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ABSTRACT.—Quantitative models can be used to predict the occurrence of wildlife relative to certain envi-
ronmental conditions. Resolving the impacts of environmental contaminants on wildlife often involves 
complex data sets suitable for analysis with quantitative models; yet despite their potential, such models are 
not commonly used. In this paper, we use data collected from wintering Golden Eagles (Aquila chrysaetos) 
and GIS-based models to demonstrate the use of stochastic gradient boosting, a machine learning algo-
rithm, to examine factors most likely to influence the incidence of elevated blood lead levels. This fast, 
data-mining algorithm is capable of constructing predictive but sensitive and generalized models from 
complex contaminants datasets, and preliminary results suggest it accurately identified patterns that clari-
fied and extended results of analyses performed using traditional statistical techniques. The management 
implications of using these models are far-reaching in their potential for identifying members of a popula-
tion most at risk to contaminants, factors most likely to influence the incidence of lead contamination in a 
population, and potential sources of lead in the landscape. Received 1 July 2008, accepted 4 December 2008. 
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THE INVESTIGATION OF ENVIRONMENTAL CON-
TAMINANTS is challenging because the variables are 
many, complex, and difficult to interpret. The sheer 
complexity of such datasets can affect the ability of 
researchers to obtain accurate results using tradi-
tional statistical approaches and to find the best 

possible solutions for making sustainable decisions 
(Craig and Huettmann 2009). Such obstacles can 
result in under-utilization of available information 
because of the inability to identify meaningful bio-
logical patterns in data with multi-dimensional in-
put variables.  
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Recently, the incidence of lead in the environment 
as a result of lead bullet fragments in hunter killed 
game (Hunt et al. 2006), and its potential effect on 
the population viability of raptors and scavenger 
species such as the California Condor (Gymnogyps 
californianus), has received considerable attention 
(Church et al. 2006, Cade 2007, Johnson et al. 
2007, Craighead and Bedrosian 2008). The Golden 
Eagle (Aquila chrysaetos) is known to scavenge 
carrion, including the remains of gun-killed ani-
mals, and it is thought that elevated lead levels in 
the species are related to the ingestion of ammuni-
tion lead remaining in these animals (Craig et al. 
1990, Pattee et al. 1990, Wayland and Bollinger 
1999, Fisher et al. 2006). Reports from long-term 
studies of Golden Eagles in Idaho, Colorado, and 
California suggest declines in productivity (Leslie 
1992, Steenhoff et al. 1997, Kochert and Steenhoff 
2002, D. Bittner and J. Oakley in Kochert et al. 
2002). Declines in counts of migrant raptors in 
some parts of the western United States (Hoffman 
and Smith 2003) are coincidental with ongoing en-
vironmental changes resulting from wildfires, inva-
sive plants, oil and gas development, urban sprawl, 
and other factors (Leslie 1992, Kochert and Steen-
hoff 2002, Knick et al. 2003). Stress from sublethal 
lead contaminant loads has the potential to further 
affect survival and reproduction (Fisher et al. 2006, 
Craighead and Bedrosian 2008). However, the issue 
of environmental contaminants in wildlife popula-
tions and how they affect a species is complex. 
Sources of lead can vary spatially and temporally 
and at different scales, and may differentially im-
pact segments of the population; numerous factors 
could potentially influence the occurrence of ele-
vated lead in individuals and populations. 
 
Traditional statistical approaches to such problems 
usually require assumptions about the distribution 
of variables, independence of variables, and linear-
ity of the data, and typically restrict the number of 
predictor variables. Such methods are often labor 
intensive and thus, costly. They also require a pri-
ori knowledge and decisions about the data rele-
vance and applicability that might introduce bias in 
the resultant models. For these reasons, researchers 
are increasingly using powerful and flexible data 
mining techniques for exploratory analysis of com-
plex ecological questions (Hochachka et al. 2007). 
They are finding that such alternative approaches 

greatly outperform traditional modeling method-
ologies with non-linear and linear data (Olden and 
Jackson 2002, Prasad et al. 2006).  
 
We demonstrate the advantages of using a data 
mining algorithm known as stochastic gradient 
boosting (SGB) to identify meaningful patterns and 
relationships (Friedman 2001, 2002) in the investi-
gation of contaminants in wildlife. We use blood 
lead levels (BLL) from 323 wintering Golden Ea-
gles in Idaho, and satellite telemetry locations from 
six of those eagles (Craig and Craig 1998) in a GIS 
environment in a sample application of this method.  
 

METHODOLOGY AND DISCUSSION 
 

Machine learning is a rapidly advancing field of 
artificial intelligence whereby computer programs 
strategize in response to diverse data input. Sto-
chastic gradient boosting is a refinement of classifi-
cation and regression tree analysis (Breiman et al. 
1984). It is a hybrid “boosting and bagging” algo-
rithm that randomly selects subsets of the sample 
data (without replacement) and uses them to fit a 
series of very simple decision trees in sequence. 
Each successive tree is built from the prediction re-
siduals of the preceding tree(s) and the final model 
is a summation of the best partitioning of the data 
(Friedman 2002). Models are developed using the 
software known as TreeNet® (Salford Systems, 
Inc.). Model construction is fast, requires no a pri-
ori assumptions about the relationship between the 
response and predictor variables, does not limit the 
number of predictor variables, and is capable of un-
covering the underlying structure in data that are 
non-additive or hierarchical in nature (Prasad et al. 
2006). Resultant models are robust with a high de-
gree of predictive accuracy (Hochachka et al. 
2007). The user can define an unlimited number of 
predictor variables that might potentially influence 
the occurrence of the target variable (in the case of 
our example, blood lead levels in Golden Eagles). 
 
These features are highly applicable to the field of 
applied ecology (Olden et al. 2008) and critical for 
evaluating the validity of models. With the rapidly 
changing environment and numerous threats to bio-
logical diversity, such accurate predictive capability 
is increasingly important. With SGB, evaluation 
can be accomplished by: 1) applying the model to 
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an independent dataset; 2) withholding a randomly 
selected portion of the dataset and using it as “test-
ing” data (we used this method for our example 
dataset, withholding 20% of the data to be used for 
independent testing); or 3) in the case of very small 
datasets, through k-fold cross-validation (Kohavi 
1995). The software produces a confusion matrix of 
the percent of eagles (in the case of our example 
model) correctly predicted with the presence or ab-
sence of elevated BLL and a Receiver Operating 
Characteristic Curve (ROC) that describes the sen-
sitivity and specificity of the model (Collinson 
1998). To further aid in interpretation of the mod-
els, and the biological significance of the results, 
TreeNet® produces an index ranking the relative 
importance of the predictor variables. The top pre-
dictor variable is given a score of 100 and then all 
other predictors are ranked in descending order, 
based on their influence upon the target variable, in 
comparison with the top predictor. To further aid in 
the interpretation of the data, graphic displays of 
dependence plots for single variables and two way 
interactions among variables are produced (Fried-
man 2001, 2002). This information, combined with 
expert opinion about a species, can be a valuable 
tool in the development of models that have eco-
logical validity. 
 
We used six predictors to develop our models (age 
and sex of the eagle, year and month in which it 
was captured, location of capture, and time of day 
the bird was captured). We defined the number of 
nodes in each tree and the number of samples al-
lowed in each terminal node; we used six-node 
trees (the default) and 10 samples in each terminal 
node. The final number of trees for best model per-
formance was determined by the software, which 
indicated the point at which no further variation in 
the data was explained by the formation of addi-
tional trees. We used the binary logistic option for 
model development, with presence or absence of 
BLL above background (>0.20 ppm, Kramer and 
Redig 1997) as our binary response.  
 
Our models indicated that the contaminants dataset 
for the wintering Golden Eagles was not simply 
linear in nature and further clarified results of 
analyses performed using traditional statistical 
techniques (Craig and Craig 1998). Similar to other 
studies, our preliminary model indicated that fe-

males were more likely to have elevated BLL than 
males (Craighead and Bedrosian 2008, Pain et al. 
1993), and there existed a positive relationship be-
tween eagles exposed to lead and the month of De-
cember, when offal from hunter-killed game asso-
ciated with gun hunting seasons was most often 
available (Pattee et al. 1990, Church et al. 2006, 
Craighead and Bedrosian 2008). Our models also 
allowed us to examine the interactions among vari-
ables, particularly in regard to differences observed 
in BLL among years and valleys. This information, 
in conjunction with our geospatial analysis, allowed 
us to examine the distribution of lead contaminated 
eagles relative to the location of historical lead 
mines within the study area and identified an area 
for additional research. We will further investigate 
the incidence and sources of lead for this wintering 
population by examining stable lead isotopes signa-
tures among a sample of the wintering eagles.  

 
CONCLUSION 

 
Preliminary results suggest that SGB accurately and 
quickly produced a model that independently de-
tected patterns of lead contamination in wintering 
Golden Eagles corroborative with other studies us-
ing more traditional analytical methods and those of 
our previous research on this population. Based on 
our model, it is likely that lead contamination in 
hunter-killed game carcasses is the principal source 
of lead exposure to the wintering population of 
Golden Eagles in this study, but differences among 
years, study sites, and timing of capture raise addi-
tional questions that need to be clarified. For exam-
ple, we must examine the possible role of contami-
nation from local historical lead mining sites.  
 
The management implications of using predictive 
modeling to investigate the effects of contaminants 
in wildlife are potentially far-reaching. Our pre-
liminary results suggest that machine learning algo-
rithms, such as SGB, are particularly appropriate 
management tools for identifying patterns among 
data to generate hypotheses for further research. 
SGB also very quickly created structured predictive 
models as stand-alone products useful for identifi-
cation of factors influencing the incidence of ele-
vated lead levels in Golden Eagles, of possible 
sources of contamination, and of segments of the 
population most at risk. SGB is appropriate for 
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approaching any similar problem, and we believe 
that linking such computational software with wild-
life ecology and conservation management in an 
interdisciplinary framework is crucial for timely 
responses to critical ecological questions, and is 
relevant for species sustainability (Chernetsov and 
Huettmann 2005, Olden et al. 2008). 
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