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A B S T R A C T   

Wildfire-generated snags provide key habitat for wildlife associated with recently disturbed forests, offering 
nesting and foraging resources for several woodpecker species. Snag harvest through post-fire salvage logging 
provides economic value but reduces habitat in recently burned forests. Managers of recently burned forests 
often must identify suitable woodpecker habitat within timeframes precluding field surveys. We developed 
nesting habitat suitability models for the Lewis’s woodpecker (Melanerpes lewis)—a species of conservation 
concern potentially impacted by salvage logging—to inform post-fire management planning that includes habitat 
conservation objectives. Using weighted logistic regression, we selected models that maximized predictive 
performance measured by spatial cross-validation to verify model applicability to novel wildfire locations. From 
1994 to 2018, we monitored 348 nest sites, ≤5 years post-fire, at four wildfire locations across the Inland Pacific 
Northwest, USA. We used both exclusively remotely sensed covariates (to support habitat mapping) and a 
combination of remotely sensed and field collected covariates (to inform logging prescriptions). Top models 
proved predictive of nest distribution across novel wildfire locations, describing positive relationships with local 
and landscape-scale burn severity, landscape-scale open (0–10%) and low (10–40%) canopy cover, large nest- 
tree diameters, locally high snag densities, and southeast-facing slopes. The top combination model was more 
discriminating of nest from non-nest sites compared to the top remotely sensed model (RPI = 0.976 vs. 0.733, 
AUC= 0.794 vs. 0.716), indicating the value of vegetation field measurements for quantifying habitat. Herein is 
exemplified an effective process for developing and evaluating predictive habitat models, broadly applicable, and 
useful for prioritization of post-fire forest management objectives.   

1. Introduction 

Wildfire frequency and severity are projected to increase worldwide 
(Krawchuk et al., 2009; Liu et al., 2010; Pechony and Shindell, 2010; 
Wimberly and Liu, 2014; Jolly et al., 2015). Ongoing debate exists over 
managing fire and burned forested landscapes (Long et al., 2014; 
Hessburg et al., 2016; DellaSala et al., 2017), especially how to imple
ment salvage logging (Leverkus et al., 2020). Salvage logging, the 
removal of dead or dying trees, may be conducted for economic yield or 
to mitigate hazards of standing snags to human safety (Peterson et al., 
2009). Snag removal following fires, however, can have negative 
ecological consequences, including reduction of habitat for disturbance- 
associated wildlife globally (e.g., Koivula and Schmiegelow, 2007; Lin
denmayer et al., 2008; Rost et al., 2012, Georgiev et al., 2020), including 

several focal woodpecker species in western North America (e.g., Hutto 
and Gallo, 2006; Saab et al., 2009, 2011). For example, recently burned 
forests potentially provide source habitat for several species of cavity- 
nesting birds due to increased nesting and foraging opportunities asso
ciated with snags and an open canopy (Hutto, 1995; Saab et al., 2007). 
Because salvage logging must occur soon after fire to recoup timber 
value before snags deteriorate (Prestemon et al., 2006; Lowell et al., 
2010), untargeted salvage logging can negatively impact habitat for 
most cavity-nesting birds and other fire-associated species (Thorn et al., 
2018). Therefore, when developing post-fire management plans that 
include habitat conservation, wildlife and forest managers must rapidly 
identify species distributions and the corresponding areas of suitable 
habitat within recently burned forests that provide essential resources 
for wildlife in order to target salvage logging operations. 
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Habitat suitability models can be used to predict species distributions 
by quantifying statistical relationships between known species occur
rences and environmental features (e.g., Maiorano et al., 2006; Bellamy 
et al., 2013). Predictions from these models describe relative indices of 
occurrence probability—i.e., habitat suitability indices: HSIs—when 
trained to discriminate sites used by a species from those sites unused or 
available (Hirzel et al., 2006; Russell et al., 2007; Latif et al., 2016). 
Ranging from 0 to 1, HSIs represent sites of low to high likelihood of (i. 
e., suitability for) species occurrence. For ease of interpretation, HSIs 
can also be categorized (e.g., into low, moderate, and high bins; Hirzel 
et al., 2006, Liu et al., 2013) to inform targeted forest management 
practices (e.g., salvage logging) to maximize both habitat and economic 
gain. 

Ease of access to and application of habitat models in recently burned 
areas determines model utility to managers in the post-fire planning 
process. HSI-derived maps highlighting landscapes with the greatest 
likelihood of a species’ distribution within a recently burned area can be 
used to delineate and prioritize potential project areas or habitat re
serves. Rapidly developed models and resultant maps are most readily 
generated by models developed with remotely sensed data available for 
entire burned areas (Franklin, 2009; Elith et al., 2010). However, limi
tations in resolution and accuracy of remotely sensed data may preclude 
modeling relationships with finer scale habitat features (Kerr and 
Ostrovsky, 2003; Russell et al., 2007). Fine-scale habitat features, such 
as snag density and tree size, are important for characterizing habitat 
but are often only measurable in the field which can limit model pre
dictive performance (Russell et al., 2007). Nevertheless, the expense of 
and time required for field data collection limits applicability of these 
models when mapping habitat over burned forests in their entirety. 

Given limits in time and funding for new population surveys, man
agers may need to quickly apply habitat suitability models to novel 
wildfires using widely available remotely sensed data outside of where 
models were originally developed (Latif et al., 2013, 2016). However, 
spatial variability in environmental relationships arising from biotic 
interactions, local adaptation, or behavioral rules governing habitat 
selection can limit model applicability (Araújo and Luoto, 2007; Mor
rison, 2012; Aarts et al., 2013). For these reasons, models typically 
exhibit diminished predictive performance when applied to new loca
tions, so models must be evaluated explicitly for transferability to avoid 
overconfident application (Wiens et al., 2008; Heikkinen et al., 2012; 
Wenger and Olden, 2012). Models developed with data collected across 
multiple locations allow broader applicability and can be evaluated for 
transferability to new wildfires (Saracco et al., 2011; Latif et al., 2013, 
2016). Selecting top-performing models based on predictive perfor
mance (sensu Wiens et al., 2008) leverages such datasets, broadening 
model applicability. 

Lewis’s woodpecker (Melanerpes lewis) is a cavity-nesting avian 
species strongly associated with recently burned forest (≤5 years after 
fire; Saab et al., 2007, 2009, Latif et al., 2016 & 2019, Haggard and 
Gaines, 2001). Evidence suggests reproductive success and productivity 
are greatest in open post-fire, crown-burned ponderosa pine forests, 
wherein the species favors moderate densities of large diameter snags 
for nesting (Gentry and Vierling, 2007; Saab et al., 2009; Saab and 
Vierling, 2001; Vierling et al., 2013; Zhu et al., 2012). Nesting densities 
vary with the time since wildfire, burn severity, burn size, and the 
landscape context of burns (Saab et al., 2007; Saab et al., 2009; Vierling 
et al., 2013), and although Lewis’s woodpeckers may nest in older burns 
(>10 years after fire; Raphael and White, 1984; Gentry and Vierling, 
2007), recent research has shown that nest survival is highest 2–4 years 
post-fire (Saab et al., 2007, 2011). Post-fire successional vegetation 
growth can also increase arthropod populations (Hurst, 1971; Best, 
1979; Manry, 1984), the species’ primary food source (Vierling et al., 
2013). After five years, recently burned forests may represent sink 
habitat where daily nest survival rates have decreased despite increased 
nest densities (Saab et al., 2011). During the first two years post wildfire, 
salvage logging effort is also the greatest. Therefore, management 

decisions regarding when, where, and which snags to salvage log can 
influence nesting distributions and nesting success. Consequently, 
considering nesting habitat in post-fire management plans may be crit
ical for maintaining populations. However, there currently does not 
exist a predictive model that can be applied to new fire areas as they 
occur to inform post-fire planning. 

In this study, we asked: which spatial environmental factors most 
influence Lewis’s woodpecker nesting occupancy within recently 
burned dry mixed-conifer forests of the Inland Pacific Northwest? To 
address this question, we had two objectives: (1) to develop models 
capable of supporting both coarse-resolution habitat mapping and 
management prescriptions, and (2) to develop models that are generally 
applicable (i.e., that describe relevant habitat relationships consistent 
with what is known about Lewis’s woodpecker ecology) and useful for 
prediction of nest sites (i.e., that identify relationships consistent across 
locations). Therefore, we emphasized predictive performance across 
wildfire locations when selecting models to retain relationships with 
broad applicability for informing management in newly burned 
locations. 

2. Methods 

2.1. Study locations 

We developed and evaluated habitat suitability models for nesting 
Lewis’s woodpeckers at four locations in the Inland Pacific Northwest of 
the United States (Fig. 1 & Table 1). Locations were characterized by dry 
mixed-conifer forest dominated by ponderosa pine strongly influenced 
by historically recurring wildfire (Agee, 1996; Hessburg et al., 2005; 
Saab et al., 2005). Wildfires burned 12,467–89,159 ha at each study 
location from 1994 to 2015. Within study locations (burn perimeters), 
we designed study units to encompass similar land use, topography, and 
vegetation and to be of similar size. Post-fire salvage logging was con
ducted at all four locations, but varied in extent, distribution, and in
tensity dependent upon multiple factors including topography and 
vegetative communities within the study location, though in all cases it 
excluded standing snags <23 cm DBH (the lower threshold for 
merchantable timber). 

2.1.1. Foothills wildfire 
The Foothills wildfire burned 89,159 ha in southwestern Idaho in 

1992 (− 115.733 N, 43.526 W; Elevation: 1107–1786 m), on the Boise 
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Fig. 1. Wildfire locations surveyed for Lewis’s woodpecker nests: Foothills, 
Idaho; Star Gulch, Idaho; Toolbox, Oregon, and Canyon Creek, Oregon, USA. 
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National Forest. Ponderosa pine (Pinus ponderosa) and Douglas fir 
(Pseudotsuga menziesii) dominated the pre-fire canopy. Sagebrush 
(Artemisia tridentata), ceanothus (Ceanothus velutinus), and ninebark 
(Physocarpus malvaceus) were common pre-fire understory and forest- 
opening shrub species (Saab et al., 2004). Post-fire salvage logging 
occurred within 26% of the study location (including within study 
units), where approximately 40% of snags ≥23 cm diameter at breast 
height (DBH; tree diameter 1.4 m above ground level) were harvested 
(Saab et al., 2007). 

2.1.2. Star Gulch wildfire 
The Star Gulch wildfire burned 12,467 ha in southwestern Idaho in 

1994 (− 115.827 N, 43.700 W; Elevation: 1297–2102 m), on the Boise 
National Forest. Immediately adjacent to the Foothills Wildfire location, 
ponderosa pine and Douglas fir dominated the pre-fire canopy. Post-fire 
salvage logging occurred within 86% of the study location. However, 
study units within this location were not salvage logged and were 
reserved for control. 

2.1.3. Toolbox wildfires 
The Toolbox and Silver wildfires (hereafter: Toolbox) burned 34,400 

ha in south-central Oregon in 2002 (− 120.981 N, 42.972 W; Elevation: 
1484–2137 m), on the Fremont-Winema National Forest. Ponderosa 
pine and white fir (Abies concolor) dominated the pre-fire canopy (Hol
lenbeck et al., 2013). Serviceberry (Amelanchier alnifolia) and snowberry 
(Symphoricarpos albus) were common pre-fire understory species. Post- 
fire salvage logging occurred within ~11% of the study location. 

2.1.4. Canyon Creek wildfire 
The Canyon Creek wildfire burned 44,672 ha in northeastern Oregon 

in 2015 (− 118.839 N, 44.292 W; Elevation: 1327–1838 m), on the 
Malheur National Forest. Ponderosa pine with lesser amounts of 
Douglas-fir, grand fir (Abies grandis), and lodgepole pine (Pinus contorta) 
dominated the pre-fire canopy. Ceanothus, curl-leaf mountain mahog
any (Cercocarpus ledifolius), juniper (Juniperus spp), and ninebark were 
common pre-fire understory species. Post-fire salvage logging occurred 
within approximately 3% of the study location. 

2.2. Nest and non-nest sites 

We systematically searched for Lewis’s woodpecker nest cavities 
during the nesting season (May–July) along belt transects spanning the 
Foothills, Star Gulch, Toolbox, and Canyon Creek study locations. Belt 
transects were arranged to provide complete coverage of all areas within 
study unit boundaries and averaged 0.2 × 1 km, varying in length or 
width in relation to topography or the irregular boundaries of study 
units (Dudley and Saab, 2003). We primarily searched within study unit 
boundaries but occasionally found nests outside study unit boundaries 

(≤277 m) when following individual birds, which we included in 
analysis. The area sampled at each location ranged 714–2687 ha/year 
(Table 1). We combined data from each location representing 2–5 years 
post-fire because vegetative communities vary little the first 5 years 
following fire, salvage logging typically takes place during this time
frame, and because Lewis’s woodpeckers generally do not settle in new 
burns until two years post-fire (Saab et al., 2007, 2009, 2011 and Latif 
et al., 2016). 

We informed models by measuring and comparing environmental 
conditions at nest with non-nest sites. Non-nest sites represented avail
able habitat not used for nesting. We generated non-nest sites randomly 
within study unit boundaries, excluding sites within 30 m of any nest site 
(Table 1). We generated coordinates for non-nest sites using the random 
point generator in ArcGIS (ESRI, 2011). 

2.3. Environmental data 

We used two sets of environmental data, remotely sensed (which are 
widely and readily available post-fire) and field-measured, to charac
terize nesting habitat for Lewis’s woodpeckers (Table 2). We describe 
measurement of individual variables below. 

2.3.1. Field-measured data 
We measured two variables in the field at nest and non-nest sites: 1) 

Snag density and 2) DBH of the nest snag/tree or of a snag/tree selected 
randomly from each non-nest site (Table 2). We measured these vari
ables at nest sites in the same year nests were located and measured non- 
nest sites at least once during the study. For Idaho locations, we took 
multiple measurements at each non-nest site for a snag longevity study 
and calculated the mean across years. The specific dimensions of 
sampled plots used to measure snag densities varied among locations 
(Table A1), so we scaled snag counts to snags/ha for analysis. At 
Toolbox, we only measured snag densities and diameters at non-nest 
sites within the largest study units (≥23.3 ha, n = 13), wherein we 
measured 33 nest and 134 non-nest sites. We only included data from 
these sites when developing models with field-measured data (Table 1). 

2.3.2. Remotely sensed data 
We compiled thirteen remotely sensed environmental variables 

describing topography, burn severity, and pre-fire canopy cover at a 30- 
m resolution (Table C1). Variables represented conditions for individual 
pixels or for moving-window neighborhoods of 0.81 ha (3 × 3 pixel 
square) or 314 ha (1-km radius circle). Larger neighborhoods (314 ha) 
represented an area likely containing foraging and other activities for 
most breeding pairs (Saab et al., 2004). When considering remotely 
sensed data at Toolbox, we used all study units and all nests, so we 
generated 499 non-nests (Table 1) using the spsample function in the R 
package sp (Pebesma and Bivand, 2005; Bivand et al., 2013) in R (v. 

Table 1 
Sample sizes and extent at four wildfire locations where we trained and validated habitat suitability models for nesting Lewis’s woodpeckers. Wildfire locations were in 
Idaho (ID) and Oregon (OR) in the western USA. We calculated mean area surveyed annually as the average area surveyed across all years of the study. We found no 
nests in the first year surveyed at Canyon Creek, Star Gulch, or Toolbox. At Toolbox, when we used field-collected variables we only considered the largest study units 
(≥23.3 ha) which limited nests to 35 and non-nests to 134.  

Wildfire Location Ignition Year Years Surveyed Wildfire Extent (ha) Mean Area Surveyed Annually (ha) Nests (n) Non-Nests (n) 

Foothills, ID 1992 1994–1996  89,159  1312 202 52 
Star Gulch, ID 1994 1995–1998  12,467  714 50 82 
Toolbox, OR 2002 2004–2007  34,400  2420 47 (35) 499 (134) 
Canyon Creek, OR 2015 2016–2018  44,672  2687 49 112  

T.B. Cross et al.                                                                                                                                                                                                                                 
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3.62; R Core Team, 2019). We applied Slope and Aspect ArcTools (Spatial 
Analyst extension, ArcGIS v.10.5.1; output measurement = DEGREE for 
Slope) to remotely sensed rasters obtained from the United States 
Geological Survey National Elevation Dataset (1 arc-second; http://vi 
ewer.nationalmap.gov/viewer/) to compile topographic variables. We 
derived burn severity variables from change in the normalized burn 
ratio (ΔNBR) provided by Monitoring Trends in Burn Severity (http:// 
mtbs.gov), which represented changes in LANDSAT imagery recorded 
pre- versus post-fire. We compiled pre-fire canopy cover variables from 
Landsat-based imagery provided by LEMMA (2012) for Canyon Creek 
and Toolbox locations, and by the U.S. Forest Service Remote Sensing 
Applications Center for Foothills and Star Gulch locations. Accuracy 
assessments for remotely sensed data are provided at their sources 
(Table C1). 

2.4. Modeling nesting habitat suitability 

2.4.1. Model construction 
We used weighted logistic regression (WLR) contrasting environ

mental conditions at nest versus non-nest sites to generate HSIs, fitting 
WLR models using the glm function in the base R package stats. We 
weighted observations of zeros (non-nest) and ones (nest) according to 
their relative sample sizes (w1 = 1; w0 = n1/n0; Russell et al., 2007, 
Saab et al., 2009). This weighting scheme treated the ratio of zeros to 
ones as an artifact of sampling with no biological significance and 
ensured that estimated response probabilities ranged from 0 to 1, readily 
interpretable as a relative index of habitat suitability (HSI), and that 
observations of zeroes and ones informed model parameter estimates 
equally, reflecting the case-control sampling design (Russell et al., 
2007). Ideally, zeros should represent unused sites not contaminated 
with misclassified nest sites (Keating and Cherry, 2004). Accordingly, 
our field methods resulted in a thorough search within belt-transect 
boundaries, so we were reasonably confident that non-nest sites were 
not used for nesting during study years. Nest site selection, predation, 
and competition all contribute to nesting habitat suitability and poten
tially influence woodpecker distributions (Gentry and Vierling, 2007; 
Russell et al., 2007; Saab et al., 2009, 2011). Because we found some 
nests after initiation, the HSIs derived from our models primarily 
quantify the relative suitability for nest site selection but could also 
reflect influences from nest predation and competition, especially 
because nests can fail before discovery and Lewis’s woodpeckers are 
secondary cavity nesters—weak excavators that commonly enlarge 
cavities created by other woodpeckers or usurp nests of other species 

(Saab and Dudley, 1998; Vierling et al., 2013). 
To identify predictive models that described habitat relationships 

relevant to Lewis’s woodpecker ecology for use in guiding management, 
we constructed candidate models that exhausted potential covariate 
combinations while restricting model complexity based on sample size 
(see also Russell et al., 2007; Latif et al., 2016; Campos et al., 2020). We 
constructed candidate models restricted to widely and readily available 
post-fire remotely sensed covariates (hereafter, remotely sensed models) 
and models that included both remotely sensed and field-collected 
covariates (hereafter, combination models). Before modeling, we itera
tively removed from the remotely sensed and combination variable sets 
those variables with the greatest variance inflation factor (VIF) until all 
VIFs ≤1.96 (R2 = 0.49, r = 0.70, [where VIF = 1/(1 − R2)]) to avoid 
multicollinearity (Kutner et al., 2004). We only considered additive 
combinations of linear covariate relationships both to limit model 
complexity and because we had no strong rationale for considering 
nonlinear relationships. We did not include local open pre-fire canopy 
cover (LocCCop) or local high pre-fire canopy cover (LocCChi) in any 
models because these canopy covers were unavailable at Toolbox and 
Canyon Creek. Iterative pruning of the variable set using VIF to limit 
multicollinearity in modeling resulted in eight variables considered for 
remotely sensed models, and ten variables for the combination models 
(Table 2). To avoid overfitting, we constrained model complexity based 
on sample size by limiting the number of covariates in a model to ≤1/ 
10th the number of nests in the analyzed sample rounded down, 
including the intercept. As such, we considered 256 remotely sensed 
models, and 1024 combination models. The considerable number of 
combination candidate models potentially give rise to concerns over 
data dredging. However, we avoided data dredging by constraining 
covariates to a set of environmental features with clear relevance to 
Lewis’s woodpecker ecology. Disparity in the number of remotely 
sensed and combination candidate models reflects disparity in the 
number of covariates considered for each. 

2.4.2. Model selection 
To select models that could demonstrably predict nesting distribu

tions by identifying relationships consistent across locations, we 
emphasized predictive performance. We quantified predictive perfor
mance using spatial cross-validation, wherein we fit each candidate 
model to data from all four locations then calculated a Resource Selec
tion Function Plot Index (RPI) for each candidate model when applied to 
each individual location (Wiens et al., 2008). Each RPI consisted of a 
Spearman’s rank correlation coefficient (− 1–1 range) relating average 

Table 2 
Environmental variables measured centered on nest and non-nest sites considered in habitat suitability models for nesting Lewis’s woodpeckers. Data sources were 
remotely sensed GIS layers calculated at any of 3 spatial scales: pixel (0.09 ha = value from 30 m × 30 m pixel), local (0.81 ha moving window = 3 × 3 pixels), and 
landscape (314 ha moving window = 1-km radius circle). Cosine aspect and sine aspect were set to 0 wherever slope was ≤2%.  

Variable name (abbreviation) Spatial scale (ha) Description (unit of measure; if any) 

Remotely sensed 
Local burn severity (LocΔNBR) 0.81 Median index of ΔNBR using Landsat TM satellite imagery 
Landscape burn severity (LndΔNBRhi) 314 Percent area high burn severity (>366 ΔNBR) 
Local low canopy cover (LocCClo) 0.81 Percent area > 10 & ≤40% canopy cover for moving window 
Landscape open canopy cover (LndCCop) 314 Percent area ≤10% canopy cover for moving window 
Landscape low canopy cover (LndCClo) 314 Percent area > 10 & ≤40% canopy cover for moving window 
Cosine aspect (cosasp) 0.09 Cosine-transformed orientation of slope (north = 1, south = − 1) 
Sine aspect (sinasp) 0.09 Sine-transformed orientation of slope (east = 1, west = − 1) 
Slope (slope) 0.09 Topographic slope (% rise over run)  

Field collected 
Tree size (DBH) Tree Diameter at breast height (DBH) of the snag/tree (>1.4 m tall, and ≥ 23 cm) 
Snag density (snag) 1.0 Number of snags/ha ≥1.4 m tall and ≥ 23 cm DBH  

T.B. Cross et al.                                                                                                                                                                                                                                 
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HSI with the observed proportion of nests for ten equal-n moving- 
window bins. To calculate RPI from 132 to 546 nest and non-nest HSI 
observations, we created ten equal-n moving window bins which con
tained 11–46 units, with a standard moving window bin width of three 
(Appendix B). Therefore, each bin held 33–138 observations with a 
moving window overlap of 22–92 observations (Appendix B). We 
excluded models with an RPI <0.564 (critical value when n = 10 and α 
= 0.05) at any withheld location (Wiens et al., 2008). Of the remaining 
models, we selected one top remotely sensed and one top combination 
model with highest minimum RPI to inform management. Although, we 
considered the other high-performing models (RPI ≥0.564) to identify 
important habitat relationships. 

2.4.3. Additional evaluation criteria 
Cross-validation across wildfire locations was central to achieving 

our goal of developing predictive models. Therefore, while we consid
ered additional criteria for selecting models, we ultimately settled on 
RPI as our sole selection criterion. For example, we considered requiring 
∆AICc ≤6 for selected models (following Campos et al., 2020). However, 
selecting models using AICc is not adequate for informing design of 
management prescriptions as AICc does not reflect a model’s predictive 
ability (Mac Nally et al., 2018; Wiens et al., 2008). Selecting models 
using AICc emphasizes fit to training data, not validation data, and as 
such is biased toward favoring complex models (Link and Barker, 2006). 
Furthermore, AICc cannot be used to compare fit across datasets, and no 
remotely sensed models met both RPI and AICc criteria. Therefore, we 
excluded AICc from our selection criterion but consider it for reference 
and discussion. We also consider area under the receiver operating curve 
(AUC) for assessing discrimination of nest from non-nest sites (Fielding 
and Bell, 1997), where AUC 0.5–0.7 indicated low model accuracy, 
0.7–0.9 indicated moderate accuracy, and ≥ 0.9 indicated excellent 
accuracy (Swets, 1988). We calculated AUC using the prediction and 
performance functions in the ROCR package (Sing et al., 2005) in R. 

2.4.4. Model interpretation 
To aid interpretation of selected models, we related HSIs to hatched 

nest (i.e., nests with ≥1 nestling) densities and suggested threshold HSI 
values for classifying low, moderate, and high suitability nesting habitat 
based on differences in nest densities among HSI classes. We first plotted 
densities for equal-n moving window bins (described by Wiens et al., 
2008) to visualize density changes with increasing HSI, and then iden
tified thresholds where natural breaks occurred in plots, thus dis
tinguishing suitability categories associated with different densities 
(Hirzel et al., 2006). Hatched woodpecker nests in post-fire areas are 
highly detectable with the survey methods we used, particularly after 
hatching when food-begging nestlings are being tended to (Russell et al., 
2009), and during 1–2 years post-fire when wood chips excavated from 
nest cavities are often clearly visible below the nest tree and survival 
rates are high (Saab et al., 2011); therefore, we did not correct for 
detectability. Six nests at Foothills, one nest at Toolbox, and three nests 
at Canyon Creek did not hatch and were therefore excluded from sam
ples used to estimate hatched-nest densities within suitability classes. 
We calculated observed nest density from nests located inside study 
units except at Toolbox where we also included nests ≤200 m outside 
study units but which were still inside wildfire perimeters (n = 190/202 
[Foothills], 47/50 [Star Gulch], 39/47 [Toolbox], 41/49 [Canyon 
Creek]). 

Finally, we calculated 95% CIs for class-specific densities using non- 
parametric bootstrapping (Efron and Tibshirani, 1986), which helped us 
verify the distinctness of suitability classes. To bootstrap, we generated a 

grid of 600 m × 600 m cells that extended across study units at each 
study location. We assigned the cell ID to all nest and non-nest sites 
indicating the cell within which they occurred, and then resampled the 
data by cell ID with replacement. We generated 10,000 bootstrapped 
samples and reported 2.5th and 97.5th median-unbiased percentiles for 
bootstrapped samples (calculated with quantile function in R with type 
= 8) as confidence limits. Some figures were generated using R package 
ggplot2 (Wickham, 2016). 

3. Results 

3.1. Field summary and variable selection 

We measured 47–202 Lewis’s woodpecker nest sites and 52–134 
non-nest sites at each of the four study locations (499 non-nest sites for 
remotely sensed models at Toolbox, Table 1). Nest and non-nest sites 
represented a wide range of environmental conditions (Table C2 and 
Fig. C1). Across study locations the mean values for tree diameter, local 
burn severity, and snag density were consistently greater at nest than 
non-nest sites (Fig. C1). 

3.2. Model selection 

We identified two remotely sensed and 244 combination models that 
met the minimum standard for predictive performance (RPI ≥0.564; 
Table 3). The top remotely sensed and combination models had mini
mum RPIs of 0.636 and 0.941, respectively (Table 3). From the same 
candidate model set, models for which AICc was lower than the 
threshold were not the most predictive models (Table D1), though the 
five combination models that passed both the RPI and AICc thresholds 
improved upon the intercept-only models by 199.36–200.81 AICc. None 
of the two remotely sensed models that passed the RPI threshold passed 
the AICc threshold. We documented no sign switching of model cova
riates among models that cleared the RPI threshold. 

3.3. Habitat relationships described by selected models 

3.3.1. Remotely sensed models 
The top remotely sensed model contained positive relationships with 

local and landscape burn severity as well as landscape open and land
scape low pre-fire canopy cover (Table 4 and Fig. 2a), indicating se
lection for nest trees surrounded by ≤40% pre-fire canopy cover (out to 
1 km) and high burn severity within 1 ha and 314 ha of the nest site. 
Both remotely sensed models that met the minimum standard for pre
dictive performance (mean RPI: 0.733–0.801) described positive re
lationships with local- and landscape-scale burn severity (Table 3). 
Predictive performance was lowest at Star Gulch (min RPI: 0.579–0.636; 
Table 3). Remotely sensed model relative fit to training data was low 
(∆AICc: 6.93–18.04), and model discriminatory performance at valida
tion locations was moderate (mean AUC: 0.695–0.716; Table 3). 

3.3.2. Combination models 
The top combination model contained positive relationships with 

landscape burn severity, tree diameter, snag density, and sine- 
transformed aspect and a negative relationship with cosine- 
transformed aspect (collectively, selection for southeastern aspects; 
Table 4 and Fig. 2b). Two-hundred forty-four combination models met 
the minimum criteria for predictive performance, so for simplicity’s sake 
we only reported the top two combination models for comparison to the 
two remotely sensed models that met the same minimum criteria. Both 
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top two combination models (mean RPI: 0.966–0.976) included signif
icant positive relationships with tree size and snag density, and positive 
relationships with landscape burn severity (Table 3). Two out of the 
three models included negative relationships with cosine-transformed 
aspect (Table 3). Predictive performance was lowest at Foothills or 
Star Gulch (min RPI: 0.935–0.941; Table 3). Model relative fit to training 
data was lower for the top two combination models than for remotely 
sensed models (∆AICc: 40.99–41.58), and model discriminatory per
formance at validation locations was moderate (mean AUC: 
0.789–0.794; Table 3). 

3.4. HSI categories and nest density 

Observed nest densities generally increased along HSI gradients and 
differed among suitability classes identified for selected remotely sensed 
and combination models (Fig. 3). We identified lower HSI thresholds of 
0.35 (remotely sensed) and 0.25 (combination) and an upper threshold 
of 0.625 corresponding with natural breaks in observed nest densities 
for moving window bins (Fig. 3). We estimated nest densities that 
differed substantially among low, moderate, and high suitability classes 
delineated by these thresholds, evidenced by the bootstrapped confi
dence limits. 

4. Discussion 

We designed and identified nesting habitat suitability models with 
strong predictive performance across multiple wildfire locations that 

performed well in discriminating nest from non-nest sites. The analytical 
methods we used are broadly applicable for multiple species (e.g., 
Campos and Steel, 2018; Campos et al., 2020) and can provide robust 
predictive models for application to novel sites. Despite notable varia
tion in conditions among locations, our results suggest broad applica
bility to guide post-fire management prioritization within dry conifer 
forests of the Inland Pacific Northwest. Covariate relationships in the top 
selected models as well as other highly predictive models were consis
tent with what is known about Lewis’s woodpecker nesting ecology, 
specifically, positive covariate relationships with burn severity, open to 
low landscape pre-fire canopy cover (0–40%), and relatively large snag 
diameters and high snag densities (Russell et al., 2007; Newlon and 
Saab, 2011; Latif et al., 2016). Landscapes that burn extensively at high 
severity and open canopy cover may provide nesting Lewis’s wood
peckers with important foraging opportunities in canopy openings 
where they sally for flying insects (e.g., Bock, 1970; Saab et al., 2009). 
Selection for southeast-facing slopes may reflect preference for lower 
temperatures, due to insolation during the morning hours before ther
mal radiance peaks, which can increase nest survival (Saab et al., 2011). 
Pre-fire canopy cover covariates and local burn severity that made the 
top remotely sensed model served as widely and readily available 
proxies for the finer-resolution field measured tree size and snag density 
in the top combination model. Given that Lewis’s woodpeckers range 
across twelve western US states, some relationships we identified may be 
specific to the locations we studied in the Inland Pacific Northwest, 
indicating the importance for additional region-specific research. 
Therefore, the models we provide are best suited for mapping coarse- 
resolution nest-site habitat and for informing post-fire management 
prescriptions across the Inland Pacific Northwest or in similar dry 
conifer forest habitats. 

Cross-location prediction of nest site selection at Foothills and Star 
Gulch proved challenging. Models trained on both remotely sensed and 
combination variable sets often performed poorest here (see combina
tion minimum RPI, Table 3). The Foothills and Star Gulch locations were 
characterized by patchy habitat prior to the wildfire among locations, as 

Table 3 
Lewis’s woodpecker nest site selection models with top predictive performance 
(measured by RPI) across four wildfire locations: Foothills, ID (FH), Star Gulch, 
ID (SG), Toolbox, OR (TB), or Canyon Creek, OR (CC) USA. Models were trained 
using pooled data from all four wildfire locations and were validated at indi
vidual locations. Models were composed of remotely sensed variables or a 
combination of remotely sensed and field-collected variables. We considered 
256 and 1024 models for remotely sensed and combination variable models, 
respectively. We indicate positive association between nest tree and covariates 
by “+” and negative association by “− ” after the covariate. Asterisks indicate 
coefficients with 95% confidence intervals not overlapping zero. We report 
minimum, mean, and 95% confidence interval of the RSF plot index (RPI) 
calculated at validation locations. We also report mean and 95% confidence 
interval of area under the receiver operating characteristic curve (AUC) calcu
lated at validation locations, and the number of model parameters (K). Models 
are ordered by decreasing RPI, and bold-face font indicates the selected RPI 
models for each dataset. Two remotely sensed, and 244 combination models met 
the minimum criteria for predictive performance, for simplicity’s sake we only 
report the top two combination models for comparison.  

Model RPI Min 
(Location) 

RPI Mean 
[95% CI] 

AUC Mean 
[95% CI] 

K 

Remotely sensed 
LocΔNBR(þ)* þ LndΔNBR 

(þ) þ LndCCop(þ)* þ
LndCClo(þ)* 

0.636 (SG) 0.733 
[0.553, 
0.913] 

0.716 
[0.496, 
0.936] 

5 

LocΔNBR(+)* + LndΔNBR 
(+) 

0.579 (SG) 0.801 
[0.535, 
1.066] 

0.695 
[0.526, 
0.865] 

3  

Combination 
LndΔNBR(þ)* þ cosasp 

(¡) þ sinasp(þ)* þ DBH 
(þ)* þ snag(þ)* 

0.941 (FH) 0.976 
[0.932, 
1.020] 

0.794 
[0.595, 
0.994] 

6 

LndΔNBR(+)* + LndCClo 
(+) + sinasp(+)* + DBH 
(+)* + snag(+)* 

0.935 (SG) 0.966 
[0.923, 
1.009] 

0.789 
[0.599, 
0.980] 

6  

Table 4 
Parameter estimates and 95% confidence intervals (in brackets) for the selected 
Lewis’s woodpecker nesting habitat suitability (weighted logistic regression) 
models based on selected models composed of remotely sensed variables or a 
combination of remotely sensed and field-collected variables. Models selected 
were those with the highest minimum RPI from the subset of models where RPI 
≥0.564 at all individual validation locations.  

Covariate Remotely sensed Combination 

Intercept − 3.990 [− 5.435, 
− 2.627] 

− 4.448 [− 5.478, 
− 3.490] 

Local burn severity 
(LocΔNBR) 

0.004 [0.003, 
0.005]  

– 

Landscape burn severity 
(LndΔNBR) 

0.012 [− 0.004, 
0.029] 

0.015 [0.000, 
0.030] 

Open canopy cover: 314 
ha (LndCCop) 

0.023 [0.007, 
0.039] 

– – 

Low canopy cover: 314 ha 
(LndCClo) 

0.034 [0.016, 
0.053] 

– – 

Cosine aspect (cosasp) – – − 0.108 [− 0.383, 
0.186] 

Sine aspect (sinasp) – – 0.397 [0.062, 
0.737] 

Tree size (DBH) – – 0.056 [0.045, 
0.068] 

Snag density (snag) – – 0.009 [0.006, 
0.012]  

T.B. Cross et al.                                                                                                                                                                                                                                 



Biological Conservation 253 (2021) 108811

7

reflected by high amounts of pre-fire landscape open canopy cover 
(Appendix C). The differences in nest site selection were likely influ
enced by the natural patchiness at Foothills existing prior to openings 
created by wildfire. Foothills was also the only location where salvage 
logging extended throughout the burn which may have disrupted the 
correspondence between pre-fire canopy cover and post-fire snag den
sity. However, pre-fire canopy cover still provided predictive power 
given that it remained in models that maximized predictive perfor
mance. As a result of differences in available habitat among wildfire 
locations, Lewis’s woodpeckers likely exhibited different nest-site se
lection patterns at each location, and we either may not have included 
location-specific variables in our models, or relationships with variables 
may have changed across the locations (Fielding and Bell, 1997; 

Morrison, 2012; Aarts et al., 2013). 
Variation among locations in the timing of and distance to salvage 

logging may have affected how pre-fire canopy cover related to snag 
densities and nest site selection. Although logging has been found to 
affect woodpecker nest site selection and nesting densities (Saab et al., 
2007; Saab et al., 2009), logging extent and the intensity and distribu
tion within that extent varied among the locations such that logging 
relationships quantified at one location would not have been transfer
able to other locations (Latif et al., 2016). Given that we sought to 
emphasize predictive performance when selecting models to retain re
lationships with broad applicability for informing management in newly 
burned locations, we did not include logging in our models. 
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Fig. 2. Dose-response plots of weighted logistic regression habitat suitability index (HSI) relationships for nesting Lewis’s woodpeckers with underlying covariates 
for the selected remotely sensed (a) and combination (b) models. Grey ribbon shows 95% confidence interval, and dotted lines show low, moderate, and high HSI 
class thresholds. Covariates are: (a) local burn severity (LocΔNBR), landscape burn severity (LndΔNBR), landscape open canopy cover (LndCCop), landscape low 
canopy cover (LndCClo); (b) landscape burn severity (LndΔNBR), cosine-transformed aspect (cosasp), sine-transformed aspect (sinasp), tree size (DBH), and snag 
density (snag). Complete variable descriptions are in Table 2. We trained models on remotely sensed and a combination of field-measured and remotely sensed data 
from all four wildfire locations: Foothills, Idaho; Star Gulch, Idaho; Toolbox, Oregon; and Canyon Creek, Oregon, USA. 
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Fig. 3. Observed nest densities for Lewis’s wood
pecker habitat suitability index (HSI) gradients in 
burned forests. Shown are: two HSI thresholds—a 
lower threshold of 0.35 (remotely sensed) and 0.25 
(combination) and an upper threshold of 0.625 
(both)—to differentiate low, moderate, and high HSI 
classes (dotted vertical lines), equal-n moving- 
window bins of nest observations (closed black 
dots), distribution of nest site HSIs (rug), nest density 
estimates (open circles) with 95% confidence in
tervals for each HSI class (error bars) generated by 
bootstrapping 600 m × 600 m grids of the study units 
within each validation location. The selected models 
used for prediction at validation locations include 
those trained on remotely sensed variables only (a) or 
on a combination of remotely sensed and field- 
collected variables (b).   
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4.1. Model interpretation and management implications 

Our findings have implications for forest management in the dry 
conifer forests of the Inland Pacific Northwest both before and after 
wildfire. Patches of high burn severity, with high proportions of 0–40% 
canopy cover within 314 ha, populated by clusters of large diameter 
snags after wildfire, represent important conservation targets for Lewis’s 
woodpeckers. Mapped predictions from our models can aid managers in 
identifying areas with relatively highly suitable habitat for nesting 
where conservation would be most beneficial as well as areas of rela
tively lower suitability where management actions such as salvage 
logging could facilitate suitability for Lewis’s woodpecker nesting 
habitat. For example, carefully planned salvage logging could thin small 
diameter snags in areas of ≤40% pre-fire canopy cover on southeastern 
aspects, leaving clusters of large diameter snags, thereby accelerating 
habitat production—though not extending the overall time of habitat 
suitability—for nesting Lewis’s woodpeckers. 

Like others (Latif et al., 2016), models restricted to remotely sensed 
data predicted nesting habitat less effectively than those that included 
field-measured data, likely due to nest tree selection decisions being 
made at finer scales than remotely sensed data can characterize, but 
possibly due to diminished accuracy of spatial data. Higher resolution 
remotely sensed data (e.g., LiDAR; Lefsky et al., 2002) could enable 
spatial predictions of snag size and density, thereby allowing future 
application of the top combination model. Until such data become 
available, our remotely sensed models, containing widely and readily 
available covariates, adequately predicted nesting distributions allow
ing informed habitat mapping and management planning, and our 
combination models provided additional information especially rele
vant for fine-scale prediction and design of management prescriptions. 
For example, relationships with snag size (DBH), snag density, and 
aspect taken from our combination models could inform salvage logging 
by identifying highly suitable nest trees for retention while focusing 
these efforts on southeast-facing slopes. 

AICc-selected models were generally more complex (Table D1), and 
all AICc-selected remotely sensed models consistently performed poorly 
at predicting nest locations at the Foothills location. While our top 
models may not fully describe all relevant components of nesting habitat 
(i.e., they may exclude variables and relationships that increase nesting 
habitat suitability at particular locations), they likely describe the 
minimum components for suitable habitat. Along with our top predic
tive models, descriptive statistics and covariates appearing in other 
candidate predictive performance models are useful when designing 
silvicultural prescriptions (Appendix C and Table 3). For example, pos
itive relationships with landscape burn severity were included in both 
top remotely sensed models, so imitating the effect of higher burn se
verities at landscape scales with salvage logging prescriptions could 
increase nest densities. Ultimately, experimental data are needed for 
complete knowledge of how Lewis’s woodpecker nesting habitat is 
affected by management decisions (i.e., silvicultural practices; Buckland 
et al., 2009, Latif et al. 2012). 

To aid interpretation when informing management, we related HSIs 
to observed nest densities—showing density changes along HSI gra
dients—and we accordingly derived three suitability categories (low, 
moderate, and high) based on natural breaks in the relationship. These 
categories can be used to identify areas of moderate to high suitability 

that could be retained to maximize nest densities. For both remotely 
sensed and combination models, the high suitability category relates to a 
jump in nest densities to >2 hatched nests/100 ha. Therefore, retaining 
areas with remotely sensed model HSIs greater than 0.625 could allow 
for >2 hatched nests/100 ha. Managers can use nest density relation
ships with HSIs to inform planning and prioritize conservation and 
management actions to achieve particular nest density targets. 

Our top models are most applicable within the same range of con
ditions present at training locations (i.e., 2–5 years post-fire in dry 
conifer forests of the Inland Pacific Northwest). Models restricted to 
remotely sensed covariates are useful for mapping habitat across entire 
wildfire locations immediately post fire. To this end, we have included 
top-performing models developed here into the FIRE-BIRD ArcGIS 
toolbox (Latif et al., 2018), a GIS tool designed to aid forest managers in 
mapping woodpecker habitat suitability in recently burned dry mixed- 
conifer forests of the western US (https://www.fs.usda.gov/rmrs/too 
ls/fire-bird-habitat-suitability-model-application-tools-disturbance-asso 
ciated-woodpeckers). 
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Appendix A 

Table A1 
Plot sizes used for measuring snag density at nest and non-nest sites for Lewis’s woodpeckers in burned forest. Toolbox and Canyon Creek plots consisted of four, 50-m 
long transects, arranged in a plus-shape (perpendicular), centered on the nest/non-nest site. At Toolbox, all snags ≥23 cm DBH were measured along a 20-m wide 
transect. At Canyon Creek, snags ≥23 and <50 cm DBH were measured along a 6-m wide transect (to reduce the time necessary to complete vegetation measurements), 
and snags ≥50 cm DBH were measured along a 20-m wide transect. At Foothills and Star Gulch, all snags ≥23 cm DBH were measured within a single circular plot with 
a radius extending 11.3 m from the nest/non-nest tree. All snag densities were scaled to number per ha.  

Feature Measurement plot size 

Foothills Star Gulch Toolbox Canyon Creek 

Snags ≥23 & <50 cm DBH 401.15 m2 (11.3 m radius) 401.15 m2 (11.3 m radius) 4000 m2 (4 × 20 m × 50 m) 1200 m2 (4 × 6 m × 50 m) 
Snags ≥50 cm DBH 4000 m2 (4 × 20 m × 50 m)  

Appendix B 

Table B1 
Habitat suitability index (HSI) bins composition for validation locations used when calculating the resource selection 
function plot index (RPI). Shown are the total number of HSI observations (nest and non-nest) at each study location (n), 
the unit sizes composing of each bin (unit; with a standard bin width of 3 units), the number of HSI observations in each 
bin (bin), and the number of overlapping HSI observations within each bin (overlap).  

Location Bin structure 

n Unit Bin Overlap 

Foothills  254  22  66  44 
Star Gulch  132  11  33  22 
Toolbox (remotely sensed)  546  46  138  92 
Toolbox (combination)  169  14  42  28 
Canyon Creek  161  14  42  28    

n = 161 HSI observations (ordered by magnitude)

bin 1 (3 * unit) = 42

bin 2 = 42

overlap = 28

unit = 14

Fig. B1. Habitat suitability index (HSI) bins composition for validation locations used when calculating the resource selection function plot index (RPI). Here, we 
depict Canyon Creek as an example. At Canyon Creek, we ordered 161 HSI observations (49 nests and 112 non-nests) by increasing magnitude, then calculated a 
moving-window average across 42 observations at a time (three units of size 14), where the windows had an overlap of 28 observations. Shown are the total number 
of HSI observations (nest and non-nest; n), the unit sizes composing of each bin (unit; with a standard bin width of 3 units), the number of HSI observations in each 
bin (bin), and the number of overlapping HSI observations within each bin (overlap). 

Appendix C. Summary and descriptive statistics for nest and non-nest sites 

Table C1 
Complete list of environmental variables measured centered on nest and non-nest sites considered in habitat suitability models for Lewis’s woodpeckers. Data sources 
were remotely sensed GIS layers calculated at any of 3 spatial scales: pixel (0.09 ha = value from 30 m × 30 m pixel), local (0.81 ha moving window = 3 × 3 pixels), and 
landscape (314 ha moving window = 1-km radius circle). Cosine and sine aspect were set to 0 wherever slope was ≤2%.  

Variable name (abbreviation) Spatial scale (ha) Description (unit of measure; if any) 

Remotely sensed 
Local burn severity (LocΔNBR)a 0.81 Median index of ΔNBR using Landsat TM satellite imagery 
Landscape burn severity (LndΔNBR)a 314 Percent area high burn severity (> 366 ΔNBR) 
Local open canopy cover (LocCCop)b,c 0.81 Percent area ≤10% canopy cover for moving window 
Local low canopy cover (LocCClo)b,c 0.81 Percent area > 10 & ≤40% canopy cover for moving window 

(continued on next page) 
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Table C1 (continued ) 

Variable name (abbreviation) Spatial scale (ha) Description (unit of measure; if any) 

Local moderate canopy cover (LocCCmd)b,c 0.81 Percent area > 40 & ≤70% canopy cover for moving window 
Local high canopy cover (LocCChi)b,c 0.81 Percent area > 70 canopy cover for moving window 
Landscape open canopy cover (LndCCop)b,c 314 Percent area ≤10% canopy cover for moving window 
Landscape low canopy cover (LndCClo)b,c 314 Percent area > 10 & ≤40% canopy cover for moving window 
Landscape moderate canopy cover (LndCCmd)b,c 314 Percent area > 40 & ≤70% canopy cover for moving window 
Landscape high canopy cover (LndCChi)b,c 314 Percent area > 70 canopy cover for moving window 
Cosine aspect (cosasp)d 0.09 Cosine-transformed orientation of slope (north = 1, south = − 1) 
Sine aspect (sinasp)d 0.09 Sine-transformed orientation of slope (east = 1, west = − 1) 
Slope (slope)d 0.09 Topographic slope (% rise over run)  

Field collected 
Tree size (DBH) Tree Diameter at breast height (DBH) of the snag/tree (>1.4 m tall, and ≥23 cm) 
Snag density (snag) 1 Number of snags/ha ≥1.4 m tall and ≥ 23 cm DBH 

Spatial Data Source/Accuracy: 
a MTBS: Miller and Thode (2007) document the accuracy and validity of burn severity metrics. 
b LEMMA GNN CANCOV (canopy cover of all live trees)—overall accuracy of predicted to observed percent CANCOV: Canyon Creek correlation coefficient = 0.6975 

(Ohmann et al., 2014b); Toolbox correlation coefficient = 0.7437 (Ohmann et al., 2014a). 
c RSAC (canopy cover of all live trees)—overall accuracy of predicted to observed percent canopy cover: Foothills and Star Gulch correlation coefficient = 0.776 

(Johnson et al., 2000). 
d DEM (cosine & sine aspect): Gesch et al., 2014 (and see Table 4 therein for error by land cover class).   

Table C2 
Median and interquartile range (IQR) for model covariates at the Foothills (Idaho), Star Gulch (Idaho), Toolbox (Oregon), Canyon Creek 
(Oregon) wildfire locations for remotely sensed and field-collected variables. At Toolbox, data summary is shown for both remotely 
sensed (R), and combination datasets (C). See Table C1 for variable descriptions and units.  

Variable Foothills Star Gulch Canyon Creek 

Nest Non-nest Nest Non-nest Nest Non-nest 

Remotely sensed 
LocΔNBR 486.0 (272.8) 419.0 (268.0) 507.5 (267.3) 422.5 (221.8) 582.0 (267.0) 322.5 (252.5) 
LndΔNBR 45.9 (16.8) 42.6 (24.9) 43.4 (11.1) 44.1 (12.9) 45.6 (20.7) 45.5 (20.0) 
LocCCop 11.1 (33.3) 11.1 (44.4) 0.0 (11.1) 0.0 (19.4) 0.0 (0.0) 0.0 (11.1) 
LocCClo 22.2 (44.4) 33.3 (33.3) 33.3 (33.3) 22.2 (33.3) 55.6 (55.6) 44.4 (44.4) 
LocCCmd 11.1 (33.3) 11.1 (33.3) 44.4 (33.3) 22.2 (22.2) 22.2 (44.4) 44.4 (36.1) 
LocCChi 22.2 (66.7) 11.1 (36.1) 11.1 (30.6) 33.3 (66.7) 0.0 (0.0) 0.0 (0.0) 
LndCCop 40.1 (15.7) 41.9 (19.8) 20.9 (8.4) 24.7 (11.8) 8.7 (8.6) 7.3 (7.2) 
LndCClo 25.9 (6.7) 26.4 (7.1) 30.1 (5.2) 29.2 (3.3) 53.2 (16.1) 46.1 (14.5) 
LndCCmd 12.3 (3.2) 12.1 (3.5) 33.2 (10.4) 22.5 (9.2) 33.3 (23.5) 41.3 (16.6) 
LndCChi 20.3 (10.6) 20.9 (10.7) 11.4 (3.6) 16 (16.5) 2.1 (4.5) 1.9 (3.6) 
cosasp 0.8 (1.3) 0.4 (1.7) − 0.1 (1.6) 0.1 (1.5) − 0.8 (0.6) − 0.4 (1.6) 
sinasp 0.1 (0.8) 0.3 (0.9) 0.4 (0.7) − 0.1 (1.2) − 0.4 (0.7) − 0.2 (1.1) 
slope 20.5 (15.7) 18.2 (10.6) 15.2 (8.1) 17.7 (9.5) 8.5 (7.8) 10.9 (7.8)  

Field collected 
DBH 39.8 (26.2) 34 (12.8) 49 (18.4) 45.8 (26.6) 72.2 (22.6) 39.7 (20.9) 
snag 99.7 (93.5) 74.8 (81.0) 174.5 (168.3) 87.2 (99.7) 146.7 (110.0) 89.2 (88.3)   

Variable Toolbox 

Nest (R) Non-nest (R) Nest (C) Non-nest (C) 

Remotely sensed 
LocΔNBR 488.0 (210.5) 321.0 (272.5) 546.0 (206.5) 423.0 (368.3) 
LndΔNBR 39.6 (23.1) 35.1 (23.6) 47.5 (22.2) 40.8 (28.7) 
LocCCop 0.0 (0.0) 0.0 (0.0) 0.0 (0.0) 0.0 (0.0) 
LocCClo 11.1 (55.6) 0.0 (44.4) 0.0 (22.2) 0.0 (11.1) 
LocCCmd 88.9 (66.7) 77.8 (100.0) 100.0 (27.8) 100.0 (52.8) 
LocCChi 0.0 (0.0) 0.0 (0.0) 0.0 (0.0) 0.0 (0.0) 
LndCCop 13.2 (19.3) 11.1 (10.7) 9.2 (7.8) 9.2 (6.0) 
LndCClo 30.6 (12.4) 27.4 (11.7) 26.3 (11.4) 26.5 (7.5) 
LndCCmd 54.9 (32.4) 56.2 (18.1) 56.4 (11.3) 59.6 (9.0) 
LndCChi 0.2 (4.2) 0.7 (2.6) 0.7 (5.9) 1.0 (3.3) 
cosasp 0.1 (1.2) 0.0 (1.2) 0.0 (1.0) 0.3 (0.9) 
sinasp − 0.2 (1.0) 0.0 (0.9) − 0.1 (1.2) − 0.2 (0.6) 
slope 5.2 (6.3) 4.7 (6.1) 5.2 (5.9) 5.6 (6.6)  

Field collected 
DBH – – 77.0 (24.0) 31.0 (12.4) 
snag – – 77.5 (60.0) 57.5 (80.6)     
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Fig. C1. Box and whisker plots of top model covariates at the Foothills (Idaho), Star Gulch (Idaho), Toolbox (Oregon), Canyon Creek (Oregon) wildfire locations for 
remotely sensed and field-collected variables. Toolbox plots shown for both combination and remotely sensed, as we used different non-nest sites for remotely sensed 
data. See Table C1 for variable descriptions and units. 
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Appendix D 

Table D1 
Lewis’s woodpecker nest site selection models where ΔAICc ≤2 across four wildfire locations: Foothills, ID (FH), Star Gulch, ID (SG), Toolbox, OR (TB), and Canyon 
Creek, OR (CC) USA. Models were trained using pooled data from all four wildfire locations and were validated at individual locations. Models were composed of 
remotely sensed variables or a combination of remotely sensed and field-collected variables. We considered 256 and 1024 models for remotely sensed and combination 
variable models, respectively. We indicate positive association between nest tree and covariates by “+” and negative association by “-” after the covariate. Asterisks 
indicate coefficients with 95% confidence intervals not overlapping zero. We report change in AICc from the best-fitting model (ΔAICc). Models are ordered by 
increasing ΔAICc and we indicate unreported models from ΔAICc >2 to the intercept with ellipses. We also report mean and 95% confidence interval (95%CI) of area 
under the receiver operating characteristic curve (AUC) calculated at validation locations; minimum, mean, and 95%CI of the RSF plot index calculated at validation 
locations (RPI); and the number of model parameters (K). AICc where ∆AICc = 0 for remotely sensed models: 650.90, and combination models: 533.16.  

Model K ΔAICc RPI Min 
(Location) 

RPI Mean [95%CI] AUC Mean [95% 
CI] 

Remotely sensed 
cosasp(− )* + LocΔNBR(+)* + LndCCop(+)* + LndCClo(+)*  5  0 − 0.037 (FH) 0.706 [− 0.087, 

1.499] 
0.721 [0.478, 
0.964] 

cosasp(− )* + LocΔNBR(+)* + LndΔNBR(+) + LndCCop(+)* + LndCClo(+)*  6  0.72 0.265 (FH) 0.766 [0.230, 
1.303] 

0.719 [0.482, 
0.957] 

cosasp(− )* + LocΔNBR(+)* + LndCCop(+)* + LndCClo(+)* + LocCClo(+)  6  0.93 − 0.174 (FH) 0.677 [− 0.229, 
1.584] 

0.715 [0.456, 
0.974] 

cosasp(− )* + LocΔNBR(+)* + LndΔNBR(+) + LndCCop(+)* + LndCClo(+)* + slope(− )  7  1.1 − 0.141 (FH) 0.676 [− 0.192, 
1.545] 

0.712 [0.463, 
0.962] 

cosasp(− )* + LocΔNBR(+)* + LndCCop(+)* + LndCClo(+)* + slope(− )  6  1.19 − 0.323 (FH) 0.643 [− 0.383, 
1.669] 

0.717 [0.467, 
0.967] 

cosasp(− )* + LocΔNBR(+)* + LndCCop(+)* + LndCClo(+)* + sinasp(+)  6  1.42 − 0.028 (FH) 0.722 [− 0.074, 
1.518] 

0.702 [0.461, 
0.943] 

cosasp(− )* + LocΔNBR(+)* + LndΔNBR(+) + LndCCop(+)* + LndCClo(+)* + LocCClo(+)  7  1.74 0.018 (FH) 0.717 [− 0.028, 
1.462] 

0.713 [0.461, 
0.964]  

… 
Intercept  1  83.07 – – – 
Combination      
cosasp(− )* + DBH(+)* + LocΔNBR(+)* + LndΔNBR(+) + LndCCop(+)* + LndCClo(+) + sinasp 

(+)* + snag(+)*  
9  0 0.750 (FH) 0.876 [0.665, 

1.088] 
0.781 [0.546, 
1.016] 

cosasp(− )* + DBH(+)* + LocΔNBR(+)* + LndΔNBR(+)* + LndCCop(+)* + LndCClo(+) + sinasp 
(+)* + (− )slope + snag(+)*  

10  0.82 0.731 (FH) 0.863 [0.626, 
1.099] 

0.776 [0.532, 
1.021] 

cosasp(− )* + DBH(+)* + LocΔNBR(+)* + LndΔNBR(+) + LndCCop(+)* + sinasp(+) + snag(+)*  8  1.04 0.638 (SG) 0.836 [0.545, 
1.126] 

0.785 [0.543, 
1.027] 

cosasp(− )* + DBH(+)* + LocΔNBR(+)* + LndCCop(+)* + sinasp(+) + snag(+)*  7  1.06 0.748 (FH) 0.872 [0.649, 
1.095] 

0.792 [0.551, 
1.033] 

cosasp(− )* + DBH(+)* + LocΔNBR*(+)* + LndCCop(+)* + LndCClo(+) + sinasp(+)* + snag(+)*  8  1.42 0.773 (FH) 0.884 [0.685, 
1.084] 

0.788 [0.552, 
1.025]  

… 
Intercept  1  200.8 – – –  
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Lee, E.J., Müller, J., Rost, J., Żmihorski, M., Thorn, S., 2020. Salvage logging changes 
the taxonomic, phylogenetic and functional successional trajectories of forest bird 
communities. J. Appl. Ecol. 57, 1103–1112. https://doi.org/10.1111/1365- 
2664.13599. 

Gesch, D.B., Oimoen, M.J., Evans, G.A., 2014. Accuracy Assessment of the U.S. 
Geological Survey National Elevation Dataset, and Comparison With Other Large- 
area Elevation Datasets—SRTM and ASTER: U.S. Geological Survey Open-File 
Report 2014–1008, 10 p. https://doi.org/10.3133/ofr20141008. 

Haggard, M., Gaines, W.L., 2001. Effects of stand-replacement fire and salvage logging 
on a cavity-nesting bird community in Eastern Cascades, Washington. Northwest 
Science. 75 (4), 387–396. 

T.B. Cross et al.                                                                                                                                                                                                                                 

https://doi.org/10.1111/1365-2656.12061
https://doi.org/10.1111/1365-2656.12061
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0010
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0010
https://doi.org/10.1111/j.1466-8238.2007.00359.x
https://doi.org/10.1111/1365-2664.12117
https://doi.org/10.2307/2424609
http://www.asdar-book.org/
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0035
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0035
https://doi.org/10.1198/jabes.2009.08030
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0045
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0045
https://doi.org/10.1093/condor/duz062
https://doi.org/10.1093/condor/duz062
https://doi.org/10.4996/fireecology.130248173
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0060
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0060
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0060
https://doi.org/10.1214/ss/1177013815
https://doi.org/10.1214/ss/1177013815
https://doi.org/10.1111/j.2041-210X.2010.00036.x
https://doi.org/10.1111/j.2041-210X.2010.00036.x
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0075
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0075
https://doi.org/10.1017/S0376892997000088
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0085
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0085
https://doi.org/10.1093/condor/109.1.122
https://doi.org/10.1111/1365-2664.13599
https://doi.org/10.1111/1365-2664.13599
https://doi.org/10.3133/ofr20141008
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0105
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0105
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0105


Biological Conservation 253 (2021) 108811

14

Heikkinen, R.K., Marmion, M., Luoto, M., 2012. Does the interpolation accuracy of 
species distribution models come at the expense of transferability? Ecography 35, 
276–288. https://doi.org/10.1111/j.1600-0587.2011.06999.x. 

Hessburg, P.F., Agee, J.K., Franklin, J.F., 2005. Dry forests and wildland fires of the 
inland Northwest USA: contrasting the landscape ecology of the pre-settlement and 
modern eras. For. Ecol. Manag. 211, 117–139. https://doi.org/10.1016/j. 
foreco.2005.02.016. 

Hessburg, P.F., Spies, T.A., Perry, D.A., Skinner, C.N., Taylor, A.H., Brown, P.M., 
Stephens, S.L., Larson, A.J., Churchill, D.J., Povak, N.A., Singleton, P.H., 
McComb, B., Zielinski, W.J., Collins, B.M., Salter, R.B., Keane, J.J., Franklin, J.F., 
Riegel, G., 2016. Tamm review: management of mixed-severity fire regime forests in 
Oregon, Washington, and Northern California. For. Ecol. Manag. 366, 221–250. 
https://doi.org/10.1016/j.foreco.2016.01.034. 

Hirzel, A.H., Le Lay, G., Helfer, V., Randin, C., Guisan, A., 2006. Evaluating the ability of 
habitat suitability models to predict species presences. Ecol. Model. 199, 142–152. 
https://doi.org/10.1016/j.ecolmodel.2006.05.017. 

Hollenbeck, J.P., Bate, L.J., Saab, V.A., Lehmkuhl, J.F., 2013. Snag distributions in 
relation to human access in ponderosa pine forests. Wildl. Soc. Bull. 37, 256–266. 
https://doi.org/10.1002/wsb.252. 

Hurst, G.A., 1971. Effects of controlled burning on arthropod density and biomass in 
relation to bobwhite quail brood habitat on a right-of-way. In: Tall Timbers Conf 
Ecol Anim Control Habitat Manage Proc, p. 1971. 

Hutto, R.L., 1995. Composition of bird communities following stand-replacement fires in 
northern Rocky Mountain (USA) conifer forests. Conserv. Biol. 9, 1041–1058. 
https://doi.org/10.1046/j.1523-1739.1995.9051033.x-i1. 

Hutto, R.L., Gallo, S.M., 2006. The Effects of Postfire Salvage Logging on Cavity-Nesting 
Birds. The Condor: Ornithological Applications 108 (4), 817–831. https://doi.org/ 
10.1093/condor/108.4.817. 

Johnson, V., Vanderzanden, D., Lachowski, H., Saab, V., Brannon, R., Crist, C., 2000. 
Using Landsat Satellite Imagery to Assess Fire-created Habitat for Cavity-nesting 
Birds. USDA Forest Service Remote Sensing Applications Center. RSAC-12-RP1, 
pp. 1–11. 

Jolly, W.M., Cochrane, M.A., Freeborn, P.H., Holden, Z.A., Brown, T.J., Williamson, G.J., 
Bowman, D.M.J.S., 2015. Climate-induced variations in global wildfire danger from 
1979 to 2013. Nat. Commun. 6 (1), 7537. https://doi.org/10.1038/ncomms8537. 

Keating, K.A., Cherry, S., 2004. Use and interpretation of logistic regression in habitat- 
selection studies. J. Wildl. Manag. 68, 774–789. https://doi.org/10.2193/0022- 
541X(2004)068[0774:UAIOLR]2.0.CO;2. 

Kerr, J.T., Ostrovsky, M., 2003. From space to species: ecological applications for remote 
sensing. Trends Ecol. Evol. 18, 299–305. https://doi.org/10.1016/S0169-5347(03) 
00071-5. 

Koivula, J.M., Schmiegelow, F.K.A., 2007. Boreal woodpecker assemblages in recently 
burned forested landscapes in Alberta, Canada: effects of post-fire harvesting and 
burn severity. For. Ecol. Manag. 242, 606–618. https://doi.org/10.1016/j. 
foreco.2007.01.075. 

Krawchuk, M.A., Moritz, M.A., Parisien, M.A., Dorn, J.V., Hayhoe, K., 2009. Global 
pyrogeography: the current and future distribution of wildfire. PLoS One 4 (4), 
e5102. https://doi.org/10.1371/journal.pone.0005102. 

Kutner, M., Nachtsheim, C., Neter, J., Li, W., 2004. Applied Linear Statistical Models, 5th 
edition. McGraw-Hill/Irwin, Boston, Massachusetts, USA.  

Latif, Q.S., Saab, V.A., Dudley, J.G., Hollenbeck, J.P., 2013. Ensemble modeling to 
predict habitat suitability for a large-scale disturbance specialist. Ecology and 
Evolution 3, 4348–4364. https://doi.org/10.1002/ece3.790. 

Latif, Q.S., Saab, V.A., Hollenbeck, J.P., Dudley, J.G., 2016. Transferability of habitat 
suitability models for nesting woodpeckers associated with wildfire. The Condor: 
Ornithological Applications 118, 766–790. https://doi.org/10.1650/CONDOR-16- 
86.1. 

Latif, Q.S., Saab, V.A., Haas, J.R., Dudley, J.G., 2018. FIRE-BIRD: A GIS-based Toolset for 
Applying Habitat Suitability Models to Inform Land Management Planning. In: Gen. 
Tech. Rep. RMRS-GTR-391. Fort Collins, CO: U.S. Department of Agriculture, Forest 
Service, Rocky Mountain Research Station, 74 p.  

Lefsky, M.A., Cohen, W.B., Parker, G.G., Harding, D.J., 2002. LiDAR remote sensing for 
ecosystem studies. BioScience 52, 19–30. https://doi.org/10.1641/0006-3568. 

LEMMA, 2012. Landscape ecology, modeling, mapping, and analysis. https://lemma. 
forestry.oregonstate.edu/. 

Leverkus, A.B., Gustafsson, L., Lindenmayer, D.B., Castro, J., Benayas, J.M.R., Ranius, T., 
Thorn, S., 2020. Salvage logging effects on regulating ecosystem services and fuel 
loads. Front. Ecol. Environ. 18, 391–400. https://doi.org/10.1002/fee.2219. 

Lindenmayer, D.B., Burton, P.J., Franklin, J.F., 2008. Salvage Logging and Its Ecological 
Consequences. Island Press. 

Link, W.A., Barker, R.J., 2006. Model weights and the foundations of multimodel 
inference. Ecology 87, 2626–2635. https://doi.org/10.1890/0012-9658(2006)87 
[2626:MWATFO]2.0.CO;2. 

Liu, Y., Stanturf, J., Goodrick, S., 2010. Trends in global wildfire potential in a changing 
climate. For. Ecol. Manag. 259 (4), 685–697. https://doi.org/10.1016/j. 
foreco.2009.09.002. 

Liu, C., White, M., Newell, G., 2013. Selecting thresholds for the prediction of species 
occurrence with presence-only data. J. Biogeogr. 40, 778–789. https://doi.org/ 
10.1111/jbi.12058. 

Long, J.W., Skinner, C.N., Charnley, S., Hubbert, K., Quinn-Davidson, L., Meyer, M., 
2014. Post-wildfire management. In: Long, J.W., Quinn-Davidson, L., Skinner, C.N. 
(Eds.), Science Synthesis to Support Socioecological Resilience in the Sierra Nevada 
and Southern Cascade Range. Gen. Tech. Rep. PSW-GTR-247. USDA Forest Service, 
Pacific Southwest Research Station, Albany, California, pp. 187–220. 

Lowell, E.C., Rapp, V.A., Haynes, R.W., Cray, C., 2010. Effects of fire, insect, and 
pathogen damage on wood quality of dead and dying western conifers. In: Gen. 

Tech. Rep. PNW-GTR-816, 73. U.S. Department of Agriculture, Forest Service, 
Pacific Northwest Research Station, Portland, OR, p. 816. 

Mac Nally, R.C., R.P. Duncan, J.R. Thomson, and J.D.L Yen (2018). Model selection using 
information criteria, but is the “best” model any good? J. Appl. Ecol. 55:1441–1444. 
doi: 10.1111/1365-2664.13060. 

Maiorano, L., Falcucci, A., Boitani, L., 2006. Gap analysis of terrestrial vertebrates in 
Italy: priorities for conservation planning in a human dominated landscape. Biol. 
Conserv. 133, 455–473. https://doi.org/10.1016/j.biocon.2006.07.015. 

Manry, D.E., 1984. Factors influencing the use of winter-burnt grassland by foraging bald 
ibises Geronticus calvus. S. Afr. J. Zool. 19, 12–15. https://doi.org/10.1080/ 
02541858.1984.11447850. 

Miller, J.D., Thode, A.E., 2007. Quantifying burn severity in a heterogeneous landscape 
with a relative version of the delta normalized burn ratio (dNBR). Remote Sens. 
Environ. 109 (1), 66–80. https://doi.org/10.1016/j.rse.2006.12.006. 

Morrison, M.L., 2012. The habitat sampling and analysis paradigm has limited value in 
animal conservation: a prequel. J. Wildl. Manag. 76, 438–450. https://doi.org/ 
10.1002/jwmg.333. 

Newlon, K.R., Saab, V.A., 2011. Nest-site selection and nest survival of Lewis’s 
woodpecker in aspen riparian woodlands. Condor 113, 183–193. https://doi.org/ 
10.1525/cond.2011.100056. 

Ohmann, J., Gregory, M., Roberts, H., 2014a. LEMMA: GNN Accuracy Assessment Report 
Oregon and California Eastern Cascades (Modeling Region 227) Model Type: Basal- 
Area by Species-Size Combinations. GNN Accuracy Assessment Report. Oregon State 
University, pp. 1–27. http://lemma.forestry.oregonstate.edu. 

Ohmann, J., Gregory, M., Roberts, H., 2014b. LEMMA: GNN Accuracy Assessment Report 
Southeastern Oregon (Modeling Region 230) Model Type: Basal-area by Species-Size 
Combinations. GNN Accuracy Assessment Report. Oregon State University, pp. 1–27. 
http://lemma.forestry.oregonstate.edu. 

Pebesma, E.J., Bivand, R.S., 2005. Classes and methods for spatial data in R. R News 5. 
http://cran.r-project.org/doc/Rnews/. 

Pechony, O., Shindell, D.T., 2010. Driving forces of global wildfires over the past 
millennium and the forthcoming century. Proc. Natl. Acad. Sci. 107 (45), 
19167–19170. https://doi.org/10.1073/pnas.1003669107. 

Peterson, D.L., Agee, J.K., Aplet, G.H., Dykstra, D.P., Graham, R.T., Lehmkuhl, J.F., 
Pilliod, D.S., Potts, D.F., Powers, R.F., Stuart, J.D., 2009. Effects of Timber Harvest 
Following Wildfire in western North America. Gen. Tech. Rep. PNW-GTR-776, 51. U. 
S. Department of Agriculture, Forest Service, Pacific Northwest Research Station, 
Portland, OR, p. 776. 

Prestemon, J.P., Wear, D.N., Stewart, F.J., Holmes, T.P., 2006. Wildfire, timber salvage, 
and the economics of expediency. Forest Policy Econ. 8, 312–322. https://doi.org/ 
10.1016/j.forpol.2004.07.003. 

R Core Team, 2019. R: A Language and Environment for Statistical Computing. Austria, 
Vienna. https://www.R-project.org/.  

Raphael, M.G., White, M., 1984. Use of snags by cavity-nesting birds in the Sierra 
Nevada. Wildlife Monographs 86, 3–66. www.jstor.org/stable/3830575. 

Rost, J., Clavero, M., Brotons, L., Pons, P., 2012. The effect of postfire salvage logging on 
bird communities in Mediterranean pine forests: the benefits for declining species. 
J. Appl. Ecol. 49 (3), 644–651. 

Russell, R.E., Saab, V.A., Dudley, J.G., 2007. Habitat-suitability models for cavity-nesting 
birds in a postfire landscape. J. Wildl. Manag. 71, 2600–2611. https://doi.org/ 
10.2193/2007-034. 

Russell, R.E., Saab, V.A., Rotella, J.J., Dudley, J.G., 2009. Detection probabilities of 
woodpecker nests in mixed conifer forests in Oregon. Wilson J. Ornithol. 121 (1), 
82–88. https://doi.org/10.1676/08-026.1. 

Saab, V.A., Vierling, K.T., 2001. Reproductive success of Lewis’s woodpecker in burned 
pine and cottonwood riparian forests. Condor 103, 491–501. https://doi.org/ 
10.1093/condor/103.3.491. 

Saab, V.S., Dudley, J.G., 1998. Responses of Cavity-Nesting Birds to Stand-Replacement 
Fire and Salvage Logging in Ponderosa Pine/Douglas-Fir Forests of Southwestern 
Idaho. In: Res. Pap. RMRS-RP-11. Department of Agriculture, Forest Service, Rocky 
Mountain Research Station, Ogden, UT: U.S, p. 17. https://doi.org/10.2737/RMRS- 
RP-11. 

Saab, V.A., Dudley, J., Thompson, W.L., 2004. Factors influencing occupancy of nest 
cavities in recently burned forests. Condor 106, 20–36. https://doi.org/10.1093/ 
condor/106.1.20. 

Saab, V.A., Powell, H.D., Kotliar, N.B., Newlon, K.R., 2005. Variation in fire regimes of 
the Rocky Mountains: implications for avian communities and fire management. In: 
Saab, V., Powell, H. (Eds.), Fire and Avian Ecology in North America. Studies in 
Avian Biology, vol. 30, pp. 76–96. 

Saab, V.A., Russell, R.E., Dudley, J.G., 2007. Nest densities of cavity-nesting birds in 
relation to postfire salvage logging and time since wildfire. Condor 109, 97–108. 
https://doi.org/10.1093/condor/109.1.97. 

Saab, V.A., Russell, R.E., Dudley, J.G., 2009. Nest-site selection by cavity-nesting birds in 
relation to postfire salvage logging. For. Ecol. Manag. 257, 151–159. https://doi. 
org/10.1016/j.foreco.2008.08.028. 

Saab, V.A., Russell, R.E., Rotella, J., Dudley, J.G., 2011. Modeling nest survival of cavity- 
nesting birds in relation to postfire salvage logging. J. Wildl. Manag. 75, 794–804. 
https://doi.org/10.1002/jwmg.111. 

Saracco, J.F., Siegel, R.B., Wilkerson, R.L., 2011. Occupancy modeling of black-backed 
woodpeckers on burned Sierra Nevada forests. Ecosphere 2 (art31). https://doi.org/ 
10.1890/ES10-00132.1. 

Sing, T., Sander, O., Beerenwinkel, N., Lengauer, T., 2005. ROCR: visualizing classifier 
performance in R. Bioinformatics 21, 3940–3941. https://doi.org/10.1093/ 
bioinformatics/bti623. 

Swets, J.A., 1988. Measuring the accuracy of diagnostic systems. Science 240, 
1285–1293. https://doi.org/10.1126/science.3287615. 

T.B. Cross et al.                                                                                                                                                                                                                                 

https://doi.org/10.1111/j.1600-0587.2011.06999.x
https://doi.org/10.1016/j.foreco.2005.02.016
https://doi.org/10.1016/j.foreco.2005.02.016
https://doi.org/10.1016/j.foreco.2016.01.034
https://doi.org/10.1016/j.ecolmodel.2006.05.017
https://doi.org/10.1002/wsb.252
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0135
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0135
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0135
https://doi.org/10.1046/j.1523-1739.1995.9051033.x-i1
https://doi.org/10.1093/condor/108.4.817
https://doi.org/10.1093/condor/108.4.817
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0145
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0145
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0145
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0145
https://doi.org/10.1038/ncomms8537
https://doi.org/10.2193/0022-541X(2004)068[0774:UAIOLR]2.0.CO;2
https://doi.org/10.2193/0022-541X(2004)068[0774:UAIOLR]2.0.CO;2
https://doi.org/10.1016/S0169-5347(03)00071-5
https://doi.org/10.1016/S0169-5347(03)00071-5
https://doi.org/10.1016/j.foreco.2007.01.075
https://doi.org/10.1016/j.foreco.2007.01.075
https://doi.org/10.1371/journal.pone.0005102
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0170
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0170
https://doi.org/10.1002/ece3.790
https://doi.org/10.1650/CONDOR-16-86.1
https://doi.org/10.1650/CONDOR-16-86.1
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0185
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0185
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0185
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0185
https://doi.org/10.1641/0006-3568
https://lemma.forestry.oregonstate.edu/
https://lemma.forestry.oregonstate.edu/
https://doi.org/10.1002/fee.2219
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0205
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0205
https://doi.org/10.1890/0012-9658(2006)87[2626:MWATFO]2.0.CO;2
https://doi.org/10.1890/0012-9658(2006)87[2626:MWATFO]2.0.CO;2
https://doi.org/10.1016/j.foreco.2009.09.002
https://doi.org/10.1016/j.foreco.2009.09.002
https://doi.org/10.1111/jbi.12058
https://doi.org/10.1111/jbi.12058
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0225
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0225
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0225
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0225
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0225
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0230
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0230
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0230
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0230
https://doi.org/10.1016/j.biocon.2006.07.015
https://doi.org/10.1080/02541858.1984.11447850
https://doi.org/10.1080/02541858.1984.11447850
https://doi.org/10.1016/j.rse.2006.12.006
https://doi.org/10.1002/jwmg.333
https://doi.org/10.1002/jwmg.333
https://doi.org/10.1525/cond.2011.100056
https://doi.org/10.1525/cond.2011.100056
http://lemma.forestry.oregonstate.edu
http://lemma.forestry.oregonstate.edu
http://cran.r-project.org/doc/Rnews/
https://doi.org/10.1073/pnas.1003669107
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0285
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0285
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0285
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0285
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0285
https://doi.org/10.1016/j.forpol.2004.07.003
https://doi.org/10.1016/j.forpol.2004.07.003
https://www.R-project.org/
http://www.jstor.org/stable/3830575
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0305
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0305
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0305
https://doi.org/10.2193/2007-034
https://doi.org/10.2193/2007-034
https://doi.org/10.1676/08-026.1
https://doi.org/10.1093/condor/103.3.491
https://doi.org/10.1093/condor/103.3.491
https://doi.org/10.2737/RMRS-RP-11
https://doi.org/10.2737/RMRS-RP-11
https://doi.org/10.1093/condor/106.1.20
https://doi.org/10.1093/condor/106.1.20
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0325
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0325
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0325
http://refhub.elsevier.com/S0006-3207(20)30869-7/rf0325
https://doi.org/10.1093/condor/109.1.97
https://doi.org/10.1016/j.foreco.2008.08.028
https://doi.org/10.1016/j.foreco.2008.08.028
https://doi.org/10.1002/jwmg.111
https://doi.org/10.1890/ES10-00132.1
https://doi.org/10.1890/ES10-00132.1
https://doi.org/10.1093/bioinformatics/bti623
https://doi.org/10.1093/bioinformatics/bti623
https://doi.org/10.1126/science.3287615


Biological Conservation 253 (2021) 108811

15
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