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ABSTRACT
We present a Bayesian network model based on the ecological risk assessment

framework to evaluate potential impacts to habitats and resources resulting from
wildfire, grazing, forest management activities, and insect outbreaks in a forested
landscape in northeastern Oregon. The Bayesian network structure consisted of
three tiers of nodes: landscape disturbances, habitats, and the ecological resources
or endpoints of interest to land managers. Nodes at each tier were linked to lower
nodes if ecological and spatial relationships existed between them. All parameters
had four potential discrete states: zero, low, medium, and high. Our model reliably
predicted probable risk to habitats and endpoints from natural and anthropogenic
disturbances. The disturbances most likely to transform habitats and effect ecological
resources were forest management and wildfire. Of the six habitats, moist forest
(characterized by Douglas fir and grand fir) was found to be at greatest risk of
ecological impacts. The management endpoint with the highest likelihood of impact
was historical range of variability (HRV) for salmon habitat, followed by recreation
(hunting native ungulates) and HRV wildfire. We found that the Bayesian approach
to ecological risk assessment was a useful method to assess potential impacts to
ecological resources resulting from forest management and natural disturbances.

Key Words: regional risk assessment, Bayesian networks, forestry management,
landscape disturbance.
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Bayesian Approach to Large-Scale Ecological Risk Assessment

INTRODUCTION

All ecological systems have developed under some type of natural disturbance
regime, and in most environments human activities have substantially altered the
frequency and severity of these disturbances. For this reason many scientists and
government agencies argue that public lands should be managed to keep current
disturbance frequency and severity within the natural or historical range of vari-
ability for that disturbance (Landres et al . 1999; Hann et al . 2003). In addition to
the difficulties inherent in identifying and characterizing the historical range of
variability for a single disturbance, landscapes are typically impacted from multiple
disturbances that operate at different spatial and temporal scales (Hemstrom et al .
2007). Across most landscapes natural disturbances and anthropogenic activities
combined led to direct and/or indirect ecological effects. As a consequence, at-
tempts at sustainable environmental and resource management must consider not
only the potential effects from natural disturbances but also the impacts of physically
managing these resources.

In the United States there are 759 million acres of forested land, of which 651
million acres are characterized as forest-use land, where resources are obtained
from these forests (Lubowski et al . 2006). While some private forests may be used
exclusively for timber harvests, most forests are managed for multiple uses. The
process and activities involved in forest management, therefore, will depend largely
on management goals decided on by stakeholders. For public lands the stakeholders
may include local, state, tribal, and federal governments; industry; and community-
interest groups—all of which may have different goals and perspectives on how
to effectively achieve balance between environmental protection and utilization.
A further challenge for resource managers is that not all forest products can be
maximized at the same time, leading to tradeoffs that impact forest management
activities. Forests are dynamic and ecologically complex and our understanding of
how to “best” manage these lands continues to evolve.

Ecosystems are integrated, complex levels of ecological organization and some
argue that ecosystem management requires a holistic, integrated approach that
links science, management activities, and environmental policy (Cortner 2000).
Some have argued that decision-making should be based in part on the predicted
outcomes of ecological assessment models that have been parameterized by data
gathered through environmental monitoring, thus creating a feedback between
management, assessment, and policy decision-making (Holling 1978; Walters 1986).
Unfortunately there are few examples of this type of integrated decision-making,
and most environmental monitoring programs are developed and occur indepen-
dent of any environmental assessment activities. Aside from the feedback between
environmental assessment and decision-making, adaptive ecosystem management
differs from traditional resource management in its recognition of uncertainty.
Uncertainty is inherent in complex, stochastic ecological systems yet incorrect or
incomplete knowledge of system processes can further increase uncertainty and
should be reduced to the extent possible.

Forests in the Pacific Northwest are harvested for timber, used for recreation
including hunting and fishing, and may also support grazing or mining activities.
While the process of forest management on publically owned lands is based on
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managing these multiple uses, management activities typically fall into one of three
categories: harvest (e.g., cutting trees or allowing grazing in specific allotments),
restoration, or construction of roads or trails to facilitate the other two activities
(Leuschner 1984; Johnson and Peterson 2005). The principal natural disturbance
in Pacific Northwest forests is wildfire, although insects and disease threaten vast
expanses of forest each year (Torgersen 2001). Forest management activities are
directed toward decreasing perceived risk from these disturbances. Recent models
of interior Pacific Northwest forest landscapes suggest that forest management can
alter the dynamic balance between natural disturbances (Ager et al . 2007; Hemstrom
et al . 2007), but does not eliminate the ecological impacts of disturbances when they
occur (Barbour et al . 2007).

In this article we present an ecological risk assessment used to evaluate the likeli-
hood of ecological impacts from wildfire, grazing, insects, and forest management
activities that occur in multiple habitats across a forested landscape in northeastern
Oregon. The approach taken was to develop a Bayesian network model based on the
conceptual model developed by Anderson and Landis (2012) and parameterized
using spatial data on the occurrences of natural disturbances and forest manage-
ment activities across the landscape as well as within different habitats as defined by
plant community composition.

Ecological Risk Assessment

An ecological risk assessment provides the context and protocol for predicting
environmental impacts of various stressors including natural and anthropogenic
disturbances. Ecological risk assessments were originally developed to assess the
potential for risk to organisms resulting from environmental pollutants released into
discrete areas. Soon after the development of the ecological risk assessment protocol
(USEPA 1992, 1998) it was recognized that ecological systems are impacted by more
than just the introduction of contaminants. Evaluation of ecological consequences
across large spatial scales with multiple disturbances necessitated the development
of new risk assessment approaches. The relative risk model (RRM) was developed
to address the potential for ecological risks in Port Valdez, Alaska, resulting from
multiple stressors that operate across different spatial and temporal scales (Landis
and Wiegers 1997, 2005). In the RRM, as in most ecological risk assessments today,
risk is defined as the likelihood of ecological impacts resulting from identified
stressors or ecological disturbances. Since the time of its development, the RRM
has been successfully used in ecological risk assessments at landscape and regional
scales (Wiegers et al . 1998; Obery and Landis 2002; Hart Hayes and Landis 2004).

One of the first steps in applying the RRM to an ecological system is to determine
the causal pathways linking the source of potential impacts, the habitat or location
of the ecological components of interest, and the potential impacts to those eco-
logical entities. One of the underlying principles of the RRM is that there must be
spatial overlap between the location of environmental disturbances (sources) and
the location of the ecological entities (habitats) for which risk is being determined
for any ecological impacts (endpoints) to occur. Functional and spatial relation-
ships between sources, habitats, and endpoints are depicted in the development of
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a graphical, conceptual model. The next step in the RRM is to assign ranks to the
sources and habitats that represent the extent of spatial overlap for each. One of the
final risk characterization steps of most quantitative ecological risk assessments is
an uncertainty analysis in which the sources of uncertainty are characterized and in
some cases quantified. Uncertainty can result from measurement error, systematic
error, natural variation, inherent randomness, subjective judgment, and incomplete
knowledge (Regan et al . 2002). Incomplete knowledge is often a large source of un-
certainty in ecological risk assessments owing to a lack of site-specific data.

An ecological risk assessment is meant to be an iterative process (USEPA 1992,
1998) so that as additional information is obtained, risk can be reevaluated, pro-
viding risk managers and stakeholders the information needed to make informed
decisions. A problem with many traditional risk assessments is that the risk analysis
process often lacks transparency, and estimates of risk and the associated uncertainty
may be difficult to communicate to stakeholders. In this article we demonstrate that
using Bayesian network models eliminates some of these shortcomings of ecological
risk assessments because the model’s structure reflects causal relationships and the
likelihood of risk to endpoints is graphically presented as a probability distribu-
tion. Bayesian network models have the added benefit that a broad array of data
types can be used and uncertainty is explicitly incorporated and reflected in the
risk estimates, resulting in a model that is versatile and may be more appropriate
for modeling complex ecological systems where high uncertainties exist than for
traditional approaches (Pollino and Hart 2008).

Bayesian Networks

The difference between classical, or frequentist, statistical methods and Bayesian
statistics is that frequentist statistics evaluate the probability of the evidence given a
hypothesis while Bayesian statistics evaluate the opposite. Bayesian networks (BNs)
are graphical models that use conditional probability distributions to describe re-
lationships between a model’s variables. BNs have been previously applied to eco-
logical systems (Lee 2000; Marcot et al . 2001; Rowland et al . 2003; Borsuk et al .
2004; Marcot et al . 2006a; Pollino et al . 2007a) and are considered to be effective
tools for guiding research and monitoring that supports decision-making (McCann
et al . 2006; Nyberg et al . 2006). Using Bayesian methods can reduce uncertainty in a
model due to a lack of knowledge because different types of information, including
a model’s predictions and expert judgment, can be used as data.

Another advantage of using a BN to model ecological systems is that BNs are
inherently hierarchical and causal, making them a valuable tool for assessing the
synergistic effects of various disturbances and evaluating alternative management
strategies The steps involved in developing a BN are: (1) developing a causal struc-
ture with relevant variables and dependencies, (2) assigning states to the model’s
variables, (3) specifying prior probabilities in the form of conditional probabil-
ity tables linking the model’s variables, (4) evaluating the model by conducting a
sensitivity analysis, and (5) updating the model with new evidence or knowledge
(Pollino et al . 2007b). These steps illustrate several similarities between BNs and
the framework used in ecological risk assessments; specifically, the importance of
an underlying causal framework, sensitivity analysis to determine where additional
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information is needed to reduce uncertainty, and the importance of updating the
model when new data become available.

Uncertainty in a BN is incorporated into the model through the nature of the
conditional probability tables or expressions that represent a variable. Because of
similarities in analysis structure, BNs are increasingly being viewed as a viable and
rigorous tool for ecological risk assessments. Within the last few years there have
been a few ecological risk assessments that have incorporated Bayesian network
modeling (Borsuk et al . 2004; Hart et al . 2006; Gibbs 2007; Pollino et al . 2007a).
While these recent publications reflect an increase in the application of BNs in
ecological risk assessments, the approach is still considered novel methodology
and none of these ecological risk assessments have tackled the large spatial ex-
tent that is required for ecological risk assessments at the landscape or regional
scale.

This research is unique because it is the first to apply Bayesian methods to an
ecological model of this spatial scale and complexity with direct implications for
adaptive forest management in the Pacific Northwest. We developed a BN model to
assess the potential ecological impacts to the habitats of the upper Grande Ronde
sub-watershed in the Wallowa-Whitman National Forest resulting from wildfire, graz-
ing, forest management activities, and insect outbreaks (the principal disturbances
for this area [Hemstrom et al . 2007]). We adapted the framework of the RRM (Lan-
dis and Wiegers 1997, 2005) into the BN and used spatial analysis data to evaluate
the occurrences and potential impacts of wildfires, grazing, pathogenic insects, and
forest management activities across multiple habitats using existing geographic in-
formation systems (GIS) data available from the U.S. Forest Service Region 6.

Study Area

The study area for this research was a portion of the upper Grande Ronde
sub-basin in northeastern Oregon, adjacent to the Oregon–Washington border
(Figure 1). The sub-basin has been actively researched for many years, and was
the trial region for the U.S. Forest Service’s Interior Northwest Landscape Analysis
System (INLAS) project; the outcomes of which demonstrated, among other things,
that an inherent tradeoff often exists between management goals due to the com-
plex ecological interactions that occur across landscapes over extended periods of
time (Barbour et al . 2007). The upper Grande Ronde sub-basin encompasses five
watersheds (HUC 5), with most of the land under Federal management as part
of the Wallowa-Whitman National Forest (U.S. Forest Service, La Grande District).
Other land owners/managers in the study area include private owners, the State
of Oregon, U.S. Department of the Interior Bureau of Land Management, and the
Confederated Tribes of the Umatilla (Barbour et al . 2007).

The climate of the upper Grande Ronde region is characterized as having short,
dry summers and long, cold winters, with highly variable precipitation levels occur-
ring principally as snow (Taylor and Bartlett 1993). The topography is varied with
elevations ranging from 360 to more than 2100 m, encompassing riparian corridors,
grazing lands, and several forested plant communities. Three forest types are rec-
ognized within the area: warm-dry Ponderosa Pine (Picea ponderosa) forests in the
semi-arid regions at low elevation, cool-moist Douglas fir (Pseudotsuga menzesii) and

950 Hum. Ecol. Risk Assess. Vol. 18, No. 5, 2012
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Bayesian Approach to Large-Scale Ecological Risk Assessment

Figure 1. Study area for the terrestrial landscape risk analysis. Analysis fo-
cuses on the potential occurrence and impact of natural and anthro-
pogenic disturbance on different habitat types within the Upper Grande
Ronde watershed (lower region) in the Blue Mountains of eastern
Oregon. (Color figure available online.)

grand fir (Abies grandis) dominated forests at mid-elevations, and cold, spruce-fir
forests dominated by Engelmann spruce (Picea engelmannii) and subalpine fir (Abies
lasiocarpa) in the high elevations (Figure 1; Barbour et al . 2007). These forests are
interspersed with grasses, shrubs, and wetlands whose species composition is largely
dependent on elevation (Powell et al . 2007).

We focused on the southern-most watershed in the sub-basin, the upper Grande
Ronde watershed, for our model because it is ecologically variable, contains critical
habitat for several federally threatened terrestrial and fish species, is used exten-
sively for recreation, grazing, and the landscape is representative of most water-
sheds in the region. Based on spatial analysis of satellite imagery data, the vege-
tation of the upper Grande Ronde watershed is approximately 86% forest, 11%
grassland, and 3% riparian habitat that is adjacent to more than 250 km of stream.
Within the upper Grande Ronde watershed the habitats of the Canada lynx (Lynx
canadensis), and gray wolf (Canis lupus) have been identified, in addition to those
of 40 terrestrial vertebrates of concern (Wisdom et al . 2000). Despite the overall
decline in Chinook salmon (Oncorhynchus tshawytscha), bull trout (Salvelinus conflu-
entus), and steelhead (Oncorhynchus mykiss) populations in Oregon, these federally
threatened species can still be found in the Grande Ronde river (Oregon Depart-
ment of Fish and Wildlife 2006) making sensitive management of this landscape
critical.

The upper Grande Ronde watershed has been extensively grazed by wild and
domestic ungulates, most notably by elk (Cervus elaphus), mule deer (Codocoileus
hemoinus), and cattle (Bos taurus) (Johnson 1994). Grazing still occurs within the
watershed, necessitating the need for resource management that seeks balance of
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recreational uses (hunting native ungulates) and sustainable grazing while minimiz-
ing landscape disturbance. The principal forest management goals for the area in-
clude reducing risk from catastrophic fire, decreasing impacts from invasive species,
sustaining and enhancing outdoor recreation opportunities, and the restoration
and improvement of watershed conditions (U.S. Forest Service 2010). However,
these management goals combined may not necessarily be achievable due to the
complex ecological interactions that occur across a such a large and variable land-
scape (Barbour et al . 2007), resulting in the need for land managers to have a tool
that can help them evaluate different management scenarios and direct monitoring
and research activities to improve management decision-making.

METHODS AND MATERIALS

The overall objective of this research was to evaluate if a BN model could be
developed using the framework for a regional scale ecological risk assessment and
to determine if such a model could be applied as a tool to assess alternative man-
agement scenarios. Most of the risk assessment planning and problem formation
was conducted in a prior risk assessment project (Anderson 2007; Anderson and
Landis 2012). A critical step in risk assessment planning and problem formation is
the development of a conceptual model. We used the conceptual model developed
by Anderson (2007; Anderson and Landis 2012) as part of a risk assessment using
the relative risk model for the same study area so that we could evaluate the model’s
outcomes for the two risk assessment approaches. The conceptual model consisted
of the sources of disturbances, habitats within the risk area (defined by plant com-
munities), and ecological resources of interest that correspond to management
goals for the area (Figure 2). In a conceptual model, connections between sources,
habitats, and endpoints exist only if there are causal pathways that exist between
them. Thus, there is an inherent similarity between the structure of a conceptual
model and that of a Bayesian network.

Bayesian Network Structure

A first step in constructing a BN model is to develop the graphical structure.
Models consist of nodes and linkages, with linkages representing causal relation-
ships between connected nodes. Our model was developed using the BN software
Netica (Norsys Software Corp., Vancouver, BC, Canada). The graphical structure
was based on the conceptual model developed by Anderson (2007; Anderson and
Landis 2012) with hierarchical nodes that represented the principal landscape dis-
turbances, habitats, and endpoints. Parent nodes and all successive nodes had four
potential states: zero, low, medium, and high risk, consistent with the relative risk
model for ecological risk assessment (Landis and Wiegers 1997, 2005). These states
were chosen to facilitate comparison between the results of this study to that of
Anderson and Landis (2012) as a means of validating the model against one that
was developed using different procedures. Development of the initial model’s struc-
ture was followed by a comprehensive survey of relevant literature to verify assumed
causal pathways, and extensive evaluation of available GIS data for potential use in
the model.

952 Hum. Ecol. Risk Assess. Vol. 18, No. 5, 2012
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Bayesian Approach to Large-Scale Ecological Risk Assessment

Figure 2. Conceptual model for the upper Grand Ronde sub-basin in northeastern
Oregon that links landscape disturbances to plant communities (habi-
tats), and ecological resources in the area. The boxes represent indi-
vidual sources, disturbances, habitats, or endpoints, and the lines con-
necting the boxes indicate that a causal pathway or spatial relationship
exists between the different components (reproduced from Anderson
and Landis 2012). (Color figure available online.)

Model’s Parameterization

The Bayesian network structure consisted of three tiers of nodes: landscape distur-
bances, habitats, and ecological endpoints (Figure 3). The parent nodes represented
the four principal landscape disturbances for the study area: forest management,
grazing, insects, and wildfire. These disturbances are major factors contributing to
landscape alteration within the study area (Barbour et al . 2007). The distribution of
risk states for each parent node was based on the likelihood of occurrence within
the study area, which was determined from spatial analysis of U.S. Forest Service
GIS data (Table 1). The second tier of the model represented the major habitats
of plants and animals (spatially defined by the dominant vegetation types) within
the watershed: cold forest, moist forest, dry forest, grasslands, riparian, and aquatic
systems. A linkage was made from a landscape disturbance to a habitat if the dis-
turbance was known to occur or would likely occur in that habitat based on either
spatial analysis data or relationships established in the scientific literature. Habitat
nodes were linked to nodes that represented ecological resources or attributes (end-
points) that related to specific management goals for this region. The endpoints
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K. K. Ayre and W. G. Landis

Figure 3. Bayesian network model developed for the analysis of ecological risk
from landscape disturbances in the upper Grande Ronde watershed in
northeastern Oregon. The top parameter nodes in the diagram repre-
sent landscape disturbances that were linked to the habitats where each
disturbance occurs (second tier of nodes). The lowest tier of nodes rep-
resents the endpoints of interest that reflect desired resources and/or
management goals. (Color figure available online.)

for the assessment were: timber resources (productivity and harvest), grazing lands,
recreation (specifically hunting wild ungulates), and maintaining wildfire frequency,
insect damage, level of invasive species present, and fish (salmonid) habitats within
the historical range of variability. These endpoints were chosen because they are
among the desired goals and conditions described in the land management plan
for the Wallowa-Whitman National Forest (U.S. Forest Service 2010).

Nodes in the lower tiers (habitats and endpoints) were linked to those above if
a causal pathway existed. The relationships between nodes are defined by condi-
tional probability tables (CPTs) that describe the likelihood of each state given the
states of parent nodes. A CPT consists of every possible combination of parent node
states, incorporates the effects of any synergistic or antagonistic interactions, and
existing spatial patterns determined by GIS analysis. The conditional probability
tables for habitat nodes were based on an analysis of the spatial distribution of each
disturbance state among habitats and potential synergistic relationships between dis-
turbance types (Tables 2 and 3A). The likelihood of impacts to each endpoint node
was computed based on conditional probability tables developed using a weight-
of-evidence approach based on site specific information and an extensive review
of scientific publications linking disturbances and habitats to endpoints (Tables 3A
and B, respectively). The model’s outcome was a probability distribution of node
states for each endpoint, which can be interpreted as the likelihood of impact to
parameters of interest (Pollino et al . 2007b). Because input parameters, relation-
ships between parameters, and the model’s outcome are all expressed as probability
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K. K. Ayre and W. G. Landis

distributions, BN models inherently incorporate and reflect uncertainty (McCann
et al . 2006).

Model’s Evaluation

Evaluation of the model’s structure, parameterization, and findings involved a
review by a panel of experts and comparison to an earlier risk assessment model
conducted for the same area and endpoints using the relative risk model. The
model was presented at a meeting in Portland, Oregon that included research
scientists from the U.S. Forest Service Pacific Northwest Station, including members
of the Corvallis Forestry Sciences Laboratory (Corvallis, Oregon), Portland Forestry
Sciences Laboratory (Portland, Oregon), and Western Wildland Environmental
Threat Assessment Center (Prineville, Oregon). Also in attendance were land and
resource managers from the U.S. Forest Service Region 6, U.S. Bureau of Land
Management, and Oregon Department of Fish and Wildlife. Most of the experts in
attendance had participated in research and modeling efforts of the study area for
many years and as part of the Interior Northwest Landscape System (INLAS) project
(Hayes et al. 2004). The models and documentation were made available to Dr. Miles
Hemstrom (U.S. Forest Service) for review and comment and his suggestions were
incorporated.

Sensitivity Analysis

In general, a sensitivity analysis examines how uncertainty in a model’s output
can be attributed to uncertainty in the model’s different input parameters. This is
especially important in ecological risk assessments because a sensitivity analysis can
identify key drivers in the model and the sources of uncertainty that contribute to
overall uncertainty in a model’s results. A sensitivity analysis can lead to recommen-
dations for areas of future monitoring or research (Pollino and Hart 2008), and the
inclusion of additional data into the model can sometimes reduce uncertainty. This
aspect of the model is an important attribute when the risk assessment is intended
to assist resource managers in their management decisions, because a key feature of
adaptive management is to use information gained from research and monitoring
activities to inform future decision-making (Nyberg et al . 2006).

Sensitivity analyses for discrete variable nodes were calculated in Netica (Norsys
Software Corp.) as the degree of entropy reduction. Entropy reduction is the extent
to which an input variable influences the response variable, so that the greater
the entropy value the greater the degree of influence (Marcot 2006). We used the
information gained from the sensitivity analysis for endpoint variables to determine
the input parameters that had the greatest influence on risk estimates and the
associated uncertainty.

RESULTS

The BN model for the Grande Ronde watershed produced estimates of the likeli-
hood risk to habitats and the ecological endpoints from natural and anthropogenic
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Figure 4. Analysis of ecological impacts from landscape alteration resulting from
forest management, grazing, insects and diseases, and wildfire in the up-
per Grande Ronde watershed in northeastern Oregon. Each parameter
(box) had four potential states: zero, low, medium, or high with values of
0, 2, 4, and 6, respectively. The distribution shown in each box is the risk
distribution for that parameter with the mean risk score ± the standard
deviation shown below the distribution. (Color figure available online.)

disturbances that were consistent to those generated for the same area using a dif-
ferent approach. The model’s structure clearly communicated our current under-
standing of underlying causal relationships, which are not always clear in traditional
risk assessments or complex ecological models. While not all possible ecological
factors were incorporated into the model, the model represents our current state of
ecological knowledge of the major drivers of landscape alteration in this region. The
Bayesian approach allowed empirical data to be combined with expert opinion, as
revealed in scientific literature, to construct the conditional probability tables; thus,
solving one of the primary problems of risk assessments and ecological modeling; a
lack of site-specific data.

While it is well known that natural disturbances can substantially alter landscapes,
we found that forest management and wildfire were most likely to transform habitats
and impact ecological resources in the upper Grande Ronde watershed (Figure 4).
Moist forest habitat was at greatest risk of ecological changes from these disturbances.
The risk distribution for this habitat was skewed toward medium–high risk states, with
only a 20% likelihood of little or no impact. Most of the habitats had distributions
with the highest probability of medium risk states; however, the aquatic habitat
had an extremely skewed distribution towards higher risk states. Similarly the risk
distributions for all of the ecological endpoint except historical range of variability
(HRV) insects and HRV invasive species were skewed towards higher risk scores
with the highest probabilities associated with the high risk state. The ecological
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resource with the highest likelihood of impact was HRV salmon habitat, followed by
recreation and HRV wildfire.

Evaluation of Model

Our panel of experts reviewed the model by examining the structure, conditional
probability tables, and outcomes as well as simulations of how the model could be
used to evaluate different management scenarios. Overall there was general agree-
ment that the model’s structure, conditional probability tables, and parameter values
were appropriate and consistent with ecological patterns, monitoring trends, and
results generated from other modeling approaches for the region. Some members
of the panel suggested alternate node titles, and slight changes to the endpoint
conditional probability tables, yet there were no substantive changes proposed. The
recommended changes were made in response to the experts’ evaluation.

Sensitivity Analysis

In general the sensitivity analysis indicated that ecological endpoints were most
sensitive to risk distributions for habitat reflecting the hierarchal nature of the
model, but there was substantial variation in the relative sensitivity of endpoints
to each habitat (Table 4). As expected from an examination of the cause–effect
pathways, timber resources were most sensitive to impacts to the forested habitat,
with greatest sensitivity to moist forests, cold forest, and dry forests, respectively.
The risk distributions for recreation and grazing lands were most influenced by the
likelihood of impacts to the grassland habitat, consistent with the importance of
this habitat to grazing by cattle and native ungulates. The endpoint with the highest
sensitivity to habits was HRV Salmon Habitat being sensitive the variable Aquatic

Table 4. Sensitivity analysis for ecological endpoints, showing the percent of
calculated entropy for each endpoint attributed to habitat and
disturbance nodes. Percentage is expressed relative to the calculated
entropy for the endpoint of interest.

Endpoints Sensitivity to habitats Sensitivity to disturbances

Timber resources Moist forest Cold forest Dry forest Grazing Forest mgmt.
(3.80) (3.12) (2.06) (0.85) (0.80)

Grazing lands Grassland Riparian Moist forest Grazing Forest mgmt.
(8.5) (8.24) (0.32) (0.91) (0.77)

Recreation Grassland Moist forest Cold forest Forest mgmt. Grazing
(5.14) (3.53) (2.54) (1.50) (0.99)

HRV wildfire Cold forest Grasslands Moist forest Grazing Forest mgmt.
(3.47) (3.54) (3.13) (1.33) (1.09)

HRV insects Cold forest Moist forest Dry forest Grazing Forest mgmt.
(7.47) (4.96) (3.60) (1.41) (0.88)

HRV invasives Grassland Cold forest Riparian Grazing Forest mgmt.
(3.69) (2.24) (2.09) (1.28) (0.83)

HRV salmon habitat Aquatic Riparian Grassland Grazing Forest mgmt.
(15.5) (4.56) (0.37) (1.20) (0.52)
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Habitat. Sensitivity analysis also suggested that the management endpoints were
most sensitive to findings for the grazing and forest management nodes. Grazing
was very evenly distributed as far as rank type in the upper Grande Ronde (Figure 4).
Forest management was essentially dichotomous with relatively low frequencies of
area with ranks of zero or low, and then medium and high rank with a total frequency
of 84.5 (Figure 4).

Validation of the Model—Comparison to the Relative Risk Model

The likelihood of impacts to endpoints generated from the BN model was com-
pared to those produced from an application of the relative risk model to the same
region (Anderson and Landis 2012). Although the two approaches differ substan-
tially, there were several similarities in risk estimates. In both models the stressors
most likely to impact endpoints were forest management and wildfire. Both models
predicted a substantial risk to the HRV fire endpoint, yet the BN model estimated
the greatest risk to HRV salmon habitat that was not the case for the relative risk
model’s projections. The relative risk model estimated the greatest risk to HRV fire,
HRV insects, timber resources, and HRV invasive species.

Simulations

An important result of this research is that the BN model can be directly used as
a management tool simply by setting the state of an endpoint to a desired level and
essentially solving the model “backwards.” When the risk states for HRV wildfire and
HRV invasive species were set to low, reflecting the common management goals for
wildfire frequency and severity and invasive species distributions the risk distribu-
tions for many of the model parameters were altered (Figure 5). In comparison to
the model’s results based on current conditions (Figure 4), this simulation showed
a change in the risk distribution for grazing from a fairly even distribution to one
skewed toward lower risk states, resulting in a lower mean risk score (Table 5). It
is important to note that although the standard deviations are presented for sake
of comparison, the risk distributions were not normally distributed and should be
interpreted accordingly. There were also slight changes in the risk distributions and
risk scores for the forest management and wildfire parameters. These modifications
translated into changes to the risk distributions for forested and grassland habits
so that all had lower predicted risk scores compared to the model’s outcome based
on current conditions. Interestingly, the conditions predicted to result in low risk
to the HRV wildfire and HRV invasive species endpoints also resulted in a more
even risk distribution for the grazing land endpoint, and distributions for timber
resources and recreation endpoints that were less skewed towards high risk states
than the current conditions reflected in the original model. Thus subtle changes in
environmental management may result in large changes in the risk distribution for
sensitive endpoints. This inherent flexibility in the model’s usage makes the model a
powerful tool for resource management because alternative management scenarios
can be easily evaluated for desired objectives.
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Figure 5. A simulation from the model showing the conditions required to achieve
low risk states for the management goals of historical range of variability
for wildfire frequency and severity (HRV fire) and invasive species (HRV
invasives) distributions. The distribution shown in each box is the risk
distribution for that parameter with the mean risk score ± the standard
deviation shown below the distribution. (Color figure available online.)

DISCUSSION

Application of Bayesian methods to the framework of the relative risk model for
ecological risk assessment allowed us to assess the potential impacts to ecological
resources resulting from current management regimes within the INLAS area and
wildfire, grazing, and insect outbreaks. There were only slight differences in the level
of risk to endpoints predicted from the BN model compared to the analysis using
the relative risk model (Anderson and Landis 2012). The differences were likely due
to the way the analyses were conducted and the inclusion of a wider variety of data in
the BN model. With the BN model we were able to account for potential synergistic
effects between landscape perturbations through the conditional probability tables,
which allowed complex ecological interactions to be incorporated without increas-
ing the model’s complexity. For example, grazing reduces understory vegetation in
forests, which can increase fire severity by increasing the likelihood of crown fires
(Hobbs 1996), and can also lead to denser forests that are more susceptible to dis-
eases (Belsky and Blumenthal 1997). It is these synergistic effects that may explain
why grazing and forest management were the two disturbances that most strongly
influenced the level of potential risk to ecological endpoints.

One of the principal advantages of Bayesian network modeling is the fact that
uncertainty can be explicitly incorporated into the model and clearly expressed the
model’s output (Marcot et al . 2006a; McCann et al . 2006; Pollino and Hart 2008).
Uncertainty in the results from the model was reflected in shape of the risk distri-
butions for each node; the broader the distribution, the greater the uncertainty in
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Table 5. Risk scores from the simulation based on current conditions versus an
alternative management scenario that is necessary to achieve historical
range of variability for wildfire and invasive species distributions. Only
parameters that had different distributions with the alternative
management scenario are presented. Values presented are mean risk
scores ± standard deviation for the risk distributions.

Risk scores based on different management scenarios

Model-parameter Current conditions Alternative management

Landscape disturbances
Forest management 4.50 ± 1.7 4.37 ± 1.6
Grazing 2.99 ± 2.3 2.11 ± 2.1
Wildfire 4.39 ± 1.0 4.10 ± 0.98

Habitats
Cold forest 3.47 ± 1.8 2.48 ± 1.8
Moist forest 4.35 ± 1.5 3.61 ± 1.6
Dry forest 3.91 ± 1.9 3.04 ± 2.0
Grassland 3.90 ± 1.9 2.82 ± 1.9

Ecological endpoints
Timber resources 4.36 ± 1.9 3.70 ± 2.1
Grazing land 4.25 ± 2.1 3.60 ± 2.2
Recreation 4.59 ± 1.7 3.93 ± 2.0
HRV insects 2.23 ± 2.1 1.60 ± 1.8

the risk state. Another advantage of Bayesian networks is that when new information
becomes available it can be easily incorporated, and the CPTs and risk distributions
are immediately updated. For example when the states for the HRV wildfire and
invasive species endpoint nodes were set to low a change in the risk distributions
for many parameters was evident; not only due to changing the risk state for those
nodes, but due a reduction in the model’s uncertainty. Simulations like this can
be used to clearly communicate to risk managers and stakeholders that although
uncertainty exists in any ecological system, scientific approaches based on current
ecological knowledge can be used to evaluate different management scenarios.

It has been proposed that to be most effective all nodes in a BN model, especially
endpoint nodes, should be quantifiable so that the model can be updated (Marcot
et al . 2006b; Pollino et al. 2007b). Our model was developed using the framework of
the relative risk model for ecological risk assessment that uses a ranking system of
zero, low, medium, and high risk. In this analysis the same risk levels were used as
discrete node states to facilitate comparison of the output from the two modeling
approaches. Each risk state in the model was defined quantitatively to the extent
possible (Tables 1 and 2); however, some of the endpoints do not have a quantitative
definition. Many of the management goals for the Wallowa-Whitman National For-
est, used as endpoints in the model, are defined as an ecological state that is within
the historical range of variability (HRV). While the HRV concept is commonly inte-
grated into land and resource management goals it is not easily quantified (Landres
et al . 1999; Hessburg et al . 1999; Agee 2003), which means that there is no way to
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objectively determine if HRV for a resource has been achieved. This presents a fun-
damental problem with using HRV endpoints as management goals in BN modeling
and adaptive management in general. If one cannot precisely define HRV for an
endpoint how can it possibly be achieved?

An alternative to using HRV endpoints would be to use quantifiable parameters
that are correlated to our understanding of HRV for specific variables. For example
no definition exists for HRV salmon’s habitats, yet low sedimentation, cool summer
stream temperatures, and availability of pools within a stream channel have been
identified as characteristics of “high-quality” fish habitat (Bettinger et al . 1996).
Incorporating quantitative variables for HRV endpoints would facilitate updating
models similar to this one. A transition from loosely defined management goals to
quantitative endpoints would allow resource managers to determine whether goals
are being met, and incorporating quantitative endpoints into a Bayesian network
like the one described here would facilitate adaptive management. The danger of
defining management goals by specific parameters is that achieving the desired
range of parameter values may not necessarily improve levels of ecologically and
socially important resources. Ideally, resource management objectives should strike
a balance between specific, quantifiable environmental parameters and resource
goals that are culturally defined so that it is possible to assess whether goals have
been met or need to be refined.

This research demonstrates that not only can a Bayesian approach be applied to
regional scale ecological risk assessments, but that this approach can be effectively
used as a tool for land and resource managers. The ability of the model to be used
to evaluate alternative management scenarios, coupled with the graphic interface of
model results, makes it an invaluable tool for collaborative resource management.
The sensitivity analysis can be used to determine where additional information is
needed to reduce uncertainty, and once obtained the new information can be used
to update the model making the risk assessment model particular well-suited to
adaptive management.

Adaptive environmental management requires a feedback loop between man-
agement and policy decisions and directed monitoring of ecological effects stem-
ming from management activities (Holling 1978; Walters 1986). Attempts at adap-
tive management have met with several barriers, including: rejection of uncer-
tainty, conflicting ecological values, and inflexibility among management agencies
(Walters 1997; Gunderson 1999). The approach described here may help to over-
come these barriers because: (1) the effect of uncertainty is quantifiable and easily
communicated, (2) the effects of conflicting ecological values can be observed
through the graphic interface of the BN, and (3) once developed this manage-
ment tool can be easily used and refined by resource managers leading to greater
involvement in the adaptive management process.

The goal of this project was to use BN modeling in an ecological risk assessment
for multiple stressors across a forested landscape. We found that not only does this
approach produce verifiable and tangible results, but it also yields a tool that can be
used by resource or risk managers and policy-makers. This approach to ecological
risk assessment could be applied to contaminants in natural or urban environments,
evaluation of alternative remediation or management strategies, or evaluating the
likelihood of impacts from future climate change. Since the completion of this
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project we have applied the same methodology at a regional scale for large portions
of the southwestern United States. Bayesian networks provide the modeling flexibil-
ity needed for complex ecological risk assessments while maintaining transparency
and clarity so that the risk assessment model itself can be used to communicate
quantitative risk estimates to stakeholders and decision-makers.
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