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Anticipating plausible future ecosystem states is necessary for effective
ecosystem management. We use climate analog-based impact models and
a co-production process with land managers to project future vegetation
changes for the state of Oregon, United States, (2041-2070, RCP 8.5) at a
management-relevant spatial resolution (270-m). We explore multiple analog-
based methodologies, evaluate analog model performance with contemporary
validation, and leverage climate analogs to assess projection uncertainty by
quantifying areas where multiple vegetation trajectories are plausible under
a single climate scenario. We find that analog-based models performed well
at reproducing landscape-level vegetation composition, and moderately well
at reproducing vegetation at the pixel level. Our results suggest that 64%
of the study area will experience future climate conditions that support
different potential natural vegetation types and 59% will experience climates
corresponding with different potential plant physiognomic types, compared to
reference-period conditions. We project a 60% reduction of mesic conifer-
dominated forests with transitions to mixed evergreen forest types. We also
project losses to dry forests, cold forests and parklands, with commensurate
expansions of shrublands, grasslands, and geographic redistribution of dry forest
types. We find that in many areas, several vegetation trajectories are plausible
under a single climate scenario. Finally, we provide guidance for using future
vegetation projections and uncertainty outputs in management decisions using
the Resist-Accept-Direct (RAD) adaptation framework.

KEYWORDS

climate change impacts, vegetation transitions, climate analogs, analog impact models,
coproduction, usable science

1 Introduction

Evidence of climate-driven ecosystem transformations is accumulating globally
(Sullivan et al., 2022; Manrique-Ascencio et al., 2024; Ma et al., 2024) and across the
western United States (US). In the western U.S., low-elevation dry forests are transitioning
to non-forest following high-severity disturbance, due to both increasingly inhospitable
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climate and a lack of seed sources which limit tree reestablishment
post-disturbance (Coop et al., 2020; Davis et al, 2019; Boag
et al, 2020; Guiterman et al, 2022). Additionally, dry forests
are experiencing increased rates of drought-related tree mortality
(Hartmann et al., 2022), which may lead to significant changes in
dominant species composition and to changes in physiognomic
type (Allen and Breshears, 1998; Rodman et al., 2022). Further,
subalpine forests (Higuera et al., 2021) are experiencing novel fire
regimes which may lead to novel vegetation recovery trajectories
and decreasing resilience (Whitman et al, 2019; Turner et al,
2019).

Given the pace and scale of these transformations (Coop et al.,
2020), natural resource managers increasingly have to consider
climate-driven impacts to the ecosystems they manage. Effective
resource management requires knowing which locations are at
risk of change, and what kinds of changes are likely (Krosby
et al,, 2020). In this study, we model potential climate-driven
vegetation transitions across 22 million hectares within the state
of Oregon. We chose to focus on the state of Oregon given the
diversity of ecosystem types within the state from dry shrublands
to mesic coastal forests, the presence of strong climate gradients,
and willing co-production partners that span federal, state, and
non-government organizations. Our contribution is threefold: (1)
we use a novel approach to project potential vegetation transitions
based on climate analogs and leverage the approach’s unique
characteristics to develop estimates of projection uncertainty; (2)
we project impacts at a spatial resolution (270 m pixels) relevant
for management; and (3) we co-produce this study with natural
resource managers of federal, state, tribal, and private lands, to
ensure the results are actionable for management decision-making.

Anticipating climate impacts to Oregon’s ecosystems is crucial
for understanding how ecosystem services (e.g., carbon storage,
habitat provision for threatened and endangered species, timber
production, and recreation) and economies associated with these
services may change in the future. Previous mechanistic modeling
studies highlight the potential for widespread climate-driven
vegetation changes in Oregon including loss of subalpine forests
(Halofsky et al., 2022b; Kim et al, 2018), shifts from mesic to
warm and xeric forests (Halofsky et al., 2022a), and transition of
conifer-dominated forests to mixed (conifer and broad-leaf) forests
(Halofsky et al., 2022a,b; Case et al., 2020; Sheehan et al., 2015),
woodlands and shrublands (Kim et al., 2018). These mechanistic
model projections are broadly consistent with observational studies
and empirical models that report compositional changes to forests
and potential physiognomic vegetation type transitions within
Oregon (Boag et al., 2020; Dodson and Root, 2013; Bennett et al,,
2023; Serra-Diaz et al., 2018).

In this study, we use analog impact models (AIMs), an
empirical modeling approach, which are increasingly employed for
climate-impact projections (e.g., Dobrowski et al., 2021; Coffield
et al., 2021; Chaudhary et al, 2023; Povak and Manley, 2024;
Yegorovaetal, 2025). AIMs rely on reverse climate analogs—places
that today have the projected future climate of a focal location.
Reverse analogs (“analogs” from here on) answer the question,
“where does the future climate of my location of interest occur
today?” (Hamann et al., 2015, Figure l1a). AIMs make projections
of future plausible ecological states by intersecting locations of
reverse analogs with state variables (e.g., vegetation data), and
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summarizing the vegetation conditions at reverse analog locations
(Figure 1b). For a detailed discussion of analogs and AIMs see
Yegorova et al. (2025).

AIMs possess several characteristics that contribute to our
understanding of potential vegetation changes. First, AIMs are
spatial models—they can capture spatially structured information
because reverse analogs tend to be found proximally to their
focal locations (Hamann et al, 2015; Yegorova et al, 2025).
In contrast, non-spatial models, including most regression
approaches, start with geographic information (e.g., georeferenced
plots), translate it into aspatial information (e.g., climate space),
and then transfer model forecasts back into geographic space.
This approach to modeling loses information about spatial
patterns of occupancy, neighborhood effects, and other spatially
structured processes that are not explicitly included in a model.
In contrast, spatial models can account for the influence of
location, which succinctly summarizes the effects of spatially
structured processes regardless of whether they are included
in the model directly. Spatial models usually outperform non-
spatial models at reconstructing existing ecological patterns
(Miller et al, 2007) and tend to provide more conservative
projections of climate impacts, due to the influence of occupancy
patterns and spatial inertia (Crase et al., 2014; Swanson et al,
2013). Second, AIMs can identify locations expected to develop
novel climates (Williams et al, 2007)—climates not currently
found in the region of interest, or even globally. In the
paleorecord, novel climates are associated with the emergence of
novel ecological communities (Ordonez et al., 2016). Therefore,
identifying the locations of expected novel climates allows one
to highlight areas where future community composition may
have no contemporary analog. Third, AIMs provide a means to
visualize and communicate uncertainty or alternative outcomes
in model projections, which is crucial for adaptation planning
(Beier et al., 2017). Specifically, AIMs highlight areas where the
model is either incapable of distinguishing between climates of
different vegetation types or where multiple alternative vegetation
projections are plausible under the projected climate (Figure 1b,
see Section 2). Reporting multiple alternative projections enables
users to better understand model outputs and judge which
projections are resulting from unlikely model assumptions or
unrepresented processes.

Although the scope of climate adaptation products has
rapidly grown in the last three decades, the uptake of these
products by resource managers has not kept pace (Lemos
et al, 2012). For example, Krosby et al. (2020) show that
in the Pacific Northwest there are multiple climate-relevant
tools available that are underutilized by resource managers. Co-
production, or collaborative development of science with potential
end users, can increase the use of science products (Kirchhoff
et al, 2013; Jagannathan et al, 2020). Consequently, we co-
produced this study with representatives of natural resource
management entities in Oregon in an attempt to make the
outputs relevant and accessible to end-users. Our co-production
process was characterized by iterative collaborative engagement
over the course of 2 years through a series of meetings and
workshops. Our co-production partners influenced data inputs
to our model, interpreted model outputs, and shaped the format
of the final products. Additionally, we attempt to improve our
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a. Climate analogs. Where is the future climate
of focal pixel X located today?

Current climate types

I

Future climate of X

Locations that currently
have the future climate of
X.

FIGURE 1

mesic conifer forest

b. Analog impact model. What is the dominant
vegetation type at analog locations of X?

Mesic conifer forest

Mixed evergreen forest

Woodland

Shrubland

Possible future vegetation types:

-

Primary (plurality)
projection:

Secondary Tertiary
projection: projection:
mixed evergreen shrubland

Reverse climate analogs (a) are locations in the reference period with climates similar to the projected future climate at location X (focal location).
Analog impact models (AIM) (b) use information about state variables found at reverse analog locations (e.g., vegetation type) to project potential

changes to those state variables at the focal location under a future climate. In this simplified example there are six reverse analogs identified. The six

analog locations, in total, represent three different vegetation types (b). The most commonly supported vegetation type is used as a primary (or

plurality) projection. However, secondary and tertiary projections can provide relevant information for resource managers. We use information about

the proportion of votes for the plurality projection to assess projection uncertainty. For example, if the proportion of votes for the primary and
secondary vegetation types is similar, we consider both types as plausible vegetation projections.

study usability by interpreting our results using the Resist-
Accept-Direct framework (RAD, Schuurman et al, 2020). The
RAD framework acknowledges that the traditional management
approach of resisting incoming ecological changes may not
be feasible or sufficient in the face of ongoing ecological
transformations, and expands consideration of management
options to include intentional acceptance of change or intentionally
directing ecosystems into a new state (Schuurman et al, 2020).
The RAD framework is increasingly used in natural resource
management (Resist-Accept-Direct Framework, 2025), and our
intent in presenting our results in the RAD framework is to increase
our results’ usability.

In this study, we model vegetation distribution for the mid-21st
century (2041-2070, RCP 8.5) for the state of Oregon. We compare
reference and projected vegetation distributions to highlight areas
of vegetation stability and areas vulnerable to climate-driven
transition. We assess projection uncertainty and highlight areas
where multiple alternative vegetation states are likely. Lastly, to
improve the usability of our results, we provide an example of
how our model outputs can inform management actions under the
Resist-Accept-Direct (RAD) framework (Schuurman et al., 2020),
which is increasingly used to frame management decision-making
in the face of changing climate (e.g., Davis et al., 2023). Our study
contributes to a growing body of climate impact projections in
the Pacific Northwest with a novel, analog-based, approach, and a
co-production process. Our findings are intended to improve the
ability of government agencies and other interested parties (i.e.,
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non-governmental organizations) to manage landscapes in an era
of rapid change.

2 Methods

2.1 Co-production process

We worked with The Nature Conservancy-Oregon (TNC) to
recruit co-production participants from an extensive network of
TNC’s partners. TNC’s role in the process was crucial, as their
established relationships with managers facilitated the relationship
development necessary for a co-production process. Interested
parties were invited to an in-person workshop that aimed
to identify common goals among the co-production partners,
familiarize partners with the project methods, and get partner buy-
in. The initial in-person workshop was followed by five virtual
meetings. The formal co-production process concluded with an
in-person workshop that presented project results and a virtual
meeting releasing project data outputs. Overall, 41 managers
and scientists representing 14 different entities participated
in at least one meeting. Supplementary Table S1 summarizes
participating organizations.

Our co-production process followed Beier et al’s (2017)
recommended co-production practices. The initial in-person
workshop focused on identifying partners’ information needs
and on understanding how our proposed project could fill
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those needs (recommended practice #3). We iteratively addressed
the assumptions of the model (recommended practice #5) by
dedicating co-production meetings to examining components of
the modeling process (such as vegetation data inputs, climate
definitions, modeling methodology), and to questioning early
project outputs. Finally, as a group, we focused on evaluating
and communicating the uncertainty in our results (recommended
practice #7). Two of our outputs are dedicated to assessing
uncertainty of modeling results.

2.2 Climate data

Following Dobrowski et al. (2021), we characterized climate
using four variables: annual evapotranspiration (AET), climatic
water deficit (CWD), average daily maximum temperature of July
(Tmax7), and average daily minimum temperature of December
(Tmin12). Water balance variables (AET and CWD) summarize
simultaneous water and energy availability, are strongly associated
with vegetation distribution patterns (Stephenson, 1998), and are
commonly used to model vegetation distribution (Kane et al., 2015;
Lutzetal., 2010). Tmin12 and Tmax7 characterize climate seasonality,
are ecologically relevant correlates of vegetation distribution
(Woodward, 1987) and provide a more specific definition of climate
compared to average seasonal temperature (Mahony et al., 2017).

Reference climate is represented by annual data for the
1981-2010 period, downscaled from monthly 4km resolution
gridMet data (Abatzoglou, 2013) to 90m resolution using
generalized additive models with latitude, longitude, and elevation
as covariates. The future climate is represented by the annual data
for the 2041-2070 period, downscaled to 90 m resolution from
the MACA v2 dataset, trained with GridMet (Abatzoglou and
Brown, 2012). Future data represent an ensemble mean for 20
global circulation models from the Climate Model Intercomparison
Project, all using inputs from the RCP 8.5 scenario (Taylor
et al, 2012). The downscaled climate data were developed
for the state of Oregon and a 100 kilometer buffer around
the state to allow for analog searches beyond the border of
the state (further information on climate dataset development
in Supplementary Data Sheet 1, Supplement 1).

2.3 Vegetation data

We surveyed co-production partners to identify a vegetation
product that would best meet their needs for management
applications. No single product satisfied all partners, yet the
majority preferred the US Forest Service Region 6 Potential Natural
Vegetation (PNV) dataset (Simpson et al., in press, data and
documentation available at https://teui-region6-usfs.hub.arcgis.
com/pages/pnv). The PNV dataset consists of vegetation zones
(“vegzones”) which represent the late seral species assemblages that
could develop in the absence of disturbance (Simpson et al., in
press). Each vegzone is named after a dominant or co-dominant late
seral species in that community. Vegzones are further differentiated
into “subzones” representing climate variations within a given
vegzone (wet, very wet, warm dry, etc.). PNV is modeled using
the gradient nearest neighbor imputation, based on climate,
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geomorphology, geology and floristics (PNV USES. PNV., n.d.
USEFS). Preliminary description of PNV modeling process can
be found at the PNV Region 6 web-site (PNV. USFS). The
relationships between vegezones used in this study and the four
climate variables can be seen in Supplementary Figure S9. Land
managers consider vegzones and subzones to be discrete vegetation
types with unique ecological dynamics. Managers use PNV
vegzones and subzones to infer characteristics such as productivity,
habitat potential and expected responses to disturbances, and
to frame desired conditions at several scales. While the naming
convention is based upon late seral vegetation, there is no
assumption that vegetation is currently in or will in the future reach
late seral assemblage. Similarly it is also not assumed that the late
seral assemblages used to name vegzones represent an optimal or
desired ecological state. PNV data have a 30-meter resolution.

In the 1981-2010 reference period, there were 22 PNV vegzones
and 76 subzones in the state of Oregon (after excluding developed,
rock, water, and wetland-associated subzones). We performed
vegetation projections at the subzone level, and then aggregated
these to two coarser levels of thematic resolution: (1) vegzones,
and (2) “physiognomic types” defined by our co-production
partners. The physiognomic types included: subalpine parklands
(“parklands” from here on and in PNV vegzone descriptions),
cold forest, mesic forest, dry forest, very dry forest, dry woodland,
mixed evergreen forest, hardwoods, shrublands, and grasslands.
The crosswalk between PNV subzones and physiognomic types is
presented in Supplementary Table S2.

The PNV dataset covers Oregon, Washington and California,
but does not include Idaho and Nevada, where many climate
analogs for eastern and central Oregon are found. To make
projections into these areas, we crosswalked Landfire’s 2020
biophysical settings (BpS) product (Rollins, 2009) to PNV vegzone
and physiognomic vegetation type (Supplementary Table S3). BpS
data have a 30-meter resolution. We report results at the vegzone
and physiognomic type levels, and we provide the data for subzone-
level projections to our project partners.

For both vegetation and climate datasets, we removed pixels
classified as developed, water, rock, and wetland vegetation, as the
distribution of these cover types is primarily influenced by factors
other than climate. AIMs perform a comparison between a focal
pixel’s climate and the climate of all potential analogs, that is all
pixels on the landscape. We found that at 90 meter resolution
(the resolution of the climate data), the search for analogs was too
computationally expensive. To alleviate the computational burden
of finding climate analogs, we aggregated vegetation data to 270 m
resolution by assigning the modal vegetation value of the eighty
one 30 m pixels within the aggregated 270 m pixel. Climate data
were aggregated to 270 m resolution using the mean value of the
nine pixels comprising each 270 m pixel. We performed spatial data
manipulation in R 4.3.2, using the terra package (Hijmans, 2023).

2.4 Analog impact model (AIM)

To find climate analogs, we performed pairwise comparison
of the projected future climate at each focal location to reference
climate at potential reverse analog locations (Figure 1a). We limited
the pool of potential analogs to a randomly selected sample of
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500,000 pixels (10% of the study area) for computational feasibility.
We measured dissimilarity between a focal climate and potential
analog climates using Mahalanobis distance (MD). MD calculates
the distance in climate space (defined by our four climate variables)
between mean climates (averaged over a 30 year period) of focal
and potential analog locations, and scales it by the interannual
variability of the focal climate (Mahony et al., 2017).

Following Mahony et al. (2017), we set a cut-off value for
analogous climates at two standard deviations (20) of the focal
climate’s interannual climate variability. Potential analog climates
that are more than 20 away from their focal climate are considered
non-analogous and are not used in projections. We converted MDs
between the focal and potential analog climates into ¢ units and
retained the 100 reverse analogs with the lowest o values. Some
focal locations did not have 100 analogs with o < 2; in those cases,
we retained all that did and reported the total number retained.

To project plausible future vegetation at a focal pixel, we
intersected the locations of the 100 reverse analogs with the
vegetation data to produce a distribution of potential vegetation
types deemed plausible at the focal site in the future (Figure 1b).
We explored two approaches for assigning a vegetation type to
each focal location: a “plurality” approach (e.g., Dobrowski et al.,
2021) and a “sampling” approach. In the plurality approach,
the vegetation type with the greatest number of analog votes
is projected at a focal pixel (primary projection in Figure 1b).
In addition to maintaining the plurality vote, we also retained
information on the secondary and tertiary vegetation types
with the most votes, as a means to understand variation
in potential outcomes (Figure 1b). We report the number of
analog votes for the primary vegetation class as a measure of
the likelihood of alternative vegetation outcomes. The plurality
approach is expected to have a smoothing effect on the overall
projected vegetation composition, as it biases the projections
toward more common vegetation types because rare vegetation
types are unlikely to gain the highest number of votes. To
address this issue, we also developed a “sampling” approach:
we took a single random sample (n = 1) from the vegetation
projected by 100 reverse analogs and used it as the projection of
future vegetation at the focal location. Selecting a single sample
is expected to weight vegetation projections by their relative
prevalence among 100 analogs, while also retaining a degree of
stochasticity which allows for less common vegetation types to
be represented.

2.5 Projection uncertainty

We used two measures of projection uncertainty: (1) mean o
of reverse analogs, which represents climate dissimilarity between
the focal and analog climates and (2) analog agreement, which
we interpret as the possibility for multiple vegetation trajectories
under a single future climate (Dobrowski et al., 2021). To assess
the climatic dissimilarity of analogs we calculated the mean o
value of the analogs used for vegetation projections. We considered
projections made with lower mean o to have lower uncertainty
compared to those with larger o values because the historical
climate at analog locations better matches the projected future
climate of the focal location.

Frontiersin Forests and Global Change

10.3389/ffgc.2025.1637821

We quantified analog agreement as the number of votes
received by the primary vegetation type at each focal pixel
(Figure 1b). Low values of analog agreement can arise from
two potential sources: future climate can support multiple
vegetation types, or our model is unable to meaningfully discern
between climates associated with multiple vegetation classes. Either
possibility indicates projection uncertainty. High values of analog
agreement, on the other hand, suggest that the future climate
condition used in this model is primarily associated with a single
vegetation type. We use these measures of uncertainty to suggest
management approaches under the RAD framework.

2.6 Contemporary validation

To assess the skill of the AIM, we asked how well our
model reproduced existing vegetation patterns. This approach is
commonly used to assess the skill of mechanistic (Halofsky et al.,
2013; Kim et al., 2018) and empirical species distribution models
(see Rehfeldt et al., 2006) and has been previously used with
AIMs (e.g., Parks et al., 2019; Pugh et al., 2016). We conducted
contemporary validation on a subset of 100,000 randomly chosen
focal pixels (3% of the study area). For these pixels, we selected
100 contemporary analogs—locations whose reference climate is
analogous to that of a focal location’s reference climate; simply,
places that today have similar climates.

The best contemporary analogs of a focal pixel are often pixels
adjacent to that focal location, because climate is self-similar in
space (i.e., is spatially structured). This spatial aggregation of
contemporary analogs is likely to capture the effects of not only
climate but also other spatially-structured variables because biotic
and abiotic variables are also spatially autocorrelated (Legendre and
Fortin, 1989). However, reverse analogs are unlikely to match the
spatial distribution of contemporary analogs. To avoid inflating
contemporary validation performance due to spatial proximity of
contemporary analogs, we explored the effect of using an exclusion
radius of 85, 122, and 183 kilometers around each focal pixel. These
distances represent the 10th, 25th, and 50th percentile of mean
distances to reverse analogs, respectively.

We examined the AIM’s performance in two ways: (1) how
well it reproduced vegetation types at the scale of individual pixels,
and (2) how well it reproduced state-level vegetation composition
(i.e., proportions of landscape occupied by vegetation types). For
the pixel-level accuracy assessment, we report raw accuracy (i.e.,
percent of pixels correctly classified) and Cohen’s Kappa (Cohen,
1960). Cohen’s Kappa accounts for the number of classes and their
relative prevalence and is considered a more balanced measure of
classification accuracy. For landscape-level composition accuracy,
we calculated the Bray-Curtis dissimilarity index (McCune et al.,
2002) between AIM-reconstructed and reference-period landscape
composition. The Bray-Curtis index takes into account both
the vegetation types and their relative prevalence to assess the
difference between two communities. It ranges from 0 to 1. An
AIM-derived contemporary prediction identical to the observed
community would have a score of 0, while a prediction with
no vegetation classes in common with the observed community
would have a score of 1. To provide context for interpreting
these performance measures, we compared results from the AIM
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validation model to a null model in which “null analogs” were based
on 100 random locations (outside of the same exclusion radius) to
estimate a focal pixel’s reference period PNV.

3 Results

3.1 Climatic changes

Contemporary CWD for Oregon averages 201 mm with SD
of 100 mm. Average CWD increased by 44 mm (climate became
more water-limited) between the reference and future time
periods. This change represents approximately half a standard
deviation of reference period CWD for the state of Oregon.
The largest increases in CWD (80-90mm) are projected for
south-western and western Oregon (Supplementary Figure Sla),
areas which have some of the lowest reference-period CWD
in the state. On average, AET is projected to increase by
16 mm (mean reference AET value 484 mm), with the greatest
increases in high elevation areas that are currently energy-
limited: the crest of the Cascades and Wallowa mountains
(Supplementary Figure S1b). The mean projected Tini2 increase is
2.1 °C (mean reference Tpin12 value is 3.7 °C) and mean projected
Tmaxy increase is 3.6 °C (from mean reference Tpaxy of 28.6 °C,
Supplementary Figures Slc, d).

3.2 Vegetation projections

AIMs model climate redistribution, and assume that vegetation
is in pseudo-equilibrium with climate, as do other empirical
models (Aratjo et al., 2005). Consequently, we describe “vegetation
transitions” when in fact a more accurate description is that
there is a “transition of climates associated with physiognomic
type/vegzone X.” We herein use both phrases interchangeably.

We organize and summarize our results by vegetation
(physiognomic types and vegzones) and level 3 ecoregions within
the state (Omernik, 1987) (Figure2). We report results for
all thematic resolutions (vegzone and physiognomic type) from
the sampling approach, unless otherwise noted. Visualizations
of results form the plurality approach, can be found in
Supplementary Figures (Supplemental Data Sheet 1), as referenced
in the main text.

3.3 Physiognomic types

By the future 2041-2070 period, 59% of the study area is
projected to support a different physiognomic type than in the
reference period (Figures3A, B, 4). Climates associated with
conifer-dominated physiognomic types are projected to shrink
from 64% to 27% of the study area (Figure 4). This reduction
is driven by declines in mesic coniferous forests (from 24%
to 9%), as well as dry forests (from 18 to 13%), very dry
forests (8% to 1%) and woodlands (9% to 7%). Climates that
support mesic forest in the reference period are projected to
transition to mixed evergreen (coniferous and broadleaf) forest
types, which increase from 2% to 19% of the study area. Climates
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supporting dry forest types are projected to transition to climates
supporting shrublands, which expand from 33% to 46% of the
study area, and grasslands, which increase from 0.5% to 3.1% of
the study area (Figure 4). Climates associated with cold forests and
parklands are projected to nearly disappear, changing to mesic
and dry forest types (Figure 4). Dry forests and dry woodlands
decrease less compared to other coniferous forest types, by 29%
and 17%, respectively, but they are projected to redistribute
on the landscape. Only 24% of dry forests and 11% of dry
woodlands are projected to remain stable between the reference and
future period.

Primary vegetation projections from the plurality approach are
qualitatively similar to the sampling approach at the physiognomic
type level (Table 1), however the plurality approach tended to over-
represent the most common physiognomic types (Table 1) and
vegzones, at the expense of less common vegetation types.

3.4 Vegzone projections

The proportion of the landscape expected to transition
increases with thematic resolution: 63% of the landscape is
projected to shift to a climate associated with a different vegzone.
The vegzone components of physiognomic type groupings do
not necessarily respond uniformly (Supplementary Figure S2). For
example, dry forests are projected to decrease on the landscape.
However, two of the dry forest vegzones, Jeffrey pine and Douglas-
fir, are projected to expand (Supplementary Figure S2), while
the rest of dry forest vegzones, Ponderosa pine, Pinyon-Juniper
and White Fir-Grand Fir, are projected to decrease in area
(Supplementary Figure S2). On the other hand, all components
of the subalpine parklands and cold forest are projected to
decline. Parklands, Lodgepole Pine, Mountain Hemlock and
Pacific Silver Fir, Subalpine Fir-Engelmann Spruce, and Red
Fir-Shasta Fir are projected to decrease by more than 90%
relative to the reference period (Supplementary Figure 52). These
are regionally the coldest vegzones, which occupy a relatively
small area in the reference period (Supplementary Figure 52). See
Supplementary Figures 53, 54 for maps representing vegzone-level
projected vegetation distribution.

3.5 Geographic distribution of transitions

Transitions of the climate associated with physiognomic types
are projected throughout the state of Oregon (Figure 5). In western
Oregon, future climate is expected to support warmer and drier
forest types (e.g., mixed evergreen forest vs. mesic coniferous forest,
and mesic coniferous forest vs. cold forest). In the East Cascades
and Blue Mountains, future climate is expected to support drier
forest types or non-forested physiognomic types. Areas where
future climate is projected to support the same vegetation as
contemporary climate (“Stable”—41% of the study area) include the
north end of the Coast Range, limited areas of the Cascades, and the
shrublands of eastern Oregon. Definitions of transition types can be
found in Supplementary Table S4.
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Study area (Oregon) location on the map of the United States (US), and level 3 ecoregions in the state of Oregon. The upper left map shows Oregon'’s
location within the US. The main map shows level 3 ecoregions in the state of Oregon (Omernik, 1987). We use level 3 ecoregions to describe
projection patterns in the results.
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Vegetation Type
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FIGURE 3

Distribution of physiognomic types in the reference period (1981-2010) (A) and projected physiognomic types in the future period (2041-2070)
using the sampling (B) method. White areas in maps (A, B) indicate masked out vegzones: developed, wetland and water classes. Black lines are level
3 ecoregions (Omernik, 1987).
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Current and projected landscape composition (based on the sampling approach), and composition changes. The height of each color column
indicates the proportion of the study area occupied by climate associated with the physiognomic type in the reference ("Current”) or future time
period ("Projected”). The width of the flow lines and their trajectory indicate the proportion of a given physiognomic type that remains in the same
class or changes to a different class. The brackets on the left and right highlight conifer-dominated physiognomic types: parklands, cold forest,

Projécted

3.6 Projection uncertainty

Overall, we found high climate similarity between projected
future climates and reference climates (Figure 6A). We did not find
strong evidence of emergence of novel climates: 99.94% of the pixels
in the study area had at least 100 analogs with o < 2. The mean o
value of analogs was 0.13 and 93% of pixels had o less than 0.5.
Southwest Oregon is an exception to this, with mean o greater than
1 (Figure 6A).

Mean analog agreement was 78% at the physiognomic type
level and 71% at the vegzone level. Analog agreement varied
across the state (Figure 6B). Large swaths of Western Oregon,
Western Cascades and portions of the Basin and Range ecoregions
had high analog agreement (>50 votes for plurality vegetation,
approximately 90% of the area), suggesting that conditions are
projected to be suitable for a single physiognomic type. By contrast,
portions of the Blue Mountains ecoregion, parts of the Oregon
Coast, parts of the Cascades, and the Basin and Range ecoregion
had low analog agreement (<50 votes, approximately 10% of the
study area), indicating multiple plausible future vegetation types.

In areas of high projection uncertainty due to low
analog agreement, considering secondary and tertiary analog
projections in addition to the primary one is necessary
(Supplementary Figure S10c). The plurality method provides
information about primary and secondary plausible vegetation
types. For example, in the Blue Mountains ecoregion, climates
that are projected to support mostly shrubland may also support
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TABLE 1 Comparison of reference and projected landscape composition
at the physiognomic type level for sampled and plurality methods (see
Section 2 for further description).

Reference  Future— Future—
sampling plurality
approach approach

Vegetation % landscape % landscape % landscape
class occupied occupied occupied, (primary
type)
Shrublands 32.9 46.1 50.3
Mesic forest 23.7 9.4 9.0
Dry forest 17.6 12.5 11.0
Dry woodland 8.8 7.3 6.3
Very dry forest 8.1 1.1 0.2
Cold forest 5.9 0.2 0.1
Mixed 1.7 18.6 20.3
evergreen
Parklands 0.5 <0.01 <0.01
Grasslands 0.4 3.1 23
Hardwoods 0.3 1.8 0.5

dry forests, woodlands and grasslands (Figures 7B, C). A map
of secondary plurality vegetation projections for the state can
be found in Supplementary Figure S7. Vegzone-level analog
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FIGURE 5
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Conif forest to mixed evergreen forest
Conif forest to shrubland/grassland

Cold conif forest to mesic conif forest

Cold/mesic conif forest to hardwoods

Areas of projected vegetation transitions and transition types. Black lines are level 3 ecoregions (Omernik, 1987). Supplementary Table S4 describes
how individual vegzone transitions translate to this taxonomy. White areas indicate areas masked out of the analysis: developed, wetland, and water

agreement, and primary and secondary plurality projections can
be found in Supplementary Figure 54.

3.7 Contemporary validation

We report model skill for the plurality and the sampling
approaches to highlight their difference and relative strengths.
Overall, the sampling approach had higher skill at reproducing
reference period landscape-level composition (Bray Curtis
index = 0.13) plurality

dissimilarity compared to the

Frontiersin Forests and Global Change

approach (Bray Curtis dissimilarity index = 0.21, Figure 8,
56).  In
contrast, the plurality approach showed higher skill at reproducing

Supplementary Figure S8,  Supplementary Tables S5,
vegetation types at the individual pixel scale (Cohen’s Kappa
0.49) compared to the sampling approach (Cohen’s Kappa 0.42,
Supplementary Table S5). At the landscape level, the plurality
approach reduced the overall number of vegzones from 21
to 20, overrepresenting more common vegetation types and
underrepresenting less common ones (Figure 8). Normalized
difference between actual and reconstructed vegzone-level
compositions can be viewed in Supplementary Figure S8. In
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FIGURE 6

Measures of uncertainty. Mean Sigma (o, climatic dissimilarity) of the best one hundred analogs (A). Blue areas show high climate similarity between
the future and reference climates, red areas—less so. Analog agreement (B)—the number of analog votes for the plurality vegetation type (i.e., most
common vegetation type selected by 100 analogs). We consider projections made at locations with greater analog agreement (purple areas) more
certain than at areas with lower analog agreement (gray and red areas). White areas in the map represent excluded vegetation (wetlands) and cover
types (developed areas, rock, wetlands, and water). Black lines are level 3 ecoregions (Omernik, 1987).

A. Reference vegetation B. Primary projection

Vegetation type
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[l Dry Woodland Mixed Evergreen  NA

I Shrublands
Very Dry Forest
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B Grasslands [ Parklands

FIGURE 7

Reference vegetation (A), and primary (B) and secondary (C) physiognomic type projections from the plurality method for the Blue Mountains
ecoregion. Analog agreement can be used to identify areas, where projected climate may support multiple vegetation types (areas of low analog
agreement). Primary and secondary projections provide information about alternative vegetation types possible in these “low agreement” areas.
White areas in the map represent excluded vegetation and cover types. Grey areas (marked “NA”" in the legend) indicate locations where no
alternative vegetation type was projected (C). Black lines are level 3 ecoregions (Omernik, 1987).

contrast, the sampling approach reproduced all of the reference
period vegzones and captured less common vegetation types
(Figure 8). Both the plurality and the sampling approach
overestimated the prevalence of shrublands and underestimated
prevalence of dry forests and woodlands (Douglas-fir, Ponderosa
pine and Pinyon-Juniper-Cypress vegzones in Figure 8).

At the pixel level, model skill varied by exclusion distances
(better performance with smaller exclusion radii), and with the
thematic resolution of the vegetation data (better performance
at coarser thematic resolutions, Supplementary Table S6). The
probability of reproducing focal vegetation correctly at the pixel

Frontiersin Forests and Global Change

level increased with the number of votes for the plurality
vegetation type (Supplementary Figure S5). Both the plurality
and the sampling methods outperformed the null models at
the pixel level (by 0.39 and 0.33 Cohen’s kappa units, vegzone
thematic resolution). At the landscape level, the null sampling
approach performed well, as expected. The null sampling model
takes a random sample of the landscape, which allows it to
reproduce landscape composition well. However, the null sampling
method performs poorly at reproducing the correct vegetation
at the pixel level (Supplementary Table 56). The null plurality
approach was significantly outperformed by the sampling and
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FIGURE 8

Reference period and AIM-reconstructed landscape composition at the PNV vegzone thematic level using the sampling and the plurality approach.
The Bray-Curtis dissimilarity scores comparing actual and reconstructed compositions can be viewed in Supplementary Table S5. The Y axis
represents the number of pixels occupied by a vegzone in the validation subset (100,000 randomly chosen pixels). Normalized differences between
actual and AIM-reconstructed landscape compositions can be viewed in Supplementary Figure S8.
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Hardwoods
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the plurality AIM models at the landscape level. More details on
the landscape level and pixel level comparisons can be found in
Supplementary Tables S5, S6.

4 Discussion

Climate change has the potential to alter vegetation
composition and the geographic distribution of vegetation types
in Oregon. The AIM-based projections suggest that by the second
half of the 21st century (2041-2070), 59% of Oregon’s landscape
will have climates associated with a different plant physiognomic
type (Figures 3, 4). The largest transitions are projected for areas
with climates currently associated with (1) mesic coniferous
forests, with 50% of these areas transitioning to climates of mixed
evergreen forests, and (2) dry forest types, with 23% of these
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areas transitioning to climates associated with shrublands. The
projections for vegetation transition are even higher at finer
thematic resolutions, with 63% of the landscape projected to
transition to a different vegzone (Supplementary Figure S4).
These projected transitions are distributed throughout the state,
indicating widespread vulnerability to climate-driven vegetation
turnover (Figure 5).

4.1 Regional patterns of transition and
stability

To be useful, projections of vegetation transitions have to
be interpreted with respect to their uncertainty, including the
possibility for multiple alternative vegetation states under a future
climate. In this and subsequent sections, we interpret our findings
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by comparing our projections to those from other studies and by
considering measures of projection uncertainty.

We project loss of high elevation, energy-limited, forest types
which is in agreement with other modeling studies for this region
(Halofsky et al., 2013; Case et al., 2020; Halofsky et al., 2022b). We
also project that nearly all climates associated with cold forests and
parklands will be replaced by climates favoring mesic forests at the
crest of the Cascades, and dry forest at the crest of Blue Mountains.

Our projections for western Oregon are consistent with results
from several mechanistic-modeling studies for this area, which
suggest that climate will shift to favor mixed evergreen (conifer and
broadleaf-dominated) forest instead of conifer-dominated mesic
forest (Sheehan et al., 2015; Case et al., 2020; Turner et al,
2015; Yospin et al., 2015; Halofsky et al., 2022b). This transition
may manifest as a change in the relative dominance of species
that already co-occur in some locations. For example, Douglas-
fir is a co-dominant species in both mixed evergreen and mesic
conifer forest types. The mixed evergreen physiognomic type has
a significant component of broadleaf evergreen and deciduous
species, while the mesic conifer type has a significant presence of
western hemlock. Therefore, transitions between conifer and the
mixed evergreen types may manifest as a replacement of more
mesic coniferous species with broadleaf evergreen and deciduous
trees and shrubs, while retaining a component of Douglas-
fir codominance.

In contrast, our projections for forest to non-forest transition
in the Blue Mountains and East Cascades (Figure 5) contribute
to a divergent set of results from modeling and observational
studies for these regions. While we project the loss of climates
associated with forests, the low analog agreement in these areas
(Figure 6B) indicates that future climate may allow for multiple
vegetation types. In many of these low agreement areas, the
second most-supported vegetation type is dry forest or dry
woodland (Pinyon-Juniper-Cypress, Douglas-Fir, Ponderosa and
Jeffrey Pine vegzones; Figures 7B, C). Additionally, our model
validation results show that AIMs tend to overestimate the
extent of shrubland vegzone and underestimate dry- and very
dry forest vegzones (Douglas-fir, Pinyon-Juniper-Cypress, and
Ponderosa pine, Figure 8), suggesting that some of the forest-
to-shrubland transitions may be overestimated. Other modeling
and observational studies also diverge in their forecasts of future
vegetation for these ecoregions. For example, mechanistic-model
based studies project continued dominance of coniferous forests
(Kim et al.,, 2018; Sheehan et al., 2015; Halofsky et al., 2013; Case
et al., 2020). In contrast, an empirical model suggests conifer
regeneration may be unlikely, especially following high severity fire,
in much of the Blue Mountains and the lower elevations of the
East Cascades (Davis et al., 2023). Finally, an observational study by
Boag et al. (2020) reported a lack of post-fire conifer regeneration
in low-elevation forests of the Blue Mountains that burned at high
severity, suggesting that a forest-to-non forest transition may be
underway in these areas. We interpret these divergent findings to
mean that the future of forests in the Blue Mountains and East
Cascades is uncertain. The future climate of these ecoregions might
bring dry forests to the cusp of transition, where high severity
disturbance may trigger a conversion to a different physiognomic
type. In the face of an uncertain future, actively reducing forest
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vulnerability to high severity disturbances through thinning and
prescribed burning may prolong forest dominance in these areas
(Davis et al., 2024).

Our results suggest multiple areas of vegetation stability,
despite changing climate (Figure 5). However, these projections
of vegetation stability should be interpreted with caution
and consideration to the underlying assumptions of our
modeling approach. In southwest Oregon, the mixed evergreen
physiognomic type is projected to remain stable despite changing
climate. However, higher-than-average o values for these
projections indicate a looser correspondence between focal and
analog climates, reducing our confidence in these projections.
The projected stability in the Basin and Range ecoregion, on the
other hand, may be an artifact of insufficiently resolved shrubland
data and our inability to account for non-native species invasion
dynamics. Large parts of the Basin and Range ecoregion had
reverse analogs in Idaho and Nevada, areas outside of the Region
6 PNV dataset. For these locations, we crosswalked BpS vegetation
classes to PNV vegzones (see Section 2). The Basin and Range
ecoregion is projected to continue to support shrubland vegzone,
however the stable shrubland vegzone may mask transitions
among the eight shrubland subzones. For example, Creutzburg
et al. (2015) project a climate-driven increase in moist shrub
steppe and fluctuating levels of dry shrub steppe in the second
half of the 21st century. Additionally, the shrub steppe in this
ecoregion are threatened by ongoing annual grass invasion (Smith
et al, 2022; Creutzburg et al., 2022) and subsequent fire regime
changes (Bradley et al., 2018; Balch et al., 2013) which often lead
to permanent shrubland-to-grassland conversion (Chambers et al.,
2019). Our projections do not represent invasion dynamics, and
therefore may mistakenly project continued shrub dominance
when a conversion to annual grassland may be more likely.

4.2 Projection uncertainty

Information about uncertainty of modeled results provides key
context for their interpretation and application. Overall, neither
climatic novelty (¢ > 2) nor poor climatic match between focal
and analog climates (o0 approaching 2) was a significant source
of uncertainty in our study (Figure 6A). The lack of evidence
of novel climates emerging by 2041-2070 is contrary to other
studies (Dobrowski et al., 2021; Mahony et al, 2017). There
are two potential reasons we did not find novel climates. First,
our vegetation projections excluded large valleys (e.g., Willamette
Valley, Upper Klamath Basin) because they are classified as
“developed” vegetation types. However, large valleys are the most
likely locations to develop novel climates (Mahony et al., 2017;
Dobrowski et al., 2021). These low topographic positions are
already the warmest locations on the landscape, which means that
finding an even warmer reference period climate to match the
projected climates in these areas is unlikely. Second, the fine spatial
resolution of climate data in this study allowed us to find analogs in
locations where coarser climate data may overlook them. Fine grain
climate data are associated with reduced projections of climate
novelty (Hamann et al., 2015; Ordonez et al., 2016; Dobrowski and
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Parks, 2016; Heikkinen et al., 2020). This reduced novelty is likely
due to the increased variability captured by fine grain climate data.

We highlight the southwest corner of Oregon as an area
of weaker climatic similarity between focal and analog climates
(Figure 6A), and therefore an area of less certain vegetation
projections, compared to the rest of the state. High o values for
projections in southwest Oregon may be a result of our data
limitations: we searched for analogs in the state of Oregon and
a 100 kilometer buffer around it. Extending the search further
south along the California coast may yield more climatically similar
analogs (lower o). Mahony et al. (2017) also report high o values for
southwest Oregon, despite their continent-wide search for analogs.
However, Mahony et al. (2017) used coarser climate data in their
study (4x4 km?) compared to ours (270x270 m?), which leaves
the possibility for more climatically similar analogs to be found
with finer-grain climate data (Ordonez et al, 2016; Heikkinen
et al,, 2020). Alternatively, this area’s future climate may become
increasingly novel, suggesting that southwest Oregon may develop
novel plant assemblages.

We interpret low analog agreement as an indicator of projection
uncertainty. This interpretation is supported by our contemporary
validation results: greater analog agreement is associated with
a greater probability of correctly reproducing reference period
vegetation at the pixel level (Supplementary Figure S5). This
uncertainty can originate from two sources: the future climate
projected for a particular pixel could support multiple vegetation
classes, e.g., climates supporting vegetation ecotones (e.g., Allen
and Breshears, 1998; Gosz, 1993) or it could indicate the model’s
inability to meaningfully distinguish among climates of multiple
vegetation classes. Distinguishing between these possibilities
may require pixel-by-pixel or region-by-region consideration of
primary, secondary, and tertiary vegetation projections. However,
both possibilities suggest projection uncertainty.

While the mean analog agreement for the study area was
high (78%), it varied geographically and showed distinct areas
of high and low projection uncertainty (Figure 6B). Significant
portions of the Blue Mountains, East Cascades, Basin, and Range
ecoregions and portions of Oregon coast are areas where the
projected physiognomic vegetation type is one of several possible.
In these areas, any single vegetation projection is associated with
heightened uncertainty, and evaluating alternative vegetation types
is necessary to understand possible development trajectories.

Analog agreement and climate dissimilarity should be
considered in tandem to characterize the uncertainty of projections.
For example, southwestern Oregon has high analog agreement,
and high climate dissimilarity (o > 1). In this case, the high climate
dissimilarity of analogs undermines the certainty associated with
high analog agreement, and the overall vegetation projection
should be considered uncertain.

Overall, we recommend interpreting AIM outputs at a
spatial unit that represents an aggregate of individual pixels (for
example, subwatershed, watershed, ecoregions) as opposed to
interpreting individual pixels. While we provide projections at
a fine spatial grain, the moderate pixel-level validation success
(Cohen’s Kappa 0.35-0.49, Supplementary Table S6) suggests
caution for interpreting pixel-level results. However, AIM showed
skill at reproducing overall vegetation composition (Figure 8,
Supplementary Table S5). Therefore, we interpret the projection
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for climate driven vegetation composition shifts with more
confidence than the exact locations of these shifts.

4.3 Other sources of uncertainty and
caveats

Our projections of vegetation changes are subject to multiple
assumptions, which additionally contribute to the uncertainty of
our projections. Our projections are based on the mean of an
ensemble of climate models under the high emissions pathway
(RCP 8.5) and therefore overlook the uncertainty associated with
climate model selection and other emissions pathways. Climate
uncertainty can be an equal or greater contributor, compared to
model uncertainty, in species distribution modeling (Wenger et al.,
2013) and analog-based modeling specifically (Grenier et al., 2013;
Yegorova et al, 2025). A more robust approach is to consider
climate projections from several models and under different
emission pathways to represent the uncertainty of future climate
scenarios (e.g., Lawrence et al, 2021). We suggest interpreting
the results of our study accordingly, as one of potentially many
vegetation futures. One way to fill in this information gap is
to consider our study in conjunction with other efforts that
do consider several climate scenarios (e.g., Kim et al, 2018).
Additionally, our projections are for the 2041-2070 period, and
therefore do not consider climate trajectories and vegetation
projections for the last quarter of the century. Our interpretations
implicitly assume climate stabilization following the projection
period, this stabilization is unlikely given current emissions and
climate projections.

As with other empirical models, our study assumes that
vegetation shifts will follow climate. However, whether and when
the vegetation types will change depends on many factors,
including catalyzing disturbance (Crausbay et al., 2017; Thom et al.,
2017), management history, species” dispersal capacity (Corlett and
Westcott, 2013), competition (Liang et al., 2018) and other biotic
interactions (Brown and Vellend, 2014) all of which modulate
plant response to climate. Long-lived species, such as trees, can
persist for decades or centuries in climates that are no longer
favorable to continued establishment of seedlings (Dobrowski and
Swanson, 2015; Serra-Diaz et al., 2018). In such cases, disturbance
events that kill mature individuals (fire, forest harvest, drought,
insect infestation etc.) can catalyze an abrupt transition from
one vegetation type to another. Management actions aimed at
reducing severe disturbances may significantly delay climate-
driven vegetation conversions. Nevertheless, with changing climate
and fire regimes, observations of forest to non-forest shifts are
accumulating across the western US (Coop et al, 2020; Davis
et al, 2019) and in low-elevation forests of Oregon specifically
(Boag et al., 2020; Dodson and Root, 2013). To colonize habitat
opened by disturbance, species must be able to disperse, establish
and successfully compete. However, the mean distance to analog
in our study (180km, Supplementary Figure 56) corresponds to
a climate velocity of 3 km/year, exceeding dispersal distances
for many plant species (Corlett and Westcott, 2013). Finally,
we make projections with vegzones, a necessary simplification
to communicate the effects of climate change. The use of
vegetation classes (vegzones) assumes species assemblages will
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respond to climate deterministically, which is not supported by
the paleorecord (Jackson and Blois, 2015; Rapacciuolo et al., 2014;
Jackson and Overpeck, 2000). However, vegzones are intended
to communicate site climatic potential, and thus vegzones are
particularly suitable for analog-based modeling, as both are defined
based on climate.

4.4 Considering plurality and sampling
projections

Projecting plausible vegetation under a future climate is a
classification problem: which vegetation class should we associate
with a given climate? The sampling and the plurality approaches
address this classification problem from different angles. The
plurality approach takes a deterministic lens, it summarizes
the most likely vegetation at a given pixel. Meanwhile, the
sampling approach takes a more stochastic lens: it selects a single
random sample out of 100 possible futures. These approaches
provide complementary information, and the outputs from both
approaches should be considered. The sampling approach is
more informative when considering landscape-level shifts in
vegetation composition—it carries fewer methodological artifacts.
The plurality approach, on the other hand, provides information
about the most likely vegetation type at a given location, as well
as the means to assess the likelihood of alternative vegetation
development pathways (via primary and secondary maps of
plausible vegetation) (Figures 7B, C).

4.5 Co-production

Our goal in co-producing this study was to create products that
would be useful to managers. However, an assessment of the effects
of co-production was beyond the scope of this study. We focus our
discussion on how the co-production affected modeling decisions,
as opposed to how it impacted the use of science products. The
iterative engagement with our co-production partners had a strong
effect on modeling inputs and interpretation of outputs. The
most specific effects are the choices of climate and vegetation
data in our project. For example, TNC-Oregon commissioned
the climate data downscaling specifically for the purposes of
providing fine-grain climate impact projections. The 270-m grain
projections in this study represent a significant improvement of
spatial resolution compared to other available products in the
region. Similarly, management partners had the decisive role in
selecting vegetation data inputs, and advocated for considering
secondary and tertiary vegetation projections. As a result, our
products use the vegetation classification that is already part of
many of our partners workflows.

A less tangible result of this co-production effort is the
learning and knowledge production resulting from repeated
engagement among partners. The co-production group created a
rich environment for checking ecological plausibility of modeling
results, considering and interpreting projection uncertainty, and
comparing our project’s outputs to other knowledge about climate
impacts. For example, we project that large swaths of western
Oregon may become more suitable to mixed evergreen forests
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than the mesic coniferous forests that currently occupy them.
Our partners pointed out that the vegzones comprising these two
physiognomic vegetation types share Douglas-fir as a common
co-dominant species. With their guidance we interpreted this
projected transition as a likely shift in the abundance of species that
co-occur, as opposed to complete species turnover.

4.6 How can AIM projections inform
management?

To demonstrate the utility of our vegetation projections,
we provide an example of how they can inform management
decisions using the RAD framework (Schuurman et al., 2020).
Considering our results in the RAD framework emerged from
the discussions with our co-production partners. We suggest
that the choice of how to manage an area can be informed
in part by plausible vegetation projections and their uncertainty
estimates. We additionally consider the agreement between our
projections and those from independent studies to provide a
broader context for potential management decisions. We present
the following scenarios as a starting point for discussing plausible
future vegetation changes and their management, rather than a
prescription of specific management actions.

Areas projected to retain reference-period vegetation under
the future climate (stable areas, Figure 5) are candidates for either
“resist” or “accept” management, depending on the biome, severity
of biotic and abiotic stressors, management context, and goals.
In forested vegetation types, resistance management could include
forest thinning and prescribed burning to reduce the probability of
high severity fires. However, these areas might also be considered
lower priority for intensive management due to their projected
stability in the face of climate change (and therefore are candidates
for acceptance management). A high severity disturbance is
expected to only temporarily change the ecological function in
these areas, since forests are expected to regenerate to their pre-
disturbance state over decades, if climate stabilized at the 2041-
2070 projections. However, acceptance management may not be an
option in the shrublands of the Great Basin ecoregion, another area
projected to maintain its reference period vegetation. Here, despite
the climate continuing to be suitable for shrublands in the future,
annual invasive grasses threaten to drive vegetation type conversion
from shrubland to annual invasive grassland. Management that
prevents or limits annual invasive grass species spread (resistance
management) may be crucial for the Great Basin’s shrublands
continued existence (Creutzburg et al., 2022).

Areas that are projected to transition to a different vegetation
type, and have high agreement among analogs (Figures5, 6B,
Supplementary Figure S10b), are candidates for “accepting” the
incoming changes. In these areas, climate is projected to be more
suitable for a different vegetation type than the one currently
present. Managers may be able to delay potential transitions by
reducing the hazards of high severity fire, or reducing drought
stress through thinning. However, climate is likely to overwhelm
the effectiveness of resistance management in these areas over
decades. Large parts of western Oregon, East Cascades and parts
of the Blue Mountains ecoregion fall into this category. Acceptance
management may entail not attempting to replant conifers in a
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trailing edge forest that is killed by a high severity disturbance.
Some projected transitions may be less drastic than others. For
example, we project that mixed evergreen forests are likely to
replace conifer dominated forests in western Oregon, a finding that
is corroborated by other modeling studies (Shechan et al., 2015;
Case et al., 2020; Turner et al.,, 2015; Yospin et al., 2015). Due
to a common codominant species in these forest types, Douglas-
fir, transition from mesic conifer to mixed evergreen forest may
primarily entail a shift in relative dominance of species that
already co-occur.

Areas that are projected to transition, but have low analog
agreement (e.g., <50% of analog votes for primary plurality
vegetation type, Supplementary Figure S10c) are candidates for
directing or even resisting, depending on the suite of vegetation
types projected and the objectives for management. If reference
period vegetation is one of the likely candidates in a “low
analog agreement” area, resistance management could be a viable
option. Otherwise, directing vegetation toward the most desirable
type of the potential options may be appropriate. To assess the
suite of plausible vegetation types, we suggest examining the
primary and secondary plurality vegetation types (Figure 7), as
well as projections from other studies. For example, large parts
of the Blue Mountains ecoregion are projected to transition from
forested to non-forested physiognomic types but also have low
analog agreement (Figures 6B, 7). The uncertainty of projections
for these areas is corroborated by the disagreement between
analog-based projections and those from other studies. In these
areas, resistance management aimed to reduce the severity of
potential fires may prolong continued forest cover, particularly
in areas where varied, fine-scale, topography may maintain
suitable biophysical conditions. However, the high uncertainty of
projections in these areas suggests that managers and scientists
need a better understanding of if, when, and where resisting or
directing vegetation trajectories will be effective (Millar et al., 2019;
Krawchuk et al., 2020).

As with all modeling results, our projections of vegetation
stability and change should be interpreted in the context of
managers local knowledge, management goals, current conditions,
and observations of recent vegetation dynamics. Additionally,
given the uncertainties about the magnitude of climate change
and its effects, a rigorous monitoring and adaptive management
program is crucial to help managers and modelers learn about
where transitions are occurring and what kind of management
actions are effective at directing or resisting transitions and
maintaining ecosystem services (Gaines et al., 2022). For example,
monitoring survival rates of post-fire replanted seedlings informs
where such resistance management efforts are still effective, and
where a different type of management may be necessary.

5 Conclusions

Our study suggests that under a high warming scenario
(RCP 8.5), the overall composition of vegetation types, and their
geographic locations are likely to change throughout the state of
Oregon. Considering different lines of evidence in aggregate can
provide greater understanding of the range of potential futures
and encourage adaptation action. Areas of projection agreement
for Oregon across different modeling methods increase managers’
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ability to anticipate vegetation transitions and manage them. On
the other hand, areas of projection disagreement highlight places
where we have less ability to anticipate future transitions. These
areas of greater uncertainty may require careful monitoring and
a rigorous and nimble adaptive management approach to allow
managers and scientists to learn about when, and what kind of
transitions are occurring, and which types of management are
effective at achieving desired goals.

Our study contributes to a growing body of climate impact
projections in the Pacific Northwest with a novel, analog-based,
approach, and a co-production process. Using AIMs allowed us
to significantly improve on the spatial and thematic resolution
of projections, compared to existing projections for this region.
Co-producing this project with users of outputs provided several
benefits. As a result of regular co-production meetings, our
partners are familiar with the methods, caveats and strengths of
the approach, which may encourage the use and interpretation
of the model outputs. The co-production process created a rich
opportunity for knowledge development and exchange, which in
itself may be the most valuable, even if intangible product of
this project.
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