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Abstract 

Statistical modeling is commonly used to describe the relationship between a species and 

its environment. When species data are in the form of presence and absence, logistic regression 

is commonly used to develop statistical models. An important component of model building is 

model validation. Validation most generally is an assessment of the quality of the model and has 

several subcomponents. Validation of logistic regression models typically focuses on the 

predictive performance of the model. In this report, we evaluate the predictive performance of 

models developed for species in relation to stand structural characteristics of forests. We present 

the validation results for 16 species. Although some models performed well (i.e., good predictive 

accuracy) when assessed with the data used to construct the model, results were poor when 

applied to an independent data set. The relationship with structure variables often varied among 

years. Generally, models did not perform well to spatial validation tests and were variable among 

years. Models developed with Vegetation Resource Inventory (VRI) data tended to perform 

better when spatially validated than stand or plot models, but fewer VRI models had reasonable 

predictive accuracy. There were no clear trends that we could use to predict when models would 

perform well in spatial validation. The stand-structure classification variable was not selected for 

any of the “best” models, based on Akaike Information Criteria and prediction accuracy. Plot and 

stand models included variables that described spatial aspects of structure, which may suggest 

that stand-structure classification may need to include aspects of spatial relationships if it is to be 

further developed into a surrogate measure of species distributions and a biodiversity monitoring 

tool.  
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Introduction 

Conservation of biodiversity and ecosystem management are concepts that managers 

strive towards, but that are difficult objectives to monitor or implement on the ground.  Because 

it is impossible to monitor all species in an environment, numerous efforts have been directed 

towards monitoring only surrogate measures of biodiversity. The use of indicator and umbrella 

species to monitor population trends and to assess the magnitude of change on species 

assemblages have had mixed results (Caro and O’Doherty 1999, Simberloff 1999). Further, 

attempts to manage indicator species may be misguided if those wildlife species cease to indicate 

the status of other species or characteristics of the environment (Lindenmayer 1999). Land 

managers interested in maximising timber values are seeking ways to integrate forest inventories, 

intended for growth and yield, and the related structural measures, to the monitoring of 

biodiversity. In doing such, forest managers will better balance the multiple values of the forest 

resource.  

Over the past 4 years, we have been working with Lignum (now Tolko Industries Ltd.) 

on their Innovative Forest Practices Agreement (IFPA) area to develop a scientifically credible 

framework for measuring and monitoring species diversity.  Following an extensive literature 

review of the structural and biological requirements of all amphibian, reptile, bird and mammal 

species believed to occur within the study area, we assembled groups of vertebrate species that 

share similarities in habitat used for breeding and feeding by their hypothesized relationship to 

measurable structural aspects of forests.  The overall goal of this approach is to contribute to the 

management of forests in an ecologically sustainable manner through the provision of habitats 

for all associated organisms and to anticipate the biological needs of those species during and 

following management activities. 
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Managing forests based on structural characteristics is a concept that largely arose from 

the ecosystem management paradigm and recognizes the diversity and variability of forest 

structure in natural systems. The underlying premise of this approach suggests that forest 

operations that approximate natural disturbance processes are most likely to conserve 

biodiversity (Hobson and Schieck 1999).  In British Columbia, the Biodiversity Guidebook (B.C. 

Ministry of Forests 1995) states “the more that managed forests resemble the forests that were 

established from natural disturbances, the greater the chances that all native species and 

processes will be maintained”. This premise, however, has rarely been tested.  Similar extensions 

of untested structural relationships exist within the Forest and Range Practices Guidelines 

(Province of British Columbia 2004). 

Successional processes associated with structural and compositional diversity help to 

define vertebrate communities by contributing to niche diversification and shaping trophic 

pathways (Carey 1998). The habitat needs of most forest organisms can be met by maintaining a 

variety of patch sizes and seral stages at the stand level, maintaining connectivity across a 

heterogeneous landscape to ensure continued dispersal and wildlife corridors, and maintaining 

large enough blocks to provide interior forest at a larger scale. These management goals require 

that some structural attributes related to species monitoring must be necessarily spatial; others 

must be linked to stand size. It ensues, then, that biodiversity is not distributed evenly across the 

landscape. Further, the structural attributes required within different groupings of species may be 

highly variable, particularly for those species encompassing disparate or widely separated 

habitats. Hence, our research does not test a general hypothesis that forest management has no 

effect on wildlife species richness, abundance, or distribution of species, but rather it recognizes 

that forest management alters stand-level and landscape-level features, including plant 

composition, stand structural complexity, connectivity, and heterogeneity (Lindenmayer et al. 
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2000). The extent of these alterations is regulated by prescriptions that rely heavily on structural 

attributes.  To be able to predict the consequences of forest planning activities on the landscape 

(e.g., stand forecasting models), the forest manager must be able to correctly predict the effects 

of altering forest structures on the presence or absence of vertebrate species. 

The biodiversity of a landscape is not determined solely by its avian and mammalian 

components, or even by the entire assemblage of vertebrate species.  Invertebrates represent by 

far the largest component of species within most ecosystems. We have chosen to concentrate on 

vertebrate species, however, because (1) understanding of the ecology of these species is 

generally sufficient for the groupings of lifeforms, (2) the structure of vertebrate communities is 

associated with successional processes (Carey 1998) and, therefore, forest operations, and (3) 

existing sampling protocols for vertebrates allow for effective sampling across the landscape. 

Our original project was designed to test the effectiveness of using assemblages of 

vertebrates and their structural needs to reduce the monitoring tasks of the forest land managers 

through the development of species-structure models.  Models that build on the relationships 

between species and their environments provide an important tool for biodiversity monitoring. 

To be effective, models need to be explicitly tested (Guisan and Zimmerman 2000; Scott et al. 

2002) and model validation is a vital component to confidently implement monitoring objectives 

(Ottaviani et al. 2004). The process of validation can increase the understanding of species-

habitat relationships (Fleishman et al. 2002), the limitations of the statistical model application, 

and whether or not the model is appropriate for its intended use (Rykiel 1996). Understanding 

the strengths and limitations of model application will ultimately enable more effective 

implementation of biodiversity objectives.  This report deals only with the validation of those 

models. 
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Statistical approaches to species-habitat modeling vary with modeling objectives and 

available types of data (Guisan and Zimmermann 2000).  Logistic regression is often the 

preferred method to model species presence or absence in relation to habitat variables (Manel et 

al. 1999; Pearce and Ferrier 2000). The resulting logistic equation predicts the probability of 

species presence given independent variables and parameters (i.e., the intercept and β- 

coefficients). Validation of logistic regression models usually focuses on the accuracy of 

predictions (Fielding and Bell 1997; Johnson 2001) and is judged on: 1) reliability - the accuracy 

of the predicted likelihood of occurrence; and, 2) discrimination - the ability of the model to 

accurately distinguish between occupied and unoccupied sites (Pearce and Ferrier 2000).  

Further assessment of the sources of prediction error can lead to improved understanding 

of the ecological associations among the species and its habitat as well as the utility of the model. 

Prediction inaccuracy can occur due to errors in specifying the model, inappropriate statistical 

assumptions, measurement errors, and uncertainty related to natural variation (Elith and 

Burgman 2002; Fielding 2002).  

Our objectives for the portion of our research funded by the Forest Sciences Program 

(FSP) were to: 1) determine the prediction accuracy of models when applied to independent data 

collected at new sites within the warm-dry subzone of the Interior Douglas Fir and warm-moist 

subzone of the Sub-boreal Pine Spruce biogeoclimatic zones; 2) assess the effects of temporal 

variation on the prediction accuracy of the vertebrate-structure models; and 3) test specific 

species-structure associations identified by our models that were not identified in our initial 

classification. 
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Methods 

Study area 

The data for model development were collected near the northern extent of the dry warm 

subzone of the Interior Douglas Fir (IDF) Biogeoclimatic zone (51°51’N, 121° 50’W; Meidinger 

and Pojar 1991; Figure 1) from May 2001 through January 2004 within Lignum Ltd.’s (now 

Tolko Industries Ltd) Innovative Forest Practices Area (IFPA). In 2004, the study area was 

extended within the IDF and to the south-east extent of the moist cool subzone of the Sub-Boreal 

Pine Spruce (SBPS) Biogeoclimatic zone (Figure 1). The IDF is characterised by stands of 

closed- and open-canopy Douglas fir (Pseudotsuga menziesii). At higher elevations, or where 

crown fires have occurred in the past, lodgepole pine (Pinus contorta) is common and there are 

localised stands of hybrid white spruce (Picea engelmannii x glauca) and trembling aspen 

(Populus tremuloides). At lower elevations some areas contain large grassland communities. The 

area is particularly diverse for vertebrate species as several are at the northern limit of their range 

(Stevens 1995). Large-scale, frequent fires characterized the SBPS resulting in lodgepole pine as 

the dominant species. On moist sites white spruce (Picea glauca) dominates. The understory is 

represented by a cover of low growing shrubs and mosses (Steen and Coupe 1997). Wetlands are 

common throughout this zone. Grazing, primarily in the IDF, but also the SBPS, and forest 

harvesting are predominant anthropogenic disturbances and insect outbreaks continue to 

influence stand dynamics of both biogeocliamtic zones. 

Structural Data 

We established 243 plots in 2001 (n = 219) and 2002 (n = 24) to collect data for model 

development within the IDF dk3 and 123 plots in 2004 for collection of validation data 

distributed within the IDF dk3 (n = 32) and SBPSmk (n = 91).  Twenty-three of the plots in the  
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Figure 1. The location of the study area (51°51’N, 121° 50’W) in British Columbia, Canada. We 
established 243 plots (inset) and surveyed them May 2001 – January 2004 to collect data for 
development models. In 2004 we established an additional 123 plots to assess the prediction 
accuracy of these models. The town of Lac la Hache is mapped for reference. 
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SBPS were very close to the IDF boundary and had a large component of Douglas fir (Figure 1). 

Consequently, the new plots were distributed along a gradient through the IDF into the SBPS. In 

2004 we continued visiting a subset of the plots established in 2001-2002 for temporal validation 

of models (n = 90). Plots were selected to encompass a wide range of structural characteristics at 

a range of spatial scales. Each plot was connected by a 150-m or 300-m transect. Each transect 

was flagged to ensure that the same route was followed on successive visits. During the fall 

(2001) and winter (2001-2002 and 2002-2003), industrial activity in the study area resulted in the 

major (e.g., complete removal of trees, n =15) to minor alteration (e.g., skid trail, n = 10). 

We measured several structural characteristics at each plot using an established protocol 

(Gillingham and Parker 2001). Initial plot layout and stratification was accomplished using a 

Geographic Information System (GIS) with forest cover and orthophoto layers. At each plot, we 

used surveyor tapes, laid out on perpendicular axes through plot centre, to measure shrub species 

and cover, canopy gaps, and coarse woody debris along the intercept. For coarse woody debris, 

we recorded the diameter of the piece perpendicular to where it crossed the axis, the tree species, 

decay class, and any sign of use by wildlife. At five, 2-m radius plots located at plot centre and at 

11.28 m away from plot centre on each axis (Figure 2), we measured the coverage for litter, 

coarse woody debris, herb species, moss and lichens, shrub species, sapling species, bare ground, 

and rock. Within a 5.64-m radius plot around plot centre we tallied all trees and stumps and all 

trees >30 cm diameter at breast height (DBH) and snags within an 11.28-m radius. For these 

trees we recorded DBH, height, species, health, evidence of wildlife use, and whether or not the 

tree was standing or fallen. Each tree and sapling location within the plot was also stem mapped. 

We recorded general information for each plot including canopy closure around plot centre 

(average of 4 measurements taken on each axes), aspect, slope, canopy stratification and 

complexity, disturbance history (evidence of fire, grazing, logging), any wildlife species detected 
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Figure 2. Schematic of the vegetation sampling scheme used to assess the vegetation and 
other structures present in each of the sampling plots. 

11.28-m radius plot: live trees ≥ 
30 cm DBH; snags ≥7.5 cm 
DBH 

1

Plot Centre: 4 densiometer 
readings; general plot 
attributes 

24-m transects used for 
CWD (>7.5cm), shrub 
intercept and canopy gap 
distribution 

12-m extensions 
for CWD≥ 30cm 
diameter 

5.64-m radius circle: trees and 
snags ≥ 7.5cm; count trees <7.5 
cm but >1.3m tall; estimate 
canopy coverage 

2-m radius subplots: percent 
cover in layers from ground to 
canopy. 

11m
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while taking vegetation measures or their sign, and the elevation (in m) above sea level (Garmin 

eTrex GPS, Olathe, Kansas). We averaged vegetation data collected at multiple plots measured 

within stands, as defined by forest inventory polygons, to create stand level variables. 

We were supplied vegetation resource inventory (VRI) data by Lignum Ltd., the forest 

company that operates in our study area and the project’s industrial partner (now Tolko 

Industries Ltd.). The VRI is the provincial standardized program (Province of British Columbia 

2002) to document location and volume of forest resources, including standing timber and non-

harvest resources such as coarse woody debris. The inventory is carried out in 2 phases: photo 

interpretation and ground sampling. The VRI program is relatively young and not yet fully 

implemented; therefore, non-harvest data were largely missing. These data also included a 

variable to describe the structure class, a 17-class system developed specifically for Lignum Ltd. 

that categorizes forest structure, primarily vertical, by cumulative distribution plots of basal area 

per ha and tree stems per ha (Moss 2002). It was developed to distinguish differences between 

narrow- and wide-ranging diameter distributions (Moss and Farnden 2004).  

Because the study area is currently undergoing a major mountain pine beetle 

(Dendroctous ponderosae Hopkins) outbreak we also included beetle presence as a potential 

predictor variable for some species. These data were derived from our plot surveys as well as 

provincial overview survey maps for stand level presence. The overview maps were obtained 

from BC Provincial Government aerial forest health surveys (Ministry of Forests 20001). Using 

the ArcView GIS extension Patch Analysts 3.1 (Rempel and Carr 2003), we created a 75-m 

buffer around plot centres and intersected this layer with the provincial data layer, which 

contained the insect pest distribution data. In cases where provincial maps and our plot data 

                                                 
1 Mountain pine beetle data for this region in the form of shape files were obtained from the following locations: 
2001, http://www.for.gov.bc.ca/ftp/HFP/external/!publish/Aerial_Overview/2001/; 2002, 
http://www.for.gov.bc.ca/ftp/HFP/external/!publish/Aerial_Overview/2002/; 2003, 
http://www.for.gov.bc.ca/ftp/HFP/external/!publish/Aerial_Overview/2003/ 
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disagreed we reviewed transect data and helicopter survey data provided to us by our industrial 

partner. 

 To obtain landscape-level attributes, we sub-setted a Landsat 7 (30-m resolution) image 

of the study area (July 2002) and used PCI Works  GIS software (version 7.0; PCI Geomatics 

Corp. 2001) to complete a supervised maximum likelihood classification. Six habitat classes 

were identified: water, nonforest, early seral, shrub and aspen, moderate retention conifer, and 

conifer. We used colour airphotos, orthophotos, and the vegetation data collected at plots to seed 

areas for training and to assess the accuracy of the classification (Figure 3). We calculated 

landscape metrics using the Patch Analyst 3.1 (Grid) extension (Rempel and Carr 2003) for 

ArcView GIS. This extension incorporates a user interface to the PC raster version of 

FRAGSTATS 2 (McGarigal and Marks 1995) and facilitates the calculation of landscape metrics 

for user specified regions. We intersected the classification layer with a buffer created around 

plot centres at 3 scales: 2 ha, 50 ha, and 300 ha. This process was repeated for stand 

measurements after creating a polygon centroid to centre buffer creation. Distance from plot 

centres and polygon centroids to specific features and structures (e.g., water, major edge, road) 

were estimated using ArcView GIS. 

Vertebrate Species Detections 

Point Counts 

The centre of each of plot was used as a station for point counts (Wilson et al. 2000) to 

detect calling and singing birds. Point counts began no earlier than 30 min before sunrise and 

were ceased no later than 1000 hours from late-May until early-July. Upon arrival at each plot 

the observer would orient themselves north and after a one-min settling period began the 6-min 

recording period. Distance and direction to bird from plot centre was estimated and recorded as 

either within 50 m, 50-75 m, or outside 75 m on a standardised form. Each detection was  
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Figure 3. A portion of the study area depicting the classified landscape. Six landscape classes were delineated. Two-, 50-, and 
300-ha buffers were created around plot centers and centroids of stand polygons (not shown) then intersected with the landscape 
classification to calculate statistics for each plot describing landscape characteristics and cover types. See text for more detail. 
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assigned a species and activity code (i.e., song, call, visual, flyover, or drumming). Observers 

were rotated between plots (one visit per observer per plot) and direction of travel along the 

transect was changed between surveys to reduce bias associated with the observer and time of 

day. Poor weather such as high winds, rain, and fog can inhibit both bird behaviour and observer 

ability; therefore, surveys were only conducted in appropriate weather conditions. Each plot was 

visited 3 times per year. Data were entered into a database and georeferenced for importing into 

a GIS. 

Playback 

We conducted woodpecker playbacks from mid-May until mid-June, usually at every 

other plot (minimum distance of 300 m between playback stations). The call playback technique 

attempts to solicit woodpecker responses to broadcasted recordings of their calls and drumming 

(Johnson et al. 1981). Each plot was surveyed 3 times per year. Woodpecker surveys were not 

conducted past 1100 hours and only in appropriate weather conditions as for point-counts. A pre-

recorded cassette tape of the calls and drumming of the 7 species expected to occur in the study 

area was broadcasted starting from the smallest species (Downy Woodpecker, Picoides 

pubescens) and ending with the largest species (Pileated Woodpecker, Dryocopus pileatus). The 

observer rotated the speaker of the recorder so that the call and drumming was broadcasted in all 

directions. When a woodpecker was detected, distance and direction to bird from plot centre 

were estimated and recorded as for point counts. Passive sampling was also conducted at each 

plot in conjunction with point count surveys. When point-counts were conducted in conjunction 

with playbacks, playbacks were always conducted after the passive listening period of the point 

count was over. These data were entered and georeferenced as for point-count data.  
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Encounter Transects and Time constrained Searches 

Along the established transects connecting plots we conducted encounter-transect surveys 

with unlimited width. If a species was detected along the transect, a Global Positioning System 

(GPS) waypoint (Garmin eTrex GPS, Olathe, Kansas) was recorded with species ID, distance 

and bearing from waypoint, as well as a sign code (singing, call, visual, den/nest, track, remains, 

browse, or feces). All detections were entered into a database and georeferenced for importing 

into GIS.  

In 2001, we conducted time-constrained searches for amphibian and reptiles at both the 

plot level and along transects. These searches involve lifting cover and replacing cover objects 

with a restriction on the amount of time spent searching. We also searched ponds and riparian 

areas for presence of amphibians (all life stages). These searches produced relatively few 

detections for the effort spent; therefore, in 2002 - 2004 we incorporated search methods (e.g., 

lifting cover objects) into encounter transects and marsh surveys. Auditory detections for vocal 

amphibian species were also recorded opportunistically during owl playback and dusk marsh 

surveys. 

Owl Surveys 

We established several roadside-calling stations for owl playback surveys at locations 

that maximised the coverage of stands where we had established our plots. Calls for each owl 

species was broadcasted 3 times, progressing from smallest species to the largest species 

(Northern Pygmy; Glaucidium gnoma, Northern Saw-whet,  Aegolius acadicus; Boreal, Aegolius 

funereus; Short-eared, Asio flammeus; Long-eared, Asio otus ; Barred, Strix varia; Great-horned, 

Bubo virginianus; and Great Grey, Strix nebulosa), using a prerecorded CD and megaphone.  

Surveys were conducted from late April until late May, as well as on visits during winter months 
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for winter residents. Passive owl detections were recorded throughout the season. These data 

were entered into the species database as were encounter transect waypoints. 

Infra-red Cameras 

We used remote infra-red camera systems to passively record the presence of larger 

vertebrates in our plots. We used 7 TrailMaster TM1000 (Goodson & Associates, Inc. Lenexa, 

KS) active infrared monitoring systems and 3 TrailMaster TM550 passive infrared systems. The 

2-piece active infrared trail uses an invisible infrared beam across the trail between the 

transmitter and receiver (30 m range). When the beam is broken for the specified length of time a 

camera is triggered to photograph the area. All events were logged on the receiver and 

photographs were indexed to specific times. The passive infrared trail monitor is a single unit 

that detects the combination of heat-and-motion in the area it is monitoring. The area of 

sensitivity forms a wedge radiating outward in front of the monitor. This wedge is 20 m deep and 

spreads 150° wide. Any warm-blooded animal that moves within this wedge registers as an event 

and a photograph is triggered when user-specified criteria are met.  

In 2001, camera systems were rotated through the plots on a 3-day schedule in 

conjunction with small mammal trapping activities (see below). Due to low detection rates in 

2001 we modified this method in 2002 so that cameras were not in locations with continuous 

human activity and the number of days in one location was extended to a maximum of 7 days. 

Again detection rates were low. In 2003 and 2004, we used the remote systems specifically in an 

attempt to clarify the identification of species that are typically difficult to confirm based on 

fecal sign alone due to overlap in size and amount of individual variation (e.g., mustelids and 

canids). Cameras were, therefore, placed in locations at or near previously documented scat of 

these types for a minimum of 12 days, which is the recommended minimum based on the travel 

behaviour of weasels through their home ranges (Zielinski and Kucera 1995). 



 

 17

Small Mammal Trapping 

We conducted live trapping for small terrestrial mammals in all years. In 2001, 4 

Sherman collapsible live traps (H. B. Sherman Traps, Inc. Tallahassee, FL) were placed at 25-m 

intervals along the primary and secondary axes of the plot (Figure 4). Each trap location was pre-

baited for a minimum of 24 hours prior to deploying live traps. We trapped over 3 nights, 

opening the traps at dusk and checking them beginning at dawn. In 2002 we increased trapping 

effort to 8 traps / plot. We placed each trap at 25 m in 45o increments from the plot centre. In the 

first trapping season of 2002 we marked all animals captured with ear tags to identify recaptures 

for estimates of relative abundance. In 2003 and 2004 live trapping was reduced to 4 traps, 

partially due to a smaller crew size. In all cases, each trap contained a small piece of carrot to 

provide moisture, oats and sunflower seed for energy, and a small wad of cotton bedding for 

warmth. 

In 2002, we conducted a second round of day trapping at approximately 50% of the plots. 

Due to time constraints we selected plots based on capture success and diversity from first round. 

We pre-baited the trap location for 24 hours prior to deploying the trap as for night trapping; 

however, we opened traps at dawn on 3 consecutive days and checked them between 4 and 7.5 

hours after opening. Due to what appeared to be a high loss of ear tags, we clipped hair on 

individuals to identify recaptures. The change in method (time of day) was an attempt to increase 

the diversity of species captured, as red-back voles (Clethrionomys gapperi) dominated 

overnight captures.  

Bat detections 

In 2002-2004 we surveyed bats at plot centres using Anabat™ broadband bat detectors 

coupled with Zcaim recording units (Titley Electronics, Ballina NSW, Austrailia) that record 

echolocation calls directly to a flash disk. We placed Anabat™ detectors 1.3 m off the ground, at  



 

 18

 

 

25 meters 

     Trap location all years 

  
 

    Trap locations 2002  

Secondary axis

Pr
im

ar
y 

A
xi

s 

45o

 
 
 
Figure 4. Plot layout and small mammal trap locations. In all years we placed traps at 
positions along the primary and secondary axis. In 2002 additional traps were placed at 
45o incremental (total 8 traps). The primary axis also acts as the incoming bearing of the 
transect. The secondary axis is perpendicular to that bearing.  
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an angle of 45o and directed north. At sites where established transects could be safely navigated 

at night, plots were surveyed in a transect method. Bat activity was recorded for a minimum of 

30 min at each plot before moving the detector to a new plot along the transect. Sampling was 

conducted between 2000 and 0200 hours on 3 consecutive nights, unless weather conditions 

precluded sampling (rain or strong wind). On each successive night we switched the direction 

traveled along the transect so that plots were visited at different times. During the 3-night period 

one plot was sampled throughout the night for the entire survey period to obtain a reference of 

overall nightly bat activity and variation between nights.  

Where terrain or vegetation made it difficult and dangerous to travel at night detectors 

were placed at plot centres and programmed to record data from 2000 to 0600 hours for 4 

consecutive nights. We mist-netted bats to obtain reference calls for the identification of 

echolocation calls recorded using discriminant function analyses (DFA; Statistica 6.0, StatSoft, 

Inc. 2003).  Due to similarity in echolocation call design for species belonging to the genus 

Myotis species, we grouped detections into one of 3 groups (Table 1).  Variation in calls of big 

brown (Eptesicus fuscus) and silver-haired (Lasionycteris noctivagans) bats can also lead to 

misclassification so detections from these species were identified, but also included in a 

combined group (Table 1).  A sample sonogram is shown in Figure 5. 

Winter Snow Tracking 

We conducted snow-tracking surveys along all pre-established transects routes 

connecting plot centers twice in 2002 during the months of January, February, and March and 

once in January and February 2004 at 4 sites accessible by vehicle. We considered conditions 

suitable for tracking after a significant snowfall (accumulation of >5cm), stable temperatures, 

and low winds (Beauvais and Buskirk 1999). Poor snow conditions in the 2002-2003 and 2003- 
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Table 1. Bat echolocation frequency and species groupings. Identification was based primarily 
on the maximum and minimum frequency and slope characteristics. 
 
 

Minimum 
frequency 

Species membership Slope characteristic Confirmed Presence in 
Study Area 

≤30-35 Khz Western Long-eared 
Myotis 

Steep slope with little or no 
curve 

Yes 

≥35-40 Khz Little Brown Myotis 
Long-legged Myotis 

Steep slope, usually less time 
between calls 

Yes 
Yes 

≥50 Khz Yuma Myotis 
California Myotis 

Steep slope, Maximum 
frequency >90Khz 

No 
No 

20-30 Khz Big Brown Bat 
Silver-haired Bat 

Varies from sweeping to steep Yes 
Yes 

17-20 Khz Hoary Bat Little change in frequency No 
5-8 Khz Spotted Bat Maximum frequency 12 Khz No 
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Figure 5.  An example of a sonogram produced from a recorded series of bat echolocation calls. 
Based on the maximum and minimum frequency this individual was placed into the Myotis 40 
Khz group and could be from either a Little brown (Myotis lucifugus) or Long-legged Myotis 
(Myotis volans). 
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2004 winters precluded additional surveys. We began our surveys no earlier than 24 hours after 

snowfall and made our best attempts to cover as much established transect in as short a time 

frame as possible. The location of each track observed as well as species detected visually or 

vocally were recorded and georeferenced as for encounter transects. In addition, we recorded the 

number of days passed since snow fall and snow depth at multiple locations within each plot.  

Intensive Plot Surveys 

In addition to all of the methods mentioned above, extensive searches were made within 

all plots and along transects for all animal sign. Each plot was searched intensively (to a 50-m 

radius) for sign of vertebrates (visuals, calls/songs, nests, denning, feeding, feces, remains) and 

detections were geo-referenced with the plot centre coordinates.  

Statistical analysis 

We detected 200 species during the model development phase. To determine the subset 

of species and models for validation in this report, we established 3 criteria: 1) each species was 

identified in our final report for the development phase of the research and associated with 1 of 3 

global models: shrubs and forest, aspen, and complex forests (Gillingham and Psyllakis 2004); 2) 

the species was detected at a minimum of 10 % of the plots or stands surveyed, but not more than 

90 %; and, 3) there were enough data to validate the model either spatially, temporally or both.   

We used logistic regression (Hosmer and Lemshow 2000) to examine the relationship of 

species occurrence to vegetative structure and composition.  Candidate variables were selected 

from potential variables measured and supplied (i.e., VRI data). We considered a variable a 

candidate if it was, or was related to, an aspect of the species’ habitat requirements as determined 

by an extensive literature review2. If variables existed that were measures of the same 

characteristic (e.g., percent aspen cover and deciduous stems / ha) the variable with the highest 
                                                 
2 Literature reviews, candidate variables, detection summaries and other metadata can be found at 
web.unbc.ca/biodiversity/reports  
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correlation coefficient to species presence was included in the candidate model. We constructed 

models for the plot and stand scale using vegetation data collected and VRI models. We 

considered VRI models separately because data were not available for all polygons. We only 

considered plots without major alterations to structure over the duration of the study (e.g., 

harvested, n = 228; stand, n = 97; VRI, n = 95).  We included stand structure as a VRI candidate 

variable for all species. Because the class is a categorical variable we screened species 

distribution data to determine if there were classes that had complete separation (e.g., either no 

presence or no absent detections in class category) and excluded these classes from further 

analysis. 

To test for collinearity among independent variables in candidate models, we calculated 

variance inflation factor scores for all variables in the model after linear regression (Neter et al. 

1985; StataCorp 2003). Variation inflation increases with increasing collinearity among variables 

and results in overestimates of variance explained. Although there is no set rule for a variance 

inflation factor indicating a collinearity problem we adopted a value of 5 or above, which 

corresponds with a tolerance score of 0.2, a recommended threshold (Menard 2002). If 

collinearity was indicated, we reran our model using only one of the indicated problem variables 

and compared outcomes using a log-ratio test (Menard 2002; StataCorp 2003).  

We performed Box-Tidwell transformation of the variables to determine the relationship 

between the logit of predictor and response variables (Menard 2002). If a non-linear relationship 

was identified we considered transforming the variable (arcsine or natural log) or removing the 

variable(s) from the candidate list. Variables were removed if there was little contribution to the 

model, if no interpretable transformation rectified the problem, or inclusion of the variable led to 

perfect discrimination. 
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 Competing models were ranked using the Akaike’s Information Criteria (AIC; Akaike 

1973; Burnham and Anderson 2001). AIC-model selection estimates the information loss when 

the probability distribution with the true model is approximated by the probability distribution 

associated with the model that is to be evaluated. Choosing the model with the lowest expected 

information loss between the true model and the approximating model is asymptotically 

equivalent to choosing a model that has the lowest AIC value (Burnham and Anderson 2001). 

We applied a correction to the AIC value to account for small sample sizes (AICc) and 

determined the Akaike weight (w), which is the likelihood of the model given the data (Burnham 

and Anderson 2001). We report models in our final model set that are within 2 AICc units (i.e., 

∆AICi < 2.0). We examined the model set with ∆AIC < 2.0 to determine the best model for 

validation. Models were eliminated if the variables were complete subsets of the highest ranked 

model and there was little change in the maximized log-likelihood (Burnham and Anderson 

2001) or the area under the receiver-operator curve (ROC) value was <0.70. If multiple models 

remained in the final model set we considered them to be competing best models and validated 

each model. After the final model(s) were selected, we reviewed cases for high leverage and 

studentised residual values to determine if any cases were disproportionately driving the model 

relationship (Menard 2002). 

Validation 

We examined stability of the logistic coefficient for temporal validation and 2 aspects of 

prediction accuracy, discrimination and reliability, for spatial and temporal validation. 

Discrimination refers to the models capacity to correctly classify occupied and unoccupied sites, 

whereas reliability measures the agreement between predicted probabilities of occurrence and 

observed sites occupied (Pearce and Ferrier 2000). When presence and true absence data are 

available, calculating the area under the receiver operating characteristics (ROC) curve is a 
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favoured measure used to assess the discrimination ability of a logistic model (Fielding and Bell 

1997; Pearce and Ferrier 2000). The ROC value is calculated by plotting the number of sites 

where presence is correctly predicted divided by the total number of positive sites (sensitivity), 

against the fraction of incorrect cases where presence is predicted (1-specificity; Table 1) across 

available thresholds. The area under the resulting curve is an estimate of predictive accuracy not 

biased on threshold probabilities (i.e., P > 0.5 designated as presence; Fielding and Bell 1997) or 

species prevalence (i.e., one outcome greatly outnumbers the other; Manel et al. 2001). A ROC 

value is interpreted as the percentage of time that a random selection from the positive class will 

have a higher predictive score than a randomly drawn case from the negative class (Deleo 1993). 

ROC values of 0.5 indicate the explanatory variables do not improve discrimination beyond 

random assignment and 1.0 indicates perfect discrimination. A value below 0.5 indicates the 

model performs more poorly with the explanatory variables than without them. We classified 

ROC values between 0.5-0.7 as low, 0.7-0.9 as good and >0.9 as high model prediction accuracy 

(Manel el al. 2001).  

To determine model reliability, the agreement between predicted probabilities of 

occurrence and observed occurrence, we created calibration plots. Calibration plots are 

calculated by plotting the median probability for predictions, divided into ten equal classes (x-

axis), against the proportion of occupied sites within each class (y-axis; Pearce and Ferrier 2000). 

The expected distribution is equivalent to a 45o line through the graph, where the proportion of 

occurrences equals the median for each class. In a well calibrated model observed proportion of 

occupied sites equal the median predicted value and thus points are distributed along the 45o line 

(Pearce and Ferrier 2000). We used the program STATA (version 8.2 StataCorp 2003) for all 

statistical analyses.  
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Results 

Twenty-two species met selection criteria for model validation (i.e., identified in the 

development phase of research, sample prevalence, and sufficient data to validate the model 

either spatially or temporally; Table 2). Given our selection criteria, almost all of these are avian 

species. Further examination of the 22 species listed identified that 16 species had at least one 

model with good or excellent predictive accuracy (ROC ≥ 0.70).  We therefore focused the rest 

of our analysis on these 16 species3.  

In a strong relationship between species and a particular structural element, we expect 

that among years logistic regression coefficients would retain the direction of the relationship 

(i.e., positive or negative) and strength (i.e., departure from 0 and significance). The stability of 

the logistic coefficient, both strength and direction of relationship, varied when applied to 

individual years and spatial data (reported by species below), suggesting that presence and 

absence of species in relation to the structure elements varied among years. Coefficients were 

generally more stable in models that performed well in spatial validation, perhaps indicating a 

stronger association with those structural variables.  

Prediction accuracy decreased when the global model (2001-2003 data) were applied to 

individual years (Table 3). Likewise, discrimination ability generally dropped when we applied 

our models to the detections obtained at new plots (change in ROC = -0.034), although 

Vegetation Resource Inventory models increased slightly, on average, when spatially validated 

(change in ROC = 0.037; Table 4); however, fewer VRI models met the spatial or temporal 

validation criteria (n = 8) than either plot (n = 11) or stand (n =14). Calibration plots indicated 

that model reliability varied between species and model (e.g., plot, stand, VRI), but always  

                                                 
3 Background species-specific literature and detection summaries for all species, candidate variable lists, full model 
and validation results, and other metadata can be found at web.unbc.ca/biodiversity/reports.  
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Table 2. Twenty-two species met selection criteria for model validation. Prevalence is reported 
as a percentage of all plots or stands where presence was detected. Three competing model sets 
(e.g., plot, Vegetation Resource Inventory, and stand level) were constructed for each species, 
but not all had a ROC ≥ 0.70. We completed validation procedures for species that had at least 
one model with ROC ≥ 0.70, these species are in bold text. The number of models validated for 
each species is also detailed. 
 

  Prevalence 
Species Structure 

relationship 
2001-

2003 Plot
2001-2003 

Stand 

2001-2003 
Models 

with ROC 
≥ 0.70 

Moose Shrub and Forest 76.8 85.6 2 
Black-capped chickadee Aspen 78.5 89.7 2 
Brown Creeper Complex forest 49.6 67.0 3 
Cassin’s Vireo Shrub and forest 84.2 85.12 1 
Common Raven Complex forest 28.1 75.3 0 
Common Yellowthroat Shrub and forest 15.8 29.9 2 
Downy Woodpecker Aspen 10.1 26.8 2 
Dusky Flycatcher Shrub and forest; 

Aspen 
27.6 51.6 0 

Golden-crown Kinglet Complex forest 77.6 89.7 3 
Gray Jay Complex forest 48.3 75.3 1 
Hammond’s Flycatcher Complex forest 34.2 53.6 0 
Hairy Woodpecker Aspen 34.2 58.8 1 
Hermit Thrush Shrub and forest 63.2 77.3 3 
Least Flycatcher Aspen; Shrub and 

forest 
21.9 36.1 3 

Mountain Chickadee Aspen 88.6 88.8 1 
Northern Flicker Aspen 50.9 81.4 1 
Orange-crowned 
Warbler 

Shrub and forest 63.2 79.3 3 

Pileated Woodpecker Complex forest 43.4 79.4 2 
Deer Mouse Complex forest 50.9 70.1 0 
Red Crossbill Complex forest 33.8 57.7 0 
Red-naped Sapsucker Aspen 39.5 62.9 2 
Ruffed Grouse Shrub and Forest 32.9 66.0 0 
Total number of models 
with ROC ≥ 0.70 

   
32  
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Table 3. Summary of prediction accuracy results (ROC) for models temporally validated. 
Prediction accuracy decrease when each year was considered individually. 
 

 2001-2003 Temporal Validation  
Model All models ROC ≥ 0.70 2001 2002 2003 2004 

 n Mean 
(±se) 

n Mean 
(±se) 

n Mean 
(±se) 

n Mean 
(±se) 

n Mean 
(±se) 

n Mean 
(±se) 

Plot 10 0.733 
(0.016) 

11 0.740 
(0.016) 

10 0.677 
(0.024) 

10 0.674 
(0.034) 

9 0.664 
(0.017) 

11 0.709 
(0.038) 

VRI 7 0.720 
(0.013) 

8 0.716 
(0.012) 

8 0.648 
(0.033) 

8 0.615 
(0.027) 

8 0.633 
(0.018) 

8 0.667 
(0.021) 

Stand 13 0.751 
(0.014) 

14 0.749 
(0.014) 

14 0.678 
(0.012) 

13 0.685 
(0.017) 

13 0.674 
(0.201) 

14 0.713 
(0.028) 

 

 

 

 

Table 4. Summary of prediction accuracy results (ROC) for plot, VRI, and stand models. The 
average ROC score is presented for each model set category. Only models with a ROC ≥ 0.70 
were spatially and/or temporally validated. The difference between the average ROC score for 
the 2001-2003 model and the average ROC score for the those same models that could be 
spatially validated with  independent data collected in 2004 ranged from -0.093 to +0.037. 
 

2001-2003 2004 
 

 
All models ROC ≥ 0.70 

 
ROC Difference 

Model n Mean 
(±se) n Mean 

(±se) n Mean  
(±se)  

Plot 22 0.691 
(0.015) 

10 0.733 
(0.016) 

10 0.726 
(0.039) 

-0.007 

VRI 21 0.643 
(0.151) 

7 0.720 
(0.013) 

7 0.757 
(0.032) 

0.037 

Stand 21 0.717 
(0.015) 

13 0.751 
(0.014) 

13 0.658 
(0.035) 

-0.093 
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decreased with independent spatial data (reported by species below). Only 15 models for 9 

species had good or excellent discrimination with the spatial validation data (Table 5).  

There were no clear patterns to predict when a model would perform well (i.e., we cannot 

conclude stand models consistently out performed plot models, or ROC values of 0.850 never 

lost more than 0.15). Stand structure was used alone, as well as with all possible combinations of 

the VRI candidate variables. It was not, however, identified in any of the models selected as 

“best” to determine species presence.  Stand models for 2001-2003 performed the best in 

discrimination assessment (highest ROC score), but poorest when spatially validated. For each 

species, we present the variables included in the development model, logistic coefficients (β-

coefficient) and a summary of the predictive accuracy and reliability for each model that could 

be validated.   

 

 

Table 5. Species for which ROC values indicated good or excellent discrimination for models 
constructed with spatially impendent data that. 
 

Species Plot VRI STAND 
Moose - 0.771 < 0.700 
Brown Creeper < 0.700 0.776 0.843 
Cassin’s Vireo 0.708 0.754 < 0.700 
Common Yellowthroat 0.919 - 0.922 
Downy Woodpecker 0.762 - < 0.700 
Golden-crowned Kinglet < 0.700 0.757 0.706 
Hermit Thrush < 0.700 0.725 0.700 
Orange-crowned 
Warbler 

< 0.700 0.889 < 0.700 

Red-naped Sapsucker 0.737 - 0.752 
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Single species results 

We provide a detailed example of our results for moose (Alces alces) with figures for 

calibration plots. We summarize results for the remaining species4.  

Moose 

Both VRI and stand models for moose contained variables related to the hypothesized 

structural group (shrubs and forests). In the 2001-2003 VRI model, moose were 1.066 times 

more likely (odds ratio = eβ) to be detected with each percent increase in aspen cover (β = 0.064; 

Table 6), but this was not consistent across all years. Shrub crown closure was consistently 

positive with the likelihood of moose detection increasing 1.209 times with each percent increase 

in shrub cover (β = 0.189; Table 6). Prediction accuracy was good when all years were 

considered, but only in 2004 when years were considered independently (Table 6). With spatially 

independent data, the VRI model’s predictive accuracy was good, but the stand model degraded 

to poor (Table 6).  

With a well-calibrated, reliable model, one would expect to see predicted probabilities 

well distributed across the range of probabilities (0 - 1.0). Across that range, the expectation for 

observed occurrence would equal the predicted probability (e.g., at a probability of 0.2, 20 % of 

the time you would expect to find evidence of moose presence). Thus, the plot of median 

predictions for each probability class and the observed occurrence should fall along a line at 45o 

through the origin of the graph.  The calibration plot for the moose VRI model provided good 

estimates of the probability of species detection, but only for higher probability classes (P > 0.6); 

therefore, we are unable to conclude if the model is well calibrated to predict presence and 

absence at low probabilities (Figure 6).  

                                                 
4 Full model results for both development and validation models can be located at web.unbc.ca/biodiversity/reports  
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Table 6. Summary of model variables, coefficients, and temporal and spatial validation ROC 
scores for Moose. ROC values are bolded. 
 

  β-coefficient Spatial ROC 

Model Variable 2001-03 2001 2002 2003 2004 2001- 
2003 2004 

VRI Aspen cover        0.064 -0.005 0.022 0.032 -0.010 0.754 0.771
 Shrub crown 

closure   
0.189 0.098 0.085 0.025 0.236   

 Constant 0.261 0.728 -0.345 -0.557 -1.518   
 ROC 

 
0.754 0.617 0.628 0.662 0.702   

Stand Percent canopy 
gap   

0.027 0.002 0.012 0.014 0.015 0.738 0.520

 Saplings / ha -0.001 -0.001 0.001 -0.000 0.000   
 constant          1.506 1.813 0.604 -0.868 -2.004   
 ROC 0.738 0.629 0.709 0.584 0.636   
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Figure 6. Calibration plot for the Moose VRI model. Predicted probability of occurrence 
was only predicted > 0.60, these predictions were in accordance with the observed 
proportion of sites that were occupied, as demonstrated by the alignment between the 
observed occurrence and predicted probabilities (95 % confidence intervals are around 
observed proportion of sites). Full confidence in a model’s reliability cannot be drawn 
when the predicted probabilities are not distributed across the range of probabilities (i.e., 
0 -1.0). 
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In the best stand model, moose were 1.027 more likely detected with each percent 

increase of canopy opening (β = 0.027; Table 6) and this relationship was consistently positive 

across years. As numbers of sapling stems increased per ha there was a small decrease in the 

likelihood of moose detection (β = -0.001; Table 6). The direction of this relationship was not 

consistent across years and the strength of the relationship to saplings was weak (Table 6). The 

stand model for moose were reasonably well calibrated at higher probabilities of occurrence, but 

deviated from the expectation at lower probabilities, as for the VRI model, there were few sites 

predicted for low probabilities (Figure 7A). We conclude that both VRI and stand models are not 

reliable at predicting the presence and absence of moose at low predicted probabilities. There 

was no relationship with the expected distribution when the model was applied to 2004 data 

(Figure 7B).  
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Figure 7. Calibration plots for the 2001-2003 stand model and the spatial validation data for 
moose. The reliability of the stand-development model (2001-2003; A) is reasonable at higher 
probabilities, but not reliable at lower probabilities. For the spatial validation model (Stand 2004; 
B) there is no alignment between the predicted probabilities and occurrence of moose. 

A B 
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Black-capped Chickadee 

 We were able to validate plot and stand models for Black-capped Chickadee (Parus 

atricapillus); dead tree basal area was included in both models, but was only a positive 

association at the stand scale suggesting there may be a hierarchical relationship to the 

distribution of Black-capped Chickadees and dead trees. Aspen cover was only included in the 

plot model; there was a 5.077 times increase in the likelihood of detecting presence with each 

percent increase in aspen and shrub cover (β =  1.625; Table 7). This relationship was 

consistently positive and high in all years except 2004. In the 2001-2003 plot model dead trees 

were selected against (β = - 0.042; Table 7), but this relationship was not consistent across years. 

Black-capped Chickadees are associated to both aspen and dead wood primarily for nesting, as 

they are weak excavators. Black-capped Chickadees were negatively associated with canopy 

gaps (β = -5.202; Table 7), but the strength and relationship across years was contradictory. 

Prediction accuracy was good for the 2001-2003 model (ROC = 0.850; Table 7), but varied 

substantially when considering years individually (ROC from 0.536 - 0.619; Table 7). Spatial 

validation of the plot model also resulted in poor discrimination (ROC = 0.607; Table 7).  

At the stand scale, with each increase in number of dead trees per ha there was a 1.206 

increase in the probability of detecting Black-capped Chickadees (β = 0.187; Table 7). This 

relationship was consistent across years except in 2004. Likewise, edge density was positively 

associated with presence (β = 0.013; Table 7) in all years but 2004. Interestingly, mountain pine 

beetle was strongly selected for in all years (β from 0.283 - 0.433; Table 7). Prediction accuracy 

varied when considering years individually from 0.632 - 0.838 and was poor when the model 

was spatially validated (ROC = 0.531; Table 7). The stand model was well calibrated to predict 

probabilities of occurrence at high probabilities, whereas the plot model consistently 

underestimated the probability of occurrence. Neither plot nor stand models predicted low  
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Table 7. Summary of model variables, coefficients, and temporal and spatial validation ROC 
scores for Black-capped Chickadee. ROC values are bolded. 
 

  β-coefficient Spatial ROC 
         

Model Variable 2001-03 2001 2002 2003 2004 2001- 
2003 2004 

Plot Proportion aspen 
shrub (log 
transformed) 

1.625 0.366 0.056 0.318 -0.340 0.850 0.607

 Dead tree basal 
area 

-0.042 0.030 0.001 0.004 -0.022   

 Percent gap -5.202 -1.157 0.185 -0.513 0.173   
 Constant 11.050 1.191 -1.180 1.074 -2.188   
 ROC 

 
0.850 0.619 0.536 0.593 0.607   

Stand Dead tree basal 
area 

0.187 0.221 1.128 0.077 -0.876 0.752 0.531

 Edge density 50 
ha        

0.013 0.005 0.009 0.009 -0.017   

 Mountain pine 
beetle 

0.738 0.433 0.579 0.436 0.283   

 Constant          -1.032 -0.376 -1.272 -1.336 2.973   
 ROC 

 
0.752 0.632 0.677 0.678 0.838   

 

 

probabilities of occurrence. Models at both scales overestimated the probability of occurrence 

with the spatial validation data. 

Brown Creeper 

We were able to validate Brown Creeper  (Certhia americana) models with plot, VRI, 

and stand data. Brown Creepers are associated with mature forests and often nest behind 

exfoliating bark on dead or dying trees. The plot model indicated selection for open conifer 

forests with large and dead trees, tall canopies, lower volumes of coarse woody debris and large 

patches of landscape classes (within 2 ha of plot). The strengths of the relationships were 

generally weak with the exception of patch size and percent gap. Patch size, conifer stems per ha, 
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and main canopy height were all consistently positive across years, whereas the other variables 

were inconsistent in the direction of the relationship (Table 8). The plot model had consistently 

good predictive accuracy across years (ROC = 0.698 - 0.786; Table 8), but was poor with 

spatially independent data (ROC = 0.662; Table 8).  

The VRI model for Brown Creeper was quite simple; leading species height was the only 

candidate variable included and was consistently selected for across years. Predictive accuracy 

was poor when individual years were considered (ROC = 0.612 - 0.680; Table 8), except in 2001 

(ROC = 0.739; Table 8). Spatial validation of the VRI model had good predictive accuracy 

(ROC = 0.776; Table 8). 

The Brown Creeper stand model included a negative association with proportion of 

partially harvest forest, which reinforces the relationship to patch size at the plot scale (β = -

0.681; Table 8). Main canopy height was positively selected for (β = 0.053; Table 8) as was all 

tree basal area (β = 0.188; Table 8). All coefficients were stable in the direction of their 

relationship across years. Predictive accuracy was good in all years (ROC = 0.720 – 0.843; Table 

8), except 2001 (ROC = 0.688; Table 8). The stand model for Brown Creeper maintained a good 

predictive accuracy when spatially evaluated (ROC = 0.843; Table 8).   

The calibration plot for the plot model indicated that it underestimated the presence of 

Brown Creepers, but predicted probabilities were limited to low probability ranges, therefore, 

reliability is weak.  The stand model preformed well across a range of probabilities of detection 

and the VRI model tended to underestimate probabilities at low probabilities and overestimate at 

high probabilities. The stand model, therefore, is most reliable. Both plot and stand models 

showed low levels of calibration with the spatially independent data. 
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Table 8. Summary of model variables, coefficients, and temporal and spatial validation ROC 
scores for Brown Creeper. 
 

  β-coefficient Spatial ROC 
         

Model Variable 2001-03 2001 2002 2003 2004 2001- 
2003 2004 

Plot Percent gap 0.422 -0.388 0.569 -0.555 2.911 0.752 0.662
 Large tree basal 

area 
0.003 0.001 0.002 -0.001 0.025   

 Dead tree basal 
area 

0.001 -0.001 0.006 -0.001 0.004   

 Total coarse 
woody debris 
volume 

-0.003 -0.000 -0.004 0.000 0.000   

 Mean patch size 
(2 ha) 

0.542 0.697 0.168 0.807 0.168   

 Conifer stems / ha 0.065 0.007 0.043 0.047 0.047   
 Main canopy 

height 
0.042 0.027 0.042 0.038 0.072   

 ROC 0.752 0.714 0.698 0.750 0.786   
         
VRI Leading species 

height 
 

0.126 0.158 0.060 0.117 0.254 0.748 0.776

 Constant -2.058 -4.636 -1.305 -2.889 -2.785   
 ROC 0.752 0.739 0.620 0.680 0.612   
         
Stand Proportion partial 

cut forest 
-5.681 -3.490 -5.878 -1.408 -6.398 0.757 0.843

 Main canopy 
height 

0.053 .088 0.020 0.008 0.351   

 All tree basal area 0.188 .049 0.156 0.380 -0.071   
 ROC 0.757 0.688 0.723 0.720 0.843   

 

Cassin’s Vireo 

 Cassin’s Vireo (Vireo cassinii) is a wide-spread species with broad habitat associations, 

but is often associated with shrubby forests for nesting. Only the stand model for Cassin’s Vireos 

had a ROC ≥ 0.70. Variables included in the stand model were not directly related to the 

hypothesized structural associations, although there was a positive relationship with open forests 

(β = 0.095; Table 9). Other variables included in the model were mean core area in the 50 ha 
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surrounding the stand (β = 0.157; Table 9) and basal area of trees (β = 0.918; Table 9). The 

strength and direction of these relationships were consistent among years, except percent gap in 

2004. The prediction accuracy dropped among years between 0.668 – 0.703 (Table 9). The ROC 

value for the spatially independent data dropped considerably to 0.648 (Table 9). Neither the 

2001-2003 stand model nor the 2004 model for Cassin’s Vireos were well calibrated as 

probability ranges were narrow and deviated from the 45o expected distribution. The results of 

this analysis indicate that structural associations in our analysis are weak and other factors may 

be more important in influence the distribution of Cassin’s Vireo. 

 

Table 9. Summary of model variables , coefficients, and temporal and spatial validation ROC 
scores for Cassin’s vireo.  
 
 

  β-coefficient Spatial ROC 
         

Model Variable 2001-03 2001 2002 2003 2004 2001- 
2003 2004 

Stand Percent canopy 
gap 

-0.009 -0.291 -0.504 0.400 1.443 0.681 0.708

 Distance to water 0.002 -0.001 -0.001 0.001 0.003   
 Proportion aspen 

shrub cover 
-3.737 -4.663 -2.006 -2.310 -1.257   

 Constant 1.360 -0.864 0.954 -0.010 -0.486   
 ROC 0.681 0.573 0.565 0.610 0.662   

 

Common Yellowthroat 

  The Common Yellowthroat (Geothlypis trichas) is a characteristic species of dense shrub 

vegetation around wetlands or close to water. We were able to validate both plot and stand 

models for the Common Yellowthroat. As expected distance to water, shrub height, and 

deciduous stems were all important predictors in the model.  Edge density and percent canopy 

gap were also included. All variables, except edge density, were included in both the plot and 
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stand models, although deciduous stems per ha were not consistent in the direction of the 

relationship. In the plot model with each unit increase in shrub height (m) likelihood of detection 

increased 18 times (β = 2.898; Table 10), as distance from water increased detection likelihood 

decreased (β = -0.005; Table 10), deciduous stems per ha and percent canopy gap were also a 

negative relationship at the plot level (β = -0.015 and -0.218, respectively; Table 10). Because of 

low detection rates among years we were unable to examine the stability of coefficients for the 

plot model. The prediction accuracy was excellent (ROC = 0.919; Table 10) for the spatial 

validation model.  

 The stand model for Common Yellowthroat was similar to the plot model. Shrub height 

was positively selected for, but the relationship was not quite as pronounced (β = 2.30; Table 

10). Distance to water was a weak predictor (β = -0.001; Table 10), and canopy gap was negative 

(β = -0.028; Table 10). In the stand model, however, both deciduous stems per ha and edge 

density were positively associated (β = 0.325 and β = 0.007, respectively; Table 10). There were 

insufficient detections in 2002 to construct a model, but for other years the coefficients were 

reasonably stable. Notably, the 2004 model indicated a negative relationship with shrub height. 

Predictive accuracy varied from poor to excellent (ROC = 0.679 – 0.959; Table 10). The spatial 

validation of the stand model also resulted in excellent prediction accuracy (ROC = 0.922; Table 

10).  

 Calibration plots indicate that for the plot model reliability was reasonable, but there was 

not a good distribution among probabilities. The probabilities for the stand model were well 

distributed and the model was reasonably calibrated. The calibration plot for the stand model 

applied to spatially independent was reasonable, but predicted probabilities of occurrence were 

biased towards overestimating probabilities. The range of predicted probabilities for the spatial 

validation plot model were too narrowly distributed to assess calibration, therefore, the plot 
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model was less reliable. 

 

Table 10. Summary of model variables, coefficients, and temporal and spatial validation ROC 
scores for Common Yellowthroat. 
 
 

  β-coefficient Spatial ROC 
         

Model Variable 2001-03 2001 2002 2003 2004 2001- 
2003 2004 

Plot Shrub height 2.898 - - - -0.771 0.769 0.919
 Distance to water -0.005    -0.019   
 Deciduous stems / 

ha 
-0.015    -0.094   

 Percent gap -0.218    -0.963   
 Constant -1.687    1.249   
 ROC 0.769    0.863   
         
Stand Shrub height 2.300 3.519 - 2.857 -3.198 0.721 0.922
 Distance to water -0.001 -0.001  -0.001 -0.005   
 Edge density (50 

ha) 
0.007 -0.002  0.014 0.059   

 Deciduous stems / 
ha 

0.325 0.034  0.453 0.421   

 Percent canopy 
gap 

-0.028 -0.018  -0.027 -0.010   

 Constant -1.772 -1.646  -4.538 -15.588   
 ROC 0.721 0.679  0.822 0.959   

  

Downy Woodpecker 

 The Downy Woodpecker is associated with mixed and deciduous woods and edges of 

conifer stands. We were able to validate plot and stand models for Downy Woodpeckers. In the 

plot model, percent gap was negatively associated to Downy woodpecker presence (β = -1.769; 

Table 11) as was distance to edge (β = - 0.010; Table 11). There was a strong positive 

relationship to the proportion aspen and shrub in the 2 ha surrounding plot centre (β = 2.753; 

Table 11). We were unable to examine temporal variation in the coefficients because we had too 
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few detections among years, but the predictive accuracy in spatial validation remained good 

(ROC = 0.762; Table 11).  

 There were two competing stand models. Both models included a similar, positive 

association with edge density (βs1 = 0.012 and β s2 = 0.011; Table 11). Edge density was matched 

with percent gap in one model and deciduous stems per ha in the other. Percent gap was negative 

(β s1 = -0.019; Table 11) and deciduous stems per ha was positive (β s2 = 0.002; Table 11). 

Percent canopy gap and edge density had only a marginally better accuracy at predicting Downy 

Woodpecker (ROCs1 = 0.723; Table 11) than deciduous stems per ha and edge density (ROC s2 = 

0.714; Table 11). Neither model preformed well in the spatial validation (ROC = 0.500 and 

0.560; Table 11). Edge density is the driving variable in both models and was stable throughout 

the years we were able to test temporally (2002, 2003, and 2004), but both other variables varied 

in the direction of the relationship and strength of the relationship was weak. Predictive accuracy 

among years remained good (ROC = 0.752 – 0.789; Table 11), except in 2004 (ROC = 0.632; 

Table 11).  

 The stand model was reasonably well calibrated, but there was little spread in the 

predicted probability distribution. Not surprisingly, spatial models showed little relationship with 

the expected distribution of predicted probability and observed occurrence. 

Golden-crowned Kinglet 

 We were able to validate models for Golden-crowned Kinglet (Regulus satrapa) with 

plot, VRI, and stand data. Golden-crowned Kinglets are associated to conifer stands with dense 

canopies and mature trees. We found canopy height and conifer variables were important 

variables in all models. In the plot model, Golden-crowned Kinglets were negatively associated 

with open canopies (β = -1.509; Table 12) and positively associated with the number of trees 
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Table 11. Summary of model variables, coefficients, and temporal and spatial validation ROC 
scores for Downy Woodpecker. 
 
 

  β-coefficient Spatial ROC 
         

Model Variable 2001-03 2001 2002 2003 2004 2001- 
2003 2004 

Plot Percent gap -1.769     0.706 0.762
 Proportion aspen 

shrub (2 ha) 
2.753       

 Distance to forest 
edge 

-0.010       

 Constant -0.532       
 ROC 0.706       
         
Stands1 Percent gap -0.019 - 0.017 -0.000 0.016 0.723 0.500
 Edge density (50 

ha) 
0.012  0.004 0.017 0.006   

 Constant -2.846  1.393 -5.716 -4.267   
 ROC 0.723  0.704 0.757 0.645   
         
Stands2 Deciduous stems / 

ha 
0.002 - 0.005 -0.001 -0.001 0.714 0.560

 Edge density (50 
ha) 

0.011  0.003 0.016 0.006   

 Constant -3.853  -3.620 -5.890 -3.244   
 ROC 0.714  0.789 0.752 0.632   
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Table 12. Summary of model variables, coefficients, and temporal and spatial validation ROC 
scores for Golden-crowned Kinglet. 
 
 

  β-coefficient Spatial ROC 
         

Model Variable 2001-03 2001 2002 2003 2004 2001- 
2003 2004 

Plot  Percent gap -1.509 -1.929 -0.672 -0.929 -3.390 0.776 0.658
 Trees > 20m / ha 0.342 0.215 0.157 0.014 -0.092   
 Proportion of 

conifer (2 ha) 
2.853 1.833 2.158 2.250 1.818   

 Edge density (2 
ha) 

0.008 0.003 0.002 0.006 0.004   

 Constant -2.965 -1.253 -2.197 -3.745 -2.013   
 ROC 0.776 0.750 0.719 0.682 0.709   
         
VRI1 Fir cover -0.029 -0.011 -0.006 -0.001 -0.010 0.732 0.757

 Live tree basal 
area 

0.058 0.091 0.019 0.054 0.023   

 Constant 2.291 -0.575 0.608 -0.456 0.422   
 ROC 0.732 0.774 0.588 0.670 0.617   
         

VRI2 Fir cover -0.031 -0.014 -0.008 -0.010 -0.012 0.723 0.782
 Leading species 

height 
0.076 0.138 0.042 0.062 0.092   

 Constant 2.226 -1.001 0.329 -0.238 -1.529   
 ROC 0.723 0.759 0.578 0.633 0.678   
         
VRI4 Fir cover -0.027 -0.013 -0.207 -0.011 -0.014 0.708 0.740

 Sum of crown 
closure 

0.026 0.035 0.015 0.037 0.017   

 Constant 2.050 -0.379 0.261 -1.110 -0.675   
 ROC 0.708 0.691 0.587 0.699 0.606   
         

Stand 
Main canopy 
height 

0.212 0.136 0.062 0.244 0.048 0.792 0.706

 Distance to edge -0.008 -0.003 -0.002 -0.002 -0.005   
 Constant 0.978 -0.275 0.212 -2.222 -0.296   
 ROC 0.792 0.682 0.578 0.737 0.632   
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greater than 20 m, proportion of conifer landscape class and positively associated with edge 

density in the 2 ha surrounding plot centre (β = 0.342, β = 2.853, β = 0.008, respectively; Table 

12). The odds ratio for proportion conifer forest were particularly high with 17.3 time increase in 

the likelihood of detecting Golden-crowned Kinglets with each percent increase in the proportion 

of conifer forest cover. All the coefficients were stable when tested individually among years, 

with the exception of trees greater than 20 m in year 2004 when there was a slight negative 

association. Predictive accuracy was good for most years (ROC = 0.709 – 0.719; Table 12) 

except 2003 (ROC = 0.682; Table 12). Prediction accuracy declined in the spatial validation 

model to poor (ROC = 0.658; Table 12). 

 There were several competing models for Golden-crowned Kinglet that included VRI 

data. Douglas fir cover was included in each model and the association was consistently 

negative, suggesting Golden-crowned Kinglets are more common in conifer forests of mixed 

species composition. Other variables, each in an alternate model, included: live basal area (βvri1 = 

0.058; Table 12), leading species height (β vri2 = 0.076; Table 12), and sum of crown closure (β 

vri4 = 0.026; Table 12). Each variable was consistent across years and each model had good 

predictive accuracy when spatially validated (ROC = 0.740 – 0.782; Table 12). The stand model 

included main canopy height (β = 0.212; Table 12) and distance to edge (β = -0.008; Table 12). 

Relationships were consistent across years; however, predictive accuracy varied widely among 

years (ROC = 0.578 – 0.737; Table 12). 

 Calibration plots indicated that plot and stand models for 2001 – 2003 were reasonably 

well calibrated, although the plot model had a slight bias towards underestimating predicated 

probabilities. Calibration plots for the spatial validation data showed poor reliability at higher 

predicted probability of occurrence. 
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Gray Jay 

 We could only validate a stand model for predicting the occurrence of Gray Jay 

(Perisoreus canadensis). The variables included in the model were main canopy height (β = 

0.003; Table 13), coarse woody debris volume (β = 0.007; Table 13), and percent Douglas fir (β 

= 0.031; Table 13). Relationships varied among the year and the strength of each variable was 

weak, except for percent Douglas fir. Prediction accuracy was poor in all years when considered 

individually (ROC = 0.546 – 0.678; Table 13). The prediction accuracy was also poor for the 

spatially independent data (ROC = 0.633; Table 13). The calibration plot suggests that the 2001-

2003 stand model is reliable, with a large spread of predicted probabilities of occurrence 

matching observed occurrences well. There was little spread in the 2004 validation model, thus 

reliability is limited when used with independent data. 

 

Table 13. Summary of model variables, coefficients, and temporal and spatial validation ROC 
scores for Gray Jay. 
 
 

   β-coefficient  Spatial ROC 
         

Model Variable 2001-03 2001 2002 2003 2004 2001- 
2003 2004 

Stand Main canopy 
height 

0.003 0.066 0.016 -0.018 0.065 0.804 0.633

 Volume coarse 
woody debris 

0.007 0.002 0.000 0.000 -0.005   

 Percent Fir 0.031 0.021 0.011 0.006 -0.001   
 Constant -1.336 2.001 -1.468 -0.719 -0.044   
 ROC 0.804 0.678 0.607 0.546 0.615   

 

Hairy Woodpecker 

 We could only validate a stand model for Hairy Woodpecker (Picoides villosus). 

Deciduous stems per ha and distance to forest edge were the variables that best predicted Hairy 



 

 45

Woodpecker presence (β = 0.005 and β = -0.006 respectively; Table 14). Relationships with both 

variables were unstable among individual years and predictive accuracy were poor (ROC = 0.619 

- 0.668; Table 14). Similarly, when tested with spatially independent data predictive accuracy 

was poor (ROC = 0.546; Table 14). The calibration plot for the 2001-2003 stand model indicated 

good calibration, but again when applied to the independent 2004 data there was little 

relationship with the expected distribution. 

 

Table 14. Summary of model variables, coefficients, and temporal and spatial validation ROC 
scores for Hairy Woodpecker. 
 
 

  β-coefficient Spatial ROC 
         

Model Variable 2001-03 2001 2002 2003 2004 2001- 
2003 2004 

Stand Deciduous stems / 
ha 

0.005 0.002 0.000 0.011 -0.003 0.703 0.546

 Distance to forest 
edge 

-0.006 -0.008 0.007 -0.006 0.003   

 Constant 0.779 -0.027 -0.290 -0.062 -1.454   
 ROC 0.703 0.662 0.626 0.668 0.619   

 

Hermit Thrush 

 Hermit Thrush (Catharus guttatus) is associated with dense shrub understory for feeding 

and nest cover in coniferous forests. We were able to validate plot, VRI, and stand models for 

predicting the occurrence of Hermit Thrush. Each set had at least 2 competing models. At the 

plot-level there were 2 competing models, both included the variable proportion of partially 

harvested forest in the surrounding 50 ha and distance to edge. Percent Douglas fir and 

difference between the top and secondary canopy layer differentiated the two models. Hermit 

Thrush were positively associated with percent Douglas fir (βp1 = 0.673; Table 15) and distance 

to edge (β = 0.009 p1; Table 15). Proportion of partially harvest forest was strongly selected for  
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Table 15. Summary of model variables, coefficients, and temporal and spatial validation ROC 
scores for Hermit Thrush. 
 
 

  β-coefficient Spatial ROC 
         

Model Variable 2001-
03 2001 2002 2003 2004 2001- 

2003 2004 

Plot1 Percent Douglas Fir 0.673 -0.009 0.864 0.102 1.803 0.712 0.596
 Distance to edge 0.009 0.005 0.005 0.006 0.000   
 Proportion of partial 

harvest (50 ha) * 
3.388 2.628 5.380 4.230 2.966   

 Constant 0.673 -1.851 -4.506 -3.670 -2.707   
 ROC 0.712 0.667 0.745 0.703 0.676   
         
Plot2 Distance to edge 0.010 0.005 0.006 0.006 .002 0.711 0.549
 Proportion of partial 

harvest (50 ha)* 
3.163 2.107 5.530 3.571 0.600   

 Difference between 
A1 and A2 canopy 

-0.020 -0.024 0.001 -0.029 -0.067   

 Constant -1.827 -1.582 -4.072 -3.305 -0.524   
 ROC 0.711 0.683 0.721 0.721 0.673   
         
VRI1 Sum of crown 

closure 
0.040 0.029 0.013 0.021 0.022 0.702 0.554

 Constant -1.244 -0.670 -0.696 -1.267 -0.678   
 ROC 0.702 0.634 0.524 0.547 0.594   
         
Stand1 Percent Douglas fir 0.026 0.019 0.019 0.007 0.016 0.758 0.614
 Edge density (50 ha) -0.008 -0.004 -0.003 -0.005 -0.008   
 Constant 1.877 1.052 -0.265 0.712 1.710   
 ROC 0.758 0.674 0.685 0.621 0.720   
         
Stand3 Percent Douglas fir 0.025 0.017 0.023 0.008 0.020 0.751 0.601
 Edge density (50 ha) -0.007 -0.004 -0.005 -0.005 -0.008   
 Percent canopy gap -0.014 -0.017 0.031 0.011 0.014   
 Constant 2.631 2.066 -2.203 0.104 0.772   
 ROC 0.751 0.686 0.751 0.636 0.720   
         
Stand4 Saplings / ha 0.001 -0.000 0.001 0.001 0.001 0.771 0.601
 Percent Douglas fir 0.026 0.018 0.025 0.009 0.024   
 Percent canopy gap -0.017 -0.019 0.030 0.010 0.018   
 Constant 0.573 1.354 -3.672 -1.844 -2.384   
 ROC 0.771 0.689 0.748 0.668 0.736   
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with each increase in percent cover increasing the likelihood of detecting a Hermit Thrush 29.6 

times (β p1 = 3.388; Table 15). The relationship to the difference between the top and secondary 

canopy layer was negative (β p2 = -0.020; Table 15). Coefficients were consistent among years 

for both distance to edge and proportion partially harvested forest, but varied for percent Douglas 

fir (2001 β = -0.009; Table 15) and difference between top and secondary canopy layers ( 2002 β 

= 0.001; Table 15). Predictive accuracy varied between poor (n = 2) and good (n = 2) for 

individual years. Both plot models for Hermit Thrush had poor predictive accuracy when applied 

to the spatially independent data. 

 For VRI data, sum of crown closure alone predicted the presence and absence of Hermit 

Thrush well (ROC = 0.702; Table 15). The relationship with sum of crown closure was 

consistently positive among individual years (β = 0.013 - 0.040; Table 15), but predictive 

accuracy was poor for individual years (ROC = 0.524 – 0.634; Table 15). Likewise, spatial 

validation resulted in poor predictive accuracy (ROC = 0.554; Table 15). 

 For stand data, the best model predicting the presence and absence of Hermit Thrush 

included percent Douglas fir and edge density in the 50 ha surrounding the centre of the stand 

polygon. As for the plot model, the association with Douglas fir was positive (β = 0.0260; Table 

15), but edge density was negative (β = 0.008; Table 15). These relationships were consistent 

among years. Predictive accuracy was only good in 2004 when considering years individually 

(ROC = 0.720; Table 15). Predictive accuracy decreased in the spatial validation as well (ROC = 

0.614; Table 15). Calibration plots indicated that 2001-2003 plot, VRI, and stand models were all 

well calibrated; both stand and plot spatial validation plots indicated poor calibration at the low 

and high ends of predicted probabilities.  
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Least Flycatcher 

 Least Flycatcher (Empidonax minimus) is associated with semi-open deciduous or mixed 

forests and shrub thickets. Models were validated for Least Flycatcher with plot, VRI, and stand 

data; however, we only assess temporal validation as there were too few detections at plots 

established for spatial validation to complete analysis. At the plot level, Least Flycatcher 

presence was best predicted by edge density in the 2 ha surrounding plot centre (β = 0.006; Table 

16), percent aspen (β = 0.174; Table 16), and distance to water (β = -0.003; Table 16). The 

relationship with these predicting variables were consistent among 2001, 2003, and 2004, with 

the exception of percent aspen which was negative in 2004 (β = -0.123; Table 16) and prediction 

accuracy was good among all years (ROC = 0.837 – 0.898; Table 16). We were unable to assess 

2002 data as presence was detected at less than 10 % of the plots. 

 Aspen cover (β = 0.039; Table 16) and shrub crown closure (β = 0.033; Table 16) were 

included in the Least Flycatcher model using VRI derived data. The relationship with aspen 

cover was consistently positive, but shrub crown closure varied among years. Predictive 

accuracy was poor for years considered individually (ROC = 0.638 – 0.668; Table 16), except in 

2002 (ROC = 0.757; Table 16). 

 The model that best predicted Least Flycatcher presence at the stand level included 

distance to forest edge (β = -0.007; Table 16) and deciduous stems per ha (β = 0.616; Table 16). 

Least Flycatchers were consistently located closer to edges among years, but a negative 

relationship with deciduous stems per ha was indicated in 2003. Predictive accuracy varied 

widely when stand models were considered individually by year (ROC = 0.655 – 0.803; Table 

16). Calibration plots for 2001-2003 constructed models indicated that each was well calibrated 

across a wide range of predication probabilities. 
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Table 16. Summary of model variables, coefficients, and temporal and spatial validation ROC 
scores for Least Flycatcher. 
 
 

  β-coefficient Spatial ROC 
         

Model Variable 2001-03 2001 2002 2003 2004 2001- 
2003 2004

Plot Edge density (2 
ha) 

0.006 0.007 0.008 - 0.003  NA 

 Percent Aspen (ln 
transformed) 

0.174 0.206 0.107 - -0.123   

 Distance to water -0.003 -0.006 -0.006 - -0.022   
 Constant -2.116 -2.408 -4.086 - -2.073   
 ROC 0.782 0.837 0.849 - 0.898   
         
VRI Aspen cover  0.039 0.038 0.048 0.020 0.026  NA 
 Shrub crown 

closure 
0.033 0.000 -0.027 0.056 -0.054   

 Constant -1.147 -1.507 -1.603 -2.044 -1.919   
 ROC 0.702 0.638 0.757 0.668 0.676   
         
Stand Distance to forest 

edge 
-0.007 -0.007 -0.009 -0.007 -0.023  NA 

 Deciduous stems / 
ha 

0.616 0.111 0.582 -0.009 0.160   

 Constant -0.240 -0.522 -0.952 -0.829 -0.297   
 ROC 0.719 0.689 0.765 0.655 0.803   

 

Mountain Chickadee 

 Mountain Chickadee (Parus gambeli) is associated with open conifer and deciduous 

forests and usually uses snags for cavity nesting. We could only validate the plot model in order 

to predict the presence and absence and Mountain Chickadee. Mountain Chickadees were 

common throughout the study area and presence was modeled best by a structure that was 

strongly avoided: proportion of non-forested area in the 2 ha surrounding plot centre (β = -3.019; 

Table 17). Distance to edge was also included in this model indicating a slight selection for 

edges (β = -0.005; Table 17). These relationships were consistent across years, with the 

exception of 2002 when there was a positive association to proportion of non-forested area, but 
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edge was not a contributing predictor in 2002 or 2004. Predictive accuracy was poor for 

individual years (ROC = 0.50 – 0.617; Table 17). When we applied this model to data for the 

spatial validation, proportion of non-forested area predicted presence and absence perfectly, so 

we could not compute β-coefficients. The calibration plot indicated that the plot model 

underestimated the predicted probability of occurrence at lower values. 

 

Table 17. Summary of model variables, coefficients, and temporal and spatial validation ROC 
scores for Mountain Chickadee. 
 
 

  β-coefficient Spatial ROC 
         

Model Variable 2001-03 2001 2002 2003 2004 2001- 
2003 2004

Plot Distance to forest 
edge 

-0.005 -0.006 0.000 -0.004 0.000  NA 

 Proportion of 
non-forested area 
(2 ha) 

-3.019 -1.802 0.054 -1.350 -4.279   

 Constant 2.753 0.902 0.094 0.969 0.364   
 ROC 0.712 0.659 0.500 0.617 0.534   

 

Northern Flicker 

 Northern Flicker (Colaptes auratus) is associated with open areas, open coniferous and 

deciduous forests, and edges. They typically excavate their nest cavities in large, live deciduous 

trees. We were only able to validate a stand model to predict the presence and absence of 

Northern Flicker. There were 2 closely related competing models, each included the variables 

interspersion and juxtaposition index and distance to forest edge. Interspersion and juxtaposition 

describes the degree to which similar patch types are distributed; higher values indicate well-

interspersed landscapes (i.e., patch types are equally adjacent to each other), whereas lower 

values characterize landscape clumping. In the top competing model (lowest AICc), Northern 
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Flickers were associated with more clumped landscapes (β1 = 0.016; Table 18) and closer to 

edges (β1 = -0.005; Table 18). This is likely reflective of Northern Flickers use of open areas and 

edges for foraging. This model also indicated a positive association with live tree basal area (β1 

=0.703; Table 18). In the closely related model, strength of the logistic coefficients were similar 

for interspersion juxtaposition and distance to edge (β2 = 0.021 and β2 = -0.004, respectively; 

Table 18), but large tree basal area was included as the third variable (β2 = 0.744; Table 18).  

 

Table 18. Summary of model variables, coefficients, and temporal and spatial validation ROC 
scores for Northern Flicker. 
 

  β-coefficient Spatial ROC 
         

Model Variable 2001-03 2001 2002 2003 2004 2001- 
2003 2004 

Stand1 Interspersion 
juxtaposition 
index (50 ha) 

0.016 -0.007 0.026 -0.007 -0.001 0.755 0.685

 Distance to forest 
edge 

-0.005 -0.004 -0.002 -0.008 0.000   

 Live tree basal 
area 

0.703 0.306 0.207 0.185 0.111   

 Constant -0.288 -0.186 -1.583 0.273 -0.140   
 ROC 0.755 0.621 0.690 0.674 0.509   
         
Stand 2 Interspersion 

juxtaposition 
index (50 ha) 

0.021 -0.004 0.028 -0.006 0.001 0.740 0.608

 Distance to forest 
edge 

-0.004 -0.004 -0.002 -0.009 0.000   

 Large tree basal 
area 

0.744 0.312 0.108 0.209 0.127   

 Constant 0.16 0.076 -1.392 1.411 -0.157   
 ROC 0.740 0.631 0.666 0.701 0.514   

 

 In both models the relationship with interspersion and juxtaposition was inconsistent 

among years with the β-coefficient varying from - 0.007 to 0.028. Distance to forest edge was 

consistent although there was no apparent relationship in 2004 (β < 0.000). Live tree basal area 
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and large tree basal area were both consistently positive across years. Prediction accuracy was 

poor when considering either model in individual years. Likewise, prediction accuracies were 

poor when the spatial validation data were used (ROC = 0.685 and 0.608; Table 18). Both stand 

models were well calibrated through the upper range of prediction probabilities, but there were 

few predicted probabilities under 0.60. 

Orange crown-warbler 

 Orange-crowned Warbler (Vermivora celata) nest on the ground or shrubs, are widely 

distributed and believed to prefer young deciduous forests. We were able to validate plot, VRI, 

and stand models to predict the presence of Orange-crowned Warblers. Variables included in the 

plot model were proportion of partial harvest forest in the 2 ha surrounding plot centre (β = 

1.984; Table 19), shrub cover percent (β = 0.019; Table 19), and percent canopy gap (β = 1.481; 

Table 19). The directions of the relationships between Orange-crowned Warbler presence and 

these predictor variables were consistent across all years with the exception of proportion of 

partial harvest forest in 2001. Predictive accuracy was poor in all years except 2004 (ROC = 

0.783; Table 19). Likewise predictive accuracy was poor with the spatial validation data (ROC = 

0.687; Table 19). 

 The variables that best predicted Orange-crowned Warblers with VRI data included sum 

of crown closure (β = 0.062; Table 19), live basal area (β = -0.055; Table 19), and shrub crown 

closure (β = 0.223; Table 19); however, only sum of crown closure was consistently a positive 

relationship among years. Predictive accuracy was poor among years (ROC = 0.528 - 0.673; 

Table 19), but good for the spatial validation (ROC = 0.889; Table 19). 

 In the stand model, Orange-crowned Warblers were best predicted by percent fir stems (β 

= 0.024; Table 19), saplings per ha (β = -0.001; Table 19), shrub cover percent (β = 0.080; Table 

19), and all tree basal area (β = -0.428; Table 19). The relationships were consistent among years 
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with all variables, although the strength of saplings per ha was always near zero. Predictive 

accuracy ranged from poor to good among years (ROC = 0.608 – 0.707; Table 19), but was poor 

with the spatial validation data. Calibration plots indicated that 2001 – 2003 models were 

reasonably well calibrated, but no relationship could be drawn for the spatial validation models. 

 

Table 19. Summary of model variables, coefficients, and temporal and spatial validation ROC 
scores for Orange-crowned Warbler. 
 
 

  β-coefficient Spatial ROC 
         

Model Variable 2001-03 2001 2002 2003 2004 2001- 
2003 2004 

Plot Proportion partial 
harvest forest (2 
ha) 

1.984 -0.888 1.651 1.378 3.364 0.697 0.687

 Shrub cover 
percent 

0.019 0.020 0.014 0.014 0.038   

 Percent canopy 
gap 

1.481 1.322 1.601 0.690 1.307   

 Constant -1.149 -2.190 -2.469 -1.310 -2.739   
 ROC 0.697 0.633 0.691 0.658 0.783   
         
VRI Sum of crown 

closure 
0.062 0.007 0.018 0.009 0.039 0.742 0.889

 Live tree basal 
area 

-0.055 0.007 -0.026 -0.035 -0.045   

 Shrub crown 
closure 

0.223 0.038 0.144 -0.026 0.027   

 Constant -2.324 -1.149 -0.780 1.066 -1.158   
 ROC 0.742 0.528 0.673 0.580 0.645   
         
Stand Percent fir stems 0.024 0.009 0.011 0.013 0.002 0.796 0.567
 Saplings / ha -0.001 0.000 -0.000 -0.000 -0.000   
 Shrub cover 

percent 
0.080 0.025 0.039 0.059 0.033   

 All tree basal area -0.428 -0.084 -0.216 -0.176 -0.057   
 Constant 0.711 -1.254 -0.135 -0.718 -0.008   
 ROC 0.796 0.608 0.697 0.707 0.640   
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Pileated Woodpecker 

 Pileated Woodpecker is associated with dead standing or downed wood in open forests 

and edges. Because of their relationship to dead wood they are often associated with mature 

forest stages. Only stand and VRI models could be validated for Pileated Woodpecker. The VRI 

model included aspen cover (β = 0.069; Table 20), sum of crown closure (β = 0.046; Table 20) 

and live basal area (β = -0.038; Table 20). The directions of the relationships of these variables 

and Pileated Woodpeckers were only consistent among years for sum of crown closure. 

Predictive accuracy also varied among year (ROC = 0.523 - 0.750; Table 20). The predictive 

accuracy was poor for the spatially validated VRI model (ROC = 0.604; Table 20). 

 

Table 20. Summary of model variables, coefficients, and temporal and spatial validation ROC 
scores for Pileated Woodpecker. 
 
 

  β-coefficient Spatial ROC 
         

Model Variable 2001-03 2001 2002 2003 2004 2001- 
2003 2004 

VRI Aspen cover 0.069 0.020 -0.001 0.011 -0.066 0.709 0.604
 Sum of crown 

closure 
0.046 0.037 0.009 0.013 0.020   

 Live tree basal 
area 

-0.038 0.009 -0.008 -0.027 0.006   

 Constant -0.780 -2.255 -0.749 -0.077 -1.119   
 ROC 0.709 0.731 0.523 0.588 0.750   
         
Stand Percent canopy 

gap 
0.017 0.003 -0.008 0.003 -0.010 0.707 0.655

 Percent spruce  -0.020 0.021 -0.018 -0.014 -0.022   
 Main canopy 

height 
0.122 0.150 0.037 0.043 0.076   

 Mean core area 
(300 ha) 

0.033 0.036 -0.040 -0.008 0.002   

 Constant -1.193 -2.084 0.189 -0.421 -0.493   
 ROC 0.707 0.732 0.631 0.593 0.678   
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 The stand model included percent canopy gap (β = 0.017; Table 20), percent spruce (β =  

-0.020; Table 20), main canopy height (β = 0.122; Table 20) and mean core area of landscape 

class patches in the surrounding 300 ha (β = 0.033; Table 20). Only main canopy height was 

consistent across years and the predictive accuracy was poor for all years except 2001 (ROC = 

0.732; Table 20). The predictive accuracy was poor when we validated the stand model with 

spatially independent data (ROC = 0.665; Table 20). 

 Calibration plots reveal that both stand and VRI models are well calibrated at higher 

predicted probabilities of occurrence, but there is less of a relationship as the probability 

decreases. The spatial validation plots for stand data deviated widely from the expected 

distribution.  

Red-naped Sapsucker 

 Red-naped Sapsucker (Sphyrapicus nuchalis) is associated with deciduous forests, 

frequently adjacent to water and other edges. We were able to validate models to predict 

presence and absence of Red-naped Sapsucker for both plot and stand data. At the plot level, 

percent canopy gap (β = 1.251; Table 21), distance to forest edge (β = -0.007; Table 21), and 

proportion aspen and shrub landscape class in the surrounding 50 ha (β = 3.413; Table 21) were 

included in the best model. The relationship of all variables were consistent across years with the 

exception for percent canopy gap in 2004 (β = -1.236; Table 21). Predictive accuracy varied, but 

was good in 2002 and 2004 (ROC = 0.692 – 0.773; Table 21). Likewise, the predictive accuracy 

of this model with spatially independent data were good (ROC = 0.737; Table 21). The stand 

model for Red-naped Sapsuckers included percent aspen (β = 0.041; Table 21) and edge density 

in the surrounding 50 ha area (β = 0.012; Table 21). The relationship with edge density was 

consistently positive, but percent aspen varied among years. Predictive accuracy was generally 

good among years (ROC = 0.659 - 0.761; Table 21) and the spatial validation model (ROC = 
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0.752; Table 21). Calibration plots indicated 2001-2003 models were well calibrated and the 

spatial validation models overestimated the predicted probability of occurrence. 

 

Table 21. Summary of model variables, coefficients, and temporal and spatial validation ROC 
scores for Red-naped Sapsucker. 
 
 

  β-coefficient Spatial ROC 
         

Model Variable 2001-03 2001 2002 2003 2004 2001- 
2003 2004 

Plot Percent canopy 
gap 

1.251 2.096 0.456 0.558 -1.236 0.753 0.737

 Distance to forest 
edge 

-0.007 -0.005 -0.013 -0.007 -0.011   

 Proportion aspen 
and shrub (50 
ha)* 

3.413 1.195 2.995 2.058 5.501   

 Constant -1.398 -3.441 -1.713 -1.325 -1.232   
 ROC 0.753 0.692 0.748 0.692 0.773   
         
Stand Percent Aspen 0.041 -0.037 0.080 -0.006 -0.072 0.716 0.752
 Edge density (50 

ha) 
0.012 0.007 0.014 0.014 0.006   

 Constant -2.371 -2.731 -4.421 -3.188 -1.574   
 ROC 0.716 0.659 0.761 0.726 0.702   

 

Results Summary 

The predictive accuracy and reliability of the subset of stand models with good predictive 

discrimination (i.e., ROC > 0.70; n = 13) were generally better than for plot models (n = 10) and 

VRI models (n = 7). With spatially validated models, those models developed with VRI data 

performed better than either plot or stand models, but few species were modeled with VRI data 

and therefore, fewer were assessed. Adding the stand-structure classification variable in VRI 

models did not improve a models performance and stand-structure class was not selected in best 

models, either alone or with other predictor variables. Almost all of the plot and stand models 
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included variables related to the spatial relationship of the plot or stand (e.g., distance to edge or 

water) or aspects of the surrounding landscape (e.g., proportion of a certain cover type or patch 

size).    

It should be noted that there were sufficient data to develop models for several other 

species, but not for validation. Unvalidated models for these species will be posted on the species 

structure and biodiversity web page hosted by UNBC (web.unbc.ca/biodiversity/reports), but are 

beyond the scope of the FSP funding and this report. 

Discussion 

We were able to develop good predictive models for 16 (72 %) of the selected species 

(i.e., identified in the development phase of research, met prevalence requirement, and sufficient 

data to validate the model either spatially or temporally). For the species that had good predictive 

accuracy we may accept the hypothesis that forest structure can be used to predict occurrence for 

these species; however, this is only when prediction accuracy is assessed using the same data that 

was used to build the model. Assessments of predictive accuracy that use the same data as those 

used to build the model, however, usually result in an overestimate of the predictive precision 

(Chatfield 1995). Using independent data to test the predictive ability of a model is the preferred 

approach (Power 1993; Pearce and Ferrier 2000). Validating the predictive accuracy of a model 

with independent data should result in an unbiased estimate of the model’s predictive 

performance (Pearce and Ferrier 2000). Other approaches to validation that essentially jackknife 

(i.e., repeatedly subsample) the existing data set, such as k-fold methods (Boyce et al. 2002), are 

often applied to radio-telemetry studies in which there are many more observations per species – 

approaches we could not use given our sample size.  

When we used independent data, the models for only 8 species (36 %; Table 5) had good 

predictive accuracy. Sample plots used to spatially validate the prediction accuracy of these 
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models were distributed within the IDF and SBPS, reflective of the full range of the possible 

application of the model, an important aspect of validation (Johnson 2001). The full extent of the 

study area was within the environmental extent the models could be applied. With the exception 

of these 8 species, none of the structure models were robust when applied beyond the data that 

were used for their development. In order to correctly apply statistical models, all assumptions of 

the modeling process must be met.  In our case, issues relating to collinearity, prevalence, and 

the relationship between the response and predictor variables may have precluded using all 

biologically relevant data for a species or for some species (e.g., Mountain Chickadee) and thus 

the development of some models.  We conclude that caution should be exercised when applying 

distribution models developed in the IDF into the SBPS as factors influencing a species 

distribution may be different.  

The prediction inaccuracy of models, when applied to a new area, may be due to 

misspecification of the structural variables in a different biogeoclimatic zone, uncertainty related 

to natural variation, or bias in detectability in the new area. For models that performed poorly, 

specification error may be attributable to the overall objective in our research (i.e., linking 

species to structural aspects of forests) and our analysis approach. In our analysis, we used an 

information-theoretic approach to select the best model from a series of candidate, or competing, 

models: Akaike information criteria (AIC; Burnham and Anderson 2001). Selecting models 

using an information criteria approach is different from a data-mining approach (e.g., stepwise 

logistic regression); for example, a set of plausible models are compared and the “best model” is 

selected. Each model is considered a competing hypothesis based on knowledge of the 

underlying system. Although this approach is heralded as improving the predictive performance 

of final models, as spurious relationships are not exploited (Burnham and Anderson 2001), we 

limited candidate models to include variables that describe relationships among species presence 
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and characteristics of forest structure or relevant spatial relationships (e.g., distance to water). 

The best model selected from the series of candidate models may be a poor model overall (e.g., 

poor predictive accuracy) as species may be responding to other factors such as biological 

aspects (e.g., competition or predation). For example, in a study of the effect of mountain pine 

beetle on the occurrence of 3 woodpecker species, Three-toed Woodpeckers were found to be 

highly associated with the presence or absence of beetle infected trees in early years of the 

outbreak (2001) and not structural elements of stands (i.e., selection of habitats with higher prey 

resource); however, as the outbreak spread and presumably saturated the area (2003), Three-toed 

Woodpeckers could not be found to have an association with areas infected with beetle (Tedesco 

2005) 

There were no clear patterns in our analysis of temporal validation. Generally, there was 

high variability in the ROC values and β-coefficients among years suggesting the relationship 

between species and the structural aspects of forests are variable through time. The source of the 

variation may have to do with changes in population and prevalence, landscape conditions, 

availability of resources, observer bias, or statistical aspects such as detection probability or 

sample size within and between years. The results of our temporal validation indicated that a 

single year’s data were not overall good indications of the global (2001-2003) model. Similar 

results were obtained in a study conducted in northern Alberta and British Columbia that 

included up to 7 years of survey data (Vernier et al. 2003). Coefficients for models that retained 

reasonable predictive accuracy tended to be stable in the direction of their relationship to species 

presence, but not in their strength or probability. The species that were modeled for this report 

could generally be considered stable in population abundance (i.e., do not undergo cyclic periods 

of population eruption or depression), although there was variation in the prevalence of various 

species in the individual sample years. Although we attempted to control for observer bias within 
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years by rotating individuals among the plots, there was change in crew among years. Further 

analysis will have to be completed to determine if observer bias contributed to temporal variation 

in results (Thogmartin et al. 2005).  

The third component of our assessment of model predictive performance was an 

examination of model reliability, the agreement between predicted probabilities and observed 

occurrences, by examining calibration plots. These results were similar to the evaluation of ROC 

scores in that models were generally well calibrated when assessed with data used to construct 

the model, but broke down when applied to independent spatial data. Models that appeared better 

calibrated for independent data tended to be for species with relatively narrow habitat 

associations or species with strong associations to a particular structure element, like the 

Common Yellowthroat. Even for the Common Yellowthroat, the model consistently 

overestimated probability of presence. Overestimation bias is often associated to an increase or 

decrease in species’ prevalence in a region beyond that the model was developed (Pearce and 

Ferrier 2000); however, slope departed from the expected 45o pattern for most calibration plots 

applied to independent data. Departure from 45o is usually indicative of misspecification of the 

model (Pearce and Ferrier 2000); therefore, it is likely that the species we modeled respond to 

different structural elements in the IDF and SBPS, or that structural characteristics of forests 

alone are not the best predictors of species presence across this range of conditions. 

Single species evaluation 

Species that were successfully modeled tended to be easily detected and identified (Table 

2). Detection probability can significantly affect the outcome of model development and 

interpretation (Stauffer et al. 2001; MacKenzie et al. 2002). In our sample design we opted for 

extensive samples of a broad range of species. Species that are rare on the landscape or 

inconspicuous may not be modeled well unless surveys are designed specifically to take into 
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account these species-specific traits (Seoane et al. 2005). Several of the models that had good or 

excellent predictive accuracy when spatial validated tended to hold consistent relationships with 

β-coefficients suggesting that the relationships between the species and structural element(s) in 

these models were robust. These species may make good candidates as indicator species of these 

structural elements because they have: 1) a high probability of detection when present, and 2) a 

strong link to structural elements that are robust across a range of environmental conditions. A 

careful examination of the breadth of the relationship to the particular structure and whether 

thresholds exist, however, is required before implementing them as such.  

 Several potential causes for low prediction performance can be examined by focusing on 

the species that were selected as validation candidates, but their development models (2001-

2003) had low predictive accuracy: Common Raven (Corvus corax), Hammond’s (Empidonax 

harmmondii) and Dusky Flycatcher (Empdonax oberholseri), Red Crossbill (Loxia curvirostra), 

and Ruffed Grouse (Bonasa umbellis; Table 2). Common Raven is a wide ranging species with 

specific structural associations related to roost and nest sites (Campbell et al. 1997). Many 

detections for Common Raven may have occurred when individuals were moving between roost 

and foraging areas or while in foraging areas far from their roost sites. At the scale that we 

examined (e.g., plot and stand) there was no apparent relationship to the components of forest 

structural characteristics hypothesized to be important for the presence of Common Raven (e.g., 

large trees and/or snags). To rectify this possible issue, one may examine characteristics at larger 

scales but more likely a focus on the specific structures that could limit the populations (e.g., nest 

sites) and the species’ selection of those features would be the better approach to develop 

prescriptive recommendations. Similarly, the Red Crossbill is a wide ranging species that moves 

across landscapes taking advantage of cone masts (Campbell et al. 2001). Some researchers have 

characterized this species’ range to be at the “continental scale” (Campbell et al. 2001). Further, 
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Red Crossbills are frequently detected in flight as it is often vocalizing, but not necessarily 

“using” the plot or stand  to which it’s presence is related. The spatial uncertainty, therefore, may 

have influenced model failure for Red Crossbill.  

Generalist species are often difficult to model (Seoane et al. 2005) and models with high 

predictive success often include elements that are avoided, for example Mountain Chickadee and 

the variable proportion of non-forested area.  This best model for Mountain Chickadee is not 

very useful to forest managers trying to ensure that structural elements required for the 

maintenance of  populations (e.g., dead or dying trees, cavities; Campbell et al. 1997) are 

preserved on the landscape. To deal with species like the Mountain Chickadee and other 

generalists like the Common Raven that will select for specific structures for certain aspects of 

their life history, models should be developed around these specific life-history requirements. 

Likewise, data regarding thresholds in these structures would be particularly useful. 

Hammond’s and Dusky Flycatcher are 2 closely related species that have different habitat 

and structural associations, but very similar songs. Although the type of habitat in which an 

observer is documenting species presence may be helpful in making an identification, error and 

uncertainty may be adding to variation in the associations for each of these species leading to 

poor model development. Finally, Ruffed Grouse are a cryptic species and difference in the 

detection probability in different habitat types may be confounding model development (Stauffer 

et al. 2001, Mackenzie et al. 2002). In the context of model validation and the relationship of 

species to forest structure these potential sources of error: scale and spatial uncertainty, 

identification uncertainty, detection probability, and population variability highlight some 

important considerations for the development and implementation of models, as tools, for the 

management of biodiversity on industrial landscapes.  
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For those species we were able to model using VRI data (n = 7) predictive accuracy was 

good and robust when spatially validated. The categorical variable used in VRI models, stand 

structure, was developed to describe multiple aspects of stand structure (i.e., distinguishing 

differences between narrow- and wide-ranging diameter distributions; Moss 2004) in a single 

measure and did not perform well as a predictor of species presence or absense. This stand-

structure classification system was developed specifically for Lignum Ltd. as part of their 

Innovative Forests Partnership Agreement (Moss 2002). Although principally developed to 

characterize stands for timber supply analysis, it was hoped that stand-structure classes could be 

linked to species occurrences and biodiversity monitoring objectives. In our examination of 

stand-structure class (i.e., within VRI models and the species we analyzed for this report), stand 

structure was not in any of our best models despite including it in all combinations of VRI 

candidate models and on its own in the candidate models. Failure of stand structure to be 

included in “best models” could be related to certain limitations of using categorical variables in 

statistical analysis. First, by definition one collapses some of the variation inherent in the raw 

data used to create classes in order to define groups, and secondly, in order to analyze classes 

statistically there must be presence and absence in at least 1 case for each category (Menard 

2002). It should be noted, however, that categorical variables are used successfully in most 

resource selection models (Manly et al. 2002).  

The models that were selected as “best” included few predictor variables and thus may be 

considered relatively simple, their complexity emerges when we examine temporal and spatial 

variation in prediction accuracy and reliability, as well as the combination of variables that 

describe structure at multiple scales. The accuracy of specific stand-level predictions, however, 

needs to be considered where it will be applied. In order to examine the relationship between 

species and the stand-structure classification it will likely be more productive if species 
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occurrences are modeled with raw data used in categorizing stand-structure classes. 

Relationships identified with continuous data may then be simplified into categories, or ranges of 

categories, and tested independently. Models at both the plot and stand level often included 

variables related to the context or the surrounding structure (i.e., mean patch size, proportion 

forest class cover) and the spatial relationship to edges or water. The stand-structure class 

variable may also perform better with consideration of these aspects of the surrounding 

landscape.    

Conclusions and Management Implications 

We found validation results varied depending on whether plot, stand or VRI data were 

used and many models included variables related to spatial relationships of structures.  

Consequently, using a single approach to species modeling may limit predictive accuracy for 

some species. Depending on the objectives for model use, and the acceptable level of error, a 

single data source for structure data may not be dependable.  

Few models were reliable when applied to the independent data. Although there is an 

abundance of literature on recommendations for the validation of ecological models (e.g., Rykiel 

1996, Pearce and Ferrier 2000, Boyce et al. 2002), and a pervasiveness of the use predictive 

models to describe the relationship of species to their environments (Guisan and Zimmerman 

2000), models are frequently accepted without full validation of the predictive performance. Our 

results indicate that models developed in the IDF cannot be assumed to be applicable in different 

years or applied to the SBPS biogeoclimatic zone. Further, our analysis identifies several sources 

of potential error. Species that were best modeled typically were easily detected and relatively 

common, or had relatively high degree of environmental specialization. Many of these species 

were not a high management concern and may not require special management strategies given 
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their distribution on a heavily impacted landscape. Although broad generalizations can easily be 

drawn regarding species-structure relationships those species most sensitive to perturbations to 

structure may require monitoring programs and management initiatives specifically design with 

their needs in mind (e.g., disturbance sensitive species). 

Our study area was a heavily managed, multi-use landscape (industrial forestry, cattle 

grazing, hunting and recreation uses) and heavily roaded, which affects distribution of large 

mammals and may have a more subtle effect on the distribution and of other vertebrate species. 

The presence of cattle grazing was apparent at 62 % or our plots. Overall, the species community 

present in this ecosystem is reflective of disturbed ecosystem and may not be representative of 

the full ranges of goals a program with the objective of conserving biodiversity would include.  

Several of the models that we tested had good predictive accuracy and thus have 

application in terms of implementation as management tools. Models based on stand structural 

requirements meant to meet specific target thresholds will need further examination and testing 

(e.g., coarse woody debris, snag quality, etc.), but careful implementation and monitoring is 

required. Carefully designed monitoring program, preferably in the framework of adaptive 

management (Walters 1986) as even validated models may not remain valid through time, will 

ensure that models used as tools to conserve important forest structures and maintain a healthy 

diversity of species are not misapplied and continue to be representative of the applications the 

model was originally intended. Our validation results emphasize, however, the importance of 

examining the predictive performance of models with independent data as several of the models 

that had good predictive accuracy when assessed with the data used to develop the model were 

neither reliable (poorly calibrated) nor had good predictive accuracy when validated.  

Relating the presence and absence of species to forest structural variables and data 

available in provincial vegetation inventories is possible. Including aspects related to the spatial 
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context of plots and stands was an important part of model success. There were species, 

however, that did not model well under this approach and the prediction accuracy of models 

generally decreased when applied to spatial independent sites. The results of this research lend 

further evidence for the need for cautionary application of models that have not been validated. 

Given that validity of these models, beyond that data that were used to develop them was low, 

land managers should not expect that the models developed as part of this research will be 

applicable to other areas. Incorporating future monitoring or validation programs will ensure 

models are telling you what you think they should be telling you, as well as offering opportunity 

to re-develop models as more data becomes available. Our methodology to survey species 

presence was designed to document the presence and absence of a wide-range of species. Species 

with low detection probabilities, either because they are rare or because they are cryptic, will 

likely need sampling programs designed around maximising the probability of detecting the 

species if that species is of management concern. 

 

ACKNOWLEDGEMENTS 

The validation portion of this work (2004) was supported by the Forest Science Program (Project 

Number Y051058).  Initial model development was partially supported by Forest Renewal BC, 

the Forest Science Program and Riverside Forest Products Ltd. Jennifer Psyllakis received 

support from the National Sciences and Engineering Research Council of Canada and the 

University of Northern British Columbia. We are grateful for assistance in the field from C. 

Bachmann, S. Barker, D. Baxter, D. Gummeson, M. Hagedorn, E. Heburt, C. Hotson, H. Jack, E. 

Jones, H. Knight, L. Miller, E. Schuet, and N. Thomas. 



 

 67

Literature Cited 

Akaike, H. 1973. Information theory and an extension of the maximum likelihood principle. In 

B. N. Petrov and F. Caski (Eds.), Proceeding of the Second International Symposium on 

Information Theory. Budapest: Akademiai Kiado. 

B.C. Ministry of Forests. 1995. Biodiversity Guidebook (Forest practices code of British 

Columbia). Ministry of Forests, Government of British Columbia. 

Beauvais, G.P. and S.W. Buskirk. 1999. An improved estimate of trail detectability for snow-

trail surveys. Wildlife Society Bulletin 27:32-38. 

Boyce, M.S., P.R. Vernier, S.E. Nielsen, F.K.A. Schmiegelow. 2002. Evaluating resource 

selection functions. Ecological Modelling 157: 281-300. 

Burnham, K.P. and D.R. Anderson. 2001. Model Selection and Inference. A Practical 

Information-Theoretic Approach. Springer-Verlag, New York. 

Campbell, R.W., N.K. Dawe, I. McTaggart-Cowan, J.M. Cooper, G.W. Kaiser, M.C.E. McNall, 

and G.E.J. Smith. 1997. The birds of British Columbia, Volume 3: Flycatchers through 

Vireos. University of British Columbia Press, Vancouver, B.C. 

Campbell, R.W., N.K. Dawe, I. McTaggart-Cowan, J.M. Cooper, G.W. Kaiser, A.C. Stewart, 

and M.C.E. McNall. 1997. The birds of British Columbia, Volume 4: Wood-warblers 

through Old world Sparrows. University of British Columbia Press, Vancouver, B.C. 

Carey, A.B. 1998. Ecological foundations of biodiversity: lessons from natural and managed 

forests of the Pacific Northwest. Northwest Sci. 72:127-133. 

Caro, T.M., and O’Doherty, G. 1999. On the use of surrogate species in conservation biology. 

Conserv. Biol. 13:805-814. 



 

 68

Chatfield, C. 1995. Model uncertainty, data mining and statistical inference. Journal of the Royal 

Statistical Society. 158: 419-466. 

Deleo, J.M. 1993. Receiver operating characteristic laboratory (ROCLAB): software for 

developing decision strategies that account for uncertainty. Pages 318–325 In: 

Proceedings of the Second International Symposium on Uncertainty Modelling and 

Analysis, pp. College Park, MD: IEEE Computer Society Press. 

Elith, J., and M. Burgman. 2002. Predictions and their validation: rare plants in Central 

Highlands, Victoria, Australia. Pages 303-313 In: Scott, J.M., P.J. Heglund, and M.L. 

Morrison, eds. 2002. Predicting Species Occurrences: Issues of Accuracy and Scale. 

Island Press, Washington, D.C. 

Fielding, A.H. 2002. What are appropriate characteristics of an accuracy measure? Pages 271-

280 In: Scott, J.M., P.J. Heglund, and M.L. Morrison, eds. Predicting Species 

Occurrences: Issues of Accuracy and Scale. Island Press, Washington, D.C. 

Fielding, A.H. and J.F. Bell. 1997. A review of methods for the assessment of prediction errors 

in conservation presence-absence models. Environmental Conservation. 24: 38-49. 

Fleishman, E., R. Mac Nally, J.P. Fay. 2002. Validation tests of predictive models of butterfly 

occurrence based on environmental variables. Conservation Biology. 17: 806-817. 

Gillingham, M.P., and K.L. Parker. 2001. Summary report for the first year of the Project on 

Lifeform Classification. Contribution agreement report to Lignum, Ltd. 10 Dec. 21 pp. + 

337 pp. appendices. Available at http://web.unbc.ca/biodiversity/ 

Gillingham, M.P., and J.M. Psyllakis. 2004. Lifeforms: Structure and Biodiversity. 27 April. 120 

pp. Available at http://web.unbc.ca/biodiversity/ 

Guisan, A. and N.E. Zimmerman. 2000. Predictive habitat distribution models in ecology. 

Ecological Modelling 135: 147-186. 



 

 69

Hobson, K.A., and J. Schieck. 1999. Changes in bird communities in boreal mixedwood forest: 

Harvest and wildlife effects over 30 years. Ecological Applications 9:849-863. 

Hosmer, D.W., and S. Lemeshow. 2000. Applied Logistic Regression, 2nd edition. J. Wiley and 

Sons, New York. 

Johnson, D.H. 2001.  Validating and evaluating models. Pages 105-119 In: Shenk, T.M. and T.B. 

Franklin eds. Modelling in Natural Resource Management: development, interpretation, 

and application. Island Press, Washington, D.C. 

Johnson, R.R., B.T. Brown, L.T. Haight and J.M. Simpson. 1981. Playback recording as a 

special avian censusing technique. In C.J. Ralph and J.M. Scott, eds. Estimating numbers 

of terrestrial birds. Studies in Avian Biology 6:68-75. 

Lindenmayer, D.B. 1999. Future directions for biodiversity conservation in managed forests: 

indicator species, impact studies, and monitoring programs. Forest Ecology and 

Management 115: 277-287. 

Lindenmayer, D.B., C.R. Margules, and D.B. Botkin. 2000. Indicators of biodiversity for 

ecologically sustainable forest management. Conservation Biology 14:941-950. 

MacKenzie, D.I., J.D. Nichols, G.B. Lachman, S. Droege, J.A. Royle, and C.A. Langtimm. 2002. 

Estimating site occupancy rates when detection probabilities are less than one. Ecology 

83: 2248-2255. 

Manel, S., J. Dias, and S.J. Ormerod. 1999. Comparing discriminant analysis, neural networks 

and logistic regression for predicting species distributions: a case study with Himalayan 

river bird. Ecological Modelling 120: 337-347. 

Manel, S., H.C. Williams, and S.J. Ormerod et al. 2001. Evaluating presence-absence models in 

ecology: the need to account for prevalence. Journal of Applied Ecology 38: 921-931. 



 

 70

Manly, B.F.J., L.L. McDonald, D.L. Thomas, T.L. McDonald and W.P. Erickson. 2002. 

Resource selection by animals: statistical design and analysis for field studies. Kluwer 

Academic Publishers, Boston, MA. 

McGarigal, K. and B.J. Marks. 1995. FRAGSTATS: Spatial pattern analysis program for 

quantifying landscape structure. General Technical Report PNW GTR-351, Corvallis, 

OR. 

Meidinger, D., and Pojar, J. Eds. 1991. Ecosystems of British Columbia. B.C. Ministry of 

Forests, Spec. Rep. Ser. 6, Victoria, BC. 

Menard, S. 2002. Applied Logistic Regression Analysis, 2nd Edition. Sage Publications, London. 

Moss, I.S. 2002. Lignum Limited stand structure key, second approximation, 17 stand structure 

classes. Report to Lignum Ltd. 

Moss, I.S. 2004. Stand structure class: A status report. Report to Riverside Forest Products, Ltd., 

12 pp. 

Moss, I.S. and C. Farnden. 2004. Stand Structure Classification: A Quantitative Approach. 

Report for Riverside Forest Products. 

Neter, J., Wasserman, W., & Kutner, M. H. 1985. Applied linear statistical models: Regression, 

analysis of variance, and experimental designs. Homewood, IL. 

Ottaviani, D., G.J. Lasinio, L. Boitani. 2004. Two statistical methods to validate habitat 

suitability models using presence-only data. Ecological Modelling 179: 417-443.  

PCI Geomatics Corportation. 2001. PCI Works Version 7.0. Richmond Hill, Ontario. 

Pearce, J. and S. Ferrier. 2000. Evaluating the predictive performance of habitat models 

developed using logistic regression. Ecological Modelling 133: 225-245. 



 

 71

Power, M. 1993. The predictive validation of ecological and environmental models. Ecological 

Modelling 68:33-50. 

Province of British Columbia. 2002. Vegetation Resource Inventory (VRI) Update (2002). 

Ministry of Sustainable Resources Management, Victoria, BC. 

Province of British Columbia. 2004. Forest and Range Practises Act. Available at: 

http://www.for.gov.bc.ca/tasb/legsregs/frpa/frpa/frpatoc.htm 

Rempel, R.S. and A. P. Carr. 2003. Patch Analyst extension for ArcView: version 3. 

http://flash.lakeheadu.ca/~rrempel/patch/index.html  

Rykiel, E.J., Jr. 1996. Testing ecological models: the meaning of validation. Ecological 

Modelling 90: 229-244. 

Scott, J.M., P.J. Heglund, and M.L. Morrison, eds. 2002. Predicting Species Occurrences: Issues 

of Accuracy and Scale. Island Press, Washington, D.C. 

Seoane, J., L.M. Carrascal, C.L. Alonso, S. Palomino. 2005. Species-specific traits to prediction 

errors in bird habitat suitability modelling. Ecological Modelling 185: 299-308. 

Simberloff, D. 1999. The role of science in the preservation of forest biodiversity. Forest 

Ecology and Management 115:101-111. 

StataCorp. 2003. Stata Statistical Software: Release 8. StataCorp LP, College Station, TX.  

StataSoft. 2003. Version 6.0. STATISTICA – data analysis software system. StataSoft Corp, 

Tulsa, OK. 

Stauffer, H.B., C.J. Ralph, S.L. Miller. 2001. Incorporating detection uncertainty into presence-

absence surveys for marbled murrelet. Pages 357-365 In: Scott, J.M., P.J. Heglund, and 

M.L. Morrison, eds. 2002. Predicting Species Occurrences: Issues of Accuracy and Scale. 

Island Press, Washington, D.C. 



 

 72

Steen, O.A., and R.A. Coupé. 1997. A field guide to forest site identification and interpretation 

for the Cariboo Forest Region. B.C. Min. For., Res. Br., Victoria, B.C., Land Manage. 

Handb. No.39. http://www.for.gov.bc.ca/hfd/pubs/docs/lmh/lmh39.htm 

Stevens, V. 1995. Wildlife diversity in British Columbia: distribution and habitat use of 

amphibians, reptiles, birds, and mammals in biogeoclimatic zones. Res. Br., B.C. Min. 

For., Wildl. Br., BC Ministry of  Environment, Lands and Parks, Victoria, B.C. 

Tedesco, L. 2005 Influence of a mountain pine beetle infestation on presence of primary cavity 

nesters in the Cariboo-Chilcotin, British Columbia. B.Sc. Thesis, University of Northern 

British Columbia. 51 pp. 

Thogmartin, W.E., J.R. Sauer, and M.G. Knutson. 2004. A hierarchical spatial model of avian 

abundance with application to cerulean warblers. Ecological Applications. 14: 1766–1779. 

Vernier, P.R., F.L. Bunnell, F.K.A. Schmiegelow, S.G. Cumming, and C.J. Walters. Spatial and 

temporal validation of habitat models in the boreal mixedwood. Sustainable Forest 

Management Network Project Reports 2003/2004. 

Walters, C. 1986. Adaptive Management of Renewable Resources. Macmillan, New York. 

Wilson, R.R., Twedt, D.J., Elliott, A.B. 2000. Comparison of line transects and point counts for 

monitoring spring migration in forested wetlands. Journal of Field Ornithology 71:345-

355 

Zielinski, W.J. and T.E. Kucera. 1995. American Marten, Fisher, Lynx and Wolverine: Survey 

methods for their detection. USDA For. Serv. Gen. Tech. Rep. PSW-GTR-157. 

 


