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ABSTRACT
A Spatiotemporal Analysis of Aspen Decline in Southern Utah’s Cedar Mountain,
Using Remote Sensing and Geographic Information Systems

by

David M. Evans, Master of Science
Utah State University, 2010

Major Professor: Dr. Ronald J. Ryel
Department: Wildland Resources

Widespread mortality of quaking aspen (Populus tremuloides Michx.) has
occurred over large expanses of the Western US during the 20th century. While much of
this decline was due to conifer encroachment into seral aspen, significant aspen losses
also occurred in areas of persistent aspen and may have been exasperated by drought
conditions. Aspen decline has been especially notable at Cedar Mountain, Utah, an area
of mostly private land and extensive persistent aspen coverage.
The objectives of this study were to create a time series of live and dead aspen
cover on the Cedar Mountain landscape, using remotely sensed imagery, and to test
whether water stress correlated to the decline therein. To accomplish these objectives, a
decision tree classifier was used to classify the Cedar Mountain area into live and dead
aspen cover classes for the years 1985, 1990, 1995, 2001, 2005, and 2008. Thereafter,
post-classification change analysis was performed to determine areas and time periods of
elevated decline. Regression analyses were performed to ascertain correlations between
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climatic data and percent change in aspen cover. A topographic analysis using zonal
statistics was also performed to determine landscape positions where aspen decline is
more prevalent.
The time series models indicated that aspen decline followed a step-wise pattern
with an overall decrease of 23.57 % in aspen cover during a 23-year period.
Considerable aspen decline occurred early in the study time frame, with decreases of 1.38
and 1.36 -1 in 1990 and 1995, respectively. The middle period between 1995 and 2001
had no net change in aspen cover. However, the end of the time series showed the
greatest decline with decreases of 1.56 and 1.99 % yr-1 in 2005 and 2008, respectively.
There was a correlation between percent change in aspen cover and precipitation,
suggesting that drought weakens aspen, making it susceptible to future decline. The
topographic zonal statistics revealed that drier landscape positions had greater
frequencies of dead aspen. The most significant predictor of aspen decline was elevation,
which was significantly greater in the live aspen for three of the five years.
(199 pages)
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CHAPTER 1
INTRODUCTION

Quaking aspen (Populus tremuloides Michx.) is the most widely distributed
hardwood species in North America (Fig. 1.1., Little, 1971) and ranges from the high
elevation tropics of Mexico to the boreal forests of Alaska. Aspen is an integral
component in many montane and high elevation forest ecosystems of western North
America. It is valued for its vibrant understories, which provide forage for both wildlife
and domestic livestock. Aspen is also valued for its watershed yield and provides higher
water yield than most coniferous species living within its range (Gifford et al., 1984; La
Malfa and Ryel, 2008). In some areas, aspen is harvested for pulp products. Recently,
specialized furniture markets have increased demand for aspen stumpage. Aspen is
known for its aesthetics and has become iconic in the western US for recreationists and
other ―nature enthusiasts.‖ Nevertheless, fire exclusion (Schier, 1975) and other
unforgiving management practices have rendered aspen vulnerable to displacement. The
U.S. Forest Service’s Forest Inventory and Analysis Program (FIA) indicated that aspen
in many areas of the western U.S. is being replaced by conifers or other vegetation
(Bartos and Campbell, 1998).
In landscape settings where aspen and conifer distributions overlap, aspen
populations were maintained on the landscape through disturbances such as fire (Frey et
al., 2003). In these areas, prolific root suckering often follow disturbances. This
suckering response is induced through the disruption of auxin transport to root meristems
following the removal of the overstory (Schier, 1981; Cline, 1991). As overstory trees

2
die, the shallow roots are the source of suckers that re-establish the new stand. As aspen
stems mature, they often establish independent root systems (Sheppard and Smith, 1993).
Current environmental conditions of the Intermountain West are thought to curtail
widespread sexual reproduction in western aspen (Mitton and Grant, 1996).
Reproduction primarily occurs through suckering from its expansive clonal root systems
(Kemperman and Barnes, 1976). It was previously proposed that these clonal root
systems have persisted for 8,000 to 10,000 years since the last glacial maximum,
maintaining genetically identical clones on the landscape (Kemperman and Barnes, 1976;
Barnes, 1966). Nevertheless, sexual reproduction has been found to contribute more to
the genetic diversity of western aspen than previously supposed (Mock et al., 2008).
Mock et al. (2008) surveyed two areas of persistent aspen forest geographically separated
by nearly 400 km and found that recent sexual reproduction is a stronger contributor to
genetic variation of aspen populations than somatic mutations alone. This research
suggests that many aspen clones may not be as old as once thought.

Aspen classes in western landscapes

Aspen in the Intermountain West is thought to exist in different classes or
conditions depending on stand structure and co-occurrence with other species (Bartos and
Campbell, 1998). For the purpose of this research, the following classification scheme
was used to differentiate aspen: 1) healthy aspen, 2) damaged aspen, and 3) seral aspen
(i.e. successional to conifers). Healthy aspen stands were characterized as the majority of
the trees (> 50% of stems) containing full crowns and little to no die-off. Damaged
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stands contain significant crown die-back and many dead or dying stems. Seral aspen
were defined as at least 25% of tree species consisting of conifers. Pure aspen stands
where conifers are largely absent from the landscape are known as persistent or stable
aspen stands, independently of the aspen condition (Rogers et al., 2010).
Intact aspen communities are usually associated with an herbaceous or shrub
understory, often in a mutualistic relationship (for a description of major aspen
community types see Mueggler, 1988). Aspen provides the understory with a filtered
light environment that permits the existence of both shade and sun favoring plants.
Aspen understories typically contain more biodiversity than their coniferous counterparts
(Stam et al., 2008). Additionally, deep root systems may provide herbaceous
understories with water through hydraulic redistribution (Burgess et al., 1998). The
herbaceous understory in return occupies the remaining space in the aspen stand, and may
prevent the establishment of invading plants, including conifer species. Decadent clones
are generally single-aged and can have very open canopy structure (Bartos, 2001; see Fig.
1.2.) and may contain large diameter trees. As overstory trees mature, only marginal
regeneration occurs. In some decadent stands, regeneration exists, but it is continually
consumed by wild or domestic ungulates (Kay, 1997; Bartos, 2001). Such stands are in
jeopardy of being lost because the root systems may be severely weakened after
repetitive defoliations. Decadent aspen also includes a more recent phenomenon known
as sudden aspen decline (SAD), which will be examined in further detail in chapter 2.
In areas where aspen and conifers overlap on the landscape, aspen is often said to
be seral to conifer species. Nevertheless, aspen is not truly seral because it does not often

4
develop from seed (Kay, 1997), but rather vegetatively propagates after a disturbance.
The presence of aspen in these systems indicates the occurrence of a relatively frequent
disturbance (with 20 to 120 year frequency intervals) because the aspen has succeeded in
reestablishing. After significant periods of time without a stand replacing disturbance,
conifers often become established in seral aspen stands through seed source. As conifers
begin to populate the landscape, aspen tends to give way to the shade tolerant invaders.
Aspen is shade intolerant and adult stem mortality has been attributed to conifer shading
(Baker, 1949; Loope, 1972; Schier, 1975). Aspen is usually confined to the warmest
positions (Van Cleve et al., 1983) on the landscape in boreal forests. Often, higher
densities of aspen regeneration are observed near the bottom of ridges in mixed aspenconifer stands. Intuitively, these openings receive direct sunlight which provides warmer
soil temperatures for the shade intolerant suckers to thrive. Nevertheless, aspen-conifer
gap dynamics tend to be somewhat murky. Kurzel et al., (2007) revealed that although
some aspen stands are highly dependent on stand replacing disturbance to regenerate
future cohorts, other stands appear to be regenerating at sufficient densities despite
conifer presence. Kurzel et al., (2007) also noted cases of aspen and conifer co-existing
for 150 years, in which neither the aspen nor the conifer came to dominate.
Aspen has declined markedly over the past decades in many areas, especially
within the Colorado Plateau region (southern Utah and Colorado; Bartos and Campbell,
1998, Worrall et al., 2008). Some of this decline is due to conifer encroachment,
however many of these losses have occurred in persistent aspen (Worrall et al., 2008).
Decadent aspen (and subsequent mortality) is becoming prevalent in many areas of
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persistent aspen stands, including the landscape of the current study (Dr. J. Bowns,
personnal observation). The temporal and spatial dynamics of aspen decline are not well
understood (see Kulakowski et al., 2004). The extent of decline, timing of occurrence
(whether the decline has occurred during specific periods or whether the decline is
relatively continuous over time), and mechanisms involved in the decline are issues that
need to be addressed.
Utah’s Cedar Mountain and surrounding areas may be prototypical of aspen
decline in much of the Colorado Plateau (see Fig. 1.3.). Ohms (2003) found that many
aspen stands in this area were not regenerating at sufficient densities to ensure persistence
on the landscape. Recently, various land owners at Cedar Mountain expressed concern
over aspen decline on their properties (Dr. J. Bowns, personal communication). Cedar
Mountain is located approximately 27 kilometers southeast of Cedar City, Utah, on the
Kolob Terrace of the Markagunt Plateau (Fig. 1.4.). Most of the land is private property,
which ranges from small cabin lots to vast expanses of land several hundred hectares in
area. Therefore, Cedar Mountain has unique managerial considerations, given the
kaleidoscope of land ownership.

Goals and objectives

This project attempts to clarify the spatiotemporal dynamics of aspen decline in
an area of southern Utah known for its extant persistent aspen stands: Cedar Mountain,
Utah (Figs. 1.3 & 1.4). The Cedar Mountain landscape has been subject to disturbance
(mainly livestock pressure) during the past century (Dr. J. Bowns, personnal
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communication) and is thought to have sustained widespread aspen losses over the past
25 to 30 years. However these losses have not been well documented. Fortunately,
moderately resolute remote sensing imagery containing data for the past 25 years is
available. The causal mechanisms of the aspen decline likely consist of numerous factors
and complex interactions. However, we hypothesize here that water stress is one of the
main drivers of aspen decline. Three objectives were identified to focus this work:
1. Determine the extent of aspen in the Cedar Mountain area in 1985 and quantify
change in aspen cover between 1985 and 2008.
2. Create a map of current aspen condition for Cedar Mountain.
3. Assess the role of water stress in aspen decline on Cedar Mountain.

Approaches

Remote sensing technologies will be used to accomplish the first two objectives.
A post-classification comparison technique described by Jensen (2006) will be
implemented to quantify change in aspen cover over space and time for the following
years: 1985, 1990, 1995, 2001, 2005, and 2008. This technique requires a classification
of each year of the time series in question. Classification maps may then be compared on
a pixel-by-pixel basis using a change detection matrix to produce an output informing the
user of where change has occurred between any two years of the time series. These maps
will be created using Classification and Regression Tree (CART) models. A CART
model is a decision tree classifier, which sifts through large datasets and finds
relationships between predictor variables and the response variable (Hansen et al., 1996;
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Lawrence and Wright, 2001). The predictor or independent variables (Table 1.1.) for this
study include a consortium of digital elevation model (DEM) derivates including slope,
elevation, and aspect, and spectral reflectance layers acquired from the Landsat Thematic
Mapper (TM). The dependent variable will be a binary response (live or dead aspen)
identified during field work during the summer of 2008 and through high resolution
aerial photography.
Inevitably, time series models make a number of assumptions. The first
assumption is that the area identified in the 1985 aspen habitat model encompasses all of
the potential aspen cover on Cedar Mountain and that aspen cover will not expand into
new areas during the 23 year time frame. Expert opinion confirmed that this assumption
is quite reasonable (Dr. D. Bartos, personal communication) because of the browsing
pressure, which prevents aspen suckers from spreading into new areas. Nevertheless
aspen is a clonal organism and is likely spreading in certain areas; however, the rate of
aspen recruitment may not be as rapid as the rate of aspen decline. Another assumption
in the models is that dead aspen stands will have similar spectral signatures as nonforested cover and will be different from the spectral signature of healthy aspen stands.
Except in the cases of severely degraded areas, generally the understory component does
not differ tremendously between non-forested cover and dead aspen. Therefore, dead
aspen and non-aspen are used interchangeably throughout this thesis.
The second objective (the current map) will be addressed by subjecting six of the
time series maps to an unsupervised classification using an Isodata algorithm (Jensen,
2006). The resulting classification will portray a matrix of change over the Cedar
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Mountain area. The number of changes taking place over the time series is assumed to
relate to current aspen condition. For example, areas that have been subjected to zero to
one change over the time series will contain healthy, intact aspen. Areas with an
intermediate number of changes (three to four) will likely contain significant mortality,
but not complete decadence. Areas that have had five changes are likely to contain very
little aspen.
To address the final objective, the time series maps will be subjected to a zonal
statistics test of topographic variables, to determine if areas on the landscape where
climate may be most stressful for aspen (i.e. lower elevations, south facing slopes) predict
the occurrence of dead aspen. Lastly, regression analysis will be used to correlate annual
percent change in aspen cover to climatic variables, such as summer and winter
precipitation, summer maximum temperatures and winter minimum temperatures.

Study area: Cedar Mountain, Utah

The study area on Cedar Mountain spans approximately 272 square kilometers.
Elevation in the study area ranges from 2,458 to 3,162 meters above sea level. The soil
type is predominately Argic Pachic Cryoborolls, fine montmorillontic fair clay loam
(Bowns and Bagely, 1986). The Kolob Terrace consists predominately of persistent
aspen stands with herbaceous and shrub understories, and extensive grassland meadows
dispersed throughout the landscape. There are some stands of Gambel Oak (Quercus
gambelli, Nutt.) principally at the lower elevations (< 2,500 m) and the eastern fringes of
the study area have a significant conifer presence. The mean annual precipitation
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between 1971 and 2000 was approximately 864 mm per year (PRISM, 2006; Table 1.2.).
Most of the precipitation is snowfall which occurs predominately during the months of
October through April. Additionally, Cedar Mountain is subject to monsoonal storms
during the late summer (July through September). Temperatures remain relatively cool
year round. The mean daily temperature ranges from -11.1 to -0.87° C in January and
from 7.3 to 19.7° C in July.
Historically, the Cedar Mountain area was exposed to an excessive livestock
presence, predominately in the form of sheep (Ovis ovis, L.). Although today’s numbers
of livestock are only a fraction of the early 20th Century levels, the plant communities
nevertheless have likely been altered (Bowns and Bagley, 1986). Bowns and Bagley
(1986) characterized Cedar Mountain as containing a predominance of grasses, and
lacking desirable forbs and shrubs.

Expected products

In addition to the publication of the current thesis, a series of map products and
one to two journal publications will be derived from this project. The map products
(Table 1.3.) include an aspen habitat map and a time series of aspen decline with outputs
of aspen presence-absence maps for each year in question within the study area. Each
map output will include an accuracy assessment of the model to evaluate both user and
producer error. The absence presence maps will be used as layers to produce an
unsupervised classification of the study area. This classification of six classes will
highlight the areas of aspen that have not changed over the time series, where aspen has
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faded but has succeeded in regenerating itself, areas of possible SAD, areas of
reoccurring mortality, and areas of the aspen habitat model that no longer contain aspen.
These products will be of utility to land managers working on aspen restoration and/or
change detection in forest cover types, by helping to prioritize areas where treatment may
still be worthwhile. They also may help researchers analyze aspen decline in other areas
through the use of the technologies described herein.
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Table 1.1. Predictor variables used in the classification models. The constant predictor
layers will be used surreptitiously throughout each model in the time series. The variable
predictor layers include specific imagery to the year to be classified.

Band
Number

Predictor
Layer
(Constant)

Tassel Cap
Transformation
(Brightness)
Tassel Cap
Transformation
(Greenness)
Tassel Cap
Transformation
(Wetness)
Landsat TM Band 1
(Blue)
Landsat TM Band 2
(Green)
Landsat TM Band 3
(Red)
Landsat TM Band 4
(NIR)
Landsat TM Band 5
(Mid Infrared)
Landsat TM Band 7
(Mid Infrared)

1

2

3
4
5
6
7
8
9
10
11
12

Predictor Layer
(Variable)

Elevation
Aspect
Slope

Spatial
Resolution
(m)

Date of imagery
(1 image during
summer months)

30

1985, 1990, 1995,
2001, 2005, 2008

30

1985, 1990, 1995,
2001, 2005, 2008

30

1985, 1990, 1995,
2001, 2005, 2008
1985, 1990, 1995,
2001, 2005, 2008
1985, 1990, 1995,
2001, 2005, 2008
1985, 1990, 1995,
2001, 2005, 2008
1985, 1990, 1995,
2001, 2005, 2008
1985, 1990, 1995,
2001, 2005, 2008
1985, 1990, 1995,
2001, 2005, 2008
N/A
N/A
N/A

30
30
30
30
30
30
30
30
30
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Table 1.2. PRISM monthly and annual climatic data for Cedar Mountain, Utah
(37.56248 N 113.0632 W). Precipitation, maximum temperature and minimum
temperature were calculated for period from 1971 through 2000 (PRISM, 2006). The
spatial resolution for this data set was 30 arc-seconds (approx. 800 meters).

Year
Tmax
Tmin
Ppt
Year
Tmax
Tmin
Ppt

Jan
Feb
Mar
-0.87
0.45
2.47
-11.12 -10.82 -8.88
100.92 117.61 139.12
Jul
Aug
Sep
19.72 18.95 14.88
7.33
6.64
2.81
44.41 54.52 51.99

Apr
6.07
-6.01
75.15
Oct
9.15
-2.19
63.91

May
10.63
-1.07
57.72
Nov
3.2
-7.78
70.59

Jun
16.49
3.96
23.82
Dec
-0.44
-10.8
64.27

Year
Tmax
Tmin
Ppt

Table 1.3. Expected map products for the aspen decline assessment.
Spatial
Number of
Resolution
Temporal
Map Product
classes
(m)
Resolution
Aspen Habitat Map
Aspen PresenceAbsence Maps

1

30

2

30

Change Detection Maps

4

30

Continuous

30

6

30

Slope, Aspect, Elevation
Maps
Aspen Mortality
Classification

N/A
~ every five
years
~ every five
years
N/A
N/A

Annual
8.39
-3.16
864.03
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Figure 1.1. Quaking aspen distribution map (Little, 1971). Quaking aspen is the most
widely distributed tree species in North America.
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Figure 1.2. A typical decadent stand near Cedar Mountain, Utah. Generally, these stands
are open and single-aged. Additionally, stands with sudden aspen decline have limited to
no regeneration, which increases the probability of aspen being lost from the site.

Figure 1.3. Declining aspen stand near Cedar Mountain, Utah. The downed trees
scattered throughout the stand indicate that the decline has been occurring for several
years to decades. This area has harbored numerous studies in forest and range
management.
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Figure 1.4. Map of the study area near Cedar City, Utah. The study area is situated on
the Kolob Terrace of the Markagunt Plateau.
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CHAPTER 2
LITERATURE REVIEW

Aspen decline

In many parts of the Intermountain West (IMW), aspen decline has proliferated
during the past few decades (see Table 2.1.), which may contribute to negative impacts
upon other species of flora and fauna, losses of biodiversity (Kay, 1997), and degradation
to water quality and quantity (Gifford et al., 1984; Bartos and Campbell, 1998b) of the
affected watersheds. Aspen decline has been particularly severe in the Southwestern
United States, where losses of 97 and 88 % of historical aspen coverage were reported for
Arizona and New Mexico, respectively (Bartos and Campbell, 1998b). Considerable
losses were also reported for Utah and Colorado at 51 and 49 %, respectively (Table
2.1.). Significant decreases in historic aspen coverage have also been reported in Idaho
and Montana (61 and 64 %, respectively), which means that aspen decline is likely a
problem spanning multiple ecoregions and may become more prevalent even in mesic
regions.
Aspen is very widely distributed, is present in variety of biophysical settings, and
is subject to competitive and facilitative interactions with numerous species. Some aspen
losses are the result of successional pathways (i.e. aspen being replaced by conifers in
latter stages in life (Bartos and Campbell, 1998a; Strand et al., 2009). The focus of this
thesis, however, is on mortality that occurs apparently without the competitive
interactions that result as a consequence of conifer invasion. This type of aspen decline,
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commonly reported as die-off (Bartos and Campbell 1998a) occurs from Arizona to
Alberta (Frey et al., 2004) in the North American Continent and is often present in stable
aspen stands. Die-off is characterized by the phase in life in which the dominant and codominant trees of the overstory are subjected to aboveground death (often rapid) (see Fig.
2.1. and 2.2.). The explanatory factors of aspen die-off tend to be complicated due to
complex interactions (Frey et al., 2004) and subtle or unknown factors. Manion (1991)
proposed a tiered system for categorizing stand mortality, namely with inciting,
contributing, and predisposing factors, which may explain some of the patterns observed
in aspen decline (Worrall et al., 2008) . Inciting factors include short-term processes that
tend to weaken the tree or stand, such as extreme drought events, insect outbreaks, air
pollution, and frost/thaw events. Predisposing factors are long-term, chronic stresses that
tend to increase susceptibility to inciting factors, such as climate, successional processes,
ecosites, forest structure, genetics, and age. Contributing factors are the secondary agents
that often kill a tree or stand following an inciting event, such as insect borers, pathogens,
and windthrow (Frey et al., 2004).

Plant to stand level dynamics
Older aspen trees (>100 – 120 years; Mueggler, 1989) generally contain greater
biomass and therefore, require more resources than younger cohorts and intuitively yield
earlier to water stress than their younger and smaller counterparts. While the
mechanisms of drought-related tree mortality are not well understood (Adams et al.,
2009), two outcomes may result from plant exposure to extreme temperatures and low
relative humidity: 1) C-starvation, due to stomatal closure in an effort to conserve xylem

20
pressure, which causes the plant to deplete existing carbohydrate reserves or 2)
catastrophic hydraulic failure, whereby the plant continues stomatal conductance to
maintain photosynthesis, but runs the risk of xylem pressures suddenly exceeding
cavitation thresholds beyond which air bubbles block water flow (McDowell et al., 2008;
Adams et al., 2009).
Shepperd et al., (2001) found that healthy, regenerating aspen clones exhibited a
J-curve distribution of diameter classes (Fig. 2.3.) with many stems in the smaller age
classes (i.e. < 5 cm diameter at breast height (DBH)). The non-regenerating clones were
relegated to a narrow range of age classes (skewed slightly to the right) with relatively
large trees and few to no smaller trees. Because persistent aspen stands have multiple
cohorts, mortality of the older trees releases resources (including sunlight) for the next
cohort to become the dominant class. However, because decadent stands tend to have
more narrow age class distributions, the mortality of the older stems may be equivalent to
failure of the entire stand. In such cases, a suckering response of the root system is
required for the stand to replace itself. Unfortunately, aspen suckers are highly palatable
and extremely vulnerable to ungulate herbivory (Romme et al., 1995; Baker et al., 1997;
Hessl, 2002). Therefore, suckers tend to attract both wild and domestic ungulates.
Defoliation events of the suckers tend to deplete the root systems of carbon and other
nutrients as they are drawn to the surface for leaf tissue manufacture. The root systems
depend on photosynthesis of the overstory for carbon renewal and repeated defoliation
events may render the root system inert until the stand can no longer replace itself.
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Shepperd et al., (2001) found that non-regenerating clones had significantly lower
root masses than adjacent regenerating clones. The previous study measured paired
aspen clones with similar climatic and site characteristics. In the study, the underlying
cause of the demise of the non-regenerating clones was not apparent. Disease, animal
herbivory, or genetic predisposition were some of the factors that Shepperd et al., (2001)
attributed to the decline. Other interwoven variables likely contribute to aspen decline,
include drought, insect outbreaks, and pathogens. Drought is likely a primary causal
agent, as water stressed trees are more prone to cavitation.

Sudden aspen decline
Some aspen decline patterns show minimal to no regeneration coupled with rapid
overstory mortality, (i.e. complete decadence of the overstory with one to two years
(Bartos, 2008). This type of rapid mortality has been common in southern Utah and
Arizona over the past few decades (Bowns, personal communication; Bartos 2008), and
recently documented in Colorado (Worrall et al., 2008). Worrall et al., (2008) found that
in many of the stands with heavy overstory mortality, only sparse regeneration existed.
Furthermore, the authors found that the agents associated with the mortality included
Cytospora canker (Cytospora sp.), bark beetles, and a few different species of poplar
bore, and that inciting factors included acute drought. Predisposing factors included
stand age, lower tree densities, southern aspects, and low elevations (Worrall et al.,
2008). Each of the predisposing factors from Worrall‟s (2008) study had a connection to
drought vulnerability.
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This phenomenon, which has been linked to the demise of aspen in many parts of
the Intermountain West, has been coined Sudden Aspen Decline (SAD) (Bartos and
Shepperd, 2010). The lack of regeneration in SAD stands may be attributed to the
deterioration of aspen root systems (Shepperd et al., 2001). While SAD undoubtedly
exists in some areas, it may be commonly over-diagnosed. It is plausible that in many of
the reported SAD cases, the stands do produce sufficient regeneration through suckering.
However, these suckers are immediately subjected to browsing. By the time the decadent
stand is noticed, the suckers are no longer intact and the root systems are highly depleted
of their carbon reserves. Without the evidence that the stand had been browsed, SAD is
often assumed to be the culprit. Regardless of the cause, these aspen stands are
degenerating at alarming rates and rapid detection and protection from ungulates might
be the only means of saving them.

Remote Sensing Applications in Natural Resources

Although the first aerial photograph dates back to 1858, the term remote sensing
did not come into existence until 1960 (Baumann, 2001). As with many technological
advances in the field of natural resources, remote sensing was originally developed for
military purposes and culminated during the space race associated with the Cold War.
The first remote sensing efforts were limited to aerial photography, which was only
concerned with visible bands of the electromagnetic spectrum (EMS) and subsequently
near-infrared wavelengths. However, recent advances have resulted in the development
of a wide array of digital platforms (Table 2.2.) capable of recording electromagnetic
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energy in a variety of wavelengths. The Advanced Very High Resolution Radiometer
(AVHRR) has been used in various global applications, such as carbon cycling models
(Defries et al., 2000), delineating forest cover (Kharuk et. al., 2003) and mapping
ecoregions of the world (Yingchun et al., 2003). However, the spatial resolution of
AVHRR is exceedingly coarse (1 km). Moderate Resolution Imaging Spectrometer
(MODIS) imagery has recently been used in mapping global land cover (Friedl et. al.,
2002) and may have revolutionized global vegetation mapping (Hansen et. al., 2003).
MODIS captures 36 bands of data ranging from 400 to 14,385 nm (Barnes et al., 1998).
The spatial resolution is fairly coarse, ranging from 250 to 1000 m. This makes MODIS
an ideal platform for regional scale projects, covering entire countries or multiple states.
For studies involving smaller geographic extents, SPOT HRV, QuickBird, and Landsat
products may be more desirable. Landsat was the first satellite developed for the explicit
purpose of terrestrial monitoring (Cohen and Goward, 2004).
The Landsat Multispectral Scanner (MSS) and Thematic Mapper (TM) have been
used in numerous studies ranging from disturbance (Vogelmann and Rock, 1989), to land
cover mapping and land use change (Parmenter et al., 2003). Cohen and Goward (2004)
outlined three advantages of Landsat in monitoring regional spatiotemporal trends. First,
Landsat satellites have been collecting data for over 30 years, by far the longest running
time of any remote sensor. Second, the grain size (30 m for most bands) allows for the
characterization of land cover at a scale that is useful for land management. Lastly, the
Landsat TM is sensitive to critical portions of the EMS useful in vegetation monitoring
including the visible, near-infrared, and short-wave infrared. Landsat may now become
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increasingly popular due to economic and accessibility considerations as Landsat TM
data is now free to download (USGS, 2008).

Spectral vegetation indices
Spectral Vegetation Indices (SVI) are mathematical combinations of spectral
bands that can predict the occurrence of green vegetation better than individual spectral
bands (Jensen, 2006). SVI‟s are based on the contrast between the red and near-infrared
portions of the EMS as energy is reflected from leaf surfaces. SVI‟s detect the varying
amount of photosynthetically active leaf tissue on the surface of the earth and can identify
differences in phenology between different plant species (Gamon et al., 1995). The two
most widely used SVI‟s are the simple ratio (RVI; Pearson and Miller, 1972) and the
normalized difference vegetation index (NDVI; Rouse et al., 1974). The RVI can be
represented by the following equation:
RVI = RNIR / RRED

(Equation 2.1)

where: RNIR and RRED are the reflectances of near infrared (NIR) and red light.
Because the signature of green vegetation consists of low reflectance in the visible
(esp. in the blue and red bands) and very high reflectance in the NIR, most SVI‟s are
based on differences between red and NIR reflectance. The NDVI is relatively useful for
detecting vegetation in areas of moderate forest cover, but is subject to soil background
effects in more sparsely vegetated regions. The NDVI can be expressed as:
NDVI = (RNIR – RRED) / (RNIR + RRED)

(Equation 2.2)
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The Soil Adjusted Vegetation Index (SAVI; Huete and Jackson, 1998)
compensates for the soil background effect and is particularly useful in semi-desert
regions of the IMW, where soil background effects are significant sources of noise. The
SAVI uses an L factor to compensate for soil background effects as seen in the following
equation:
SAVI = (RNIR – RRED) / (RNIR + RRED + L)(1 + L)

(Equation 2.3)

The L factor compensates for varying degrees of ground cover, but is often
assumed to be 0.5.

Classification and regression tree models
Another increasingly popular statistical tool that is being used extensively in
ecology and remote sensing (Lawrence and Ripple, 2000; Lawrence and Wright, 2001) is
the classification and regression tree (CART) model (Breiman et al., 1984). The major
premise of the CART model is to divide the data into classes according to a rule set
characterized by a hierarchical tree. At each node or branch of the tree, a rule based upon
one independent data layer partitions the dependent variable into classes. The data are
recursively split at each node until ending points or terminal nodes are reached (Muñoz
and Felicísimo, 2004). Some predictor layers may be used multiple times within a tree,
while others might not be used at all. Predictor layers can include spectral data
(individual bands or SVIs), digital elevation model (DEM) derivatives (such as slope or
aspect), or any other data layer that can be projected spatially.
CART models can be utilized to classify landscapes, thereby producing map
products. They also can be used as a stand-alone multivariate statistical tool to unravel
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the complexities of interactions between distributions and environmental factors (Muñoz
and Felicísimo, 2004). Some of the advantages of using CART models are that they are
non-parametric and the data do not need to be transformed for normality, they handle
categorical data and continuous data equally well, and they are data driven and thus the
models can easily be adjusted or “tweaked”. The main disadvantages of the CART
model is when an excessive number of predictors are used, creating issues with
multicollinearity (Muñoz and Felicísimo, 2004). Additionally, using a high number of
predictors can lead to complicated trees with hundreds to thousands of nodes that can be
nearly impossible to interpret. CART also assumes a Gaussian relationship between
response and predictors, and the contribution to the response from interactions among
predictors is uniform across their range of values. These assumptions are not always
valid. Researchers often get around these issues by imposing strong model assumptions,
forcing the variables to act globally.

Using remote sensing to assess aspen cover

Various remote sensing studies of aspen involving multi-temporal classifications
have been carried out. Wolter et al., (1995) performed a multi-temporal classification
using Landsat Thematic Mapper (TM) imagery in conjunction with Multispectral Scanner
(MSS) data to successfully classify many deciduous hardwood species, including aspen.
Bergen and Dronova (2007) combined Landsat ETM data with existing ecological land
unit classifications to quantify patterns of succession in quaking aspen and bigtooth aspen
(P. grandidentata, Michx.) in Michigan. Both of these studies convey the importance of
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using species phenology in classification models. A tremendous amount of work has
been done on modeling hardwood systems of the Great Lake States (Alban et al., 1991;
Frelich and Reich, 1995; Gustafson et al., 2003). Notwithstanding, the focus of this study
is aspen systems of the IMW, where much work remains to be done in classification and
change detection.
As documented in section 2.1, aspen in the IMW has been subject to widespread
decline, therefore, novel technologies are needed to detect and monitor change in aspen
systems. The ecology of xeric aspen communities in the IMW differs significantly from
the more mesic sites common in the Great Lake States. Two GIS and remote sensing
studies have focused specifically on western aspen. Sexton et al., (2006) developed a
regression-based habitone analysis to determine areas of aspen that were susceptible to
conifer replacement in Book Cliffs of Utah. Their analysis used continuous
measurements of presence and thus, fuzzy logic to generate habitat maps. One of
findings of Sexton et al., (2006) was that aspen cover was primarily constrained by site
water balance in their study area. Water stress is indeed an important variable in the
drought-prone IMW. As climate change becomes an ever-increasing concern, it will be
important to consider changes in timing and form of precipitation, as well as temperature
in ecological predictive models. Zimmerman et al., (2007) performed a broader habitat
distribution modeling analysis. They compared predictive analyses of the distribution of
19 Utah tree species between remote-sensing based predictors alone, bioclimatic
variables alone, and combined remote-sensing and bioclimatic predictors. One
interesting finding of this study was that models of early successional and broadleaf
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species, such as aspen, benefitted immensely from the addition of remote-sensing
predictors.
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Table 2.1. Current and historical aspen cover within the Intermountain West by state
(Bartos and Campbell, 1998b).

State

Current aspen Historical aspen Decline Decline
(ha.)
(ha.)
(ha.)
(%)
Arizona
11,604
288,352
276,748
96
Colorado
444,306
875,201
430,896
49
Idaho
248,608
643,819
395,175
61
Montana
84,418
236,270
151,851
64
Nevada
47,507
no data
--New Mexico
56,091
456,671
400,580
88
Utah
571,189
1,172,274
601,084
51
Wyoming
81,586
174,584
92,998
53
Total
1,545,309
3,847,170
2,349,332
60

Table 2.2. Remote Sensing sensors commonly used in natural resources applications.

Platform/ Sensor

Spectral
Resolution
(µm)

Spatial
Resolution
(m)

Temporal
Resolution

Number of
Bands

MODIS
Landsat MSS
Landsat TM 5
NOAA/AVHRR
SPOT 5

0.4 – 14.4
0.5 – 12.6
0.45 – 2.35
0.58 – 12.5
0.5 – 1.75

250 – 1,000
80
30
1,000 +
2.5 - 20

1 – 2 days
~ 16 days
~ 16 days
1 - 2 hours
26 days

36
4
7
5
5
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Figure 2.1. An aspen stand on Cedar Mountain in advanced stages of die-off. Notice the
lack of regeneration, which may be attributed to sheep browsing. Often a myriad of
contributing factors such as cankers, rots, and insect borers are the ultimate cause of
death. Although predisposing factors, such as prolonged drought, age, and possibly
genetic predisposition, eventually severed the stands defenses.
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Figure 2.2. An aspen stand on Cedar Mountain with severe overstory decline.

Figure 2.3. Diameter-age classes in 5 cm increments for regenerating and nonregenerating aspen clones on the Burnt Flat area of the Fish Lake National Forest
(Shepperd et al., 2001). Notice the J-curved shape typical of regenerating clones and the
apparent narrow age class distribution (between 15 to 20 cm DBH) of the nonregenerating clone.
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CHAPTER 3
MODELING QUAKING ASPEN DECLINE IN SOUTHERN UTAH USING REMOTE
SENSING BASED CHANGE DETECTION

Abstract

Extensive mortality of quaking aspen (Populus tremuloides Michx.) has been
observed around Cedar Mountain located in southern Utah over the past decade, inciting
concern among land owners and natural resource managers alike. This study attempts to
clarify various spatiotemporal aspects of this aspen decline and to provide a current map
of aspen condition using multi-temporal remote sensing. The main objective was to
determine the extent of aspen coverage on the Cedar Mountain area in 1985 and to model
how aspen coverage has changed over time to the present. Binary models of dead and
live aspen were created for the years 1985, 1990, 1995, 2001, 2005, and 2008 using
classification and regression tree (CART) modeling. The six reflective bands of the
Landsat Thematic Mapper, a Brightness-Greenness-Wetness (BGW) composite, and
various topographic variables derived from digital elevation models were used as
predictor variables. After producing aspen coverage maps for the selected years, a postclassification comparison technique was used to detect change between consecutive time
periods. Furthermore, aspen coverage layers were used to produce an unsupervised
classification using ISODATA algorithm. The time series models indicated that aspen
decline followed a step-wise pattern with an overall decrease of 23.57 % in aspen cover
during a 23-year period. Accuracy assessment of the time series models showed an
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overall error ranging from 0 (2008 model) to 27.27 % (1995 model). Results of the
change detection showed considerable aspen decline occurring between 1985 and 1990
and between 1990 and 1995, with decreases of 1.38 and 1.36 % yr-1, respectively.
Negligible change in aspen cover occurred between 1995 and 2001. Aspen decline
resumed between 2001 and 2005, and between 2005 and 2008 with decreases of 1.56 and
1.99 % yr-1, respectively. The area of non-changing dead aspen was greatest during the
last two change detection periods comprising approximately 10 and 16 % of the original
aspen area, respectively, indicating permanent loss in these areas. The unsupervised
classification produced a map with 5 classes (and one “catch-all” class) portraying a
gradient of aspen mortality and/or conifer encroachment. Accuracy assessment produced
from field validation of the unsupervised classification showed an overall error of
31.11% and a Kappa Coefficient of Agreement of 0.613. Two of the aspen classes are
primary candidates for immediate restoration treatments due to the elevated mortality and
conifer encroachment.

Introduction

Known for a myriad of resource benefits and ecosystem services (Bartos and
Campbell 1998a), quaking aspen (Populus tremuloides Michx.) is the most widely
distributed deciduous tree species in North America (Little, 1971). Currently, aspen
cover is declining in many areas, particularly in the Intermountain West (IMW). A
number of hypotheses have been proposed to explain this decline, including climate
change (Romme et al., 1995), fire suppression (Houston, 1973), and browsing/grazing
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pressure by domestic livestock (Baker, 1925) or wild ungulates (Shepperd and
Fairweather, 1994). Some aspen losses are the result of successional pathways,
particularly aspen being replaced by conifers (Bartos and Campbell, 1998a; Strand et al.,
2009). Increasingly however, pure aspen stands that are largely persistent in landscape
position are declining through relatively rapid mortality or dieback at rates that elicit
concern amongst land managers (Shields and Brockheim, 1981; Hogg et al., 2002). This
problem is often compounded with a lack of regeneration, which may be indicative of
dying root systems (Shepperd et al., 2001). Worrall et al. (2008) found that 58% of the
aspen stands in their area of concern in southwestern Colorado had been impacted by
2006. In this area, aspen decline generally occurred on south facing aspects and lower
elevations (i.e. drier sites). They also noted that the suddenness and synchronicity of
aspen mortality differed from typical successional losses or prolonged declines and may
have been triggered by various factors including pathogens and insects. In addition to
disease and insects, some researchers have indicated that climate may be a major inciting
factor in aspen decline (Hogg et al., 2002; Frey et al., 2004; Rehfeldt et al., 2009). This
arouses concerns that aspen decline may be exacerbated if temperatures in North America
continue to increase and precipitation decreases, especially in areas where aspen is in the
margin of its distribution range. Nevertheless, some areas may receive higher amounts of
precipitation, which may offset the temperature increases and benefit aspen.
Aspen is considered a keystone species (Bartos, 2001) in the intermediate
elevational zones of the Rocky Mountains. The presence of aspen stands provides a
filtered light environment that is highly favorable to the growth of herbaceous and shrub
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understories. Aspen systems add a diversity of habitat for many avian and wildlife
species, allowing for greater biodiversity than would be expected in coniferous stands
alone (Mueggler, 1988). Furthermore, aspen dominated watersheds were found to have
greater potential for water yields and ground water recharge rates than their coniferous
counterpart (LaMalfa and Ryel, 2008). Therefore, the loss of aspen may lead to negative
impacts upon other species of flora and fauna, losses of biodiversity (Kay, 1997), and
loss of water resources (Gifford et al., 1984; Bartos and Campbell, 1998b) within the
region.
Aspen is a prolific seed producer (Barnes, 1966). Nevertheless, regeneration in
the semi-arid IMW occurs almost exclusively via root suckering (Schier, 1981) because
soil moisture and temperature conditions favoring seed germination and establishment are
rare in western aspen (Maini, 1968). Nevertheless, recent genetic work in aspen in both
northern and southern Utah has revealed that sexual reproduction contributes more to the
genetic diversity of aspen at the stand-level than previously assumed (Mock et al., 2008).
Unlike their seral counterpart (Shepperd, 1993), stable aspen are not generally dependent
on stand level disturbances to regenerate (Rogers et al., 2010). Many stable aspen stands
depend on episodic regeneration events throughout their lifetime (Kurzel et al., 2007)
which allow a multi-aged structure with several cohorts of trees to emerge. Western
aspen are slow growing and can live in excess of 200 years (Jones, 1967), however most
aspen live approximately 100 to 150 years (Strand et al., 2009). After the oldest cohort
of trees dies, the next oldest trees emerge as the dominant class and so on. In areas of
high browsing pressure (Kay and Bartos, 2000), younger generations of aspen suckers
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have little chance of surviving to maturity. Aspen in these areas are likely to be lost
during this century, particularly single aged stands, which are common in the current
study area (Rogers et al., 2010).
Due to the unique ecology and regeneration considerations of aspen, land
managers need a means of assessing change in aspen cover over large geographic areas to
improve understanding of landscape level processes and thereby focus their restoration
efforts. Geographic information systems (GIS) and remote sensing technologies have
offered managers a set of tools with which to perform monitoring and change detection
(Jensen, 2006). Various studies involving aspen have used remote sensing in predictive
land cover analysis (Lowry et al., 2007), to observe succession in aspen systems (Bergen
and Dronova, 2007), to predict successional rates in western aspen (Strand et al., 2009),
to differentiate deciduous species using multi-temporal imagery (Dymond et al., 2002),
and to improve habitat distribution models (Zimmermann et al., 2007).
The main goal of this study was to perform a change detection study to quantify
overstory aspen decline over time in a landscape of predominately stable aspen (Rogers
et al., 2010), using the post-classification comparison technique described by Jensen
(2006). More specifically, our objective was to use remotely sensed imagery to construct
a time series to elucidate spatiotemporal trends of aspen decline over a relatively large
geographic area. The following questions served to guide this research: (1) What
proportion of the study area (Cedar Mountain, Utah) containing aspen had intact, healthy
overstories in 1985 and how has this proportion changed over the subsequent 23 years?
(2) How much area of aspen has been lost or gained over the during this 23 year period?
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(3) What specific locations have been subjected to the most dramatic change? To address
these questions, several aspen distribution models were created using classification and
regression tree (CART) analysis (Breiman et al., 1984) and analyzed in a GIS.

Study Area

Cedar Mountain, Utah, and its surrounding areas may be prototypical of aspen
die-off (Figure 3.1.). Ohms (2003) found that many aspen stands in this area were not
regenerating at sufficient densities to ensure persistence on the landscape and that aspen
regeneration was correlated to levels of die-off. He also found that ungulates had an
adverse effect on the stands that were attempting to regenerate. Recently, various land
owners on Cedar Mountain have expressed concern over aspen decline on their properties
(Dr. D. Bartos, personal comm.). Cedar Mountain is a preferred research area and
various studies involving aspen have taken place there (see Ohms, 2003; Pettee, 2007;
Stam et al., 2008).
Cedar Mountain is located approximately 25 kilometers southeast of Cedar City,
Utah, on the Kolob Terrace formation of the Markagunt Plateau (Fig. 3.2.), a geological
formation containing extensive lava rock outcroppings (USGS Southwest Gap Analysis
Program, 2004). The study area spans approximately 272 km2 on mostly private land.
Elevation in the study area ranges from 2,458 to 3,162 m asl. The soil type is
predominately Argic Pachic Cryoborolls, fine montmorillontic fair clay loam (Bowns and
Bagley, 1986). The Kolob Terrace consists predominately of persistent aspen stands with
herbaceous and shrub understories, and extensive grassland meadows dispersed
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throughout the landscape. There are some stands of Gambel oak (Quercus gambelii,
Nutt.) principally at the lower elevations (< 2,500 m). The eastern portion and the
northwestern fringes of the study area have a significant conifer presence. Historically,
the Cedar Mountain area was exposed to an excessive livestock presence, predominately
in the form of domestic sheep (Ovis ovis, L.). Numbers of livestock present today are
believed to be a fraction of the early 20th Century levels, the plant communities
nevertheless have been altered (Bowns and Bagley, 1986). They further characterized
Cedar Mountain as containing a predominance of grasses and lacking desirable forbs and
shrubs.
The mean annual precipitation between 1971 and 2000 (Table 3.1) was
approximately 864 mm yr-1 (PRISM, 2006). Most of the precipitation was in the form of
snowfall which occurs predominately during the months of October through March.
Additionally, Cedar Mountain is subject to monsoonal storms during the late summer
months (July through September). Temperatures remain relatively cool year round. The
average mean-daily temperature ranges from -6° C in January to 13.5° C in July.

Methods

To facilitate fieldwork and subsequent image classification, aspen stands were
categorized into three distinct classes: healthy aspen = 1, damaged aspen = 2, and seral
aspen (i.e. aspen with significant conifer presence) = 3. Healthy aspen stands were
characterized as the majority of the trees (> 50 % of the stems) containing full crowns
and little to no die-off. Damaged aspen stands contained considerable crown die-back
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and many dead or dying stems (> 50 % of the stems). Seral aspen were defined as at least
25% of tree species consisting of conifers (Table 3.8).
Three distinct phases were used to model aspen decline (see schematic in Fig.
3.3.): (1) a data acquisition and preparation phase, (2) a CART analysis phase, and (3) a
change detection phase. The first phase involved preparing data tables of aspen presenceabsence data points and independent variable data by intersecting points with various
spectral and biophysical data layers (i.e. independent variables, Table 3.2) to populate
each column of the table. In the second phase, a decision tree classifier (CART) was
utilized to predict occurrence of live or dead aspen (non-aspen) on the landscape. In
these models, we assume that the spectral signature of the surrounding non-forested areas
and dead aspen are highly similar. Consequently, “dead aspen” and “non-aspen” are used
interchangeably throughout this paper. Two classes of CART models were implemented
in this project. The first model, dubbed the 1985 aspen habitat mask, was a base-line of
where aspen was likely present in 1985. The second was the time series classification
model, which predicted aspen presence-absence over five time periods. The latter set of
models used a map generated from the former model as a mask to limit the analysis area
to areas of 1985 aspen only. This mask was needed because Cedar Mountain contains
large tracts of open meadow, coniferous forests, Gambel oak and volcanic outcroppings.
Restricting the analysis area to aspen cover facilitated the change detection process. The
change detection was accomplished by combining each map in the time series with the
map of the previous time-period.
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This study assumed that aspen would not extend into other areas throughout the
23 year time frame. Aspen is known to spread into adjacent areas through recruitment
and expansion of the root system. However, expert opinion confirmed that the lack of
aspen regeneration and widespread livestock grazing on Cedar Mountain would minimize
aspen expansion (Dr. D. Bartos, personal communication). To test this assumption, the
1985 habitat mask was compared with a digitized coverage of aspen in the Cedar
Mountain study area for 2006 (Oukrop, 2010), to see if there were extensive areas of
aspen cover absent from the 1985 model occurring in 2006.
To facilitate field sampling, we extracted a random selection of points from a 900meter systematic grid that was placed over the aspen woodland cover type from the 2005
Southwest Regional Gap Analysis Program (USGS Southwest Regional Gap Analysis
Program, 2004). Each point was verified for contiguous aspen cover through visual
observation of the 2006 National Agriculture Imagery Program 1-meter Color Infrared
Orthophotography (NAIP) (Kelson, 2007a). Points not meeting a criterion of at least half
of a 90 X 90 meter contiguous area (3x3 Landsat TM pixels) as being aspen were
discarded. Field sampling was performed in July and August of 2008 to match the dates
of the remotely sensed imagery as closely as possible. Global positioning systems were
used to locate the sampling points and each point was assigned a number in the field
based on the perceived health status within a 90 X 90 m area surrounding the sampling
point. The total number of ground truth points sampled was 94, with 42, 37, and 15 plots
of healthy, damaged, and seral aspen, respectively. Seral aspen plots were not used in this
study because the spectral signature of conifers differs drastically from the aspen
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signature, and it would be difficult to differentiate between late seral aspen and pure
conifer. Furthermore, this research focused on aspen die-back within persistent aspen
stands rather than the loss of aspen due to conifer encroachment.
Obtaining non-aspen points was less laborious; non-aspen cover can easily be
discerned through aerial photo interpretation in a GIS environment. A random selection
of 250 points was created in ArcMap 9.2 (ESRI, 2006) and points were examined
visually using the 2006 NAIP (Kelson, 2007a) to determine whether it was aspen or nonaspen. In this procedure, other forested classes (i.e. coniferous forests) were not counted
as non-aspen points. Only open, non-forested areas were included in the non-aspen
category. The total number of non-aspen points was 127 (Fig. 3.4.). This non-aspen data
set was merged with the 79 aspen points making a total of 206 training points.
Satellite imagery collection involved downloading images from the USGS Global
Visualizer (USGS Global Visualizer, 2008). Landsat TM scenes from the Landsat
Science MRLC/MTBS Reflectance collection were selected because of economic
constraints and because the scenes have previously been corrected for atmospheric effects
and can be immediately used in models with minimal processing. Because these scenes
portray reflectance values, year to year comparisons can be made without further
radiometric enhancement. Before downloading, images were screened for clarity (i.e.
cloud free over the study area). Ideally, images would have been collected around a
single date during the summer. However, due to the lack of available images the
selection included any date between 26 June and 27 August. Because the most important
component being assessed was the overstory vegetation, overstory aspen must be

46
completely leafed-out in order for valid comparisons to be made. In most years, aspen
has reached peak greenness on Cedar Mountain by late June to early July. This study
assumes that any image from these time periods is sufficiently analogous for valid yearto-year comparisons.
Scenes were selected for the years of 1985, 1990, 1995, 2001, 2005, and 2008 and
were reprojected using North American Datum 1983 UTM Zone 12N at 30 m spatial
resolution. Thereafter, the reprojected images were subset to portray the limits of the
study area (Fig. 3.4.). The data gleaned from the Landsat TM scenes (USGS Global
Visualization Viewer, 2008) included six reflectance bands, and three bands from the
tassel cap transformation. The later three bands make up a composite known as the
brightness-greenness-wetness (BGW) index. The brightness layer is indicative of bare
soil, the greenness layer shows where live vegetation is prevalent, and the wetness index
highlights areas of greater soil and/or leaf moisture content.
The BGW index was used in the time series classification because it may have
been useful in picking up the mortality occurring in the study area (see Table 3.2).
Landsat TM bands 1 through 3 are known as the visible bands, sometimes known as the
photosynthetic active radiation (PAR) component of the electromagnetic spectrum.
Areas of healthy aspen are expected to have lower reflectance values in the PAR because
most of the light is absorbed by the vegetation; the opposite is true of bare areas or dead
aspen. Reflectance values in band 4, the near infrared (NIR), are high in areas of green
vegetation due to the spongy mesophyll structure present in chlorophyll. Bands 5 and 7
are the mid-infrared bands, also known as water absorbance bands. Reflectance values in
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these bands are much lower in green vegetation. Collectively, the bands of Landsat TM
comprise a signature set that can be used to classify differing forms of land cover, namely
between live aspen and dying stands of aspen.
In addition to the spectral data, topographic layers were also used in the model.
Slope, elevation, and aspect layers were derived from a 30 m digital elevation model
(Kelson, 2007b). These layers are often important in studies within the Intermountain
West, where vegetation classes are defined by the position on the landscape. North and
east facing slopes and higher elevations are expected to have higher soil moisture content
because these zones receive less direct solar radiation. The aspen on these positions have
access to more water and are therefore less vulnerable to sudden mortality than the aspen
in more drought prone locations. Additionally, a landform layer from the USGS
Southwest Gap Analysis Project that contained information on the physiographic setting
and soil moisture content (e.g. valley bottoms, very moist steep slopes, moderately dry
slopes) was acquired. This layer was used in the 1985 habitat model, but not in the time
series classification because the inclusion of this variable caused high error values in the
time series models.
Decision tree classifiers such as CART are often used in remote sensing
classification studies because they are flexible and non-parametric, and require no prior
assumptions of normality (Breiman et al., 1984). Recently, decision tree classifiers have
produced accurate results in moderate-scale mapping with Landsat TM (Lawrence and
Ripple, 2000; Lawrence and Wright, 2001; Lowry et al., 2007). In the present study,
each CART model was created using the National Land Cover Data (NLCD) mapping
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tool of Erdas Imagine to “drill” through the data layers to produce a data matrix that was
input to the data mining software, See-5 (RuleQuest, 2008) to generate the decision tree
classifier. Drilling is a process that extracts information from a set of data layers for
given geographic locations (i.e. points) in a GIS. A database table (data matrix) is
created, the first column being the dependent data layer (in this case, „aspen‟ or „nonaspen‟) and the subsequent columns are the predictor variables (i.e. slope, elevation,
spectral layers). Drilling populates this table with the information from the various data
layers at each associated point. In each model, 20% of the potential training data were
withheld for validation, pruning was turned off, and a boost of 15 was applied, except in
the case of the 1985 habitat mask in which the boost was set at 10. (The time series
models performed slightly better with a boost of 15, while the optimal number for the
habitat model was ten.) Boosting is a method of producing a more accurate prediction
rule by combining rough and moderately inaccurate rules (Schapire, 2009) from two or
more decision trees. Boosting has been shown to improve the accuracy in many landcover mapping efforts (Brown de Colstoun et al., 2003; Pal and Manther, 2003).
The 1985 habitat mask utilized 79 aspen points (healthy + damaged aspen) and
127 non-aspen points (Fig. 3.4.) as the dependent variable, to capture as well as possible
the locations where aspen might have been present on the 1985 landscape. It was
assumed that the damaged aspen points for 2008 would have been healthy in 1985. The
independent variables included the six reflectance bands of Landsat TM for 1985, slope,
elevation, aspect, and landform (Fig. 3.5.). After a suitable model was obtained, the
aspen cover was extracted to create the aspen habitat mask.
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The data points used to construct the time series models used 42 healthy aspen
points from 2008 and 68 non-aspen points. The underlying assumption to this model was
that if the aspen were alive and healthy in 2008, they would have also been live in 1985
and throughout the entire time series. The 68 non-aspen points were a subset of the
original 127 non-aspen points and contain points which were at least 50 meters from the
aspen habitat mask. The independent variables that were used in each model included the
six reflectance bands of Landsat TM for the year in question, the three bands of the BGW
index, and slope, elevation, and aspect.
The percentage of “aspen” and “non-aspen” cells extracted from the aspen habitat
map was compiled for each year in the time series to identify temporal trends in aspen
decline. Some of the metrics utilized to quantify aspen decline were hectares of live
aspen, hectares of dead aspen, percent change per time period, and cumulative percent
decrease in “live” aspen coverage. In order to deal with spatiotemporal phenomena, a
“combine” function was performed between two consecutive years of classification
layers (i.e. 1985 to 1990, 1990 to 1995, etc.) using ArcMap 9.2 (ESRI, 2006) to
determine which cells remained unchanged between the time series, and which cells
represented gains or losses in aspen coverage.
One question of critical importance that was difficult to assess was whether or not
the declining aspen stands made an attempt to regenerate. In the time series products
mentioned above, it became apparent that certain areas of aspen loss would recover in
subsequent time steps and then eventually die out again permanently. These observations
may have been due to the suckering events that accompany the death of a stand because

50
the time lapse between images (3-6 years) allowed sufficient time for the suckers to reach
a size to be recognized by the decision tree classification algorithm. Subsequently,
browsing pressure or other unknown agents, including water stress may have caused the
regenerating aspen to stagnate and thus, appear dead in subsequent time periods. To
indirectly address this question, a final classification was produced based on the number
of changes occurring over a given pixel. A secondary purpose of the final classification
was to see how well the final classification predicted aspen condition on the ground.
To produce this classification, the six time series classification maps were
“stacked” and subsequently an unsupervised classification was performed using an
Iterative Self-Organizing Data Analysis Technique (ISODATA) algorithm in Erdas
Imagine. This algorithm is a modification of the k-means clustering algorithm and works
by merging clusters if the separation distance in multispectral feature space is below a
user-specified threshold (Jensen, 2006). Generally, the ISODATA algorithm requires
numeric data as inputs. However, we used nominal data (i.e. the binary classification
from the time series) to allow the algorithm to create a matrix of six classes, based on the
number of changes that occurred over a given pixel. This unsupervised classification
resulted in six classes, which reflected the number of changes occurring over a given
pixel throughout the time series, which were assumed to relate to current aspen condition.
For example, pixels that underwent zero to one change were believed to contain healthy,
intact aspen. Areas with an intermediate number of changes (three to four) would contain
significant mortality, but not complete decadence. These areas may also have contained
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areas where aspen had died off and subsequently regenerated. Areas that had changed
five times were thought to contain very little aspen.
A validation effort was carried out in late July 2009 by generating 50 random
points over the landscape and verifying each site on the ground. Pre-defined rules were
created before the field visit to determine if the class assignment was correct, and include
the following: (1) the point had to fall within 30 meters of a stand of the defined class and
the stand had to contain at least 50 % of the given condition, (2) Class 1 (healthy aspen)
had to appear healthy with no more than 20 % dying stems, (3) Class 6 (previously
aspen) could not contain more than 20 % live stems. After the ground truth was
completed, a confusion matrix was generated.

Results

Time series models & change detection
There was a 23.6 % decrease in aspen coverage between the 1985 and 2008
models (Table 3.3). Mean decline during this 23 year study period was roughly 1% yr-1.
The rate of decline was not uniform overtime; mortality occurred in a step-wise fashion.
According to the models, there were significant declines in aspen coverage between 1985
and 1990 and between 1990 and 1995 (Figs. 3.6. and 3.7.), with decreases of 1.38 and
1.36 % yr-1, respectively (Table 3.3). There was minimal change in aspen cover between
1995 and 2001 (see Period 3 in Table 3.4), but there was some variability in the location
of “dead” pixels between the two time periods. Regeneration events might account for
some of the pixels that were counted as dead in one model and live in the following time
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period. However, this variability might have also been caused by model error. The
losses in aspen cover were greatest between 2001 and 2005 and between 2005 and 2008,
with decreases of 1.56 and 1.99 % yr-1, respectively (Table 3.3).
The results of the change detection are more instructive. By overlaying two
consecutive time periods and combining them, four classes emerge from the previous two
(Fig. 3.8., and Table 3.4). They include dead aspen no-change, aspen gains, live aspen
no-change, and aspen losses. There were several areas of the map, where live aspen
(green) pixels immerge after being previously classified as dead. However, many of
these areas of aspen died out again in the following period (red pixels) and remained dead
throughout the rest of the time series (yellow pixels). The dead aspen no-change (yellow
pixels) is the most important class for determining long term aspen mortality. This class
was fairly insignificant during the first change detection period (between1985 and 1990)
and comprised less than 5 % of the landscape (171.45 hectares, see Period 1 in Table
3.4). The other change detection periods have increasingly more area of dead aspen nochange, especially towards the end of the time series. Change detection periods 4 and 5
contained 1,198 and 1,856 hectares (10 and 16 % of the original aspen area), respectively
(Table 3.4).
The results of the comparison of the 1985 aspen habitat mask and the 2006 aspen
(Fig. 3.9.) mask suggest that the 1985 aspen habitat underestimated the extent of aspen on
the Cedar Mountain area for that year. The 2006 aspen mask was about 5.5 % larger than
the 1985 habitat mask (Table 3.5). The two masks shared 100,463 pixels, or
approximately 75% of the area in common. There were 34,425 cells in the 2006
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delineation that were unique to this model and occurred outside of the 1985 habitat mask.
However, as with the 27,432 cells that were unique to the 1985 aspen habitat mask, many
of these non-overlapping pixels occurred in areas of edge. The error around the edge
does not necessarily reflect misclassification and may simply be an artifact of where the
cell center was located. However, there were also extensive areas of non-overlapping
areas outside of the main areas of aspen cover in the 1985 aspen habitat model. While
some of this may have been recruitment occurring since 1985, the majority were probably
areas that the 1985 model failed to incorporate. Furthermore, both the 1985 and 2006
aspen masks were subject to classification error (both human and modeling error); there
were a number of healthy aspen pixels misclassified as Gambel oak in certain areas of the
study area (see lower left circle in Fig. 3.9).

Accuracy assessment of models
The 1985 aspen habitat model had an overall error of 10.91 % (Kappa Coefficient
of Agreement (Khat) 0.772). The overall error of the validation data set was 25.81 % and
the Khat was 0.195 (Table 3.6). Thus, the validation set corresponded weakly to the
model. The aspen class had both high consumer and producer errors with 75 and 50 %,
respectively. However in the random selection of the validation set, only eight aspen
points were considered and six of the eight points were misclassified. Thus, the high
errors may have been a consequence of the low numbers of aspen points. However, the
purpose of the 1985 habitat mask was merely to limit the analysis area of the time series
to where aspen was likely present in 1985. We are willing to accept the model, despite
this high estimated error rate. The mask was sufficient for the project objectives, but may
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have underestimated the original 1985 aspen coverage. Therefore, the time series models
offer a conservative estimate of the total area of aspen lost from the landscape over the
past 25 years, but is likely less sensitive to fraction lost.
The overall error of the time series models based on the validation datasets (Table
3.7) ranged between 0 % (2008, Khat 1.0) and 27.27 % (1995, Khat 0.517). The mean
overall error for all validation datasets, including 2008 was 13.64 %. The 2008
validation set did not contain errors in the validation dataset, but this does not mean that
this model is a flawless representation of reality. There were simply no misclassifications
in both the model and the validation dataset. A rigorous ground truthing effort would
undoubtedly uncover consumer errors. In essence, the boost was effective in reducing
the error. However, the 1985 and 1990 models generated classification trees that were
highly inaccurate, after 10 and 11 boosts, respectively. When a highly inaccurate tree is
generated no further trees are created. The existing trees are pooled together and the
confusion matrix is generated from those trees alone.

Unsupervised classification
The classes that agreed most readily with the post-field assessment (Fig. 3.10. and
Table 3.9.) were the “healthy aspen” (Class 1, consumer error 33.3 %, producer error
11.1 %), “healthy aspen with some mortality” (Class 2, consumer error 25 %, producer
error 0 %) and the “previously aspen” (Class 6, consumer error 21.8 %, producer error
8.3 %). Many of the Class 6 validation points were heavily encroached by conifers.
Classes 3, 4, and 5 all differed to varying degrees from the a priori assumptions. Class 3
had an unacceptably high producer error (77.8 %) partly because many of the Class 5
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points contained significant aspen mortality with heavy regeneration. Class 1 points also
had a few observations which were confused with Class 3, adding to the producer error.
Class 5 varied considerably; some of the plots were found on the edge of steep, volcanic
outcroppings, other plots were located in healthy, regenerating aspen, and others were in
heavy aspen mortality without regeneration. Therefore, this class was deemed to have
minimal interpretive value and was labeled as a “catch-all” category. Additionally, this
class only comprised approximately 4% of the aspen in the study area. The most
prominent observation gleaned from the unsupervised classification was that the classes
followed a gradient of aspen decline and/or conifer encroachment, with Class 1
containing the least amount of aspen decline and Class 6 being the most degraded and/or
conifer encroached.

Discussion

The rates of aspen decline portrayed in these time series models agree rather well
with other studies in aspen decline that have been done elsewhere in the western US.
Wirth et al. (1996) found a 45 % decline in aspen cover over 45 years in the BeaverheadDeerlodge National Forest in Montana. Di Oro et al. (2005) found that the spatial extent
of aspen decreased by 0.5 % yr-1 in northeast California between 1946 and 1994. The
stepwise pattern of decline (Fig. 3.6.) substantiates what has been observed on the Cedar
Mountain landscape (Dr. J. Bowns, personal communication). This includes many
clusters of trees dying out during the mid-1980‟s through the early 1990‟s, and another
severe period of decline that initiated during the start of the 21st Century. The spatial
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arrangement of decline did not agree between years (Fig. 3.7.) in all instances. This may
have been due to flushes of regeneration. However, understory vegetation (i.e. shrubs,
forbs, and grasses) could have influenced the spectral signature and might have caused
areas of dead aspen to be classified as live in the time period following the decline. The
models might be responding to year-to-year differences in precipitation which caused
fluctuations in the understory biomass. Nevertheless, the overarching trend indicates that
aspen has declined significantly over the past 23 years. Several areas show clusters of
dead aspen that remain over several time steps until the end in 2008. Overall, the model
has succeeded in capturing the trend of aspen decline observed on the landscape.
The unsupervised ISODATA classification yielded a map (Fig. 3.9.) that
may be of great managerial value because it portrays a greater number of classes than the
time series classification, thus allowing for prioritization of treatment areas according to
the aspen mortality class. Interestingly, although this project did not target seral aspen,
two of the classes contained a high degree of conifer encroachment. Campbell and
Bartos (2001) suggested focusing restoration treatments on areas of significant conifer
encroachment. Thus, restoration treatments in Classes 4 and 6 have the potential to
curtail the ongoing decline on Cedar Mountain. Therefore, aggressive treatments could
help to counter the losses that occurred over the study period. Nevertheless these two
classes also included areas of sudden aspen decline (in pure aspen stands) with minimal
regeneration. These areas should be low priority for restoration treatments (i.e. they are
already too far gone and unlikely to produce sufficient regeneration). Aerial
photography, such as the 2006 Color-infrared NAIP used in this project could be used to
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differentiate between areas of conifer encroachment and sudden aspen decline. In
treating the seral aspen, it would be important to focus on areas where aspen root systems
are still intact and to provide some form of protection to suckers from browsing pressure.
The encroachment in Class 6 might be too excessive for successful treatments to take
place. That would leave approximately 10 % of the aspen in need of immediate
treatment.
Class 3 contained a significant amount of mortality, but also contained some
successful regeneration. Treatments in Class 3 should be evaluated on a case-by-case
basis, giving the protection to suckers where needed. Additional information on the
sucker density is needed prior to carrying out treatments in this class. Classes 1 and 2
cannot be ignored. Although the aspen in these classes appear relatively healthy, the
aspen on Cedar Mountain are aging and many stands lack sufficient regeneration to
ensure persistence on the landscape. Classes 1 and 2 included many single age stands
with sparse regeneration that Rogers et al. (2010) observed on Cedar Mountain. Aspen
will likely be lost from these areas after the current cohort succumbs to mortality. This
mortality could occur fairly rapidly if predicted climate models are accurate. Rehfeldt et
al. (2009) modeled aspen decline using bioclimatic projections (General Circulation
Models) and predicted that aspen would decrease as much as 41 % by 2030 and as much
as 75 % by 2060, and such single cohort, mature aspen stands would likely be significant
contributors to this decline.
On a different forest within the same region as Cedar Mountain (Fish Lake
National Forest), Kay and Bartos (2000) measured aspen sucker densities within and
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without exclosures that excluded wildlife, or both livestock and wildlife. They noted that
the exclosures that excluded both livestock and wildlife had sufficient regeneration and a
multi-cohort structure and that this regeneration sprouted without any stand-replacing
disturbances or manipulations. Exclosures that excluded livestock only had significantly
lower sucker densities and a higher graminoid component likely attributed to mule deer
browsing (Odocoileus hemionus, Rafinesque). On Cedar Mountain, domestic sheep
(Ovis ovis, L.) have been the most heavily blamed culprit for aspen‟s demise. Mule deer
densities are higher than elk (Cervus elaphus, L.) densities and perhaps they are an
overlooked contributor to the lack of regeneration on Cedar Mountain. Nevertheless,
landowners who have totally excluded sheep from their premises tend to have healthier
aspen stands with multi-age structures. Therefore, an important recommendation for
restoring aspen is to reduce the number of sheep on the landscape, at least until sufficient
regeneration is established. If feasible, areas where wild ungulates are greatest should be
fenced off until suckers can reach critical heights. Lastly, areas of highly degraded
understory vegetation should be rehabilitated prior to treatment. Further exclosure
studies for Cedar Mountain are recommended to evaluate the effects of both wild and
domestic ungulates.
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Conclusion
The time series models effectively revealed spatiotemporal patterns of aspen
decline on the Cedar Mountain area. A step-wise pattern of aspen decline was uncovered
with elevated mortality occurring during the 1980‟s, early 1990‟s and a recent spike
during the beginning of the 21st century. Further work is needed on analyzing factors that
may be attributed to this trend. Additionally, work which projects the current trends into
the future would be useful to managers and landowners alike. The unsupervised
classification provides a starting point for performing restoration treatments on Cedar
Mountain. This would be a useful tool for the land manager to use in order to identify
areas that are in need of treatment to help restore aspen in this area. With the proper
training, these analyses could be applied to other areas of the Western US where aspen
mortality is prevalent.
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Table 3.1. PRISM monthly and annual climatic data for Cedar Mountain, UT (37.56248
N 113.0632 W). Precipitation and maximum and minimum mean daily temperatures
were calculated for period from 1971 through 2000 (PRISM, 2006). The spatial
resolution for this dataset was 30 arc-seconds (approx. 800 m).

Year

Jan

Feb

Mar

Apr

May

Jun

Tmax

-0.87

0.45

2.47

6.07

10.63

16.49

Tmin

-11.12

-10.82

-8.88

-6.01

-1.07

3.96

Year

Annual

Ppt

100.92

117.61

139.12

75.15

57.72

23.82

Tmax

8.39

Year

Jul

Aug

Sep

Oct

Nov

Dec

Tmin

-3.16

Tmax

19.72

18.95

14.88

9.15

3.2

-0.44

Ppt

864.03

Tmin

7.33

6.64

2.81

-2.19

-7.78

-10.8

Ppt

44.41

54.52

51.99

63.91

70.59

64.27

Table 3.2. Description of the independent variables in the CART models for the time series models and the 1985 aspen habitat
mask. The Landsat TM derived data layers are year specific, while the same topographic variables are used in each model.
Predictor
Layer

Variable or
constant Spatial
layer
resolution (m)
(V/C)

Model Utilized

Ecological Significance

Time Series

1985 Habitat

Tassel Cap Transformation
(Brightness)

V

30

Indicative of bare soils, non-vegetated areas, important in the identification of
non-aspen or dead aspen cover.

X

Tassel Cap Transformation
(Greenness)

V

30

Indicative of areas of live vegetation. Important in identifying live, healthy
aspen stands.

X

Tassel Cap Transformation
(Wetness)

V

30

Indicative of areas of high soil moisture content. Similar reflectance as the
greenness layer.

X

Landsat TM Band 1 (Blue)

V

30

Part of the photosynthetic active radiation (PAR) or visible portion of the EMS.
Very low reflectance in vegetated areas.

X

X

Landsat TM Band 2 (Green)

V

30

The portion of PAR that is most readily reflected. Nevertheless reflectance is
relatively low.

X

X

Landsat TM Band 3 (Red)

V

30

Part of the PAR. This band is often combined with band 4 (NIR) in
mathematical equations to create vegetation indices.

X

X

X

X

Landsat TM Band 4 (NIR)

V

30

The Near Infrared. The spongy mesophyll structure in chlorophyll cause this
band to be reflected. This band is often used in mathematically derived
vegetation indices.

Landsat TM Band 5 (Mid
Infrared)

V

30

Part of the EMS with a marked decrease in reflectance due to the plant moisture
content. Also known as the water absorbance band.

X

X

Landsat TM Band 7 (Mid
Infrared)

V

30

Same as Landsat TM Band 5.

X

X
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Table 3.2. cont.
Elevation

C

30

Lower elevations tend to be drier and therefore have higher rates of aspen decline.

X

X

Aspect

C

30

North to eastern aspects (0-90 & 330 -360) contain more moisture and are less
prone to aspen decline as drier aspects.

X

X

Slope

C

30

Steeper slopes have shown less aspen decline than flatter areas.

X

X

Landform

C

30

A feature class combining physiographic settings and soil moisture content.
More instructive in predicting aspen decline than elevation, aspect, or slope alone.

X
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Table 3.3. Results of aspen decline in the time series models. Change is based on the
difference between the live aspen cover of the current year and the preceding year of the
time series. Cumulative decrease in aspen coverage was approximately 23 % over a 23
year period.
Change in
aspen cover
Change (ha)
(%)

Per annum
change (%)

Cumulative
change in aspen
cover (%)

NA

NA

NA

-754.1

-6.91%

-1.38%

-6.91%

2043.09

-691.98

-6.81%

-1.36%

-13.25%

9459.39

2047.95

-4.83

-0.05%

-0.01%

-13.30%

2005

8870.04

2637.27

-589.35

-6.23%

-1.56%

-18.70%

2008

8339.22

3168.09

-530.82

-5.98%

-1.99%

-23.57%

Year

Live
aspen(ha)

Dead aspen
(ha)

1985

10910.3

597.06

0

1990

10156.2

1351.08

1995

9464.22

2001
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Table 3.4. Results of the post-classification change detection process for Cedar
Mountain. See Fig. 3.8 for spatial depiction of the time series.

Period 1 (1985 to 1990)

Period 4 (2001 to 2005)

Dynamic

Area (ha)

Dynamic

Area (ha)

Dead no-change

171.45

Dead no-change

1198.08

Aspen gains

425.61

Aspen gains

849.87

Live no-change

9730.62

Live no-change

8020.17

Aspen losses

-1179.63

Aspen losses

-1439.19

Net change

-754.02

Net change

-589.32

Period 2 (1990 to 1995)

Period 5 (2005 to 2008)

Dynamic

Area (ha)

Dynamic

Area (ha)

Dead no-change

767.07

Dead no-change

1856.16

Aspen gains

584.01

Aspen gains

781.11

Live no-change

8880.21

Live no-change

7558.11

Aspen losses

-1276.02

Aspen losses

-1311.93

Net change

-692.01

Net change

-530.82

Period 3 (1995 to 2001)
Dynamic

Area (ha)

Dead no-change

971.28

Aspen gains

1071.81

Live no-change

8387.55

Aspen losses

-1076.67

Net change

-4.86
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Table 3.5. A comparison of the 1985 aspen habitat mask (Chapter 3) and the 2006 mask
(Oukrop, 2010) derived from the 2006 Color-infrared NAIP. There were approximately
100,000 cells that were common to both masks. Much of the non-overlapping area was
due to edge effects, human error and modeling error. Nevertheless, many of the unique
cells in the 1985 aspen habitat model are cells that have lost their aspen since 1985, while
some unique cells in the 2006 NAIP model were due to aspen colonization to new areas
since 1985.
Mask
1985 aspen habitat
2006 digitized from
NAIP
Overlapping areas

Total Cells

Unique Cells

Percent overlap

127,895

27,432

79%

134,888
100,463

34,425

74%

Table 3.6. Confusion matrices for the 1985 aspen habitat model (a) and the validation
data (b). Class 0 = non-aspen (open, non-forested); Class 1 = aspen forest.
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Table 3.7. The confusion matrices for the time series classifications. These figures were
derived from the validation datasets from 20 % of withheld data in each model. The
small number of validation samples (n =22), may have influenced the unusually high
Kappa value in the 2008 model. Class 1 = dead aspen; Class 2 = live aspen.
1985 Model

2001 Model
Class

1
2
Totals
Producer error

1
12
0
12
0.0%

Class
2
3
7
10
30.0%

Consumer
Totals
Error
15
20.0%
7
0.0%
22
errors
3

Overall error
Kappa

percentage
13.64%

0.718

1990 Model

Totals
Producer error

1
11
0
11
0.0%

Overall error
Kappa

0.818

1
2

2005 Model
Class

1
2
Totals
Producer error
Overall error
Kappa

1
10
1
11
9.1%

Class
2
3
8
11
27.3%

Consumer
Totals
Error
13
23.1%
9
11.1%
22
errors
4

percentage
18.18%

0.636

1995 Model

Totals
Producer error

1
13
0
13
0.0%

Overall error
Kappa

0.703

1
2

Consumer
2
Totals
Error
3
16
18.8%
6
6
0.0%
9
22
33.3%
errors
percentage
3
13.64%

2008 Model
Class

1
1
6
2
3
Totals
9
Producer error 33.3%
Overall error
Kappa

Consumer
2
Totals
Error
2
13
15.4%
9
9
0.0%
11
22
18.2%
errors
percentage
2
9.09%

Class
2
3
10
13
23.1%

Consumer
Totals
Error
9
33.3%
10
30.0%
22
errors
6

0.516

percentage
27.27%

1
2
Totals
Producer error
Overall error
Kappa

1
13
0
13
0.0%

2
0
6
6
0.0%

Totals

Consumer
Error
13
0.0%
6
0.0%
22

errors
0
1

percentage
0.0%
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Table 3.8. Unsupervised classification classes. This unsupervised classification was
created by overlaying the 6 stages of the time series classification. Therefore, the classes
are defined by the number of times change took place over a given pixel and the resulting
classification represents a disturbance gradient (see Figure. 3.9.).
Class

Interpretation

Number of cells
/ percentage of
classes

1

Healthy aspen

71,344 / 55.8 %

2

Live aspen – minimal mortality

9,087 / 7.1 %

3

Up to 50 % mortality w/
regeneration

12,560 / 9.8 %

4

Significant mortality and/or conifer
encroachment

14,564 / 11.4 %

5

Catch-all class

4,954 /

6

Complete aspen mortality and/or
conifer encroachment

15,350 / 1.2 %

3.9 %
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Table 3.9. Confusion matrix of field validation for Isodata unsupervised classification.
Class 5 was highly unreliable as noted in the high consumer error. Class 3 had an
unusually high producer error because several of the Class 5 sites were misclassified as
Class 3. Refer to Table 3.8 for class definitions.

Class

1

2

3

4

5

6

Consumer
Totals Error

1

8

0

3

1

0

0

12

33.3%

2

1

3

0

0

0

0

4

25.0%

3

0

0

2

1

0

0

3

33.3%

4

0

0

1

5

0

1

7

28.6%

5

0

0

3

0

2

0

5

60.0%

6

0

0

0

3

0

11

14

21.4%

Totals

9

3

9

10

2

12

45

0.0%

77.8% 50.0%

0.0%

8.3%

Producer error 11.1%

errors

percentage

Overall error

14

31.11%

Kappa Coefficient of Agreement

0.613
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Figure 3.1. An aspen stand on Cedar Mountain in advanced stages of die-off. The lack
of regeneration may be attributed to ungulate browsing. Often a myriad of contributing
factors such as cankers, rots, and insect borers are the ultimate cause of death. Although
predisposing factors, such as prolonged drought, age, and possibly genetic predisposition,
eventually severed the stands defenses.
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Figure 3.2. Cedar Mountain study area, located ~25 km southeast of Cedar City, Utah
and situated on the Kolob Terrace formation.
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Figure 3.3. A schematic of the modeling process divided into three phases: 1) data
acquisition and preparation, 2) CART analysis, and 3) change detection.
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Figure 3.4. Training points for the classification models of aspen decline around Cedar
Mountain, Utah. The red points indicate the presence of live aspen, the green points are
where aspen is either absent or is dead. The area in green is the 1985 aspen habitat mask,
which was created to limit the analysis area to areas where aspen is found. Aspen is
mostly absent from the rest of the landscape.
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Figure 3.5. The independent variables data layers used in the classification models: a) the
six-band composite of Landsat TM, one image was acquired for each year of the time
series; b) the three-band brightness-greenness-wetness composite derived from Landsat
TM imagery; c) elevation; d) slope; e) aspect; and f) a landform classification showing
differences in relief, as well as differences in moisture content.
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Figure 3.6. Area of live versus dead aspen in the time series classification models. The
number above each column indicates the percentage of aspen intact within the 1985
aspen habitat mask. The 2008 model shows that only 72.5 % of the aspen cover remains
from the 1985 habitat model.
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a.

d.

Figure 3.7. Time series classification maps for years 1985 (a), 1990 (b), 1995 (c), 2001
(d), 2005 (e), and 2008 (f). Green pixels are the live aspen, while red pixels represent
dead aspen.
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Figure 3.8. Change detection maps between 1985 and 1990 (a), 1990 and 1995 (b), 1995
and 2001 (c), 2001 and 2005 (d), and 2005 and 2008 (e). The yellow pixels represent
areas of aspen that died off permanently without regeneration. The green areas appear
sporadically after previous mortality, possibly indicating regeneration attempts of the
aspen. The light blue color shows where the aspen cover type has remained largely
intact. Red pixels indicate aspen losses between two consecutive time periods.
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Figure 3.9. Comparison of the 1985 aspen habitat mask and a hand-digitized aspen mask
(Oukrop, 2010) on Cedar Mountain using 2006 color-infrared NAIP imagery. The green
pixels represent areas that are common to both masks. Yellow areas were unique to the
1985 mask and may represent areas of aspen decline during the study period. Red pixels
depict areas unique to the 2006 aspen mask and may contain some areas of aspen
recruitment since 1985. Some areas on the Cedar Mountain study area were more prone
to sampling and classification error (purple circles).
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Figure 3.10. Map of the Isodata unsupervised classification. This map depicts a gradient
of aspen condition ranging from healthy intact aspen with little (blue and green pixels) to
no dieoff to aspen with considerable mortality and/or conifer encroachment (yellow and
red classes).
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CHAPTER 4
A COMPARISON OF THE EFFECTS OF WATER STRESS ON ASPEN
DECLINE IN SOUTHERN UTAH

Abstract

Western quaking aspen (Populus tremuloides Michx.) has declined over much of
its historical range over the past century. Much of this decline has been attributed to
conifer encroachment into aspen. However, recent studies have shown exceedingly rapid
overstory decline in persistent aspen stands in the Western US. The purpose of this study
was to test whether or not water stress might be an important contributor to the observed
decline on Cedar Mountain, Utah, USA by relating rates of decline to climate and
topographic variables. Change in aspen cover was regressed against mean summer
maximum and mean winter minimum temperatures, and total summer and winter
precipitation for lag periods from 1 to 5 years. Regression analysis was performed for
single-year comparisons, 3-year averages of the climatic variables, and 3-year extremes
in of a 5-year window. The correlation of change in aspen cover to total summer
precipitation suggests that aspen decline may relate to summer drought, with aspen
decline occurring within 1-3 years following summer drought. The correlations for
change in aspen cover and total winter precipitation were highly significant in the fiveyear lag period for all three analyses, suggesting that cumulative dry winters may also be
related to aspen decline. Topographic analysis was performed by subjecting five of the
Cedar Mountain time series maps to zonal statistics using three topographic variables:
slope, elevation, and moisture index derived from aspect. The most significant predictor
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of aspen decline was elevation, which was highly significant in three of the 5 years.
Moisture index was generally higher in live aspen and slope was typically greater in the
dead aspen. Results of these two analyses support the hypothesis that water stress is an
important contributor to aspen decline on Cedar Mountain and that this mechanism has
remained relatively consistent over the time period evaluated.

Introduction

Known for its biodiversity, aesthetics, forage, and commercial timber value,
quaking aspen (Populus tremuloides Michx.) has declined over much of its historical
range in the western U.S. during the latter half of the 20th century (Wirth et al., 1996;
Bartos, 2001). Much of this decline can be attributed to conifer encroachment (Strand et
al., 2009) and linked to anthropogenically altered fire regimes (Bartos and Mueggler,
1981). Increasingly, however, a relatively new phenomenon known as sudden aspen
decline (SAD) has been blamed for widespread aspen losses along the Colorado Plateau
(Fairweather et al., 2007; Worrall et al., 2008), particularly in pure or persistent aspen
stands. SAD is defined as rapid overstory mortality coupled with minimal to no
regeneration. The demise of aspen root systems (Dr. W. Shepperd, personal
communication) is likely responsible for the paucity of regeneration in SAD stands. In
some cases of SAD, the dying stands produce abundant regeneration, via root suckering
(Schier, 1981); However, excessive browsing by native and domestic ungulates often
curtailed this regeneration (Kay and Bartos, 2000; Binkley, 2008).
SAD is thought to differ considerably from traditional successional losses (Rogers
et al., 2009) especially in synchronicity and suddenness of the mortality (Worrall et al.,
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2008). While Frey et al. (2004) offer a replete review of the agents influencing aspen
die-off, little research has been done to compare the mechanisms between long-term
aspen mortality and SAD. Nevertheless, many researchers now suspect that drought
plays a pivotal role in aspen decline (Hogg et al., 2002; Frey et al., 2004; Worrall et al.,
2008) by making the trees susceptible to diverse biotic invaders. If this hypothesis holds
true, the implications could be dire for the persistence of aspen in the face of climate
change at its lower limits or dryer sites. Rehfeldt et al. (2009) modeled future aspen
coverage given General Circulation Models (namely, SRES A2 and B1 or B2) and
showed dramatic decreases in aspen area over the 21st century.
Remote sensing and GIS models have been used to reconstruct historical aspen
decline and may offer insight on the future persistence of aspen. Wirth et al. (1996)
found a 45 % decline in aspen population over 45 years in the Beaverhead-Deerlodge
National Forest in Montana. Di Oro et al.(2005) showed that the spatial extent of aspen
decreased by 0.5 % per year in northeast California. It is worth noting that both of these
studies were similar in study area size and in the years of comparison (1947 and 1992 in
the former and 1946 and 1994 in the latter). However, study methods differed drastically
between the two studies, not to mention the differences in community structure between
landscapes in Montana and California. I conducted (see Chapter 3) a remote sensing
based change detection analysis for Cedar Mountain, Utah, USA by creating binary
models of dead and live aspen for various years using multi-temporal Landsat Thematic
Mapper (TM) imagery. I found that aspen had decreased by ca 1 % yr-1 and that decline
followed a stepwise pattern.
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This work attempts to further the landscape assessment performed by Rogers et
al. (2009), by examining physiographic and climatic factors in a spatiotemporal context.
The purpose of this study was to ascertain mechanism(s) that may be responsible for the
step-wise pattern of aspen decline as seen in our time series models and whether these
mechanism(s) have changed over the past 25 years. This study employs climatic data and
topographic data to ascertain the role that water stress plays in aspen mortality on Cedar
Mountain. We hypothesize that water stress is a contributing factor to aspen decline on
Cedar Mountain, and that this mechanism has not changed over the recent past. The
following analyses will be performed to test our hypothesis: (1) a series of regressions for
various climatic inputs and the annual percent change in aspen cover will be evaluated
over a 20year time frame and (2) evaluation of topographic variables which are
associated with moisture stress will be compared in ‘live’ and ‘dead’ aspen over various
time periods (Chapter 3).

Methods

Study area
The Cedar Mountain area is located approximately 25 km southeast of Cedar
City, Utah (Fig. 4.1.). The study area spans 275 km 2 of which approximately 50 % is (or
was in the recent past) aspen cover. Other vegetation types include coniferous forest at
the higher elevations, mainly fir (Abies spp., L.) and Douglas-fir (Pseudotsuga menziesii.
var. glauca, Fletcheri), Gambel oak (Quercus gambelii Nutt.) on the lower fringes and
open graminoid meadows dispersed throughout the study area. Aspen understory
components include shrubs, herbaceous cover, and some grasses. Many areas have been

88
subjected to long term grazing mainly by domestic sheep (Ovis aries, L.) and as a
consequence native herbaceous vegetation has been replaced by graminoid communities
and less desirable shrubs and forbs (Bowns and Bagley, 1986). Elevation ranges between
2,458 and 3,162 m asl. Precipitation averages 864 mm per year (PRISM, 2006) and the
predominate form is snow, however Cedar Mountain is also subject to monsoonal storms
during the late summer months (July through September). Temperatures remain
relatively cool year round, mean daily temperatures ranging from -11° C in January to
19° C in July (PRISM, 2006). Soil types vary between mollisols and alfisols (Mcnab and
Avers, 1994) and are of igneous origin.

Climatic data regression analysis
Monthly and annual precipitation values, maximum temperatures, and minimum
temperatures were obtained for a 2.5 min grid location on the Cedar Mountain study area
(37.56284 N, 113.0632 W, Elevation 2,780 m) (PRISM, 2006) for all months from
October 1926 through December 2008. These data did not differentiate between
precipitation types. Therefore, monthly precipitation values were aggregated for the
summer (June through September) and winter months (October through May) to serve as
a proxy for precipitation type. Additionally, snow water equivalencies (SWE) values
were acquired from the Kolob Snotel site which is located in the southwest portion of the
Cedar Mountain study area (37.530 N, 113.05 W, Elevation 2,806 m) from 1984 to 2008
(USDA Natural Resources Conservation Service, 2009). Minimum monthly winter
temperatures were averaged for the coldest five months of the year (November through
March) and maximum monthly summer temperatures were averaged for the hottest three
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months (June through August). Each precipitation and temperature dataset (PRISM,
2006) was run through regression analysis to ascertain whether or not these variables
changed over time.
The effects of water stress may not be readily apparent immediately following a
given period of drought. It may be several years after the extreme climatic event (or
stressful season) that mortality occurs (Dr. D. Bartos, personal communication).
Therefore, one to five year lag periods were plotted against change in aspen cover for the
following time periods: one year prior to the observed decline (referred to hereafter as
single year comparisons), the mean of three years prior to the observed decline, and the
three most extreme years during a five year window prior to the observed decline.
Extreme years were defined as the lowest winter mean minimum temperatures and total
precipitation values, and the greatest mean summer maximum temperatures. Regression
analyses were performed using percent change in aspen cover as the dependent variable
(Table 4.1) and mean minimum winter temperatures, mean summer maximum
temperatures, and total summer and total winter precipitation as the independent variable.
Because only five change periods were available, an α-value of 0.1 was used to determine
statistical significance in the climatic regression analysis. All other analyses in this study
used α-values of 0.05.
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GIS analysis
To ascertain whether the aspen mortality observed on Cedar Mountain was an ongoing process or a more recent phenomenon (i.e. SAD), identifying the mechanism(s)
responsible for the decline was imperative. If water stress was one of the responsible
mechanisms, it can be reasonably assumed that topographic position on the landscape
(i.e. slope, elevation, and aspect) would be significantly different between live and dead
aspen stands. Harsher environmental sites (lower elevations and southern to western
slope aspects) should contain more of the dead aspen, whereas more mesic sites (higher
elevation and northern aspects) should be more predictive of live aspen. Moreover, our
goal was to ascertain whether (or not) the mechanism(s) responsible for aspen decline
had changed over the past 20-25 years. The time series classification in Chapter 3
contains six time periods depicting where live and dead aspen are found on the landscape
for each time period. The objective of the GIS analysis was to perform zonal statistics
for slope, elevation, and aspect for each time period and test whether or not these
variables differ between live and dead aspen. It is possible that earlier models from the
time series were heavily influenced by topographic variables, whereas later models were
influenced less so because the current aspen decline might be occurring more evenly
across the landscape (i.e. in mesic sites as well as xeric sites). On the other hand, perhaps
the factors affecting aspen decline have not changed appreciably over the last 20 years.
Additionally, other endogenous factors such as soil type might play a more significant
role than the topographic variables tested below.
To accomplish this objective, a series of 10 X 10 m digital elevation models
(DEM; Kelson, 2007) were mosaicked, and a subset was created for the Cedar Mountain
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study area using the 1983 North American Datum (NAD), Universal Transverse Mercator
(UTM) projection (Zone 12N). This DEM was used to produce slope and aspect
coverages of the Cedar Mountain study area (Fig. 4.2.). The aspect coverage was
modified to allow averaging between northerly aspects by performing a transformation
using the following equation:
MI = (1 + COS(aspect – 30))/2

(Equation 4.1)

This equation transformed the aspect data to a moisture index (MI) ranging from 0 to 1,
with 0 representing dry aspects (i.e. 210° slope aspects) and 1 representing wet conditions
(i.e. 30° slope aspects).
Time series classification images (Chapter 3) were vectorized and a stratified
selection of 50 points were randomly generated in both live and dead aspen cover for
each year of the time series, beginning with the 1990 map. Thereafter, a buffer zone of
0.2 ha was created around each point. It became apparent that in many instances, the
buffer zone fell outside of aspen health class associated with the point. Therefore, an
intersect function was implemented to ensure that the buffer zones only contained the
corresponding classification. In some cases, this procedure divided the buffer zone into
two or more segments. For the purpose of simplified statistical analysis, sample size
needed to remain equal between classes. Therefore, the buffer zone section containing
the largest area was retained for each point. Thereafter, zonal statistics were calculated
for elevation, slope, and MI (transformed aspect) for each polygon. Data tables were
exported for each year’s data and paired t-tests assuming unequal variances were
performed. Furthermore, a GLIMMIX procedure analyzing the fixed effects of year and

92
aspen condition (i.e. live or dead) was performed using SAS (2008). Data were checked
for normality and hetereoscedasticity.

Results

Climatic data were inspected for long term trends (Figs. 4.3. and 4.4.) to verify if
the current trends are within the historical range of variability. Regression analysis
shows that change in winter and summer precipitation has been negligible over the past
83 years. There have been notable droughts during the 1930’s and throughout the 1950’s
and 1960’s. The driest winter that occurred during this period was in 2002. By contrast
extreme temperatures for summer and winter show nearly significant and highly
significant increases over time, respectively (Appendix A, Fig. 4.a and 4.b). The slope
for the regression line for average winter minimum temperatures is nearly twice as steep
as the slope for the regression line for average summer maximum temperatures and was
highly significant (P = 0.00146) (Fig. 4.4). Average minimum winter temperatures
increased by approximately 1.6° C over the 83 years.

Snow water equivalencies
An initial inspection of the precipitation data suggests a correlation between
percent change in aspen cover and precipitation data (Figs. 4.5. and 4.6.). Snow water
equivalencies (SWE’s) are a basic measure of the amount of water available stored in a
given area of snow pack and is measured in units of length (mm). SWE’s are important
in forest health because if trees do not have sufficient water reserves at the beginning of
the summer, they are more susceptible to cavitation and subsequent biological invasions
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when conditions become hotter and drier during the summer. SWE data from the Kolob
Snotel site (USDA Natural Resources Conservation Service, 2009) suggest that there is a
lag period between the precipitation events and the observed die-off and that
cumulatively dry winters contributed to this occurrence. The decline in aspen cover in
1990 was preceded by two extremely dry back-to-back winters (Fig. 4.5.). Similarly,
three cumulatively dry winters (2002-2004) including one of the driest on record (2002)
may have ushered in the decrease in aspen cover in 2005. Nevertheless, dry winters only
account for two of the observed decline periods. Summer precipitation was exceedingly
low for several cumulative years prior to the observed decline of 1995 (Fig. 4.6.) and
summer precipitation may have also contributed to the drop in aspen cover of 2005. The
lack of precipitation is not exclusively responsible for these reductions. Aspen stands
will probably be more susceptible to mortality if the effects of scant precipitation are
combined with extreme summer maximum temperatures. The combined effects of dry
winters followed by droughty summers would likely have an effect on the trees, as well.

Climatic regression analysis
The results of the single-year comparisons (Figs. 4.7. and 4.8.) performed as well
as three year average values and the three year extremes (Appendix B, Figs. 1.a, 1.b, 2.a,
and 2.b) in the correlation analysis of summer maximum and winter minimum
temperatures. However, summer maximum temperatures did not show a strong
correlation to change in aspen cover. Observed aspen decline was most responsive to a
five-year lag period in summer maximum temperatures in all analyses (single year
comparison as well as three year averages and three year extreme values). The regression
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for the single year comparison was not statistically significant (P =0.1185), but had the
steepest slope and R2 (0.61) out of all the lag periods for summer maximum temperatures
(Fig. 4.7.). Percent decline in aspen cover corresponded more readily to extreme winter
temperatures (Fig. 4.8) than extreme summer temperatures because the one-year lag had
the steepest slope and highest R2 (0.58). This trend was observed in all analyses except
for the three-year averages of winter temperatures where the three year lag period had a
higher R2 than the one year lag period (Appendix B, Fig. 1.b) with values of 0.35 and
0.29, respectively.
In general, the single year comparisons showed similar trends as the comparisons
of the averaged values with respect to summer and winter precipitation. The three year
averages (Appendix B, Figs. 1.c and 1.d) were significant for one year lag periods in
summer precipitation (P = 0.0826) and five year lag periods for winter precipitation (P =
0.062). The single year comparison for summer precipitation (Fig. 4.9.) was significant
for both three and one year lag periods (P= 0.0386 and 0.0558, respectively. Five year
lags of winter precipitation were significant for all analyses (P<0.1). The single year
comparison for winter precipitation was again significant for the five year lag period
(P=0.0222). Nevertheless, the other lag periods in the single year comparison were quite
variable (Fig. 4.10.). The four year lag period showed a near significant (P=0.1087)
counter intuitive relationship and the one year lag period showed this same trend
(P=0.3875). The three year extreme values (Fig. 4.11.) for winter precipitation showed
more congruent results, with observable trends for two year through five year lag periods.
Again, the five year lag period was the only period with statistical significance
(P=0.0823), and the R2 values ranged between 0.21 and 0.69. It appears that
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cumulatively dry winters may have a visible affect on the overstory aspen mortality.
Interestingly, the strongest relationship was for the 5-year lag period, which includes the
averages for the driest winter between six and ten years previous to the observed aspen
decline.

Results of zonal statistics
In every year except 2008, at least one of the biophysical factors showed
significant differences between the dead and live aspen (Table 4.2, and Fig. 4.12.) in the
zonal statistical analysis. In the 1990 model, only the MI was significant, with dead
aspen measuring 0.51± 0.327 and live aspen 0.66 ± 0.295 (P = 0.02). In the 1995 model
both MI and elevation were statistically significantly higher in the live aspen polygons
(P=0.005 and < 0.001, respectively, Table 4.2). In 2001, the slope was significantly
higher in the dead aspen (P = 0.041) and the elevation was significantly higher in the live
aspen (P = 0.042). No differences (P>0.05) in MI was found between live and dead
aspen polygons in 2001. Slope and elevation were significantly different between live
and dead polygons in the 2005 model (P=0.0025 and < 0.001, respectively), and MI
approached significance (P = 0.056), with values of 0.46 ± 0.34 in the dead polygons and
0.59 ± 0.34 in the live polygons. Interestingly, none of the measured biophysical
parameters were significant in the 2008 model, although, the aspect (MI) and slope
followed the same trend with higher slope values in the dead polygons and higher MI
values in the live aspen.
The trends seen in the MI on Cedar Mountain suggest that mortality generally
occurs on the drier landscape positions. If the anomalous year of 2001 is removed from
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the analysis, the mean MI for the live polygons increases from 0.595 to 0.615 and the
mean MI of dead polygons decrease from 0.506 to 0.484. The mean difference with all
years is 0.089, and that figure increases to 0.131 when the 2001 data are removed. An
MI of 0.615 corresponds to an aspect of 107° or a ESE orientation and 313° or a NW
orientation. An MI of 0.484 corresponds to an aspect of 122° or a SE orientation and
301° or a WNW orientation. Again these differences may seem trivial, but they are
merely averages. Therefore, some of the dead polygons are found in less stressful
landscape positions, while some of the live polygons are found in the more southerly and
drier positions on the landscape. The general tendency is that live polygons were found
on more northern and eastern aspects and the dead polygons were found on relatively
more southern positions.
The residual plots showed that the data were not normally distributed. While a
transformation might have been useful in one or more of the datasets, the transformation
would not have significantly altered the outcome (Dr. D. Turner, personal
communication). The statistical significance would not have changed for any of the
variables in the Type III Fixed Effects test (Table 4.3) whether the data were transformed
or not. The only test that might have been different was the interaction factor between
aspen condition and year for MI.
Similar to the t-test results from above, the Type III Fixed Effects Test of the
GLIMMIX procedure showed that aspen condition (live or dead) was highly significant
for each of the topographic variables analyzed (Table 4.3). Furthermore, the interactions
for aspen condition and year approached significance (P = 0.0535) for MI and was highly
significant for elevation (P = 0.0069). The interaction plots (Fig. 4.13.) for the MI show
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quite a bit of variability for both live and dead aspen. While MI is highly significant in
the first two time periods for live aspen, this relationship does not exist in 2001, however,
it does reappear in 2005. It appears a weak relationship exists between time and MI, and
therefore, may impact aspen survival.
Conversely, there seems to be less variability in the year-aspen condition
interaction for elevation. Elevation has averaged consistently higher in the live aspen
stands than in the dead aspen stands. Nonetheless, neither the 1990 data nor 2008 data
showed significant differences between dead and live stands. This occurrence may be
due to the narrow elevational gradient on Cedar Mountain; most of the aspen are found
between 2,500 and 2,800 m asl. More plausibly, the significant interaction might be due
to different climate regimes among periods of change; some seasons show a greater affect
than others (Chapter 3). One would expect an elevation–year interaction especially
during the years of minimal aspen decline. The mean elevation appears to have increased
in the healthy aspen and decreased in dead aspen, except for 2001- a time with minimal
change in aspen cover, over time. It is possible, that the reconvergence of elevation
averages in healthy and dead aspen that occurred at the end of the time series (Fig. 4.13
b.) is an artifact of aspen decline being more prevalent at higher elevations during the 21st
century. Over the last 25 years, aspen decline may have occurred at lower elevations on
dryer sites initially, and then more frequently at higher elevations at the end of the time
period.
The least square means from the GLIMMIX procedure (Table 4.4) indicate that
the mean elevation over all time periods averaged approximately 2,683 m asl in the dead
aspen and 2,731 m asl in the live aspen. The mean slope in the dead aspen was 23.6 %,
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while the mean slope for live aspen was 19.5 %. The MI for the dead aspen had a mean
of 0.506, while the MI for the live aspen was 0.595.

Discussion

Climatic data analysis
In the context of the last 83 years of empirical climatic data, recent drought
periods do not seem quite as anomalous, especially winter precipitation. There have been
many years that approach the record dry winter of 2002. Several times during the 1950’s
through the 1970’s, winter precipitation fell below 400 mm. Conversely, the past 25
years have seen many cumulative dry summers ranging between 3 to 5 years. Earlier in
the 20th century, there were also more extreme dry summers, but very few cumulatively
dry summers (see Fig. 4.3.). The 1940’s and the 1970’s and early 1980’s saw several
seasons in which summer precipitation fell below 100 mm. It would be interesting to
widen the study time period to include the period of the 1970’s. Possibly, these drought
periods provoked other undocumented periods of aspen decline, triggering the demise of
the oldest trees on the landscape at the time. However, previously there may have been a
sufficiently diverse stand structure throughout the landscape (i.e., a large component of
young trees) to allow persistence of the stands until recent times. After the mortality of
the oldest cohorts, the next younger surviving trees became the dominate and codominate classes. Today, the dominant and co-dominant aspen trees on Cedar Mountain
which originated in the early 20th century (Rogers et al., 2009), are too often the only
cohort remaining within the aspen stands. Therefore, further aspen declines may lead to
widespread loss of aspen over the landscape.

99
Mean minimum winter temperatures have significantly increased by ~ 1.6°C over
the 20th century or at least for the 83 years evaluated in this study. This winter warming
trend could be causing winter snow pack to melt faster thus, causing less water to be
available during the summer growing season. The warmer temperatures could also give
an advantage to biotic agents that attack water stressed trees. Logan and Powell (2001)
suggested that relatively mild winter temperatures have allowed the mountain pine beetle
(Dendroctonus ponderosae Hopkins) to pose a serious threat to high elevation whitebark
pine forests (Pinus albicaulis Englemann). It is possible that higher winter minimum
temperatures are also allowing pathogens and/or insects to gain greater access to the
failing aspen, especially at transition times (earlier in the spring and later in the fall).
Seasonal extreme temperatures (both maximum and minimum averages) appear to
have less influence on aspen decline. Further research that investigates the combined
effects of temperature and precipitation, especially the effects of winter precipitation and
the following summer temperatures is needed. In our study, seasonal precipitation
appeared to cause a much greater response in loss of aspen cover. Interestingly, aspen
cover appeared to decline shortly after dry summers. This trend is apparent in the one
year lag periods in the three year average summer precipitation (Appendix B, Fig. 1.d).
The single year comparisons support this result, as both one year and three year lag
periods were highly significant (Fig. 4.9.). The suddenness of this response was greater
than was expected. In contrast, there were considerable lags in the decline in aspen cover
following low winter precipitation. The single year and three year average were only
significant in the 5-year lag period. The three year extremes also contribute to this
finding. The 5-year lag period included the driest three years anytime between 6 and 10
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years before the observed decline. It is possible dry winter period during the years of
1984, 1987, and 1989 (see Fig. 4.6.) contributed to the decrease in aspen cover of 1995.
It must be noted that the satellite images from 1991 to 1994 were not usable for analysis
due to cloud cover or lack of clarity. Therefore, the decrease may have occurred before
1995, but it was not recognized until this year. Similarly, the dry winters of 1996, 1999,
2000 and possibly the record dry winter of 2002 (see Fig. 4.6.) may have contributed to
the decrease in aspen cover of 2005.

Zonal statistical analysis
Every year in the time series contained topographic variables that were
significantly different between the live and dead aspen polygons with the exception of
2008. It is possible the lack of statistically significant variables in 2008 was an artifact of
the random sampling and not because of marginal differences between live and dead
aspen sites in the current landscape. Interestingly, elevation was the most highly
significant variable. In three of the five years, the live aspen contained significantly
higher elevations than the dead aspen. While the average elevation (Table 4.4) of live
and dead aspen (2,731 and 2,683 m, respectively) does not seem like much of a
difference, it must be noted that in the two non-significant years (1990 and 2008), the
mean elevation in the live aspen was considerably lower. By excluding the two nonsignificant years the elevational difference between live and dead aspen increased from
48 to 76 m. Nevertheless, even a difference of 76 m in elevation still seems trivial.
Worrall et al. (2008) found that the difference between live and dead aspen in three of the
four National Forests in their study area in western Colorado averaged between 115 and
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202 m. In one of the National Forests they found no difference in elevation between live
and dead aspen. Nevertheless, the Cedar Mountain study area is located on a terrace and
most of the aspen is located within a relatively narrow elevational band (~ 2,500 to 2,800
m asl), therefore the difference between live and dead aspen may be smaller than areas
with more relief. Rogers et al. (2009) noted that healthy aspen were generally associated
with higher elevations, but the lower elevation contained greater variability with respect
to aspen health.
Interestingly, steeper slopes were associated with aspen mortality in most years of
the study period. This result differs from the findings of Worrall et al. (2008) on the San
Juan Range. They found that healthier stands were generally found on steeper landscape
positions and the mortality occurred on moderate slopes with greater frequency. Perhaps
other factors, such as soils and geology could explain the variation better than slope. It
must be noted that the San Juan Range contains a much wider elevational gradient than
Cedar Mountain. Rogers et al. (2009) suggested that the lack of explanatory power in
slope and elevation in his study on Cedar Mountain was due to the narrow range of such
factors.

Conclusion

Water stress appears to be a contributing factor to the increased mortality over the
past 25 years on Cedar Mountain. Changes in maximum summer temperatures have been
negligible over the past century and appear to have little correlation to the aspen decline.
Winter minimum temperatures have increased significantly over the past 83 years and
may predispose trees to drought stress during the summer months. Both summer and
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winter precipitation correlated weekly to percent aspen decline. The response was fairly
rapid in summer precipitation, with aspen decline occurring within one to three years
after the drought period. There was a considerable longer lag time between winter
drought and the observed decline (> 5 years). Also, the topographic analysis of the time
series (Chapter 3) indicated that dead aspen occurred on harsher landscape positions such
as lower elevations and south facing slopes, while healthy aspen was found at higher
elevations and east to north facing slopes. Both of the analyses done in this study did not
provide strong evidence of water stress being the most significant cause to aspen decline.
However, in conjunction, both analyses showed that water stress is an important
component in a highly complex system of feedbacks and other contributing factors.
Nevertheless, if the aspen on Cedar Mountain contained greater stand structure diversity,
the overstory mortality would likely be less of an issue. There would be younger cohorts
to replace the dying overstory. In essence, drought may exacerbate aspen decline, but the
stand structure (or lack thereof) may be more important to the persistence of aspen the
Cedar Mountain landscape (Rogers et al., 2010). Many other endogenous (soils, geology,
biotic factors) and exogenous (land use history, disturbance regimes) factors also may
have contributed to the aspen decline.
Furthermore, this study suggests that aspen mortality responds to water stress and
this mechanism has been relatively constant over the past 23 years, at least with respect to
decline in persistent aspen. Further research is needed to determine how to best restore
stand structure to the aging stands on Cedar Mountain.
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Table 4.1. Change in aspen cover, according to time series classification from Evans
(2010, Chapter 3) for five change periods. Note the cover change is expressed on an
annual basis. These values were used as the dependent variable in regression analyses
involving empirical climatic variables.

YEAR

Live aspen cover (ha)

Aspen Cover Change
(%yr-1)

1985

10910.3

---

1990

10156.2

-1.38%

1995

9464.22

-1.36%

2001

9459.39

-0.01%

2005

8870.04

-1.56%

2008

8339.22

-1.99%

Table 4.2. Topographic zonal statistics for dead and live aspen polygons (± 1 SD). The number of statistically significant cases
between dead and live polygons suggests a greater frequency of aspen mortality over the past 25 years occurred on more drought
prone sites over the landscape.
Zonal Statistics of Dead Aspen Polygons

Zonal Statistics of Live Aspen Polygons

Topographic Variables

Topographic Variables

Year

Moisture Index

Slope (%)

Elevation (m asl)

Moisture Index

Slope (%)

Elevation (m asl)

1990

0.51 ± 0.327*

21.3 ± 15.5

2703 ± 105

0.66 ± 0.295

20.0 ± 13.6

2715 ± 107

1995

0.478 ± 0.320*

23.1 ± 14.2

2654 ± 108†

0.653 ± 0.299

18.9 ± 15.5

2740 ± 116

2001

0.599 ± 0.297

25.14 ± 16.07*

2697 ± 143*

0.522 ± 0.332

19.67 ± 11.8

2747 ± 109

2005

0.46 ± 0.340

26.83 ± 13.9*

2657 ± 132†

0.59 ± 0.340

18.56 ± 12.7

2748 ± 83

2008

0.49 ± 0.340

21.1 ± 10.0

2707 ± 122

0.56 ± 0.340

20.29 ± 11.8

2702 ± 99

* Statistically significant at P < 0.05.
† Statistically significant at P < 0.001 level.
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Table 4.3. Results of GLIMMEX procedure analyzing the mixed effects of year
(representing end of change periods) and aspen condition (live or dead). In all three
topographic analyses the aspen condition was highly statistically significant. The
interaction between year and aspen condition is nearly significant for the moisture index
and highly significant for elevation.
Type III Tests of Fixed Effects for Moisture Index
Effect

Num DF

Den DF

F Value

Pr > F

Year

4

490

0.66

0.6212

ASPEN

1

490

9.44

0.0022

Year*ASPEN

4

490

2.35

0.0535

Type III Tests of Fixed Effects for Slope
Effect

Num DF

Den DF

F Value

Pr > F

Year

4

490

0.57

0.6851

ASPEN

1

490

11.16

0.0009

Year*ASPEN

4

490

1.32

0.2609

Type III Tests of Fixed Effects for Elevation
Effect

Num DF

Den DF

F Value

Pr > F

Year

4

490

0.60

0.6661

ASPEN

1

490

22.00

0.0001

Year*ASPEN

4

490

3.58

0.0069
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Table 4.4. Least square means of aspen condition for each of the topographic
variables.

ASPEN Least Squares Means for Elevation
ASPEN

Estimate

Standard
Error

DF

t Value

Pr > |t|

0

2682.93

7.2

490

373.82

0.0001

1

2730.51

7.2

490

380.45

0.0001

ASPEN Least Squares Means for Slope

ASPEN

Estimate

Standard
Error

DF

t Value

Pr > |t|

0

23.57

0.86

490

27.34

0.0001

1

19.49

0.86

490

22.61

0.0001

ASPEN Least Squares Means for Moisture Index

ASPEN

Estimate

Standard
Error

DF

t Value

Pr > |t|

0

0.5062

0.02043

490

24.77

0.0001

1

0.5950

0.02043

490

29.12

0.0001

109

Figure 4.1. Cedar Mountain study area located south of Cedar City, Utah. The aspen
habitat mask was created using Landsat TM imagery and depicts where aspen was
likely present in 1985.
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Figure 4.2. The digital elevation model (DEM) layers used in the project: slope (a),
elevation (b), and aspect (c). Aspect was transformed to a moisture index (MI) so that
northern aspects (eg.10° and 340°) could be averaged. The moisture index ranged
between 0 and 1, with 0 representing dryer conditions (i.e. 210°) and 1 representing
wetter conditions (i.e. 30°).

Figure 4.3. Total summer and winter precipitation on Cedar Mountain, Utah over the past 80 years, was estimated using PRISM
(2006) climate data. Both summer (June-Sept) and winter (October-May) show negligible increases (but not significant) in the
amount of precipitation. The drought in the early 21st Century does not look quite so anomalous when viewed over a longer time
span.
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Figure 4.4. Mean summer maximum and mean winter minimum temperatures on Cedar Mountain, Utah over the past 80 years, as
estimated by the PRISM (2006) climate group. Average summer maximum temps (June-August) show a slight upward trend (nearly
significant). Average winter minimums (November-March) have increased significantly over time (P = .00146).
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Figure 4.5. Snow water equivalencies (SWE) measured at the Kolob Snotel site (USDA Natural Resources Conservation Service,
2009) within the Cedar Mountain study area. Measurements were taken on the 1st day of the month for months of January through
May. SWE values are measures of the snow pack available moisture for a given site.
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Figure 4.6. The relationship between both summer and winter precipitation levels and timing of decline of aspen cover. Snow pack
(SWE values, see Figure 4.3) correspond to the decline observed between 1985 and 1990. Cumulative droughty summers may have
corresponded to mortality between 1990 and 1995. A combination of both low winter precipitation and summer precipitation values
preceded the decline of 2005.
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Figure 4.7. Change in aspen cover (y-axis) as related to summer mean maximum temperatures (mean of daily high temperatures
in June through August) lagged one to five years before the observed decline.
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Figure 4.8. Change in aspen cover (y-axis) as related to mean winter minimum temperatures (mean of daily low temperatures in
November through March) lagged one to five years before the observed decline. A weak correlation may exist between prolonged
low winter temperatures and loss of aspen cover in the following summer.
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Figure 4.9. Change in aspen cover (y-axis) as related to the total summer precipitation (sum of precipitation from June through
September) lagged one to five years before the observed decline. One through three year lag periods appear to correspond to
change in aspen cover.
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Figure 4.10. Change in aspen cover (y-axis) as related to total winter precipitation (sum of precipitation from October through
May) lagged one to five years before the observed decline. The lag time between winter drought and observed aspen decline
appears to be considerably longer than lag time between summer drought and observed aspen decline (Figure 4.9).
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Figure 4.11. Change in aspen cover (y-axis) as related to the average of the driest three years of total winter precipitation during a
five-year window, lagged one to five years before the observed decline. This analysis performed better than the single year
comparisons (Figure 4.10) and the three and five year averages (Appendix B, Figure 1c). A trend is seen with lag periods of two
to five years. This suggests cumulative dry winters, as earlier as 5 to 10 years beforehand, may contribute to aspen mortality.
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Figure 4.12. Box plots from the zonal statistic analysis which compared (a) moisture
index (MI), (b) slope (%), and(c) elevation by aspen status and year. The 0 or 1 that
precedes the year in the x-axis refers to the aspen health status, with 0 meaning “dead”
aspen and 1 as “live” aspen. The dark line in the middle of the notch represents the
median value. Non-overlapping notches between years generally indicate statistical
significance.
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(a)

(b)

Figure 4.13. Interaction plots for moisture index (MI) (a) and elevation (b). Counterintuitively, the MI in 2001 was higher for the dead aspen than the live ones. The
interaction term of aspen condition and year was highly significant (P = 0.0069). There
is evidence that aspen decline was related to seasonal differences (timing) and elevation.
Current aspen decline may be occurring more evenly across environmental space than
previously considered, as noted by the convergence of the mean elevations in 2008.
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CHAPTER 5
SYNTHESIS OF STUDY RESULTS AND MANAGEMENT IMPLICATIONS

Cedar Mountain is a landscape that contains a wide range of variability in
aspen stand health. Aspen in the Cedar Mountain area can be found in highly decadent
states with complete or nearly complete overstory mortality coupled with scant
regeneration or regeneration that has been continually repressed due to ungulate
browsing. The unsupervised classification from this study (Chapter 3) showed that about
ten percent of the mature aspen on Cedar Mountain consisted of recent mortality with
abundant regeneration. After visiting some of these sites, it became apparent that while
the signature of declining stands was quite accurate, the regeneration varied. If only half
of these declining aspen stands had sufficient regeneration to ensure further persistence of
aspen on the landscape, the future of aspen on Cedar Mountain indeed seems dire. Other
areas on the Cedar Mountain area have vibrant healthy stands with a diverse stand
structure including abundant regeneration that has escaped herbivory. Some of these
areas with healthy stand structure have been subjected to livestock grazing, most notably
with domestic sheep (Chad Reid, personal communication). For unknown reasons, the
sheep have minimally impacted the suckers in these stands and the aspen continue to
thrive in these areas. Some unknown agent (e.g. genetics, palatability, secondary
compounds, etc.) has allowed the aspen to flourish, even in the presence of large sheep
numbers. On sites on Cedar Mountain that have been managed in a way that excludes
sheep, the aspen generally have healthy stand structure with abundant regeneration.
Unfortunately, areas of healthy, regenerating aspen are relatively rare on the landscape.
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Much of the persistent aspen on Cedar Mountain lacks diverse stand structure and
regeneration is often missing or is suspected of being suppressed by sheep and native
ungulate browsing. Even in the wide expanses of mature aspen that has remained intact
over the past 25 years, very little regeneration is apparent. Therefore, further research on
the impact of wildlife and livestock using exclosures may be useful in determining the
affect that current management practices incur upon aspen stand structure.
Drier sites on the landscape appear to be more susceptible to decline than mesic
sites. Therefore, while single cohort stands are likely to continue to deteriorate, this will
likely be more rapid on south facing aspects, steeper slopes, and at lower elevations. And
if climate becomes warmer, even the mesic landscape positions may also be affected.
Rehfeldt et al. (2009) modeled future aspen presence and absences using Forest Inventory
and Analysis data and two scenarios from widely used Generalized Circulation Models
(SRES A2 and B1 or B2). As expected, the three variables that were found to have
greatest importance in the model all related to climate, namely: an annual dryness index,
ratio of summer to annual precipitation, and an interaction between growing season
precipitation and the summer-winter temperature differential. Even the most
conservative scenario showed drastic reduction in aspen cover during the 21st Century.
Therefore, with or without intervention, aspen is likely to disappear from marginal sites
of its range during the next 50 to 100 years. Nevertheless, management intervention may
be able to preserve the many benefits associated with aspen in less vulnerable areas of
persistent aspen cover.
The time series study of this thesis suggested that aspen has decreased at about 1
% yr-1 over the 23 year study period. Because of the high percentage of aspen stands on
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the landscape that contains relatively few cohorts (i.e. lacking stand structure
diversity) in the persistent aspen, this trend of decline may continue to decrease the aspen
component on the Cedar Mountain landscape. As the aspen continue to age, aspen
decline may increase dramatically. This study has shown that the timing of drought
events correlate to aspen decline. Decline in aspen cover is more responsive to summer
drought because of the 1 to 3 year lag period between low summer precipitation and the
observed decline (Chapter 4). The lag time between winter drought and observed aspen
decline was about twice as long (5 to 10 years) as the lag between summer drought and
decline. Nevertheless, it must be understood that the drought periods during the last 25
years have not been more severe or prolonged than other periods since 1926. While
climate is probably a major driver of aspen decline, it may be the current stand structure
that makes the trees especially susceptible. Previous periods of drought may have also
contributed to widespread mortality. The results of this study and expert opinion
suggests that aspen decline on Cedar Mountain has been occurring for at least the last 30
years (Dr. J. Bowns, personal communication), with increased awareness surfacing
during the last 10 years. Given the pattern of regeneration in persistent aspen, the mean
age of the dominant and co-dominant trees may not have changed significantly over the
20th Century. Dominant trees succumb to disease as they age. However, as long as
episodic regeneration events occur to replace the older trees, aspen are at minimal risk of
being lost from the landscape. Earlier periods of overstory mortality were likely less of a
concern because there were likely younger cohorts replacing the dying trees. Various
studies in persistent aspen have shown that these clones do not need stand replacing
disturbances to regenerate (Kulakowski et al., 2004; Kurzel et al., 2007). Therefore,
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mean stem age of the dominant and co-dominant trees has likely remained relatively
stable across the landscape over the 20th Century. Conversely, age distributions have
likely undergone significant changes. Earlier generations of aspen likely had greater
stand structure diversity and were more resistant to complete mortality. Today’s stands
have very little stand structure diversity and are likely to decline in stem number as they
continue to age, eventually disappearing from the landscape. Further research that
reconstructs age class distributions prior to extensive ungulate grazing and compares
them with current age class distributions would be useful in increasing our understanding
of stand dynamics on Cedar Mountain. This may yield information on how to best
restore stand structure diversity to areas of widespread aspen decline that will enhance
aspen persistence on the landscape.
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APPENDICES

Appendix A
This appendix contains the results of all regression analyses for climatic data (PRISM group at Oregon State University.
http://gisdev.nacse.org/prism/nn) realized in this thesis. The first three sections (1.a. through 3.d.) report the results of the regressions
for the climatic variables (independent variable) and percent change in aspen cover (dependent variable) over various lag periods. The
final section reports the results of long-term (between 1926 and 2008) regressions for climatic variables (independent variable) and
year (dependent variable). The α-value for determining statistical significance for the former analyses was set at P < 0.1, whereas the
long-term climate analysis used P < 0.05. Graphical depictions of the regressions for lagged climatic variables and percent change in
aspen cover can be found in Appendix B.
1.a. Results of regression analysis – lagged one-year averages of summer maximum temperature.
SUMMARY OUTPUT
1-year lagged
Regression Statistics
Multiple R

0.094518513

R Square

0.008933749

Adjusted R Square
Standard Error

-0.321421668
0.008564272

Observations

5

ANOVA
df

SS

MS

Regression

1

1.9835E-06

1.9835E-06

Residual

3

0.00022004

7.33468E-05

Total

4

0.000222024

Coefficients

Standard Error

t Stat

F
0.02704284

P-value

Significance F
0.879834721

Lower 95%

Upper 95%

Lower

Upper
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95.0%

95.0%

Intercept

-0.003881999

0.053224112

-0.072936839

0.94644703

-0.17326488

0.165500881

-0.17326

0.165501

X Variable 1

-0.000386106

0.002347905

-0.164447079

0.87983472

-0.00785819

0.007085975

-0.00786

0.007086

Lower 95%

Upper 95%

Lower
95.0%

Upper
95.0%

SUMMARY OUTPUT
2-year lagged
Regression Statistics
Multiple R

0.207470839

R Square

0.043044149

Adjusted R Square
Standard Error

-0.275941135
0.008415599

Observations

5

ANOVA
df

SS

MS

Regression

1

9.55682E-06

9.55682E-06

Residual

3

0.000212467

7.08223E-05

Total

4

0.000222024

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

F
0.13494086

P-value

Significance F
0.737747443

0.011483196

0.065700681

0.174780476

0.87238225

-0.19760569

0.220572087

-0.19761

0.220572

-0.001058131

0.002880499

-0.367342975

0.73774744

-0.01022516

0.008108902

-0.01023

0.008109

SUMMARY OUTPUT
3-year lagged
Regression Statistics
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Multiple R

0.030385528

R Square

0.00092328

Adjusted R Square
Standard Error

-0.332102293
0.008598813

Observations

5

ANOVA
df

SS

MS

Regression

1

2.0499E-07

2.0499E-07

Residual

3

0.000221819

7.39396E-05

Total

4

0.000222024

Coefficients

Standard Error

t Stat

F

Significance F

0.0027724

0.961317898

P-value

Lower 95%

Upper 95%

Lower
95.0%

Upper
95.0%

Intercept

-0.009000145

0.068701547

-0.131003527

0.90406402

-0.22763913

0.209638841

-0.22764

0.209639

X Variable 1

-0.000156514

0.002972519

-0.052653591

0.9613179

-0.00961639

0.009303367

-0.00962

0.009303

SUMMARY OUTPUT
4-year lagged
Regression Statistics
Multiple R

0.77159673

R Square

0.595361514

Adjusted R Square

0.460482018

Standard Error

0.005472335

Observations

5

ANOVA
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df

SS

Regression

1

Residual
Total

0.000132184

0.000132184

3

8.98394E-05

2.99465E-05

4

0.000222024

Coefficients
Intercept
X Variable 1

MS

Standard Error

t Stat

F
4.41402536

P-value

Significance F
0.12644981

Lower 95%

Upper 95%

Lower
95.0%

Upper
95.0%

-0.130397324

0.056116127

-2.323704963

0.10273605

-0.30898389

0.048189239

-0.30898

0.048189

0.005005615

0.002382539

2.100958201

0.12644981

-0.00257669

0.012587919

-0.00258

0.012588

Upper 95%

Lower

Upper

SUMMARY OUTPUT
5-year lagged
Regression Statistics
Multiple R

0.78155168

R Square

0.610823028

Adjusted R Square

0.481097371

Standard Error

0.005366766

Observations

5

ANOVA
df

SS

MS

Regression

1

0.000135617

0.000135617

Residual

3

8.64065E-05

2.88022E-05

Total

4

0.000222024

Coefficients

Standard Error

t Stat

F
4.70857532

P-value

Significance F
0.11846442

Lower 95%
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90.0%
Intercept
X Variable 1

90.0%

0.11473862

0.058737935

1.953398953

0.14578876

-0.0721917

0.301668944

-0.02349

0.25297

-0.005453515

0.002513227

-2.169925187

0.11846442

-0.01345173

0.002544696

-0.01137

0.000461

131

1.b. Results of regression analysis – lagged one-year averages of winter minimum temperature.
SUMMARY OUTPUT
1-year lagged
Regression Statistics
Multiple R

0.761369654

R Square

0.579683749

Adjusted R Square

0.439578333

Standard Error

0.005577341

Observations

5

ANOVA
df

SS

MS

F

Significance F

Regression

1

0.000128704

0.0001287

4.1374828

0.1348129

Residual

3

9.33202E-05

3.111E-05

Total

4

0.000222024

Coefficients

Standard Error

t Stat

P-value

Lower 95%

Upper
95%

Lower 95.0%

Upper 95.0%

Intercept

0.034571294

0.023330023

1.4818371

0.2349891

-0.039675

0.108818

-0.03968

0.108818

X Variable 1

0.007052788

0.00346731

2.0340803

0.1348129

-0.003982

0.018087

-0.00398

0.018087

SUMMARY OUTPUT
2-year lagged
Regression Statistics
Multiple R

0.097854131

R Square

0.009575431
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Adjusted R Square

-0.320566092

Standard Error

0.008561499

Observations

5

ANOVA
df

SS

MS

F

Significance F

Regression

1

2.12597E-06

2.126E-06

0.029004

0.8756074

Residual

3

0.000219898

7.33E-05

Total

4

0.000222024

Coefficients

Standard Error

t Stat

P-value

Lower 95%

Upper
95%

Lower
95.0%

Upper
95.0%

Intercept

-0.006805826

0.034306159

-0.1983849

0.8554268

-0.115983

0.102372

-0.11598

0.102372

X Variable 1

0.000847596

0.004976909

0.1703057

0.8756074

-0.014991

0.016686

-0.01499

0.016686

df

SS

MS

F

Significance F

1

4.63395E-05

4.634E-05

0.7912975

0.4392378

SUMMARY OUTPUT
3-year lagged
Regression Statistics
Multiple R

0.456852447

R Square

0.208714159

Adjusted R Square

-0.055047788

Standard Error

0.007652543

Observations

5

ANOVA

Regression
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Residual

3

0.000175684

5.856E-05

Total

4

0.000222024

Coefficients

Standard Error

t Stat

P-value

Lower 95%

Upper
95%

Lower 95.0%

Upper 95.0%

Intercept

0.00935268

0.024927808

0.3751906

0.7324743

-0.069979

0.088684

-0.06998

0.088684

X Variable 1

0.003438621

0.003865578

0.889549

0.4392378

-0.008863

0.015741

-0.00886

0.015741

df

SS

MS

F

Significance F

Regression

1

4.66861E-05

4.669E-05

0.7987909

0.4373075

Residual

3

0.000175338

5.845E-05

Total

4

0.000222024

Coefficients

Standard Error

t Stat

P-value

Lower 95%

Upper
95%

Lower 95.0%

Upper 95.0%

Intercept

0.000620932

0.015195522

0.0408628

0.9699727

-0.047738

0.04898

-0.04774

0.04898

X Variable 1

0.002414742

0.002701807

0.893751

0.4373075

-0.006184

0.011013

-0.00618

0.011013

SUMMARY OUTPUT
4-year lagged
Regression Statistics
Multiple R

0.458557553

R Square

0.21027503

Adjusted R Square

-0.052966627

Standard Error

0.007644992

Observations

5

ANOVA
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SUMMARY OUTPUT
5-year lagged
Regression Statistics
Multiple R

0.203373192

R Square

0.041360655

Adjusted R Square

-0.278185793

Standard Error

0.008422999

Observations

5

ANOVA
df

SS

MS

F

Significance F

Regression

1

9.18305E-06

9.183E-06

0.1294355

0.7428535

Residual

3

0.000212841

7.095E-05

Total

4

0.000222024

Coefficients

Standard Error

t Stat

P-value

Lower 95%

Upper
95%

Lower 95.0%

Upper 95.0%

Intercept

-0.00111234

0.032184591

-0.0345613

0.9746006

-0.103538

0.101313

-0.10354

0.101313

X Variable 1

0.001792095

0.004981205

0.3597715

0.7428535

-0.01406

0.017645

-0.01406

0.017645

1.c. Results of regression analysis – lagged one-year averages of winter precipitation.
SUMMARY OUTPUT
1-year lagged
Regression Statistics
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Multiple R

0.503325094

R Square

0.253336151

Adjusted R Square

0.004448201

Standard Error

0.007433642

Observations

5

ANOVA
Df

SS

MS

Regression

1

5.62E-05

5.62E-05

Residual

3

0.000166

5.53E-05

Total

4

0.000222

Coefficients

Standard Error

F
1.017872

t Stat

P-value

Significance F
0.38734

Lower 95%

Upper
95%

Lower
95.0%

Upper
95.0%

Intercept

0.010773507

0.023416

0.460085

0.676752

-0.06375

0.085295

-0.06375

0.085295

X Variable 1

-4.45012E-05

4.41E-05

-1.0089

0.38734

-0.00018

9.59E-05

-0.00018

9.59E-05

SUMMARY OUTPUT
2-year lagged
Regression Statistics
Multiple R

0.548843871

R Square

0.301229594

Adjusted R Square

0.068306126

Standard Error

0.007191283

Observations

5

ANOVA
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Df

SS

MS

Regression

1

6.69E-05

6.69E-05

Residual

3

0.000155

5.17E-05

Total

4

0.000222

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

F
1.293256

P-value

Significance F
0.33806

Lower 95%

Upper
95%

Lower
95.0%

Upper
95.0%

-0.025418166

0.011711

-2.17039

0.118413

-0.06269

0.011853

-0.06269

0.011853

1.78144E-05

1.57E-05

1.137214

0.33806

-3.2E-05

6.77E-05

-3.2E-05

6.77E-05

SUMMARY OUTPUT
3-year lagged
Regression Statistics
Multiple R
R Square
Adjusted R Square
Standard Error

0.240187465
0.057690018
-0.256413309
0.008350952

Observations

5

ANOVA
df

SS

MS

Regression

1

1.28E-05

1.28E-05

Residual

3

0.000209

6.97E-05

Total

4

0.000222

Coefficients

Standard Error

t Stat

F
0.183666

P-value

Significance F
0.69715

Lower 95%

Upper
95%

Lower
95.0%

Upper
95.0%
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Intercept
X Variable 1

-0.017877215

0.012841

-1.39218

0.25812

-0.05874

0.022989

-0.05874

0.022989

9.7751E-06

2.28E-05

0.428562

0.69715

-6.3E-05

8.24E-05

-6.3E-05

8.24E-05

SUMMARY OUTPUT
4-year lagged
Regression Statistics
Multiple R

0.793981791

R Square

0.630407084

Adjusted R Square

0.507209445

Standard Error

0.005229991

Observations

5

ANOVA
df

SS

MS

Regression

1

0.00014

0.00014

Residual

3

8.21E-05

2.74E-05

Total

4

0.000222

Coefficients

Standard Error

F
5.117039

t Stat

P-value

Significance F
0.108716

Lower 95%

Upper
95%

Lower
95.0%

Upper
95.0%

Intercept

0.001910861

0.006833

0.279659

0.797913

-0.01983

0.023656

-0.01983

0.023656

X Variable 1

-2.03398E-05

8.99E-06

-2.26209

0.108716

-4.9E-05

8.28E-06

-4.9E-05

8.28E-06

SUMMARY OUTPUT
5-year lagged
Regression Statistics
Multiple R

0.929603409
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R Square

0.864162498

Adjusted R Square

0.818883331

Standard Error

0.003170655

Observations

5

ANOVA
df

SS

MS

F
19.08521

Regression

1

0.000192

0.000192

Residual

3

3.02E-05

1.01E-05

Total

4

0.000222

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

P-value

Significance F
0.022183

Lower 95%

Upper
95%

Lower
90.0%

Upper
90.0%

-0.032034772

0.004667

-6.86468

0.00633

-0.04689

-0.01718

-0.04302

-0.02105

2.91665E-05

6.68E-06

4.368662

0.022183

7.92E-06

5.04E-05

1.35E-05

4.49E-05

1.d. Results of regression analysis – lagged one-year averages of summer precipitation.
SUMMARY OUTPUT
1-year lagged
Regression Statistics
Multiple R

0.868962175

R Square

0.755095262

Adjusted R Square

0.673460349

Standard Error

0.004257334

Observations

5
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ANOVA
MS

F

Regression

df
1

0.000167649

SS

0.000168

9.249661

Residual

3

5.43747E-05

1.81E-05

Total

4

0.000222024

Coefficients

Standard Error

t Stat

P-value

Significance F
0.0558088

Lower 95%

Upper
95%

Lower
95.0%

Upper
95.0%

Intercept

-0.03038867

0.006147359

-4.94337

0.01588

-0.049952

-0.01083

-0.04995

-0.01083

X Variable 1

0.000129499

4.25797E-05

3.041326

0.055809

-6.01E-06

0.000265

-6E-06

0.000265

SUMMARY OUTPUT
2-year lagged
Regression Statistics
Multiple R

0.492531565

R Square

0.242587342

Adjusted R Square
Standard Error

-0.009883544
0.007486958

Observations

5

ANOVA
df

SS

MS

Regression

1

5.38602E-05

5.39E-05

Residual

3

0.000168164

5.61E-05

Total

4

0.000222024

F
0.960853

Significance F
0.3992577

140

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

P-value

Lower 95%

Upper
95%

Lower
95.0%

Upper
95.0%

-0.021181199

0.009361431

-2.2626

0.108664

-0.050973

0.008611

-0.05097

0.008611

5.37728E-05

5.48573E-05

0.980231

0.399258

-0.000121

0.000228

-0.00012

0.000228

MS

F
12.47391

Upper
95%

Lower
95.0%

Upper
95.0%

SUMMARY OUTPUT
3-year lagged
Regression Statistics
Multiple R

0.897844819

R Square

0.806125318

Adjusted R Square

0.741500424

Standard Error

0.00378791

Observations

5

ANOVA
df

SS

Regression

1

0.000178979

0.000179

Residual

3

4.30448E-05

1.43E-05

Total

4

0.000222024

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

P-value

Significance F
0.0385883

Lower 95%

-0.030414798

0.00531773

-5.71951

0.010606

-0.047338

-0.01349

-0.04734

-0.01349

0.000107611

3.04688E-05

3.531843

0.038588

1.065E-05

0.000205

1.06E-05

0.000205

SUMMARY OUTPUT
4-year lagged
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Regression Statistics
Multiple R

0.450768263

R Square

0.203192027

Adjusted R Square

-0.06241063

Standard Error

0.007679199

Observations

5

ANOVA
df

SS

Regression

1

Residual
Total

MS

4.51135E-05

4.51E-05

3

0.00017691

5.9E-05

4

0.000222024

Coefficients

Standard Error

t Stat

F
0.765023

P-value

Significance F
0.4461408

Lower 95%

Upper
95%

Lower
95.0%

Upper
95.0%

Intercept

-0.003263551

0.011226176

-0.29071

0.790213

-0.03899

0.032463

-0.03899

0.032463

X Variable 1

-5.37166E-05

6.14146E-05

-0.87466

0.446141

-0.000249

0.000142

-0.00025

0.000142

SUMMARY OUTPUT
5-year lagged
Regression Statistics
Multiple R
R Square
Adjusted R Square
Standard Error
Observations

0.045743095
0.002092431
-0.330543426
0.008593781
5
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ANOVA
df

SS

MS

Regression

1

4.64569E-07

4.65E-07

Residual

3

0.000221559

7.39E-05

Total

4

0.000222024

Coefficients

Standard Error

t Stat

F

Significance F

0.00629

P-value

0.9417784

Upper
95%

Lower 95%

Lower
95.0%

Upper
95.0%

Intercept

-0.01037206

0.028500503

-0.36393

0.74005

-0.101073

0.080329

-0.10107

0.080329

X Variable 1

-1.79641E-05

0.000226498

-0.07931

0.941778

-0.000739

0.000703

-0.00074

0.000703

2.a. Results of regression analysis – lagged three-year averages of summer maximum temperature.

SUMMARY OUTPUT
1 year lagged, 3 year average
Regression Statistics
Multiple R

0.148077576

R Square

0.021926969

Adjusted R Square
Standard Error

-0.304097375
0.008507946

Observations

5

ANOVA
df
Regression

SS
1

4.868E-06

MS
4.86831E-06

F
0.067255617

Significance F
0.81215307
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Residual

3

0.0002172

Total

4

0.000222

Coefficients
Intercept
X Variable 1

Standard Error

7.23852E-05

t Stat

P-value

Lower 95%

Upper 95%

Lower 95.0%

Upper
95.0%

0.008919077

0.0831102

0.107316311

0.921312426

-0.2555746

0.273412741

-0.25557459

0.273413

-0.000943548

0.0036383

-0.25933688

0.812153071

-0.0125223

0.010635182

-0.01252228

0.010635

SUMMARY OUTPUT
2 year lagged, 3 year average
Regression Statistics
Multiple R
R Square
Adjusted R Square
Standard Error

0.155353908
0.024134837
-0.301153551
0.008498338

Observations

5

ANOVA
df

SS

MS

Regression

1

5.359E-06

5.35851E-06

Residual

3

0.0002167

7.22218E-05

Total

4

0.000222

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

F
0.074195199

P-value

Significance F
0.80299582

Lower 95%

Upper 95%

Lower 95.0%

Upper
95.0%

-0.035751994

0.0850378

-0.42042455

0.702473681

-0.3063803

0.234876352

-0.30638034

0.234876

0.001000611

0.0036735

0.272387957

0.802995823

-0.01069

0.012691259

-0.01069004

0.012691
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SUMMARY OUTPUT
3 year lagged, 3 year average
Regression Statistics
Multiple R

0.003162996

R Square

1.00045E-05

Adjusted R Square
Standard Error

-0.333319994
0.008602743

Observations

5

ANOVA
df

SS

MS

Regression

1

2.221E-09

2.22125E-09

Residual

3

0.000222

7.40072E-05

Total

4

0.000222

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

F
3.00139E-05

P-value

Significance F
0.99597275

Lower 95%

Upper 95%

Lower 95.0%

Upper
95.0%

-0.013288548

0.1235776

-0.10753205

0.921155047

-0.4065675

0.379990389

-0.40656748

0.37999

2.90182E-05

0.0052967

0.005478498

0.995972755

-0.0168276

0.016885613

-0.01682758

0.016886

SUMMARY OUTPUT
4 year lagged, 3 year average
Regression Statistics
Multiple R

0.451789816

R Square

0.204114038

Adjusted R Square

-0.061181283
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Standard Error

0.007674755

Observations

5

ANOVA
df

SS

MS

Regression

1

4.532E-05

4.53182E-05

Residual

3

0.0001767

5.89019E-05

Total

4

0.000222

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

F
0.769384238

P-value

Significance F
0.44498006

Lower 95%

Upper 95%

Lower 95.0%

Upper
95.0%

-0.182743229

0.1939906

-0.94202092

0.415677787

-0.800108

0.434621528

-0.80010799

0.434622

0.007274164

0.008293

0.877145506

0.444980058

-0.0191178

0.033666176

-0.01911785

0.033666

SUMMARY OUTPUT
5_year lagged 3 year average
Regression Statistics
Multiple R

0.591811134

R Square

0.350240419

Adjusted R Square

0.133653892

Standard Error

0.006934505

Observations

5

ANOVA
df

SS

MS

Regression

1

7.776E-05

7.77617E-05

Residual

3

0.0001443

4.80874E-05

F
1.617092362

Significance F
0.29312988
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Total

4

Coefficients
Intercept
X Variable 1

0.000222

Standard Error

t Stat

P-value

Lower 95%

Upper 95%

Lower 90.0%

Upper
90.0%

0.102552427

0.090616

1.131725393

0.340035873

-0.1858281

0.390932978

-0.11069995

0.315805

-0.004979192

0.0039155

-1.27164947

0.293129881

-0.0174402

0.007481798

-0.01419388

0.004235

2.b. Results of regression analysis – lagged three-year averages of winter minimum temperature.

SUMMARY OUTPUT
1 year lagged, 3 year average
Regression Statistics
Multiple R

0.535648025

R Square

0.286918806

Adjusted R Square

0.049225075

Standard Error

0.007264548

Observations

5

ANOVA
df

SS

MS

Regression

1

6.37E-05

6.37028E-05

Residual

3

0.000158

5.27737E-05

Total

4

0.000222

Coefficients

Standard Error

t Stat

F
1.2070945

P-value

Significance F
0.3521768

Lower 95%

Upper 95%

Lower
95.0%

Upper
95.0%
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Intercept

0.024470563

0.033908

0.721678715

0.5226542

-0.0834393

0.1323804

-0.08344

0.13238

X Variable 1

0.005582572

0.005081

1.098678544

0.3521768

-0.010588

0.0217531

-0.01059

0.021753

Lower
95.0%

Upper
95.0%

SUMMARY OUTPUT
2 year lagged, 3 year average
Regression Statistics
Multiple R

0.519637431

R Square

0.27002306

Adjusted R Square

0.026697413

Standard Error

0.007350107

Observations

5

ANOVA
df

SS

MS

Regression

1

6E-05

5.99515E-05

Residual

3

0.000162

5.40241E-05

Total

4

0.000222

Coefficients

Standard Error

t Stat

F
1.1097189

P-value

Significance F
0.3694931

Lower 95%

Upper 95%

Intercept

0.019160693

0.03034

0.631541142

0.5725269

-0.0773934

0.1157148

-0.07739

0.115715

X Variable 1

0.005092408

0.004834

1.053431945

0.3694931

-0.0102919

0.0204767

-0.01029

0.020477

SUMMARY OUTPUT
3 year lagged, 3 year average
Regression Statistics
Multiple R

0.591571351
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R Square

0.349956664

Adjusted R Square

0.133275552

Standard Error

0.006936019

Observations

5

ANOVA
df

SS

MS

Regression

1

7.77E-05

7.76987E-05

Residual

3

0.000144

4.81084E-05

Total

4

0.000222

Coefficients

Standard Error

t Stat

F
1.6150769

P-value

Significance F
0.293376

Lower 95%

Upper 95%

Lower
95.0%

Upper
95.0%

Intercept

0.024839206

0.029632

0.838257675

0.4634165

-0.0694629

0.1191413

-0.06946

0.119141

X Variable 1

0.006144757

0.004835

1.270856767

0.293376

-0.0092428

0.0215323

-0.00924

0.021532

SUMMARY OUTPUT
4 year lagged, 3 year average
Regression Statistics
Multiple R
R Square
Adjusted R Square
Standard Error

0.296118769
0.087686325
-0.216418233
0.008216961

Observations

5

ANOVA
df

SS

MS

F

Significance F
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Regression

1

1.95E-05

1.94684E-05

Residual

3

0.000203

6.75184E-05

Total

4

0.000222

Coefficients

Standard Error

t Stat

0.2883427

P-value

0.6285548

Lower 95%

Upper 95%

Lower
95.0%

Upper
95.0%

Intercept

0.007046459

0.036793

0.191514714

0.8603515

-0.1100462

0.1241392

-0.11005

0.124139

X Variable 1

0.003187284

0.005936

0.536975499

0.6285548

-0.0157025

0.0220771

-0.0157

0.022077

SUMMARY OUTPUT
5 year lagged, 3 year average
Regression Statistics
Multiple R

0.145706885

R Square

0.021230496

Adjusted R Square
Standard Error

-0.305026005
0.008510975

Observations

5

ANOVA
df

SS

MS

Regression

1

4.71E-06

4.71367E-06

Residual

3

0.000217

7.24367E-05

Total

4

0.000222

Coefficients
Intercept

-0.024044641

Standard Error
0.044979

t Stat
-0.53457203

F
0.065073

P-value
0.6300265

Significance F
0.8151388

Lower 95%
-0.1671886

Upper 95%
0.1190994

Lower
95.0%

Upper
95.0%

-0.16719

0.119099
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X Variable 1

-0.001696494

0.00665

-0.25509414

0.8151388

-0.0228612

0.0194682

-0.02286

0.019468

2.c. Results of regression analysis – lagged three-year averages of winter precipitation.
SUMMARY OUTPUT
1 year lagged, 3 year means
Regression Statistics
Multiple R

0.341203759

R Square

0.116420005

Adjusted R Square

-0.17810666

Standard Error

0.008086527

Observations

5

ANOVA
df

SS

MS

Regression

1

2.58E-05

2.58E-05

Residual

3

0.000196

6.54E-05

Total

4

0.000222

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

F
0.395278

P-value

Significance F
0.574149

Lower 95%

Upper
95%

Lower
95.0%

Upper
95.0%

-0.024738067

0.019624

-1.26063

0.296569

-0.08719

0.037713

-0.08719

0.037713

2.04028E-05

3.25E-05

0.628712

0.574149

-8.3E-05

0.000124

-8.3E-05

0.000124

SUMMARY OUTPUT
2 year lagged, 3 year means
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Regression Statistics
Multiple R
R Square
Adjusted R Square
Standard Error

0.180471131
0.032569829
-0.289906895
0.00846153

Observations

5

ANOVA
df

SS

MS

Regression

1

7.23E-06

7.23E-06

Residual

3

0.000215

7.16E-05

Total

4

0.000222

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

F
0.100999

P-value

Significance F
0.771471

Lower 95%

Upper
95%

Lower
95.0%

Upper
95.0%

-0.004764498

0.024981

-0.19073

0.860917

-0.08426

0.074735

-0.08426

0.074735

-1.1941E-05

3.76E-05

-0.3178

0.771471

-0.00013

0.000108

-0.00013

0.000108

SUMMARY OUTPUT
3 year lagged, 3 year means
Regression Statistics
Multiple R
R Square
Adjusted R Square
Standard Error
Observations

0.107115097
0.011473644
-0.318035141
0.008553291
5
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ANOVA
df

SS

MS

Regression

1

2.55E-06

2.55E-06

Residual

3

0.000219

7.32E-05

Total

4

0.000222

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

F
0.03482

P-value

Significance F
0.863878

Lower 95%

Upper
95%

Lower
95.0%

Upper
95.0%

-0.017464223

0.026284

-0.66445

0.55391

-0.10111

0.066182

-0.10111

0.066182

7.58741E-06

4.07E-05

0.186602

0.863878

-0.00012

0.000137

-0.00012

0.000137

MS

F

Lower

Upper

SUMMARY OUTPUT
4 year lagged, 3 year means
Regression Statistics
Multiple R

0.089859369

R Square

0.008074706

Adjusted R Square
Standard Error

-0.322567058
0.008567983

Observations

5

ANOVA
df

SS

Regression

1

1.79E-06

1.79E-06

Residual

3

0.00022

7.34E-05

Total

4

0.000222

Coefficients

Standard Error

t Stat

0.024421

P-value

Significance F
0.885742

Lower 95%

Upper
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95%
Intercept
X Variable 1

95.0%

95.0%

-0.017014555

0.028432

-0.59842

0.591728

-0.1075

0.07347

-0.1075

0.07347

7.04113E-06

4.51E-05

0.156273

0.885742

-0.00014

0.00015

-0.00014

0.00015

MS

F
8.462979

Upper
95%

Lower
90.0%

Upper
90.0%

SUMMARY OUTPUT
5_year lagged 3 year average
Regression Statistics
Multiple R

0.859236824

R Square

0.73828792

Adjusted R Square

0.65105056

Standard Error

0.004400996

Observations

5

ANOVA
df

SS

Regression

1

0.000164

0.000164

Residual

3

5.81E-05

1.94E-05

Total

4

0.000222

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

P-value

Significance F
0.062041

Lower 95%

-0.036568679

0.008467

-4.31896

0.022871

-0.06351

-0.00962

-0.05649

-0.01664

3.66359E-05

1.26E-05

2.90912

0.062041

-3.4E-06

7.67E-05

7E-06

6.63E-05

2.d. Results of regression analysis – lagged three-year averages of summer precipitation.
154

SUMMARY OUTPUT
1-year lagged 3 year average
Regression Statistics
Multiple R

0.829051047

R Square

0.687325639

Adjusted R Square

0.583100852

Standard Error

0.004810445

Observations

5

ANOVA
df

SS

MS

Regression

1

0.000152603

0.000152603

Residual

3

6.94211E-05

2.31404E-05

Total

4

0.000222024

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

F
6.594647

P-value

Significance F
0.082636

Lower 95%

Upper 95%

Lower
90.0%

Upper
90.0%

-0.030420919

0.007260994

-4.189635382

0.024794

-0.05353

-0.007313

-0.04751

-0.01333

0.000115625

4.50251E-05

2.568004402

0.082636

-2.8E-05

0.0002589

9.66E-06

0.000222

SUMMARY OUTPUT
2 year lagged, 3 year means
Regression Statistics
Multiple R

0.453944844

R Square

0.206065922

Adjusted R Square
Standard Error

-0.058578771
0.007665338
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Observations

5

ANOVA
df

SS

MS

Regression

1

4.57515E-05

4.57515E-05

Residual

3

0.000176272

5.87574E-05

Total

4

0.000222024

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

F
0.778651

P-value

Significance F
0.442534

Lower 95%

Upper 95%

Lower
95.0%

Upper
95.0%

-0.025117282

0.014580576

-1.722653619

0.183426

-0.07152

0.0212846

-0.07152

0.021285

7.52085E-05

8.52306E-05

0.882412178

0.442534

-0.0002

0.0003465

-0.0002

0.000346

SUMMARY OUTPUT
3 year lagged, 3 year means
Regression Statistics
Multiple R

0.317244701

R Square

0.100644201

Adjusted R Square
Standard Error

-0.199141066
0.008158398

Observations

5

ANOVA
df

SS

MS

Regression

1

2.23454E-05

2.23454E-05

Residual

3

0.000199678

6.65595E-05

Total

4

0.000222024

F
0.335721

Significance F
0.602953
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Coefficients
Intercept
X Variable 1

Standard Error

t Stat

P-value

Lower 95%

Upper 95%

Lower
95.0%

Upper
95.0%

-0.025616997

0.022739927

-1.126520635

0.34192

-0.09799

0.0467516

-0.09799

0.046752

8.40578E-05

0.000145074

0.579414334

0.602953

-0.00038

0.0005457

-0.00038

0.000546

Lower
95.0%

Upper
95.0%

SUMMARY OUTPUT
4 year lagged, 3 year means
Regression Statistics
Multiple R
R Square
Adjusted R Square
Standard Error

0.302338878
0.091408797
-0.211454937
0.00820018

Observations

5

ANOVA
df

SS

MS

Regression

1

2.02949E-05

2.02949E-05

Residual

3

0.000201729

6.72429E-05

Total

4

0.000222024

Coefficients

Standard Error

t Stat

F
0.301815

P-value

Significance F
0.620998

Lower 95%

Upper 95%

Intercept

-0.005221319

0.013943479

-0.374463139

0.732962

-0.0496

0.0391531

-0.0496

0.039153

X Variable 1

-4.79816E-05

8.73382E-05

-0.549376857

0.620998

-0.00033

0.00023

-0.00033

0.00023

SUMMARY OUTPUT

157

5 year lagged, 3 year means
Regression Statistics
Multiple R

0.212156593

R Square

0.04501042

Adjusted R Square

-0.27331944

Standard Error

0.008406949

Observations

5

ANOVA
df

SS

MS

Regression

1

9.99338E-06

9.99338E-06

Residual

3

0.00021203

7.06768E-05

Total

4

0.000222024

Coefficients

Standard Error

t Stat

F
0.141396

P-value

Significance F
0.731914

Lower 95%

Upper 95%

Lower
95.0%

Upper
95.0%

Intercept

-0.00782121

0.013283376

-0.588796888

0.597393

-0.05009

0.0344524

-0.05009

0.034452

X Variable 1

-3.16847E-05

8.42621E-05

-0.376025972

0.731914

-0.0003

0.0002365

-0.0003

0.000236

3.a. Results of regression analysis – lagged three-year extremes of five year windows for summer maximum temperature.
SUMMARY OUTPUT
1 year lagged, 3 year extremes
Regression Statistics
Multiple R

0.013978995

R Square

0.000195412
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Adjusted R Square
Standard Error

-0.333072784
0.008601945

Observations

5

ANOVA
df

SS

MS

Regression

1

4.339E-08

4.33862E-08

Residual

3

0.000222

7.39935E-05

Total

4

0.000222

Coefficients

Standard Error

t Stat

F
0.000586351

P-value

Significance F
0.98220197

Lower 95%

Upper 95%

Lower 95.0%

Upper
95.0%

Intercept

-0.009369581

0.1339523

-0.06994716

0.948637302

-0.4356655

0.416926344

-0.43566551

0.416926

X Variable 1

-0.000137057

0.0056601

-0.0242147

0.982201971

-0.0181499

0.017875798

-0.01814991

0.017876

SUMMARY OUTPUT
2 year lagged, 3 year extremes
Regression Statistics
Multiple R

0.240453209

R Square

0.057817746

Adjusted R Square
Standard Error

-0.256243006
0.008350386

Observations

5

ANOVA
df
Regression

SS
1

1.284E-05

MS
1.28369E-05

F
0.18409733

Significance F
0.69682179
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Residual

3

0.0002092

Total

4

0.000222

Coefficients
Intercept
X Variable 1

Standard Error

6.9729E-05

t Stat

P-value

Lower 95%

Upper 95%

Lower 95.0%

Upper
95.0%

-0.066367545

0.1253411

-0.52949545

0.633142533

-0.4652589

0.332523792

-0.46525888

0.332524

0.002250741

0.0052457

0.429065647

0.69682179

-0.0144434

0.018944832

-0.01444335

0.018945

SUMMARY OUTPUT
3 year lagged, 3 year extremes
Regression Statistics
Multiple R
R Square
Adjusted R Square
Standard Error

0.021961043
0.000482287
-0.332690283
0.008600711

Observations

5

ANOVA
df

SS

MS

Regression

1

1.071E-07

1.07079E-07

Residual

3

0.0002219

7.39722E-05

Total

4

0.000222

Coefficients

Standard Error

t Stat

F

Significance F

0.00144756

0.97204058

P-value

Lower 95%

Upper 95%

Lower 95.0%

Upper
95.0%

Intercept

-0.00714384

0.1437696

-0.04968952

0.963493003

-0.4646828

0.450395078

-0.46468276

0.450395

X Variable 1

-0.00022748

0.005979

-0.03804682

0.97204058

-0.0192552

0.018800219

-0.01925518

0.0188

160

SUMMARY OUTPUT
4 year lagged, 3 year extremes
Regression Statistics
Multiple R

0.115239626

R Square

0.013280171

Adjusted R Square
Standard Error

-0.315626438
0.008545472

Observations

5

ANOVA
df

SS

MS

Regression

1

2.949E-06

2.94851E-06

Residual

3

0.0002191

7.30251E-05

Total

4

0.000222

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

F
0.040376724

P-value

Significance F
0.85359776

Lower 95%

Upper 95%

Lower 95.0%

Upper
95.0%

0.016127163

0.1430742

0.112718857

0.917372846

-0.4391989

0.4714532

-0.43919887

0.471453

-0.001206069

0.0060021

-0.2009396

0.853597763

-0.0203076

0.017895443

-0.02030758

0.017895

5-year lag, 3 year extremes
Regression Statistics
Multiple R

0.744978252

R Square

0.554992596

Adjusted R Square

0.406656795

Standard Error

0.005738822
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Observations

5

ANOVA
df

SS

MS

Regression

1

0.0001232

0.000123222

Residual

3

9.88E-05

3.29341E-05

Total

4

0.000222

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

F
3.741460875

P-value

Significance F
0.14854088

Lower 95%

Upper 95%

Lower 90.0%

Upper
90.0%

0.173353532

0.0961759

1.802463544

0.169261939

-0.1327211

0.479428131

-0.05298329

0.39969

-0.007812359

0.0040389

-1.93428562

0.148540883

-0.0206659

0.005041178

-0.01731733

0.001693

3.b. Results of regression analysis – lagged three-year extremes of five year windows for winter minimum temperature.
SUMMARY OUTPUT
1 year lagged, 3 year extremes
Regression Statistics
Multiple R

0.603282769

R Square

0.363950099

Adjusted R Square

0.151933466

Standard Error

0.006860957

Observations

5

ANOVA
df
Regression

SS
1

8.08E-05

MS
8.08056E-05

F
1.7166111

Significance F
0.2814183
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Residual

3

0.000141

Total

4

0.000222

Coefficients

Standard Error

4.70727E-05

t Stat

P-value

Lower 95%

Upper 95%

Lower
95.0%

Upper
95.0%

Intercept

0.035687081

0.036991

0.964739878

0.4058407

-0.0820361

0.1534102

-0.08204

0.15341

X Variable 1

0.007010955

0.005351

1.310195049

0.2814183

-0.0100186

0.0240405

-0.01002

0.02404

SUMMARY OUTPUT
2-year lagged, 3 year extremes
Regression Statistics
Multiple R
R Square
Adjusted R Square
Standard Error

0.185783865
0.034515645
-0.287312474
0.008453017

Observations

5

ANOVA
df

SS

MS

Regression

1

7.66E-06

7.66329E-06

Residual

3

0.000214

7.14535E-05

Total

4

0.000222

Coefficients

Standard Error

t Stat

F
0.1072487

P-value

Significance F
0.7648205

Lower 95%

Upper 95%

Lower
95.0%

Upper
95.0%

Intercept

0.001315617

0.042696

0.030813709

0.9773535

-0.1345615

0.1371928

-0.13456

0.137193

X Variable 1

0.002022304

0.006175

0.32748846

0.7648205

-0.0176299

0.0216745

-0.01763

0.021675
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SUMMARY OUTPUT
3-year lagged, 3 year extremes
Regression Statistics
Multiple R

0.046380032

R Square

0.002151107

Adjusted R Square

-0.33046519

Standard Error

0.008593528

Observations

5

ANOVA
df

SS

MS

Regression

1

4.78E-07

4.77597E-07

Residual

3

0.000222

7.38487E-05

Total

4

0.000222

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

F
0.0064672

P-value

Significance F
0.9409683

Lower 95%

Upper 95%

Lower
95.0%

Upper
95.0%

-0.008048295

0.056877

-0.14150295

0.8964405

-0.189057

0.1729604

-0.18906

0.17296

0.000648344

0.008062

0.080419113

0.9409683

-0.0250087

0.0263054

-0.02501

0.026305

SUMMARY OUTPUT
4-year lagged, 3 year extremes
Regression Statistics
Multiple R

0.054350217

R Square

0.002953946

Adjusted R Square

-0.329394739
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Standard Error

0.00859007

Observations

5

ANOVA
df

SS

MS

Regression

1

6.56E-07

6.55846E-07

Residual

3

0.000221

7.37893E-05

Total

4

0.000222

Coefficients

Standard Error

t Stat

F
0.0088881

P-value

Significance F
0.9308332

Lower 95%

Upper 95%

Lower
95.0%

Upper
95.0%

Intercept

-0.00800403

0.049026

-0.16325988

0.880692

-0.1640276

0.1480196

-0.16403

0.14802

X Variable 1

0.000657685

0.006976

0.094276684

0.9308332

-0.0215434

0.0228588

-0.02154

0.022859

SUMMARY OUTPUT
5-year lagged, 3 year extremes
Regression Statistics
Multiple R

0.216558781

R Square

0.046897706

Adjusted R Square
Standard Error

-0.270803059
0.008398638

Observations

5

ANOVA
df

SS

MS

Regression

1

1.04E-05

1.04124E-05

Residual

3

0.000212

7.05371E-05

F
0.147616

Significance F
0.7264394
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Total

4

Coefficients

0.000222

Standard Error

t Stat

P-value

Lower 95%

Upper 95%

Lower
95.0%

Upper
95.0%

Intercept

-0.027704182

0.039461

-0.70206866

0.5332043

-0.153286

0.0978777

-0.15329

0.097878

X Variable 1

-0.002156129

0.005612

-0.38420823

0.7264394

-0.0200156

0.0157034

-0.02002

0.015703

3.c. Results of regression analysis – lagged three-year extremes of five year windows for winter precipitation.
SUMMARY OUTPUT
1-year lagged, 3 year extremes
Regression Statistics
Multiple R

0.065536132

R Square

0.004294985

Adjusted R Square
Standard Error

-0.327606687
0.008584291

Observations

5

ANOVA
df

SS

MS

Regression

1

9.54E-07

9.54E-07

Residual

3

0.000221

7.37E-05

Total

4

0.000222

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

F
0.012941

P-value

Significance F
0.916617

Lower 95%

Upper
95%

Lower
95.0%

Upper
95.0%

-0.017683961

0.044752

-0.39515

0.719151

-0.16011

0.124738

-0.16011

0.124738

1.00084E-05

8.8E-05

0.113756

0.916617

-0.00027

0.00029

-0.00027

0.00029
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SUMMARY OUTPUT
2-year lagged, 3 year extremes
Regression Statistics
Multiple R

0.460187163

R Square

0.211772225

Adjusted R Square
Standard Error

-0.050970367
0.007637742

Observations

5

ANOVA
df

SS

MS

Regression

1

4.7E-05

4.7E-05

Residual

3

0.000175

5.83E-05

Total

4

0.000222

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

F
0.806006

P-value

Significance F
0.435465

Lower 95%

Upper
95%

Lower
95.0%

Upper
95.0%

-0.043205702

0.034248

-1.26155

0.296281

-0.1522

0.065787

-0.1522

0.065787

6.12169E-05

6.82E-05

0.897779

0.435465

-0.00016

0.000278

-0.00016

0.000278

SUMMARY OUTPUT
3-year lagged, 3 year extremes
Regression Statistics
Multiple R

0.65984888

R Square

0.435400544

Adjusted R Square

0.247200725
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Standard Error

0.006464119

Observations

5

ANOVA
df

SS

MS

Regression

1

9.67E-05

9.67E-05

Residual

3

0.000125

4.18E-05

Total

4

0.000222

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

F
2.313501

P-value

Significance F
0.225599

Lower 95%

Upper
95%

Lower
95.0%

Upper
95.0%

-0.050659217

0.025181

-2.01181

0.137742

-0.1308

0.029478

-0.1308

0.029478

7.79696E-05

5.13E-05

1.52102

0.225599

-8.5E-05

0.000241

-8.5E-05

0.000241

SUMMARY OUTPUT
4-year lagged, 3 year extremes
Regression Statistics
Multiple R

0.555261506

R Square

0.30831534

Adjusted R Square

0.077753787

Standard Error

0.007154729

Observations

5

ANOVA
df

SS

MS

Regression

1

6.85E-05

6.85E-05

Residual

3

0.000154

5.12E-05

F
1.337237

Significance F
0.331247
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Total

4

Coefficients
Intercept
X Variable 1

0.000222

Standard Error

t Stat

P-value

Lower 95%

Upper
95%

Lower
95.0%

Upper
95.0%

-0.039941881

0.02385

-1.67474

0.192578

-0.11584

0.035958

-0.11584

0.035958

5.16839E-05

4.47E-05

1.156389

0.331247

-9.1E-05

0.000194

-9.1E-05

0.000194

MS

F
6.616537

SUMMARY OUTPUT
5-year lagged, 3 year extremes
Regression Statistics
Multiple R

0.829480195

R Square

0.688037394

Adjusted R Square

0.584049859

Standard Error

0.004804967

Observations

5

ANOVA
df

SS

Regression

1

0.000153

0.000153

Residual

3

6.93E-05

2.31E-05

Total

4

0.000222

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

P-value

Significance F
0.082331

Lower 95%

Upper
95%

Lower
90.0%

Upper
90.0%

-0.049271364

0.014413

-3.41855

0.041887

-0.09514

-0.0034

-0.08319

-0.01535

7.03999E-05

2.74E-05

2.572263

0.082331

-1.7E-05

0.000157

5.99E-06

0.000135
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3.d. Results of regression analysis – lagged three-year extremes of five year windows for summer precipitation.
SUMMARY OUTPUT
1-year lagged, 3 year extremes
Regression Statistics
Multiple R

0.712196839

R Square

0.507224338

Adjusted R Square

0.342965784

Standard Error

0.006038982

Observations

5

ANOVA
df

SS

MS

Regression

1

0.000112616

0.000112616

Residual

3

0.000109408

3.64693E-05

Total

4

0.000222024

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

F
3.087963

P-value

Significance F
0.177124

Lower 95%

Upper 95%

Lower
95.0%

Upper
95.0%

-0.040545907

0.016124153

-2.514606876

0.086586

-0.09186

0.0107683

-0.09186

0.010768

0.000224022

0.000127484

1.757260085

0.177124

-0.00018

0.0006297

-0.00018

0.00063

SUMMARY OUTPUT
2-year lagged, 3 year extremes
Regression Statistics
Multiple R

0.115352214
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R Square

0.013306133

Adjusted R Square
Standard Error

-0.315591822
0.008545359

Observations

5

ANOVA
df

SS

MS

Regression

1

2.95428E-06

2.95428E-06

Residual

3

0.000219069

7.30232E-05

Total

4

0.000222024

Coefficients
Intercept
X Variable 1

Standard Error

t Stat

F
0.040457

P-value

Significance F
0.853455

Lower 95%

Upper 95%

Lower
95.0%

Upper
95.0%

-0.016257274

0.018522438

-0.87770703

0.444719

-0.0752

0.0426894

-0.0752

0.042689

3.08845E-05

0.000153548

0.201138565

0.853455

-0.00046

0.0005195

-0.00046

0.00052

SUMMARY OUTPUT
3-year lagged, 3 year extremes
Regression Statistics
Multiple R
R Square
Adjusted R Square
Standard Error

0.028330972
0.000802644
-0.332263141
0.008599333

Observations

5

ANOVA
df

SS

MS

F

Significance F
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Regression

1

1.78206E-07

1.78206E-07

Residual

3

0.000221846

7.39485E-05

Total

4

0.000222024

Coefficients

Standard Error

t Stat

0.00241

P-value

0.963933

Lower 95%

Upper 95%

Lower
95.0%

Upper
95.0%

Intercept

-0.011707247

0.01882445

-0.621917085

0.578058

-0.07162

0.0482006

-0.07162

0.048201

X Variable 1

-7.22651E-06

0.000147208

-0.049090388

0.963933

-0.00048

0.0004613

-0.00048

0.000461

Lower
95.0%

Upper
95.0%

-0.05601

0.038502

SUMMARY OUTPUT
4-year lagged, 3 year extremes
Regression Statistics
Multiple R

0.15332129

R Square

0.023507418

Adjusted R Square
Standard Error

-0.301990109
0.00850107

Observations

5

ANOVA
df

SS

MS

Regression

1

5.21921E-06

5.21921E-06

Residual

3

0.000216805

7.22682E-05

Total

4

0.000222024

Coefficients
Intercept

-0.008754397

Standard Error
0.014848932

t Stat
-0.589564091

F
0.07222

P-value
0.59694

Significance F
0.805553

Lower 95%
-0.05601

Upper 95%
0.0385015
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X Variable 1

-2.7661E-05

0.000102929

-0.268737714

0.805553

-0.00036

0.0002999

-0.00036

0.0003

SUMMARY OUTPUT
5-year lagged, 3 year extremes
Regression Statistics
Multiple R

0.157433475

R Square

0.024785299

Adjusted R Square
Standard Error

-0.300286268
0.008495506

Observations

5

ANOVA
df

SS

MS

Regression

1

5.50293E-06

5.50293E-06

Residual

3

0.000216521

7.21736E-05

Total

4

0.000222024

Coefficients

Standard Error

t Stat

F
0.076246

P-value

Significance F
0.800381

Lower 95%

Upper 95%

Lower
95.0%

Upper
95.0%

Intercept

-0.008039313

0.016989868

-0.473182795

0.668382

-0.06211

0.04603

-0.06211

0.04603

X Variable 1

-3.31767E-05

0.00012015

-0.276126184

0.800381

-0.00042

0.0003492

-0.00042

0.000349

4.a Regression results for long-term climate analysis--mean maximum summer temperatures (1926-2008).
SUMMARY OUTPUT
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Mean maximum summer temp
Regression Statistics
Multiple R

0.202474

R Square

0.040996

Adjusted R Square

0.029156

Standard Error

1.212975

Observations

83

ANOVA
df
Regression

SS

MS

F
3.462588

Significance F

1

5.094536

5.094536

Residual

81

119.176

1.471309

Total

82

124.2705

Coefficients

Standard Error

Intercept

2.299939

10.93184

0.210389

0.833892

-19.451

24.05088

-19.451

24.05088

X Variable 1

0.010341

0.005557

1.860803

0.066401

-0.00072

0.021398

-0.00072

0.021398

t Stat

P-value

0.066401

Lower 95%

Upper
95%

Lower
95.0%

Upper
95.0%

4.b Regression results for long-term climate analysis--mean winter minimum temperatures (1926-2008).
SUMMARY OUTPUT
Mean minimum winter temp
Regression Statistics
Multiple R

0.343813

R Square

0.118208

Adjusted R Square

0.107321
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Standard Error

1.298762

Observations

83

ANOVA
df

MS

F

1

18.31567

18.31567

10.85835

Residual

81

136.6293

1.686782

Total

82

154.945

Coefficients

Standard Error

Intercept

-45.8073

11.70499

-3.91348

0.000188

X Variable 1

0.019607

0.00595

3.295201

0.001461

Regression

SS

t Stat

P-value

Significance F
0.001461

Upper
95%

Lower
95.0%

-69.0965

-22.518

-69.0965

-22.518

0.007768

0.031446

0.007768

0.031446

Lower 95%

Upper
95.0%

4.c Regression results for long-term climate analysis--total summer precipitation.
SUMMARY OUTPUT
Total summer precip
Regression Statistics
Multiple R

0.073669

R Square
Adjusted R
Square

0.005427

Standard Error

64.38465

Observations

-0.00685
83

ANOVA
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df
Regression

SS

MS

F
0.441998

1

1832.249

1832.249

Residual

81

335776.1

4145.384

Total

82

337608.3

Coefficients

Standard
Error

t Stat

P-value

Significance
F
0.508048

Lower 95%

Upper
95%

Lower
95.0%

Upper
95.0%

Intercept

-225.712

580.2618

-0.38898

0.698309

-1380.25

928.8265

-1380.25

928.8265

X Variable 1

0.196109

0.294976

0.664829

0.508048

-0.3908

0.78302

-0.3908

0.78302

4.d Regression results for long-term climate analysis--total winter precipitation.
SUMMARY OUTPUT
Total winter precip
Regression Statistics
Multiple R

0.094842

R Square
Adjusted R
Square

0.008995

Standard Error

209.3744

-0.00324

Observations

83

ANOVA
df
Regression
Residual

SS

MS

F
0.735204

1

32229.59

32229.59

81

3550848

43837.63

Significance
F
0.393731
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Total

82

Coefficients

3583077
Standard
Error

t Stat

P-value

Lower 95%

Upper
95%

Lower
95.0%

Upper
95.0%

Intercept

-997.642

1886.97

-0.5287

0.598459

-4752.12

2756.837

-4752.12

2756.837

X Variable 1

0.822493

0.959243

0.85744

0.393731

-1.0861

2.731086

-1.0861

2.731086
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Appendix B
This appendix contains the graphical depictions of the regressions of percent change in aspen cover as related to lagged
temperature and precipitation data (PRISM group at Oregon State University, http://gisdev.nacse.org/prism/nn) not contained
elsewhere in the thesis. The first section contains the graphs depicting percent change in aspen cover (dependent variable) and three
year averages of the climatic data (independent variable). The second section contains the graphs depicting percent change in aspen
cover and the three most extreme climatic averages over a five-year window.
1.a. Change in aspen cover (y-axis) as related to three year averages of summer maximum temperature from one to five year lag
periods.
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1.b. Change in aspen cover (y-axis) as related to three year averages of winter minimum temperature from one to five year lag periods.
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1.c. Change in aspen cover (y-axis) as related to three year averages of winter precipitation from one to five year lag periods.
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1.d. Change in aspen cover (y-axis) as related to three year averages of summer precipitation from one to five year lag periods.
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2.a. Change in aspen cover (y-axis) as related to the average of the highest three years of summer maximum temperature during a fiveyear window, lagged one to five years before the observed decline.
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2.b. Change in aspen cover (y-axis) as related to the average of the lowest three years of winter minimum temperature during a fiveyear window, lagged one to five years before the observed decline.
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2.c. Change in aspen cover (y-axis) as related to the average of the driest three years of winter precipitation during a five-year
window, lagged one to five years before the observed decline.

184

2.d. Change in aspen cover (y-axis) as related to the average of the driest three years of summer precipitation during a five-year
window, lagged one to five years before the observed decline.
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