Conservation of the Whooping Crane

Significance of the Species

The Whooping crane (Grus americana) represents hope and perseverance for
conservation. Despite their low abundance, the whooping cranes are a keystone species with a
relatively high influence on the ecological network through strong connections. They are
ecological linchpins in wetland ecosystems, helping to maintain ecosystem structure and
function (Goetzman, 2024; The International Crane Foundation, 2024). As omnivores, they help
keep those environments in balance by eating a wide variety of plants, small fish and
invertebrates. This foraging behavior helps regulate the population of these organisms,
preventing overpopulation and boosting biodiversity (Allen, 1952). As an indicator species, the
whooping crane's presence or absence also reflects the health of its ecosystem (Lees, et al.,
2022). Wetlands that support whooping cranes are usually biodiverse and free of major
pollutants (Goetzman, 2024; Stehn & Haralson-Strobel, 2014). In addition, their dual role as both
predator and prey highlights their ecological importance, as they interact with a wide range of
species — from insects to large mammals — creating ripple effects that help maintain ecosystem
health (U.S. Fish and Wildlife Service, n.d.).

The habitats designated for whooping craneprotection provide a stable sanctuary, offering
food, shelter, and breeding grounds for numerous other organisms that share similar ecological
niches. This interconnectedness helps to maintain biodiversity and ensures the survival of
various species, many of which may also be threatened. The conservation efforts aimed at
endangered species leads to broader environmental benefits, such as the restoration of degraded

habitats, the improvement of water quality, and the enhancement of soil health.



Historical Population Decline and Current Population Status

In the 19th century, there were likely thousands of whooping cranes (Canadian Wildlife
Service and U.S. Fish and Wildlife Service, 2007). By 1941, only 15 individuals remained in the
wild. Habitat loss, unregulated hunting and environmental changes—driven by agriculture and
urban development—had taken their toll (Lewis, Kuyt, Schwindt, & Stehn, 1992; Pearse A. T.,
Metzger, Brandt, Shaffer, & Bidwell, 2021). Wetlands were drained, and hunting for feathers
and meat pushed cranes to the brink of extinction. Thanks to joint conservation efforts in both
Canada and the United States, the recovery of the species, although slow, has been steady. Some
of the key milestones in their recovery include establishment of protected areas such as the
Aransas Wildlife Refuge in Texas and the Wood-Buffalo National Park in Canada, used
respectively as wintering and breeding grounds (Canadian Wildlife Service and U.S. Fish and
Wildlife Service, 2007).

Today, there are about 800 whooping cranes. Of those, 540 belong to the Aransas-Wood
Buffalo population which is the only remaining natural, self-sustaining population. The other 260
were bred in captivity with some reintroduced into the wild to form new population (U.S. Fish &
Wildlife Service, 2023; Vartanian & Conkin, 2023; Bidwell & Conkin, 2023; U.S. Fish &
Wildlife Service, 2024). The Eastern Migratory Population is an experimental flock that was re-
introduced between 2001 to 2010 and has a current population of about 70 individuals (U.S. Fish
& Wildlife Service, 2024; The International Crane Foundation, 2024). With the help of scientists
and through different assisted migration techniques, this flock migrates from its breeding ground
in Wisconsin to wintering grounds in Florida (Thompson, Gordon, Bolt, Lee, & Szyszkoski,
2022; U.S. Fish & Wildlife Service, 2024). The Central Florida population (restored between

1993 and 2005) and the White Lake Louisiana population (reintroduced in 2011) are two



examples of non-migratory populations that have been restored or reintroduced. Despite these
successes, several challenges continue to threaten the species' survival. To maintain a steady
population increase and promote the species' ongoing survival, important legislative measures
have also been implemented.

Legislation and Conservation Efforts

Several legal protections and international agreements have been enacted to make help
facilitate the whooping crane’s recovery. In the United States, the Endangered Species Act
(ESA) of 1973 has been instrumental in safeguarding the species and its habitats (U.S. Fish and
Wildlife Service, 2003). The primary purpose of the ESA is to provide a legal framework for
habitat protection and ecosystem conservation and to set up recovery programs that bring
endangered and threatened species to the point where their protection under the Act is no longer
required (Jones, 2005).

The Migratory Bird Treaty Act (MBTA) of 1918 has helped the US and Canada work
together to preserve whooping cranes across their entire migratory range. The Species at Risk
Act of 2003, passed in Canada, has helped in the recovery of extirpated, vulnerable, or
endangered wildlife species resulting from human activity (Environment Canada, 2007). These
legislative protections have stopped more declines and provided a foundation for recovery
efforts. For instance, the MBTA has reduced threats from hunting and habitat loss while the
designation of critical habitats under the ESA and SARA has helped save important breeding and
wintering sites in both countries (Lewis, 1995). These laws together provide a safety net for the
whooping crane, freeing conservationists to concentrate on population building and recovery.

Rebuilding the population has proved rather successful with captive breeding initiatives.

These initiatives, like the one at the Patuxent Wildlife Research Center in Maryland, have bred



and reintroduced cranes into the wild, greatly increasing population numbers (Urbanek,
Zimorski, & Wellington, 2010) and led to the establishment of a new Eastern Migratory
Population which lowers the risk of extinction by through creation of additional flocks.

Whooping cranes rely on stopover habitats during their long journeys.

Habitat management efforts along migratory routes helps ensure whooping cranes have
access to food and shelter (Stehn T., 2011). Wetland restoration projects like the Cheyenne
Bottoms Preserve and Quivera National Wildlife Refuge in Kansas have provided critical
habitats for cranes migrating through the state (Kansas Department of Wildlife & Parks, 2023).
Programs like the Kansas, Nebraska, Oklahoma Migratory Birds, Butterflies, and Pollinators
SAFE (State Acres for Wildlife Management) initiative (Farm Service Agency, 2023) support
migrating wetland species by restoring playa wetlands to their natural function. The eastern parts
of Kansas, which have more agricultural land and fewer wetlands, are the focus of the SAFE
initiative.

Non-governmental groups like the International Crane Foundation have also been
instrumental in conservation efforts by working on captive breeding and public education
initiatives, often in close collaboration with government agencies and local communities
(International Crane Foundation, 2021). Citizen science programs that encourage the public to
report whooping crane sightings have provided valuable data on crane movements and habitat
use (compiled by the U.S. Fish & Wildlife Service, Nebraska Field Office). To ensure the
species’ survival, adaptive management will need to be put in place by integrating scientific

research, community engagement, and policy advocacy.



Biology and Ecology of the Whooping Crane

Migration and Stopover Sites

Whooping cranes are known for their long seasonal migrations and transit thousands of
miles between breeding and wintering grounds (Pearse A. T., et al., 2020; Hefley, Baasch, Tyre,
& Blankenship, 2015). This journey takes 50 days in the fall and just 10-11 days in the spring
(Kuyt, 1992). The whooping cranes' main route—the Aransas-Wood Buffalo Flyway—spans
from Wood Buffalo National Park in northeastern Alberta, Canada to Aransas National Wildlife
Refuge along the Gulf Coast in Texas. This route is vital for the species. It gives the cranes
access to key stopover sites where they can rest and refuel (Johns, Stehn, & Windingstad, 2005).
Stopover sites like the Platte River in Nebraska and Quivira National Wildlife Refuge in Kansas
are vital for recharging energy reserves during the long journey. These habitats have abundant
food resources like aquatic plants and invertebrates, and safe roosting areas (Pearse, et al., 2015).
Understanding these migration pathways is crucial for identifying and protecting critical habitats
that support the species’ survival.

Migration events are the most limiting time of a migratory bird’s annual life cycle
(Carlisle, et al., 2009; Baasch D. M., Farrell, Pearse, Brandt, & Caven, Diurnal habitat selection
of migrating Whooping Crane in the Great Plains, 2019). This phase is challenging for several
reasons; however, the ecology of migrating birds at their stopover habitats is still not well
understood (Webb, Smith, Vrtiska, & Lagrange, 2010; Arzel, EImberg, & Guillemain, 2006;
Faaborg, et al., 2010). During its migration, the whooping crane is exposed to several
unpredictable challenges that affect its population, such as habitat loss and adverse weather
conditions. Weather can affect the timing of migration and energy expended significantly.

Favorable tailwinds save energy while headwinds can delay the migration and also increase



mortality (Harrell & Bidwell, 2020). Climate change is making all of this even more
complicated. Rising temperatures and altered precipitation patterns are affecting the availability,
quality, and distribution of those critical stopover habitats. Drought, in particular, reduces the
availability of wetlands and forces cranes to travel further to find suitable stopover sites (Pearse
A. T., etal., 2020).

Habitat fragmentation and land use changes have reduced the quality and availability of
those critical stopover sites where cranes can rest and refuel (Baasch D. M., Farrell, Pearse,
Brandt, & Caven, Diurnal habitat selection of migrating Whooping Crane in the Great Plains,
2019). Research shows that, on average, 70% of fledged mortality occurs during migration (U.S.
Fish and Wildlife Service., 2009). After hours of continuous flight, the birds' fat reserves become
depleted, making stopover sites essential for successful migration (Myers, 1983). For migrating
whooping cranes, survival and body conditions going into breeding season depend on the
decisions they make regarding stopover habitats, where factors such as habitat quality play a
crucial role (Whitham, 1980; Baasch D. , Farrell, Pearse, Brandt, & Caven, 2019; Myers, 1983;
Moore, Gauthreaux, Kerlinger, & Simons, 1995). High-quality stopover habitats are what keep
individuals in the population healthy, improving survival and successful reproduction
(Rodewald, 2015).

Advances in tracking technology have given us a much clearer picture of whooping crane
migration. With satellite GPS, radio telemetry, and geolocators, researchers can now map those
migration routes, track movement patterns and pinpoint critical habitats with much greater
precision (Kuyt, 1992; Stehn & Wassenich, Whooping Crane Collisions with Power Lines: an
Issue Paper, 2008). For example, GPS tracking has shown that whooping cranes can travel over

400 km in a day (Pearse, et al., 2015; Hefley, Baasch, Tyre, & Blankenship, 2015). These tools
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have also given us insight into mortality risks such as collisions with power lines (Watershed
Institute, Inc., 2013), wind turbines (Belaire A. J., Kreakie, Keitt, & Minor, Predicting and
Mapping Potential Whooping Crane Stopover Habitat to Guide Site Selection for Wind Energy
Projects, 2013), and predation during migration (Caven, Rabbe, & Malzahn, 2020). By
combining tracking data with habitat modeling, we can identify high-risk areas and implement
targeted mitigation.

Population Health and Trends

In the 1940s the whooping crane population was near extinction with limited genetic
diversity, increased risk of inbreeding, and reduced adaptability to environmental change
(Glenn, Stephan, & Braun, 1999). To address this, the Canadian Wildlife Service and U.S. Fish
and Wildlife Service (2007) have been working to maintain genetic diversity and while studies
show that these efforts have helped reduce inbreeding risks challenges remain in ensuring long-
term genetic health (Canadian Wildlife Service and U.S. Fish and Wildlife Service, 2007;
Hoban, et al., 2021). One of the strategies being explored to boost genetic diversity is gene flow
(Fontsere, et al., 2024; Thompson, Caven, Hayes, & Lacy, 2021). That means introducing
genetic material from captive populations into the wild. But that approach requires careful
planning to avoid disrupting the population structures. Introducing new genetic material too
quickly or in the wrong way could cause more problems than it solves.

Reproductive success is key to whooping crane recovery. Nesting success, fledging rates
and juvenile survival are influenced by many factors including wetland conditions, predation and
parental care (Canadian Wildlife Service and U.S. Fish and Wildlife Service, 2007; Thompson,
Glass, Wellington, Boardman, & Olsen, 2022). Wetlands with abundant food resources and

minimal human disturbance are critical for successful nesting and chick-rearing (Kacergyteé, et
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al., 2021; Vest, et al., 2023). Predation, particularly by bobcats, wolves, and eagles, poses a
significant threat to eggs and young chicks, while parental care plays a crucial role in ensuring
chick survival (Stehn T., 2011). Long-term monitoring has shown that reproductive success
varies significantly between years, with environmental conditions playing a significant role. For
example, drought years often result in lower nesting success due to reduced food availability
(Riggio, et al., 2023).

Threats and Challenges to Survival

Habitat loss is the single biggest threat to whooping cranes. Agricultural expansion,
urbanization and wetland drainage have reduced the availability of suitable habitats (Austin,
Morrison, & Harris, 2018; Pearse, et al., 2018). The whooping cranes’ migration corridor spans
through areas of high land use change, including rapid wind energy development. Wetlands
which are critical for nesting, foraging and stopover sites have been affected. Protected areas like
national wildlife refuges have helped with habitat loss but more needs to be done to restore and
conserve wetlands along the migration route (Meretsky, Atwell, & Hyman, 2011). Wetland
restoration projects in Kansas and Nebraska have shown promise in providing habitat for
migrating cranes.

Whooping cranes face a multitude of dangers from human activities—power lines, wind
energy projects, and the people enjoying the great outdoors. (Heisman, 2019; Stehn &
Wassenich, 2008; Canadian Wildlife Service and U.S. Fish and Wildlife Service, 2007; Sime, et
al., 2024) Wind farms are recognized for their potential to reduce greenhouse gas emissions and
meet renewable energy goals. But development of these facilities in critical migratory pathways
introduces new challenges to wildlife conservation (American Bird Conservancy, 2021; Hands,

2024; Belaire J. A., Kreakie, Keitt, & Minor, 2014). For whooping cranes the risks are multiple:
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collision with wind turbines and associated infrastructure like power lines which are already a
leading cause of mortality during migration (Belaire A. J., Kreakie, Keitt, & Minor, 2013; Lewis,
Kuyt, Schwindt, & Stehn, 1992). Wind farms can also disrupt flight paths and cause cranes to
avoid nearby suitable stopover habitats forcing them to expend extra energy searching for
alternative sites (Ellis, et al., 2022). All these impacts make clear the need to carefully consider
where wind farms are sited so that the need for green energy development is balanced with

conservation of critical migratory habitats.

Environmental Variables in Habitat Modeling

Key Variables and Their Relevance

Whooping cranes are very selective about their stopover habitats and actively seek areas
that meet their specific needs for food, water and shelter. Individuals make decisions about
where to stop and what resources to use after stopover (Baasch D. M., et al., 2019). According to
Watershed Institute, Inc. (2013) factors that affect habitat suitability include wetland size, water
depth, water regime, visibility and obstructions, proximity to disturbances and proximity to food.
Wetlands are the most important habitat type, providing abundant food resources and safe
roosting sites (Johns B. W., 1992; Pearse, et al., 2018; Allen, 1952). Agricultural fields,
especially corn and wheat, can be a supplemental food source depending on the farming
practices employed and proximity to wetlands (Austin & Richert, Patterns of Habitat Use by
Whooping Cranes During Migration: Summary form 1977-1999 Site Evaluation Data., 2005;
Urbanek & Lewis; Niemuth, et al., 2018). Habitat use varies by season, time of day, and
individual behavior so habitat selection is complex. For example, cranes use agricultural fields
during the day and wetlands at night because they need food and safety (Lehnen, Sesnie, Butler,

Pearse, & Metzger, 2024; Harrell & Bidwell, 2019).
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Hydrological and Wetland Characteristics

Wetlands provide the resources for resting and refueling during migration (Webb, Smith,
Vrtiska, & Lagrange, 2010; Baasch D. M., et al., 2019). The connectivity of surface water, water
depth and seasonal flooding patterns are important factors that affect the probability of use of a
particular wetland (Austin & Richert, Patterns of Habitat Use by Whooping Cranes During
Migration: Summary form 1977-1999 Site Evaluation Data., 2005; Johns, Woodsworth, &
Driver, 1997). Cranes are usually found in palustrine wetlands (e.g. marshes and swamps) which
have seasonal to semi-permanent regimes (Austin & Richert, 2001; Hefley, Baasch, Tyre, &
Blankenship, 2015). Shallow wetlands with abundant aquatic vegetation are ideal foraging
grounds for cranes to feed on plants, invertebrates, and small fish (Tacha, Bishop, & Brei, 2010;
Johns B. W., 1992; Baasch D. M., et al., 2019), while deeper waters are more suitable for
roosting (Austin & Richert, 2001). Hydrological regimes create dynamic habitats that support
diverse food sources and reduce predation risks (Austin & Richert, 2001) with wetlands that are
semi-permanently or artificially flooded being more favorable because they are more
consistently available (Armbruster, 1990; Watershed Institute, Inc., 2013; Niemuth, et al., 2018).

Land Cover and Vegetation

Land cover types play an important role in determining habitat suitability for whooping
cranes. Grasslands, agricultural fields, and open water are the most important land cover types,
providing food, shelter and nesting sites (Baasch D. M., et al., 2019; Belaire J. A., Kreakie, Keitt,
& Minor, 2014). Vegetation height and density are also important, and cranes prefer areas with
short vegetation for foraging and tall vegetation for roosting and nesting (Watershed Institute,
Inc., 2013).

Anthropogenic Disturbance and Infrastructure
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Human activities and infrastructure pose some of the biggest challenges to where
whooping cranes can safely stop during migration. Proximity to roads, power lines, cities, and
wind farms can disrupt migration patterns and increase the risk of death (Pearse A. T., Metzger,
Brandt, Shaffer, & Bidwell, 2021). For example, power lines are a major cause of death for
cranes in flight (Stehn & Wassenich, Whooping Crane Collisions with Power Lines: an Issue
Paper, 2008). Urban expansion and agriculture intensification both fragment suitable habitats and
reduce their availability (Austin, Morrison, & Harris, 2018). Wind energy projects, an important
source of renewable energy, can also create barriers to migration and alter crane behavior.
Mitigating these impacts requires careful planning and the implementation of conservation
measures, such as marking power lines and establishing buffer zones around critical habitats
(Watershed Institute, Inc., 2013).

Temporal Changes in Variable Importance

Over the past 100 years, whooping crane habitats have changed dramatically due to land
use changes, wetland degradation, and urbanization. Historical satellite imagery and land cover
change models show that many wetlands along the migration route have been drained for
agriculture or urban development. (Stehn & Haralson-Strobel, 2014; Austin, Morrison, & Harris,
2018). The Platte River Basin was once a haven for cranes, but has lost over 70% of its wetlands
due to water diversion and land conversion (Canadian Wildlife Service and U.S. Fish and
Wildlife Service, 2007; U.S. Fish & Wildlife Service, 2024). These changes have forced cranes
to adapt by using alternative habitats, such as agricultural fields and managed wetlands.

Climate change is also reshaping the whooping crane's landscape. Rising temperatures,
more frequent droughts, and altered precipitation patterns are making it harder for cranes to find

the wetlands they need. According to some models, climate change will cause wetlands to
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become less extensive in some areas while becoming more abundant in others, posing new and
uncertain difficulties for crane migration (Londe, 2023; Wauchope, et al., 2016; The
International Crane Foundation, n.d.). For instance, the Great Plains' extended droughts have
decreased the number of shallow wetlands, requiring cranes to travel farther in search of
appropriate habitats (International Crane Foundation and Muraviovka Park for Sustainable Land
Use, 2010).

Habitat use varies by season, time of day and individual behavior making habitat
selection a complex process. Environmental variables important for habitat suitability can differ
greatly between seasons and years. Water is key during dry seasons and vegetation is more
important during breeding season. Interannual variations in hydrology, land cover, and food
availability further complicate habitat selection and require cranes to adapt their behavior and

migration timing (Pearse, et al., 2024).

Habitat Suitability and Spatial Modeling

Techniques and Approaches in Existing Studies

Spatial Modeling

Using Geographic Information Systems (GIS), spatial modeling combines and analyzes
spatial data including land cover, elevation and climate factors, therefore enabling the analysis
and prediction of species distribution across landscapes. While methods like overlay analysis and
spatial interpolation have been used to find areas that meet particular habitat needs, kriging is
also a popular predictive technique for forecasting environmental variables over vast areas (Li &
Heap, 2011; Zhu, Jia, LU, & Yan, 2012; Walker, et al., 2008; Hengla, Sierdsema, Radovic, &
Dilo, 2009). Geostatistical models like kriging and variogram analysis are particularly good for

modeling spatial autocorrelation and predicting species distribution in heterogeneous landscapes
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(Cressie , 1990; Walker, et al., 2008; Sadoti, Pollock, Vierling, Albright, & Strand, 2014;
Mielke, et al., 2020).

Advanced spatial modeling techniques like geographically weighted regression (GWR)
and environmental niche-based approaches address the complexity of species-environment
relationships by accounting for spatial heterogeneity and dynamic processes. Perfect for
modeling species distribution in fragmented environments, GWR lets relationships between
variables change across space (Mellin, Mengersen, Bradshaw, & Caley, 2014). Environmental
niche-based approaches such as the Maximum Entropy (MaxEnt) model predict habitat
suitability utilizing niche theory adapted to human managed landscapes linking species (or crop)
presence data with environmental variables (Amici, Eggers, Geri, & Battisti, 2013; Heumann,
Walsh, Verdery, McDaniel, & Rindfuss, 2012). Combining remote sensing with these methods
has even increased the accuracy and scalability of spatial models, therefore allowing large-scale
habitat suitability mapping and conservation planning (Hopkins, Hallman, Kilbride, Robinson, &
Hutchinson, 2022; Guo, et al., 2018).

Habitat Suitability Modeling

Habitat suitability modeling (HSM) is where conservation and management come
together. By using statistics and computational methods, scientists can predict where species are
likely to be found based on the environment around them. This is where traditional approaches
like niche models and regression-based models come in. Niche models like BIOCLIM and
DOMAIN use climate variables to define what a species needs to survive. Regression-based
models, like logistic regression and generalized linear models, look at the relationships between
a species' presence and the environmental factors that influence it (Booth, 1985; Guisan &

Zimmermann, 2000; Hijmans & Graham, 2006). By incorporating spatial data layers—Iike land
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cover and topography— using GIS assessments, detailed maps of habitat suitability can be
achieved (Tirpak, et al., 2010). Those models have been used extensively to inform conservation
planning and prioritize habitat restoration efforts (Guisan & Zimmermann, 2000).

In whooping crane habitat studies, researchers have used a variety of techniques to
predict where cranes are likely to be found. One of the most common is logistic regression,
which looks at the probability of crane presence based on factors like wetland availability and
land cover (Pearce & Ferrier, 2000; Niemuth, et al., 2018). Maximum entropy (MaxEnt) models,
which are particularly effective for presence-only data, have been applied to identify key habitat
features for cranes during migration (Phillips, Anderson, & Schapire, Maximum entropy
modeling of species geographic distributions, 2006). Machine learning techniques, such as
generalized additive models (GAMSs) and decision trees, have also been used to capture complex,
nonlinear relationships between crane habitat use and environmental predictors (Liu, Newell, &
White, 2015; Becker, et al., 2020). These methods have provided valuable insights into the
factors driving habitat selection and the spatial distribution of suitable habitats for whooping
cranes.

Limitations and Advancements in Habitat Modeling

Traditional habitat models have important limitations. One of the biggest problems with
regression-based models, including logistic regression and generalized linear models, is that they
are unable to effectively handle collinearity among predictors. This weakness can lead to
unstable parameter estimates and reduced model performance (Phillips, Anderson, & Schapire,
Maximum entropy modeling of species geographic distributions, 2006). They also tend to
overlook complex interactions between variables, such as nonlinear relationships and threshold

effects, that are common in ecological systems. That means low predictive accuracy when
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models are applied to new areas or under changing environmental conditions (Elith et al., 2011).
Furthermore, traditional models usually need presence and absence data. That can be difficult to
obtain for many species, especially rare or elusive ones. In contrast, presence-only data (species
occurrence records) are more readily available. But presence-only data pose their own set of
challenges with regards to modeling habitat suitability.

One of the biggest difficulties when working with presence-only data is the lack of
information about where a species isn't found. The lack of true absence data makes it challenging
to know where a species is absent and where it simply is unobserved. This ambiguity can lead to
biased predictions. Models may overestimate how suitable an area is for a species if it is under
sampled or inaccessible (Lee-Yaw, McCune, Pironon, & Sheth, 2021). To address this problem,
researchers often use pseudo-absence data—background points that are generated as a stand-in
for true absences. However, how these pseudo-absence locateds are selected can affect the
outcome of the model. Improper selection can risk introducing bias or reducing the model's
accuracy (lturbide, et al., 2015; Hefley, Baasch, Tyre, & Blankenship, 2015). For example, if
pseudo-absences are sampled from areas that are ecologically unsuitable for the species, the
model may underestimate habitat suitability. Conversely, if pseudo-absences are sampled from
areas that are suitable but unoccupied, the model may overestimate suitability.

Recent breakthroughs in machine learning and remote sensing have helped overcome
many of the limitations that previously hindered progress in these fields. Algorithms such as
Random Forest and Maximum Entropy (MaxEnt) are especially effective at handling high-
dimensional data and capturing the complex relationships between species and their
environments (Cutler, et al., 2007; Coxen, Frey, Carleton, & Collins, 2017). These algorithms

can incorporate interaction terms and threshold effects, which increasesthe accuracy of their
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habitat suitability predictions. One example is MaxEnt. It was originally designed to work with
presence-only data, but its ability to handle complex species-environment relationships has made
it a popular tool in ecological modeling (Phillips, Anderson, & Schapire, 2006). Remote sensing
satellites and sensors including Landsat and MODIS have given habitat modeling a boost by
providing a time series of multispectral data of varying spatial resolutions to assess land cover,
vegetation health and other environmental factors. Integrating this data with habitat models
yields more accurate and scalable predictions. Geospatial analysis and GIS have also advanced to
the point where researchers can now incorporate fine-scale environmental variables like
topography and hydrology into their models, which often improves results and increases their
ecological relevance.

Despite these advancements, challenges remain in modeling habitat suitability using
presence-only data. Spatial bias in species occurrence records (e.g., uneven sampling effort or
accessibility) can lead to biased predictions if not properly accounted for (Phillips, et al., 2009;
Kramer-Schadt, et al., 2013). Techniques like spatial filtering and bias correction have been
developed to address this but their effectiveness depends on the quality and representativeness of
the data. That transferability of habitat models to new regions or time periods can be limited by
differences in environmental conditions or how species interact with their environment.
Telemetry data provides high-resolution, continuous tracking of individual birds, offering
insights into their movement patterns, habitat use, and behavioral responses to environmental
changes. By offering a more thorough and representative sample of species occurrences across
the terrain, this information can help to offset spatial bias (McDuie, et al., 2019). By recording
fine scale habitat preferences and temporal dynamics difficult to detect with presence-only data

alone, telemetry data can also enhance habitat models. Combining telemetry data with remote
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sensing and environmental variables will help to create stronger and transferable habitat models
that more accurately represent the ecological requirements of the species (Hebblewhite &
Haydon, 2010).
Application of Random Forest in Suitability Modeling

Random Forest (RF) is a well-known and popular choice ecological modeling because it
can handle complex, non-linear relationships and high-dimensional data with ease. According to
(Breiman, 2001), it consists of tree-structured classifiers

{h(x,0,),k=1,..}

where the {0, } are independent identically distributed random numbers. Each tree casts a
unit vote for the most popular class at input x. (Breiman, 2001) further describes how it classifies
data by building multiple decision trees during training and then determines the most common
prediction from each one (Figure 2.1). Use of the Strong Law of Large Numbers (Chuprunov &
Fazekas, 2009) shows that they always converge, which helps prevent overfitting and boosts
prediction accuracy. Key benefits of RF are its ability to provide measures of variable
importance and similarity of data points. This allows researchers to identify which environmental
factors are more strongly associated with species presence or habitat suitability and makes RF a

very powerful tool for ecological modeling and conservation planning (Cutler, et al., 2007).
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Figure 2.1 The random forest visual model has several decision trees that make predictions.
Original image from dida.do https://dida.do/what-is-random-forest
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RF has been widely used in avian ecology to model habitat suitability and predict species
distributions. For example, (Oppel, et al., 2012) used RF to predict the distribution of migratory
birds in Europe. In whooping crane studies, RF has been used to model wetland and grassland
habitat suitability, and to identify key environmental predictors like water availability and
vegetation cover (Belaire J. A., Kreakie, Keitt, & Minor, 2014; Caven, et al., 2022; Drew,
Wiersma, & Huettmann, 2010). These applications highlight the versatility of RF in addressing
diverse ecological questions and its potential to inform conservation strategies for migratory
birds.

RF has some advantages over other machine learning algorithms. Unlike MaxEnt, which
is limited to presence-only data, RF can handle both presence-absence and presence-only data.

That makes it more flexible for different study designs (Cutler, et al., 2007; Prasad , Iverson , &
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Liaw , 2006). RF is also less sensitive to parameter tuning and provides more interpretable
outputs like variable importance rankings (Huang & Boutros, 2016). While deep learning models
can achieve high predictive accuracy, they require large datasets and computational resources,
making RF a more practical choice for many ecological studies.

One of the reasons RF is so popular for habitat suitability modeling in conservation
biology is its easy integration with remote sensing data and GIS layers. You can use RF to
produce large-scale habitat suitability maps. For example, (Belgiu & Dragut, 2016) combined RF
with high-resolution remote sensing data to map land cover and habitat suitability in complex
landscapes, highlighting the scalability of RF. By combining RF with GIS and remote sensing, it
is possible to produce detailed, spatially explicit models that support conservation planning.

Despite its advantages in handling ecological datasets, there are disadvantages to using
RF models for ecological modeling. Some of these disadvantages include difficulty interpreting
ecological relationships (i.e., the relationship between predictors and responses, high sensitivity
to sampling bias, and the overestimation of variable importance due to a bias towards variables
with more categories or greater range in values). Another limitation of RF is that the variables
used during classification at different nodes are not defined. Finally, RF models are highly
dependent on the quality and representativeness of input data, which is a major limitation,

especially with presence-only data.
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Chapter 3 - Study Area

The Aransas-Wood Buffalo population is the only self-sustaining whooping crane
population in the wild. It makes a biannual migration of about 4000 km (Hefley, Baasch, Tyre, &
Blankenship, 2015) in the fall from its breeding ground in Wood Buffalo National Park (WBNP),
Alberta, Canada, to its wintering ground in Aransas National Wildlife Refuge (ANWR) in
Aransas, Texas, (Pearse A. T, et al., 2020). During its migration, the species has been observed
to travel through the Canadian Prairies and the Great Plains of North America (Pearse, et al.,
2015; Baasch D. M., Farrell, Pearse, Brandt, & Caven, 2019). Observational siting data have
shown their presence in Alberta and Saskatchewan provinces in Canada and the states of North
and South Dakota, Nebraska, Kansas, Oklahoma, and Texas, with the 75% confidence interval
core corridor being narrowest in central Kansas (Pearse, et al., 2018).

The study area for this research is the entire state of Kansas, which was selected because
of increased farming activities and the continuous conversion of prairie grassland into cropland.
Another factor is the increase in wind energy exploration within the state, which could disrupt
their migratory route and potentially cause a shift in the flyway. As an endangered bird species
with highly specific habitat preferences during migration, there has also been a limited number
of studies of the whooping crane habitat preferences within the state. For our initial analysis, we
limited the geographic scope to the 95% confidence interval migratory corridor bounds but later
expanded it to include the entire state of Kansas. The rationale behind this was to include all

areas within Kansas where the probability of detection was greater than 0 (Figure 3.1).
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Figure 3.1 Whooping crane GPS telemetry points from their breeding habitat in Wood Buffalo
National Park to their wintering habitat in Aransas National Wildlife Refuge along the expanse
of their migratory corridor from 2010 to 2016.
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The state has an area of 82,278mi? (213,100km?) and is the 15" largest state by area
(United States Census Bureau, 2010). There are 105 counties within the state, and it has eight (8)
distinct level 111 ecoregions, including Central Great Plains, Central Irregular Plains, Cross
Timbers, Flint Hills, High Plains, Ozark Highlands, Southwestern Tablelands, and Western Corn
Belt Plains (Bailey, Avers, King, & McNab, 1994). Of the 105 counties, the 95% bound of the
cranes’ migratory corridor sits within 60 counties and encompasses four of the eight ecoregions,

with 77.8% falling within the Central Great Plains ecoregion (Figure 3.2). This ecoregion is
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primarily a prairie region and contains the largest area of mixed grassland with a few trees
scattered across the region (Burke, et al., 1991). It is home to approximately 2,900 species of
plants and over 500 animal species (World Wildlife Fund, 2024). The eastern portion of this
region receives the most rain and is known as the prairie pothole region (USGS: Land
Management Research Program, n.d.).

Figure 3.2 Kansas: 95% confidence interval of migratory corridor ecoregions and county
boundaries.

-----

indesendence

0 25 50 100 Miles
"

95% Migratory Central Great Plains High Plains

Corridor

Migratory Corridor X . Southwestern

Counties i Tablelands

According to the K&ppen climate classification, the state’s climate is generally
considered continental and has three distinct climate subtypes: humid continental, semi-arid
steppe, and humid subtropical (Peel, Finlayson, & McMahon, 2007). Being in the center of the

continental U.S., the weather in Kansas is highly variable from hot and humid summers to cold
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and dry winters (Hutchinson, Jacquin, Hutchinson, & Verbesselt, 2015). The monthly average
temperatures range from 0°C to 25°C in the winter and summer, respectively (Williams &
Lohman, 1949). The mean annual precipitation varies across the state from over 1143mm in the
southeast to less than 508mm in the southwest (Williams & Lohman, 1949). Approximately 75%
of the state’s annual precipitation occurs during the spring growing season (Hutchinson, Jacquin,
Hutchinson, & Verbesselt, 2015). It has a north-south temperature gradient, with a hotter south
and a colder north, and an east-west precipitation gradient with higher precipitation in the east
and drier conditions towards the west (Goodin, Mitchell, Knapp, & Bivens, 1995, rep. 2004).

The state is best known for its agricultural and livestock production, which significantly
contributes to its revenue (Kansas Department of Agriculture, n.d.). The most dominant land
cover types within the state are cultivated crops with an approximate area of 92,092km?2 (43.3%)
and herbaceous grasslands with an area of 77,914km?2 (36.6%) (Table 3.1). Wetland and water
cover an area of 3,907km?2 (1.8%) within the state, primarily in the eastern and central regions
(Figure 3.3). The most important wetlands and water bodies within the state are the Cheyenne
Bottoms, Quivira National Wildlife Refuge, and Wilson Lake. Several open water bodies are
also found, especially in the eastern portion of the state, including the Kansas River (Kaw) and
several flood protection reservoirs. Between 2008 and 2021, approximately 96% of land cover
within the state remained unchanged, but the land cover type with the most decrease in this
period was open water, with a 9% decrease in area.

Table 3.1 Kansas landcover class area and percent cover for 2011 (Source: National Landcover
Database 2011).

Land Cover Class Area (km?) % Cover
Open Water 2,108.17 1.0%
Developed, Open Space 7,658.99 3.6%
Developed, Low Intensity 2,371.98 1.1%
Developed, Medium Intensity 578.69 0.3%
Developed, High Intensity 215.70 0.1%

27



Barren Land 147.92 0.1%
Deciduous Forest 7,494.68 3.5%
Evergreen Forest 31.95 0.0%
Mixed Forest 170.70 0.1%
Shrub/Scrub 888.24 0.4%
Herbaceous 77,914.57 36.6%
Hay/Pasture 19,414.52 9.1%
Cultivated Crops 92,092.60 43.3%
Woody Wetlands 1,580.99 0.7%
Emergent Herbaceous Wetlands 218.50 0.1%

Figure 3.3 Land use/land cover within the state of Kansas (Source: National Land Cover

Database 2011).
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Chapter 4 - Predicting Whooping Crane Stopover Habitat

Preferences along the Kansas Migratory Flyway

Abstract

The whooping crane (Grus americana) is an endangered species that faces critical
challenges, especially during migration. This makes identification of suitable stopover habitats
necessary for its survival and recovery. This research focuses on modeling habitat suitability
within the Kansas portion of the Aransas-Wood Buffalo population’s migratory corridor, an area
impacted by wind energy developments. We build upon recent research using machine learning
algorithms to create species distribution models (SDM) for this migratory avian species.

We developed an SDM for the whooping crane using a random forest technique to inform
management decisions within Kansas. The model uses six predictor variables to estimate the
relationship between environmental characteristics and stopover site suitability and telemetry
data from 58 tagged birds between 2010 — 2016 (n = 1253) for our observation data (presence
points). In similar studies, presence-only data is commonly used by randomly generating the
background data (“pseudo-absence” points), but this approach has several weaknesses. For this
study, we utilized a Poisson point process method for generating pseudo-absences and generated
2000 spatially weighted points for the model.

The result was a prediction map showing areas where whooping cranes would most likely
be found. The relative probability function ranged from 0.0 to 0.94, with a prediction accuracy of
92.2%. The prediction map showed that 95.23% of the study area was marked unsuitable and
posed a low conflict for energy development projects. This research supports whooping crane
recovery while contributing to the body of knowledge on species distribution modeling

techniques to further wildlife conservation efforts.
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Introduction

The whooping crane (Grus americana) is the rarest crane (family Gruidae) species and
was listed in 1970 as endangered under the Endangered Species Preservation Act. This bird
species is endemic to North America (French, Converse, & Austin, 2019) and faces critical
challenges during its long migratory journey (Armbruster, 1990). Once, the population of
whooping cranes exceeded 10,000 individuals (Canadian Wildlife Service and U.S. Fish and
Wildlife Service, 2007), but by the late 1940s, only about 15 individuals remained in the wild,
bringing the species close to extinction. Fortunately, through combined conservation efforts,
such as habitat restoration, captive breeding programs, and different protection measures, there
has been a significant increase in the crane population. Today, their numbers have risen to
approximately 600 individuals in the wild (Leaverton & Fellows, 2023; U.S. Fish & WIldlife
Service, 2023) . Despite these efforts, whooping cranes still face threats from land use changes,
predation, and hunting pressures during migration (Pearse A. T., Metzger, Brandt, Shaffer, &
Bidwell, 2021; U.S. Fish and Wildlife Service., 2009).

Migration events are the most limiting time of a migratory bird’s annual life cycle
(Carlisle, et al., 2009; Baasch D. , Farrell, Pearse, Brandt, & Caven, 2019). This phase is
challenging for several reasons; however, the ecology of migrating birds during their stopover
habitats is still not well understood (Faaborg, et al., 2010; Arzel, EImberg, & Guillemain, 2006;
Webb, Smith, Vrtiska, & Lagrange, 2010). The whooping cranes migrate in small groups,
bringing rise to more “decision makers”. During migration, they are exposed to several
unpredictable challenges that affect their population, such as habitat loss and adverse weather

conditions. Research shows that, on average, 70% of fledged mortality occurs during this period
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(U.S. Fish and Wildlife Service., 2009). After hours of continuous flight, the birds' fat reserves
become depleted, making stopover sites essential for successful migration (Myers, 1983). Habitat
fragmentation and land-use changes have drastically reduced the availability and quality of
critical stopover sites where cranes can rest and refuel during their long journeys (Baasch D. M.,
Farrell, Pearse, Brandt, & Caven, 2019). For migrating Whooping cranes, survival and body
conditions going into breeding season depend on the decisions they make regarding stopover
habitats, where factors such as habitat quality play a crucial role (Whitham, 1980; Baasch D. ,
Farrell, Pearse, Brandt, & Caven, 2019; Myers, 1983; Moore, Gauthreaux, Kerlinger, & Simons,
1995). High-quality stopover habitats promote the health, survival, and reproductive success of
individuals within the population (Rodewald, 2015).

Many conservation strategies for the whooping crane have traditionally focused on
protecting wintering and breeding habitats, as these areas are critical for the species' reproductive
success and survival during the non-migratory period (Moore, Gauthreaux, Kerlinger, & Simons,
1995). While these efforts have contributed significantly to the species' recovery, they are
insufficient for ensuring long-term population stability. Effective conservation must also
prioritize the identification and protection of stopover habitats, which provide essential resources
for rest and refueling during migration (Canadian Wildlife Service and U.S. Fish and Wildlife
Service, 2007). In the past, extensive wetland loss and conversion to agricultural land across
North America drastically reduced the availability of suitable stopover sites (French, Converse,
& Austin, 2019), creating geographic bottlenecks for migratory birds like the whooping crane
(Myers, 1983). Wetlands, which are crucial for feeding and resting thousands of migratory birds,
have been especially impacted by urbanization, land-use change, and drainage for farming. This

loss of habitat disproportionately affects species such as the whooping crane, which is highly
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specific in its habitat requirements during migration (Webb, Smith, Vrtiska, & Lagrange, 2010).
Kansas lies within the whooping crane's central migratory corridor and plays a pivotal role in the
species' migration. The state's remaining wetlands, including Cheyenne Bottoms and Quivira
National Wildlife Refuge, serve as critical stopover sites for whooping cranes, offering food
resources and safety during migration. However, these habitats are increasingly threatened by
water scarcity, agricultural expansion, and urban development. Conservation efforts in Kansas
are essential for addressing these threats and ensuring the availability of high-quality stopover
habitats.

The whooping cranes’ migratory corridor spans regions experiencing significant land-use
changes, including the rapid expansion of wind energy infrastructure. Wind farms are
increasingly recognized for their potential to reduce greenhouse gas emissions and contribute to
renewable energy goals (Drewitt & Langston, 2006; Kuvlesky, et al., 2007). However, the
development of these facilities within critical migratory pathways introduces new challenges for
wildlife conservation. For whooping cranes, the risks are multifaceted, including collision with
wind turbines and associated infrastructure, such as power lines, which are already a leading
cause of mortality during migration (Lewis, Kuyt, Schwindt, & Stehn, 1992). Additionally, wind
farms can disrupt migratory flight paths and lead to avoidance of nearby stopover habitats,
forcing cranes to expend additional energy searching for alternative sites (U.S. Fish and Wildlife
Service., 2009). These impacts underscore the need for careful siting and mitigation strategies
that balance the need for renewable energy development with conserving critical migratory
habitats.

Climate change exacerbates these threats by altering the availability, quality, and spatial

distribution of stopover habitats. Changes in precipitation patterns, increased frequency of
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extreme weather events, and shifting vegetation dynamics can make wetlands and the available
habitats less reliable during migration. These climate-driven changes compound the effects of
habitat fragmentation and land-use alterations, amplifying the challenges faced by migratory
species (Myers, 1983; Webb, Smith, Vrtiska, & Lagrange, 2010). For the whooping crane, which
relies heavily on wetland ecosystems within its flyway, the combined pressures of climate
change and expanding human infrastructure highlight the urgent need for integrated conservation
approaches. Prioritizing habitat restoration, protecting remaining wetlands, and ensuring that
renewable energy projects adhere to wildlife-friendly practices are crucial for safeguarding the
species’ migratory corridor.

This study aims to advance the understanding of whooping crane stopover ecology and
inform conservation strategies within the Aransas-Wood Buffalo migratory flyway. Specifically,
this research’s objectives are to develop a predictive model that can delineate suitable habitats
within the study area and investigate whether preferred stopover habitat characteristics vary
spatially. To address this, we used telemetry data in a random forest model (Breiman, 2001), a
machine learning approach well-suited for analyzing complex ecological relationships, to
identify key environmental variables influencing whooping crane habitat selection within
Kansas, a critical state in their migratory corridor. Environmental factors such as wetland cover,
access to food sources, urban development, proximity to roads, and other land cover types were
included to comprehensively assess habitat suitability. By comparing the relative importance of
these variables between Kansas and Nebraska, we aim to determine whether significant spatial
differences exist in stopover habitats across both states. Although the boundary between Kansas
and Nebraska is political (and thus arbitrary) rather than natural, we compared how differences

in legislative laws and arrangement of land cover types influence variable importance and habitat
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selection as the birds migrate between both states. For instance, Nebraska has more natural
waterbodies than Kansas, and while Sandhill cranes (Grus canadensis), a close relative of the
endangered Whooping crane (Grus americana), are hunted in Kansas, they are protected in
Nebraska. We assessed whether these differences affect habitat preferences in each state.

The study builds on predictions that whooping cranes select areas with a higher
percentage of wetlands and access to food while avoiding regions with substantial urban
development. These insights provide an opportunity to refine conservation strategies, ensuring
they account for regional variability in habitat preferences. Additionally, this work highlights the
importance of integrating habitat modeling with land-use planning, enabling prioritization of
habitat protection and restoration efforts while addressing potential conflicts with urbanization

and renewable energy development along the migratory corridor.
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Figure 4.1 Whooping crane GPS telemetry points from their breeding habitat in Wood Buffalo
National Park to their wintering habitat in Aransas National Wildlife Refuge along the expanse
of their migratory corridor from 2010 to 2016.
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Methods

Study Area

The Aransas-Wood Buffalo population is the only whooping crane population in the
wild. It makes a biannual migration of about 4000 km (Hefley, Baasch, Tyre, & Blankenship,
2015) in the fall from the breeding grounds in Wood Buffalo National Park (WBNP) Alberta,
Canada, to wintering grounds in Aransas National Wildlife Refuge (ANWR) Aransas, Texas,
(Pearse A. T., et al., 2020). During its migration, the species has been observed to travel through
the Canadian Prairies and the Great Plains of North America (Pearse, et al., 2015; Baasch D. M.,
Farrell, Pearse, Brandt, & Caven, 2019). Observational siting data have shown their presence in
Alberta and Saskatchewan provinces in Canada and the states of North and South Dakota,
Nebraska, Kansas, Oklahoma, and Texas, with the 75% core corridor narrowest in central
Kansas (Pearse, et al., 2018).

We selected Kansas because of increased farming activities and the continuous
conversion of prairie grassland into cropland. Another factor was the increase in wind farm
development in the state, which will disrupt their migratory route, potentially causing a spatial
shift in the flyway. As an endangered bird species with highly specific habitat preferences during
migration, there has also been limited studies of whooping crane habitat preferences within
Kansas. For our initial analysis, we limited our scope to the 95% migratory corridor bounds but
later expanded the spatial bounds of analysis to include the entire state of Kansas. The rationale
behind this was to include all areas within Kansas where the probability of detection was greater

than O (Figure 4.1).
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Data

We acquired whooping crane sightings data (1942 — 2020) from the database compiled
by the U.S. Fish and Wildlife Service (USFWS, Nebraska Field Office, unpublished data) and
Whooping crane telemetry GPS data from 68 radio-tagged unique individuals from the Aransas —
Wood Buffalo population from 2009 — 2017 (Pearse, et al., 2015). Because of potential biases in
the observational data (Austin & Richert, 2001), we decided to use only the telemetry database,
which has the most precise location points. There were records from 56 unique individuals (n =
1,253) for Kansas with an average observation per day of 4 hours; all data points were included
in the analysis. According to (Belaire J. A., Kreakie, Keitt, & Minor, 2014), conservation efforts
are targeted toward used habitats across the flyway. Therefore, we used all the stopover sites in
the database without considering the migration season (Fall or Spring). We obtained 30m x 30m
landcover classification data from the National Landcover Database (NLCD). To select the year
to use for our land cover analysis, we tested to see how much of the land cover had changed
during the data collection period and found that most of the area remained unchanged for 96% of
the study area from 2008 to 2021. For our analysis, we therefore chose the 2011 land cover
dataset because it falls within our study time period.

The habitat selection type used for this study is multi-level, single-scale habitat selection,
i.e., multiple factors are assessed at a single scale within each level. A grid size of 1 km by 1 km
was adopted for this study because, based on past whooping crane literature, at this scale the
environmental characteristics of the whooping crane were best analyzed (Belaire J. A., Kreakie,
Keitt, & Minor, 2014). Four land cover types previously associated with the whooping crane
were tested as predictor variables: agricultural land, wetlands and rivers, urban areas, and roads

(Table 1). To generate our covariates, we examined the percent cover of each of these variables
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within our 1 km? grid. Two additional covariates were generated to investigate how fine-scale
and broad-scale landscape factors impact stopover habitats (Table 1). We developed a
categorical ecotone with 16 categories from A - P for fine-scaled investigation. This category
quantifies the structure of the landscape in terms of the arrangement of certain features. Each
ecotone category represents the distance of each 1 km? cell from the nearest agricultural area and
wetland in meters. This layer was added to examine if whooping cranes select for areas close to
these landcover types and the threshold between these landcover types where stopover habitats
start to become unfavorable. A second variable, bearing, was developed to analyze broad-scale
landscape interactions. It describes the directional heading from the centroid of each cell towards
the wintering ground in ANWR (Belaire J. A., Kreakie, Keitt, & Minor, 2014), providing
information on how far along the migratory corridor cranes start to adhere to the center of the
corridor, regardless of surrounding land cover type. It helps the model differentiate between used
and available habitats. The bearing was developed with the geosphere package in R (Hijmans,
Williams, & Vennes, 2011) and to avoid a bimodal distribution, 180 was subtracted from each
value (Belaire J. A., Kreakie, Keitt, & Minor, 2014).

Species Distribution Modeling and Validation

A species distribution model was developed using a machine-learning approach to

estimate the relative probability of use of a specific area based on its environmental
characteristics and generate a suitability map within the state. The random forest method
(package ‘randomForest; (Liaw & Wiener, 2002)) was chosen because it is a statistical classifier
that can effectively model the non-linear and complex relationships between environmental
variables, offering simple interpretations and performing better than other classification

procedures (Cutler, et al., 2007). OA random forest is a collection of decision trees that make
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decisions and classify data. According to (Breiman, 2001), it consists of tree-structured
classifiers
{h(x,0,),k=1,..}

where the {0, } are independent identically distributed random numbers. Each tree casts a
unit vote for the most popular class at input x. Unlike single classification trees, which are prone
to overfitting and perform poorly on new data, the random forest model combines the simplicity
of decision trees with flexibility, resulting in more accurate predictions.

Information on both species' presence and absence is required to model the
environmental space they can inhabit (Iturbide, et al., 2015). Getting true absence points is
daunting for mobile species, especially those that migrate long distances. Therefore, pseudo-
absence points are used as background data instead of true absence points. When using machine
learning models, the model accuracy is impacted by the number of pseudo-absence points added
to the model (Barbet-Massin, Jiguet, Albert, & Thuille, 2012). Therefore, it is essential to find
the right balance between presence and pseudo-absence point. To avoid sampling bias, it is ideal
to have an equally balanced sample of presence and absence points (i.e. 50/50 split) (Brizuela-
Torres, Elith, Guillera-Arroita, & Briscoe, 2024) but in the absence of true absence points,
(Barbet-Massin, Jiguet, Albert, & Thuille, 2012) proposed the 1/3 rule of sample balance. This
rule suggests that at least 33% of the sample points are present locations. For our study, we used
the Poisson Point process to generate pseudo-absences. We generated 2,000 random points
across the entire study space and used these as our pseudo-absence points. We chose this number
because it meets the 1/3 rule, with the sample balance of presence locations being 38.5%. We
split the data into training and test sets for our model run and withheld 40% of our data during

model training, ensuring each run had an equal number of presence and pseudo-absence points.
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Next, we tested for multicollinearity of all the variables at 0=0.05 using a leave-one-out
assessment (Sullins, et al., 2019).

We then estimated how important a variable is within the model using the mean decrease
in accuracy (MDA). The mean decrease in accuracy shows how much accuracy is lost from the
model when a variable is removed. The MDA doesn’t have a fixed range, but in general, a higher
mean decrease in accuracy shows that a variable is more important for classifying the data
(Cutler, et al., 2007). Ranks of model variable importance were then estimated using the mean
decrease in out-of-bag error.

We validated the model with data that wasn’t used in the predictive model training. The
validation was done based on the accuracy, specificity, and sensitivity of the predictive model.
The area under the receiver operating curve (AUC) was also estimated and used to evaluate the
predictive power of the model. It assesses the ability of the model to correctly categorize data.
AUC is an indicator of a model’s accuracy, and it ranges from 0 to 1, with 0.5 showing that the
model was no different than random (Fielding & Bell, 1997). Finally, we generated a relative
probability function map showing suitability within the study area. To test how well the
probability map estimates occurrence, we overlaid the test data set over the map and then

calculated how accurately the map depicted presence and pseudo-absence.
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Table 4.1 Ranked Predictor Variables by Mean Decrease in Model Accuracy

Predictor Variables Description Mean decrease Rank
in accuracy
(MDA/10)
Bearing Directional heading between the cell and the 16.28 1
Aransas National Wildlife Refuge in South Texas,
US.A.
Agricultural land All crop-based land uses (% cover in 1 km?). 10.64 3
Urban areas Urban land - defined as towns or cities with more 7.54 5
than 100 people (% cover in 1 km?).
Wetland and water Wetlands and open water (% cover in 1 km?). 12.51 2
Roads Primary roads, secondary roads, and railroads 9.57 4

(% cover in 1 km?).

Ecotone category A categorical variable that identifies the 6.28 6
combined Euclidean distance from the nearest
agricultural and nearest wetland area.

Results

Our model effectively identified the most important environmental variables influencing
whooping crane stopover habitat selection in Kansas. Bearing was shown to be the most
important predictor, with a mean decrease in accuracy (MDA) score of 16.28, while wetland and
water ranked second (12.51) (Table 4.1). Partial dependence plots (Figure 4.3a) indicated that the
relative suitability increased as the bearing shifted to the center of the migratory flyway and that
areas with intermediate to high wetland cover had higher predicted suitability. It also showed
that areas with low coverage of roads and urban areas showed higher suitability, and as
agricultural areas increased, there was a slow decline in suitability.

Analysis of ecotone categories further supported these findings, revealing that areas
categorized as "E"—those within 100 meters of wetlands and between 500 and 1000 meters from
agricultural lands—had the highest predicted suitability. The model achieved a high Area Under

the Curve (AUC) score of 0.96, signaling its reliability and robust predictive power. The results
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show the importance of fine-scale environmental variables and broader spatial characteristics in

determining suitable stopover habitats.

Figure 4.2 Reclassified map of predicted suitability of stopover habitat within the Kansas
Whooping Crane migratory corridor. Original map found in appendix B, figure 1.
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Results revealed significant spatial differences in habitat selection drivers, which reflect
underlying landscape heterogeneity between Kansas and Nebraska. When comparing the
importance of variables for Kansas with the results from similar research carried out in Nebraska
(Belaire J. A., Kreakie, Keitt, & Minor, 2014), spatial dynamics reveal that some variables

become more important while others decrease in significance (Figure 4.3). To compare how each
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variable's importance contributes to the model’s performance, the MDAs for both states were
standardized using the formula below, and the variable’s contribution was given a value from 0

to 1 (Table 4.2).

(MDA — Min MDA in state)
(Max.MDA in state — Min. MDA in state)

Standardized MDA =

Table 4.2 Comparison of Predictor Importance Between Nebraska and Kansas Models

NEBRASKA KANSAS
Predictor MDA  Standardized Rank MDA Standardized Rank
Variable MDA MDA
Bearing 37.17 1.00 1 16.28 1.00 1
Roads 3167 0.85 2 9.57 0.59 4
Wetlands and 13.03 0.25 3 12.51 0.77
Water
Ecotone 1054 0.19 4 6.28 0.39 6
Agricultural Land | 8.48 0.13 5 10.64 0.65 3
Urban Areas 8.21 0.12 6 7.54 0.46 5

In both states, the bearing was the most critical predictor of stopover habitat suitability, as
expected in small-front migration (Berthold, 2001). This is because bearing helps capture the
directions followed and their consistency across individuals and years. The availability of
wetlands was more crucial in Kansas than in Nebraska, where natural wetlands are more
common, with a standardized mean decrease in accuracy (MDA) score of 0.77 (Table 4.2).
Model results for both states consistently identified avoidance of roads as an important factor,
though this behavior was more pronounced in Nebraska (Std. MDA = 0.59 versus 0.85 in
Nebraska). Urban avoidance was a stronger factor in Kansas than Nebraska (Std. MDA = 0.46

versus 0.12 in Nebraska), possibly due to more significant urbanization pressures.
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Partial dependence plots also showed differences in how whooping cranes interacted with
agricultural lands in both states (Figure 4.3). In Kansas, where the landscape has been intensively
modified with more agricultural farming, there is a negative relationship between the proximity
of agricultural lands and the probability of use, while in Nebraska, where there is less intensive
agricultural land, there is a positive relationship (Belaire J. A., Kreakie, Keitt, & Minor, 2014).
On a finer scale, ecotone categories contributed minimally to both regions, Nebraska more than
Kansas. Still, they showed subtle spatial relationships, with Kansas habitats favoring areas closer
to wetlands yet moderately distant from agricultural zones, and Nebraska habitats favoring areas
closer to agricultural zones.

These spatial differences suggest cranes adapt to regional resource availability. Kansas’s
intensive agriculture may concentrate cranes in remnant wetlands, while Nebraska’s mixed

landscapes offer more flexible stopover options.

Discussion

The findings of this study indicate that outside the migratory corridor, the relative
probability of use significantly decreases. Most of the western part of Kansas, which is the driest
area and heavily engaged in intensive agricultural farming, has nearly zero probability of use.
The center of the flyway where most of the state’s wetlands, including Cheyenne Bottoms and
Quivira National Wildlife Refuge, are located has the highest probability of use and should be
protected as critical stopover sites. There is a sudden decrease in the relative probability of use of
the eastern portion of the migratory corridor, both due to urban development and increased

occurrence of outliers in that region. Only 5.14% (10,946.79 km?) of Kansas has a medium-high
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relative probability of use (>= 0.3), leaving the remaining areas open to explore other
development projects (Figure 4.2).

Regional differences in variable importance between Kansas and Nebraska underscore
how landscape context shapes migratory behavior. The dominance of wetland cover in Kansas
reflects the species' reliance on large, predictable wetland complexes in an otherwise intensive
agricultural landscape. In contrast, Nebraska's more heterogeneous environment allows for
greater flexibility in habitat selection, with riverine systems playing a more prominent role.
These findings challenge the notion of a uniform migratory corridor and instead paint a picture
of adaptive habitat use shaped by local resource availability. Conservation strategies must
therefore be tailored to regional conditions, focusing on wetland protection and restoration in
Kansas while maintaining connectivity among riparian corridors in Nebraska. The stronger
avoidance of urban areas in Kansas suggests that development pressures may be pushing cranes
into suboptimal habitats, highlighting the need for stricter land-use regulations near critical
stopover sites.

Bearing, the most influential variable, indicates that on a broad scale, whooping cranes
adhere to a narrow range of directional headings during their migration. Wetlands were identified
as essential stopover sites, corroborating prior research highlighting this ecosystem’s role in
providing food resources and resting opportunities for migratory birds. The observed avoidance
of urban areas and regions with extensive road networks aligns with studies indicating that
human activity disrupts wildlife behavior and habitat use. Urban expansion and infrastructure
development along the migratory route reduce habitat availability and introduce risks such as
collisions with power lines and light, as well as noise pollution disturbances. The gradual decline

in the relative probability of use with increased agricultural land further supports the hypothesis
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that intensively modified landscapes pose challenges for migrating whooping cranes. However,
moderate agricultural adjacency, as captured by ecotone category E (501m-1000m from
agricultural land), may provide complementary benefits in proximity to wetlands (Table 4.3).
Conservation Strategies

These results have important implications for conservation planning, showing that the
same conservation strategies should not be adopted for all regions along the migratory corridor.
The high suitability of areas with wetland-adjacent habitats suggests that efforts should prioritize
preserving and restoring wetlands, particularly those near existing agricultural landscapes, to
maintain ecological functionality within the migratory corridor. Kansas, a central node within
this flyway, plays a pivotal role in ensuring the cranes' successful migration and long-term
survival. Climate change and renewable energy development pose additional challenges. Altered
precipitation patterns and extreme weather events may further impact wetland availability. At the
same time, the rapid expansion of wind farms within the corridor necessitates strategic siting to
minimize disruption to crane migration. Mitigation strategies should align renewable energy
initiatives with habitat conservation goals, such as buffer zones around critical wetlands and low-
disturbance infrastructure designs.

Future research will explore the temporal variability in stopover habitat use, particularly
in response to changing environmental conditions and anthropogenic pressures. Integrating
telemetry data with long-term land use and climate projections can provide deeper insights into
adaptive management strategies. By leveraging the predictive power of species distribution
models, resource managers can optimize habitat conservation efforts, ensuring the protection of

this species across its migratory range.
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Figure 4.3 Comparing partial dependence plots for Nebraska and Kansas

a. Partial dependence plots for Nebraska b. Partial dependence plots for Kansas
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Chapter 5 - Mapping Shifting Corridors: Spatial and Temporal
Dynamics of Whooping Crane (Grus americana) Stopover Habitat in

Kansas and Implications for Wind Energy Development

Abstract

Understanding how endangered species interact with dynamic landscapes is key to good
conservation planning. This study presents an improved random forest model to assess temporal
and spatial changes in whooping crane (Grus americana) stopover habitat use in the Kansas
segment of the Central Flyway. We added spatial (latitude, longitude) and temporal (date)
variables to the model to see how the habitat suitability changes over time.

We created habitat suitability maps for specific user-defined dates and seasonal time
intervals from 2010 to 2016. We analyzed changes in characteristics of habitat preferences over
migratory seasons (Spring and Fall) and between various years. A wind resource suitability map
was created using wind power density data from the National Renewable Energy Laboratory
(NREL). We overlaid this wind potential map with the predicted high-suitability stopover habitat
areas (probability > 0.6) to see where they overlap. This analysis showed areas of low habitat
impact with high wind development potential, so priority for development can be placed on low-
risk zones.

We analyzed current turbine conflict zones by applying 5 km buffers around wind
turbines from data derived from the U.S. Wind Turbine Database to account for potential
displacement and collision risk. The final outputs are seasonal habitat suitability maps, high-

potential wind development zones, and spatial conflict maps to help with habitat-sensitive wind
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energy siting. Our results outline a comprehensive approach for expanding renewable energy

while conserving a critically endangered species.

Introduction

Migratory corridors are critical for the survival of endangered species like the whooping
crane (Grus americana), which relies on specific stopover habitats to rest and refuel during its
long journey between breeding and wintering grounds, and understanding how it selects stopover
habitat is important for its conservation. Kansas is a crucial part of the whooping crane's central
migratory corridor. Wetlands like Cheyenne Bottoms and Quivira National Wildlife Refuge are
where these birds stop to refuel and find safety during migration. But water shortages,
agriculture, and urban development are increasingly threatening those habitats. Anthropogenic
pressures fragment habitats, reduce resource availability, and introduce collision risks, making it
imperative to map and monitor corridor dynamics to inform conservation strategies. To keep
those stopover locations available—and healthy— the state needs more conservation efforts.

Despite the extensive research that has been done on stopover habitat selection of the
whooping crane, there is still a significant knowledge gap, especially along the Kansas migratory
corridor. Prior studies have primarily focused on broad-scale habitat preferences across the
Central Flyway (Pearse, et al., 2018; Harrell & Bidwell, 2020), often overlooking finer spatial
and temporal variations critical for targeted conservation efforts. Habitat suitability models have
traditionally been built using GIS-based methods (Kaminski, Comer, Garner, Hung, & Calkins,
2013). But there has been a gap in research that combines high-resolution spatial data with the

latest machine learning techniques—Ilike Random Forest (Cutler, et al., 2007). Kansas is a
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potential geographic bottleneck for the species, which means we need a more detailed approach
to refine conservation strategies and inform how we manage habitats in the state.

Previous research, as detailed by (Okonye, Unpublished Thesis), employed a Random
Forest model to assess habitat suitability for whooping cranes along the Kansas migratory
flyway, identifying key environmental predictors such as wetland cover, bearing, and proximity
to urban areas. This work provided a foundational understanding of stopover site selection within
the flyway, highlighting the importance of wetlands and the avoidance of human-modified
landscapes. However, the model was limited to a static spatial framework and did not account for
temporal variability in habitat use, which is crucial for addressing seasonal and interannual
changes in migration patterns. Extending this analysis to incorporate spatial and temporal
dimensions is essential for a holistic understanding of corridor dynamics. Seasonal shifts in
resource availability, climate variability, and evolving land-use patterns necessitate a model that
can adapt to these changes. Furthermore, comparing habitat drivers across states like Kansas and
Nebraska, regions with differing agricultural intensity and wetland distributions, can reveal how
landscape heterogeneity influences migratory behavior.

The primary objectives of this study are to enhance habitat suitability modeling by
integrating spatial-temporal variables to improve predictions of stopover site selection across
seasons and years, analyze shifts in variable importance across space to uncover regional
differences in habitat selection, visualize corridor dynamics through time-series maps for spring
and fall migrations, evaluate site suitability for wind energy development, and analyze potential
conflicts between existing wind turbines and the suitable habitats. By addressing these goals, this

study aims to bridge the gap between ecological research and applied conservation, offering
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actionable insights for protecting Whooping Cranes while supporting sustainable land-use
planning.
Methods

Study Area

The Aransas-Wood Buffalo population is the only whooping crane population in the
wild. It makes a biannual migration of about 4000 km (Hefley, Baasch, Tyre, & Blankenship,
2015) in the fall from its breeding ground in Wood Buffalo National Park (WBNP) Alberta,
Canada, to its wintering ground in Aransas National Wildlife Refuge (ANWR) in Aransas,
Texas, (Pearse A. T., et al., 2020). During its migration, the species has been observed to travel
through the Canadian Prairies and the Great Plains of North America (Pearse, et al., 2015;
Baasch D. M., Farrell, Pearse, Brandt, & Caven, 2019). Observational siting data have shown
their presence in Alberta and Saskatchewan provinces in Canada and the states of North and
South Dakota, Nebraska, Kansas, Oklahoma, and Texas, with the 75% core corridor narrowest in
central Kansas (Pearse, et al., 2018).

We selected Kansas because of increased farming activities and the continuous
conversion of prairie grassland into cropland. Another factor was the uprise in wind farm
development in the state, which could disrupt their migratory route, potentially causing a shift in
the flyway. As an endangered bird species with a highly specific habitat preference during
migration, there has also been limited study of whooping crane habitat preference within the
state. For our initial analysis, we limited our scope to the 95% migratory corridor bounds but
later expanded our scope to include the entire state of Kansas. The rationale behind this was to
include all areas within Kansas where the probability of detection was greater than 0 (Figure

5.1).
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Figure 5.1 Whooping crane GPS telemetry points from their breeding habitat in Wood Buffalo
National Park to their wintering habitat in Aransas National Wildlife Refuge along the expanse
of their migratory corridor from 2010 to 2016.
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The state is best known for its agricultural and livestock production, which significantly
contributes to its revenue (Kansas Department of Agriculture, n.d.). The most dominant land
cover types within the state are cultivated crops with an approximate area of 92,092km?2 (43.3%)
and herbaceous grasslands with an area of 77,914km? (36.6%) (Table 5.1). Wetland and water
cover an area of 3,907km?2 (1.8%) within the state, primarily in the eastern and central regions.

The most important wetlands and water bodies within the state are the Cheyenne Bottoms,
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Quivira National Wildlife Refuge, and Wilson Lake. Several open water landcover types are also
found, especially in the eastern portion of the state, including the Kansas River (Kaw). Between
2008 and 2021, approximately 96% of land cover within the state remained unchanged, but the
land cover type with the most decrease in this period was open water, with a 9% decrease in area.

Table 5.1 Kansas Landcover class area and percent cover for 2011.

Land Cover Class Area (km?) % Cover
Open Water 2,108.17 1.0%
Developed, Open Space 7,658.99 3.6%
Developed, Low Intensity 2,371.98 1.1%
Developed, Medium Intensity 578.69 0.3%
Developed, High Intensity 215.70 0.1%
Barren Land 147.92 0.1%
Deciduous Forest 7,494.68 3.5%
Evergreen Forest 31.95 0.0%
Mixed Forest 170.70 0.1%
Shrub/Scrub 888.24 0.4%
Herbaceous 77,914.57 36.6%
Hay/Pasture 19,414.52 9.1%
Cultivated Crops 92,092.60 43.3%
Woody Wetlands 1,580.99 0.7%
Emergent Herbaceous Wetlands 218.50 0.1%

Data

We used a telemetry dataset augmented with spatial-temporal variables. Whooping Crane
occurrence data (2009-2017) were obtained from GPS-tagged individuals (n = 68) (Pearse, et al.,
2015). There were records from 56 unique individuals (n = 1,253) for Kansas; all data points
were included in the analysis. We generated 2,000 random points across the entire study space
and used these as our pseudo-absence points (background data). Similar to the work done by
(Okonye, Unpublished Thesis), we maintained a grid size of 1 km by 1 km to capture the
environmental characteristics of the whooping crane. Land cover covariates, including wetland
extent, agricultural land, urban areas, and road density, were sourced from the National Land
Cover Database (NLCD). Bearing, which is the directional heading from the centroid of each cell

toward the wintering ground in ANWR, was used to analyze broad-scale landscape interactions,
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while ecotone, as defined by (Okonye, Unpublished Thesis), was generated to investigate how
fine-scale landscape factors impact stopover habitats.

New variables—Iatitude, longitude, and date—were incorporated to capture spatial
gradients and seasonal trends. Date information was transformed from the Gregorian calendar
date format to numeric values, and values were assigned by calculating the number of days since
the Unix Epoch, R’s default origin (1970-01-01). Random dates, within the study period, were
generated and assigned to the pseudo-absence points. Wind power density data (W/m?),
produced by the National Renewable Energy Laboratory (NREL), was obtained from ESRI’s
Living (Davis, et al., 2023) and compared with the classified power density map for Kansas
obtained from Data Basin https://databasin.org/datasets/. The two datasets showed similar
information, and the density map from Data Basin was chosen for the analysis because the power
classes had already been classified by the National Renewable Energy Laboratory (NREL).

All variables were standardized to ensure consistency across datasets. Spatial covariates
were resampled to a 1 km2 grid to align with the scale of the study. Multicollinearity among
predictors was assessed at 0=0.05 using a leave-one-out assessment (Sullins, et al., 2019).

Species Distribution Model Improvement

For this study, we improved on the model developed by (Okonye, Unpublished Thesis)
with the inclusion of spatial and temporal covariates, while fine-tuning model hyperparameters.
The Random Forest algorithm was retained for its ability to handle non-linear relationships and
complex interactions. The dataset was split into training (60%) and testing (40%) subsets,
stratified by observation type and season to ensure balanced representation. A systematic model
selection process was employed to identify the optimal combination of predictors (Table 5.2).

This approach was used to find the most parsimonious model that does not fit noise. It allowed
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us to test the model parameters and select the model with the best error component. A 10-fold

cross-validation was carried out, and the mean AUC was used to determine which of the

parameter sets perform best. We then tested to see if the difference in AUC between the model

parameters was significant (Figure 5.3), then chose the model with a high AUC and the fewest

parameters (simpler model). To avoid overfitting, we carried out an independent test with a

null/simpler model.

Table 5.2 Performance metrics and predictor variables for four habitat suitability models. Each
model includes a subset of spatial and temporal predictors, with corresponding mean AUC,
sensitivity, and specificity values based on 10-fold cross-validation.

Models | Variables Mean Mean Mean
AUC Sensitivity | Specificity
Model 1 | Ecotone, %cover of agricultural land, 0.9918703 | 0.9690 0.9433460
%cover of urban areas, %cover of wetlands,
%cover of roads, Bearing, Longitude,
Latitude, Date
Model 2 | Ecotone, %cover of agricultural land, 0.9926006 | 0.9695 0.9497333
%cover of wetlands, Bearing, Longitude,
Latitude, Date
Model 3 | %cover of wetlands, Bearing, Longitude, 0.9946432 | 0.9650 0.9681206
Latitude, Date
Model 4 | %cover of wetlands, Bearing, Longitude 0.9840819 | 0.9290 0.9425333
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Figure 5.2 95% confidence intervals (Cls) around the ROC scores for each model
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The inclusion of latitude and longitude enabled the model to detect fine-scale spatial
patterns of habitat selection, while date variables captured seasonal shifts in habitat use. Spatial
coordinates revealed gradients in habitat suitability, with higher probabilities near known
wetland complexes. These enhancements enabled the model to generate dynamic predictions,
such as probability maps for user-specified dates and interannual corridor shifts. Performance
was evaluated using AUC, accuracy, and out-of-bag error. Comparative analyses between
Kansas and Nebraska were used to assess regional differences in variable importance, providing

insights into landscape-specific habitat preferences.
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Wind Resource and Site Suitability Analysis

To assess potential areas for wind energy development while minimizing impacts on
Whooping Crane migration corridors, we integrated habitat suitability predictions with wind
resource data. Wind resource data developed by the National Renewable Energy Laboratory
(NREL), which provides wind power classification at 50m above ground level across the
continental United States, was used. This level above ground was chosen because it represents
standard wind turbine installation. The original vector-based wind power data, classified on a 1-7
scale (1 = poor, 7 = superb), were converted to a 1 km? resolution raster to match the scale of our
habitat suitability analysis. There were only 6 classes of power density for Kansas (scale of 1-6).
Following U.S. Department of Energy guidelines, we considered areas with wind class 4 (fair) or
above as potentially viable for commercial wind development, as these represent the minimum
threshold for economically feasible energy production.

The habitat suitability map generated by the Random Forest model provided continuous
probability values (0-1) for crane stopover likelihood across the study area. To delineate suitable
versus unsuitable areas, we established two classification thresholds with distinct ecological
rationales. The first, Lowest Presence Threshold, identified unsuitable areas, as those with
predicted values below the minimum suitability score observed at known crane stopover sites.
The second threshold used a 10% omission rate, classifying 90% of known stopover sites as
suitable while allowing a margin for error.

Using spatial overlay techniques, we combined wind resource and habitat suitability
layers to categorize areas based on development potential and conservation priority. We then
developed a suitability ranking system for wind energy development. Areas with both high wind

resources (class > 4) and low predicted crane use (below LPT) were assigned the highest priority
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for development, while those with good wind resources but overlapping moderate-to-high habitat

suitability were flagged as exclusion or higher-risk zones requiring mitigation measures (Table

5.3).

Table 5.3 Priority Zoning Based on Wind Potential and Whooping Crane Habitat Conflict Risk

Priority Zone

Definition

Total Land Area km? (Percent
of Study Area)

Priority 1

Areas with fair or better wind potential with
unsuitable stopover areas as designated by
the lowest presence threshold; areas are of
the lowest risk for conflict with WHCR.

91,587 (43.1%)

Priority 2

Areas with fair or better wind potential with
unsuitable stopover areas as designated by
the 10% omission error threshold; areas
involve a slightly higher risk for conflict
with WHCR.

46,040 (21.67%)

Exclusion

Zone

Areas with an overlap of fair or better wind
potential with predicted stopover habitat for
whooping cranes designated by the 10%
omission error threshold; areas involve the
greatest risk of conflict with WHCR.

24,408 (11.49%)

Unranked

Inadequate wind resource potential

50,456 (23.75%)

Conflict Analysis with Existing Wind Infrastructure

To evaluate current overlaps between wind energy infrastructure and critical crane

habitats, we incorporated data from the U.S. Wind Turbine Database, which provides

georeferenced locations of all utility-scale turbines in the study area. We analyzed the spatial

distribution of turbines relative to medium- to high-suitability stopover habitats (probability >

0.4). Proximity buffers of 5 km were applied to each turbine to account for both direct collision
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risk and potential displacement effects, as cranes may avoid areas near wind infrastructure even
if not directly at risk of collision.

Results

The enhanced Random Forest model demonstrated significant improvements in
predictive performance compared to the original framework. By incorporating spatial-temporal
variables, the model achieved an AUC score of 0.98, representing a 2% increase over the
previous version. This heightened accuracy was particularly evident in the model's ability to
distinguish between suitable and unsuitable habitats during validation testing, where it correctly
classified 94% of presence and pseudo-absence points over the previous 90%. The temporal
components proved especially valuable, contributing a 5% boost in predictive power by

capturing seasonal variations in habitat use that were previously unaccounted for (Figure 5.3).
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Figure 5.3 Partial dependency plots of predictor variables showing individual effects on
predicted suitability
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Temporal Analysis

The inclusion of a temporal variable detected seasonal trends, with wetland reliance
increasing in the spring migration (Table 5.4) and adherence to the center of the migratory
corridor being a top priority in Fall (Figure 5.4). The model generated probability maps for
specific dates and seasons, enabling real-time corridor monitoring. For example, maps for spring
2015 showed concentrated suitability aligned with wetland clusters, while fall 2015 revealed a
streamlined and concentrated corridor aligned with the center of the flyway (Figure 5.5).

Analysis on how variables change from one year to the next reveals a change in

preference depending on climatic conditions during migration. From 2010 to 2012, we saw a
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shift in wetland importance. In 2010, when there were normal precipitation conditions, wetlands
were not as important as they were in 2012 (Table 5.5), which was a drought year in Kansas. We
see cranes actively select for wetlands as a result of the drier conditions in the state in 2012
(Figure 5.6). As a result, we see a narrowing of the migratory corridor in 2012 (Figure 5.7)

Table 5.4 Change in Mean Decrease in Accuracy from Spring 2015 to Fall 2015.

Variables Spring 2015 Fall 2015
Longitude 22.50 27.43
Latitude 21.07 15.33
Bearing 21.72 26.72
% Cover of Wetlands 22.99 19.53
% Cover of Agric Land 19.72 12.29
% Cover of Urban Areas 10.33 12.05
% Cover of Roads 15.27 13.15
Ecotone Categories 10.15 17.64

Figure 5.4 Variations in variable importance between migration seasons (Spring and Fall)
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Figure 5.5 Comparison between Spring and Fall migration. A) shows the relative probability of
use in Spring 2015. B) shows the relative probability of use in Fall 2015.
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Table 5.5 Change in Mean Decrease in Accuracy from 2010 to 2012.

Variables Year 2010 Year 2012
Longitude 34.77 42.46
Latitude 26.17 29.05
Bearing 31.54 40.89
% Cover of Wetlands 15.51 48.18
% Cover of Agric Land 22.10 29.79
% Cover of Urban Areas 13.77 13.77
% Cover of Roads 15.80 20.96
Ecotone Categories 14.84 22.12

Figure 5.6 Variations in variable importance between years (2010 and 2012).
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Figure 5.7 Comparison between years. A) shows the relative probability of use in 2010. B)
shows the relative probability of use in 2012.

The time-series maps from 2010 to 2016 showed a gradual northward displacement of the
core migratory flyway, with particularly pronounced shifts following severe drought years in
2012 and 2013 (Figure 5.5). These dry periods corresponded with fragmented habitat patterns
and reduced wetland availability in the southern portions of the flyway. Seasonal comparisons
revealed that spring migrations typically followed broader corridors than fall journeys,

potentially due to more favorable wind conditions or greater flexibi lity in timing.
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Figure 5.8 Time Series Maps (2010-2016) at 3-Year Intervals. Original images can be found in
Appendix C.
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Wind Resource and Site Suitability Analysis

The analysis revealed significant spatial variation in the overlap between wind energy
potential and Whooping Crane habitat suitability across Kansas. Large portions of the state's
western region, characterized by intensive agriculture and limited wetland cover, showed both
medium-high wind resources (> 300 W/m?2) and low predicted habitat suitability for Whooping
Cranes (probability of use < 0.14). Approximately 91,587km? (43.1% of the state) met these
criteria, representing prime locations for low-impact wind energy development (Figure 5.6).
These areas were predominantly located in the High Plains ecoregion, where consistent wind
patterns and open landscapes offered favorable conditions for turbines while posing minimal risk
to crane populations.

When applying a more moderate threshold for habitat suitability (probability of use <
0.378), an additional 46,040km?2 (21.67% of the state) became available for consideration,
bringing the total suitable area to 137,627 km? (64.8% of the state). This expansion included
marginal agricultural zones with intermediate wind potential (400-600 W/m?2), where careful site
planning could further minimize ecological disruption. Notably, these areas avoided critical
wetland complexes, which remained high-priority exclusion zones due to their consistent use by
migrating cranes. Eastern Kansas exhibited limited opportunities for wind development, as
higher habitat suitability values frequently coincided with moderate wind resources. Only 6% of
this region met the criteria for low-impact development, primarily in fragmented cropland

patches adjacent to urban centers.
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Figure 5.9 Wind-Power Site Suitability Ranking within the State
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Conflict Analysis with Existing Wind Infrastructure

Our analysis of existing wind turbine locations relative to medium-high suitability
whooping crane habitats revealed significant spatial overlap in portions of the Central Flyway.
Of the 4,395 operational turbines identified within the study area through the U.S. Wind Turbine
Database, 344 (7.83%) were located within 5 km of habitats classified as medium- to high-
probability stopover sites (suitability > 0.4) (Figure 5.7). For instance, the Spearville Wind Farm,
one of the largest in the state, lies adjacent to key stopover sites along the Arkansas River,
raising concerns about cumulative impacts on migratory pathways. The spatial distribution of

conflicts showed distinct patterns when examined by habitat type. There were no wetland-

67



associated high-risk installations, but turbines in agricultural areas (n = 195) and herbaceous
grasslands (n = 143) demonstrated lower per-unit conflict, as these landscapes generally had
lower baseline habitat suitability.

Figure 5.10 Areas of wind turbine conflict
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Temporal analysis of turbine installation dates revealed an increasing trend in habitat
conflicts, with 83.43% of high-risk turbines commissioned after 2010. This coincides with the
period of most rapid wind energy expansion in the Great Plains and suggests that recent

development has occurred without systematic consideration of migratory corridor impacts.
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Discussion

The enhanced model's ability to incorporate both spatial and temporal dimensions
represents a significant advancement in understanding Whooping Crane migratory ecology. By
integrating latitude, longitude, and date variables, we've moved beyond static snapshots of
habitat suitability to capture the dynamic nature of migration corridors. This temporal resolution
revealed critical patterns that would otherwise remain obscured, particularly the northward shift
in corridor use following drought years and the seasonal expansion and contraction of stopover
sites. These findings carry important implications for conservation planning in an era of climate
change, where shifting precipitation patterns and more frequent extreme weather events may
increasingly disrupt traditional migratory pathways. The model's high predictive performance
(AUC = 0.98) demonstrates that these spatiotemporal variables substantially improve our ability
to forecast habitat use under changing environmental conditions.

The application of this modeling framework extends beyond Whooping Cranes to inform
conservation of other migratory species facing similar challenges. The methods developed here
could be adapted for species ranging from shorebirds to waterfowl, though careful consideration
must be given to differences in habitat requirements and movement ecology. However, several
limitations temper the immediate applicability of these results. The reliance on presence-only
data may bias predictions toward frequently used areas while overlooking potentially suitable but
unoccupied habitats. The 1 km? resolution of land cover data, while appropriate for broad-scale
patterns, may miss fine-scale habitat features important for stopover site selection. Future
research should incorporate higher-resolution remote sensing data and experimental validation of

habitat preferences to address these limitations.
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Perhaps most importantly, this study demonstrates how ecological modeling can directly
inform land-use planning and policy decisions. The spatial overlap analysis between crane
habitats and wind resources provides a blueprint for balancing renewable energy development
with species conservation. By identifying specific areas where wind potential is high and habitat
suitability is low, we've created a practical tool for minimizing conflicts. However, realizing this
potential will require close collaboration between conservation biologists, energy developers,
and policymakers to implement science-based siting guidelines and mitigation measures. As
renewable energy expansion continues across the Central Flyway, such integrated approaches
will be essential for achieving both climate goals and biodiversity conservation targets.

Looking forward, this research points to several promising directions for advancing
migratory species conservation. Incorporating real-time tracking data could enable dynamic
corridor mapping that responds to annual environmental conditions. Expanding the temporal
scope to include climate change projections would help anticipate future shifts in habitat
suitability. Most crucially, these scientific advances must be paired with stronger policy
frameworks and stakeholder engagement to ensure that modeling insights translate into on-the-
ground conservation outcomes. The whooping crane's recovery story demonstrates what's
possible when science, policy, and public support converge. This study aims to build on that
legacy by providing the tools to navigate an increasingly complex conservation landscape.

Conservation Strategies

The findings of this study provide a robust foundation for proactive conservation
planning, which offers strategies that can be put to action to safeguard whooping crane habitats
while accommodating the growing demands of renewable energy development. These results

have important implications for conservation planning, showing that Whooping Cranes
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demonstrate behavioral plasticity in their habitat selection, therefore, the same conservation
strategies should not be adopted for all regions along the migratory corridor. The high suitability
of areas with wetland-adjacent habitats suggests that efforts should prioritize preserving and
restoring wetlands, particularly those near existing agricultural landscapes, to maintain
ecological functionality within the migratory corridor.

By integrating dynamic habitat suitability models with wind resource data, this research
identifies critical stopover sites that must be prioritized for protection, as well as areas where
wind energy projects could be developed with minimal ecological disruption. The spatial-
temporal approach reveals how migratory corridors shift in response to environmental changes,
enabling managers to anticipate and mitigate future conflicts. For instance, the identification of
high-probability habitats in Kansas emphasizes the need for stringent protection in these regions,
including buffer zones and restrictions on infrastructure development.

Wind energy developers can leverage the study’s suitability maps to guide project siting,
ensuring turbines are placed in areas with low predicted crane activity. The analysis highlights
western Kansas as optimal for low-impact development, where high wind potential coincides
with low habitat suitability. However, even in these zones, precautionary measures—such as
turbine shutdowns during peak migration periods and the use of radar systems to detect
approaching flocks—can further reduce risks. Collaboration between conservationists,
policymakers, and energy companies is essential to implement these strategies effectively.
Policies that mandate pre-construction habitat assessments and incentivize wildlife-friendly

siting practices can help balance renewable energy goals with species protection.
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Chapter 6 - Synthesis Conclusion

This research aimed to improve our understanding of whooping crane stopover habitat
by creating a spatiotemporal model to evaluate habitat suitability in Kansas Building on an
earlier habitat suitability model for Nebraska, the study addressed four related objectives
including (1) determining environmental predictors of whooping crane, (2) modeling
spatiotemporal variation in stopover habitat selection across Kansas using advanced machine
learning, (3) comparing habitat drivers between the two states to understand regional differences
in landscape use, and (4) combining wind energy potential mapping with habitat suitability to
find low-impact areas for development. These objectives came from gaps in the existing
literature, particularly the lack of dynamic, fine-scale models that account for both seasonal
migration and interannual habitat change, especially in Kansas. By combining machine learning,
geospatial analysis, and conservation science, this work fills an important knowledge gap in
stopover ecology and provides a data-driven framework to balance species conservation with
renewable energy development.

The new model with spatial (latitude, longitude) and temporal (seasonal date) variables
had much better predictive ability (AUC = 0.98) than the static model. Spatial analysis showed
fundamental differences in habitat selection, with wetland cover being the dominant variable for
habitat suitability in Kansas and distance away from roads being more important in Nebraska,
reflecting landscape-driven adaptations. Temporally, drought triggered a northward corridor shift
post-2013, showing climate sensitivity. Most importantly, overlay analysis found 91,587 km? of
high wind potential areas (class >3) overlapped with low suitability crane habitats, mostly in
western Kansas. With wind resource data, low-conflict zones were identified where wind energy

development can occur with minimal ecological impact.
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Whooping cranes rely on a network of ephemeral and variable habitats, therefore static
conservation models fail to capture the complexity of their spatial ecology. By incorporating
time-sensitive and location-specific predictors and predicting habitat suitability across space and
time, resource managers can proactively safeguard wetlands while managing agricultural
landscapes to reduce displacement. Identifying drought-sensitive habitats allows for pre-emptive
management of alternative stopover sites before water shortages occur. The strong avoidance of
urban areas (Std. MDA 0.46 in Kansas) means we need to strength management around critical
wetlands and the nuanced relationship with agriculture (moderate use near wetlands but
avoidance of intensive fields) means we have opportunities for working lands conservation
programs. Protecting migratory corridors through this kind of modeling ensures not only the
survival of endangered species but also the ecosystem services supported by intact wetland and
grassland systems. This study shows the value of geospatial tools in identifying “ecological
traps” (e.g., suitable habitats next to turbines and powerlines) and prioritizing restoration sites.
This shifts conservation from reactive to proactive, so habitat can be resilient in the face of land
use and climate change.

Kansas is a key player in the national transition to renewable energy, especially with the
expansion of wind farms across the prairie. This study showed that it is possible to reconcile
biodiversity conservation with clean energy development. The wind energy suitability overlay
was a practical tool to identify areas of high energy potential that don’t overlap with critical
stopover habitats. This is the concept of “coexistence landscapes”, where infrastructure planning
incorporates ecological priorities from the onset. The conflict analysis between wind turbines
and crane habitats showed that 7.83% of existing turbines in Kansas are within 5 km of high

suitability zones. To improve coexistence, a three-tiered approach is proposed: (1) Strategic
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siting by directing wind farms to pre-identified low-impact areas, (2) seasonal curtailments that
reduce turbine operation during peak migrations (April and October), and (3) ecological buffers
based on a 5 kilometer no-development zones around critical wetlands. This can protect cranes
and provides regulatory certainty for energy companies navigating endangered species
compliance to ensure important ecological thresholds are respected.

While the model achieved strong performance, certain limitations should be considered
while interpreting results. First, the spatial resolution of the environmental layers (1km?), while
appropriate for landscape-scale analysis, may not capture fine-scale habitat features important for
crane selection, like isolated prairie potholes that are emergency stopovers. Second, telemetry
data, though precise, overrepresent adult survival and may underestimate juvenile habitat
preferences. Third, generated pseudo-absence points may introduce potential bias. Fourth, the
wind infrastructure dataset is comprehensive but may not capture all planned or small-scale
developments and lacks operational details (e.g., turbine height) that affect collision risk. Lastly,
the temporal window (2010-2016) may not fully reflect recent climatic variability or
development trends. The model assumes current land use patterns will persist, while climate
projections suggest radical wetland shifts in the Great Plains (Xu, et al., 2024). While these
limitations don't invalidate the findings, they emphasize the need for continuous and adaptive
frameworks that incorporate uncertainty.

Future research should include high-resolution environmental data to increase model
resolution and validation by showing fine-scale vegetation structure preferences. Expanding the
model to include climate projections will give foresight into corridor shifts under future
scenarios. Applying this method to the entire Central Flyway or other at-risk migratory species

will test generalizability and increase conservation impact. Finally, evaluating the real-world
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effectiveness of habitat-informed siting decisions—via post-installation monitoring of wind
facilities—will provide critical feedback for adaptive management.

As pressure to meet renewable energy targets while conserving biodiversity increases,
spatially explicit, evidence-based tools like this are more important than ever. This research
shows that conservation isn’t a constraint on development, but can instead be a guiding principle
for better land use. It shows how interdisciplinary collaborations, combining geography, ecology,
and renewable energy planning, can coexist. By mapping the exact intersections between crane
habitats and energy infrastructure, we’ve moved beyond blanket opposition to renewable energy
and towards smart siting that serves both climate and biodiversity goals. The path forward isn’t
through less technology or more wilderness, but through better geography - the science of how
we organize our shared space in ways that honor ecological connections while meeting human

needs.
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Appendix A - Scripts

R Script for Bearing Calculation
# Load required packages
library(geosphere)

# Load table with cell and wintering habitat coordinates

data <-
read.csv("D:/KDWP_WhoopingCrane/HabitatAssessment_Belaire_New/HabitatAssessment_Bel
aire/Tables/BearingTable.csv", header=TRUE, sep=",")

#
D:\KDWP_WhoopingCrane\HabitatAssessment_Belaire_New\HabitatAssessment_Belaire\Table

S

# Create bearing function from using geosphere package
# p1 = wintering ground and p2 = cell centroid
f <- function(x, output) {
pl = c(x["POINTL_X"], X["POINTL_Y"])
p2 = c(x["POINT_X"], X["POINT_Y"])
return(bearing(pl, p2))
}

# Apply bearing function to each row in the input, then add it to the dataframe
bearing <- apply(data, 1, f)

data2 <- data.frame(bearing)

# Write an output csv file that can be joined in GIS
write.csv(data2,
"D:/KDWP_WhoopingCrane/HabitatAssessment_Belaire_New/HabitatAssessment_Belaire/Tabl

es/OutputBearings.csv")
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R Script for Ecotone Classification
# Load required libraries
library(pacman)

p_load(tidyverse, readr)

# Read CSV file

WHCRMCGridCell_dist <-
read.csv("D:/KDWP_WhoopingCrane/HabitatAssessment_Belaire_New/HabitatAssessment_Bel
aire/Tables’WHCR_KS_GridCell_Dist.csv")

# Display structure of the data frame
str(WHCRMCGridCell_dist)

# Convert columns to numeric
WHCRMCGridCell_dist <- WHCRMCGridCell_dist %>%
mutate(DistanceWetlands = as.numeric(DistanceWetlands),

DistanceAgric = as.numeric(DistanceAgric))

# Define a function to categorize distances
categorize_distance <- function(DistanceWetlands, DistanceAgric) {
ifelse(DistanceWetlands >= 0 & DistanceWetlands <= 100,
ifelse(DistanceAgric >= 0 & DistanceAgric <= 100, "A",
ifelse(DistanceAgric > 100 & DistanceAgric <= 500, "B",
ifelse(DistanceAgric > 500 & DistanceAgric <= 1000, "E", "J"))),
ifelse(DistanceWetlands > 100 & DistanceWetlands <= 500,
ifelse(DistanceAgric >= 0 & DistanceAgric <= 100, "C",
ifelse(DistanceAgric > 100 & DistanceAgric <= 500, "D",
ifelse(DistanceAgric > 500 & DistanceAgric <= 1000, "F", "K"))),
ifelse(DistanceWetlands > 500 & DistanceWetlands <= 1000,
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ifelse(DistanceAgric >= 0 & DistanceAgric <= 100, "G",
ifelse(DistanceAgric > 100 & DistanceAgric <= 500, "H",
ifelse(DistanceAgric > 500 & DistanceAgric <= 1000, "I, "L"))),
ifelse(DistanceAgric >= 0 & DistanceAgric <= 100, "M",
ifelse(DistanceAgric > 100 & DistanceAgric <= 500, "N",
ifelse(DistanceAgric > 500 & DistanceAgric <= 1000, "O", "P™))))))

# Create a new column 'ecotone_code'
ecotone <- WHCRMCGridCell_dist %>%
#select(-(6:33)) %>%
mutate(ecotone_code = categorize_distance(DistanceWetlands, DistanceAgric))

write_csv(ecotone, file =
"D:/KDWP_WhoopingCrane/HabitatAssessment_Belaire_New/HabitatAssessment_Belaire/Tabl

es/ecotone.csv")

R Script for Turbine Proximity Analysis
library(pacman)

p_load(tidyverse, sf, lubridate, adehabitatHS, Ime4, ImerTest, amt, ggplot2, broom.mixed)

wksp <- "C:/Users/ifeom/OneDrive - Kansas State University/Desktop/New Research Stuff to
Merge with SSD Drive/HabitatAssessment_Belaire™

# Load data

# Combine path correctly

crane_path <- file.path(wksp, "Tables/Final RF Variables.csv")
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cranes <- read.csv(crane_path, header=TRUE, sep=",") %>%
st_as_sf(coords = c("Longitude"”, "Latitude"), crs = 4326) %>%
st_transform(32614) # UTM zone for study area

turbine_path <- file.path(wksp, "Tables/TurbinesinHighSuitableAreas.shp™)

turbines <- st_read(turbine_path)

# Classify crane points by turbine proximity
cranes <- cranes %>%
mutate(
NearTurbine = lengths(st_within(., turbines)) > 0,
Season = ifelse(month(DateTime) %in% 3:5, "Spring", "Fall")
)

# Calculate use rate (locations/km2)
use_rates <- cranes %>%
group_by(Season, NearTurbine) %>%
summarise(
Locations = n(),
Area_km2 = ifelse(first(NearTurbine),
sum(st_area(turbines))/1e6,
total_study_area - sum(st_area(turbines))/1e6),

UseRate = Locations/Area_km?2

)

R Script for Habitat Suitability Analysis

library(pacman)
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p_load(tidyverse, randomForest, caret, caTools, raster, sf, pROC, verification, rfUtilities, tools,
ROCR)

HEH B R R R R R
HEH BRI R R R R R
HiHEHHH#H Import Data

HEHHHHHHH
R R R R R R R R

# WC_data <-
read.csv("G:/KDWP_WhoopingCrane/HabitatAssessment_Belaire_New/HabitatAssessment_Bel
aire/Tables/Final RF Variables.csv", header=TRUE, sep=",")

WC_data <- read.csv("C:/Users/ifeom/OneDrive - Kansas State University/Desktop/New
Research Stuff to Merge with SSD Drive/HabitatAssessment_Belaire/Tables/Final RF
Variables.csv", header=TRUE, sep=",")

head(WC_data)

HHHHHHH
HHHHHHHH R AR
HiHHHHIHAE Create Time Variable

HHHHHHH A
HHHHHHH

# Define the date range and calculate the number of days
start_date <- as.Date("2010-03-23")
end_date <- as.Date("2016-11-25")

num_days <- as.numeric(difftime(end_date, start_date, units = "days"))
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# Generate random numbers from 1 to 2435
set.seed(123)

random_days <- sample(1:num_days, size = 2000, replace = TRUE)

#Convert the random numbers to actual dates
random_dates <- start_date + random_days

# Create data frame for pseudo-absence points with their assigned random dates
pseudo_absence_date <- data.frame(

OID_ =1:2000,

random_date = random_dates

)

head(pseudo_absence_date)

#convert time column to date format
WC_data$TIME_OM <- as.Date(WC_data$TIME_OM, format = "%m/%d/%Y")
str(WC_data)

# Merge the pseudo-absence dates into WC_data based on OID
WC_data <- WC_data %>%

left_join(pseudo_absence_date, by = "OID_") %>%

mutate(

obs_date = coalesce(as.Date(random_date), as.Date(TIME_OM)) # Ensure Date format &

prioritize random_date

) %>%

dplyr::select(-OID_, -TIME_OM, -random_date) # Remove the original columns
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head(WC_data)

HHEHBHH BB BB R
HEH B R R R R R
HitHHHH##HH# Tidy Data
HHHHEHHHHEH B B
HHEHBHH BB B R

# Transform data types
WC_data <- as.data.frame(WC_data) %>%
mutate(
sd = as.factor(ifelse(Obs_Type %in% c("A", "Absent", "Absence"), "Absent", "Present™)), #sd

is specie distribution

ec = as.factor(ecotone_code),
pca = as.factor(Percent_cover_Agric),
pcu = as.factor(Percent_cover_Urban),
pcw = as.factor(Percent_cover_Wetland),
pcr = as.factor(Percent_cover_Road),
be = as.factor(bearing),
Date = as.Date(obs_date),
Long = as.factor(Longitude),
Lat = as.factor(Latitude)
) %>%
dplyr::select(-(1:10))
str(WC_data)

# Convert ecotone categories to numbers
WC_data$ec <- as.factor(match(WC_data$ec, LETTERS[1:16]))
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head(WC_data)
str(WC_data)

# Adding Season variable
wcDataframe_season <- WC_data %>%
mutate(
Date = as.Date(Date), # Keep as Date type
season = case_when(
month(Date) %in% 3:5 ~ "Spring",
month(Date) %in% 9:11 ~ "Fall",
month(Date) %in% 6:8 ~ "Summer",
TRUE ~ "Winter"))

# Replace NA values
# Convert factor columns to numeric and replace NA values with O
wcDataframe_season <- wcDataframe_season %>%
mutate(
DateNum = as.numeric(as.Date(Date)),
season = as.factor(as.character(season)),
pca = as.numeric(as.character(pca)),
pcu = as.numeric(as.character(pcu)),
pcw = as.numeric(as.character(pcw)),
pcr = as.numeric(as.character(pcr)),
be = as.numeric(as.character(be)),
Long = as.numeric(as.character(Long)),
Lat = as.numeric(as.character(Lat))
) %>%
mutate(
DateNum = replace_na(DateNum, 0),

season = replace_na(season, 0),
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pca = replace_na(pca, 0),
pcu = replace_na(pcu, 0),
pcw = replace_na(pcw, 0),
pcr = replace_na(pcr, 0),
be = replace_na(be, 0),
Long = replace_na(Long, 0),
Lat = replace_na(Lat, 0)

) %>%

dplyr::select(-Date)

str(wcDataframe_season)

# Remove Season Variable

wcDataframe <- wcDataframe_season %>%

dplyr::select(-season)

str(wcDataframe)

# Set Seed
set.seed(1234)

T R T TR R R
SRR R R T

HitH# HHHH#

M Random Forest Model: Belaire Model for Kansas i
HitH# Variables: Be, PCA, PCW, PCU, PCR, Ec HitH#
HitH# HitHE

HEHHEHH B R R R
HEHHIH B I
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HH B
HH B
##### Select Required Variables

HHH B
HH B

WcD_Belaire <- wcDataframe %>%
dplyr::select(-(8:10))
str(WcD_Belaire)

# Set up the formula for random forest

formula <- sd ~ pcu + pcw + pca + pcr + ec + be

# Split the data into training and testing sets
trainindex <- createDataPartition(WcD_Belaire$sd, p = 0.75, list = FALSE)
trainData <- WcD_Belaire[trainindex, ]

testData <- WcD_Belaire[-trainindex, ]

HHHHHHH A
HHHHHHH
##H#H Building the Random Forest model

HHHHHHHH AR
HHHHHHH A

# Check for NA Values and view summary of data
colSums(is.na(WcD_Belaire))

summary(WcD_Belaire)
# Fit the Random Forest model

(SDmodel <- randomForest(formula,

data = trainData,
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importance = TRUE,
Proximity = TRUE,
Positive = "Present",
ntree = 500))

#Plot variable Importance
importance(SDmodel)
varlmpPlot(SDmodel, main = "Species Distribution Model", scale = TRUE)

H A R e R S S R B B R
HHBHHBHH R
HiH##HE Optimizing the Model

H A R e R S S R B B R
H A R e R S S R B B R

# Optimum nTrees
# Plotting the error rates for each tree based on a matrix within the model called err.rate
head(SDmodel$err.rate, 5)

oob.error.data <- data.frame(
Trees = rep(1:nrow(SDmodel$err.rate), times = 3),
Type =rep(c("OOB", "Present", "Absent"), each = nrow(SDmodelS$err.rate)),
Error = c(SDmodel$err.rate[ , "OOB"],
SDmodel$err.rate[ , "Present"],
SDmodel$err.rate[ , "Absent"])

oob.error.data %>%
ggplot(aes(Trees, Error)) +

geom_line(aes(color = Type))
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# making model with nTrees

(SDmodelnT <- randomForest(sd ~ .,
data = trainData,
ntree = 1000,
importance = TRUE,
Proximity = TRUE))

# to see if plotting with nT is better, plot error rate
oob.error.datal <- data.frame(
Trees = rep(1:nrow(SDmodelnT$err.rate), times = 3),
Type = rep(c("OOB", "Present", "Absent"), each = nrow(SDmodelnTS$err.rate)),
Error = c(SDmodelnT$err.rate[ , "OOB"],
SDmodelnTSerr.rate[ , "Present™],

SDmodelnTSerr.rate[ , "Absent™])

oob.error.datal %>%
ggplot(aes(Trees, Error)) +

geom_line(aes(color = Type))

# Optimum Variables per node

oob.values <- vector(length = 10)

for (iin 1:10) {
temp.model <- temp.model <- randomForest(sd ~ ., data = trainData, mtry=i, ntree=1500)

oob.values[i] <- temp.model$err.rate[nrow(temp.model$err.rate),1]

¥

oob.values #print out the different oob error values and the one with the lowest value is the

number of variables that works best.
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HH B
HH B
###H## Final Random Forest Model.

HHH B
HH B

## find the minimum error
min(oob.values)
## find the optimal value for mtry...
mtryV <- which(oob.values == min(oob.values))
## create a model for proximities using the best value for mtry
(SDmodel_Belaire <- randomForest(sd ~ .,
data = trainData,
ntree = 1001,
proximity = TRUE,
importance = TRUE,
mtryV = mtryV))

importance(SDmodel_Belaire)

varimpPlot(SDmodel_Belaire, main = "Species Distribution Model", scale = TRUE)

SR R R G B B B
HHBHH BB
#i### Making Predictions

SR R R G B B B
HHBHH BB

# Predict probabilities on the test set
testData$Predicted <- predict(SDmodel_Belaire, testData, type = "prob™)[, "Present"]

# Convert the predicted probabilities to "Absent” or "Present™ based on a threshold
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testData$PredictedClass <- ifelse(testData$Predicted > 0.5, "Present"”, "Absent™)
testData$PredictedClass <- factor(testData$PredictedClass, levels = c("Absent", "Present™))

# Evaluate model performance

(cm <- confusionMatrix(data = testData$PredictedClass,
reference = testData$sd,
positive = "Present™))

# Extract the confusion matrix table

cm_table <- as.table(cm$table)

# Convert the table to a data frame

cm_df <- as.data.frame(cm_table)

# Plot confusion matrix

ggplot(data = cm_df, aes(x = Reference, y = Prediction, fill = Freq)) +
geom_tile() +
geom_text(aes(label = Freq), color = "white", size = 5) +
scale_fill_gradient(low = "brown", high = "darkslateblue™) +
labs(x = "Actual Class", y = "Predicted Class") +

theme_minimal()

HHHHHHH
HHHHHHHH R AR
#HHHHHH# Plotting AUC Curve

HHHHHHH A A
HHHHHH A

par(pty = "s")

# Plot the ROC curve using the test set response and predicted probabilities
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ROC <- roc(testData$sd, testData$Predicted, percent = TRUE,
levels = c("Absent", "Present"), legacy.axes=TRUE)
ROC

str(ROC)

AUC_Plot <- plot.roc(ROC, col = "#00008B", lwd = 4, print.auc = TRUE,
xlab="False Positive Percentage", ylab="True Postive Percentage")

par(pty = "m")

HHH R
R
###H Plotting Partial Dependence Plots
HHH R
HHH R
HHHHHHHH R AR
# Function to normalize a vector to a 0-1 scale
normalize <- function(x) {
(x - min(x, na.rm = TRUE)) / (max(x, na.rm = TRUE) - min(x, na.rm = TRUE))
}

# Get importance of variables and sort them
imp <- importance(SDmodel)

impvar <- rownames(imp)[order(impl[, 1], decreasing = TRUE)]

# Define labels for ecotone category (A-P)
ecotone_labels <- LETTERS[1:16] # Creates A-P

# Set up the plot layout
op <- par(mfrow = c(2, 3))
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# Loop through each variable and plot
for (i in seq_along(impvar)) {
if (impvar[i] =="ec") {
# Handle categorical variable (ecotone category) as a bar plot
mean_values <- tapply(predict(SDmodel, trainData, type = "prob™)[, "Present"],

trainData[[impvar[i]]], mean)

# Normalize the values

mean_values <- normalize(mean_values)

# Barplot with custom ecotone labels (A-P)
barplot(mean_values,
names.arg = ecotone_labels, # Replace numbers with A-P
main = "Partial Dependence on Ecotone Category",
xlab = "Ecotope Category",
ylab = "Normalized Predicted Suitability",
col = "blue™)
}else {
# Generate partial dependence data
pd_data <- partialPlot(SDmodel, trainData, impvar][i], which.class = "Present", smooth =
"loess", plot = FALSE)

# Normalize y-values
pd_data$y <- normalize(pd_data$y)

# Plot the normalized partial dependence plot

plot(pd_data$x, pd_data$y, type ="I", col = "#4daf4a", lwd = 3,
main = paste("Partial Dependence on", impvar[i]),
xlab = impvarf[i],

ylab = "Normalized Predicted Suitability")
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# Reset plot layout

par(op)
U
HHHHHHH R
#iHH#HHH# Habitat Suitability Map
R
R

# Load the raster layers

urban_raster <- raster(""C:/Users/ifeom/OneDrive - Kansas State University/Desktop/New
Research Stuff to Merge with SSD Drive/HabitatAssessment_Belaire/Raster Data/Pcr.tif")
wetland_raster <- raster("C:/Users/ifeom/OneDrive - Kansas State University/Desktop/New
Research Stuff to Merge with SSD Drive/HabitatAssessment_Belaire/Raster Data/pcw.tif")
agric_raster <- raster(*"C:/Users/ifeom/OneDrive - Kansas State University/Desktop/New
Research Stuff to Merge with SSD Drive/HabitatAssessment_Belaire/Raster Data/pca.tif")
road_raster <- raster(""C:/Users/ifeom/OneDrive - Kansas State University/Desktop/New
Research Stuff to Merge with SSD Drive/HabitatAssessment_Belaire/Raster Data/pcr.tif")
ecotone_raster <- raster(*"'C:/Users/ifeom/OneDrive - Kansas State University/Desktop/New
Research Stuff to Merge with SSD Drive/HabitatAssessment_Belaire/Raster Data/ec.tif")
bearing_raster <- raster(""C:/Users/ifeom/OneDrive - Kansas State University/Desktop/New
Research Stuff to Merge with SSD Drive/HabitatAssessment_Belaire/Raster Data/be.tif")
Longitude_raster <- raster("C:/Users/ifeom/OneDrive - Kansas State University/Desktop/New
Research Stuff to Merge with SSD Drive/HabitatAssessment_Belaire/Raster Data/Long.tif")
Latitude_raster <- raster(*C:/Users/ifeom/OneDrive - Kansas State University/Desktop/New
Research Stuff to Merge with SSD Drive/HabitatAssessment_Belaire/Raster Data/Lat.tif")

# Stack the rasters
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env_var <- stack(urban_raster, wetland_raster, agric_raster, road_raster, ecotone_raster,
bearing_raster)

names(env_var) <- c¢("pcu”, "pcw", "pca", "pcr", "ec", "be")

# Predict the suitability/probability of occurrence across the landscape
suitability_map <- predict(env_var, SDmodel_Belaire, type = "prob”, index = 2, progress =

"window")

# Plot the suitability map
plot(suitability _map, main = "Whooping Crane Habitat Suitability Map™)

# Save the suitability map

# writeRaster(suitability _map,
"G:/KDWP_WhoopingCrane/HabitatAssessment_Belaire_New/HabitatAssessment_Belaire/Rast
er Data/SuitabilityMap_Belaire.tif", format = "GTiff", overwrite = TRUE)
writeRaster(suitability_map, "C:/Users/ifeom/OneDrive - Kansas State University/Desktop/New
Research Stuff to Merge with SSD Drive/HabitatAssessment_Belaire/Raster Data/Suitability
Map - Belaire/RelativeProbabilityFunction_Belaire_2011 1km2.tif", format = "GTiff",
overwrite = TRUE)

S R R R G B B B B I
S R R R B B B B I
HiHHHHH |dentify Habitats as Binary Variable

HHBHH BB
S R R R G B B B B I

rm(env_var) #Remove stack to free up some memory
# Occurrence thresholds

occurrence.threshold(SDmodel_Belaire, trainData[,sel.vars], class="Present", p = seq(0.1, 0.9,
0.02), type = "delta.ss")
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occurrence.threshold(SDmodel_Belaire, trainData[,sel.vars], class="Present", p = seq(0.1, 0.9,

0.02), type = "kappa")

occurrence.threshold(SDmodel_Belaire, trainData[,sel.vars], class="Present", p = seq(0.1, 0.7,
0.02), type = "sum.ss")

# change raster to binary layer

rbinary <-r

# set based on occurrence threshold from summed sensitivity and specificity above to create
binary(1 or 0) habitat map

rbinary[rbinary >= 0.4] <- 1

rbinary[rbinary <0.4] <- 0

# double check

head(rbinary)

plot(rbinary)

rbinary[rbinary == 0] <- NA

writeRaster(rbinary, "C:/Users/ifeom/OneDrive - Kansas State University/Desktop/New
Research Stuff to Merge with SSD Drive/HabitatAssessment_Belaire/Raster Data/Suitability
Map - Belaire/RelativeProbabilityFunction_Binary.tif", format = "GTiff", overwrite = TRUE)
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Appendix B - Supporting Images

The original maps from the habitat suitability modeling using both models (the Belaire
model for Kansas and the Improved Model) are attached. In this section of the Appendix, we
have included the prediction maps of both models, binary maps showing suitable areas (RPF >
0.4), AUC plots, partial dependence plots, and plots of variable importance. The threshold for the
binary map was derived by using the random forest model to assess habitat suitability based on
occurrence data. The function occurrence. threshold() was used to find the optimal threshold
for classifying presence based on predicted possibilities. Our result was an optimal threshold of

0.38, but we rounded up to 0.4 as our suitability threshold.

Results from Belaire Model for Kansas

Appendix Figure B.1 Prediction map for the study area using Belaire’s model for Kansas.
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Appendix Figure B.2 Binary map of occurrence threshold for the study area.
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Appendix Figure B.3 Area Under the receiver Curve Plot.
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Normalized Predicted Suitability

Normalized Predicted Suitability

Appendix Figure B.4 Partial Dependence Plot arranged in decreasing order of importance.
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Appendix Figure B.5 Variable Importance plots.
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Improved Model Results

Selected Variables:

The improved model included seven variables, including bearing, percent cover of

wetland, percent cover of agricultural land, longitude, latitude, date, and ecotone categories.

Appendix Figure B.6 Prediction map for the study area.
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Appendix Figure B.7 Binary map of occurrence threshold for the study area.
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Appendix Figure B.9 Partial Dependence Plot arranged in decreasing order of importance.
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Appendix Figure B.10 Variable Importance plots.
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All Variables:

Next all variables were included in the Model to see how they all contribute to habitat
prediction. All nine variables included are bearing, percent cover of wetland, percent cover of
agricultural land, percent cover of urban areas, percent cover of roads, longitude, latitude, date,

and ecotone categories
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Appendix Figure B.11 Prediction map for the study area using all variables in the model.
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Appendix Figure B.13 Area Under the receiver Curve Plot.
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Appendix Figure B.14 Partial Dependence Plot arranged in decreasing order of importance.
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Appendix Figure B.15 Variable Importance plots.

pew

be

Long

Lat

DateNum

pca

pcr

ec

pcu

Species Distribution Model

be

Long

Lat

DateNum

pca

ec

pcr

pcu

40

T
60

MeanDecreaseAccuracy

T
80

T
100

121

T
50

T
100
MeanDecreaseGini

150




Appendix C - Time-series Maps

Individual time-series maps from spring 2010 to fall 2016.
Appendix Figure C.1. Time-series Map Key
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Appendix Figure C.2. Prediction map for Spring 03-23-2010.

281

Spring: 03-23-2010

122



Appendix Figure C.3 Prediction map for Spring 04-15-2010.
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Appendix Figure C.4 Prediction map for Spring 05-10-2010.
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Appendix Figure C.5 Prediction map for Fall 09-15-2010.
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Appendix Figure C.6 Prediction map for Fall 10-10-2010.
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Appendix Figure C.7 Prediction map for Fall 11-05-2010.
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Appendix Figure C.8 Prediction map for Spring 03-23-2013.
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Appendix Figure C.9 Prediction map for Spring 04-15-2013.
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Appendix Figure C.10 Prediction map for Spring 05-10-2013.
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Appendix Figure C.11 Prediction map for Fall 09-15-2013.
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Appendix Figure C.12 Prediction map for Fall 10-10-2013.
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Appendix Figure C.13 Prediction map for Fall 11-05-2013.
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Appendix Figure C.14 Prediction map for Spring 03-23-2016.
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Appendix Figure C.15 Prediction map for Spring 04-15-2016.
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Appendix Figure C.16 Prediction map for Spring 05-10-2016.
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Appendix Figure C.17 Prediction map for Fall 09-15-2016.
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Appendix Figure C.18 Prediction map for Fall 10-10-2016.
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Appendix Figure C.19 Prediction map for Fall 11-05-2016.
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Appendix D - Whooping Crane Images

Appendix Figure D.1 Sketch of adult whooping cranes.
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Appendix Figure D.2 Image of a baby crane.
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Appendix Figure D.4 Image of rare twin juvenile cranes.
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