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Mapping the distribution of whitebark pine
(Pinus albicaulis) in Waterton Lakes
National Park using logistic regression and
classification tree analysis
G.J. McDermid and I.U. Smith
Abstract. Accurate spatial information on the distribution of whitebark pine, a keystone species in alpine environments
across western Canada, is critical for the planning of conservation activities designed to ameliorate the damaging effects of
blister rust, mountain pine beetle, and interspecific competition. We compared classification tree analysis and logistic
regression analysis to explore their relative abilities to model whitebark pine presence and absence with
medium-spatial-resolution satellite and topographic variables across a complex study site in Waterton Lakes National Park,
Alberta. Both techniques were found to be effective, generating map products of roughly equal thematic quality (91%
overall accuracy; kappa = 0.76). However, the logistic model was valuable in its ability to predict ratio-level probability
surfaces, whereas the classification tree approach was simpler, faster, and found to generate a slightly more balanced model
from an individual class accuracy perspective. End users selecting between the two techniques should make choices that
balance flexibility with simplicity while always taking care to exercise sound modeling practices.
Résumé. L’information exacte dans l’espace sur la distribution du pin à écorce blanche, une espèce clef dans les régions
alpines de l’ouest Canadien, est essentielle pour les activités de conservation qui ont pour but d’améliorer les effets nocifs
provoqués par la rouille vésiculeuse du pin blanc, le dendroctone du pin ponderosa, et la compétition interspécifique. Nous
avons comparé l’analyse basée sur un arbre de décision avec l’analyse basée sur la r ression logistique de façon à définir la
capacité de chaque méthode à schématiser la présence ou l’absence du pin à écorce blanche à résolution spatiale moyenne,
et avec des variables topographiques dans la région du Parc National des Lacs-Waterton. Les deux méthodes se sont avérées
efficaces, permettant de créer des cartes de distribution d’une qualité thématique similaire (avec une précision globale de
91 % et un coefficient kappa de 0,76). Par contre, le modèle basé sur la régression logistique était int essante de par sa
capacité à générer des surfaces de probabilités à une echelle de mesure de type rapport, tandis que l’analyse basée sur un
arbre de décision était plus simple, plus rapide, et permettait de créer un modèle de classification plus équilibré au niveau de
l’exactitude de la catégorisation de chaque classe. Finalement les utilisateurs qui ont le choix entre ces deux techniques
doivent choisir la plus simple et la plus flexible, tout en exerçant de bonnes méthodes de schématisation.
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Introduction
Whitebark pine (Pinus albicaulis) is a five-needle pine
species that occurs in high-elevation environments across
western Canada and the United States (Critchfield and Little,
1966). Widely regarded as a keystone species (Mattson et al.,
2001), whitebark pine (WBP) plays a central role in wildlife
habitat and watershed protection in the timberline forests that it
inhabits (Farnes, 1990; Tomback et al., 2001; Copeland et al.,
2007). The seeds of WBP are large and nutritious (Lanner and
Gilbert, 1994) and represent an important food source for a
variety of species, including the grizzly bear (Mattson and

Merrill, 2002), red squirrel (Mattson et al., 2001), and Clark’s
nutcracker (Hutchins and Lanner, 1982). So valuable is WBP
as a food resource that when whitebark seeds are abundant,
grizzly bears eat virtually nothing else (Craighead et al., 1982),
and the presence of a healthy cone crop is thought be a key
factor governing the interaction between grizzly bears and
humans (Mattson et al., 1992; Mattson and Reinhart, 1997).
Unfortunately, however, WBP is declining throughout much of
its range, being adversely impacted by a variety of factors,
including exotic white pine blister rust (Zeglen, 2002;
McKinney and Tomback, 2007), epidemics of mountain pine
beetle (Perkins and Roberts, 2003; Waring and Six, 2005),
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climate change (Koteen, 1999), and competition from
shade-tolerant tree species (Keane and Arno, 1993) bolstered
by more than a century of fire suppression (Hallett and Walker,
2000). Concerns regarding the future of WBP, including
consideration for formal listing as a threatened species, have
led to a variety of conservation initiatives, including field
surveys (Campbell and Antos, 2000), genetic inventories
(Beardmore et al., 2006; Bower and Aitken, 2006), and an array
of proactive intervention programs (Schoettle and Sniezko,
2007).
Although WBP is known to exist throughout much of the
Canadian Cordillera south of the Peace River, detailed
information regarding the occurrence of the species at the patch
or stand level is seriously lacking (Wilson and Stuart-Smith,
2002). Previous work in the Kootenay, Yoho, and Lake Louise
regions of Alberta and British Columbia (Wilson and Marcoux,
2005) has investigated the use of logistic regression models for
explaining patterns of WBP occurrence using topographic
variables derived from a digital elevation model (DEM).
However, the effort was only able to account for 9% of the
observed variance, revealing, perhaps, the limitation of
moderate-scale topographic datasets for supporting this type of
demanding stand-level modeling work. Other studies have
demonstrated the potential of spectral variables from remote
sensing for capturing patterns related to the distribution of
specific vegetation species. For example, Kokaly et al. (2003)
used hyperspectral Airborne Visible/Infrared Imaging
Spectrometer (AVIRIS) data to compile a spectral library for a
number of vegetation cover types in Yellowstone National Park,
including WBP, and used a spectral feature-fitting algorithm
and expert system rules to generate vegetation maps with
accuracy levels of 74% overall. Goodwin et al. (2005) used
analysis of variance to document statistical differences between
species in an Australian eucalypt forest using 80 cm Compact
Airborne Spectrographic Imager-2 (CASI-2) imagery and
showed that broad species groups could be separated with
supervised maximum likelihood strategies. Hamada et al.
(2007) employed hierarchical clustering procedures to classify
tamarisk communities in riparian habitats in southern
California using high spatial and spectral resolution airborne
data. However, each of these studies relied on highly detailed
airborne imagery and employed methods that would be difficult
to duplicate over large areas.
Other researchers have shown that detailed vegetation
patterns
can
be
modeled
effectively
with
moderate-spatial-resolution satellite imagery using datasets
comprised of combined spectral and topographic explanatory
variables. For example, Wulder et al. (2006) used
multitemporal Landsat Enhanced Thematic Mapper Plus
(ETM+) imagery and a variety of topographic descriptors to
model red-attack mountain pine beetle damage with an
accuracy of 86%. Lawrence and Wright (2001) achieved
similar results mapping vegetation communities in the
Yellowstone ecosystem with combined TM–DEM explanatory
variables. The potential of combined datasets for modeling
patterns of WPB occurrence was demonstrated by
© 2008 CASI

Landenburger et al. (2006), who achieved overall accuracies
approaching 90% in the Yellowstone region. However, there
remains a paucity of examples of this type of work in the
remote sensing literature, particularly in the Canadian context,
and we require additional research efforts designed to
illuminate specific strategies for mapping WBP, and other
vegetation communities of special concern, across the complex
habitats in which they occur. Of particular interest is the role of
specific modeling techniques designed to handle the
presence–absence information that typically comprises the
response variables available for this type of work. Two
techniques, binary logistic regression and classification tree
analysis, show particular promise. Logistic regression is a form
of generalized linear modeling designed to handle the variance
patterns normally generated by binary response variables
(Crawley, 2002). The procedure is attractive in that it generates
a continuous probability surface that represents a flexible,
ratio-level information product that can be interpreted in a
variety of manners. However, the model construction and
criticism process is time-consuming and requires specialized
statistical prowess. Classification tree analysis (CTA) is an
alternative statistical procedure designed to identify rule-based
decision trees that predict the most probable classification
categories using a series of recursive binary divisions (Breiman
et al., 1984; Venables and Ripley, 1997). Although the
low-level, categorical output is not as desirable as the
probabilistic surface provided by logistic regression analysis,
CTA is attractive in its ability to handle large numbers of
diverse explanatory variables quickly and efficiently, and
previous studies (e.g., Vayssiers et al., 2000; Miller and
Franklin, 2002) have demonstrated its broad effectiveness
across a variety of experimental conditions.
The objectives of the research reported in this paper were
two-fold. The first was to compare the abilities of logistic
regression and CTA to model the distribution of WBP with
spectral and topographic variables across a diverse environment
in the northern portion of the species’ range. We posed the
following questions: Can medium-spatial-resolution satellite
imagery be combined with topographic descriptors derived
from a DEM to map the patch-level occurrence of WBP with
reasonable accuracies? Would one of logistic regression
analysis or CTA stand out as a superior strategy for modeling
WBP presence and absence? The second objective of this work
was to contribute to ongoing conservation efforts by mapping
the distribution of WBP across Waterton Lakes National Park,
where the species is experiencing high rates of blister rust
infection. A high-quality map of stand-level WBP occurrence
does not presently exist in the area and would provide both a
valuable tool for guiding proactive intervention programs and a
solid foundation for conducting future studies designed to
clarify the role of the species in the Waterton ecosystem. In
general, we hope that this effort will help establish a foundation
that leads to subsequent interagency efforts aimed at mapping
the distribution of WBP across its entire Canadian range.
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Methods
Study area
Waterton Lakes National Park is located in the extreme
southwest corner of Alberta, Canada (Figure 1). The park is
located 270 km south of the city of Calgary and is bordered by
the province of British Columbia to the west and Glacier
National Park, Montana, to the south. Waterton Lakes National
Park is a unique environment in that it is located on the front
ranges of the Rocky Mountains, where the mountains meet the
prairies. The park itself is relatively small (approximately
500 km2) but is home to an exceptional diversity of plants and
fauna, with 45 unique vegetation types identified in a recent
Parks Canada ecological land classification (Achuff et al., 2002).
The landscape transitions from relatively flat grasslands in the
east to steep alpine peaks as the elevation rises from 1300 m to
over 2500 m. Whitebark pine is a major component of
high-elevation forests in the study area, where it experiences
blister rust infection rates approaching 70% (Smith et al., 2008).
Datasets
The chief data sources for this project were (i) a Landsat 7
ETM+ image from 7 July 2001, (ii) a digital elevation model,
and (iii) georeferenced point data representing the presence and
absence of WBP. In addition, we used 1-m spatial resolution
digital orthophotographs and 1 : 20 000 scale ecological land
classification maps to confirm the validity of WBP
presence–absence data where necessary (described later in this
section). The orthophotographs were derived from 1 : 40 000
scale true colour aerial photography acquired by Horizons, Inc.
(Rapid City, S. Dak.) for the Waterton–Glacier International
Peace Park area in August of 2004 (Horizons Job 12352).
The Landsat 7 ETM+ image (scene 41/26) contained six
spectral bands (bands 1–5 and 7) at a spatial resolution of 30 m.
The image was converted to top-of-atmosphere reflectance and
then rescaled to eight-bit values. The tasseled-cap transformation
(TCT) of Crist and Cicone (1984) was used to generate the TCT
variables brightness, greenness, and wetness, a reduced list of
orthogonal spectral variables designed to facilitate subsequent
modeling efforts. In addition, a principal components analysis
(PCA) was performed to guard against the possibility that the
TCT would not be suitable for the high-elevation environment
prevalent in the study area. The normalized difference vegetation
index (NDVI) of Deering (1978) was also generated to fill out
the final spectral variable set.
A topographic–positional descriptor set consisting of the
following five digital explanatory variables was extracted from
a coregistered DEM of the study area: elevation, slope, easting,
northness, and eastness. Northness and eastness are both linear
transformations of the circular variable aspect and were
calculated as the cosine (northness) or the sine (eastness) of
aspect. Easting, a relative measure of longitude, was also
included in the variable set. The final list of spectral and
topographic explanatory variables available for modeling is
summarized in Table 1.
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Figure 1. Location of Waterton Lakes National Park in Alberta,
Canada.

The distribution of WBP across the Waterton Lakes National
Park study area was characterized by presence and absence
points obtained from a combination of field surveys and aerial
photograph calls cross-referenced with Parks Canada
ecological land classification maps. Presence points were
compiled from five separate field campaigns conducted
between 1994 and 2006 (Table 2). From these efforts, 145
georeferenced global positioning system (GPS) locations
indicating the presence of whitebark pine were obtained. We
took special care to control for methodological differences
observed between individual field programs, including
inconsistencies in the sample units surveyed, which ranged
from locations of individual trees to the centroids of 100 m
sample plots. This issue was addressed through the creation of
spectral objects (described later in the paper) designed to
provide larger units of analysis that would increase the
likelihood that each presence entity contained at least one
confirmed WBP individual.
WBP absence points were made up of 141 confirmed field
plots acquired in the summer of 2005 using a stratified random
sampling method, in which 30 m sample plots were selected
across locations constrained to within 250 m of a trail or access
feature. The absence dataset was then supplemented with an
additional 349 randomly generated sample points designed to
match the 0.98 points/km2 sample density achieved within the
250 m access zone. Each randomly generated point was
carefully scrutinized with 1 m digital orthophotography and
cross-checked with Parks Canada ecological land classification
maps. The final WBP point sample dataset was comprised of
145 presence locations (all confirmed with field surveys) and
490 absence locations (141 field confirmed and 349 aerial
photograph confirmed).
© 2008 CASI
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Table 1. Summary of the candidate spectral and topographic variables available to model the
distribution of whitebark pine in the Waterton Lakes National Park (WLNP) study area.
Variable

Spatial resolution (m)

Spectral
Landsat 7 ETM+ imagery (scene 41/26, 7 July 2001), bands 1–5 and 7
Principal components analysis results (PC 1 – PC 6)
Tasseled cap transformation results (brightness, greenness, wetness)
NDVI

30
30
30
30

Topographic
Digital elevation model of WLNP (elevation)
Easting
Eastness
Northness
Slope

30
30
30
30
30

Table 2. Summary of the whitebark pine presence points used in the analyses.
Organization

Date collected

Coordinate
recording device

Purpose of survey

Coordinate information

B. Wilson, Selkirk
College and
Parks Canada
B. Wilson, Selkirk
College and
Parks Canada
C. Wong,
University of
British Columbia
Parks Canada

Summer 2005
and 2006

Hand-held GPS
units

Identify blister rust resistant
trees

Coordinates represent location of
individual tree

45

Summer 2004
and 2005

Hand-held GPS
units

Collect information on
whitebark pine regeneration

38

Summer 2005

Hand-held GPS
units

Summer 2003

Hand-held GPS
units

Research on whitebark pine
stand dynamics as part of
Ph.D. project
Document extent of whitebark
pine blister rust

Parks Canada

1994–1996

Hand-held GPS
units

Coordinates represent centre of
100 m plots in which at least
one whitebark tree is present
Coordinates represent centre of
30 m plots in which one or
more whitebark pine are present
Coordinates represent beginning or
end of transects; at least one
whitebark pine is present within
5 m of these coordinates
Coordinates represent centre of
20 m plots within which at least
one whitebark was identified

Collect predominant vegetation
information to aid in
creation of ecosystem land
classification (ELC) maps

Total

No. of
points

15

38

9

145

Modeling data

Logistic regression analysis

To minimize the spatial uncertainty arising from hand-held
GPS locations and the varying plot sizes associated with
individual field campaigns, we created new object-based
sample units with Definiens Professional 5.0 using spectral
TCT variables segmented with scale = 2, smoothness = 0.5, and
colour = 0.9. The parameters were selected iteratively with
visual interpretation for the purpose of creating small,
spectrally homogeneous units of analysis that were roughly the
size of small tree stands, within which spectral and topographic
explanatory variables could be summarized. The resulting
entities and their associated attributes defined the dataset upon
which subsequent statistical modeling activities took place.
The final dataset was split randomly into training (85%) and
validation (15%) sets using Huberty’s (1994) heuristic, with
each set containing the same proportion of absence to presence
objects: a ratio of approximately 3.4 to 1.

Simple linear regression assumes that variance is constant
and that the errors are normally distributed (Crawley, 2002).
However, binary and proportional data often display ∩-shaped
distribution patterns that violate these assumptions and call for
the use of binomial-family generalized linear models with a
logit link. The logit transformation takes the form

© 2008 CASI

 p
logit = ln  
q

(1)

where p is the probability of presence of whitebark pine, q is
the probability of absence of whitebark pine, and p + q = 1. In
this way, presence and absence observations are combined in
the construction of a two-vector response variable, and
regression analysis calculates changes in the logit variable,
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rather than the individual dependents themselves. The model
calculates the probability of WBP presence (p) as
p=

1
1 + exp[ −( α 0 + α 1 x 1 + K + α k x k )]

(2)

where α0–αk are the regression coefficients of k explanatory
variables (x). Unlike ordinary least squares regression, the
explanatory variables can be continuous or discrete, normally
distributed or not (Hosmer and Lemeshow, 2000).
We constructed nine candidate models using ecologically
feasible combinations of explanatory variables independent at
the r < 0.7 level and examined for significance using the Wald
statistic (Norusis, 2005). The significance of each model was
criticized using Hosmer and Lemeshow goodness-of-fit tests
(Hosmer and Lemeshow, 2000) and evaluated against each other
using Akaike’s information criteria (AIC). AIC measures the
relative “distance” of each model from the truth, calculated as
AIC = −2LL + 2k

(3)

where LL is the logarithm-likelihood function, and k is the
number of parameters estimated in the model (Burnham and
Anderson 2002). Lower AIC values indicate a better fitting
model with fewer estimated parameters, following the principle
of parsimony. AIC was adjusted for sample size through the
calculation of AICc:
AICc = AIC +

[ 2k( k + 1)]
(n − k −1)

(4)

where n is the sample size. We determined the rank of each
model by calculating the difference (∆i) between the AICc
value of the ith model and that of the best model (AICcmin):

individual predictor variables (Venables and Ripley, 1997).
The result is a multibranched tree diagram that defines a series
of decision rules which are well suited for implementing in a
GIS environment. A number of splitting criteria are available
(Zambon et al., 2006), though Pal and Mather (2003) have
suggested that the choice has little effect on overall accuracy
levels. CTA offers several important advantages over logistic
regression analysis, including a greatly simplified, one-step
variable selection procedure and simple, easy-to-interpret
graphical outputs. The procedure is also nonparametric and
handles explanatory variables at any data level, though the
categorical output is decidedly less flexible than the probability
density surface generated by logistic regression analysis.
We used the class probability splitting algorithm contained in
S-Plus 14.0 to generate a decision tree comprised of 16 terminal
nodes. The analysis segregates the data based on probability,
with the algorithm comparing all possible values for every
predictor variable, and selecting splits that maximize the
“purity” of the child nodes: minimizing deviance while
maximizing homogeneity (Venables and Ripley, 1997). Splitting
along a given branch is halted when the number of observations
is less than 10 or the node features less than 1% of the total
deviance of the entire tree. The maximal 16-node tree was
pruned to 10 nodes using cross-validation and a standard
cost-complexity measure (Crawley, 2002) As in logistic
regression analysis, the final model was implemented within
ArcMap to generate binary values of 1 (presence) or 0 (absence)
for every object in the study area. The predicted classes were
then compared against known values for the 95 objects in the
independent validation dataset and used to generate confusion
matrices and standard accuracy-assessment statistics.

Results
Logistic regression analysis

∆i = AICc i − AICc min

(5)

Once identified, the best model was applied spatially in
ArcGIS to generate a continuous probability surface ranging
between 0 and 1 for all objects in the study area. We used the
independent test dataset to create receiver operating
characteristics (ROC) curves (Hanley 1989), confusion
matrices, and standard categorical accuracy-assessment
statistics by thresholding the probability surface at the 0.4 level,
a level selected empirically to maximize overall accuracy and
one that approximates the level used previously by other
authors (e.g., Wulder et al., 2005).
Classification tree analysis
Classification and regression tree analyses represent an
increasingly popular set of statistical techniques designed to
predict categorical (classification tree) or continuous
(regression tree) response variables through binary recursive
partitioning, wherein feature space is divided up using a
recursive series of binary splits based on the thresholding of
360

The rank, AICc, ∆i values, and other relevant statistics for the
nine candidate logistic regression models are summarized in
Table 3. As expected, each model contained a blend of spectral
and topographic predictors, verifying once again the superior
performance of combined multisource data for this kind of
analysis. The best model (model 1) contained six explanatory
variables, with positive coefficients displayed for elevation and
NDVI, and negative coefficients for northness and two
additional spectral variables, namely ETM+ band 2 and PCA 2.
The topographic–positional relationships were logical,
reflecting the increased occurrence of WBP at high elevation
and warm aspect environments documented elsewhere in the
literature (e.g., Arno and Hoff, 1989). The negative coefficient
of the easting variable, a simple measure of longitude, indicated
that WBP presence decreased as one moved farther east across
the study area. The inclusion of the three spectral variables
reflected the associations one would expect between WBP and
green vegetation, namely positive for NDVI and negative for
ETM+ band 2 (chlorophyll absorption) and PCA 2, interpreted
here to represent land cover dominated by conifer forest –
© 2008 CASI
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Table 3. Rank and summary statistics for the nine candidate variables generated through logistic regression analyses.
Rank and summary statistics
Model

Variables (coefficients)

2LL

k

AIC

AICc

∆i

Rank

1

Easting (–0.00013), elevation (0.00683), northness (–0.01485),
NDVI (0.20719), PCA 2 (–0.1839), band 2 (–0.346),
constant (83.6334)
Easting (–0.00017), elevation (0.00740), northness (–0.01597),
NDVI (0.5646), band 2 (–0.1489), constant (101.072)
Easting (–0.00019), elevation (0.00732), northness (–0.01225),
NDVI (0.09589), constant (108.180)
Easting (–0.00018), elevation (0.00751), northness (–0.01396),
NDVI (0.08972), band 5 (–0.0135), constant (105.264)
Easting (–0.00018), elevation (0.00598), northness (–0.01744),
greenness (0.0649), brightness (–0.0322), constant (121.907)
Easting (–0.00016), elevation (0.00613), northness (–0.01693),
greenness (–0.1226), brightness (0.1159), band 3 (–0.534),
constant (102.170)
Easting (–0.00021), elevation (0.00274), northness (–0.01275),
eastness (–0.0055), slope (–0.320), constant (149.148)
Easting (–0.00019), elevation (0.00701), northness (–0.01275),
eastness (–0.00596), NDVI (0.09538), constant (111.149)
Easting (–0.00016), elevation (0.00770), northness (–0.01621),
NDVI (0.09113), brightness (–0.0313), constant (93.308)

201.11

7

215.11

215.32

0.00

1

235.17

6

247.17

247.32

32.00

2

254.38

5

264.38

264.49

49.17

6

251.78

6

263.78

263.94

48.62

7

258.13

6

270.13

270.28

54.97

8

241.38

7

255.38

255.59

40.28

4

296.26

6

308.26

308.41

93.10

9

248.15

6

260.15

260.31

44.99

5

238.12

6

250.12

250.28

34.96

3

2
3
4
5
6

7
8
9

Note: AIC, Akaike’s information criteria; AICc, sample size corrected AIC; k, number of parameters estimated in the model; LL, logarithm-likelihood
function; ∆i, difference between the AICc value of the ith model and that of the best model.

treeline (including WBP habitat) in the ranges selected by the
model. The topographic variables of easting, elevation, and
northness appeared in each of the candidate regression models,
indicating the importance of these topographic controls on
WPB distribution. Other highly ranked models contained
reduced or alternate combinations of spectral variables (PCA 2
was excluded from model 2, ranked second; brightness was
included in model 9, ranked third).
The final WBP presence map, as predicted by the best
logistic regression model probability surface, thresholded at the
0.4 level is shown in Figure 2. The area under the ROC curves
was 0.952 and 0.950 for the training and validation datasets,
respectively, falling well within the 0.9–1.0 range suggested by
Swets (1988) to indicate “very good” levels of discrimination.
The overall accuracy of the map was 90% (kappa = 0.76), with
the pattern of errors (95% producer’s accuracy and 72% user’s
accuracy for WPB presence; 89% producer’s accuracy and 89%
user’s accuracy for WBP absence) suggesting an overprediction
of WBP presence, with almost 30% error of commission among
independent test objects.
Classification tree analysis
The 10-node classification tree generated by CTA is shown in
Figure 3. The variables qualifying for the final model (elevation,
easting, northness, NDVI, ETM+ band 2, and PCA 2) were
identical to those observed in the best logistic regression model,
suggesting a reassuring consistency in variable selection
between the two techniques. The final WBP presence map, as
predicted by CTA, is shown in Figure 4. The overall accuracy of
© 2008 CASI

the map was 91% (kappa = 0.76), with the pattern of errors (77%
producer’s accuracy and 85% user’s accuracy for WBP
presence; 96% producer’s accuracy and 93% user’s accuracy for
WBP absence) suggesting a moderate underprediction of WBP
presence of about 20% among independent test objects.

Discussion
The comparative accuracies of the final CTA and logistic
regression models, as defined by standard categorical accuracy
assessment statistics from the independent test dataset, are shown
in Table 4. The overall accuracy of CTA and logistic regression
map products is the same at 0.76, a result confirmed by a kappa
Z-test score of 0, suggesting (obviously) no significant difference
(Foody, 2004). Although the overall thematic quality of the maps
is the same, there were substantial differences among error
patterns at the individual class level. The logistic model had a
higher producer’s accuracy of WBP presence than the CTA model
(77%–95%), but lower user’s accuracy (72%–85%), suggesting
that the logistic model thresholded at the 0.4 level overpredicted
the presence of WBP. The extent of the difference is revealed
graphically in Figure 5, in which the logistic regression model is
shown to predict areas below 1500 m as containing WPB
presence; well beneath the lowest observed presence of the species
contained in the field data (1781 m).
We increased the threshold of the logistic regression model
to the 0.8 probability level, a flexibility that illustrates one of
the distinct advantages of this modeling strategy over CTA, in
an attempt to reduce the documented overprediction of WBP
presence and explore the impact of threshold adjustments on
361
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Figure 2. Whitebark pine (WBP) distribution as predicted using logistic regression modeling. The probability density
surface was thresholded at 0.4 to create a binary presence–absence map.

Figure 3. Final classification tree, highlighting the three rules predicting the presence of WBP
in the Waterton Lakes National Park study area.
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Figure 4. Whitebark pine distribution as predicted using classification tree analysis.

Table 4. Comparative accuracy statistics for the final CTA and logistic regression maps thresholded at the
0.4 and 0.8 levels.
Logistic threshold 0.4

Logistic threshold 0.8

Accuracy

WBP

CTA
Non-WBP

WBP

Non-WBP

WBP

Non-WBP

User’s (%)
Producer’s (%)
Overall (%)
Kappa (%)
Kappa Z-test score

85.00
77.27

93.33
95.89

72.41
95.45

98.48
89.04

88.24
68.18

91.03
97.26

91.58
90.53
90.53
76
76
71
0.0 (CTA to the 0.4 logistic model); 0.4214 (CTA to the 0.8 logistic model);
0.4218 (0.4 logistic model to the 0.8 logistic model)

thematic accuracy. Although the resulting statistics (Table 4)
did reveal better user’s accuracy for WBP presence (88% for
the 0.8 threshold versus 72% for the 0.4 threshold), the
corresponding producer’s accuracy suffered substantially (68%
for the 0.8 threshold versus 95% for the 0.4 threshold).
Although the kappa Z-test scores suggest no significant overall
differences between the three models, there are clear disparities
in class accuracies, the most “balanced” of which seems to be
the CTA product. Some of the issues documented in the logistic
regression model could be due to the fact that the regression
approach assesses all the variables simultaneously in the
selection process, as opposed to CTA, which partitions the data
© 2008 CASI

sequentially, starting with the best predictor variable
(elevation, in this case) first and following through logically
with the best remaining predictors. This multiple step approach
to classification could lead to more effective use of the
independent variables and subsequently more balanced models.
Of the two modeling methods, CTA was considerably faster
and more user-friendly to apply than binary logistic regression.
The machine learning nature of the variable selection process is
easy and efficient, and the CTA graphical output is logical and
accessible. Although practitioners are advised to guard against
the habit of introducing illogical variables into the analysis and
relying exclusively on the ability of CTA to select relevant
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Figure 5. Comparison of the logistic regression model (grey) and classification tree analysis (CTA) model (red),
illustrating the overprediction of WBP presence.

predictors, the approach represents an attractive alternative to
the more demanding logistic regression modeling procedure.
However, the ratio-level probability surface generated by the
regression model is clearly the more flexible and potentially
useful output of the two. Though end users must be made aware
of the trade-offs inherent in selecting liberal or conservative
threshold values, the ability to adapt the WBP likelihood
surface to suit individual needs represents a key advantage.

Conclusion
Classification tree analysis (CTA) and logistic regression
analysis were both found to be effective strategies for modeling
the distribution of whitebark pine (WBP) across a diverse study
area in Waterton Lakes National Park, combining spectral and
topographic predictor variables to generate map products of
roughly equal thematic quality. The logistic model was
valuable in its ability to predict ratio-level probability surfaces
for WBP presence, but the CTA product was found to be more
balanced from a class-accuracy perspective and simpler to
produce. Practitioners selecting between the two approaches
are encouraged to balance the needs of flexibility (logistic
regression) with those of speed and simplicity (CTA), though it
364

will always remain important to exercise sound modeling
practices.
Medium-spatial-resolution optical satellite data and digital
elevation models (DEMs) provided a solid foundation from
which to conduct detailed stand-level mapping of WBP in
western Canada, with overall accuracies exceeding 90% in this
experiment. It should be noted, however, that these results (as
with all such empirical techniques) may vary considerably at
different sites or spatial extents. Presence and absence point
data from a variety of sources can be combined if sufficient care
is taken to minimize spatial uncertainty arising from disparate
field campaigns. Future work should be aimed at facilitating
multi-agency efforts to map WBP across its entire western
Canada range to support ongoing conservation activities
associated with this keystone species.
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