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Abstract:

Four percent of 4,090 power poles examined in 1,600 km"?2 area of central Montana electrocuted > 1
golden eagle (Aquila chrysaetos) between 1996 and 2001. A total of 198 golden eagles were found
electrocuted by power pole. I developed predictive models to discriminate between offending power
poles (power poles known to electrocute > I golden eagle) and non-offending power poles. Thirty-five
candidate models describing mechanisms suspected to induce golden eagle power pole electrocutions
were developed prior to data analysis. Candidate models were compared using Akaike’s Information
Criterion (AICc). Models with variables describing power pole characteristics, habitat, and social
interactions among golden eagles were most strongly associated with electrocutions of golden eagles
on power poles. [ used 60% of data collected in central Montana to develop post hoc prediction models
with multiple logistic regression, classification and regression tree (CART), or hybrid (combining
multiple logistical regression and CART) model building techniques. Predictions for each model
building technique were validated using test data (remaining 40% of data collected in central Montana).
Hybrid models were most accurate (74%) in classifying offending and non-offending power poles,
followed by CART models (70.2%). I used CART with all data collected from central Montana to
develop a final predictive model. Final model predictions were validated using independent data
collected in 1,200 km2 area of northern Wyoming. Final predictive model classified offending and
non-offending power poles equally as well for independent data and model data (> 77.0%). 1
recommend CART and hybrid model building techniques for developing predictive models. I
recommend CART for identifying interactions early in exploratory analysis or in pilot studies to reduce
number of parameters analyzed when developing logistic regression models. I recommend utility
companies implement my final predictive model to identify power poles to be retrofitted.
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ABSTRACT

Four percent of 4,090 power poles examined in 1,600 km? area of central Montana
electrocuted > 1 golden eagle (Aquila chrysaetos) between 1996 and 2001. A total of 198
golden eagles were found electrocuted by power pole. I developed predictive models to
discriminate between offending power poles (power poles known to electrocute > 1
golden eagle) and non-offending power poles. Thirty-five candidate models describing
mechanisms suspected to induce golden eagle power pole electrocutions were developed
prior to data analysis. Candidate models were compared using Akaike’s Information
Criterion (AICc). Models with variables describing power pole characteristics, habitat,
and social interactions among golden eagles were most strongly associated with
electrocutions of golden eagles on power poles. I used 60% of data collected in central
Montana to develop post hoc prediction models with multiple logistic regression,
classification and regression tree (CART), or hybrid (combining multiple logistical
regression and CART) model building techniques. Predictions for each model building
technique were validated using test data (remaining 40% of data collected in central
Montana). Hybrid models were most accurate (74%) in classifying offending and non-
offending power poles, followed by CART models (70.2%). Iused CART with all data
collected from central Montana to develop a final predictive model. Flnal model
predictions were validated using independent data collected in 1,200 km? area of northern
Wyoming. Final predictive model classified offending and non-offending power poles
equally as well for independent data and model data (> 77.0%). Irecommend CART and
hybrid model building techniques for developing predictive models. I recommend CART
for identifying interactions éarly in exploratory analysis or in pilot studies to reduce
number of parameters analyzed when developing logistic regression models. I
recommend utility companies implement my final predictive model to 1dent1fy power
poles to be retrofitted.
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INTRODUCTION

Hundreds of raptors are killed each year by electrocution on power poles (Lehman
2001). Provisions of the Migratory Bird Treaty Act (16 U.S.C. 703-712) and Eagle
Protection Act (16 U.S.C. 668-668C) may result in severe penalties for many utility
companies. In the case of United States of America v. Moon Lake Electric Association
Inc. (MLEA), 45 F. Supp. 2d 1070 (D.D.C. 1999), the government fopnd MLEA
respon.sible for electrocuting 17 raptors and imposed a fine of $100,000 (Lehman 2001,
Melcher and Suazo 1999).

Utility companies have responded to the raptor electrocution problem by
retrofitting power poles that have electrocuted one or more raptbr (Lehman 2001).
Retrofitting consists of modifying power pole design to minimize raptor electrocution
potential or discourage raptor use of power poles (APLIC 1996). Guidelines are
available that make newly constructed pov.ver poles raptor safe (APLIC 1996).

In addition to retrofitting power poles that have electrocuted one or more raptor,
NorthWestern Energy (NWE; formerly Montana Power Company) was interested in
preventing raptor electrocutions. The company was concerned with an area in central.
Montana where power poles associated with oil fields were electrocuting golden eagles at
a high rate (Milodraéovich S., NWE, personal communication). Golden eagles are
raptors at greatest risk of electrocution (Olendorff 1972, Smith and Murphy 1972, Boeker
and Nickerson 1975, Benson 1981, O’Neil 1988, ﬂamess and Wilson 2001). NWE’s

goal is to retrofit not only offending power polés (power poles known to electrocute
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one or more golden eagle), but also those having a high likelihood of electrocuting
golden eagles in the future.

Mo'dels predicting offending power poles or describing differences between
offending and non-offending pdwer poles (no known electrocutions of golden eagles) are
not available. Criteria for designating power poles requiring retrofitting have been
presented by Hamerstrom et al. (1974), Huckabee (1980), and Lehman (2001). Number
of raptor electrocutibns was related to power pole configuration (Benson 1981, Harness
and Wilson 2001). Golden eagle electrocutions were found to be more prevalent in
uncultivated grasslands and locations of greater topographical relief (Benson 1981).
Distance to water, visibility, proximity to prey, availability of natural perches, and habitat
with high densities of jackrabbits (Lepus spp.) were variables identified with raptor
electrocutions, but not quantified (Baglien 1975, Boeker and Nickerson 1975, Nelson and
Nelson 1976, Nelson and Nelson 1977, Association of Bay Governments 1987, APLIC
1996). Previous studies lacked analyses concerning correlations among variables
iéientiﬁed or. measured to be associated with golden eagle electrocutions. Correlated
variables make it difficult to infer associations between variables measured and golden
eagle electrocutions. Analysis techniques for multivariate data, therefore, may help
quantify differences between offending and non-offending power i)oles and predict
golden eagle electrocutions.

APLIC (1996) described the cause of electrocutions as “skin-to-skin, foot-to-skin,
and beak-to-skin contacts with two conductors or a conductor and a ground (e.g., ground

wires, lightening arrestors, and grounded metal braces)”. We are left to speculate on




3
factors promoting golden eagle electrocutions, because APLIC (1996) does not specify -
. what promotes the cause of electrocutions. This study was designéd to develop
predictive models to assist utility companies in identifying power poles to retrofit and
gain a better understanding of what promotes golden eagle electrocutions. I collected
data for offending and non-offending power boles owned and operated by NWE in
central Montana (Roundup study area) and by Pacific Corp in central Wyoming (Worland
study aréa). Power poles fn Roundup and Worland study areas were associated with
active oil fields and responsible for electrocuting numerous golden eagles.

Objectives were to: (1) design an a priori strategy using multiple logistic
regression candidate models to determine which factors best describe what promotes
golden eagle eléctrocutions; (2) determine whether multiple logistic regression, CART, or
hybrid (combining multiple logistic regression and CART) model building techniques
best predict classification of offending and non-offending power poles in central
Montana; (3) quantify univariate associations among golden eagle electrocutions and
variables measured; and (4) determine if my final predictive model can be used to predict
offending and non-offending power poles in other areas.

1 offer ideas for future development of predictive models and future analysis of
multivariate data. I discuss strengths and weaknesses of my final predictive model. I
conclude with recommendations for utility companies and management for preventing

golden eagle electrocutions.
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STUDY AREA

The Roundup study area (RSA) was located in cen;:ral Montana, 96 km north of
Billings, Montana, in Musselshell and Rosebud counties (Fig. 1). The town of Roundup,
Montana was the southeast corner of the study area. The 1,600 km? study area included a .
combination of transmission and distribution power poles owned glnd operated by |
NorthWestern Energy. Power lines supplied electricity for oil wells, ranch homes, and
irrigation pumps. High density of oil wells in RSA affected habitat by .providing cover
for cotton-tailed rabbits (Sylvilagus audubonii) and white-tailed jackrabbits (Lepus
townsendii). RSA is arural setting wij:h low human activity contributing to the
attractiveness of this area for golden eagles.

Drought conditions were present throughout the 2000 and 2001 field seasons (The
Drought Monitor National Drought Mitigation Center 2002). Golden eagles along with
red-tailed hawks (Buteo jamaicensis), northern harriers (Circus cyaneus), ferruginous
hawks (Buteo regalis), Swainson’s hawks (Buteo swainsonii), bald eagles (Haliaeetus
leucocephalus), prairie falcons (Falco mexicanus), American kestrels (Falco sparverius),
great horned owls (Bubo virginanus), and burrowing owls (4thene cunicularia) were
observed in the study area. Potential prey for golden eagles were white-tailed
jackrabbits, cotton-tailed rabbits, black-tailed prairie dogs (Cynomys ludovicianus),
Richardson’s ground squirrels (Spermophilus richardsoni), yellow-bellied marmots
(Marmota flaviventris), badgers (Taxidea taxus), mule deer (Odocoileus hemionus),

pronghorn antelope (4ntilocapra americana), gopher snakes (Pituophis sayi sayi), prairie
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rattlesnakes (Crotalus viridis), sage grouse (Centrocercus urophasianus), and domestic
sheep (Ovis aries) (McGahan 1968, Olendorff 1976, Watson 1997). Topography was
mostly flat with rolling hills and rock outcrops. The landscape was a mosaic of native
grassland and shruB cover types with patches of ponderosa pine (Pinus ponderosa), black
cottonwood (Populus trichocarpa) and cultivated fields, primarily alfalfa (Medicago
sativa) and wheat (Triticum spp.). Shrub cover was dominated by big sagebrush
(Artemesia tridentata). Other shrubs present were greasewood (Sarcobatus vermz:culatus)
and silver sagebrush (Artemesia cana). Cultivated fields and deciduous forests were
associated with the Musselshell River drainage. The RSA was 90% privately owned with
interspersed public land, BLM and state owned. The non-cultivated areas were primarily-
used for grazing (sheep and cattle) or oil extraction. |

The Worland study area (WSA) was located 8 km east of Worland, Wyoming,
300 km south-of the RSA, and comprised 1,100 km? (F ig. 1). Vegetation cover was
similar to the RSA, with native grassland and big sagebrush dominating the landscape.
One major difference was the absence of ponderosa pine forest. Cultivated land was
minimal, and trees, principally, were restricted to drainages. Topography was more
diverse, with the southeast portion of the study area being mostly flat and the remaining
area dominated by a series of barren hills and narrow draws. WSA was a rural setting
with low human activity. The primary use of uncultivated land was livestock grazing and
oil extractioﬁ. WSA also had a greater density of oil wells and subsequently a greater
density of bower poles than RSA. Tobserved a less diverse group of raptors including

Swainson’s hawks, northern harriers and golden eagles. Cotton-tailed rabbits, white-
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METHODS

Power Pole Surveys

A census of power poles for the RSA was performed using pedestrian or all-
terrain-vehicle surveys in the summer of 2000. Surveys lpcated geographical positions of
offending power poles and identified all power poles observed to be non-offending. To
reduce detection bias, search time was greater for power poles located in dense
vegetation. I did not quantify differences in carcass detection between different habitats.
In addition to ground surveys, carcass locations were located using raptor mortality
feports filed by NWE linemen. NWE personnel began filling out mortality reports in
1996 (Appendix A). Personnel were instructed by NWE, when possible, to identify
species and cause of death. Power poles electrocuting more than one golden eagle were
entered into the database more than once for analysis. Cause of death included gun shot
wounds, electro‘cutions, or mid-spén collisions. Several (n = 28) reports failed to record

pole number and were not included in analysis.
Collisions
Each power pole in the RSA (n = 4,090) was examined for golden eagle carcasses

within a 12m-radius. The 12m-radius was used to differentiate between electrocution by

power pble and collision-induced mortality.' I defined three types of collision-induced
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mortalities: (1) direct trauma from collision with a single .line, (2) electrocution by
contacting two lines simultaneously while ascending or descending between two lines
without subsequént use of power poles, and (3) electrocution by pushing two lines ¢lose
enough together for a bird to simultaneously .touch two lines. In an attempt to reduce
misclassification between electrocution by power pole and collision-induced mortality, I
classified all carcasses found Mthjn 12 m of a power pole as power pole electrocutions.
The 12-m radius was based on conservative estir.nates where power lines could not be
pushed close enough together by a golden eagle to simultaneously touch two lines (D.
Bauer D., NWE, personal communication). Cause of death for carcasses found beyon‘d'
12 m were defined as collision induced mortalities. Collision induced mortalities were

not used in my analysis.

Data Collection-Variable Description

Dﬁta were collected in 2000 and 2001 for offending power poles diécovered
between 1996 and 2001. S‘-imilar data were collected for a random sample of non-
offending power poles in 2000 and 2001. In the event a golden eagle carcass was
discovered within 12 'm of a randomly sampled power pole, another power pole was
randomly selected. |

Golden eagle carcasses were aged and sexed when possible. I classified carcasses
into two age classgs, no'n-adults and adults, using plumage (Jollie 1947). I se};ed golden

eagle carcasses using culmen, halux, and head length (Harmata and Restani 1995).
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Visibility Variables

Greater height advantages could enhance a golden eagle’s potential for detecting
of prey (Benson 1981), and topographical features can function as boundaries between
two Breeding pairs (Brown and Watson 1964). TOPO variable included five pole
location.categories based on topographical relief: flat, bottom 1/3 of slope, middle 1/3 of
slobe, top 1/3 of slope, and hill/ridge top. Pole location category was ranked from 1-5,
lowest height advantage (1-flat, without adjacent vertical rise or slope) to greatest height
advantage (5-hill/ridge top). I suspected power poles placed on higher topogfaphical
relief might also be used by golden eagles fo communicate territorial boundaries.
However, higher topographical relief might be associated Wlﬂ’l hills and rock outcrops
visually obstructing possible communication of territorial boundaries. Two additiénal
variables, therefore, were measured describing possible visual advantages for pole
locations.

Power poles placed above adjacent poles might be more attractive to golden
eagles, offering superior views of surrounding areas. The PH variable measured
differences in hei;ghts between sample (offending or non-offending) poles and adjacent
poles (Fig. 4). Height differences between sampl"e poles and adjacent poles were

measured by ocular estimates using increments of 1.5 m.
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might result in attacks from resident eagles; Aggressive intéractions among golden
eagles during use of power poles might promote electrocutions. Electrocutions might
also occur when fledgling eagles and adult eagles interaét (grooming and feeding) while
perched on power poles. I suspect aggressive and non—aggressive interactions were more
probable near active nests.

i acquired prairie dog town locations in Musselshell County from Montana Fish,
Wildlife, gnd Parks data (Newell J., Montana Dept. of Fish, Wildlife, and Parks, personal
communication). I utilized ancillary GIS data layers to measure ROAD, DRAINAGE,
and WATER variables. Observations during aerial surveys indicated cotton-tailed rabbits
used man made structures for cover during daylight hours. In winter, white-tailed
jackrabbits used a similar strategy (Flath D., Montana Dept. of Fish, Wildlife, and Parks,
persona\l communication). .Field observations also indicated cotton-tailed rabbits used
drainages for foragihg and cover.

Ocular estimates up to 2 km were used to measure nearest distance to natural

perch (NP). I considered trees > 4.5 m tall or rock formations (outcrops or boulders) >

1.5 m tall as natural perches available to golden eagles.

Habitat Variables

Golden eagles selected sagebrush over grassland and cultivated fields in Colorado
and Idaho (Craig et al. 1986, Marzluff et al. 1997). Furthermore, a greater number of
eagle electrocutions occurred in fallow versus cultivated lands in six western states

(Benson 1981). If relationships exist between habitat preference and pbwer pole use, and
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between power pole use and electrocutions, habitat associations might be an important
predictor of golden eagle electrocutions.

I measured percent cover type at two spatial scales based on how golden eagles
have been shown to select available habitat (Wiens 1973, Johnson 1980, Aebischer et al.
1993, Manley et al.1993, Morrison et al. 1‘998). I defined the two spaﬁal scales as quality
habitat and forage points (Johnson 1980, Marzluff et al. 1997). Quality habitat scale .
represented the first decision golden eagles might make for selecting habitat and
subsequent power pole use. I defined quality habitat as habitat having a high likelihood
of containing lagomorphs and/or sage grouse. -Lagomorphs and sage grouse are
important prey items in golden eagle diets (McGahan ‘1 968, Boeker and Ray 1971,
Olendorff 1976, Steenhof and Kochert 1988). I represented quality habitat using four,
square kilometer quadrats surrounding each sample pole. Quadrat size was based on
existing biological information for average home range size of black-tailed jackrabbits -
(Smith 1990, Knick and Dyer 1997). I used average home range size for black-tailed
jackrabbits because literature lacks estimates of home range size for white-tailed
jackrabbits. The forage point scale represented the next decision golden eagles might
make for selecting habitat and subsequent power pole use. Once an eagle is attracted to
quality habitat, an eagle might choose a particular power pole based on ease of capturing
prey or probability of capturing prey. Marzluff et al. (1997) used 100-m radius cireles to
represent habitat around prey éaptures. Benson (1981) obseﬁed the majority of golden

eagle attempts at capturing prey were within 100 m of power poles being utilized. I
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represented the forage point scale using four, hectare quadrats surrounding each sample
pole.

I chose five cover types to investigate rglationships between habitat and golden
eagle electrocutions (Table 1). I used ocular estﬁnates to measure percent cover within
four, hectare quadrats or four, square kiquneter quadrats. I chose five percent canopy
cover to distinguish between sagebrush (SAGE) and grassland (GRASS) cover types

(Duabenmire 1959).

Data Analysis

Data for RSA Were divided randomly into two subsets. One data subset (model
data set; 60% of RSA data) was used for building a priori logistic regression models,
post-hoc logistic regression models, post-hoc classification and regression tree models
(CART), and vpost-hoc hybrid models (combining CART and logistic regression). The
rem-aining subset produced test data set (40% of RSA' data). Test data set was used to
compare validity of predictions between logistic regression, CART, and hybrid models
with observed data.

For logistic regression models, response variable was reiative probability () of a
power pole being an offendiné pole (coded 15, non-offending poles were coded 0.
Because sample sizes for offending poles and non-offending poles were nearly equal I
arbitrarily chose ©=0.50 as the value for classifying between offending poles and non-

offending poles. 7 < 0.50 was considered a non-offending power pole. For CART
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. models the response variable was categorical (offending pole or non-offending pole)
producing classification trees.

All RSA data were used to build the final predictive model. Results from testing
predictions with test data set determined the technique for building the final predictive
model. Inde]éendent data from WSA were used to test validity of predictions of the final
predictive model. Iused S-Plus for all CART analyses (Vernables and Ripley 1994,
Math Soft 1995)'and PROC LOGISTIC for all logistic regression analyées (SAS Institute

Inc. 1990).

A Priori Logistic Regressiorf Models

Prior to data analysis, I developed a list of mechanisms hypothesized to induce
golden eagle power pole electrocutions. I suspected habitat, hunting technique, social
interaction, and power pole configuration were the most dominant me'c'hanisms leading to
golden eagle power pole electrocutioﬁs. I developed a set of candidate models for each
mechanism (Table 3). Habitat models predicted a linkage between habitat, frequency of
pole use, and electrocutions. Power Pole Configuration models predicted number of
contact points, distance between contact points, and frequency of power pole use were
correlated with electrocutions. Hunting Technique models predicted a relationship exists
between proximity to potential pfey base and power pole electrocutions. Social
Interéction models predict_ed some variables were associated with eagles demonstrating
increased rates of aggressive or non-aggressive behaviors while perched from power

poles that could lead to electrocutions (Appendix B). Craig (1984) commonly observed
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best model was by calculating A AICc and AICe weights. I evaluated mechanisms
hypothesized to induce golden eagle electrocutions by comparing AICclscores of most
parsimonious mode] for each set of candidate models. After comparing best
approximating modei for each mechanism, I identified o‘verall best approximating '
candidate model for all five sets of candidate models based on lowest AICc score. I
tested validity of predictions for best approximating model from the combined list of

candidate models using test data.

Exploratory Logistic Regression Models

I used the best approximating a priori model from combined list of candidate
models as a template for building my post-hoc loéistic regression model. Use of a priori
models as templates for post-hoc model building limits exploratory analysis, thereby
strengthening my model-based inferences (Franklin et al.' 2000). Adjustments were made
to best approximating a priori model based on results from my a priori model building
strategy. I considered further changes to best a priori model based on examination of
model data set from RSA. I consiaered interactions, non-linear relationshi;;s,
correlations, differences between means, and univariate logistic regression (Hosmer and
Lemeshow 1989). Next, I employed unlimited expl‘orato‘ry techniques, backwafds,
forwards, and stepwise logistic regression, in building additional post-hoc lbgistic
regression models. Best approximating post-hoc logistic regression model was chosen
based on lowest AICc score. I used test data set to test validity of predictions for best

approximating post-hoc logistic regression model.
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Exploratory CART Models ’

De’ath and Fabricius (2000) and Lawrence and Wright (2001) recommended
CART for use in the field of ecology and remote sensing. Previous studies employed
CART to model nest site selection of ring necked pheasants (Phasianus colchicus; Clark
et al. 1999), revegetation (Lawrence and Ripple 2000), fire frequencies (McKenzie'et al.
2000), and watercraft disturbance to bald eagle nests (Grubb et al. 2002). Classification
tree-based models are formed through binary recursive partitioning to minimize
misclassification error rates (Brieman et al. 1984, Efron and Tibshirani 1991).. The data
set is essentially split into smaller data sets using prediction rules (splits) produced for the
response variable (in this study, offending poles and non-offending poles) according to
values or categories of predictor variables (Clark et al. 1999). The process is repeated to
increase homogeneity of observed response at end points (terminal nodes) of
classiﬁcatioﬁ trees (Clark and Pregibon 1992, McKenzie et al. 2000, Lawrence and
Ripple 2000). Preliminary output is an overfit classification tree-based model with an
extreme nuﬁber of prediction rules. To eliminate unnecessary prediction rules the overfit
classification tree must be pruned back to produce a more general tree.

I tested different pruning methods in constructing a more general tree. First, I
pruned the overfit classification tree through inspection of the misclassification versus
number nodes‘ plot. Next, I again evaluated the overfit classification tree énd removed
vaﬁébles used in prediction rules where I found no differences through univariate
analysis between offending poles and non-offending poles using an unadjusted

significance of < 0.25. The model data set from RSA was used for unvariate analysis and

QA
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subsequent variable removal. Next, I used ’ghree methodsAto prune the overfit
classiﬁcétion tree with removal of certain Variablés. 1 used cross-validation in S-Plus
(Venable‘s ana Ripley 1997) to determine tree size. Next, I interpreted the
misclassification against number of nodes plot in S-Plus to determine tree size
(McKenzie et al. 2000). My final method inspected the misclassification against number
of nodes plot followed by removal of spurious prediction rules based on.existing
biological information. To determine best pruning method, I compared validity of

pruning techniques and their respective classification tree-based models using the test

data set from RSA.

Hybrid Models (CART + Logistic Regression)

Hybrid models combine two analysis techniques, multiple logistic regression and
CART, for building predictive models (Steinberg and Cardell 1999). ‘I employed two
methods for building hybrid models. For each method I incorporated the classification
tree-based model most accurate in predicting the RSA test data set. First method treated
final terminal nodes from best classification tree as individual data sets. Next, multiple
logistic regression models were built for each individual data set (terminal node). Iused
lowest AICc score for selecting best approximating model for each individual data set
(terminal node).

The second method transformed terminal nodes from best classification tree into
dummy variables (Clark et al. 1999, Steinberg and Cardell 1999, Briand et al. 2001). 'T

transformed terminal nodes into dumniy variables using “IF” statements in Microsoft
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Excel. Dummy variables were added to original list of measured variables. A multiple
logistic regression model was constructed using exploratory backwards-logistic
regression with the complete list of dummy variables and m_easuréd variables. Iused test

data set to compare validify of predictions for both hybrid model-Building techniques.

Validation

I ﬁsed the RSA test data set to test and corhpare validity of predictions for two
hybrid models (two methods), three CART models (three different pruning techniques),
one a priori logistic regression model (lowest AICc score), and one post-hoc logistic
regression model (lowest AICc score).

After determining best model building technique for predicting RSA test data set,
the best model building technique was applied to all data from RSA producing a final
predictive model. I tested validity.of predictions for the final predictive model using .
independent data from WSA. Final predictive model, therefore, was tested on its ability

to predict new offending power poles in a different geographical location.

Univariate Analysis

All ciata from RSA were used for univariate analyses. For continuous normally
distributed variables, I compared offending poles and non-offending poles using 2-
sample t-tests. Iused Mann-Whitney U tests for continuous variables that could not be
norma;lized. I used univariate logistic regression of categorical variables to compare

estimated relative probabilities of being an offending power pole for each category.
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RESULTS

Between 1996 and 2001, 198 golden eagle carcasses were located and cause of
death attributed to power pole electrocution (Appendix C). Of the 132 carcasses aged,
116 (87.9%) were subadult and 16 (12.1%) were adults. Of the 85 carcasses sexed, 41
(48.2%) were females and 44 (51.8%) were males. Of 4,090 power poles existing in the
Roundup study area, 4.35% electrocuted at least one golden eagle and were treated as
offending poles. Of power poles electrocuting at least one golden eagle (n = 178), 11.2%
electrocuted >1 golden eagle. Data for one or more variables were absent for three
offending poles. Resultant sample size for offending power poles was 195. Non- ‘
offending power poles comprised 95.65% of power poles in the RSA. Sample size for
non-offending poles was 184. Model data set from RSA (60%) contained 117 offending
poles and 111 non-offending poles. Test data set from RSA (40%) contained 79
offending poles and 73 ndn—offending poles. Independent data set from WSA (n=45)

contained 26 offending poles and 19 non-offending poles.

A Priori Mechanism Models

In total, 35 a priori logistic regression models were developed to evaluate
suspected mechanisms contributing to golden eagl_é electrocutions (Table 4). Based on
minimum AICc scores, comparisons among the four a priori mechanisms hypothesized to

induce golden eagle electrocutions revealed the most significant mechanism was power
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pole conﬁgurétion, followed by habitat. Least significant mechanism was hunting

technique (Table 4). Minimum AICc indicated most parsimonious a priori model was a
multiple mechanism model, which was 7.5 times more likely than next best model based
on AICc weights. However, the 95% confidence intervals for all estimated parameters

overlapped zero (Table 5).
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.the quadratic term for PH variable also improved fit. Adjustments to best a priori model
resulted in a reduction of 26.824 AICc units, indicating a better fit. All coefficients in
this model were more precise, no 95% confidence interval overlapped zero (Table 7).
The post-hoc model where I adjusted most parsimonious a priori model was the better
approximating model among other exploratory models built by backwards, forwards and

stepwise exploratory logistic regression.

Table 6. Categories of reconfigured POLE! variable used in building pbst—hoc logistic
regression models predicting relative probability of power poles being offending® in
Roundup, Montana study area. '

Category Definition

LETHAL All transmission poles (TRANS) and all distribution poles with jumper wires at
or above the height of cross-arms or poles without cross-arms, pole tops (JW).

3PHASE Distribution poles absent of jumper wires, minimum of one cross-arm having
three3 phases present.

NONLETHAL - Distribution poles absent of cross-arms and jumper wires (NOXARM) and

distribution poles absent of jumper wires, minimum of one cross-arm having
two phases present.

lsee Table 2 for variable description.
2Poles that have electrocuted at least one golden eagle.

Relationship between PDOG and response variable was posi;[ive, opposite to what
I hypothesized a priori (Table 2). Therefore, a second post-hoc model was constructed
removing the PDOG variable. Test data set was used to coﬁlpare predictions of most
parsimonious post-hoc logistic regression models and a prio(ri logistic regression model to
determine how well they distinguished between offending and non-offending poles. Test

data set confirmed the model with lowest AICc score (including PDOG variable) was the

best predictor of 3 logistic regression models (Table 8).
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misclassification versus number of nodes plot (12 terminal node tree) and subjective
adjustments to the 12 terminal node tree based on literature regarding golden eagle
ecology. Adjustments to the classification tree included pruning the 12 terminal node
classification tree to 10 terminal nodes and changing results of the prediction rule for
PERCH variable (Fig. 6). Because PERCH prediction rule classified power poles as non-
offending poles for both directions of the split, I suspected class membership for PERCH
prediction rule was incorrect Therefore, I changed class membership of PERCH
prediction rule by classifying power poles > 1550 m from a natural perch as offending.
Power poles < 1550 m from a natural perch remained classified as non-offending poles.
Testing validity of all (6) classification trees using test data set indicated 10 terminal node
classification tree (Fig. 6) was best predictor of test data. The 10 terminal node
classification tree utilized 4 of 5 variables retained in the best post-hoc logistic regression

model.
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Exploratory Hybrid Models

The best hybrid model for predicting the test data was one where I treated final
terminal nodes from the best classification tree (Fig. 6) as individual data sets and applied
logistic regression. Logistic fegression models lowered AICc scores for two of 10
terminal nodes.

Terminal Node 3 (Fig. 6) {logit(p) = 5.9363+DRAIN*-0.0103}
Terminal Node 7 (Fig. 6) {logit(p) = -4.3256+L0OS*0.00075}
Overall accuracy for predicting test data was 6% greater than the second hybrid model
where terminal nodes from the best classification tree (Fig. 6) were transformed into
dummy variables and added into the original list of predictor variables for logistic |
regression (Table 9). Constructing both hybrid models using the two terminal node
- classification tree (Appendix D) also confirmed the best hybrid model was one where I

treated terminal nodes as individual data sets and applied logistic regression (Table 9).

Final Comparisons of Model Building Techniques

The best model building technique for predicting power poles using test data was
the hybrid method of applying logistic regression to terminal nodes of the best
cléssiﬂcation tree (Table 9). In total 83.3% of offending poles and 64.4% of non-
offendiﬁg power poles were correctly classified. The next best model (10 terminal node
classification tree-based model; Table 9, Fig. 6) classified 80% of offending and 59% of

non-offending poles correctly.




































































































































































































