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Abstract.—Estimating species likelihood of occur-
rence across extensive landscapes is a powerful man-
agement tool. Unfortunately, available occurrence
data for landscape-scale modeling is often lacking
and usually only in the form of observed presences.
Ecologically based pseudo-absence points were gen-
erated from within habitat envelopes to accompany
presence-only data in habitat classification models
(HCM) for the northern goshawk (Accipiter gentilis
atricapillus). We built models at two resolutions,
using predictor variables derived from 250-m Forest
Inventory and Analysis map products, 30-m U.S. De-
partment of Agriculture Landfire map products, and
digital elevation models. Cross-validation provided
an assessment of models’ predictive capabilities.

Use of ecologically based pseudo-absence points to
accompany extant presence points in HCM can be a

powerful asset for species conservation.

Introduction

Species habitat classification models (HCMs) and their
associated habitat suitability maps are valuable assets to
species monitoring, conservation, and land-use planning,
particularly across broad landscapes where intensive surveying
and monitoring is difficult. Species metapopulations are

often spread across broad landscapes, justifying management

across spatial extents which approximate their population
ranges. Recent advances in statistical modeling, Geographic
Information System (GIS), and remote sensing have enabled
researchers to more accurately model species-habitat
relationships in a spatial context (Levin ef al. 1997, McNoleg
1996, Scott et al. 2002). In addition, the creation of broad-scale
continuous map products that portray land-cover variables

have become valuable resources for species habitat modeling,
particularly across large spatial extents.

The U.S. Department of Agriculture (USDA) Forest Service
Forest Inventory and Analysis (FIA) program recently cre-

ated map products of forest attributes across the central Utah
highlands at 250-m resolution (table 1) (Blackard et al. 2004).
Similar map products of forest attributes have been created by
the USDA Landfire program as well, although at a finer resolu-
tion of 30-m (table 2) (Keane et al. 2002, Landfire 2005). When
spatially intersected with species occurrence data (i.e., spatially
explicit presence/absence points), spatial map products produce
predictor variables useful in species HCMs. The statistical mod-
el underlying HCMs can then distinguish (i.e., classify) suitable
habitat from nonsuitable habitat. Generalized linear models
(GLMs), generalized additive models, and classification trees
(Breiman et al. 1984) are among the most frequently used tech-
niques. GLMs are a popular choice because they have proven

to be robust and stable (Brotons ef al. 2004; Engler et al. 2004;
Guisan et al. 1999, 2002; Manel et al. 1999; Pearce and Ferrier
2000; Thuiller et al. 2003).

Landscape-scale studies often lack absence data due to the

amount of resources needed to collect absence data points
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across an extensive study area. In addition, occurrence data-
bases containing recent and historical data (e.g., from censuses,
field studies, museum and herbaria records) usually contain
only presences. This lack of absence data precludes the use of
many statistical techniques in HCMs. Two basic methods exist
for handling the problem of presence-biased datasets: (1) using
profile-type models, which incorporate the presence-only bias
into the model and control its effects on the resulting predic-
tions (e.g., Hirzel et al. 2002, Stockwell and Peterson 2002b,
Zaniewski et al. 2002), and (2) generating pseudo-absence
points to be used in place of unknown absence data (e.g.,
Engler et al. 2004, Guisan and Thuiller 2005, Stockwell and
Peterson 2002b, Zaniewski et al. 2002).

Profile-type models contrast attributes of presence-only data
with background levels of environmental variables across the
study area. Factor analysis (Hirzel et al. 2002), fuzzy set theory
(Busby 1991, Chicoine et al. 1985, Robertson et al. 2004),
artificial intelligence methods (Stockwell and Noble 1991),

and statistical mechanics (Phillips ez al. 2006) are modeling
techniques used in profile-type models. Unfortunately, several
drawbacks exist for profile-type models, including overpredic-
tion (e.g., Ecological Niche Factor Analysis [ENFA]—Brotons
et al. 2004, Engler ef al. 2004), and assumptions that all predic-
tor variables are equally important in determining species’ dis-
tribution (e.g., Fuzzy Envelope Model—Robertson ef al. 2004),
that the presence data is unbiased (e.g., ENFA—Hirzel et al.
2002), that the presence-only data originates only from source
habitat (e.g., Maxent—Phillips ef al. 2006), and difficulty

in interpretation and statistical assessment. An alternative to
profile-type models is to generate so-called pseudo-absences to
pair with known presences (Ferrier and Watson 1997, Stockwell
and Peters 1999, Stockwell and Peterson 2002b, Zaniewski et
al. 2002). Traditional techniques of generating pseudo-absence
points involve randomly selecting pseudo-absences from
broadly defined species ranges, such as an entire study, and
excluding locations where presence points exist. To constrain
pseudo-absence point selection, Stockwell and Peters (1999)
suggested creating a pseudo-survey region that confines the

extent from which the pseudo-absence points can be generated.

This study improves on existing pseudo-absence point genera-
tion techniques by incorporating biological knowledge con-
cerning the species-habitat relationship to constrain the region
from which pseudo-absence points are selected. The northern
goshawk (Accipiter gentilis atricapillus), considered a manage-
ment indicator species in many national forests of the Inter-
mountain West, was chosen as a study species because of its
well-documented habitat associations (Brotons et al. 2004), and
sufficient recent and extant presence points in Utah, but lack of
absence points. The objectives of this study were (1) to develop
methods to incorporate species’ ecology into the generation of
pseudo-absence points, (2) to apply these methods to produce
HCMs and output likelihood of occurrence maps for northern
goshawk nest sites and nest areas across Utah’s central high-
lands, and (3) to test the utility of FIA and Landfire vegetation

map products for wildlife habitat applications.

To incorporate biological knowledge, and constrain the region
from which pseudo-absence points are randomly selected, spa-
tial habitat envelopes based on known goshawk habitat associa-
tions were created. We define a habitat envelope as an ecologi-
cal representation of a species, or species feature’s (e.g., nest),
observed distribution (i.e., realized niche) based on a single
attribute, or the spatial intersection of multiple attributes. No
existing computer programs (e.g., GARP) were employed to as-
sure complete control over the generation of habitat envelopes
and the selection of ecologically based pseudo-absence points.
Known ecological associations of northern goshawk nest
location to habitat variables were translated into increasingly
complex habitat envelopes. Pseudo-absence points were then
paired with extant presence points and used in logistic regres-
sion to model the likelihood of occurrence of northern goshawk
nest site (at 30-m resolution) and nest area (at 250-m resolu-
tion) as a function of habitat predictor variables. Models were
evaluated with accuracy metrics via 10-fold cross-validation.
Top models were translated into likelihood of occurrence maps
across the study area, creating habitat suitability maps for each
resolution. These envelope-based models were then compared
to traditional models based on current practices for generating
pseudo-absences, which involve selection of absences from

broadly defined species ranges.
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Methods

Study Region

The study occurred in forested regions of Zone 16, comprising
the Wasatch and Uinta mountain ranges in Utah, southeast
Idaho, and southern Wyoming (fig. 1). The zone is approxi-
mately 55 percent forested. Elevation ranges from 386 m to
3,978 m (1,266 to 13,051 ft). Zone 16 was selected because
FIA and Landfire map products are complete for this region,
thereby providing a large set of digital predictor layers for
modeling purposes.

Figure 1.—Zone 16 study region.
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The northern goshawk is the largest accipiter in North
America, is an apex predator, and is holarctic in distribution
(Squires and Reynolds 1997). Homerange is approximately

2,400 ha, and consists of three components: nest area (~12 ha),

post-fledging area (~170 ha), and the foraging area (~2,200 ha)
(Reynolds et al. 1992). Multiple nest areas exist within a home
range (Reynolds et al. 1994), and multiple (satellite) nests occur
within each nest area (Reynolds ef al. 2005, Squires and Reyn-
olds 1997). In general, large trees (> 40.6 cm diameter at breast
height) (Beier and Drennan 1997) arranged in a clump (Graham
et al. 1999) with dense canopy cover (Beier and Drennan 1997,
Bright-Smith and Mannan 1994, Graham et al. 1999, Reynolds
et al. 1992, Stephens 2001) are preferred for nesting.

For modeling purposes, nest site is defined as the habitat
immediately surrounding the nest (nest tree to 0.10 ha area
surrounding the nest tree) (Reynolds et al. 1982, Squires and
Reynolds 1997). Nest area is defined as habitat around the

nest, 10 to 12 ha area in size that includes the nest tree, adult
roosts, and prey plucking sites (Newton 1979, Reynolds et

al. 1992). Nest site habitat characteristics were derived from

the spatial intersection of 30-m resolution (0.09-ha) predictor
variables with nest presence points (for suitable nest sites) and
nest pseudo-absence points (for unsuitable nest sites) in a GIS
(Zarnetske 2006). Nest area habitat characteristics were derived
from the spatial intersection of 250-m resolution (6.25-ha)
predictor variables with nest presence points (for suitable nest
areas) and nest pseudo-absence points (for unsuitable nest
areas) in a GIS (Zarnetske 2006). Hereafter, 30-m resolution
(representing nest sites) and 250-m resolution (representing nest
areas) models using habitat envelopes are referred to as “30-m
habitat envelope models” and “250-m habitat envelope models,”
respectively. Models using traditional techniques of generating
pseudo-absence points are referred to as “30-m traditional

models” and “250-m traditional models.”

Predictor Variables

The FIA plot-based inventories of forested land across Zone 16
were combined with 250-m MODIS imagery using regression
tree modeling techniques to produce a suite of vegetation map
products (Blackard et al. 2004) (tables 1 and 2). Landfire 30-m
resolution map products for Zone 16 were created with plot
inventories (including FIA plot data), biophysical gradients,
and 30-m Landsat Thematic Mapper imagery using regres-
sion tree modeling as well (Keane et al. 2002, Landfire 2005)
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Table 1.—Descriptions of continuous spatial map products
from Landfire and FIA.

Variable Abbreviation Description
Landfire map product
Canopy bulk density CBD kg/m
Canopy base height CBH m to live canopy
Forest canopy cover FCC % canopy cover
Forest height FHT m
Herbaceous canopy cover ~ HCC % canopy cover
Herbaceous height HHT m
Shrub canopy cover SCC % canopy cover
Shrub height SHT m
Elevation ELEV m
Slope SLP % rise
Transformed aspect TASP 0-1
FIA
Stand age AGE age (yrs)
Basal area BA m%ha
Forest biomass BIO tons/ha
Crown cover CC % crown cover
Forest growth GRW m3ha
Quadratic mean diameter QMD cm
Stand density index SDI ha
Trees per hectare TPH trees > 2.54 cm
DBH per ha
Forest volume VOL md/ha
Weighted height WHT m (weighted by
larger trees)
Elevation ELEV m
Slope SLP % rise
Transformed aspect TASP 0-1

(tables 1, 2). Zone 16 Landfire map products included forested
and nonforested areas; for modeling and comparison with FIA
map products, nonforested regions in Landfire map products
were excluded. Elevation (m), slope (%), and aspect (degrees)
derived from 30-m and 250-m digital elevation models (DEMs)
originating from the U. S. National Elevation Dataset. Aspect was
rescaled to a scale from 0 to 1, where high values were assigned

to north-northeast facing slopes (Roberts and Cooper 1989):
TASP = [1-cos(aspect-30)] / 2.
FIA map products and the 250-m DEM were restricted to use

in the 250-m models while Landfire map products and the 30-m
DEM were restricted to use in the 30-m models.

Table 2.—Descriptions of categorical spatial map products
from Landfire and FIA. All units were converted to the metric
system for consistency.

Variable Abbreviation

Landfire map product

Cover type (dominant cover type) cov
ponderosa pine PP
lodgepole pine LPP
high elevation pine? HEP
Douglas fir DF
white fir WF
spruce/fir SF
pinyon-juniper PJ
juniper J
riparian and other hardwoods RH
aspen/birch AB

Structure (height, forest canopy cover) STR
forest, height <= 10m, canopy <= 40% STR1
forest, height <= 10m, canopy > 40% STR2
forest, height > 10m, canopy <= 40% STR3
forest, height > 10m, canopy > 40% STR4

FIA map product

Forest type (dominant forest type) FT
rocky mountain juniper® PJ
juniper woodland® PJ
pinyon-juniper woodland PJ
Douglas fir DF
ponderosa pine PP
white fir WF
Engelmann spruce ES
Engelmann spruce/subalpine fir ES/SAF
subalpine firc ES/SAF
blue spruce? DF
lodgepole pine LPP
foxtail pine/bristlecone pine® ES/SAF
limber pine® ES/SAF
aspen QA
deciduous oak woodland DO
cerocarpus woodland CW
intermountain maple woodland® DO
misc. western hardwood woodlands® DO

@ Reassigned to lodgepole pine.

b Reassigned to pinyon-juniper woodland.

¢ Reassigned to Engelmann spruce/subalpine fir.
9 Reassigned to Douglas fir.

¢ Reassigned to deciduous oak woodland.

Northern Goshawk Nest Presence Points

Recent (1993-2005) northern goshawk nest point locations
were obtained from the Ashley, Dixie, Fishlake, Manti-La Sal,
Uinta, and Wasatch-Cache National Forests, and the Utah Divi-
sion of Wildlife Natural Heritage database (n = 564). Only the
most recently active nest per northern goshawk territory was
selected to reduce spatial autocorrelation (n = 285, 1994-2005)
(Reynolds 1983, Speiser and Bosakowski 1991, Woodbridge
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and Detrich 1994). Four nest locations were associated with
Landfire nonforested pixels and six nest locations were as-
sociated with FIA nonforested pixels. These locations were
eliminated, reducing the total number of nests to 281 for the
30-m models and 279 for the 250-m models.

Ecologically Based Pseudo-Absence Points

Pseudo-absence points for both the 30-m and 250-m habitat
envelope models were randomly selected from within ecologi-
cally based habitat envelopes. Habitat envelopes represent the
spatial extent of a species’ gross habitat needs, contain a large
percentage of extant presence points, and are derived from
single or the intersection of multiple spatial variables. Viable
northern goshawk habitat envelopes contained at least 90
percent of extant presence points (= 508 of 564). Habitat enve-
lopes were created in a GIS based on existing habitat associa-
tions reported from 30 northern goshawk studies in the Western
United States (Zarnetske 2006).

These northern goshawk studies provided 30-m resolution
nest site and 250-m resolution nest area habitat characteristics
during the breeding season. Geometric means (geomeans) of
published minima and maxima values of habitat characteristics
(i.e., percent canopy closure, tree height) across studies were

used to set the lower and upper limits of the habitat envelopes.

If minima and maxima habitat characteristics were not reported,
the 95 percent confidence interval habitat characteristic values,
or values of + 1 standard deviation (SD) were used instead. If

unavailable, standard deviation was calculated as SD = SE x \(N).

Single variable habitat envelopes were created by extracting
the grid cells for a particular habitat variable that fell within
geomeans of published minima and maxima. The spatial
intersection of two or more envelopes produced multivariable
habitat envelopes. Habitat envelopes at each model resolution
containing less than 90 percent of all presence points (n < 507)
were discarded. Up to three habitat envelopes from each type
(1, 2, and 3 variable) which contained the highest percentages
of presence points, were chosen for pseudo-absence point

generation (tables 3 and 4).

Before selection of pseudo-absence points from habitat
envelopes, northern goshawk nest areas and post-fledging areas
(a total of 182 ha centered on each nest) for all 564 nests were
removed from the habitat envelopes so that pseudo-absence
points would not be selected from areas where known nests and
defended territories occur (Reynolds et al. 1992).

Unbalanced ratios of presence to absence points can affect the

accuracy of classification models (Manel et al. 2001, Stockwell

Table 3.—Northern goshawk 30-m nest site habitat envelopes from Landfire map products. “N” refers to the spatial intersection of
multiple single-variable habitat envelopes. All units converted to the metric system for consistency.

Envelopes Values % of all nest points % cover of zone
P contained (n = 564) 16 forested area
CONASP All conifers and aspen? 97.7 95.0
ELEV 1,828-3,048 m 96.0 88.0
FHT 8.97-25.6 m 96.9 79.3
CONASP N FHT All conifers and aspen? 94.9 60.1
FHT: 8.97-25.6 m
CONASP N ELEV All conifers and aspen? 93.7 84.6
ELEV: 1,828-3,048 m
ELEV N FHT ELEV: 1,828-3,048 m 92.8 65.2
FHT: 8.97-25.6 m
CONASP N ELEV N FHT All conifers and aspen? 90.9 53.1
ELEV: 1,828-3,048 m
FHT: 8.97-25.6 m

2 All conifers and aspen, including ponderosa pine, lodgepole pine, high elevation pine, Douglas fir, white fir, spruce/fir, pinyon/juniper, juniper, aspen/

birch.
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Table 4. —Northern goshawk 250-m nest area habitat envelopes from FIA map products. “N\” refers to the spatial intersection of

multiple single-variable habitat envelopes.

Envelopes Values % of all nest points % cover of zone
P contained (n = 564) 16 forested area
QMD 11.5-77 cm 100.0 99.6
WHT 5-21m 99.8 81.3
SDI 337-2,021 (in ha) 97.9 90.3
QMD N WHT QMD: 11.5-77 cm 99.8 80.9
WHT: 5-21 m
QMD M SDI QMD: 11.5-77 cm 97.9 89.8
SDI: 337-2,021 (in ha)
SDI N WHT SDI: 337-2,021 (in ha) 97.7 749
WHT: 5-21 m
QMD M SDI N WHT QMD: 11.5-77 cm 97.7 74.6
SDI: 337-2,021 (in ha)
WHT: 5-21 m
ELEV N QMD N WHT ELEV: 1,828-3,048 m 95.9 724
QMD: 11.5-77 cm
QMD M CONASP N WHT QMD: 11.5-77 cm 95.9 68.5
All conifers and aspen?
WHT: 5-21 m

2 All conifers and aspen including pinyon-juniper, Douglas fir, ponderosa pine, white fir, Engelmann spruce, sub-alpine fir, lodgepole pine, and aspen.

and Peterson 2002a); consequently, the proportion of pres-

ence to absence points was balanced to ensure that predicted
distributions are as accurate as possible. One hundred sets

of pseudo-absence points were randomly selected from each
habitat envelope (n = 281 for 30-m habitat envelopes; n =279
for 250-m habitat envelopes). A one-sample ¢-test compared the
distribution of 100 samples against the habitat envelope popula-

tion to test for biased samples (P > 0.05, one-sample ¢-test).

Traditional Pseudo-Absence Points

A set of traditional pseudo-absence points was also generated
for each of the 30-m and 250-m traditional models. Instead

of generating habitat envelopes, pseudo-absence points were
randomly selected from the entire study region (in this case, all
forested area within Zone 16). Existing northern goshawk nest
areas and post-fledging areas were removed from the study area
so that pseudo-absence points would not be assigned within

existing territories.

Habitat Envelope Model Creation

One set of pseudo-absence points was randomly selected

for each habitat envelope (Zarnetske 2006), paired with the
presence points, and modeled as the response using logistic
regression in R (R Project 2006). Variables used to create a
habitat envelope were not included in the logistic regression
models (i.e., QMD was not included as a predictor variable

if the pseudo-absence points were generated from the QMD
habitat envelope). Some cover types in models at 30-m
resolution and some forest types in models at 250-m resolution
were so low in occurrences of presences or pseudo-absences
that logistic regression could not converge. Consequently,
“high elevation pine” was reassigned as “lodgepole pine”
within the Landfire cover type. Within FIA forest type, “rocky
mountain juniper” and “juniper woodland” were reassigned

EENT3

“pinyon-juniper woodland,” “sub-alpine fir,” “limber pine,”
and “bristlecone pine” were reassigned “Engelmann spruce/
sub-alpine fir,” “blue spruce” was reassigned “Douglas fir,”
and “intermountain maple woodland” and “misc. western
hardwoods” were reassigned “deciduous oak woodland.”

Decisions to reassign types were based on associated forest
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cover following Burns and Honkala (1990). In this manner,
the presence/pseudo-absence data sets remained balanced and

logistic regression was able to converge.

Ten-fold cross-validation was performed to assess model
predictive capability, and associated model metrics were
calculated (i.e., sensitivity, specificity, kappa, percent correctly
classified [PCC], and receiver operating characteristic plot’s
area under the curve [AUC]). Models produced from the

same set of absence points and habitat envelope were ranked
according to Akaike’s information criterion (AIC) (Akaike
1973), cross-validation error rate, and adjusted deviance (D?, dj)
to form a list of top candidate models (4 for each traditional
model resolution, 18 for 30-m models, and 33 for 250-m
models) (Zarnetske 2006). Because these pooled top models
were not nested models containing the same variables, AIC
was not an appropriate measure of performance for comparison
among models. To determine the top model of each resolution,

models were selected first by low cross-validation error rate (all

models < 1 percent from the lowest cross-validation error rate),
and then by the highest D?, " IfD?, 4 Was equal for two or more
top models, the more parsimonious model was chosen as the
top model (tables 5 and 6).

Traditional Model Creation

Traditional models were created following the same methodol-
ogy as described above for the habitat envelope with exceptions
noted here. One set of pseudo-absence points was randomly se-
lected for each resolution, paired with the presence points, and
modeled as the response with predictor variables using logistic
regression in R (Zarnetske 2006). All traditional models per
resolution were ranked according to AIC. Top candidate models
were each assessed for fit (D?, dj) and predictive capability (sen-
sitivity, specificity, kappa, PCC, AUC) on the training data, and
internally validated by 10-fold cross validation. Models were
ranked and the top model per resolution was chosen following
the methodology above (tables 5 and 6).

Table 5.—Top habitat envelope and traditional models from the list of competing top models. Only significant cover types and forest

types are shown. Direction of variable influence is indicated by “+” or

“

preceding the variable. AIC and AAIC are reported but

these models cannot be compared with AIC because they contain different sets of pseudo-absence points.

Model name Model AIC AAIC
30-m resolution

TRAD30-4 +CBH*** -HCC* +FHT*** -SLP*** 583.40 4.68

CONASP N ELEV3 +CBH** +FHT*** -SLP*** 546.95 2.96
250-m resolution

TRAD250-3 + FT(-PJ*** +DF* +PP** +WF*** +LPP*) +GRW —-SLP*** 584.10 3.28

QMD3 +FT(-PJ** +DF* +PP** +WF***) +GRW*** -SLP*** 542.53 3.80

AIC = Akaike information criterion.
*P<0.05 *P<0.01;, ™ P< 0.001

Forest type codes: PJ = pinyon/juniper, DF = Douglas fir, PP = ponderosa pine, WF = white fir, LPP = lodgepole pine.

Table 6.—Top models’ fit and predictive capability statistics. () = standard error. Error rate represents 10-fold cross-validation

error rate.
Model name D2, Sensitivity Specificity Kappa PCC Error rate AUC
30-m resolution
TRAD30-4 0.74 0.81 0.74 0.56 0.78 23.39 0.82 (0.02)
CONASP N ELEV3 0.69 0.84 0.77 0.62 0.81 19.46 0.85 (0.02)
250-m resolution
TRAD250-3 0.72 0.78 0.70 0.48 0.74 27.03 0.82 (0.02)
QMD3 0.67 0.83 0.76 0.59 0.79 22.68 0.84 (0.02)

AUC = area under the curve; PCC = percent correctly classified.
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Habitat Suitability Maps

Top habitat envelope 30-m and 250-m models’ coefficients
were translated into likelihood of occurrence GIS maps across
forested regions of Zone 16 using StatMod extension (Garrard
2002) in ArcView 3.2 (ESRI 2005) (figs. 2 and 3). Maps

depict likelihood of occurrence of nest site (30-m) or nest area
(250-m) ranging from 0 to 1, where 0 to 0.25 is very unsuitable
habitat (light grey), 0.25 to 0.50 is unsuitable habitat (grey),
0.50 to 0.75 is suitable habitat (dark grey), and 0.75 to 1.0 is
highly suitable habitat (black).

Results

Top habitat envelope models always outperformed top traditional
models in terms of model fit and predictive capability (table 6).

Slope was always significantly negative in all top candidate

models (table 5). Top traditional and habitat envelope 30-m
models all contained forest height variables (i.e., CBH and
FHT) that were significantly positive. Top traditional and habi-
tat envelope 250-m models all contained FT either within the
habitat envelope or as a predictor variable. At both resolutions,
four-variable habitat envelope models always had the lowest
AIC scores, but similar three-variable models were usually
within AAIC < 2, suggesting that addition of a fourth predictor
variable did not improve models significantly (Zarnetske 2006).

The top 30-m traditional model (TRAD30-4) had four param-
eters and included a negative association with HCC, a signifi-
cantly negative association with SLP, and a significantly posi-
tive association with both CBH and FHT (table 5). The top 250-
m traditional model (TRAD250-3) was the most parsimonious
of top competing models with low cross-validation error rates.
This model had 12 parameters, including a positive association

Figure 2.—Likelihood of goshawk nest site occurrence across
Zone 16 based on top 30-m habitat envelope model.

Figure 3.—Likelihood of goshawk nest area occurrence across
Zone 16 based on top 250-m habitat envelope model.
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with forest types appropriate for northern goshawk nest areas
(i.e., ponderosa pine, white fir, lodgepole pine), a negative as-
sociation with low suitability forest types (pinyon/juniper), a
significantly positive association with GRW, and a significantly

negative association with SLP (Zarnetske 2006).

The CONASP n ELEV habitat envelope produced the pseudo-
absence points used in the top 30-m habitat envelope model.
These pseudo-absences were less variable than those used in
the top 30-m traditional model for most variables. CONASP

N ELEV3 was the most parsimonious of competing models
with only three parameters (CBH, FHT, SLP). QMD3 was the
top 250-m habitat envelope, and pseudo-absence points in this
model were also less variable than those used in TRAD250-3
for most variables (Zarnetske 2006).

Discussion

The ecology of the species-habitat relationship was
successfully incorporated into the generation of ecologically
based pseudo-absence points by creating habitat envelopes.
This method can be a powerful asset for extracting information
from extant species occurrence databases, which are often
underutilized because traditional modeling techniques require
both presence and absence points. Rare, threatened, and
sensitive species such as the northern goshawk can benefit
from the production of landscape-scale habitat suitability
maps using ecologically based pseudo-absence points. These
habitat suitability maps provide information for species range
shift studies, censuses, reserve designs, species reintroduction,
habitat restoration, and biodiversity conservation. Ecologically
based pseudo-absence points can be applied to any species,
ecosystem, data resolution, and spatial extent, given some a
priori knowledge concerning the species-habitat relationship.
In addition, the use of readily available software (e.g., Program
R and ArcGIS) allows easy application and the flexibility to

work with user-defined data structures and map products.

Representation of underlying ecological relationships will
always improve when observed and measured biological

relationships are incorporated into modeling and extrapolation
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(Belovsky et al. 2004). The consistent improvement in model
fit and predictive capability of habitat envelope models is a
testament to using ecologically-based pseudo-absence points
over traditional pseudo-absences. In addition, reliance on
sound statistical modeling with pseudo-absences may be more
appropriate than obscure profile-type models that are difficult
to interpret and assess for model fit and predictive capability. In
cases where field-collected absences are suspected to be false
(Graham et al. 2004; Hirzel et al. 2001, 2002), ecologically

based pseudo-absences could provide more robust absences.

Incorporating ecology into pseudo-absence point generation
should also decrease the chance of a biologically inappropri-
ate top model because habitat envelopes already constrain the
regions of pseudo-absence point generation to preferred habitat.
Pseudo-absences from habitat envelopes will be less variable on
average than those generated from an entire study area due to
the reduced region from which they are selected. In this study,
this allowed the statistical models to improve classification

of northern goshawk highly suitable and moderately suitable
habitat, and to create more statistically and ecologically robust
models. The distinction of highly suitable from moderately
suitable is essential to species conservation and habitat manage-
ment, particularly for rare, threatened, and sensitive species sus-
ceptible to habitat fragmentation and degradation. Researchers
interested in well-studied species such as the northern goshawk
will be able to focus on highly suitable habitat within the range
of suitable habitat. Lesser-known species will still benefit from
ecologically based pseudo-absence points because presumably
some aspect of their habitat association is known (i.e., they pre-

fer forested over nonforested areas).

A successful habitat envelope will maximize the percent of
presence points contained while at the same time reducing the
area from which pseudo-absence points are selected. Based on
the high number of presence points contained, the reduced area
from which pseudo-absence points are selected, and the high
model fit and predictive capability statistics, the CONASP N
ELEV habitat envelope appears to be the best habitat envelope
at 30-m resolution for the northern goshawk. The top 250-m
habitat envelope model included the same parameters (FT,
GRW, SLP) as the top traditional model, and almost the same
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area as the entire study region (99 percent of the study region).
The similarity in model parameters and spatial extent caused
more heterogeneous ecologically based pseudo-absence points
than expected, but the top 250-m habitat envelope model was
still an improvement in model fit and predictive capability

over the top 250-m traditional model. High AUC values from
these top habitat envelope models indicate that the models

have useful application across the study area because they are
insensitive to threshold cut-off values (Fielding and Bell 1997,
Swets 1988), and have few false positives. Due to the immense
resources needed to census goshawk metapopulations across an
area the size of Zone 16, false positives would be detrimental to
census efforts. The high sensitivity, specificity, kappa, and PCC,
and low cross-validation error rate for both top habitat envelope
models suggests that sampling high likelihood of occurrence

sites may lead to the discovery of new nest sites and nest areas.

Northern goshawk habitat associations were pooled from

the entire Western United States, consisting of a variety of
forested ecosystems. If more northern goshawk habitat studies
were available for regions similar to Utah’s central highlands
(i.e., Intermountain West field studies), and only this habitat
information was considered in creating habitat envelopes,
more two- and three-variable habitat envelopes could have
provided robust sets of pseudo-absence points. In addition, the
entire study area already represents a habitat envelope of sorts
because it is constrained to forests in Zone 16. If traditional
models were produced over all of Zone 16 (i.e., 55 percent
forest and 45 percent nonforest), they would better reflect the

current methods of generating pseudo-absence points.

The models contain error from a variety of sources. As models
themselves, each FIA and Landfire map product contributes
spatial and classification error. Because FIA and Landfire map
products of Zone 16 incorporate plot-based inventory data and
satellite imagery spanning from 1998-2003, certain cells within
the map products may inaccurately reflect current conditions
(Blackard et al. 2004, FIA 2005, Landfire 2005). DEMs and
spatial error associated with nest points are additional sources
of error. No known methods exist to incorporate the inherent

error of spatial layers into statistical classification models.

The assumptions that habitat is saturated (Capen et al.

1986), and that the species modeled is in equilibrium with
its environment (Austin 2002), are often ignored in broad-
scale habitat modeling because knowing the locations of all
individuals or the individuals’ attribute (i.e., a nest) is nearly
impossible across a broad landscape, particularly at one time
step. It is probable that not all northern goshawk territories
in Zone 16 have been identified and that some of the nests
used in the models are in sink habitats. Some nests used in
modeling may be in sink habitat due to incomplete nest activity
information. Most large-scale species occurrence datasets
include data collected by a variety of survey methods and do

not have complete data point attribute information.

The likelihood of occurrence of nest sites and nest areas across
Zone 16 reflects environmental habitat variables only. Prey
abundance, nest productivity, and interannual climatic variability
are important variables driving nest success in addition to
appropriate habitat type (Doyle and Smith 1994, Keane 1999,
Reynolds et al. 2006, Salafsky et al. 2005, Wiens et al. 2006).
These variables were not available for each nest location across
Zone 16; consequently, northern goshawk nest placement does
not necessarily correlate directly with nest productivity. It is
for this reason that the nest site and nest area habitat suitability
maps should be used as guides to locate new highly suitable
habitat, and new nests and territories. Intensifying sampling in
highly suitable areas while decreasing sampling effort in low
suitability areas should increase sampling efficiency.

As new nests are located, the model can be adjusted to incor-
porate more recently active nests. Ideally, a northern goshawk
HCM would use 1 year’s nest activity information across

Zone 16 so that unoccupied known nests could be treated as
absences and occupied nests could be treated as presences. On
a landscape scale such as Zone 16, this could be achieved on

a per-season basis by identifying successful nests (i.e., those
that produced fledglings) during existing routine national forest
nest monitoring, determining competitor presence and prey
abundance through distance sampling (following Salafsky

et al. 2005), using spatial habitat data such as FIA and Landfire

map products, incorporating disturbance extents and severity
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ratings (such as timber sale, fire, and beetle kill), and recording
weather extremes and climatic events in proximity to each
nest. In this manner, data collected on a per-year basis would
allow for per-breeding season analysis of suitable and successful
nesting habitat. The likelihood of occurrence of active nests
could be modeled following Reich et al. (2004), but using
pseudo-absence points to accompany known presence points.
If these assessments continue for several years in a row, the
variability between years will be captured and a more complete
assessment of across-landscape habitat suitability and nest

success will be clear.

Researchers and conservationists will gain insight into the
level of habitat saturation throughout Zone 16 through yearly
monitoring of new nests found with the help of this model,
and monitoring existing nests for activity. Combining this
knowledge of nest activity with age of adult breeders would
help determine the stability of the Zone 16 population
(Kenward ef al. 1999, Reynolds et al. 2006, Reynolds and
Joy 2006). Sympatric species such as the sharp-shinned hawk
(Accipiter striatus), spotted owl (Strix occidentalis), and barred
owl (Strix varia), have similar nesting habitat requirements to
the northern goshawk (Bildstein and Meyer 2000, Gutiérrez
et al. 1995, Mazur and James 2000) and will likely benefit
from northern goshawk habitat conservation. If possible,
northern goshawks should be assessed on a bioregional scale,
incorporating population demographics across the Western
United States (Woodbridge and Hargis 2006). HCMs using
ecologically based pseudo-absence points with FIA and
Landfire map products to locate new territories and nests
across the Western United States will assist this bioregional
assessment.

Conclusions

FIA and Landfire map products will be useful in habitat assess-
ments to a range of species, particularly rare, threatened, and

sensitive species. As alteration to U.S. landscapes continue, it is

becoming increasingly important to insure connectivity among
ecosystems and available habitat for species’ metapopulations
across entire ecoregions. The production of these map products
across the ecoregions of the United States will greatly assist
species habitat assessments, land-use planning, and ecosystem
conservation over broad spatial extents. Ecologically-based
pseudo-absence points in combination with extensive land cover
map products such as FIA and Landfire have the potential to as-
sist a wide variety of species’ habitat assessments and increase

the utility of database presence points.
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