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A B S T R A C T   

Advancements in wind turbine technology have led to larger, more energy productive turbines. However, the 
degree to which increases in turbine size may affect wildlife mortality is not yet understood. We developed a 
Bayesian hierarchical model to investigate the potential influence of three turbine size parameters (ground 
clearance, rotor diameter, and power rating) on fatality rates and fall distances of three representative species: 
hoary bat (Lasiurus cinereus), horned lark (Eremophila alpestris), and red-tailed hawk (Buteo jamaicensis). Our 
model incorporated a paired design to isolate turbine size effects, assuming turbines monitored in the same year 
and in close proximity were similarly influenced by random effects such as weather and habitat. We used In
tegrated Population Integral Projection Modeling to analyze four component datasets (searcher efficiency, 
carcass persistence, fatality rates, and fall distributions) derived from focal and priors datasets. Our model 
showed generally consistent and well-mixed results despite its size and complexity. Decreasing ground clearance 
led to increased fatality rates for all three species and was most pronounced for hoary bats; increased rotor 
diameter led to increased fatality rates for red-tailed hawks and for horned larks to a lesser extent. Increasing 
power capacity led to increased horned lark fatality rates, with a weaker influence on red-tailed hawks. Turbine 
size covariates had strong species-specific effects on fall distributions with implications for selecting search plot 
dimensions and analyzing fatality estimates in future studies. To our knowledge, this is the first investigation of 
ground-clearance effects on fatality rates and of turbine size parameters on carcass fall distributions.   

1. Introduction 

Advancements in wind turbine technology have led to larger, more 
energy productive and efficient turbines being installed in new onshore 
and offshore facilities and used to retrofit existing facilities (Loss et al., 
2013; Lacal-Arántegui et al., 2020; Huso et al., 2021). The need to un
derstand the relationship between turbine size and wildlife mortality is 
pressing, as the ongoing optimization of power production and engi
neering drives industry toward larger turbine dimensions (LaNier, 2005; 
Lantz et al., 2019) and climate change concerns lead to increased need 
and demand for renewable energy (U.S. Department of Energy, 2019; 
Huso et al., 2021). The degree to which increases in turbine size affect 
bird and bat mortality influences both wind project development and 
wildlife management decisions, with project- and species-specific con
sequences (Barclay et al., 2007; AWWI, 2017; Anderson et al., 2022). 
Previous investigations into the impact of turbine size on wildlife mor
tality have found a variety of relationships among taxa – including 

positive, negative, and equivocal – both within and among meta- 
analyses (Barclay et al., 2007; Loss et al., 2013; Smallwood, 2013). 
Such highly context-specific results speak to the current challenge in 
providing conclusive answers to questions about the influence of turbine 
size on wildlife mortality. Furthermore, the wide variety of analytical 
methods used in these studies speaks to the need for generalized and 
flexible statistical models to combine the variety of data collected and 
discern the most influential relationships for operational decision 
making. 

The relationship between turbine size and wildlife mortality is 
muddied at least in part because “size” is a catch-all term used inter
changeably for multiple correlated measurements. The size parameter 
most commonly used in analyses of turbine size is hub height, although 
power capacity rating is also used (Barclay et al., 2007; Loss et al., 2013; 
Smallwood, 2013; Huso et al., 2021), despite not being a measure of 
geometric size, per se. Hub height sets the location of the rotor-swept 
zone in airspace, but does not directly influence the size of the rotor- 
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swept zone. Although these geometric specifications as well as facility 
operations (e.g., downtime) have the potential to inform the relationship 
between size and wildlife mortality (Huso et al., 2021; Prakash and 
Markfort, 2021), many are rarely reported publicly, hindering their in
clusion in analyses (Nicholson, 2011; Sassi, 2016). Further complicating 
the relationship between turbine size and mortality are the variety of 
covariates that dictate the wildlife-turbine interaction, including the 
rotor speed and pitch of the blade (Tucker, 1996; Band et al., 2007); 
body size, flight behavior, visual acuity, and other aspects of the wildlife 
species or group of interest (Smales et al., 2013; Khosravifard et al., 
2020); environmental variables such as land cover, wind speed and prey 
availability (Baerwald et al., 2009; Cryan et al., 2014; Thompson et al., 
2017); and temporal drivers such as time of day and season (de Lucas 
et al., 2008; Krijgsveld et al., 2009). 

Because estimating turbine-level effects is not currently feasible with 
existing fatality estimation tools, we use a custom Bayesian hierarchical 
model in our study to capture the potential influence of turbine size on 
North American fatality rates. Currently available estimators like Evi
dence of Absence (Dalthorp et al., 2017) and GenEst (Dalthorp et al., 
2018) do not allow for turbine covariates and/or assume that no tur
bines have 0 carcasses. In contrast, a Bayesian-based estimator can 
address these challenges while handling an open population with 
imperfect detection, unknown size, and unknown detection rates (Hobbs 
and Hooten, 2015). We address these challenges via three mechanisms: 
[1] our integrated modeling approach that incorporates independent 
estimates of “vital rates” via searcher efficiency and carcass persistence 
trials (Zipkin et al., 2014); [2] inclusion of hierarchical “random effects” 
and covariate-based “fixed effects” into the vital rate models (Sólymos 
et al., 2012); and [3] information sharing via a Bayesian hierarchical 
connection among carcass population observations via a common 
arrival (i.e., fatality) rate equation (Hobbs and Hooten, 2015). 
Leveraging a Bayesian paradigm, we incorporate prior data regarding all 
model components – searcher efficiency, carcass persistence, species- 
specific fatality rates, and fall distributions – available in existing pub
lications (Appendix S1). 

We apply this model to post-construction mortality (PCM) data 
extracted from U.S. and Canadian databases. The sampling schemas 
defining these observations of fatalities vary spatiotemporally (e.g., 
circular vs. “road and pad” plot; Maurer et al., 2020), and the data 
recorded on surveys (number of carcasses) are discretely distributed, 
highly 0-inflated, overdispersed, and spatiotemporally autocorrelated. 
Therefore, we estimated turbine-level fatality rates, accounting for site- 
level variation which can heavily influence estimates of mortality 
(Erickson et al., 2014; Marques et al., 2014; Hobbs and Hooten, 2015). 
We use a paired design to facilitate our estimation of turbine size effect 
and assume turbines in relatively close proximity experience similar 
densities and movement patterns of wildlife. We therefore constrained 
our analysis to PCM data derived from turbine mosaics. Projects that 
incorporated more than one turbine size were categorized as in-project 
mosaics whereas data from two or more adjacent projects with different 
turbine sizes that were monitored in the same year using comparable 
protocols were categorized as neighbor mosaics (Appendix S2). These 
turbine-mosaics facilitate testing the effect of turbine size on fatality 
rates while controlling for site-specific factors that influence fatality 
rates (e.g., habitat, local bird or bat community, geographic region) 
including those for which data are not typically available (e.g., wind 
regime, bird and bat exposure rates). 

2. Methods 

2.1. Dataset 

We identified 175 candidate mosaic projects from the American 
Wind and Wildlife Information Center (AWWIC) database, the [Cana
dian] Wind Energy Bird and Bat Monitoring Database (WEBBMD), 
publicly available reports, and projects for which Tetra Tech was 

provided data by cooperating wind companies for the purpose of this 
research. Our selection criteria were designed to identify in-project and 
neighbor mosaics that used utility-scale wind turbines (e.g., 1 megawatt 
[MW] or larger), performed PCM with statistical methods that meet 
current industry standards, and for which sufficient data were available 
for analysis (complete set of criteria provided in Appendix S2). Note that 
project inclusion was independent of occurrence of fatalities of our focal 
species (defined below). A project with zero fatalities detected of a 
species of interest is a valid datapoint when analyzing mortality corre
lates because potential outcomes include zero fatalities. Furthermore, 
fatality estimates in regions where a species is absent (e.g., Hawaii) 
provide an additional mechanism for model validation. 

Ninety-one mosaic projects (in-project mosaics and members of 
neighbor mosaics) met our project selection criteria. Although the 
AWWIC database alone contains >340 studies (AWWI, 2020a; AWWI, 
2020b), only a small proportion had raw data suitable for analysis. 
Forty-four of these projects hosted 88 PCM studies between 2007 and 
2019 that met our data selection criteria and were carried forward for 
analysis. These 44 projects represented 24 mosaics, 15 were in-project 
mosaics and nine were neighbor mosaics. Bird Conservation Regions 
(BCR; Bird Studies Canada and NABCI, 2014) were used to represent 
ecologically distinct regions within North America to capture 
geographic variation among mosaics. The 44 projects included for 
analysis were distributed among 12 BCRs, with 27 projects clustered 
within the Lower Great Lakes/St. Lawrence Plain (BCR 13); the majority 
of BCRs contain one or two projects (Fig. 1). 

Each of the 88 studies represented a maximum of one year time 
window which was segmented into seasons. These studies had between 
6 and 368 turbines that were searched per focal project (Fig. 2). Turbines 
were searched at scheduled intervals of between 3.5 and 34 d. The 
turbines present at these sites (N = 1630) varied widely among size 
parameters. Hub height ranged from 55 to 110 m and rotor diameter 
ranged from 61 to 136 m, producing ground clearances (hub height −
half-rotor diameter) between 20 and 54 m and maximum blade-tip 
height (MBTH; hub height + half-rotor diameter) from 90 to 173 m. 
Power ratings (N = 23) ranged between 1.0 and 3.6 MW, with a mean 
power rating per turbine of 1.91 MW (± 0.5). Given the known corre
lation among multiple turbine size metrics, we limited our analysis to 
three turbine parameters. Power rating was selected to address the focal 
need to minimize wildlife impacts while maximizing energy production; 
ground clearance was included because it defines the space below 
sweeping blades where resident birds frequently fly (Wulff et al., 2016); 
and rotor diameter was chosen to represent the extent of the turbine’s 
rotor-swept zone (correlation among turbine-level values: power and 
ground clearance = − 0.053, power and rotor diameter = 0.823, ground 
clearance and rotor diameter = − 0.285). 

Turbine size appears to influence taxa differentially (Loss et al., 
2013; Smallwood, 2013; Zimmerling and Francis, 2016; Thompson 
et al., 2017; Anderson et al., 2022). We therefore apply our model to 
species representative of taxonomic groups of conservation concern 
relative to wind-wildlife interactions (Arnett and Baerwald, 2013; 
Watson et al., 2018): bats, raptors, and grassland songbirds. We selected 
a species from each group that was commonly detected as carcasses (i.e., 
sufficient sample size for robust analyses) and broadly distributed 
geographically: hoary bat (Lasiurus cinereus; N = 1633 [excludes the 
Hawaiian hoary bat, Lasiurus semotus]), horned lark (Eremophila alpest
ris; N = 309), and red-tailed hawk (Buteo jamaicensis; N = 60). 

The dataset we developed to inform our model’s priors was curated 
from publicly available PCM reports and published literature (Appendix 
S1). Data sources had to meet similar selection criteria as our focal 
dataset (Appendix S2), although they were not limited to in-project or 
neighbor mosaic facilities. Summary-level data (i.e., point estimates 
with standard errors or confidence intervals) were incorporated for the 
searcher efficiency, carcass persistence and arrival rate components of 
the model, whereas raw data on carcass fall distributions were used for 
the fall distribution component. Data were derived from an additional 
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59 sources – comprising 252 projects from 166 mosaics – that were not 
present in our focal dataset (Appendix S2). These projects were from 20 
BCRs, including 8 of the 12 focal regions as well as an additional 12 
BCRs not present in the focal dataset. 

2.2. Statistical analysis 

2.2.1. Modeling approach 
We analyze the component datasets (searcher efficiency [ψ], carcass 

persistence [ρ], arrival rates [α], and fall distributions [f]) using Inte
grated Population Integral Projection Modeling (IPIPM; Schaub and 
Abadi, 2011; Plard et al., 2019), which takes a multi-data view of pop
ulations structured via continuous traits. We treat carcasses as existing 
within populations of dead animals where their traits—specifically, 
location and age—influence how they persist (“survive” in the popula
tion of carcasses) and are detected over time. Following standards for 
carcass studies in which an observed carcass may only be counted once, 
we model the population as being subjected to removal sampling 
(Wyatt, 2002) in addition to actual carcass loss, and loss to decompo
sition and scavengers. The combination of removal sampling with an 
open population presents identifiability issues under observation-only 
datasets—it is not clear if an unobserved carcass is present but not 
seen or not present (Cooch and White, 2002). Hundreds of wind energy 
mortality studies conducted to date have quantified carcass arrival date, 
location, carcass persistence, and searcher efficiency using experimental 
and observational data collected across spatiotemporal scales (Appendix 

S1). The use of an integrated Bayesian paradigm facilitates information 
sharing among our focal data and prior studies (Appendix S1), efficient 
analysis of highly unbalanced hierarchical data (Hobbs and Hooten, 
2015), and mitigation of identifiability constraints of a classic open 
population under removal sampling (Dail and Madsen, 2011). 

We use a multinomial-Poisson N-mixture distribution to represent 
the statistical processes of carcass arrival and detection based on com
posites of basal parameters (Royle, 2004; Haines, 2016; Haines, 2020). 
The multinomial observation model allows us to explicitly incorporate 
removal sampling and distance sampling and is supported by prior 
application to rare wildlife populations (Wyatt, 2002; Chandler et al., 
2011; Sollmann et al., 2015). The Poisson distribution defines the total 
arrivals of carcasses to each plot, and the random-effects approach 
detailed below facilitates incorporation of overdispersion without 
requiring the use of the more computationally expensive negative 
binomial distribution (Haines, 2020). 

2.2.2. Terms and functions 
A search is conducted on a day at a plot, which is the space sur

rounding a turbine at a project within a mosaic from a region, observed for 
a defined study duration. The area of each plot searched is allocated 
among a standardized set of 15 10-m wide concentric bands. 

The vector of counts of carcasses observed in plot i over Ji searches, 
yi, follows a multinomial-binomial-Poisson distribution with mean total 
carcasses κi, density-weighted probability of landing within searched 
area δi, and search-specific detection probabilities πi: 

State/Province Boundary
Bird Conservation Region
(BCR) Boundary

Number of Projects Analyzed
per BCR

1
2
3
27

BCR 67 - Hawaii

Fig. 1. Distribution of focal datasets among Bird Conservation Regions (BCR) in the U.S. and Canada.  
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yi ∼ mbP(κi, δi,πi)

where the arrival total is the sum of the day-level daily arrival rates (i.e., 
fatality rates, converted from day-level yearly arrival rates): 

κi =
∑Di

d=1
αi

/365 

The probability a carcass lands in any searched area across the plot is 
the summed density weighted proportion of area searched across the 
bands. The contribution for each band is the product of the fraction of 
the fall distribution (f(φi)) within the band (from inner radius r0 to outer 
radius r1) and the percentage of the area within the band that is 
searched: 

δi =
∑15

b=1

⎛

⎜
⎝

∫r1b

r0b

f (φi)

⎞

⎟
⎠aib 

The probability of a carcass being observed on a specific search πij is 
the sum of daily contributions for each day from the start of its arrival to 
the plot to the day of the search dj. A carcass that arrives on day d must 
survive by persisting through each day from d to dj according to the 
order of arrival, persistence, and search (if there is a search that day): 

πij =
∑dj

d=1

(

αd
/∑

αd

∏dj

k=d
ρk

∏dj − 1

k=d
(1 − ψk)

)

where αd∑
αd 

is the proportion of total plot-level arrival that occurs on d 

and ψk = 0 on non-search days. The probability that a carcass that has 
landed in the searched area of plot i is ever observed (aka, ĝ) is then the 
sum of search-level detection probabilities: 

πi =
∑Ji

j=1
πij 

The field trial and prior data are then integrated with the focal 

carcass searches via shared process parameters. 
We modeled logit-scale searcher efficiency ψ and carcass persistence 

ρ as linear models with intercept, region, and mosaic effects associated 
with the plot and season effect based on the day. 

logitψid = ψ0 + γψ
regioni

+ γψ
mosaici

+ γψ
seasond  

logitρid = ρ0 + γρ
regioni

+ γρ
mosaici

+ γρ
seasond 

The fall distance for a carcass in a plot is a log-linear function of an 
overall intercept and fixed effects for ground clearance, rotor diameter, 
and power rating associated with the turbine of the plot. 

logφi = φ0 + xφ
gci

βφ
gci

+ xφ
rdi

βφ
rdi

+ xφ
mwi

βφ
mwi 

We modeled log-scale annual arrival rate as a linear model of an 
overall intercept; fixed effects for ground clearance, rotor diameter, and 
power turbine covariates; and region and mosaic random effects asso
ciated with the plot. 

logαi = α0 + xα
gci

βα
gci

+ xα
rdi

βα
rdi

+ xα
mwi

βα
mwi

+ γα
regioni

+ γα
mosaici 

The priors data for arrival were reported as rates (wα
p for prior study 

p), which we log-transformed and fit using a normal observation model 
with means logαp based on the region and mosaic of the study; an overall 
intercept; and fixed effects for ground clearance, rotor diameter, and 
power rating. We included the reported sample standard deviations σα

p 

weighted by relative log-sample sizes Nα
p (divided by mean log sample 

size logNα). 

wα
p ∼ N

(

logαp, σα
p

(

logNα
p

/

logNα

)− 1/2
)

The priors data for both searcher efficiency and carcass persistence 
were reported as rates (wψ

p , wρ
p), which we logit-transformed and fit using 

normal observation models with means logitψp and logitρp based on the 
region, mosaic, and season of the study and reported sample standard 

Fig. 2. (a) Flight heights of representative species aboveground (common noctule [Nyctalus noctula] values presented from Roeleke et al. [2016] as a proxy for hoary 
bat given dearth of published hoary bat flight heights; horned lark and red-tailed hawk flight heights from Wulff et al. (2016)) (b) Ground clearance (space below), 
rotor diameter, maximum blade-tip height (tallest point), and power rating (indicated by line weight) of focal and priors turbines in analysis dataset, (c) Summary 
statistics of model parameters and turbine size metrics. 
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deviations 
σψ

p , σρ
p weighted by relative log-sample sizes Nψ

p , Nρ
p (divided by mean 

log sample sizes logNψ , logNρ). 

wψ
p ∼ N

(

logitψp, σψ
p

(

logNψ
p

/

logNψ

)− 1/2
)

wρ
p ∼ N

(

logitρp, σρ
p

(

logNρ
p

/

logNρ

)− 1/2
)

The searcher efficiency trials data were reported as success or failure 
(wψ

t for trial t), which we modeled as Bernoulli observations with 
detection probability ψ t 

wψ
t ∼ Bern(ψt)

The carcass persistence trials data were reported as presence-absence 
on successive searches (wρ

t for trial t), which we modeled as a joint 
interval-exponential distribution with time to removal 1

1− ρt 
and cut- 

points based on search days ct 

wρ
t ∼ iexp(1 − ρt, ct)

Given that carcass fall distances (zi) are measured on observations 
only after they are found (i.e., there are no trials), we incorporate the 
proportion of area searched in all analyses to account for carcasses that 
fell outside the searched areas. Recognizing the propensity for non- 
normal skew and kurtosis in carcass fall distributions, we used a 
generalized non-standard t distribution to model the continuous 
response of carcass distance (Kruschke, 2015) with mean, scale, and 
degrees of freedom 

f (φi) ∼ t(φi, ς, ν)

To align the fall distribution with carcass observations and the pro
portion area searched, we integrated the fall distribution (f(φi)) at 10-m 
intervals from 0 to 150 m and multiply each band by its proportion of 
area searched. 

The carcasses with distances measured (mi) are then distributed 
among the distance bands via a multinomial distribution with proba
bilities corresponding to the relative density weighted proportion in 
each band (δ̇ib where the dot accent indicates relative) 

δ̇ib =
δib

δi
=

(
∫r1b

r0b

f (φi)

⎞

⎟
⎠aib

∑15

b=1

(
∫r1b

r0b

f (φi)

⎞

⎟
⎠aib  

zi ∼ multi
(

mi, δ̇i

)

This same approach was used separately for the priors and trials 
datasets. 

Hyper-priors used to define the shared parameters were chosen to 
generate weakly informative prior distributions (Appendix S1). Inter
cept and fixed effects parameters were modeled with normal distribu
tions with means centered on the observed values and parameter- 
specific variances. We modeled the random effects standard deviations 
and the scale parameter for the fall distribution using uniform distri
butions. We used an exponential distribution to model the degrees of 
freedom parameter for the fall distribution model. 

2.2.3. Implementation 
Models were fit in R 4.2.1 (R Core Team, 2022) using custom code 

(Appendix S3) and driven by the package nimble – (v. 0.13.0; de Valpine 
et al., 2017, 2022), with additional tools from nimbleEcology (v. 0.4.1; 

Goldstein et al., 2021) and coda (v. 0.19-4; Plummer et al., 2006) 
packages. All parameters were sampled using an adaptive Metropolis- 
Hasting (random walk) algorithm (Shaby and Wells, 2011), with an 
initial proposed standard deviation of 1, an adaptation interval of 50 
iterations on the linear scale with decay exponent of 0.8, and without 
reflection. Six chains were run of each model, with different and 
randomly determined initial parameter values from distributions 
approximating the priors, for 30,000 iterations each, discarding the first 
20,000 as burn-in, leaving the final 10,000 values that we thinned to 
1000 for each chain. We evaluated chain convergence using the auto
correlation, effective sample size adjusted for autocorrelation, and 
partial scale reduction factor (i.e., Gelman-Rubin statistic; Gelman and 
Rubin, 1992) for each parameter and performed posterior predictive 
checks with omnibus and targeted strategies (Gelman et al., 2014) to 
quantify the model’s ability to predict data resembling the observations. 

We facilitated computational efficiency of this highly complex and 
large model through custom software (Appendix S3) that substantially 
expands the core models of EoA (Dalthorp et al., 2017) and GenEst 
(Dalthorp et al., 2018). Leveraging the extensibility of nimble, we built a 
custom response distribution and functions to expeditiously calculate 
core quantities, like π1:Ji . We used extensive nested indexing with pre- 
constructed pointer variables to reduce the impacts of the 0-inflated 
nature of the dataset and minimize calculations. We also constructed a 
model parallelization function using the functionality of the parallel 
base package in R 4.2.1 (R Core Team, 2022). To minimize computa
tional demands, we did not track region-, mosaic-, and season-specific 
random effects estimates, only their standard deviation. The three spe
cies’ models were run simultaneously through terminal multiplexing 
with tmux v 3.3a (Marriot, 2022) on a DigitalOcean memory-optimized, 
dedicated virtual machine (“droplet”; 32 vCPUs, 256 GB Memory) 
running the Ubuntu 22.04 × 64 image. 

3. Results 

3.1. Model performance 

Our model showed generally consistent and well-mixed results 
despite its size and complexity, with some important exceptions. 
Intriguingly, the parameters that suffered from poor mixing were not 
consistent across the three species. The number of parameters and in
tegrated, hierarchical structure led to increased autocorrelation and a 
resulting depression of effective sample sizes. 

Despite those parameter estimation concerns, the goodness-of-fit 
predictive tests indicated that the model produced data that generally 
reflected the observations (Bayesian p-values all between 0.05 and 
0.95). The omnibus χ2 discrepancy function confirmed that the model 
produced carcass count data that were reflective of the observations for 
all three species, albeit not without challenges, perhaps to be expected 
given that we did not track specific random effects estimates. 

More targeted checks showed that the model addressed the chal
lenging distribution by underpredicting the mean while overpredicting 
the median number of carcasses at searches and within plots. For all 
three species, the model closely matched but slightly overpredicted the 
observed proportion of plots and searches with 0 carcasses, and similarly 
slightly underpredicted the proportion of plots and searches with 1 
carcass. The hierarchical uncertainty in the model (exacerbated by the 
lack of tracking specific errors) did produce some extreme (>10) pre
dicted carcass counts. Although such extremes were rarely predicted for 
all three species, they were higher for hoary bats, pointing to a more 
leptokurtic prediction. Our model was also able to faithfully recover 
observed patterns in the carcass fall distributions for all three species, 
although the truncated sampling distances combined with the farther 
fall distances for red-tailed hawks and horned larks reduced fit relative 
to hoary bats (Section 3.3). 
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3.2. Fatality rates 

Each of our turbine size parameters influenced fatality rates in the 
same general direction among species (with the exception of hoary bat 
and power rating) but with different magnitudes (Fig. 3, Table 1). 
Decreasing ground clearance led to increased fatality rates for all three 
species but was most pronounced for hoary bats (mean effect size =
− 0.115, 95 % CI = − 0.194, − 0.039; Fig. 3a). Power rating was the most 
influential turbine size covariate for horned lark (mean = 0.271, 95 % 
CI = 0.068, 0.480; Fig. 3b) with a weaker influence on red-tailed hawk 
with fatality rates increasing with greater MW capacity. Increased rotor 
diameter led to increased fatality rates for red-tailed hawk in particular 
(mean = 0.285, 95 % CI = − 0.063, 0.634; Fig. 3c), but also increased 
horned lark fatality rates to a lesser extent. The influence of power rating 
and rotor diameter was negligible on hoary bat fatality rates as indicated 
by a mean effect close to zero (Fig. 3a, Table 1). 

The random effects of region and mosaic were highly influential on 
fatality rates of all three species, although mosaic had a relatively 
weaker effect on red-tailed hawk fatality rates (mean = 0.312, 95 % CI 
= 0.054, 0.809) compared to its effect on hoary bat (mean = 1.808, 95 % 
CI = 1.486, 2.200) and horned lark (mean = 1.738, 95 % CI = 1.365, 
2.205) fatality rates. Mosaic had a stronger effect on hoary bat fatality 
rates than region, whereas horned lark fatality rates were affected by 
these factors to nearly the same degree (Table 1). There was not even a 
modest correlation between region-level effect estimates among the 
three species (pair-wise correlations: hoary bat and horned lark =
− 0.140; hoary bat and red-tailed hawk = − 0.096, horned lark and red- 
tailed hawk = 0.080). 

3.3. Fall distributions 

Turbine size covariates were inconsistent in their effect on the fall 
distance of our focal species (Fig. 3; Table 1). For example, ground 
clearance had a positive effect on the fall distance of horned lark 
(Fig. 3e) while having a negative effect on that of hoary bat (Fig. 3d) and 
red-tailed hawk (Fig. 3f). The fall distances of horned larks and red- 
tailed hawks were positively affected by power rating but negatively 
affected by rotor diameter at the same time hoary bat fall distributions 
were hardly affected by either parameter (Table 1). 

4. Discussion 

The trends revealed by our analysis are consistent with a recent study 
that found rotor diameter and power rating to be positively correlated 
with bird fatality rates (Huso et al., 2021), but contradict findings of that 
same study and others that found these parameters to be positively 
correlated with bat fatality rates (e.g., Fiedler et al., 2007; Arnett et al., 
2008; Huso et al., 2021). To our knowledge, this is the first PCM study to 
directly analyze ground-clearance effects on fatality rates. 

4.1. Predictors of mortality 

Our finding that increases in rotor diameter led to higher fatality 
rates of horned lark, and red-tailed hawk in particular, is not unprece
dented (Huso et al., 2021). However, other empirical studies that have 
examined this turbine-size parameter on bird fatality rates did not detect 
such an effect (e.g., Barclay et al., 2007; Everaert, 2014; Minderman 
et al., 2015). It is likely that variation in site-specific fatality rates 
confounded their ability to detect such an effect. Indeed, fatality rates of 
our focal species varied widely among regions and mosaics (Table 1). 
The regional scale parameter likely reflected differences among ecor
egions including climate, habitat associations, and relative abundance 
within a species’ range, all of which could influence fatality rates. The 
influence of mosaic captured more local scale variables such as land use 
and land cover, wind regime, topography, and state or species-specific 
PCM study design standards or guidelines. Red-tailed hawk fatality 

rates were much less influenced by mosaic than by region, perhaps 
reflecting landscape-scale patterns in abundance and lack of sensitivity 
to local factors. In contrast, hoary bat and horned lark fatality rates 
varied widely among regions and mosaics. The effect of region on hoary 
bat was not surprising, especially given that 82.5 % of our hoary bat 
fatalities were derived from BCR 13, where PCM studies are prescribed 
by provincial permit requirements. Nonetheless, the variation among 
mosaics was even higher than among regions despite unevenly distrib
uted data at the regional scale (Table 1). The spatially hierarchical 
structure of our Bayesian model allowed it to accommodate such uneven 
spatial sampling via borrowing strength (Hobbs and Hooten, 2015). 

That ground clearance was the strongest predictor of hoary bat fa
tality rates was surprising, particularly because hoary bats are thought 
to primarily forage along treetops and at elevations more consistent with 
the rotor-swept zone than below it (Menzel et al., 2005). In a study by 
Foo et al. (2017) of bats foraging near turbines, they recorded 2.75 
hoary bat calls per night at ground-based acoustic detectors compared to 
33.6 calls per night at detectors mounted approximately 85 m above
ground on turbine nacelles. However, recent research indicates that bat 
activity below the nacelle may be greater than previously thought 
(Peterson et al., 2022). More studies are needed on hoary bat flight 
heights to better understand the causal relationship with ground 
clearance. 

The latest trend in turbine technology is to use taller hub heights, 
typically in conjunction with longer rotor diameters, than previous 
models (Lantz et al., 2019). In contrast, repowering of existing turbines 
via blade or nacelle replacement (i.e., turbine modification) without 
changing the hub height will result in decreased ground clearances. 
Given the ageing wind fleet in North America and the appealing eco
nomics of repowering, our research suggests that widespread turbine 
modifications have the potential to exacerbate the already worrisome 
level of hoary bat fatality rates across North America (e.g., Friedenberg 
and Frick, 2021; EPRI, 2020). 

4.2. Implications of fall distributions 

The patterns revealed by our model call into question the theory that 
taller turbines throw a given carcass farther than shorter turbines (e.g., 
Hull and Muir, 2010). Indeed, ground clearance, our strongest predictor 
of fall distance, varied independently of MBTH (Fig. 2; correlation 
among turbine-level values: ground clearance and MBTH = 0.176). As a 
result, carcasses of a given species were sometimes thrown farther by a 
shorter turbine and sometimes farther by a taller turbine. The rela
tionship of fall distribution with ground clearance was also highly 
species-specific. This pattern indicates the importance of considering 
species’ ballistics factors such as surface area and mass which affect drag 
when evaluating fall distributions (Prakash and Markfort, 2021). How
ever, given that we saw an opposing effect of ground clearance on the 
fall distributions of two species with relatively small surface area and 
mass (Fig. 3d and e), it is evident there are other species-specific factors 
in play. Flight height and flight behavior may be some of these factors 
(Fig. 2). 

The results of our model indicate that typical search plots in our 
dataset provided relatively good sampling of the hoary bat fall distri
bution (overlap between fit carcass density and proportion area 
searched: 0.837; Fig. 4a). In contrast, the fit carcass density for both 
horned larks and red-tailed hawks had comparatively less overlap with 
the proportion area searched (overlap of 0.447 and 0.529, respectively). 
This model result indicates that a substantial proportion of the horned 
lark and red-tailed hawk carcasses land in areas where <10 % of the area 
is searched (Fig. 4b and c). The qualitatively different flight behavioral 
strategies of these two species likely explains some of the differences in 
the shape of the fall distributions and perhaps their opposing relation
ship of ground clearance with fall distance. Horned larks tend to forage 
in large flocks below turbines (mean flight height of 19.9 m per Wulff 
et al., 2016; Fig. 2) whereas red-tailed hawks spend significant periods 
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Fig. 3. Effect of selected turbine-size parameters on arrival (i.e., fatality) rates of (a) hoary bat, (b) horned lark, and (c) red-tailed hawk, as well as on fall distri
butions of (d) hoary bat, (e) horned lark, and (f) red-tailed hawk. Horizontal lines adjacent to silhouettes indicate relative scale of images. 
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of time flying at or above the rotor-swept zone (mean flight height of 
79.0 m per Wulff et al., 2016; Fig. 2). As demonstrated by Prakash and 
Markfort (2021), both the location of the collision on the blade as well as 
the position within the rotor plane affects the trajectory of carcasses and 
the distances thrown. For example, an object striking near the tip of a 
blade while it is sweeping through the bottom of the rotor-swept zone 
will fall differently than the same collision occurring while the blade is 
sweeping through the top of the rotor-swept zone. 

As has been noted previously (Huso and Dalthorp, 2014), search plot 
size poses a key limitation on understanding the true fall distribution of 
species. Increasing the radius of a given search plot has significant cost 
consequences on the monitoring effort, and extrapolating fatality rates Ta
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Fig. 4. Distribution of (a) hoary bat, (b) horned lark, and (c) red-tailed hawk 
carcasses detected relative to distance from turbine within the focal (dark grey) 
and priors (light grey) datasets. Fit carcass densities (black line) are shown 
along with the proportion of the area searched (grey line) per species. Hori
zontal lines adjacent to silhouettes indicate relative scale of images. 
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for the area outside of the plot is fraught with largely uninformed as
sumptions, particularly since there are few empirical studies of carcass 
fall distributions (e.g., Hallingstad et al., 2018; Prakash and Markfort, 
2021). Fatality estimates produced without appropriately accounting for 
species-specific fall distributions could lead to grossly mis-estimating 
actual mortality, and confound analyses into predictors of mortality. 
Thus, our findings underscore the importance of selecting the appro
priate plot size and overall PCM study design for taxa of interest and 
research objectives, as well as the need for increased understanding of 
wildlife fall distributions. 

4.3. Data biases and model implications 

Qualitative structural differences between the two databases from 
which we derived our datasets heavily influenced our analysis. Sys
tematic differences exist in sampling protocols between studies 
completed in Canada and studies completed in the U.S. (e.g., plot ge
ometry, study seasons), many of which are influenced by regulatory 
requirements for PCM study design (e.g., Ontario Government, 2021) 
and affected the prioritization and types of the data collected. Under 
existing available fatality estimators (e.g., Dalthorp et al., 2017; Dalth
orp et al., 2018) the considerable variation in sampling structure leads to 
either limiting analyses to complete datasets or backfilling data neces
sary for analysis. Our use of a Bayesian hierarchical model was necessary 
to facilitate information sharing among unevenly sampled and available 
data (Hobbs and Hooten, 2015). Furthermore, our use of a paired 
approach (i.e., mosaics) allowed us to isolate the effect of turbine size 
parameters within a given mosaic and compare relative differences in 
effects among mosaics. 

4.4. Remaining research needs 

Power rating is a crude proxy for actual power production and 
operational uptime, both of which likely influence wildlife fatality rates 
(Huso et al., 2021). Including actual power production data in future 
analyses of fatality rates and in wind fatality data repositories will better 
enable the wind energy industry to minimize wildlife impacts while 
maximizing energy production, such as through smart curtailment 
strategies. Whereas our research investigated the effect of absolute 
turbine size, we did not assess the effect of turbine density within our 
mosaics. Often, a reduction in installed turbine density is a byproduct of 
increased power generation with larger turbines, for both greenfield and 
repowers that involve full turbine replacements. The interaction be
tween turbine density and turbine size on wildlife impacts is one mer
iting further research. 
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