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Abstract
Yellow-cedar (Chamaecyparis nootkatensis) is currently undergoing a dramatic decline in
western North America, with concentrated areas of decline located in southeast Alaska and
coastal British Columbia. Recent research suggests that a shift in climate is responsible for the
decline and a working hypothesis concerning the role of climate and site specific factors has
been proposed. The main objective of this research was to contribute to the understanding of the
yellow-cedar decline phenomenon by examining the spatial pattern of the decline and assessing
the relations with topographic variables in coastal British Columbia.

The research questions were addressed through a combination of remote sensing and Geographic
Information System (GIS) techniques. Sample points were distributed across the landscape
according to a stratified sampling scheme and the presence/absence of decline at each point was
determined using a forest cover dataset and aerial photograph interpretation. Spatial patterns of
topographic factors (e.g. elevation, slope, aspect) were derived from a 25 m digital elevation
model of the province. To assess the strength of relations between the distribution of decline and
the various environmental predictors, logistic regression and decision-tree models were applied.
The lasso technique was used to select a significant set of coefficients and the selection was then
validated through bootstrap analysis. Model results indicated that low elevation sites close to the
coast, which are more exposed and have more variation in elevation, are more likely to show
evidence of decline. The logistic model fit the data well (Nagelkerke R2 = 0.846, Hosmer-Le
Cessie omnibus test failed to find any evidence of lack of fit) and had high predictive accuracy
(AUC = 0.98).

The topographic variables identified by the model influence degree of soil saturation,
temperatures and snowpack presence in a forest stand, supporting the proposed associations in
the current decline hypothesis. The analysis also highlighted the utility of the lasso logistic
model for selecting significant variables and mapping high risk areas for decline. Knowledge of
the determinants of the spatial pattern of decline will improve predictability and provide critical
information for the conservation and management of yellow-cedar.
ii
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Chapter 1

Introduction
“Just as the careful study of the geographical variation of the incidence of human disease has
provided a powerful heuristic tool in epidemiology,…the study of the spatial structure of
forest dieback may be expected to provide a useful guide in the search for causes of forest
decline.” (Daoust et al., 1992, pp.156)

1.1 Motivation for the Study
Broad patterns of terrestrial vegetation are largely determined by climate, particularly by mean
and variation in annual temperature and precipitation (Box, 1995; Prentice, 1990). This
dependency is well illustrated by the climate driven range expansions of many species following
the last glacial maximum (Gates, 1990; Parmesan et al., 2005). While terrestrial plant species
were generally able to keep pace with climate changes during the Pleistocene-Holocene
warming, the rate of climate change was about an order of magnitude less than the projected
changes for the 21st century (Bush et al., 2004). These impending changes in climate are
projected to result in shifts in vegetation distributions at unprecedented rates (Allen and
Breshears, 1998; Bush et al., 2004).
Global Climate Models predict that the globally averaged surface temperature will warm by
approximately 1.8 to 4 ̊

C by the end of the 21st century, depending on the greenhouse gas

emission scenario (IPCC, 2007b). However, the warming trend is not occurring uniformly across
the globe; rather, the greatest warming is occurring at northern latitudes (Gates, 1990; IPCC,
2007b). It is thought that the rate of climate change will shift the climatic boundaries of biomes
northwards at a pace which will exceed the rate at which many species can shift their distribution
(Gates, 1990). This rapid change could result in extirpations and extinctions in some species as
they lose suitable habitat at the southern end of their original distribution (Hansen et al., 2001;
Shafer et al., 2001). Hamman and Wang (2006) discovered through their biogeoclimatic
envelope study that tree species growing along elevation bands in mountainous terrain may be
1

particularly vulnerable. These species are predicted to lose potential habitat faster than they gain
new habitat and are expected to rapidly decline in frequency at their current elevations (Hamman
and Wang, 2006).
A change in climate has been implicated in several region-wide forest diebacks, including the
decline of yellow-cedar. Yellow-cedar, (Chamaecyparis nootkatensis (D. Don) Spach 1), also
known as Alaska cedar, is a tree of high ecological, commercial, and cultural importance in
coastal Alaska and British Columbia (Hennon et al., 2006). The species is currently undergoing
the most severe forest decline in western North America (Hennon et al., 1998), with concentrated
areas of decline located in southeast Alaska and along the north and central coast of British
Columbia (Hennon et al., 1998; Hennon et al., 2005). Recent research into the decline has led to
the development of a working hypothesis involving a climate shift and site specific factors
(Hennon et al., 2006). The overall objective of this study was to contribute to understanding of
the phenomenon by conducting the first landscape-level analysis of the decline in British
Columbia. In the remainder of this chapter, I examine climate change as a mechanism for forest
declines and summarize previous research into the decline of yellow-cedar (Section 1.2). I have
identified key knowledge gaps to provide justification for the research question, which I present
in Section 1.3.

1

The taxonomic status of yellow-cedar may change following the discovery of a closely related tree
species in northern Vietnam (Xanthocyparis vietnamensis Farjon & Hiep). At the next International
Botanical Congress in 2011, it will be determined whether yellow-cedar will be transferred to the newly
established genus Xanthocyparis, or its former genus, Callitropsis (Mill & Farjon, 2006).

2

Figure 1: Yellow-cedar decline in British Columbia, 2008
Photo credit: T. Maertens
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1.2 Literature Review
1.2.1 Biophysical Theory of Forest Decline
While there is currently a great deal of concern regarding how anthropogenic climate change
could affect forests (Winnet, 1998), much uncertainty surrounds both climate change predictions
and the likely response of vegetation (Bachelet et al., 2001; Gates, 1990; Hansen et al., 2001).
Determining likely responses of vegetation to climate change is difficult due to the complex
nature of ecosystem responses (Allen and Breshears, 1998; Winnet, 1998). However, the idea
that climate shifts can lead to forest declines directly or indirectly is now widely accepted by
forest pathologists (Manion, 1991).
The biophysical theory of Auclair et al. (1992) suggests that episodic, region-wide forest dieback
may be driven by climate variation. From a review of forest diebacks in North American
hardwoods, Auclair et al. (1992) found evidence indicating that both short-term extreme climate
fluctuations, such as severe winter freezing or spring frosts, and long-term shifts in climate, are
related to crown dieback events. Temporal correspondence between climate warming in the
Northern Hemisphere and forest dieback was found, with the onset of diebacks following periods
(3-9 years) of rapid increase in temperature (Auclair et al., 1992). The years of onset for each of
the hardwood species considered all had at least one pronounced thaw-freeze event (Auclair et
al., 1992). These observed “false spring” patterns led Auclair et al. (1992) to propose that xylem
cavitation injury initiated by extreme freezing and/or moisture fluctuations is the mechanism
responsible for initiating forest dieback episodes (Figure 2). Freezing events following periods of
mild weather can result in cavitation where gas bubbles form when the tissues and fluids freeze,
interrupting the xylem flow (Auclair et al., 1992; Hennon and Shaw, 1994). Trees can repair the
cavitation if the gases are dissolved, but the damage may be irreversible if frequent thaw-freeze
events occur or freezing injury to roots prevents the generation of adequate root pressure to refill
the xylem (Hennon and Shaw, 1994; Zhu et al., 2001). The resulting loss of hydraulicconductivity makes the trees susceptible to drought, thereby predisposing them to crown dieback
in warm, dry years (Auclair et al., 1992).

4
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Figure 2: Conceptual model linking global climate change to forest dieback
Source: Auclair et al., 1992

Auclair’s (1992) proposed mechanism of decline appears to be supported in studies by Bourque
et al. (2005) and Cox and Zhu (2003) investigating yellow birch (Betula alleghaniensis Britt.)
decline. Bourque et al., (2005) compared historical decline events of yellow birch dieback and
decline with past thaw-freeze events, and discovered that there was good temporal and spatial
correspondence between the two. Cox and Zhu (2003) concluded in their study that winter thaws
predispose yellow birch seedlings to xylem cavitation, freezing of dehardened shallow roots, and
shoot dieback.

Several other studies of forest species dieback in North America have also found evidence to
suggest that climate variation plays a predisposing role. The decline of red spruce (Picea rubens
Sarg.) in the Appalachian mountains has been attributed to a loss of equilibrium with its climatic
environment (Cook and Johnson, 1989). The climate changes are reported to have exceeded
certain physiological thresholds of response and the altered physiology is suspected to have
made the species more vulnerable to injury from short-term climatic extremes (Cook and
Johnson, 1989). By analysing the relation of growth to weather patterns, Leaphart and Stage
(1971) determined that the interaction of climate change with soils of low water-holding capacity
triggered the pole blight of western white pine (Pinus monticola Dougl.). Recent aspen decline
has also been attributed to a combination of above-normal temperatures and moisture stress
(Worrall et al., 2007). Extreme weather events such as late winter thaw-freeze events and severe
spring frost are also believed to predispose aspen stands to decline, leaving them susceptible to
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invasion by insects and pathogens (Frey et al., 2004). The decline of yellow-cedar has also been
linked to thaw-freeze events; this evidence is explored in the following section.

1.2.2 The Case of Yellow-Cedar Decline
Yellow-Cedar Biogeography
Yellow-cedar has an extensive range, growing along the Pacific Coast of North America from
Southern Oregon to Prince William Sound, Alaska (Harris, 1990) (Figure 3). Throughout most of
its range, yellow-cedar is limited to high elevations, but north of mid-coastal British Columbia, it
grows from near timberline down to sea level (Harris, 1990). Yellow-cedar is abundant in cool,
wet boggy sites, and is often less common in better drained more productive sites where it is
unable to compete with western hemlock and Sitka spruce (Harris, 1990). While not a
competitive species, yellow-cedar is stress-tolerant, which allows it to persist in marginal sites
where competition is at a minimum (Hennon and Shaw, 1997). The tree species puts relatively
few resources into growth and reproduction, but achieves great longevity, often living a
millennium or longer (Hennon and Shaw, 1997). The yellow colour and distinct aroma of the
heartwood comes from the powerful natural biocides, such as nootkatin, which protect the tree
from infestation and decay (Hennon and Shaw, 1997). The leaves are also protected against
insects, containing volatile leaf oils that restrict insect feeding (Hennon and Shaw, 1997).
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Figure 3: Distribution of yellow-cedar and location of North Island-Central Coast Forest District
Source: Digital representation of yellow-cedar range obtained from USGS, 2006
7

Despite this defensive ecological strategy, yellow-cedar is known to be declining on over
200,000 ha of undisturbed forest in southeast Alaska, making it the most severe forest decline in
western North America (Hennon et al., 1998). Similar patterns of mortality were recently
observed in British Columbia, with the greatest concentration located in the North Island –
Central Coast Forest District (Hennon et al., 2005). The nature of the dieback is thought to be
consistent with the phenomenon in southeast Alaska and has prompted calls for further research
into the cause of the decline (Hennon et al., 2005).
Past Research
Research into the decline of this long-lived species began in the early 1980s and a sequence of
symptoms was identified. The initial symptom was determined to be fine root death, followed by
death of small-diameter roots (Hennon et al., 2006). As the roots start to die, the trees develop
thin off-colour crowns and necrotic lesions spread from larger roots up the bole (Hennon et al.,
2006). The natural resistance of yellow-cedar heartwood to decay allows dead trees to remain
standing for a century or more after death (McDonald et al., 1997). By examining the standing
snags it was possible to establish that the decline of yellow-cedars began in about 1880-1900
(Hennon and Shaw, 1997). The age structure of the dying trees and stands indicated that there
was no clear pattern between tree age and mortality (Hennon and Shaw, 1994; Hennon and
Shaw, 1997). Since the species has great potential longevity, the trees are not dying of
senescence (Hennon and Shaw, 1997).
During observational studies it was noted that the decline often appears to be associated with bog
(muskeg) or semibog sites and the decline was thought to be spreading (Hennon et al., 1990a).
The suspected local spread of decline and the fact that a single species was affected suggested
that a pathogenic agent was responsible (Hennon et al., 1990b). Investigations into the decline
initially focused on finding a biotic cause, but one by one the suspected agents were ruled out
(Hennon and Shaw, 1997). The nature of the decline spread was subsequently investigated and it
was determined that the spread occurs as a slow advance along an established ecological and
vegetational gradient (Hennon et al., 1990a; Hennon and Shaw, 1994). The mortality tends to
originate in bogs and spread upslope along the gradient to better drained communities (Hennon
et al., 1990a; Hennon and Shaw, 1994). This indicates that a pathogenic organism is unlikely to
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be responsible for the decline, as the spread of such organisms is unlikely to follow physical or
plant community gradients that existed prior to mortality (Hennon et al., 1990a).
Attention then shifted to abiotic factors potentially associated with the decline and the
association of the decline with wet, poorly drained soils was confirmed (Hennon et al., 2006).
However, the relation with soil drainage was determined to be inconsistent, with limited decline
occurring on wet sites at higher elevations (Hennon et al., 2006). Air and soil temperature were
determined to be stronger risk factors than poorly drained soils (D’Amore and Hennon, 2006).
Current Hypothesis for Decline
These clues led researchers to propose a new, complex hypothesis to explain yellow-cedar
decline (Figure 4). According to Hennon et al. (2006), saturated soils create open, exposed
canopies that experience soil warming earlier in the spring. This warming triggers the yellowcedars to deharden prematurely, making them more susceptible to freezing injury (Hennon et al.,
2006). The vulnerability of yellow-cedar to temperature-dependent dehardening was confirmed
in a study by Schaberg et al. (2005) that compared the freezing tolerances of yellow-cedar and
western hemlock trees in a site affected by yellow-cedar decline. Schaberg et al. (2005) found
that yellow-cedar dehardens a greater amount and earlier in the spring than co-occurring western
hemlock. These dehardened yellow-cedars were found to be highly vulnerable to root freezing in
a study that measured cold tolerance and freezing injury of yellow-cedar seedlings using
simulated snow cover (Schaberg et al., 2008). The dehardened roots of yellow-cedar may be
damaged by a form of injury similar to that described in Auclair et al.’s (1992) hypothesis of
‘xylem injury by cavitation’ (Hennon and Shaw, 1994) (see Section 1.2.1).

9

Figure 4: Working hypothesis for yellow-cedar decline. Dashed lines represent the protection
from freezing injury that snow cover appears to offer yellow-cedar roots.
Source: Adapted from Hennon et al. 2006
Snow appears to protect yellow-cedar roots against this potential freezing injury by preventing
soil warming (Hennon et al., 2006). However, there has been a reduction in the snowpack at
lower elevations since the end of the Little Ice Age, which coincided with the onset of decline
(Hennon et al., 1990a; Hennon et al., 2006) The loss of this protective snowpack increases
susceptibility of fine roots to freezing because trees growing in saturated soils have a shallow
root system and saturated soils offer poor insulation (D’Amore and Hennon, 2006; Hennon et al.,
1990a; Hennon and Shaw, 1994). At higher altitudes the trees have a greater cold tolerance and a
more persistent winter snowpack making freezing injury less likely (Hennon et al., 1990a;
Hennon and Shaw, 1994; Schaberg et al., 2005). This theory would account for the apparent
elevational limit to the decline observed at study sites in southeast Alaska. Mapping of the
decline at two study sites in the Alexander Archipelago of the Alaska Panhandle (57° N)
revealed that the decline is concentrated at lower elevations, with very little decline present
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above 300 m, and more decline occurs on warm aspects (south and southwest) (Hennon et al.,
2006).
The slow spreading pattern of mortality may be explained by the feedback mechanism of tree
death (D’Amore and Hennon, 2006). When the trees die they create openings in the canopy at
the perimeter of the decline patches, which exposes soils with better drainage to warming, which
leads to more tree death (D’Amore and Hennon, 2006; Hennon et al., 1990a; Hennon et al.,
2006).
It would appear that the onset of yellow cedar decline has developed due to regional climate
warming and decreased winter snowpack at low elevations, along with thaw-freeze events
(D’Amore and Hennon, 2006). Hennon et al. (2006) suggested that yellow-cedar perhaps
migrated to these lower elevation sites during the Little Ice Age (approximately A.D. 1450 to
1850) when these sites would have had a more consistent snowpack, but the warming trend has
left these open, exposed canopies vulnerable due to a loss of protective snow. Yellow-cedar
seems to be particularly susceptible due to its unique physiological traits (greater proportion of
roots in shallow zone, limited cold tolerance, precocious root activity) that combine with
particular site factors (low elevation sites, warm aspects) to predispose the tree to decline. The
shift in climate may represent the environmental trigger responsible for the decline and suggests
that the dieback may expand if warming trends continue (Hennon et al., 2006).
Researchers in British Columbia have noted that the decline appears to be most concentrated at
lower elevations, around 300-400 m, and is frequently found on south facing aspects (Hennon et
al., 2005). These observations seem to be congruent with the decline hypothesis. However,
limited investigations into the decline observed in British Columbia have been made. Further
knowledge of where the decline is occurring and whether the pattern fits the decline hypothesis
is required.

11

1.3 Research Question
While observational studies and recent experimental findings support the hypothesis that yellowcedar decline is a result of shallow root freezing due to a lack of snow persistence, more research
is require to further elucidate the mechanism for the decline. The decline situation in British
Columbia is of particular interest as it is not clear whether the pattern of decline matches that
observed in Alaska and it presents an opportunity to study the southernmost extent of the decline.
This research represents the first landscape-level analysis of the decline in British Columbia and
aims to examine how the decline is related to the landscape. The specific research question
addressed by this thesis is:
How does yellow-cedar decline relate to topographic variables at the landscape-scale?

Examining the spatial distribution of the decline and its relation to the landscape will enable the
identification of site factors predisposing trees to decline. The insight gained from this research
will allow for a more thorough understanding of the mechanism and provide insight into the
distribution of the dead and dying trees in British Columbia. Knowledge of the determinants of
the spatial pattern of decline will improve predictability and provide important information for
conservation and resource management. If the proposed hypothesis for yellow-cedar decline is
correct, then it indicates how a loss of equilibrium with climate can have dramatic impacts on a
forest ecosystem. Ultimately this research will provide insight into how a climatic-driven forest
decline manifests across the landscape.

1.4 Thesis Structure
This thesis is comprised of five chapters. In the following chapter (Chapter 2) I provide a
description of the study area, data collection process, and methods of analysis and model
development. In Chapter 3 I present the results of the data analysis and model building. I discuss
how the results of the models address the major research question identified in Section 1.3 in
Chapter 4. Finally, in Chapter 5 I have summarized the key research findings and identified
opportunities for future research.
12

Chapter 2

Study Area and Methods
2.1 Study Area
My study site encompasses an area of approximately 800,000 ha on the coastal edge of the North
Island-Central Coast Forest District (NICCFD) (51°39’N, 127°18’W) (Figure 5). This location is
where the greatest acreage of yellow-cedar decline has been observed in British Columbia
(Westfall and Ebata, 2008). The forest district is divided into the Mid-Coast Timber Supply Area
(TSA) and the Kingcome TSA. The Mid-Coast TSA is comprised of 2.2 million hectares and is
situated on the central coast of British Columbia. This TSA stretches from Cape Caution in the
south to Sheep Passage in the north, with Tweedsmuir Provincial Park providing the eastern
boundary (BC MOF, 1999b). The Kingcome TSA covers approximately 1.14 million hectares
including much of Northern Vancouver Island (BC MOF, 1999a). On the mainland, the
Kingcome TSA encompasses the area between Knight Inlet in the south and east, to Cape
Caution in the northwest and to Tweedsmuir Park in the northeast (BC MOF, 1999a).

The TSAs combine to form an expansive area with variable and rugged terrain, and diverse
ecological communities (MOFR, 2009). The most westerly portion of the forest district consists
largely of low-lying islands with relatively low forest productivity (BC MOF, 1999b). Further
inland the terrain is mountainous, lined with productive forests at the lower elevations, and nonproductive forests (alpine and subalpine) and ice fields at higher elevations (BC MOF, 1999b).
Due to the diversity of terrain and climatic conditions, the forest district contains seven different
biogeoclimatic ecosystem classification (BEC) variants (Figure 6).
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Figure 5: Study area location on the coastal edge of the North-Island Central Coast Forest
District
14

Figure 6: BEC variants found in study area

15

My research will focus on the coastal edge of the forest district, where yellow-cedar is a
dominant species in some areas. In this region, yellow-cedar grows in two biogeoclimatic zones:
the Coastal Western Hemlock (CWH) zone and the Mountain Hemlock (MH) zone. The most
common biogeoclimatic variants are listed in table 1, and a summary of the climate for each of
the major variants is provided in table 2. The CWH zone is the most productive forest ecosystem
in Canada and occurs at low to mid elevations, mainly west of the coastal mountains (BC MOF,
1999b; Meidinger and Pojar, 1991). In the southern and mid-coast portion of British Columbia,
the CWH zone occupies elevations from sea level to 900 m on windward slopes (1050 m on
leeward slopes), and is restricted to lower elevations in the north (Meidinger and Pojar, 1991).
The CWH zone is characterized by high rainfall, cool summers and mild winters (BC MOF,
1999b; Meidinger and Pojar, 1991). The MH zone is typically the subalpine forest above the
CWH zone, occupying elevations of 900-1800 m in the south and 400 to 1000 m in the north
(Meidinger and Pojar, 1991). This subalpine forest has long, cool, wet winters with a persistent
snowpack that results in a short growing season (Meidinger and Pojar, 1991). Yellow-cedar is
widely distributed throughout the CWH zone, frequently occurring in the very wet maritime and
hypermaritime subzones. At low elevations, yellow-cedar typically occurs as a scattered
component of mixed species forests. The species reaches its greatest concentration at middle and
higher elevations, reaching its greatest importance in the MH zone (MHmm1 & MHwh1
variants) (Meidinger and Pojar, 1991; Zeglen, 2004).

Table 1: Synopsis of biogeoclimatic variants in study area
BEC code
CWHvh1
CWHvh2
CWHvm1
CWHvm2
MHwh1
MHmm1
CMAunp

BEC variant
Coastal Western Hemlock southern very wet hypermaritime
Coastal Western Hemlock central very wet hypermaritime
Coastal Western Hemlock submontane very wet maritime
Coastal Western Hemlock montane very wet maritime
Mountain Hemlock windward wet hypermaritime
Mountain Hemlock windward moist maritime
Coastal Mountain-heather Alpine undifferentiated and parkland
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Table 2: A summary of the climate (1960-1991) for each of the 5 common BEC variants in the study area
Biogeoclimatic unit
Name of reference station

CWHvh1
Estevan Point

CWHvh2
Ethelda Bay

Reference elevation (m)
Range ref.
Mean annual
stn.
precipitation (mm)

7
3120
(2009 – 3943)

8
2682
(1555 – 4387)

CWHvm1
Haney Loon
Lake
354
2850
(2760 – 2850)

CWHvm2
Tunnel Camp
671
3186
(1532 – 4218)

MHmm1
Grouse Mt.
Resort
1128
2565
(2565 – 2954)

Mean annual
temperature (°C)

Range ref.
stn.

9.1
(5.4 - 9.4)

8.3
(7.0 - 10.1)

No data

7.7
(6.7 - 8.5)

4.6
(4.6 - 5.0)

Extreme minimum
temperature (°C)

Range ref.
stn.

-13.9
(-7.5 - 17.22)

-19.4
(-8.9 - 22.8)

No data

-16.7
(-11.1 - 24.4)

18.5
(-18.5 - 26.7)

Extreme maximum
temperature (°C)

Range ref.
stn.

28.9
(22.8 - 37.8)

34.4
(27.8 - 41.1)

No data

29.4
(23.4 - 33.3)

29.0
(29.0 - 33.3)

Growing degree-days Range ref.
stn.
> 5 (°C)

1607
(818 – 1722)

1633
(1313 – 2011)

No data

1319
(1148 – 1485)

933
(919 – 933)

229
(163 – 265)

199
(165 – 252)

No data

160
(156 – 272)

126
(125 – 126)

Frost –free period
(days)

Range ref.
stn.

(From Green and Klinka, 1994) Mt. = mountain, ref. stn. = reference stations.
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2.2 Data Collection and Processing
2.2.1 Yellow-Cedar Decline Dataset
The main aim of my research is to identify relations between areas of declining yellow-cedar
trees and topographic factors. To analyze the pattern of decline in the study area, locations of
healthy and declining yellow-cedar trees and topographic variables were required. The BC
Ministry of Forests and Range (MOFR) has produced a spatial dataset detailing known locations
of yellow-cedar decline from aerial surveys in 2006 and 2007. However, these decline patches
were determined to be inaccurate in terms of their spatial location and therefore were not
appropriate for use in this study. The pattern of decline on the landscape was instead determined
through a combination of GIS and remote sensing analysis.
A Vegetation Resources Inventory (VRI) layer was downloaded from the Land and Resource
Data Warehouse (LRDW) and used to identify the location of yellow-cedar stands in the study
area. This dataset is comprised of spatial layers and associated textual attributes detailing the
location and vegetation composition of forest inventory units. There are concerns surrounding
the reliability of the VRI data, particularly relating to the species composition estimates and
consistency of data and delineation standards (Interfor and Timberline, 2008). For these reasons,
polygons interpreted before the last major inventory in 1998, some of which date back to the
1950s, were excluded from analysis. Of the original set of polygons of interest, approximately
86% were retained following the exclusion of the older inventory data.
The “polygons of interest” in the VRI data were defined as polygons in which yellow-cedar was
the leading species (minimum species composition of 30% according to gross volume estimates).
The analysis was restricted to areas where yellow-cedar dominates as mortality is not easily
detected on images where it is only a minor component of the stand. The distribution of leading
yellow-cedar stands on the landscape was then compared to that of all stands with a yellow-cedar
component in order to determine whether the stands occur in similar locations in terms of
elevation, slope and aspect. This information was used to inform the sampling scheme.
A stratified sampling scheme was created to ensure that the range of environmental gradients
under which yellow-cedar grows, and thus may be declining, were captured. Environmental
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gradients across the entire study area of elevation, slope and aspect were grouped into discrete
classes and then combined to create 36 ecological land units (ELUs), a classification scheme I
developed (Table 3). This layer of ELUs was then clipped to the extent of the leading yellowcedar layer. Using Hawth's Tools for ArcGIS (Beyer, 2004), three points were randomly
distributed in each of the 36 ELUs giving a total of 108 sample points. When generating the
sample points a minimum distance of 1000 m was used to separate the points, and only one point
was allowed to fall in any one particular leading yellow-cedar polygon.

Table 3: Ecological Land Unit (ELU) combination key
Slope Class

Code

Elevation Class

Code

Aspect Class

Code

< 20°

10

0 – 400 m

100

NW – NE 315° - 45°

1000

20 - 40°

20

400 – 800 m

200

NE – SE 45° - 135°

2000

> 40°

30

800 – 1400 m

300

SE – SW 135° - 225°

3000

SW – NW 225° - 315°

4000

The most suitable imagery available for the study area was digital colour orthophotographs and
corresponding stereopairs, which were taken in the summer of 2006 (Figure 7). Digital
orthophotos are digital images of aerial photographs that have been geometrically corrected to
remove variations in scale and displacement. The orthophotos were obtained from the Crown
Registry and Geographic Base (CRGB) as orthophoto mosaics (with 0.5 m pixel size), which are
orthophotos that have been merged or tiled together, then clipped to British Columbia
Geographic System (BCGS) 1:20000 map grid. The stereo pairs were also acquired from the
CRGB and these images were viewed with PurVIEW ArcGIS Desktop extension which permits
stereo-viewing in the ArcMap environment.
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Figure 7: Example of a colour orthophoto mosaic obtained for study area. In this mosaic the
orthophotos for BCGS map sheet 92M.044 have been tiled together and clipped to the BCGS
1:20,000 grid. Draney Inlet is the large body of water visible in the SE region.

At each sample point, the health of the forest stand was determined by visually inspecting the
corresponding areas on the orthophotos and stereopairs. Stands were considered to be declining .
When no signs of yellow-cedar decline were detected, the boundary of the leading yellow-cedar
polygon containing the sample point was digitized. In instances where yellow-cedar decline was
observed, the full extent of the decline was digitized. This approach meant that an area less than
or greater than the original yellow-cedar polygon in which the point was placed could be
digitized. Stereo pairs were used in the image interpretation stage as they permitted a more
detailed examination of the tree crowns, whereas the digitizing was performed on the
orthophotos. After digitizing all 108 polygons, this layer was overlaid onto the digital elevation
model (DEM) (Figure 8) and the ArcGIS zonal statistics tool was used to obtain summary
statistics of all topographic variables that were derived from the DEM (see section 2.2.2).
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Figure 8: Digitized polygons overlaid on digital elevation model

2.2.2. Topographic Variables
To create a set of topographic variables, a DEM for British Columbia was first obtained from the
CRGB. This regularly gridded DEM has a 25 m cell resolution and was derived from the
1:20,000 Terrain Resource Information Management (TRIM) data. Several terrain parameters
based on the first or second derivative of the DEM surface, such as slope, aspect and surface
curvature were then produced. When inspecting the resulting grids for the various parameters
and the hillshaded TRIM-DEM (sun elevation angle: 45°, azimuth: 315°), a quilted pattern was
discovered (Figure 9). These stripes are recognizable as production artefacts due to their
systematic pattern and lack of correspondence with natural features observed on aerial
photographs. The presence of these artefacts affects the accuracy of the DEM and thus the
accuracy of derived products (Oimoen, 2000).
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Figure 9: Striping artefacts in DEM (left – striping visible on hillshade, right – pronounced striping visible on curvature layer)
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To address this problem, a set of BC Canadian Digital Elevation Data (CDED) files was
downloaded from GeoBase and used to obtain a DEM free of production artefacts for the study
area. The CDED files are distributed in ASCII format and have a .dem file extension. To produce
a useable DEM it was necessary to batch convert all the CDED files from .dem to raster file
format and then mosaic all the elevation rasters. The grid, which was originally in a geographic
coordinate system with Decimal Seconds as the unit, was then projected in Albers Equal Area
Conic Projection (standard projection for British Columbia) and bilinear resampling was applied
to achieve a 25 m cell size. The resulting DEM file was determined to be free of striping
artefacts.
The DEM was used to produce maps of elevation, slope, aspect, exposure, topographic wetness,
solar insolation, terrain shape and distance to coast (Table 4). Terrain variables were used as
surrogate predictors for climate in this study because the sparse distribution of climate stations
and presence of highly variable micro-climates created by the mountainous terrain means that
accurate climate data is not available. The variables were created using ArcGIS version 9.2®
software (ESRI, 2006). Descriptions of the variables, and their presumed impact on
climate/environmental conditions, are presented below.
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Table 4: Predictor variables
Variable

Variable Name

Definition

Mean elevation

Elev_mean

Average elevation

Variance in elevation

Elev_var

Square of the standard deviance

Elevation kurtosis

Elev_krt

Homogeneity

Elevation skew

Elev_skw

Massiveness (inverse)

Elevation relief

Elev_relief

Local relief (zmax-zmin)

Mean slope

Slope_mean

Steepness

Slope standard deviation

Slope_stddev

Heterogeneity

Slope kurtosis

Slope_krt

Modality

Slope skew

Slope_skw

Limitation

Mean aspect

Aspectsw_mean

Measure of “southwesterlyness”

Potential solar radiation

Solarspring_mean

Solar radiation over winter/spring
Measure of terrain shape

Terrain Shape Index
Topographic Wetness Index

Twi_mean

Measure of soil moisture

Mean distance from coast

Coastdist_mean

Distance to coast (m)

Mean topographic exposure

Tpx3000_mean

Distance limited (3 km) topographic
exposure (TOPEX)

Elevation
Elevation, in meters above sea level, was obtained directly from the DEM. Elevation directly
affects temperature; higher elevations are strongly correlated with colder ambient temperatures.

Slope
A slope raster (in degrees) was generated for the study area using the Slope tool from the Spatial
Analyst toolbox. This function measures the maximum rate of change in elevation from each cell
to its neighbours. Conceptually, a plane is fitted to the z-values of a 3x3 window of cells
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surrounding the center cell and the slope of the plane is calculated (ESRI, 2006). Slope, in
combination with aspect, affects the amount of solar insolation a surface receives.

Aspect
Aspect values were calculated using the Aspect tool from the Spatial Analyst toolbox. The tool
uses the elevation grid and measures the direction of the maximum rate of change from each cell
to its neighbours. In other words, the tool identifies the direction the slope faces. Aspect values
are provided as a compass bearing from 0-359 degrees for each cell.
In order to use this measure in the preliminary analysis of the location of yellow-cedar decline, it
was necessary to calculate mean aspect of the polygons manually in order to handle the circular
nature of the data. Sine and cosine grids were generated from the aspect grid and the zonal
statistics tool was used to create a sum of each of these values for every polygon. The arc tangent
of the summed sine and cosine values was then calculated to determine the correct mean aspect.
Returned values were converted to degrees and expressed in a 0-360 range.
For use in the multivariate statistical models, aspect was transformed from a circular variable
into a linear measure relevant to vegetation. The transformation produces a continuous variable
that reflects the differences in exposure to solar radiation. South-west facing slopes commonly
have the greatest potential evapotranspiration due to high solar radiation load and land surface
temperature, whereas north-eastern slopes are the least exposed and tend to be coolest (Austin,
2005). The equation was based on Beers (1966), but modified so that south-west facing slopes
have a value of 0 and north-east slopes have a value of 1. The aspect grid was first converted to
radians and then the following formula was applied to provide an index of “southwesterlyness”:
(𝐶𝐶𝐶𝐶𝐶𝐶 (. 7845 − [𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 𝑖𝑖𝑖𝑖 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟] + 1)/ 2)

(1)

Solar Radiation
An insolation map for the study area was produced using the area solar radiation analysis tool in
the Spatial Analyst Extension. The total amount of incoming solar radiation (direct + diffuse)
over the late winter / spring months was calculated for the raster surface with outputs in unit watt
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hours per square meter. February 1st was chosen as the starting date for calculating solar
insolation because recent studies suggest that this is the earliest that yellow-cedar may begin
dehardening under ambient thaw conditions (Schaberg et al., 2005, 2008). An end date of May
1st was selected to correspond with the work of Beier et al. (2008) who determined that hard
frosts were not found in instrumental records after this date. Solar insolation influences soil and
air temperatures and potential evapotranspiration levels.

Terrain Shape Index (TSI)
A measure of terrain shape was derived using a routine provided by Zimmerman (2000). The
routine follows the method of McNab (1989) for quantifying the local convexity of concavity of
a terrain surface by comparing elevations at each pixel to the mean elevations in neighbouring
pixels. Positive terrain shape values indicate locally concave deviations from the surrounding
terrain (e.g. a ravine), while negative values indicate locally convex topography (e.g. a ridge or
hummock) (McNab, 1989). Plains and homogeneous slopes exhibit values close to zero (McNab,
1989). This measure is strongly correlated with net curvature and the values are treated as
unitless.
The Zimmerman (2000) routine calculates the terrain shape for different spatial scales using the
following calculation:
𝑡𝑡𝑡𝑡𝑡𝑡𝑥𝑥 = 𝑑𝑑𝑑𝑑𝑑𝑑 − 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓�𝑑𝑑𝑑𝑑𝑑𝑑, 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐, 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑥𝑥)�

(2)

In other words, the terrain shape at scale x is equal to the difference between the elevation values
at each cell on the DEM minus the mean elevation of the cells in a circular window of size x.
The calculation is repeated for each radius value supplied and the terrain shape values for the
spatial scale providing the most extreme deviations from a homogenous surface are retained
(Zimmerman, 2000). The index of terrain shape is thought to be associated with the soil moisture
regime and accumulation of leaf litter (McNab, 1989; McNab and Loftis, 2002).
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Topographic Wetness Index (TWI)
An index of topographic wetness was obtained using the TauDEM (Terrain Analysis Using
Digital Elevation Tools) toolbar plug-in (Tarboton, 2008) for ArcGIS. Several steps are involved
in the production of a topographic wetness grid, the first of which entails the filling of pits (or
sinks) in the DEM. Pits are cells in the DEM that are completely surrounded by cells with higher
elevation and therefore have an undefined drainage direction (Tarboton, 2008; ESRI, 2006). Pits
are generally considered to be artefacts that disrupt the flow of water across the DEM so they are
removed by raising their elevation to match the boundary cell with the lowest elevation
(Tarboton, 2008; ESRI, 1996).
This filled elevation grid was then used in the calculation of the flow direction grid and slope
grid. Both grids were calculated using the ∞D method of Tarboton (1997) in which the flow
direction is assigned based on the steepest downward slope among eight triangular facets. This
method allows the flow direction to be proportionally allocated to one or two down-slope
elements in the cardinal and/or diagonal directions. The D∞ algorithm is also used in calculating
the accumulating area upslope of each location to produce a contributing catchment area grid.
The wetness index function in TauDEM takes the ratio of the slope and contributing catchment
area. This function is the inverse of the commonly used wetness index of Beven and Kirkby
(1979) (see equation 1). The contributing catchment area is used as the denominator to avoid
divide by 0 errors when slope is 0 (Tarboton, 2008).
twi = ln(a/tanβ)

(3)

where a is local upslope area draining through a certain point per unit contour length and
tanβ is local slope gradient

TOPEX (distance-limited)
TOPEX (TOPographic Exposure) is a measure of the topographical modification of local wind
speeds and is calculated by summing the angles from a given location to the visible horizon for
the eight main compass directions (Wilson, 1984). Hannah et al. (1995) modified this original
measure to permit negative TOPEX values and limit the distance over which TOPEX was
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calculated, thus reducing the overestimation of the shelter provided by distant hills and
differentiating between hills and plateaus (Quine and White, 1998). A TOPEX raster was
generated using a script developed by the Windthrow Research Group at UBC, which uses the
method of Hannah et al. (1995), to calculate distance limited topographic exposure. As in the
study by Bian and Walsh (1993), a distance limit of 3-km was chosen for the study because this
approximates the distance between the mountain ridges.

Distance to Coast
To create a map of distance to coast, a layer detailing the linear coastlines of British Columbia
was downloaded from the CRGB. The Euclidean distance tool in the Spatial Analyst toolbox was
then used to obtain a raster containing the measured distance from each cell to the coast in
meters. The distance to coast measure reflects the degree to which an area is likely influenced by
the moderating effects of the ocean. Coastal locations have narrower annual and diurnal
temperature ranges than continental regions (Snow, 2005). Continental climates also have
relatively low annual precipitation amounts compared to the maritime regions (Snow, 2005).

Summary Statistics
In order use the above topographic variables in the multivariate analysis, mean values were
calculated for each of the digitized polygons. However, in assigning a single value to represent a
polygon there is a loss of information and the “representativeness” of this value is questionable,
particularly in cases where the polygons are neither small, homogeneous nor particularly
compact (de Smith et al., 2009). To gain more information about the “topographic conditions” of
the polygons, statistics based on the first four moments of the elevation and slope distribution
were calculated, two variables that are hypothesised to hold an important role in controlling
where yellow-cedar decline occurs (see table 4). These statistics have been determined to be
useful for terrain characterization in previous studies (Evans, 1998; Guth, 2006). The free, opensource program GRASS-GIS (GRASS Development Team, 2010) was used to calculate these
statistics.
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One additional variable was calculated to further characterize the topography within the
polygons. This descriptor is the “elevation relief-ratio” which expresses the relative proportion of
upland to lowland within a sample region (Rasemann et al., 2004). The formula was developed
by Wood and Snell (1960), and is defined as:
𝐸𝐸 = ([𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 − 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀]/[𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 − 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀])

(4)

where Z = elevation in meters above sea level.
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2.3 Statistical Analysis and Modelling
2.3.1 Exploratory Analysis
Differences between the distribution of forest stands with a leading yellow-cedar component and
all stands with a yellow-cedar component were first visually determined by plotting the relative
areas of the stands against topographic variables (elevation, slope and aspect). Similar plots were
then created for healthy and declining yellow-cedar stands to visually asses the relations between
decline presence and topographic variables. The non-parametric Mann-Whitney U test was used
to determine whether the “all yellow-cedar” stands and “leading yellow-cedar” stands, and the
healthy and declining stands, are significantly different in terms of elevation and slope.
To evaluate differences between samples in terms of aspect, circular statistics were used to
assess the distributions of the stands. For each sample the mean vector was calculated as the
mean of all aspects. The mean aspect has two properties: direction (the mean angle, ā) and length
(r) (Zar, 1984). The parameter r is a unitless measure of concentration ranging from 0 (high
dispersion) to 1 (high concentration) (Zar, 1984). Angular deviation was also calculated to
measure dispersion and it ranges from a minimum of zero to a maximum of 81.03° (Zar, 1984).
The nonparametric Rayleigh test (Batschelet, 1981) was used to assess whether the sampled
populations are uniformly distributed around a circle (implying no mean direction).
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2.3.2 Logistic Regression Analysis
To test the strength of the associations between yellow-cedar decline and each of the predictor
variables created, logistic regression was used to analyze the data. Logistic regression is a form
of generalized linear modeling that is appropriate for data sets where the outcome is binary (Y =
0 or 1, e.g. decline is absent or present) or ordinal (e.g. high severity, low severity, absent). The
logistic model specifies that the probability or likelihood of an event is related to a set of
variables [x1 x2 ... xk] in the following way:
E[Y|𝑥𝑥] =

𝑒𝑒 𝛽𝛽0 +𝛽𝛽1 𝑥𝑥 1 +⋯𝛽𝛽𝑘𝑘 𝑥𝑥 𝑘𝑘
1 + 𝑒𝑒𝛽𝛽0 +𝛽𝛽1 𝑥𝑥 1 +⋯𝛽𝛽𝑘𝑘 𝑥𝑥 𝑘𝑘

(5)

where E[Y|𝑥𝑥] represents the conditional mean of Y given x = [x1 x2 ... xk]´, β0 represents the
unknown intercept parameter, and β = [β1 β2 ... βk] ´ are the slope parameters that represent the

effect of the predictor variables on the probability of an event (Elswick et al., 1997).
Applying the logit transformation (the log of the odds that an event occurs) the model takes the
form:
ln �

which is often written as:

E[Y|𝑥𝑥]
� = 𝛽𝛽0 + 𝛽𝛽1 𝑥𝑥1 + 𝛽𝛽2 𝑥𝑥2 + ⋯ 𝛽𝛽𝑘𝑘 𝑥𝑥𝑘𝑘
1 − E[Y|𝑥𝑥]
logit(𝑦𝑦) = 𝛽𝛽0 + 𝛽𝛽1 𝑥𝑥1 + 𝛽𝛽2 𝑥𝑥2 + ⋯ 𝛽𝛽𝑘𝑘 𝑥𝑥𝑘𝑘

(6)

(7)

Thus the logistic regression is linear in the logit, but when transformed back from the logit to the
probabilities, the relation between 𝑥𝑥 and the probabilities is sigmoidal (Figure 10) (Menard,

2001).
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Figure 10: Shape of logistic model
In order to find the parameter estimates for the logistic regression equation, the maximum
likelihood estimation (MLE) must be used when one or more of the predictor variables are
measured on the interval or ratio scale (Menard, 2001). The maximum likelihood techniques are
used to identify the set of parameters that maximize the probability (log-likelihood function in
logistic regression) of the observed values of Y, given the values of the predictor variables and
parameters 𝛽𝛽0 + 𝛽𝛽1 𝑥𝑥1 + ⋯ 𝛽𝛽𝑘𝑘 𝑥𝑥𝑘𝑘 (Menard, 2001). The estimation is an iterative process
involving computer-implemented numerical algorithms that provide parameter values once the
solution converges.
Prior to fitting the logistic model, collinearity between predictor variables was assessed using
Pearson’s product moment correlation coefficient. When a pair of predictor variables was found
to be strongly associated (r > 0.7), only one was used in the model fitting procedure. A full
model was then fit in R (R Development Core Team, 2010) using the lrm function in the Design
package (Harrell, 2009). Assumptions of linearity were assessed using the Box-Tidwell test and,
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for those predictor variables determined to exhibit nonlinearity in the logit, quadratic forms were
included. Interaction terms were then created and assessed for significance.
Automated stepwise procedures such as those found in multiple regression are often used for
selecting predictor variables for inclusion or removal from a logistic regression model (Hair et
al., 1998; Menard, 2001; Vayssiéres et al., 2000). However, several criticisms concerning
automated stepwise selection of variables have been made (Harrell, 2001; Menard, 2001;
Reineking and Schroder, 2006; Steyerberg et al., 1999; Steyerberg et al., 2001; Whittingham et
al., 2006). Computer-controlled stepwise selection procedures will attempt to identify the most
parsimonious model for the given data set by drawing on the random variations in the data and
ultimately produce results that are particular to the dataset and thus difficult to replicate in other
data samples (Menard, 2001). This greedy nature of the selection techniques means that they are
numerically unstable and often result in model overfitting (Steyerberg et al., 1999). Penalized
estimation techniques, such as lasso regression, address these issues by selecting variables in a
less greedy fashion than forward selection/backward deletion (Park and Hastie, 2006;
Steyerberg, 2009).
The lasso (“least absolute shrinkage and selection operator”) technique imposes a constraint on
the sum of the absolute values of the parameter estimates, shrinking some coefficients to zero
(Tibshirani, 1996). By excluding the predictor variables that have a regression coefficient of
zero, the lasso effectively performs a form of variable selection. To estimate the regression
coefficients of standardized coefficients, the lasso minimizes the log-likelihood subject to
Σj|βj|≤ 𝑡𝑡, where 𝑡𝑡 ≥ 0 is a tuning parameter which determines the amount of shrinkage applied

the model (Steyerberg, 2009; Tibshirani, 1996). The lasso parameter is scaled so that it varies
over a grid between 0 and 1 (s = t / Σj|βj|), and s may be interpreted as a standardized shrinkage

factor (Steyerberg, 2009). At s = 1.0, the constraint has no effect and the lasso solution is just the
maximum likelihood estimates (Steyerberg et al., 2001). Decreasing the value of s results in
shrinkage of the solution towards 0, and some coefficients may be set exactly equal to 0
(Tibshirani, 1996).
The lasso can be used for generalized linear models such as the logistic or Cox model. In this
study the lasso implementation of logistic regression was applied using the lasso predictorcorrector algorithm of Park and Hastie (2006), available through the R package glmpath (Park
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and Hastie, 2007). The predictor variables were first standardized to have mean of 0 and variance
of 1. The optimal tuning parameter was estimated by studying the BIC (Bayesian Information
Criterion). The selected value of the regularization parameter was then used to select a set of
coefficients. According to Hastie et al. (pp.91, 2009), the estimates of the non-zero coefficients
provided by the lasso shrinkage technique are biased towards zero, and the estimates don’t
necessarily converge to the true values as the sample size grows. This bias was reduced by
following the recommendation of Hastie et al. (pp. 91, 2008), which involves using the lasso to
identify the set of non-zero coefficients, and then fitting an unrestricted linear model to the
selected set of features.
Having chosen a final model, the overall goodness of fit was assessed using the Hosmer-Le
Cessie test (Hosmer et al., 1997) and the rescaled R2 of Nagelkerke (1991). The Nagelkerke
measure is a pseudo-R2 for logistic regression that is rescaled to the expected 0-1range, with
higher values indicating better model fit.
The predictive accuracy of the model was then assessed using the area under the curve (AUC) of
the receiver-operating characteristic (ROC) plot, and associated measures of sensitivity and
specificity. In order to get binary outcomes (Y = 1 𝑜𝑜𝑜𝑜 0) from the logistic model, a probability
threshold must first be applied. For any threshold level (e.g. probability = 0.5), it is possible to
compute two measures of prediction success, the sensitivity and the specificity. The sensitivity is
the proportion of true “positives” correctly predicted, and the specificity is the proportion of true
“negatives” correctly predicted. The ROC curve is a plot of the proportion of true positives
against the proportion of false positives (the complement of the specificity) at a series of
thresholds for a positive outcome (Rossiter and Loza, 2008). A model would ideally have high
sensitivity and specificity, even at low thresholds, so the plotted curve would lie close to the yaxis and approach the top border of the graph (Rossiter and Loza, 2008) (Figure 11). A less
accurate model would lie closer to the diagonal line, which represents the random case in which
the chance of a true positive is equal to that of a false positive at any threshold (Rossiter and
Loza, 2008) (Figure 11). The ROC curve can be summarized using the area under the curve
(AUC). The optimum threshold value for a model (predicts most of the true positives with few
false positives) can be identified from the ROC plot and applied to obtain binary outcomes.
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Resulting prediction accuracy for a threshold value can then be assessed in terms of commission
and omission errors displayed in a confusion matrix.

Figure 11: Receiver-Operating Characteristic (ROC) curve

Due to the small size of the data set, it was not possible to split the data into a training set and
validation set and test set, as is often done in data rich situations. Instead, the variable selection
and estimated coefficients were validated through a bootstrap procedure.
Following selection of the optimal model, the fitted relation was projected into geographical
space in order to produce a probability surface for the decline of yellow-cedar. Using the Marine
Geospatial Ecology Tools (MGET), an open source geoprocessing toolbox that connects ArcGIS
with the statistical package R, maps of the probability of decline occurrence and binary
presence/absence maps were produced.
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2.3.3 Analysis of Residuals
Residual analysis was used to confirm that the model fits the data well across the entire set of
observations and to identify outliers and cases that potentially have a large influence on the
parameters of the model (Menard, 2001). Having addressed assumptions of linearity and
additivity in the model building process, the final step was to address the assumption of
independence of observations. While the spatial dependency exhibited by environmental
variables such as elevation, topographic wetness, temperature, etc. may account for much of the
spatial patterning observed in yellow-cedar decline, remaining spatial dependence could arise
from unmeasured or misspecified variables or processes (Miller, 2005). So although spatial
autocorrelation can be exploited as a source of information on patterns, structure and processes
(Franklin, 1995; Gould, 1970), statistical issues can also arise if it is not accounted for in the
model (Legendre, 1993).
An empirical semi-variogram was plotted to test for autocorrelation in the Pearson residuals of
the logistic model. Semi-variograms provide a quantitative measure of spatial correlation
between two near-by values. The semi-variance is calculated by averaging half the squared
difference between pairs of observations separated by the so-called lag distance (Kleinschmidt et
al., 2000). When spatial autocorrelation is present, semi-variance values will be smaller for low
lag distances, indicating that values that are close together in space are more alike (less variable)
than those further apart (Kleinschmidt et al., 2000).

2.3.4 Classification and Regression Trees
Decision trees (also known as Classification and Regression Trees, or CART) provided a more
visually intuitive means of modeling the data. Decision tree models use a non-parametric,
probabilistic machine-learning method, which generates a set of rules to classify a response
variable based on the values of the predictor variables (Franklin, 1995). The models provide a
useful means of elucidating structure in the data and expressing complex relations that are nonlinear, non-additive or hierarchical in nature (Elith et al., 2006; Miller and Franklin, 2002).
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The rpart package (Therneau and Atkinson, 2010) in R was used to build a classification tree.
The original tree was grown with a minimum node size of 5 samples as the stop value. To
achieve a more parsimonious model, this tree was pruned back to a size that minimized crossvalidated error. According to a rule suggested by Breiman et al. (1984), the best tree was deemed
to be the smallest tree such that its estimated error rate was within one standard error of the
minimum. This tree was then validated through 10-fold cross-validation using the validate.tree
function in the Design package (Harrell, 2009). The validation was performed to assess the
degree of variation in the sizes of the best tree and whether the selected tree is atypical.
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Chapter 3

Results
3.1 Yellow-Cedar Distribution
Visual examination of the distribution of leading yellow-cedar stands and comparisons with the
distribution of all stands with a yellow-cedar component provided information for the stratified
sampling design (Figures 12 – 14) (in the figures, the data were normalized to show percent of
stand area rather than number of stands). The distribution of “all yellow-cedar” stands among
elevations was significantly different from the distribution of the “leading yellow-cedar” stands
(p<0.01, Figure 12). The greatest proportion of stands with a leading yellow-cedar component
occurs at higher elevations, with the 500 – 1000 m range containing the majority (c.70%) of the
sampled area. The distribution of “all yellow-cedar” stands is less peaked, with approximately
50% of the total area occurring in the 500 – 1000m range and 30% in the 0 – 400 m range. For
both “all yellow-cedar” and “leading yellow-cedar” stands, only a very small percentage of the
total area occurs above 1200 m (Figure 12).
Although the slope angles of majority of “all yellow-cedar” and “leading yellow-cedar” sites
occur within the 24°- 40° range, the distributions among slope angle classes were significantly
different (p<0.001, Figure 13). A greater proportion of the “all yellow-cedar” group occurs on
the sites with slope angles <24°, while the “leading yellow-cedar” group dominates in the steeper
slope classes (Figure 13).
Similarities were observed between the mean aspect values of “all yellow-cedar” and “leading
yellow-cedar” stands. The majority of both “all yellow-cedar” and “leading yellow-cedar” stands
occur on slopes that have an aspect between 90 – 270° (east – west). Only a small proportion of
the total area of “all yellow-cedar” stands occur on northeast facing slopes and less than 2% of
the total area of “leading yellow-cedar” stands occur on this slope aspect (Figure 14). For both
“all yellow-cedar” stands (mean angle = 205°, z = 120.02, r = 0.11, n = 9522, p<0.05) and
“leading yellow-cedar” stands (mean angle = 190°, z = 54.41, r = 0.13, n = 3448, p<0.05) the
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Rayleigh test was significant, indicating that the distributions departed nonrandomly from
uniformity. However, the Rayleigh’s test assumes a unimodal direction, which is not observed in
Figure 14 (Zar, 1984). The lack of a unimodal direction combined with the low r values and high
angular deviation values (c. 75° for both “all yellow-cedar” and “leading yellow-cedar”) indicate

Percentage Area

that the results are unreliable due to the low concentraiton of the data (Morellato et al., 2010).

20
18
16
14
12
10
8
6
4
2
0

Elevation (m)
Figure 12: Mean elevation values of “all yellow-cedar” stands (white) and “leading yellowcedar” stands (grey) (normalized by area). (Statistically significant difference between samples,
p-value = <0.001)
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Figure 13: Mean slope values of “all yellow-cedar” stands (white) and “leading yellow-cedar”
stands (grey) (normalized by area). (Statistically significant difference between samples, p-value
= <0.001)

Figure 14: Mean aspect values of “all yellow-cedar” stands (dark grey) and “leading yellowcedar” stands (light grey) (normalized by area)
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3.2 Exploratory Analysis of Declining and Healthy YellowCedar Stands
Comparisons of the distributions of declining yellow-cedar stands and healthy yellow-cedar
stands reveals that the two samples exhibit differences in terms of elevation (p<0.001), slope
(p<0.006) and aspect (Figures 15 – 17) (in the figures, the data were normalized to show percent
of stand area rather than number of stands). Dieback is most common at lower elevations with
more than 90% of decline area sampled occurring at 200-700m. The majority (>75%) of the area
of healthy yellow-cedar stands sampled occurs at elevations above 800 m (Figure 15). A greater
proportion of the declining stands occur on gentler slopes compared to healthy stands. While
approximately 70% of the total area of both sampled declining and healthy areas fall on slopes of
24 – 40°, approximately 25% of total decline area occurs on slopes 16-24°, whereas over 20% of
total healthy yellow-cedar area sampled occurs on slopes >40° (Figure 16).
The majority of the sampled decline area occurs on slopes that have southwest-west facing
aspects (c. 55% of total decline area sampled has a mean aspect value between 202.5 - 292.5°).
Very little decline occurs on northeast – south facing aspects (<20 % total sampled decline area
falls on slope aspects from 22.5 - 202.5°). The majority of healthy yellow-cedar stands, in
comparison, occur on south southeast facing slopes (c. 50% of total area of sampled healthy
yellow-cedar occurs on slope aspects from 112.5 - 202.5°) (Figure 17).
For both declining stands (mean angle = 274°, z = 1.41, r = 0.14, n = 74, p>0.05) and healthy
stands (mean angle = 175°, z = 1.19, r = 0.19, n = 34, p>0.05) the Rayleigh test was not
significant, indicating that the samples have uniform circular distributions. However, the low r
values and high angular deviation values (c. 75° for declining yellow-cedar and 73° healthy
yellow-cedar) again indicate that the results are unreliable due to the low concentration of the
data (Morellato et al., 2010). The distributions of the healthy and declining stands are clearly not
uniform (Figure 17).
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Figure 15: Mean elevation values of declining (black) and healthy (grey) yellow-cedar stands
(normalized by area). (Statistically significant difference between samples, p-value = <0.001)

Percentage Area

60
50
40
30
20
10
0
0-8

8-16

16-24

24-32

32-40

40-48

48-56

56-64

Slope (degrees)
Figure 16: Mean slope values of declining (black) and healthy (grey) yellow-cedar stands
(normalized by area). (Statistically significant difference between samples, p-value = <0.006)
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Figure 17: Mean aspect values of declining (black) and healthy (grey) yellow-cedar stands
(normalized by area).

3.3 Logistic Regression
Prior to building the multivariate logistic regression model, univariate models were built for each
of the predictor variables and each variable was assessed for non-linearity in the logit (Table 4).
Six variables were excluded from subsequent model building after non-linearity was detected
and no adequate transformation was found (Table 5). All of the excluded terms had an R2 value
of less than 0.033 and p-values > 0.1 (Table 5). In the model, squared terms were included for
mean elevation, mean topographic wetness index and mean slope to account for observed nonlinearities and possible unimodal response curves. A correlation matrix of the 12 predictor
variables showed that Pearson correlation coefficients for all pairs of variables were <0.7 and,
thus, all were included in the model. After building a full model with these 12 variables, 3
multiplicative (interaction) pairwise terms based on biophysical principles were built and tested
for significance. The interaction terms consisted of the following: elevation*aspect,
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elevation*distance from coast, and exposure*distance from coast. However, none of these terms
proved to be candidates for inclusion in the final model as all had p-values >0.05.
Table 5: Univariate logistic regression model results
d2

R2

p

c

Dxy

Non-linear

Elev_mean

0.3798

0.529

0

0.863

0.726

✓

Elev_mean_sq

0.4282

0.58

0

0.863

0.726

Coastdist_mean

0.3272

0.47

0

0.873

0.746

Elev_var

0.1159

0.189

0.001

0.723

0.446

Tpx3000_mean

0.0993

0.163

0.003

0.696

0.392

Slope_mean

0.061

0.103

0.0042

0.662

0.324

Slope_mean_sq

0.0662

0.111

0.0028

0.662

0.324

Slope_stddev

0.0439

0.075

0.015

0.64

0.281

Twi_mean

0.0409

0.07

0.19

0.606

0.213

Twi_mean_sq

0.0625

0.105

0.0037

0.607

0.214

Solarspring_mean

0.0192

0.033

0.1081

0.584

0.169

✓

Slope_krt

0.0163

0.028

0.1814

0.545

0.089

✓

Slope_skw

0.0142

0.025

0.1722

0.551

0.103

✓

Tsi_mean

0.0119

0.021

0.206

0.581

0.161

✓

Aspectsw_mean

0.008

0.014

0.3001

0.546

0.091

Elev_relief

2.00E-03

0.004

0.6006

0.529

0.057

Elev_krt

9.00E-04

0.002

0.7276

0.476

-0.048

✓

Elev_skw

2.00E-04

0

0.8758

0.493

-0.014

✓

Variable

✓

Note: Greyed out rows indicate variables that were excluded from future model building.
d2 = proportion of null model deviance explained
R2 = Nagelkerke R2 index
p = p-value (parameter significance)
c = c index (area under ROC curve)
Dxy = Somers' Dxy rank correlation between a variable x and a binary (0-1) variable y
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3.3.1 Lasso Model
Following identification of variables appropriate for the modeling procedure, the lasso logistic
regression path was trained over all of the data. The glmpath package in R uses an algorithm that
implements the predictor-corrector method to estimate the coefficients at important junctions as
the size of the penalty varies. These important junctions are points in the coefficient path at
which variables enter or leave the active set. In Figure 18 the coefficient paths achieved are
plotted, with vertical lines marking the points at which the active set is modified. Changes in the
active set of variables as the size of the penalty (lambda) is varied are shown in Figure 19. The
optimum penalty was estimated by studying the BIC estimated for each junction (Figure 20). The
lowest BIC (81.97) suggests an optimal selection of 8 predictors (step 9, penalty = 0.72).
However, in the spirit of parsimony, the next lowest BIC value was selected (82.64), as it is very
close to the smallest value. This BIC value suggests a selection of 5 predictors (step 6, penalty =
4.28). At this step, topographic variables with non-zero coefficients include: mean elevation
squared, mean distance from coast, variance in elevation, mean TOPEX and standard deviation
in slope.
The selected set of coefficients was then validated through a bootstrap analysis using the BIC
(Table 6). Of the variables selected, three had non-zero coefficient values for >97 % of bootstrap
samples (mean elevation squared, mean distance from coast and variance in elevation). Mean
TOPEX had a zero coefficient value in 9.2% of samples, and standard deviation in slope had a
zero value in 25.6% of samples. The proportion of samples with zero value coefficients varied
from c. 20% to c. 60% for the other variables.
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Figure 18: Size of regularized regression coefficients as the absolute sum of regression
coefficients increases. Each curve represents a regularized coefficient (labelled on the right)
according to the absolute sum of the regression coefficients. Vertical lines indicate where the
active set was modified (in this case, where a variable entered the model)
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Figure 19: Lasso shrinkage of coefficients. Each curve represents a regularized coefficient
(labelled on the right) as a function of the lasso penalty parameter. Vertical lines indicate where
the active set was modified (in this case, where a variable leaves the model)
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Figure 20: BIC values computed at the values of the penalty parameter where the active set
changed
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Table 6: Standardized coefficient estimates computed from all of the data, the mean and SE of
the estimates computed from the bootstrap samples (B=1000), and the % of samples in which
variable had coefficient at zero
�
𝜷𝜷

�b
Mean 𝜷𝜷

�b
SE 𝜷𝜷

Num. Zero

0

34.387

2.008

57.4

Elev_mean_sq

-1.784

-46.143

2.418

0.2

Elev_var

1.896

15.845

0.759

2.0

Elev_relief

-0.312

-6.366

0.369

26.5

Slope_mean

0

-20.008

1.813

54.0

Slope_mean_sq

0

22.278

2.030

56.2

Slope_stddev

0.249

2.113

0.353

25.6

Aspectsw_mean

0.412

4.250

0.288

19.4

Tpx3000_mean

-0.813

-11.773

0.657

9.2

0

7.265

1.119

51.1

Twi_mean_sq

-0.047

-8.451

0.914

38.8

Coastdist_mean

-1.125

-8.194

0.383

1.6

Variable

Elev_mean

Twi_mean

/ 𝜷𝜷

An unrestricted logistic model was then fit to the data, the coefficients of which are shown in
table 6. The variable ‘standard deviation of slope’ was excluded from the final model as its
inclusion resulted in error indicating the presence of a singular information matrix. The presence
of singular estimated covariance matrix is likely caused by multicollinearity among the predictor
variables (Lesaffre and Marx, 1993).

49

Table 7: Reported coefficients and significance values from logistic model
Variable

Coefficient

S.E.

Wald Z

P

Intercept

3.62E+00 2.17E+00

1.67

0.0953

elev_mean

1.67E-02

8.38E-03

1.99

0.0467

elev_meansq

-1.96E-05

7.35E-06

-2.67

0.0077

coastdist_mean

-2.44E-04

9.41E-05

-2.6

0.0094

elev_var

0.000178

6.11E-05

2.91

0.0036

tpx3000_mean

-3.38E-02

1.66E-02

-2.03

0.0421

From examining the signs of the reported coefficients (Table 7), it was determined that as
elevation increases the odds of decline being present decreases, similarly the odds decrease with
increasing distance from coast. There is an increase in the odds of decline presence with
increasing variation in elevation and increasing topographic exposure. Therefore, the model
seems to suggest that low elevation sites close to the coast, which are more exposed and have
more variation in elevation, are more likely to show evidence of decline.

3.3.2 Model Predictive Success
In terms of goodness-of-fit statistics and predictive accuracy, the logistic model is very
successful. The Nagelkerke R2 value of 0.846 indicates that a high proportion of the variation is
accounted for. In addition, the Hosmer-Le Cessie omnibus test (Hosmer et al., 1997) failed to
find any evidence of lack of fit at the 95 percent confidence level (p-value > 0.05). Inspecting the
ROC plot reveals that the model has high predictive accuracy, the plotted line runs very close to
the upper left corner and the AUC value is 0.98 (Figure 21). This value may be interpreted
according to the scale proposed by Swets (1988), which suggests that AUC values above 0.90
show ‘excellent’ discriminating ability.

50

Figure 21: ROC curve for logistic model. True positive rate = sensitivity, false positive rate =
specificity
While the ROC curve permits assessment of model accuracy without defining a threshold, a
threshold value is required to produce a map of predicted decline presence. An optimal threshold
value of 0.7 was chosen by selecting the point that maximized sensitivity and specificity
simultaneously (Figure 22). The confusion matrix generated using this threshold value shows
that 0.7 level results in high precision for identifying both healthy and declining stands (Table 7).
A cutoff value was chosen assuming that both sensitivity and specificity are equally important
because locations where yellow-cedar is healthy will likely be of almost as much interest as
those where it is declining from a management perspective. As the threshold was lowered, more
declining stands were correctly identified as such, but fewer healthy stands were correctly
identified. The opposite was true for increasing the threshold, resulting in an underprediction of
decline. However, the overall percentage of stands correctly classified was very similar over the
range of threshold values examined.
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Figure 22: Sensitivity and specificity curves plotted for different threshold values

Table 8: Confusion matrix for logistic model (threshold value = 0.7)
Predicted
Decline Outcome
Observed
Decline Outcome

Overall Percentage

Healthy

Declining

% Correct

Healthy

30

3

91

Declining

6

68

92
92
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3.3.3. Predictive Mapping
Having selected a threshold value of 0.7, the logistic regression equation was realised in the GIS
environment using the MGET geoprocessing toolbox (Roberts et al., 2010). This tool permitted
predictions of decline occurrence to be made for all stands in the study area with a leading
yellow-cedar component. Values of mean elevation, mean elevation squared, mean distance
from coast, variance in elevation and mean topographic exposure were calculated for each of the
stands and then converted to raster layers before being combined as defined by the logistic
equation. The resulting map of predicted decline occurrence is shown in figure 23. A large
proportion of the stands with a yellow-cedar component was predicted as having a high
probability of decline occurence (55.5% of total area) and approximately one quarter of the area
was predicted as low probability (23.9% of total area) (Table 9). Binary predictions of decline
occurence using the 0.7 cutoff value are illustrated in figure 24.

Table 9: Probability of decline occurrence predicted for stands with a yellow-cedar component.
Figures in parentheses represent areas within the leading yellow-cedar stands.
Probability of

Percentage of total surface

decline occurrence

area

0.00 – 0.20

23.9 (30.3)

45741 (26316)

0.20 – 0.40

6.1 (8.0)

11598 (6958)

0.40 – 0.60

5.7 (7.2)

10966 (6222)

0.60 – 0.80

8.7 (10.1)

16679 (8755)

0.80 – 1.00

55.5 (44.4)

106188 (38508)

Area (ha)
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Figure 23: Map depicting likelihood of decline occurrence for yellow-cedar stands within the study area
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Figure 24: Map depicting binary outcomes for predicted decline occurrence using a threshold of 0.7
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3.3.4 Analysis of Residuals
A small number of outliers and leverage points were identified when analysing the residuals;
however, the removal of only one point from the model was felt to be justified due to high
uncertainty concerning digitized boundaries of the sample. From examining the plot of semivariance against distance (lag = 2000 m), it is clear that the residuals exhibit some spatial
correlation beyond that accounted for by the logistic model (Figure 25). The spatial correlation
appears to occur over ranges <60 km (Figure 25).

Figure 25: Empirical semi-variogram from standardized Pearson residuals (lag distance = 2000
m)
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3.3.5 Classification and Regression Tree
The classification tree utilised four of the nine variables provided to the model: mean elevation,
mean slope, mean TOPEX, and mean topographic wetness index (Figure 26). The full tree had
six terminal nodes (5 splits). Results suggest that sites below 840 m, with high topographic
exposure, and a high topographic wetness index are declining. The model is likely overfit as it is
separating small numbers of samples based on small differences in the data. A more robust
prediction was made by pruning the tree using cross-validation and a cost-compexity measure
(Figure 27). The pruned tree has 2 nodes resulting from the spilt using a mean elevation of 840
m. Cross-validation of tree size selection showed that trees with one spilt have the best
discrimination ability (Figure 28). The varying levels of predictive accuracy for differing tree
size are shown in Figure 29. A tree with one split is determined to have higher predictive
accuracy as the Somers’ Dxy rank correlation measure is low and the Brier Score value is high
(Figure 29).
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Figure 26: Full decision tree grown from data
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Figure 27: Cross-validated error as a function of the complexity parameter

Figure 28: Pruned decision tree
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Figure 29: Estimates of Brier’s accuracy scores and Somers’ Dxy values obtained using 10-fold
cross-validation of a sequence of trees
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Chapter 4

Discussion
4.1 Model Interpretation
The main objective of my study was to contribute to the understanding of the yellow-cedar
decline phenomenon by examining the spatial pattern of the decline and assessing relations with
topographic variables. Having determined that the healthy and declining yellow-cedar stands
exhibit differences in terms of elevation, slope and aspect (Section 3.2), statistical modeling
provided a means of examining the relations with topographic variables in greater depth. The
results of the logistic model suggested that four of the supplied predictor variables are strongly
related to the presence of decline. These variables include: mean elevation, variance in elevation,
distance from coast and topographic exposure. By examining the signs of the reported
coefficients (Table 7) and considering the working hypothesis for the decline (Figure 4), the
results can be interpreted in a more biologically meaningful way and examined in terms of how
they might relate to the decline hypothesis.

In the model results, the likelihood of decline presence is seen to increase as elevation decreases,
which supports the findings of Hennon et al. (2006) and Beier et al. (2008). The results may be
explained by considering the factors that afford higher elevation stands greater protection from
freezing injury than those at low elevations. At higher elevations, thaw periods are both less
frequent and less severe due to the colder ambient temperature (Beier et al., 2008). The strength
and retention of the root hardening is also greater at higher elevations, meaning that yellowcedars at these sites retain their cold tolerance throughout the freeze thaw cycles occurring at
lower elevations (Beier et al., 2008). The presence of snow cover contributes to retention of cold
hardiness and also protects the roots by preventing soil warming. However, there has been a loss
of protective snow cover at the lower elevations since the end of the Little Ice Age and, thus,
these low-elevation yellow-cedar stands may not have adequate snow cover to insulate soils and
roots (Beier et al., 2008; Hennon et al., 2006).
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The observed increase in probability of decline occurrence with increasing variance in elevation
may be related to the proposed effects of drainage on yellow-cedar health. A high level of
variation in elevation within a stand may suggest that there is a greater likelihood of cold air and
water accumulating in depressions within the stand. Observational studies in Alaska have
indicated that both soil drainage and soil and air temperature are risk factors for yellow cedar
decline (Hennon et al., 2006). Soil saturation creates stands with open canopies and shallow
roots, which triggers the trees to deharden prematurely by permitting soil warming in early
spring (Hennon et al., 2006).

The negative coefficient value provided for the TOPEX variable suggests that sites with greater
physical exposure are more likely to be declining (negative TOPEX indicates high topographic
exposure). Sites with low TOPEX scores have greater topographic exposure to wind and are
found along mountain tops and ridges. The increased physical exposure may result in less snow
accumulation due to local windiness and, perhaps, less canopy cover due to stunted tree growth.
These factors, combined with the exposure that creates rapid temperature shifts and frost periods,
may result in freezing damage (Wittwer, 2004).

Decreasing distance from coast is another factor noted to increase the probability of decline
occurrence. The degree of exposure and proximity to coast likely exert a large influence on the
extreme temperatures experienced by sites such as winter minimums and summer maximums
(Ashcroft et al., 2008). Sites with greater influence from coastal climatic moderators typically
have milder winters, suggesting that there may not be a continual snowpack leaving the yellowcedars more vulnerable to freeze-thaw cycles. The distance to coast parameter may also, to some
extent, reflect cold air drainage at night. The coastal boundary was digitized such that many of
the larger coastal inlets were traced and thus measuring distance to coast may be capturing the
proximity to cold air ponds. Distance to coast was measured using the Euclidean distance, but
perhaps this measure should be modified to measure in the direction of the prevailing winds
(Ashcroft et al., 2008).
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This coastal effect and influence of elevation on decline distribution can be related to the
presence of different biogeoclimatic zones. Of the 108 sample sites, 90 were determined to be in
the Coastal Western Hemlock (CWH) zone, and 18 in the Mountain Hemlock (MH) zone. All of
the sample sites in the MH zone are healthy, which account for 52 % of all healthy sites. The
MH zone is known for having a persistent, deep winter snowpack (Meidinger and Pojar, 1991),
suggesting that yellow-cedar trees in this zone may be protected from freezing injury.

There are two CWH subzones within the study area that contain sample points, the CWH very
wet maritime (CWH vm) subzone and the CWH very wet hypermaritime (CWH vh) subzone. A
mixture of healthy and declining stands were found within the very wet maritime areas, but only
declining sites (19 sites) were found in the hypermaritime zubzone. The hypermaritime subzones
occur on the outer mainland coast and low-lying islands and with this decreased continentality
comes greater rainfall (Meidinger and Pojar, 1991) (Table 2). The lower elevation poorly drained
soils of the hypermaritime subzone may combine to predispose yellow-cedar stands to decline.

The full regression tree identified mean elevation, TOPEX, topographic wetness index and mean
slope as being important variables in determining the location of yellow cedar decline. Similar to
the logistic model, declining sites were determined to have low mean elevation and low TOPEX
scores. The small number of cases used to define threshold values of the predictor variables after
the second split (the rule identified for TOPEX), however, suggests that great uncertainty
accompanies these values and the model is likely overfit. Indeed, when the model is pruned back
using Breiman et al.’s (1984) cost-complexity measure, only elevation is retained in the model.
An elevation threshold value of 840 m appears to be the most effective value for splitting the
declining and healthy yellow-cedar stands. This threshold is very close to the elevational
boundary between the CWH and MH zones (approximately 800 m) in my specific study area.
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4.2 Model Performance
While the use of a penalized logistic regression model permitted the identification of variables
with the greatest explanatory power, in order for the model to be useful from a forest planning
perspective it is necessary to take the model performance and robustness into account. The
predictive accuracy of the final model, as evaluated by ROC analysis, was high (AUC 0.98),
indicating that the model fits the data well. However, to fully assess the adequacy of the model to
predict yellow-cedar decline occurrence, an independent data set is required for comparison.
Unfortunately the limited amount of data available for the current study meant that the selection
of predictor variables could only be validated through a bootstrap analysis. From analysis of the
bootstrap output it was determined that the predictor variables selected for the final logistic
model were also selected by the lasso algorithm in the majority of the bootstrap samples (all had
non-zero coefficient values in >90 % of samples). However, the number of variables with nonzero coefficient values varied greatly between samples, as did the size of the coefficients. This
finding suggests that the model results are sensitive to small changes in the data and the reported
coefficients should be used with caution. In order to have confidence in the model results, more
data is required for further model development and evaluation in an attempt to elucidate
consistent trends.

Despite enforcing a minimum distance rule of 1000 m between sampling points, the residual
analysis showed the presence of some spatial dependence that the model failed to take into
account. This finding also suggests that returned coefficients should be interpreted with caution
as spatial autocorrelation can cause exaggerated estimates of significance for explanatory
variables (Miller and Franklin, 2002). It is recommended that future modeling efforts assess
whether the addition of more predictor variables explain the observed spatial autocorrelation, or
whether a separate explanatory term that accounts for the spatial dependence (a spatial
autocovariate term) is required.

64

4.3 Model Representativeness
The predictive mapping output (using a threshold of 0.7) suggests that over half of the yellowcedar stands in the study area have a high probability (0.8-1.0) of decline occurrence. The maps
show that these stands occur at low elevations along the coast and inlets. The predictive maps
combined with interpretation of the model coefficients indicates that yellow-cedar conservation
efforts should be focused in sheltered, high elevation areas that have good drainage and are
further inland. Applying the logistic model in a GIS environment is a useful means of visualizing
the model results and informing management decisions. The ability to vary the model threshold
and thus adjust the probability surface to suit the management requirements is a major advantage
of this modeling approach (McDermid and Smith, 2008).

When applying the logistic model to the GIS dataset, predictive outcomes were generated for all
stands with a yellow-cedar component. Probabilistic outcomes were generated for these polygons
despite having only sampled stands that have a leading yellow-cedar component. The
representativeness of the chosen sample points both within and beyond the geographical extent
of the study site is an important consideration. From the analysis of the distribution of “all
yellow-cedar stands” versus “leading yellow-cedar stands” (Section 3.1), it was identified that
although the two groups were similar in terms of slope and aspect, a much greater proportion of
“all yellow-cedar” stands occur at lower elevations. The stratified sampling design ensured that
these lower elevations were represented in the sample. By creating ecological land units for
sampling the range of environments observed and possible interaction effects were captured.

The use of indirect variables in this study, however, means that the final model can only be
applied within a limited geographical extent (Gibson, 2004; Guisan and Zimmerman, 2000;
Austin, 2002). Indirect variables, as defined by Austin and Smith (1989), are variables that have
no direct physiological influence on the growth and heath of plants (e.g. elevation, slope, aspect,
topographic exposure, distance from coast etc.). Direct gradients, in contrast, are environmental
variables that have direct physiological impact, but are not consumed (temperature, pH).
Resource gradients deal with matter and energy used by plants (light, nutrients, water, CO2 and
O2). The indirect, topographic variables used in this study are useful in that they are easily
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generated from DEM for large study areas. However, the final model cannot be applied out with
the geographic extent of the study area because in a different location the same topographic
position can experience a different combination of direct and resource gradients (Guisan and
Zimmerman, 2000). This observation was termed the “law of relative site constancy” by Walter
and Walter (1953). This law is exemplified by comparing the elevation threshold above which
yellow-cedar decline does not appear identified in this study to that determined from studies in
southeast Alaska. At this study’s location in British Columbia, yellow-cedar decline was not
observed at locations above 840m, whereas at one study site in southeast Alaska decline is
generally restricted to elevations below 150 m (Hennon et al., 2010). This example illustrates
how differences in conditions between locations, in this case a 6° latitude difference, can be
compensated for by adjusting the topographic position, in this instance elevation.

Environmental variables potentially more directly linked to the decline (an index of topographic
wetness, potential solar radiation) were included in the original set of model parameters (Section
2.2.2., Table 4), but neither of these variables was found to be significant. In the case of the
topographic wetness index (TWI), it is possible that errors in the digital elevation model resulted
in an inaccurate parameter that failed to capture the true variation in topographic moisture. Van
Niel et al. (2004) found that the TWI is more sensitive to errors in a DEM than the more indirect
variable ‘topographic position’.

Potential solar radiation may not have been a statistically significant predictor of decline
occurrence because the study failed to take cloud cover or stand canopy cover into consideration
(Ashcroft et al., 2008). As mentioned in the description of the working hypothesis for the decline
(Section 1.2.2), sparse canopy cover is thought to result in soil warming early in the spring,
which causes the yellow-cedars to lose their cold tolerance and become vulnerable freezing
injury (Hennon et al., 2010). However, using canopy cover as a predictor variable in this study
would potentially confound model results (Ashcroft et al., 2008). That is, an undesirable
situation would be created in which knowledge of decline occurrence was required in order to
determine canopy cover, and knowledge of canopy cover was required to estimate decline
occurrence.

66

4.4 Issues of Data Quality and Spatial Uncertainty
The term spatial uncertainty was defined by Goodchild (2008, p. 480) as “...the difference
between contents of a spatial database and the corresponding phenomena in the real world.” All
of the spatial datasets used in this study (aerial photographs, digital elevation models,
topographic variables, VRI layer and digitized decline layer) are representations of the real
world, and as such there will invariably be differences between the datasets and the real
characteristics they allegedly represent (Goodchild, 2008). These differences typically arise
when datasets are generated using processes involving approximation, measurement error or
generalization (Goodchild, 2008). The use of the VRI layer, digitized decline layer and digital
elevation model have all likely introduced spatial uncertainty into the analysis and thus the
model results.

4.4.1 Vegetation Resource Inventory Layer
As mentioned in Section 2.2.1, there is concern surrounding both the spatial accuracy of the
digitized boundaries of the forest stands in the VRI layer and the quality of the reported
attributes. Species composition and other forest attributes change with time and therefore those
stands that have not been re-inventoried in recent years will likely have greater inaccuracies. An
attempt was made to reduce the level of uncertainty introduced to the study by excluding the
oldest inventory data from the analysis. A new VRI layer is currently being produced for the
study area, which is intended to “provide users of the data with more confidence in the
delineation and estimation of tree and vegetation attributes using photo interpretation and
provide more accurate and consistent spatial (polygon) and attribute data” (Interfor et al., 2008,
p. i). The photo interpretation stage is expected to provide information on the location of yellowcedar dieback (Interfor et al., 2008). The improved inventory information is expected to be
available in the spring of 2012 and will provide better decision support for land managers and
stakeholders.
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4.4.2 Digitizing Decline Occurrence
There is also uncertainty present concerning the boundaries and classification of the decline
occurrence polygons. The availability of digital orthophotos and stereo pairs permitted a detailed
examination of the forest stands, which allowed a more spatially accurate delineation of the
decline than that achieved using aerial sketch mapping. However, the ability to determine the
presence of decline occurrence was complicated by varying proportions of yellow cedar within
stands. In stands where there was only a small yellow-cedar component it was difficult to discern
whether the stand is healthy or if scattered mortality was present. The identification of yellowcedar decline was also confounded by the presence of spike-top western redcedar (Thuja plicata)
(Hennon, 2005). Western redcedar commonly exhibits a dead leader, which can make the
identification of dead or dying yellow-cedars difficult due to the visual similarities between the
two and the tendency for the two species to co-occur (Zeglen et al., 2008). Confidence in the
digitizing of the decline was improved by determining whether stands in which western redcedar
was present, but yellow-cedar was not, were healthy, and whether decline occurred in areas
without western redcedar. Stands were also examined to see if the amount of decline present
varied with differing proportions of yellow-cedar present. Despite these efforts, it is possible that
both errors of omission and commission have occurred and the study would benefit from a
ground truthing programme.
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Chapter 5

Conclusions
5.1 Key Findings
The logistic lasso model appears to provide an excellent means of analysing the relation between
yellow-cedar decline and topographic variables. By providing the model with a range of
topographic variables suspected to play a role in determining the pattern of decline on the
landscape, it was possible to identify a subset of variables that were strongly related to decline
occurrence. Plausible reasons for the relations uncovered between the decline and the
topographic variables were established by interpreting the results in a biologically meaningful
manner and relating pattern to process. The model results indicated that low elevation sites close
to the coast, which are more exposed and have more variation in elevation, are more likely to be
declining. These topographic variables influence the degree of soil saturation, the temperatures
and the snowpack presence in a forest stand. The findings support the hypothesised mechanism
of decline, which emphasises the role of soil drainage, soil and air temperature and loss of snow
cover in predisposing yellow-cedar trees to decline by increasing susceptibility to freezing
injury.

The model produced in the study was determined to have high discrimination ability, which
permitted the separation of declining and healthy sites according to the topographic values of the
stands. The utility of such a model was demonstrated by applying it to geographic space to create
a map depicting the likely occurrence of decline across the study site. Such a map could be
interpreted as a risk-map for yellow-cedar decline and used to guide yellow-cedar management
efforts in the study area.

Despite the great predictive success of the model, there are several issues that suggest model
results should be interpreted with caution. First of all, the results of the model validation show
that the number of parameters selected and the size of the model coefficients varies between
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bootstrap samples, indicating that the model is sensitive to small changes in the dataset. Another
issue is the presence of spatial dependence observed in the model residuals. Concerns also exist
regarding the potential for errors of omission and commission in the digitizing of the yellowcedar decline.

The decision tree produced in the analysis provided an easily interpretable means of visualizing
the important variables and corresponding thresholds for separating healthy yellow-cedar sites
from declining ones. However, the small size of the dataset meant that the decision tree was
pruned back to a single split, which proved to emphasize the importance of elevation in
determining decline presence.

Ultimately, this research provided insight into the relations between yellow-cedar decline and
topographic variables. Additionally, evidence was found that supports the proposed associations
in the current decline hypothesis. The analysis also highlighted the utility of the lasso logistic
model for selecting significant parameters and mapping high risk areas for decline. The
identification of these high risk areas could be used to guide yellow-cedar salvage operations.
The model results suggest that yellow-cedar conservation and active regeneration efforts would
best be focused in high elevation areas that are further inland, sheltered and well drained. Finally,
this investigation highlighted the extensive nature of the decline phenomenon in coastal British
Columbia. The expected future climate warming in British Columbia suggests that the decline
may expand further, emphasising the need for the timely implementation of a management plan.

5.2 Recommendations for Future Research
While this study has provided insight into the location of decline occurrence in coastal British
Columbia and the strength of relations with topographic variables, it has also raised further
questions and highlighted the need for more investigations.

In order to assess the stability of the trends identified, further data on the location of decline
occurrence is required. Collecting more data from within the geographical extent of the current
study area would permit full validation of the model. Conducting external validation of the
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model (i.e. collecting data from out with the geographical extent for validation purposes), would
allow the identification of consistent trends across geographical space. Performing further
internal, as well as external, validation would ensure that the trends identified are not spurious
results from this particular dataset and would provide better decision support for yellow-cedar
management plans.

In addition to further efforts to fully elucidate the spatial pattern of decline, investigations into
the temporal aspect would deepen understanding of the decline process. If yellow-cedar decline
is expanding upslope (Beier et al., 2008; Hennon et al., 2006) then earlier dates for the onset of
mortality should be found at lower elevations. Adjusting the spatial scale of analysis would
perhaps assist in identifying the sites where decline is initiated and from where it proceeds to
spread. Using mean values to represent topographic conditions in a polygon may have masked
some of the topographic complexity that is influencing the pattern of decline. Akashi and
Mueller-Dombois (1995) found in their study of Hawaiian rainforest dieback that the microtopography had a large role in determining the location of dieback initiation as well as the shape
and intensity of the finer dieback patterns. Examining the topography of the individual yellowcedar stands in greater detail, particularly the slope gradient, shape of the terrain (concave or
convex) and the relative slope position, may lead to better identification of the combination of
site factors that are likely to predispose yellow-cedar to decline.

In future modeling efforts, further investigations should be made into the shape of the decline
response curves. When adding variables to the GLM it was necessary to assess the term for
linearity and determine whether a higher order term should be included. Second order
polynomial terms, which account for unimodal response curves, were the highest terms added to
the model. Third order polynomial terms and higher may have captured skewed or bimodal
functions that would have resulted in significance for a variable, however the resulting response
curves are often spurious and different to interpret in a biologically meaningful manner (Guisan
and Zimmerman, 2000). The use of generalized additive models (GAMs) would be better for
data exploration as they allow a wider range of response curves to be modelled and, because the
response curves are data driven, no decisions have to be made regarding the level of polynomial
term to include for each variable (Guisan and Zimmerman, 2000; Yee and Mitchell, 1991).
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