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Abstract: Climate change will likely have dramatic impacts on forest 
health because many forest trees could become maladapted to climate. 
Furthermore, climate change will have additional impacts on forest health 
through changes in the distribution and severity of forest disease. Methods 
are needed to predict the influence of climate change on forest disease 
so that appropriate forest management practices can be implemented to 
minimize disease impacts. Initial approaches for predicting the future 
distribution of pathogens are dependent on reliable data sets that document 
the current, precise location of accurately identified pathogens and hosts. 
Precise distribution information can be used in conjunction with available 
climate surfaces to determine which climatic factors and interactions 
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influence species distribution. This information can be used to develop 
bioclimatic models to predict the probability of suitable climate space for 
host and pathogen species across the landscape. A similar approach using 
climate surfaces under predicted future climate scenarios can be used 
to project suitable climate space for hosts and pathogens in the future. 
Currently such predictions are well developed for many forest host species, 
but predictive capacity is extremely limited for forest pathogens because of 
lacking distribution data. Continued surveys and research are needed to 
further refine bioclimatic models to predict influences of climate and climate 
change on forest disease.

Resumen: El cambio climático tendrá probablemente impactos dramáticos en la 
salud forestal porque muchos árboles forestales podrían llegar a mal adaptarse 
al clima. Además el cambio climático tendrá impactos adicionales en la salud 
forestal a través de cambios en la distribución y severidad de las enfermedades 
forestales. Métodos para predecir la influencia del cambio climático en las 
enfermedades forestales son necesarios, de manera que las prácticas apropiadas 
de manejo forestal puedan ser implementadas para minimizar los impactos de 
la enfermedad. Aproximaciones iniciales para predecir la futura distribución 
de patógenos depende de bases de datos confiables que documenten la actual y 
precisa ubicación de los patógenos y hospederos correctamente identificados. 
La información precisa de distribución puede ser usada en conjunto con 
superficies climáticas disponibles para determinar cuales factores climáticos e 
interacciones influencian la distribución de especies. Esta información puede 
ser usada para desarrollar modelos bioclimáticos para predecir la probabilidad 
de un adecuado espacio climático para las especies de hospederos y patógenos 
a través del paisaje. Una aproximación similar usando superficies climáticas 
bajo escenarios climáticos futuros predichos puede ser usada para proyectar 
espacios climáticos apropiados para hospederos y patógenos en el futuro. 
Hoy día tales predicciones están bien desarrolladas para muchas especies 
hospederas forestales, pero la capacidad predictiva es extremadamente 
limitada para patógenos forestales debido a la falta de datos de distribución. 
Exploraciones continuas e investigación son necesarias para refinar más los 
modelos bioclimáticos para predecir influencias del clima y cambio climático 
en enfermedades forestales. 

Introduction

Climate change is expected to cause dramatic, direct impacts on the health of 
forests worldwide. For some areas of the world, computer models predict that 
many tree species will become maladapted (i.e., ill-suited to survive, grow, 
and reproduce in the ambient environment) to the predicted climate change 
over the next century (e.g., Rehfeldt et al., 2006). Impact on forest health will 
be even greater if damage from diseases and insects is enhanced by climate 
change (Klienjunas et al., 2008; McCarthy et al., 2001; Sturrock, 2007). It is 
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critical to consider the impacts of disease when predicting impacts of climate 
change. If impacts of climate change on forest disease can be predicted, then 
appropriate management practices can be implemented to minimize disease 
impacts.

Many types of tree diseases threaten the health and sustainability of forests. 
In this paper, we focus on a root disease. Climate change will likely have 
significant influences on tree root diseases, such as Armillaria root disease 
(Ayres and Lombardero, 2000; Kliejunas et al., 2008; McCarthy et al., 2001; 
Sturrock, 2007). Climate change could alter patterns of root disease by 1) 
direct effects on the development, survival, reproduction, dispersal, and 
distribution of hosts and pathogens; 2) physiological changes in tree defenses; 
and/or 3) indirect effects from changes in the abundance of mutualists and 
competitors (Ayres and Lombardero, 2000). 

The goal of this paper is to discuss approaches to predict impacts of climate 
change on root disease; however, similar approaches could be applied to 
other forest diseases. Our work with Armillaria root disease is used as an 
example. 

Forest disease: an interaction of host, 
pathogen, and environment

As a first step in predicting tree diseases, the conditions that are necessary 
for disease to occur must be considered. For disease to occur, a virulent 
pathogen and susceptible host must occur together at a time when the 
environmental conditions are favorable for the development of disease. This 
concept, known as the “Plant Disease Triangle,” is a fundamental principle 
in basic plant pathology (Figure 1). Thus, we must consider the pathogen, 
host, and environment when developing approaches to predict where forest 
diseases will occur.
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Figure 1. The plant disease triangle. Plant disease occurs when 
a virulent pathogen comes into contact with a susceptible host at 
a time when the environment is favorable for the development of 
disease.
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Pathogens that cause Armillaria root disease

The Armillaria genus contains many species that can cause Armillaria root 
disease. Because the pathogen must be accurately identified at a species or 
subspecies level to allow predictions of disease, we will focus on one species, 
Armillaria solidipes (a currently recognized older name for A. ostoyae) 
(Burdsall and Volk, 2008). This pathogen has a wide distribution across the 
Northern Hemisphere (Figure 2) and has a wide host range that includes 
most conifers and several hardwood species. Armillaria solidipes plays 
diverse ecological roles in forests, ranging from being a beneficial saprophyte 
to a virulent pathogen. The pathogen inhabits diverse environments and has 
the potential for long-term and widespread occupancy of a site, For example, 
one vegetative clone of A. solidipes is predicted to occupy 965-ha, with an 
age estimate of 1,900 to 8,650 years (Ferguson et al., 2003). In addition, 
significant genetic diversity has been demonstrated within A. solidipes 
(Hanna et al., 2007), and it may have the potential to hybridize with other, 
closely related Armillaria species (Kim et al., 2006). 

? ??? ?
? ? ?

?
???

Figure 2. Distribution of Armillaria solidipes (depicted in red) (Hanna, 2005).
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Armillaria solidipes causes tree mortality, which ranges from being extensive 
within a disease center to being diffuse across a stand. Cumulative mortality 
from Armillaria root disease can reach 15-20% at 20 years of age (Morrison 
and Pellow, 1994; Whitney, 1988). Furthermore, root disease caused by this 
pathogen can also result in significant growth loss (e.g., up to 40% volume 
loss over 4-8 years in 18-year-old Douglas-fir, Pseudotsuga menziesii), 
frequently in the absence of readily observable symptoms (Cruickshank, 
2000; Morrison et al., 2000). Although A. solidipes produces mushrooms in 
autumn under some environmental conditions, it is more consistently found 
1) as rhizomorphs (root-like structures that occur on the root surface, under 
the bark, or in the soil); 2) as mycelial fans that occur under the bark; or 3) 
in decayed wood.
 

Hosts of Armillaria root disease 

While A. solidipes has an extremely wide host range across the Northern 
Hemisphere, and host susceptibility varies with geographic location. 
In western North America, A. solidipes can cause major growth losses in 
Douglas-fir or true firs (Abies spp.; Kile et al., 1991). Because of its economic 
value and widespread occurrence in western North America, we focus here 
on Douglas-fir to predict potential impacts of Armillaria root disease.

Determining the potential distribution of 
the pathogen 

Accurate baseline information on pathogen occurrence is needed to develop 
predictions of the pathogen’s current distribution. Survey plots, scattered 
across ranging geographic areas and diverse climates, represent a reliable 
method to obtain baseline information on pathogen distribution (Figure 3). 
For a chronic root pathogen such as A. solidipes, which is not readily detected 
on a site based on above-ground symptoms, surveys of all host species on 
plots must be quite thorough and include excavation of tree roots. Samples 
collected from fruiting bodies, rhizomorphs, mycelial fans, or decayed wood 
are all acceptable for establishing fungal cultures (Figure 3). Detailed plot 
information, such as precise location (e.g., GPS coordinates at +/– 30-m 
resolution or better), elevation, slope, aspect, soil type, habitat type, and 
other environmental data, is also needed. Because pathogen samples must 
be accurately characterized using DNA-based methods, it is recommended 
that pathogens be placed into culture to facilitate further study.
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Accurate identification of the pathogen species, subspecies, or population 
is critical to establishing a data set on pathogen distribution. Because it is 
difficult to identify many forest pathogens, such as Armillaria spp., based 
on vegetative morphology, DNA-based diagnostic methods are particularly 
useful to help validate taxonomic identification (Figure 4). For this example, 
cultures of A. solidipes were identified using PCR and DNA sequencing of 
the intergenic spacer-1 (IGS-1) region of the ribosomal DNA (rDNA) (Kim 
et al., 2006). 

Figure 3. Survey plots of 
Armillaria root disease. a) 
Approximately 400 0.04-ha 
plots were established in 
western North America; b) 
Roots of each tree species 
were thoroughly inspected 
for the pathogen. Precise 
location and associated 
collection data were 
recorded; c) Rhizomorphs 
of Armillaria spp. were 
collected; d) Mycelial fans 
of Armillaria spp. were also 
collected.

a b

c d

Figure 4. Identification of Armillaria species. a) Samples of Armillaria spp. 
were established in culture; b) Polymerase Chain Reaction (PCR) was used 
to amplify the intergenic spacer-1 (IGS-1) region of ribosomal DNA (rDNA); 
c) DNA sequences of IGS-1 were used to confirm the identification of A. 
solidipes or other species.

a

bc
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This approach establishes a data set of plots with confirmed presence or 
absence of accurately identified A. solidipes. A large data set is preferred – the 
larger the data set the more accurate will be the predictions of distribution. 

Determining the potential distribution of 
the host

As with the pathogens, it is also necessary to have baseline information on the 
distribution of the host-tree species. Although general range information is 
available for many tree species, more accurate predictions of distributions must 
rely on survey plot data that records species presence or absence at precise 
geographic locations (e.g., GPS coordinates) and elevations. Fortunately, 
survey plot data are available for several tree species. For example, the U. 
S. Forest Service, Forest Inventory and Analysis (FIA) maintains numerous 
permanent plots on forest and nonforest lands that have associated plot data 
for tree species and other plant species (Alerich et al., 2004; Bechtold and 
Patterson, 2005). Data sets from such survey plots are critical to developing 
models to predict the present distribution of forest species.

Climate surfaces
Understanding how climatic factors vary across the global landscape is 
necessary to determine the influence of climatic factors on plant disease. 
Based on information from numerous weather stations, various methods are 
available that create a climate surface, which is spatially interpolated climate 
data on a landscape grid (Hijmans et al., 2005). Climate data are available 
from several sources, such as WorldClim (http://www.worldclim.org/; Hijmans 
et al., 2005), Daymet (http://www.daymet.org/), (Rehfeldt et al., 2006; http://
forest.moscowfsl.wsu.edu/climate/index.html), and others. The climate 
surfaces from these sources allow estimations of multiple climatic factors, 
such as monthly temperatures, monthly moisture, and complex interactions 
among multiple factors, for a specific geographic location and elevation. For 
example, the climate surface for Degree Days > 5oC, a measure of warmth, 
is shown across western North America (Figure 5a).

Models to predict present distribution of the 
host and pathogen 

Models to predict species distribution are based on the data set of precise 
locations where the species is known to be present or absent. Climate 
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surfaces are used to estimate values for climate variables for each location. 
The analysis determines which climatic factors or interactions predict the 
presence and absence of the host species. The critical climate variables are 
incorporated into a bioclimatic model that predicts the probability of suitable 
climate space (i.e., the geographic area that possesses a climate suitable 
for species survival) for the species across the landscape within the area 
that is being analyzed. For example, Rehfeldt et al., (2006) used a Random 
Forest classification tree algorithm to model suitable climate space for 
Douglas-fir across the landscape (Figure 6b). This prediction was based on 
ca. 120,000 plots (20,171 plots with Douglas-fir present) that were available 
from Forest Inventory and Analysis (U. S. Forest Service) and resulted in an 
error of omission approaching 0 and an error of commission of less than 9%. 
Lower sample numbers can be used for predictive models, but the user must 
determine the acceptable level of accuracy for their purposes. 

Figure 5. Example of current and future climate surface for one climatic factor (Degree Days           
> 5 °C ) using the CGCM3 model and the A2 “worse case” greenhouse gas scenario provided by The 
Intergovermental Panel on Climate Change (IPCC) (Rehfeldt et al., 2006). a) current climate surface; 
b) Projected future climate surface for the year 2090.

a b

It is difficult to predict pathogen distribution with high accuracy because 
data sets confirming pathogen occurrence are usually quite limited in 
comparison with host data sets. For predicting the potential current 
distribution of A. solidipes, we based our prediction on ca. 400 survey plots 
of which A. solidipes was found on 202 plots. Several different bioclimatic 
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Figure 6. Examples of approaches to predict current suitable climate space for Armillaria solidipes 
and a susceptible host, Douglas-fir (Pseudotsuga menziesii), in the interior northwestern USA. a) 
Preliminary example of an approach to predict suitable climate space for A. solidipes using MAXENT 
and the climate data and variables of Rehfeldt et al., (2006); b) Predicted suitable climate space for 
Douglas-fir using Random Forest classification (Rehfeldt et al., 2006). Colors represent the number of 
tree votes cast, analogous to the probability of occurrence. Yellow = 50 to 75, Red 76 to 100 votes.

models can be used to predict A. solidipes distribution. Figure 6a shows a 
probability distribution for suitable climate space generated using Maximun 
Entropy modeling (MAXENT; Phillips et al., 2006; Phillips and Dudik, 2008) 
that is based on presence-only data. This spatial model could correspond 
to the present distribution of A. solidipes if this species has expanded to 
its ecological breadth and climate is the primary factor that influences its 
distribution. 

Armillaria solidipes
Contemporary 
(preliminary)

Douglas-fir
Contemporary

(Rehfeldt et al., 2006)

Model to predict future climate surfaces

General Circulation Models (GCMs) are a class of computer models that 
forecast weather and climate change. GCMs can be used with various 
greenhouse-gas-emission scenarios, such as those proposed by the Special 
Report on Emissions Scenarios (SRES), an intergovernmental panel on 
climate change, to predict the future global climate surface (McCarthy et al., 
2001). Examples of GCMs include 1) CGCM3 – Canadian Centre for Climate 
Modeling and Analysis (Flato and Boer, 2001); 2) HadCM3 – Hadley Center 
(Gordon et al., 2000); and 3) GFDL CM2.1 – Geophysical Fluid Dynamics 
Laboratory (Delworth et al., 2006). SRES scenarios are based on different 
assumptions of population growth, economic development, and technological 
development. Three common SRES scenarios that represent low, moderate, 
and high estimations of future atmospheric CO2 concentrations include the 

a b
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SRES B1 (atmospheric CO2 concentration stabilizing at just below 550ppm by 
2100), SRES A1B (CO2 rate still rising but at a slower rate to 700ppm by 2100), 
and the “worse case” SRES A2 (increasing CO2 shows no sign of slowing down 
with 800ppm by 2100) (Peterson et al., 2008). Figure 5 shows an example of 
current and future projections of the climate surface for one climatic factor 
(Degree Days > 5oC) produced by the CGCM3 model and the A2 “worse case” 
SRES scenario. However, according to the Global Carbon Project, (2008), the 
most recent records of the annual mean growth rate of atmospheric CO2 show 
levels have increased faster than projected. The suitable climate space for host 
and pathogen species across the landscape can then be projected onto the 
future climate surfaces showing potential changes in species distributions 
based on the climate change scenario.

Models to predict future suitable climate 
space for hosts and pathogens under 

changing climate scenarios

Future climate surfaces produced by a GCM and specified scenario for 
greenhouse-gas emissions serve as the basis for bioclimatic modeling of 
suitable climate space for hosts and pathogens across future landscapes. 
Different models and greenhouse-gas emission scenarios produce different 
future climate surfaces, and projections of climate change are variable. 
Further comparisons among the GCMs and discussion of their reliability 
are beyond the scope of this paper. However, predictions of climate change 
impacts on forest disease are dependent on an accurate GCM projection.

Figure 7 shows examples of approaches to predict suitable climate space for 
A. solidipes and Douglas-fir within the interior northwestern USA. In these 
examples for the decade 2060, minor shifts in the probability of suitable 
climate space for A. solidipes are apparent in this region. In contrast, the 
probability of suitable climate space for Douglas-fir is markedly decreased. 
If this projection holds true, it is reasonable to assume that many Douglas-fir 
stands in this region may become stressed due to climate maladaptation. 
Such stress could render trees more susceptible to Armillaria root disease. 

For such prediction models, it must be noted that predicted suitable climate 
space for a species does not necessarily correspond to the future distribution 
of that species. Future species distribution will depend on many factors such 
as population structure, migration, regeneration, competition, susceptibility 
to insect attack and diseases, and other interacting factors. The realized 
distribution of a species will be determined by the interactions among diverse 
biological, climatic, and environmental factors.
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Figure 7. Examples of approaches to predict future suitable climate space for Armillaria solidipes 
and a susceptible host, Douglas-fir (Pseudotsuga menziesii), in the interior northwestern USA. a) 
Preliminary example of an approach to future suitable climate space for A. solidipes in the year 2060 
using MAXENT, CGCM3 GCM (Canadian Center for Climate Modeling and Analysis, SRES A1B), and 
climate data from Rehfeldt et al., (2006); b) Predicted suitable climate space for Douglas-fir using 
Random Forest classification (Rehfeldt et al., 2006). Colors represent the of number tree votes cast, 
analogous to the probability of occurrence. Yellow = 50 to 75, Red 76 to 100 votes.

Armillaria solidipes 
Year 2060

(preliminary)

Douglas-fir
Year 2060

(Rehfeldt et al., 2006)

Toward determining when and where 
disease will occur

Predictions of potential distribution of forest pathogens and hosts under 
current and changing climate will provide valuable insights about where 
hosts and pathogens might co-occur and thus, where diseases might occur. It 
is important to note, however, that the co-occurrence of suitable climate space 
for the pathogens and their host(s) does not necessarily result in disease. The 
establishment and severity of disease depends on many interacting factors, 
including: seasonal or annual weather, microclimatic factors, age and vigor 
of host plants, pathogen inoculum potential, host tree density, stand history, 
past management practices, host species composition and age, localized 
populations of hosts and pathogens, occurrence of pathogen vectors, 
biological control agents, and several other factors. One aspect of changing 
climate is the increased variability in weather and a greater likelihood of 
extreme weather (e.g., high temperatures, low temperatures, drought, and 
excessive rain events) (IPCC, 2001). Weather events could increase or 
decrease the level of forest disease depending on the weather event and 
the pathosystem. Predictions of forest disease occurrence will likely improve 
when other contributing factors are incorporated into classification models. 

a b
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Because of lacking prerequisite information, it will likely be challenging to 
develop approaches to accurately predict the spatial distribution of some 
forest diseases. For this reason, many assessments of forest disease must still 
rely on information obtained at the stand level. 

Regarding our Armillaria root disease example, it appears that A. solidipes 
and Douglas-fir are both broadly well adapted to the existing climate in the 
interior northwestern USA (Figure 6). However, Armillaria root disease is 
currently quite severe on Douglas-fir in this region. Because Armillaria root 
disease is generally more severe on trees predisposed by stress, it seems 
reasonable that this disease could become even more severe in the future if 
Douglas-fir is subjected to climate stress, such as is projected for the interior 
northwestern USA (Rehfeldt et al., 2006: Figure 6b). Thus, we might expect 
increased likelihood of disease if 1) host trees are maladapted to climate 
or subjected to other stress agents such as seasonal weather (e.g., moisture 
or temperature extremes), insect attack, wounding, etc. or 2) past stand 
history or management has contributed to increased inoculum potential 
(McDonald et al., 1987) such as by leaving colonized stumps or selectively 
removing tolerant tree species. Forest management decisions can be based 
on predictions of host and pathogen distribution coupled with other stand 
information.

Forest management applications

Predictions of forest disease incidence and severity under current and 
changing climate scenarios are useful to managers for strategic and 
management planning. Several management coping strategies have been 
proposed, including 1) favoring forest species and populations that are 
adapted to future climatic conditions; 2) altering species composition and 
diversity to favor resistant/tolerant hosts in areas where disease presence is 
predicted; and 3) changing forest structure and age patterns at landscape 
scales; and 4) other strategies, such as reducing inoculum potential by 
removing its source, avoiding wounding or stressing trees, and increasing 
biological control activity. These suggestions are largely based on historical 
information; however, managers may face environmental conditions that 
have no historical precedent. For this reason, it is difficult to base proposed 
management actions on scientifically rigorous research. Managers must 
recognize that a changing climate will likely create novel conditions for 
which previous experience is unavailable. Thus, an increased emphasis is 
needed on strategies that consider ecosystem adaptability.

Regarding the Armillaria root disease example, a number of management 
options are available depending on the situation and management 
objectives. These options could include 1) selectively removing species 
that are maladapted or predicted to become maladapted; 2) planting with 
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seed-sources that are well-adapted to the predicted climate during the trees’ 
lifespan; 3) selectively favoring several species (e.g., Pinus spp. or Larix spp.) 
that are more tolerant of Armillaria root disease and adapted to the predicted 
climate; 4) avoiding wounding of trees, which may facilitate pathogen 
infection; 5) employing treatments that reduce or do not exacerbate tree 
stress; 6) applying treatments that minimize woody substrates that can serve 
to build up the inoculum potential; or 7) other less developed practices, such 
as fostering biological control. As with most forest management, management 
practices must be selected for the specific stand and objectives.

Additional information needs to refine 
disease predictions

Approaches that are currently available for predicting climate influences on 
forest disease provide a solid foundation for forest planning. However, further 
refinements will improve accuracy and utility of these approaches. Of critical 
need is more information on the current distribution of accurately identified 
pathogens. Prediction models can be further improved by including additional 
information, such as more precise climate data, other geographic information 
(e.g., slope, aspect, topography), and other environmental data (e.g., soil 
type, habitat type). Improved precision will be achieved by understanding 
the population structure of hosts and pathogens and the adaptation of these 
populations to climatic factors. Other interacting biotic factors, such as 
the distribution and activities of biological control agents or vectors, also 
influence the occurrence of forest disease and should be considered where 
they are relevant. Once climatic influences on host and pathogen distribution 
are better understood, information is frequently needed to determine the 
climatic conditions, seasonal/annual weather, and microclimates that are 
suitable for the development of disease. Many forest diseases may also be 
influenced by inoculum potential, stand history, stand vigor, stand age, stand 
structure, stand density, and many other interacting factors that may require 
assessment at the stand level. Thus, continued surveys and research can 
provide necessary information for refining predictions of climate influence 
on diverse forest diseases.

Methods and information are available to continue refining predictions of 
climatic influences on forest disease. Geographic data (e.g., slope, aspect, 
and topography) can be obtained from various landscape modeling software 
(e.g., GoogleTM Earth, DeLorme Xmap®, ESRI’s ArcGIS and ArcMap) and 
websites (e.g., USGS). Similarly, soils data are available for many regions from 
diverse sources, such as from government agencies (e.g., National Resource 
Conservation Service in the USA) or commercial sources. Populations and 
phylogenetic relationships of hosts and pathogens can be determined by the 
application of genetic markers (Hamelin, 2006; Kim et al., 2005; Richardson 
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et al., 2005). Predicting the distribution of biological control agents or vectors 
can be accomplished in a manner similar to predictions for the hosts and 
pathogens. Furthermore, insights on the role of host maladaptation and 
disease development can be gained from disease surveys that include hosts 
growing on the margin of their range. If warranted, remote sensing tools (e.g., 
light detection and ranging – LIDAR, satellite imagery, spectral analysis) can 
be used to obtain stand-level information such as stand vigor, age, structure, 
and density. Other factors that contribute to disease incidence, such as stand 
history and inoculum potential, could be determined for the individual 
stands of interest.

An integration of diverse tools and data is necessary to improve predictions 
for climatic influence on forest disease. Reliable predictions are especially 
critical to address and mitigate future impacts of climate change on forest 
disease, which will likely be quite severe in many regions if this issue is 
neglected. Fortunately, approaches are currently available to develop models 
for predicting the potential impacts of climate change on forest disease. The 
health of our future forests is dependent upon continued efforts to develop 
and refine these models in conjunction with other predictive tools.

Acknowledgments

We thank Phil Cannon, C.G. “Terry” Shaw, Nick Crookston, Rona Sturrock, 
and Jonalea Tonn for reviews of an earlier version of this manuscript. This 
paper was supported by the USDA Forest Service Global Change Research 
Funding and Research Joint Venture Agreement 07-JV-11221662-078. 



115

References

Alerich, C.A.; Klevard, L.; Liff, C.; Miles, P.D. 2004. The forest inventory and 
analysis database: database description and users guide, version 1.7. http://
ncrs2.fs.fed.us/4801/fiadb/fiadb_documentation/FIADB_v17_122104.pdf.

Ayres, M.P.; Lombardero, M.J. 2000. Assessing the consequences of global change 
for forest disturbance from herbivores and pathogens. The Science of the Total 
Environment 262: 263-286.

Bechtold, W.A.; Patterson, P.L. 2005. The enhanced forest inventory and analysis 
program: national sampling design and estimation procedures. Asheville, NC, 
USA: U. S. Forest Service Southern Research Station, Gen. Tech. Rep. SRS-
80. 85 pp.

Burdsall, H.H., Jr.; Volk, T.J. 2008. Armillaria solidipes, an older name for the 
fungus called Armillaria ostoyae. North American Fungi 3: 261-267.

Cruickshank, M. 2000. Volume loss of Douglas-fir infected with Armillaria ostoyae. 
pp. 127-129 In: Hellstedt, C.; Sutherland, K.; Innes, T., eds. Proceedings, 
From science to management and back: a science forum for southern interior 
ecosystems of British Columbia. Kamloops, B.C.: Southern Interior Forest 
Extension and Research Partnership.

Delworth, T.L.; Rosati, A.; Stouffer, R.J.; Dixon, K.W.; Dunne, J.; Findell, K.L.; 
Ginoux, P.; Gnanadesikan, A.; Gordon, C.T.; Griffies, S.M.; Gudgel, R.; 
Harrison, M.J.; Held, I.M.; Hemler, R.S.; Horowitz, L.W.; Klein, S.A.; 
Knutson, T.R.; Lin, S.-J.; Ramaswamy, V.; Schwarzkopf, M.D.; Sirutis, J.J.; 
Spelman, M.J.; Stern, W.F.; Winton, M.; Wittenberg, A.T.; Wyman, B.; Broccoli, 
A.J.; Balaji, V.; Russell, J.; Zhang, R.; Beesley, J.A.; Lu, J.; Cooke, W.F.; 
Durachta, J.W.; Langenhorst, A.R.; Lee, H.-C.; Zeng, F.; Dunne, K.A.; Milly, 
P.C.D.; Kushner, P.J.; Malyshev, S.L.; Shevliakova, E. 2006. GFDL’s CM2 global 
coupled climate models. Part 1: Formulation and simulation characteristics. 
Journal of Climate 19: 643-674.

Ferguson, B.A.; Dreisbach, T.A.; Parks, C.G.; Filip, G.M.; Schmitt, C.L. 2003. 
Coarse-scale population structure of pathogenic Armillaria species in a mixed-
conifer forest in the Blue Mountains of northeast Oregon. Canadian Journal of 
Forest Research 33: 612-623.

Flato, G.M.; Boer, G.J. 2001. Warming asymmetry in climate change simulations. 
Geophysical Research Letters 28: 195-198.

Global Carbon Project 2008. Carbon budget and trends 2007. [www.
globalcarbonproject.org, 26 September 2008].

Gordon, C.; Cooper, C.; Senior, C.A.; Banks, H.; Gregory, J.M.; Johns, R.C.; 
Mitchell, J.F.B.; Wood, R.A. 2000. The simulation of SST, sea-ice extents and 
ocean heat transport in a version of the Hadley Centre coupled model without 
flux adjustments. Climate Dynamics 16: 147-168.



116

Hamelin, R.C. 2006. Molecular epidemiology of forest pathogens: from genes to 
landscape. Canadian Journal of Plant Pathology 28: 167-181.

Hanna, J.W. 2005. Armillaria ostoyae: Genetic characterization and distribution 
in the western United States. M.Sci. thesis, University of Idaho, Moscow, ID, 
USA. 116 p.

Hanna, J.W.; Klopfenstein, N.B.; Kim, M.-S.; McDonald, G.I.; Moore, J.A. 2007. 
Phylogeographic patterns of Armillaria ostoyae in the western United States. 
Forest Pathology 37: 192-216.

Hijmans, R.J.; Cameron, S.E.; Parra, J.L.; Jones, P.G.; Jarvis, A. 2005. Very high 
resolution interpolated climate surfaces for global land areas. International 
Journal of Climatology 25: 1965-1978.

IPCC. 2001. Climate change 2001: the scientific basis. Contribution of working 
group I to the third assessment report of the Intergovernmental Panel on 
Climate Change. Houghton, J.T.; Ding, Y.; Griggs, D.J.; Noguer, M.; van der 
Linden, P.J.; Dai, X.; Maskell, K.; Johnson, C.A., eds. Cambridge, United 
Kingdom and New York, NY, USA: Cambridge University Press. 881 pp.

Kile, G.A.; McDonald, G.I.; Byler, J.W. 1991. Ecology and disease in natural 
forests. pp. 102-121 In: Shaw, C.G., III.; Kile, G.A. Armillaria Root Disease. 
Agricultural Handbook No. 691. Washington, D.C.: USDA Forest Service. 
Chapter 8.

Kim, M.-S.; Klopfenstein, N.B.; Hamelin, R.C. 2005. Application of molecular 
genetic tools to studies of forest pathosystems. pp. 9-20 In: Lundquist, J.E.; 
Hamelin, R.C., eds. Forest pathology – from genes to landscapes. St. Paul, 
MN, USA: The American Phytopathological Society. Chapter 2,.

Kim, M.-S.; Klopfenstein, N.B.; Hanna, J.W.; McDonald, G.I. 2006. Characterization 
of North American Armillaria species: genetic relationships determined by 
ribosomal DNA sequences and AFLP markers. Forest Pathology 36: 145-164.

Kliejunas, J.T.; Geils, B.; Glaeser, J.M.; Goheen, E.M.; Hennon, P.; Kim, M.-
S.; Kope, H.; Stone, J.; Sturrock, R.; Frankel, S. 2008. Climate and forest 
diseases of western North America: a literature review. Albany, CA, USA: 
U.S. Department of Agriculture, Forest Service, Pacific Southwest Research 
Station. 36 p. (http://www.fs.fed.us/wwetac/projects/PDFs/Climate_Forest_
Disease_Lit_Review.pdf).

McCarthy, J.J.; Canziani, O.F.; Leary, N.A.; Dokken, D.J.; White, K.S., eds. 2001. 
Climate change 2001: impacts, adaptation and vulnerability. Contribution of 
working group II to the third assessment report of the Intergovermental Panel 
on Climate Change (IPCC). Cambridge, UK: Cambridge University. 1000 p.

McDonald, G.I.; Martin, N.E.; Harvey, A.E., 1987. Occurrence of Armillaria spp. 
in forests of the northern Rocky Mountains. Research Paper INT-381. Ogden, 
UT, USA.: U.S. Department of Agriculture, Forest Service, Intermountain 
Research Station. 5 p.



117

Morrison, D.J.; Pellow, K.W. 1994. Development of Armillaria root disease in a 
25-year-old Douglas-fir plantation. pp. 560-571 In: Johansson, M.; Stenlid, 
J. eds. Proceedings of the 8th International Conference on Root and Butt Rots. 
1993 August, Wik, Sweden and Haikko, Finland. Uppsala, Sweden: Swedish 
University of Agricultural Sciences.

Morrison, D.J.; Pellow, K.W.; Norris, D.J.; Nemec, A.F.L. 2000. Visible versus 
actual incidence of Armillaria root disease in juvenile coniferous stands in the 
southern interior of British Columbia. Canadian Journal of Forest Research 
30: 405-414.

Peterson, T.C.; M. McGuirk, M.; Houston, T.G.; Horvitz, A.H.; Wehner, M.F. 2008. 
Climate variability and change with implications for transportation: National 
Research Council and American Meteorological Society, 20th Conference on 
Climate Variability and Change. 90 p. http://ams.confex.com/ams/88Annual/
techprogram/paper_131039.htm

 Phillips, S.J.; Anderson, R.P.; Schapire, R.E. 2006. Maximum entropy modeling of 
species geographic distributions. Ecological Modelling 190: 231-259.

Phillips, S.J.; Dudik, M. 2008. Modeling of species distributions with Maxent: 
new extensions and a comprehensive evaluation. Ecography 31: 161-175.

Rehfeldt, G.E.; Crookston, N.L.; Warwell, M.V.; Evans, J.S. 2006. Empirical analysis 
of plant-climate relationships for the western United States. International 
Journal of Plant Science 167: 1123-1150. (http://forest.moscowfsl.wsu.edu/
climate/index.html).

Richardson, B.A.; Klopfenstein, N.B.; Peever, T.L. 2005. Assessing forest-pathogen 
interactions at the population level. pp. 21-30 In: Lundquist, J.E.; Hamelin, 
R.C., eds. Forest pathology – from genes to landscapes. St. Paul, MN, USA: 
The American Phytopathological Society. Chapter 3,.

Sturrock, R.N. 2007. Climate change effects on forest diseases: an overview. pp. 
51-55 In: Jackson, M.B., compiler. Proceedings of the 54th annual Western 
International Forest Disease Work Conference, 2-6 October 2006, Smithers, 
BC, Canada.

Whitney, R.D. 1988. Armillaria root rot damage in softwood plantations in Ontario. 
Forestry Chronicles 64: 345-351.




