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Abstract

Climate adaptation requires actionable scientific information about potential climate impacts. Spatial climate analogs answer the ques-
tion, ‘where does the future climate of a focal location occur today?’ Analogs provide a means to develop measures of climate change
exposure and can be applied to project climate change impacts. Although analogs are the basis for empirical models, recent appli-
cations of analogs have been structured as spatial models, which can contribute distinct information compared to more commonly
used nonspatial approaches. Analogs may improve our ability to communicate climate change impacts for science and nonscience
audiences. We review approaches for identifying analogs, summarize their applications, highlight understudied features, and examine
evidence of their utility for science communication. We conclude by identifying research needs: the establishment of best practices
for analog identification, the adoption of validation methods for analog impact models, and the evaluation of the utility of analogs for

communication.
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The ongoing climate crisis highlights the need to adapt to the
climate-driven changes in socioecological systems that are al-
ready unavoidable (hereafter, climate impacts; Bierbaum et al.
2013). To be effective, adaptation practices must be location and
context specific (Reckien et al. 2022), which, in turn, requires
location-specific information about how systems are likely to re-
spond to climate change. Spatial analogs, which are used to esti-
mate climate change exposure, can also be used to project specific
climate impacts. We use the term analog impact model (AIM; see
box 1 for term definitions) to describe this class of empirical mod-
els. Our objective in this review is to summarize methodologies
for identifying climate analogs, synthesize existing applications
for estimating climate change exposure, and highlight the use of
AlMs for projecting climate impacts.

Climate analogs are locations that share a similar climate
across space and time. In the context of climate change, analogs
can refer to incoming (reverse analog) or outgoing (forward
analog) climates with respect to a focal location. Using spatially
referenced climate projections, a forward climate analog identifies
where the current climate of a focal location will occur in the
future (figure 1a). Forward climate analogs are used to calculate
forward climate velocity, identify climates that are likely to
disappear in the future (Carroll et al. 2015, Hamann et al. 2015),
and identify potential dispersal areas for focal species (Parks et al.
2023). In contrast, reverse climate analogs identify locations where

the future climate of a focal location is found today (figure 1b;
Carroll et al. 2015, Hamann et al. 2015). Reverse analogs are used
to identify reverse climate velocities, climates that are novel
with respect to a reference time period (Williams et al. 2007,
Mahony et al. 2017), and to project climate impacts. AIMs char-
acterize ecosystem state variables (e.g., vegetation type, species
occurrence) at reverse analog locations and interpret these state
variables as a model of future state variables at a focal location.
(figure 1c). State variables can be represented by gridded data
sets, including dominant vegetation types (Parks et al. 2018), crop
productivity (Pugh et al. 2016, Chaudhary et al. 2023), and energy
use (Hallegatte et al. 2007), among others.

Analogs can be applied as supervised and unsupervised mod-
els. In an unsupervised approach analogs are agnostic to a par-
ticular species or system of interest, and instead are defined by
broadly relevant climate characteristics. Examples of unsuper-
vised analog applications include measures of climate change ve-
locity and climate novelty (Williams et al. 2007, Hamann et al.
2015, Mahony et al. 2017). In contrast, as a supervised approach,
analogs are used to project climate impacts for specific state vari-
ables (e.g., changes in species occurrence) in AIMs. Having a re-
sponse variable in supervised modeling provides a mechanism to
optimally characterize climate for a system of interest.

Analogs have been used across many disciplines, includ-
ing meteorology (Van den Dool 1994), climate downscaling
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Box 1. Glossary of climate-analog related terms.

Analog impact model (AIM): uses features of the reverse analogs to model impacts or features of the focal location under future
climate (figure 1c).

Climate analog: spatiotemporal climate analog used to find sites that share similar climatic and other characteristics (figure 1)
to a focal location.

Climate change exposure: an umbrella term for various metrics quantifying the degree to which a location or a potential organism
may be exposed to climate change effects. Climate velocity is an example of a climate exposure metric.

Climate change impact: an anticipated change to a response variable of interest (e.g., forest type, crop yield, fire regime) associated
with a change in climate.

Climate distance and climate dissimilarity and climate similarity: sometimes used interchangeably, a measure of climate similarity,
when comparing climates of two locations.

Climate space: univariate or multivariate space constructed by climate variables, in which climate dissimilarity of two locations
or time periods is measured.

Climate variable: variables considered for defining climate space. Climate variables consist of a climate element (temperature),
temporal specification (hourly, daily, monthly, annual) and a statistic (mean, variance, etc.). For example, mean annual tem-
perature and precipitation.

Climate velocity: a climate change exposure metric quantifying the rate (distance per year) of climate movement in space. Can
be thought of as the rate at which an organism has to move to maintain its preferred climate.

Constrained analog: analogs that are defined not only by climatic similarity, but other factors that are important for the specific
climate change impact being projected (e.g., soil type) or for the specific user group (e.g., “knowable” analogs). Constrained
analogs are always a subset of the full set of climate analogs (i.e., those only defined by climate).

Focal climate: climate at a focal location.

Focal location: location of interest represented by a pixel, city, or weather station, sometimes referred to as a “target” location.
Forward analog: location that is projected to have historic (or reference period) climate of a focal location in the future

(figure 1a). Answers the question, where is the current climate of the focal location projected to occur in the future?
Functional analog: the analog resulting after applying all known constraints.

Nonanalog climate: climates (generally future climates) that are not observed under the contemporary or reference period climate
in the chosen search space (province, continent, or Earth).

Reverse analog: location that currently has focal location’s future climate (figure 1b). Answers the question, where does the

future climate of the focal location occur today?

Spatiotemporal or spatial climate analog: used interchangeably with climate analog.

(Maurer and Hidalgo 2008), and paleoecology (Overpeck et al.
1985), although what constitutes an analog and how analogs
translate into projections of system states varies across these ap-
plications. The analog applications we discuss in this review are
most similar to those of paleoecology, where climate analog ap-
proaches are used to reconstruct past climates from fossil records
(Overpeck et al. 1985 and the citations within it, Williams and
Shuman 2008). Paleoecologists compare present day and past
ecosystems and use transfer functions to translate these compar-
isons into projections of past climate states. The AIM applications
we discuss differ in the direction of reasoning and can be thought
of as reverse transfer functions where comparisons of the twen-
tieth century and projected future climate are used to infer fu-
ture ecosystem states. Our focus reflects the increasing attention
AIMs have garnered for projecting and communicating potential
climate impacts.

In the broadest sense, analogs are synonymous with the
substitution of space for time (Mahony 2017, Mahony et al. 2017)
and are, therefore, the basis for empirical approaches that project
biological responses to climate (Pickett 1989, Currie 2001, Lester et
al. 2014, Lovell et al. 2023). The use of space-for-time substitution
comes with many assumptions, including the assumptions that
observed spatial patterns are due to variation in climate, and that
climate and the response variable are in a pseudoequilibrium

(Johnson and Miyanishi 2008, Lovell et al. 2023). The validity of
the space-for-time approach appears to be more robust over long
time horizons (millennial time scale), where climate and biotic
responses are more likely to be in equilibrium with climate fluc-
tuations (Blois et al. 2013, Adler et al. 2020). At finer timescales,
where disequilibrium dynamics are prevalent (Svenning and
Sandel 2013), projections with space-for-time substitution re-
quire more careful interpretation. These caveats apply not just
to AIMs but to other empirical modeling approaches that rely on
space-for-time substitution and, to a more limited degree, mech-
anistic models that are often parameterized using spatial data.
Nonetheless, space-for-time approaches applied at decadal time
frames can predict the correct direction, if not the magnitude of
change (Lauenroth and Sala 1992, Elmendorf et al. 2015).
Although AIMs are conceptually similar to empirical biocli-
matic models (they both rely on space-for-time substitution),
differences emerge in the model support between the two ap-
proaches. AIMs characterize the climate envelope of a specific
location, whereas bioclimatic models characterize the climate
envelope of a species or a system of interest. The focus on loca-
tion and the methodological decisions associated with this focus
(i.e., how to characterize climate, where and how far to search for
analogs, and how many analogs to use) geographically constrain
the data used for making projections at a focal location (figure 1c).
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Figure 1. Climate analogs and analog impact models. For a focal location X, forward climate analogs (a) are locations where the focal pixel’s current
climate can be found in the future. Forward analogs are used to calculate climate velocity (see the “Climate change exposure” section), assess
potential migration patterns, and map disappearing climates—locations that do not have forward analogs in the future climate. Reverse climate
analogs (b) are the locations that currently have the focal pixel’s future climate. Analog impact models (see panel (c) and the “Analog impact models”
section) use state variables found at the locations of reverse analogs to project features at focal pixel X under a future climate. Reverse analogs are
used to project climate impacts, such as climate-driven ecoregion transitions (see panel (c) and the “How are climate analogs used in climate change
research and climate adaptation?” section) and locate areas expected to develop novel climates (i.e., locations that have no reverse analogs in the
contemporary time period, not visualized). The search radius for climate analogs can be unconstrained or chosen to reflect biotic processes such as
assumed dispersal constraints. In panels (b) and (c), only analogs found within a limited radius of the focal location are used.

Consequently, AIMs can function as spatial models (similar to
other spatial modeling approaches that use a geographically
limited moving window) and can therefore capture the effects of
spatially structured variables and processes not directly included
in the model.

Most commonly used empirical modeling approaches are not
spatially explicit (Brown et al. 2011, Crase et al. 2014, Gaspard et
al. 2019) and are therefore not well equipped to accommodate
sources of spatial structure in data, beyond those associated with
the explanatory variables. Nonspatial models translate spatial
information (e.g., georeferenced observations) into nonspatial
information (e.g., climate space) and then transfer forecasts back
into geographic space, losing any spatially structured information
that is present in the observations, but is not associated with the
explanatory variables in the model. As a result, nonspatial models
can suffer from spurious inferences because of confounding fac-
tors and omitted variable bias, both of which can manifest as spa-
tial autocorrelation in model residuals (Brown et al. 2011, Walker
2014). AIMs follow a similar process, but they create individual
models for each focal location, using a geographically limited data
set. AIMs consider data that are geographically proximate to each
focal location as a consequence of the spatial proximity between
focal and analog locations (Hamann et al. 2015). This type of ge-
ographically limited search can preserve other spatially encoded
information including the influence of exogenous (e.g., soil orders)
and endogenous (e.g., dispersal dynamics) variables not included
in the model. In contrast, nonspatial models are likely to attribute

the influence of these omitted variables to the climate variables in
the model. Whether the spatial nature of AIMs leads to different
projections of climate impacts than nonspatial models would is
not clear. In general AIMs have not been formally compared with
more commonly used bioclimatic models, although a limited
comparison suggests that AIMs provide qualitatively similar
forecasts of future impacts (Coffield et al. 2021). In this review,
we explore potential distinctions between AIMs and nonspatial
models.

Climate analogs are often advanced as an effective means to
communicate climate impacts to nonscientists and to inform
climate adaptation decisions in multiple sectors (Hallegatte
et al. 2007, Veloz et al. 2012, Rohat et al. 2017, Fitzpatrick and
Dunn 2019, Chaudhary et al. 2023). Analogs have been used in
innovative ways to communicate climate impacts and stimulate
discussion in agricultural and urban planning settings (e.g.,
Hallegatte et al. 2007, Retchless 2014, Fitzpatrick and Dunn 2019,
Chaudhary et al. 2023). For example, climate analog locations
can be visualized, providing an engaging way to communicate
anticipated future changes to broad audiences (e.g., plus2c.org,
https://fitzlab.shinyapps.io/cityapp). However, we note that
there is limited empirical evidence of the utility of analogs for
communication and actual decision-making.

In this article, we review approaches for identifying climate
analogs and for projecting climate impacts using AIMs. We sum-
marize how climate analogs have been used to model climate
impacts in ecological, built and agricultural contexts, highlight
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traits of analog approaches that remain underappreciated or
unexplored, and contrast AIMs with commonly used empirical
modeling approaches. To assess their utility in climate adaptation,
we review evidence from social science regarding the effective-
ness of analogs as a communication and decision-making tool.
We conclude by identifying existing gaps in knowledge and
suggest future areas of research. We provide a brief description
of our review methods in the supplemental material.

How are climate analogs defined?

Identifying climate analogs relies on quantifying the climatic
similarity between sites (or the same site over time). This is done
by characterizing a climate space, quantifying climate distance
between locations in the climate space and comparing those
distances with a threshold value—a value within which climates
are considered analogous.

More formally, for a focal location i in time period a, (i, ta),
and a set of candidate analog locations j in time period b, (x;, tp,),
analogs are the set of (x;, t,)s such that

D i), f(xjith) < Drmax (1)

where Dy ta) f(xj 1) 1S @ measure of climatic distance between the
focal and potential analog location in a defined climate space.
Df(xi ta) f(xj.tb) Can be any algorithm for measuring distances in a
multivariate space, such as Euclidean distance or others (e.g., Mc-
Cune et al. 2002, Grenier et al. 2013). Although Df(yi ta), (s, th) 1S
referred to as either climate dissimilarity or climate similarity, we opt
to use climate similarity in most cases because it improves clarity.
Dmax 1s a threshold value, and f(x, t) is a function that maps ge-
ographic locations to locations in climate space at time period
t. Dmax 1s crucial to determining which candidate locations are
sufficiently climatically similar to be considered analogous (see
the “Climate similarity measures and thresholds” section). The di-
mensions of this climate space are characterized by the variables
used to define climate or by synthetic climate variables produced
by ordination to reduce data dimensionality (Littlefield et al. 2017).
In the reference time period, climate data are often derived from
gridded data or weather station observations. For future time pe-
riods, climate is commonly characterized using downscaled data
from general circulation models.

In addition to climate similarity, analogs can consider spatially
structured nonclimatic variables that represent exogenous and
endogenous processes relevant for understanding a system of in-
terest. For example, analog definitions can include physiographic
characteristics such as soil properties, topography (Dunn et al.
2019) and land use (Pugh et al. 2016). In addition, studies can limit
the search window for analogs to represent dispersal limitations
(Williams et al. 2007, Parks et al. 2019, Kling and Ackerly 2020,
Coffield et al. 2021), which can be further refined to consider net-
work constraints and connectivity (Dobrowski and Parks 2016, Lit-
tlefield et al. 2017). Analogs intended for climate adaptation and
decision-making can also be limited by perceptual constraints,
which can be thought of as a type of connectivity constraint. The
pool of potential analogs can be limited to those knowable, famil-
iar or those considered relevant to the end user or audience (Jost et
al. 2016, Fitzpatrick and Dunn 2019). The decision to limit analog
selection by physical distance, or other factors, is also a pragmatic
one, because it reduces the computational cost of finding analogs.

After climatic and other constraints are applied to find all
analogous climate locations, a subset of analogs is selected for
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climate exposure or climate impact estimates (see the “How are
climate analogs used in climate change research and climate
adaptation?” section). This subset is usually chosen to minimize
climate dissimilarity, Dy ), f(xj, ), Detween focal and analog
locations (Mahony et al. 2017), but it can also prioritize other
features—for example, the physical proximity between focal and
analog locations (Parks et al. 2019).

Characterizing climate space

The definition of the climate space used for measuring climate
similarity is critical to identifying analogs (Pugh et al. 2016,
Mahony et al. 2017, Dunn et al. 2019). Climate can be character-
ized across multiple dimensions, each of which carries unique
information (Garcia et al. 2014). Relevant aspects of climate
are subjective to each species and will vary by the intended
analog use. Whether climate analogs are used as supervised
or unsupervised models influences the approach for defining
climate space. Analogs intended for estimates of climate expo-
sure (unsupervised approach; see the “Climate change exposure”
section) often use broadly applicable climate variables (e.g., mean
seasonal temperature and precipitation). In contrast, analogs
used to project impacts to a specific response (a supervised ap-
proach; see the “Analog impact models” section) may use a more
refined set of climate variables chosen through expert opinion
or by evaluating how the choice of different climate variables
affects AIM performance (see the “Future research” section). We
describe the choices for defining climate space using three broad
categories: the selection of climate variables (e.g., growing degree
days, total annual precipitation, mean monthly temperature), the
spatial resolution of climate data (1 square kilometer [km?] 0.5- x
0.5-degree cells, counties), and climate variable standardization,
weighting, and transformation. The lessons from existing studies
suggest that these decisions influence the total number and the
spatial distribution of candidate climate analogs (Pugh et al. 2016,
Mahony et al. 2017, Dunn et al. 2019, Chaudhary et al. 2023).

A climate variable consists of a climate element (e.g., temper-
ature, precipitation), its temporal specification (daily, monthly,
seasonal, etc.) and a statistic that summarizes the element
(e.g., mean, variance, percentile, minimum). Climate variables are
usually chosen on the basis of the intended use of analogs. For ex-
ample, urban climate analog studies commonly use the number
of heating and cooling degree days, reflecting interest in estimat-
ing energy needs (Kopf et al. 2008). Agricultural studies include
crop-specific growing degree days (Pugh et al. 2016) and soil prop-
erties (Dunn et al. 2019), whereas ecosystem-centered studies
include annual measures of energy and water balance (Parks et
al. 2018, Holsinger et al. 2019), because these variables influence
plant distributions (Stephenson 1990). Characterizing climate
space with a greater number of variables (i.e., narrowing climate
definition) will restrict the overall number and the geographic dis-
tribution of analogs. Although the effect of increasing the number
of variables will vary depending on how much unique information
is added with each additional variable. Variables carrying more
unique information will be associated with a greater restriction of
analog distribution and numbers (Mahony et al. 2017). One could
assess correlation of climate variables as a step in characterizing
climate. However, the collinearity of variables may vary by loca-
tion, and a “global” assessment of variable correlation may mask
that variation. Mahony and colleagues (2017) show that the effect
of additional climate elements varies by location and suggest that
climate is most meaningfully defined in a site-specific manner.
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However, current methods for site-specific characterizations of
climate are lacking and need further exploration.

Among summary statistics, annual or seasonal means are
common, whereas statistics describing interannual variability
and seasonality are less common but represent important di-
mensions of climate. Interannual variability of a climate variable
influences whether populations can persist on the landscape
(Jackson et al. 2009), species life history strategies (Huey et al.
2009), and design principles of infrastructure. Similarly, informa-
tion about seasonality—that is, how much climate varies within
a year between seasons—is not captured by the annual mean.
Seasonality is strongly associated with patterns of biological
diversity and community composition (for a review, see Tonkin
et al. 2017), crop cultivation (Dunn et al. 2019), and drives human
infrastructure needs (e.g., heating and cooling). Including infor-
mation about interannual variability or seasonality constrains
the geographic distribution, and the number of potential climate
analogs (Mahony et al. 2017, Dunn et al. 2019).

Extreme climatic events are also important for modeling
socioecological state variables but are poorly captured in means
or variance statistics (Katz et al. 2005). Extremes are critical for
shaping social and ecological systems; they drive or modify distri-
butions of species (Gutschick and BassiriRad 2003, Zimmermann
et al. 2009, Moran-Ordénez et al. 2018) and are crucial for design-
ing infrastructure (e.g., Wang et al. 2019). However, incorporating
climate extremes as variables for defining climate analogs may
require the use of novel climate distance measures. Commonly
used climate distance measures assume multivariate normality
of the data and rely on the information captured in means
and variance (Mahony et al. 2017). However, the distributions
of extreme values are known to be poorly approximated by the
statistics of mean and variance and, instead, are modeled with
extreme value statistics (Katz and Brown 1992). This mismatch
between data and methods may undermine the validity of infer-
ence of climate departures calculated on the basis of extremes.
For example, King (2023) found that climate similarity of focal and
analog climates increased when climate was defined by extremes
compared with means. King (2023) attributed this effect to high
interannual variability of extreme climatic events. The increased
climate similarity in King (2023) may be an artifact of the use of
a method of inference that assumes multivariate normality. This
area of inquiry deserves further attention, including an explo-
ration of data transformations that can match the extreme value
data to the distributional assumptions embedded in the methods.

In a different application, Wang and colleagues (2019) used ex-
treme value theory to find analogs for rare precipitation events in
a case study. They calculated and visually compared exceedance
probability curves for rainfall events for a focal city and three
potential analog cities. Their promising approach requires further
development to be applicable to a larger data set. The use of
extremes for defining climate analogs deserves further attention
given the increase in climate extremes with warming (Seneviratne
etal. 2012, AghaKouchak et al. 2020) and their importance for driv-
ing ecosystem processes and engineering of built infrastructure.

The spatial resolution of climate data affects the degree to
which spatial variability of climate is captured and represents a
series of trade-offs between data availability, computational fea-
sibility, and needs of the end users. Coarse resolution climate data
preserves information about the mean climate of an aggregated
area but may underestimate minima and maxima in complex
landscapes (Hijmans et al. 2005). For instance, in several studies,
the use of coarse resolution data was associated with greater
distances (and therefore greater climate velocities) between focal

locations and their closest analogs, compared with distances
derived with fine resolution climate data (Hamann et al. 2015,
Dobrowski and Parks 2016, Ordonez et al. 2016, Heikkinen et al.
2020). This suggests that coarse resolution climate data may
overlook proximal analogous climates. Similarly, using fine res-
olution climate data in topographically complex terrain resulted
in smaller estimates of area with novel climates compared with
coarse resolution data (Mahony 2017). AIMs have been devel-
oped with climate data of varying spatial resolution (1-50-km?
pixels or counties as the spatial unit) for extents ranging from
regional to global; however, the effect of varying spatial resolu-
tion on AIM projections and skill has not been systematically
examined.

Climate distance measures are sensitive to the absolute mag-
nitude of the variables used in their development. Therefore,
variables that make up the climate space should be standardized
(e.g., subtracting the mean and dividing by the standard deviation)
to ensure climate variables are weighted equally in contributing
to climate similarity measurements. The standardization pro-
cedure is most meaningful for variables that are approximately
normally distributed, which may not be the case for skewed
variables, such as daily precipitation. A nonnormally distributed
variable can be aggregated to a different temporal unit (e.g., from
daily to monthly totals) and transformed to meet the normality
assumption before they are standardized. After standardization,
climate variables can be assigned weights to represent their
assumed importance. For example, Bos and colleagues (2015)
increased the weight of precipitation in calculating climate
dissimilarity for finding farming analogs. They note that they
“had to rely on research intuition in selecting these [weights].”
In other words, variable weighting in analog selection is usually
based on the modeler’s opinion, as opposed to a formal weight
selection procedure. We suggest an approach to variable selection
and weighting in for AIMs in the “Methodological challenges and
natural science research needs” section.

Climate similarity measures and thresholds

Among many approaches to quantify climate similarity in
multivariate climate space (Grenier et al. 2013; e.g., Kopf et al.
2008), three are commonly used for defining climate analogs:
binning, standardized Euclidean distance (SED), and Mahalanobis
distance (MD). A full comparison of the relative strengths of
different distance measurements is beyond the scope of this
review, but see Grenier and colleagues (2013) for further details.
Measures of climate similarity can be discrete or continuous
(figure 2), and both types require a climate similarity threshold
to delineate analogous and nonanalogous climates. Discrete
approaches treat all analogous climates as equally similar to the
focal climate, whereas continuous approaches evaluate climate
similarity on a continuous scale. The choice between discrete
and continuous metrics is often based on data availability,
computational feasibility, and simplicity of interpretation.
Binning is a discrete approach based on whether climate values
of candidate analogs fall within specific bin widths around a focal
climate (figure 2a). Setting the bin widths is equivalent to defining
a climatic similarity threshold (Dmay). Analogs that fall within
the defined bins are considered equally climatically similar to
the focal climate. For practical reasons, binning approaches tend
to be applied to a limited number of climate variables, although
many variables can be collapsed using principal components
(or other data-dimension reduction approaches), with binning
applied to a limited set of those components (Hamann et al. 2015,
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c. Mahalanobis Distance
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Figure 2. Approaches for quantifying climate distance. In this example, climate space is characterized with two variables. Binning (a) is a discrete
approach and considers all climates that fall within the bin limits as equally analogous. The climate variable bin widths (+x, +y in figure 2a) also
function as thresholds (Dmax). Continuous climate metrics, such as standardized Euclidean distance (SED; b) and Mahalanobis distance (MD; c)
differentiate among analogs on the basis of their proximity to the focal climate in climate space. Climatic similarity threshold (Dmax) sets the limit,
beyond which climates are considered nonanalogous. SED does not account for climate variable correlation, and considers departures in any direction
from the mean focal climate as equally meaningful (figure 2b versus 2c). In contrast, MD considers covariance among climate variables when
measuring climatic distance. In panels (b) and (c), the dashed circle and ellipse, respectively, represent lines of equal climatic distance from the focal
point. MD will report a lesser climatic distance compared with SED for a candidate analog falling along the dominant axes of the focal location’s
climate variation, and larger climate distances for those that do not (figure 2b and 2c).

Littlefield et al. 2017). Bin widths have been determined on the
basis of expert opinion (McDonald et al. 2009, Dunn et al. 2019),
the observed climatic niches of organisms (Littlefield et al. 2017),
arbitrary criteria (Hallegatte et al. 2007), or current vegetation
patterns or biome distributions (Parks et al. 2019)—an approach
equivalent to system-based thresholding (described below).

In contrast to binning, continuous similarity measures can
distinguish among more and less climatically similar analogs
(figure 2b and 2c). Two commonly used climate distance measures
are SED (Williams et al. 2007) and MD (Mahalanobis 1936, Ma-
hony et al. 2017). Both SED and MD standardize the difference in
climate between a focal and analog location by the focal climate’s
interannual variability. Therefore, the same absolute change in,
for example, temperature, is interpreted as more meaningful in
an area with low interannual temperature variability than in
an area of high interannual temperature variability. In addition,
unlike SED, MD considers the covariance structure among cli-
mate variables and weights climate departures on the basis of
the climate variable covariance structure (figure 2c); departures
that are orthogonal to the main axes of climate variation are
considered larger by MD than by SED (figure 2b versus 2c).

Continuous similarity measures require a threshold (Dmax) to
judge whether a potential climate analog is sufficiently similar
to be considered analogous. Future climates that do not have a
sufficiently similar climate in the reference period are consid-
ered novel (see the “How are climate analogs used in climate
change research and climate adaptation?” section). There are two
approaches to setting Dmax: supervised, or system specific, and
unsupervised, or location specific. With the supervised approach,
Dmax is calibrated to optimally classify climates into groups of

interest, such as climates associated with species presence or
absence, ecoregion type, etc. (Williams et al. 2007). In the unsu-
pervised approach, Dy is set with respect to the interannual
climate variability at a focal location (Mahony et al. 2017). The
distribution of distances between the mean climate and the
climates of individual years at a given location follows the chi
distribution with degrees of freedom equivalent to the number of
climate variables used (Mahony et al. 2017). The distance between
centroids of focal and analog climates can then be interpreted
in percentiles of focal location’s interannual variability. Mahony
and colleagues (2017) suggested setting Dmax at two standard
deviations of the local interannual climate variability (two stan-
dard deviations of the chi distribution). This provides an intuitive
approach for framing analogous and nonanalogous climates on
the basis of a focal site’s interannual climate variability.

How are climate analogs used in climate
change research and climate adaptation?

Current applications of climate analogs fall into two broad
categories: assessing climate change exposure (e.g., climate
velocity) and projecting impacts to ecological or social systems
using AIMs. These two categories represent the unsupervised
(modeling climate exposure) and supervised (AIMs) uses of
climate analogs. Climate change exposure is defined as an umbrella
term for various metrics that quantify the degree to which a
location (and organisms associated with that location) will be
exposed to climatic conditions that are different from those cur-
rently observed (Houghton et al. 2001). Climate change exposure
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metrics are particularly useful when data on climate tolerance
and sensitivity of biota are absent, as is the case for many species.

Climate change exposure

Climate change exposure can be estimated with climate velocity
(Garcia et al. 2014) and climate novelty (Williams et al. 2007).
Greater climate velocities imply higher climate change exposure:
The faster the climate moves in space, the lower the chances
that biota will be able to keep pace with these changes. Forward
climate velocity is calculated by dividing the geographic distance
between the focal site and its forward analog (figure 1a) by
the elapsed time between considered time periods. The result
is the average speed at which an organism at a focal location
would have to move to maintain its current climate (Hamann
et al. 2015, Batllori et al. 2017). Reverse climate velocity uses a
similar approach based on reverse climate analogs and indicates
how fast an organism has to move to colonize a focal location
(Hamann et al. 2015). Climate velocity estimates depend on the
projections of climate change and on how the distance between
focal and analog locations is measured. Euclidean distance be-
tween focal and analog locations provides the lower boundary of
climate velocity. Accounting for the actual dispersal or migration
routes of organisms, and resistance or barriers to movement
will increase velocity estimates. For example, to reach analog
locations organisms may have to cross areas of high resistance to
movement, such as unfavorable climates (Dobrowski and Parks
2016, Parks et al. 2020) and areas of high human modification
(Littlefield et al. 2017, Carroll et al. 2018, Parks et al. 2020), all of
which increase estimates of climate velocity if we assume that
organisms will avoid high resistance areas.

Climate novelty refers to future climate conditions that are
not observed in the reference period. Therefore, focal locations
with a future climate that does not have analogous climates in
the reference period identify areas with potential novel climates
(Williams et al. 2007). Analogs are not the only method to identify
the locations of future novel climates; several others have been
proposed across different modeling techniques (Fitzpatrick and
Hargrove 2009, Rehfeldt et al. 2012, Mesgaran et al. 2014, Mahony
et al. 2018). The distribution and extent of novel climates in a
given study is contingent on the geographic area searched for
prospective analogs. In theory, the search for an analog can be
global; however, there are legitimate reasons to constrain the
search for analogs on the basis of biological constraints, such
as dispersal limitations, or human perceptual constraints (see
the “How are climate analogs defined?” section; Jost et al. 2016).
Limiting the search to a specific radius around a focal location
may increase the area of projected climatic novelty; a future
climate may be regionally novel but not globally novel.

Understanding where climate novelty is likely to emerge may
aid adaptation practices and climate-informed management.
In these areas, ecological communities may reassemble in un-
familiar ways (Williams and Jackson 2007, Ordonez et al. 2016),
and therefore, impact models based on observed correlations are
likely to be invalid. For example, Fitzpatrick and colleagues (2018)
showed that species distribution model performance decreased
with increasing climate novelty between the model training (con-
temporary) and testing (paleo) periods. They also reported that
the levels of novelty expected under high emission scenarios were
likely to exceed those observed in the paleoecological past. For
this reason, AIM applications generally avoid projecting impacts
in areas of no analog climates. Climate novelty is expected to
emerge or is already emerging in climates with low interannual

variability and regionally warmest locations in topographically
uniform locations (e.g., valleys; Williams et al. 2007, Mahony et al.
2017). In fact, the tropics, which are both the warmest areas and
areas with low interannual variability, may have already crossed
into the novel climate conditions (Garcia et al. 2014, Abatzoglou
et al. 2020).

Analog impact models

In contrast to climate change exposure metrics, AIMs project
climate impacts on specific response variables or systems of
interest. AIMs use state variables (e.g., forest type) at reverse
analog locations to project changes or a lack thereof to focal
locations under a future climate (figures 1c and 5). Examples of
ecological applications of AIMs include projections of crop pro-
duction (Chaudhary et al. 2023), shifts in vegetation composition
(Holsinger et al. 2019), and climate-informed forest management
targets (Churchill et al. 2013), among others. We focus this section
on highlighting that AIMs can be structured as spatial models and
describing approaches to quantifying AIM projection uncertainty.

AIMs can be structured to behave like spatial models and
therefore represent the effect of both climate and location on
the response variable, similarly to other spatial models (Miller et
al. 2007). Spatial modeling approaches lie on a spectrum defined
by nonspatial models on one end and models based on spatial
interpolation (coordinate-based) models on the other. Nonspatial
models consider a set of environmental covariates as the primary
drivers of a response and do not explicitly consider the influence
of geographic location on the response. Spatial interpolation
models (e.g., ordinary kriging, inverse distance weighting, or
coordinate-only models) fit the response as a function of ge-
ographic location only. Although geographic location is not a
biologically relevant driver by itself, it is an effective proxy for
many spatially structured exogenous (climate, vegetation, etc.)
and endogenous processes (dispersal, fecundity, etc.). Therefore,
purely spatial models implicitly include many spatially structured
processes as the drivers of model responses without attempt-
ing to identify them. This ability to capture location-relevant
information allows spatial interpolation models to perform
as well as or better than nonspatial models at reconstructing
observed patterns (e.g., Bahn and McGill 2007, Hijmans 2012,
Ploton et al. 2020).

Nonspatial and spatial interpolation models both have
drawbacks. Nonspatial models are prone to misattributing the
explanatory power of omitted variables to the ones included in
the model (Lennon 2000, Kiihn 2007, but see Diniz-Filho et al.
2003). This misattribution can result in misleading climate im-
pact projections (e.g., Peterson et al. 2019). On the other hand,
coordinate-based models do well in reproducing observed pat-
terns and are often used as spatial null models for comparative
purposes (e.g., Bahn and McGill 2007, Ploton et al. 2020) but are
incapable of projecting climate-driven ecosystem changes.

AIMs have traits of both purely spatial and nonspatial mod-
eling approaches and may balance the strength and weaknesses
of both. AIMs use environmental covariates (e.g., climate) and
can capture the effects of spatially structured processes. The
relative weight of environmental covariates or spatially struc-
tured processes can be adjusted through methodological choices
when identifying analogs. For example, limiting the search radius
for analogs (e.g., Williams et al. 2007) and considering a limited
number of most-climatically similar analogs (Parks et al. 2019)
both have the effect of constraining the geographic scope from
which analogs are drawn and therefore increase the influence of
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Figure 3. Spatial structuring of analogs and spatially encoded information. Geographic distribution of mean distances to 100 most climatically similar
reverse analogs for the state of Oregon 2041-2070 period, RCP 8.5 (a). The histogram in panel (b) shows the distribution of values in panel (a); the
dashed vertical lines indicate 25th, 50th, and 75th percentiles. (c) A focal location and the location of its100 reverse analogs for the 2041-2070 time
period under RCP 8.5. The analog locations were defined using climate variables only, but the geographic distribution of the reverse analogs coincides
with similar soil orders (Soil Survey Staff 1999), and therefore implicitly captures the effect of similar edaphic conditions.

space. AIMs are not unique in their ability to represent the effects
of environmental covariates and geographic location. There are
many spatially explicit approaches that are used for ecological
modeling (e.g., Fotheringham et al. 2002, Dormann et al. 2007,
Miller et al. 2007, Rollinson et al. 2021). However, in general,
spatially explicit models are underused in ecology (Brown et al.
2011, Crase et al. 2014, Gaspard et al. 2019).

AIMs implicitly capture the effect of geographic position by
summarizing the influence of climate on the response indi-
vidually for each focal location and by using a geographically
constrained subset of data to do so. The degree to which data
informing AIMs is geographically constrained is an emergent
property of the spatial structure of climate and climate veloc-
ity. Climate analogs tend to be found proximally to their focal
locations, although the degree of this proximity varies (figure 3;
Hamann et al. 2015, Mahony et al. 2017). The distribution of
analogs and the variation in proximity between focal and analog
locations is likely driven by physiography. For example, areas of
complex topography usually source analog from nearby locations,
whereas areas of uniform topography or regionally low positions

source analogs from distant locations (Hamann et al. 2015,
Mahony et al. 2017). In addition, other aspects of physiography
influence both reference period and future climates (Dobrowski
et al. 2009), thereby affecting the relative location of analogs.
Analogs that are geographically proximal to their focal location
are likely to share similar spatially structured drivers and, there-
fore, implicitly represent their influence if they are not included
as variables in a model. For example, we show a focal location in
Oregon, in the United States, and its 100 most climatically similar
reverse analogs under RCP 8.5 in figure 3c. The geographic distri-
bution of analogs allows them to share similar edaphic conditions
with the focal location—one of many spatially structured drivers
of ecosystem response. The geographic constraining of data in
AlMs is conceptually similar to modeling approaches based on
geographically moving windows (Fotheringham et al. 2002).

The spatial proximity of analogs—and, therefore, the in-
formation that analogs carry—can vary widely (figure 3a and
3b; Hamann et al. 2015). A user could elevate the relative im-
portance of spatially structured information by defining an
inclusion radius for analog searches, potentially at the expense of
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Figure 4. AIM and generalized linear model comparison. Comparing the spatial distribution of residuals and skill of second order polynomial logistic
regression (a) and an AIM (b) at reconstructing present-day ponderosa pine distribution at a subset of the Forest Inventory and Analysis (FIA) plots
(Bechtold et al. 2005) in the western United States. For the AIM, we calculated climate similarity between the reference period climate of each FIA plot
and the reference climate of all the other FIA plots in the data set. We then used 100 best contemporary analogs for each plot to project the probability
of ponderosa pine presence at each focal plot (p(present) = analog plots with ponderosa pine/100). Residuals = (observed — p(present)) for both models.
Logistic regression AUC is 0.85, AIM’s AUC is 0.9. The blue hues in panels (a) and (b) indicate underprediction, red—over prediction. (c) Test of spatial
autocorrelation (Moran’s I) of model residuals at 10 kilometer bandwidths for both models. Positive nonzero values of Moran’s I indicate positive

autocorrelation. Values close to zero indicate no spatial autocorrelation.

maximizing climate similarity of analogs or by weighting the
degree to which each analog’s input is considered by the inverse
of its distance to focal location. Although several studies have
limited the geographic range from which analogs are selected for
computational feasibility (Dobrowski et al. 2021, Parks et al. 2023),
there has not been a systematic analysis of the trade-offs between
choosing analogs on the basis of spatial proximity and climate
similarity.

AIMs can represent the spatial variability of climate-system
relationships by estimating them individually for each focal
location and basing them on data sets that are geographically
constrained around focal locations. Climate-system or climate—
species relationships are often nonstationary in space (Miller and
Hanham 2011, Miller 2012, Rollinson et al. 2021), because they are
modified by regional or local processes that are hard to capture
in a global model. For example, plant species’ relationship with
climate is often nonstationary because individual populations
evolve local adaptations (Peterson et al. 2019). Averaging across
populations’ individual responses rather than accounting for
population differences in response can lead to contrasting pro-
jections of climate impacts on species (Peterson et al. 2019,
Klesse et al. 2020, Perret et al. 2024). AIMs capture this spatial
nonstationarity through selecting regionally relevant data to
define system-climate relationship for each focal location. In
contrast, nonspatial models estimate a “global” parameter for
the influence of each climate variable and are therefore often
unable to reflect this nonstationarity, which manifests in spatially
autocorrelated residuals (Rollinson et al. 2021).

To provide a concrete example of the spatial features of AIMs,
we model and compare the distributions of ponderosa pine
(Pinus ponderosa) in the western United States using an AIM and a
generalized linear model (figure 4). The generalized linear model
tends to overpredict ponderosa pine presence in the middle
and southern Rockies, and underpredict it in Eastern Montana,
eastern Washington and Oregon (figure 4a). AIM overpredictions
and underpredictions, on the other hand, have a more random
distribution pattern (figure 4b), suggesting that the AIM better
represents the distribution of the species. Overall, the AIM shows
less spatial bias in model residuals (figure 4c) and lower model er-
ror (figure 4b) than logistic regression (figure 4a). AIM also shows
greater skill (the area under the curve [AUC] = .90) than logistic
regression (AUC = .85). The reduced spatial bias in residuals
and lower Moran’s I than in logistic regression are indicative of
the AIM implicitly capturing spatial variation in climate-species
relationship or the effect of other spatially encoded variables not
directly included in the model. The details of our modeling can
be found in the supplemental material.

Understanding the uncertainty of projected climate impacts
is imperative to operationalize climate impact projections into
adaptation decisions (Beier et al. 2017). The many sources of
uncertainty in climate impact modeling are generally grouped
into the following broad categories: the uncertainty of observed
data, the uncertainty of future climate, and the uncertainty of
specifying models correctly (Elith and Leathwick 2009, Beale
and Lennon 2012, Wenger et al. 2013). To date, studies using
AIMs have quantified uncertainties associated with climate
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projections and model specification. To our knowledge there
has not been a formal evaluation of the relative importance of
climate and model uncertainty in AIMs. Grenier and colleagues
(2013) demonstrated that the choice of climate data (variability
between general circulation models) has a larger influence on
analog location than the choice of climate dissimilarity measure
(model uncertainty). However, it is not clear whether variation
in analog locations because of climate and model uncertainty
would result in different impact projections from an AIM.

To quantify uncertainty associated with climate projections,
Hallegatte and colleagues (2007) examined the influence of
the choice between two global circulation models on the pro-
jection of energy needs in Paris, France. Each climate model
was associated with a unique analog city and a unique pro-
jection of energy use. The range of potential energy needs
served as one of the measures of climate projection uncertainty
(Hallegatte et al. 2007).

In a study projecting ecoregion distribution under a warmer
climate, Dobrowski and colleagues (2021) used two complemen-
tary measures to estimate uncertainty in model specification:
analog agreement and mean climate similarity of analogs. To
project future ecoregion at a focal pixel, they summarized the
ecoregions associated with 100 reverse analogs of a focal pixel
and selected the ecoregion supported by the greatest number
of analogs out of 100—a plurality projection. However, present-
ing a single ecoregion may communicate an undue certainty,
particularly in cases where the probability of the plurality ecore-
gion is only marginally higher than for the next most supported
one. For this reason, Dobrowski and colleagues (2021) expressed
projection uncertainty as the proportion of analogs supporting
the plurality ecoregion projection at any given location (which
we simply call analog support). The lower the analog support, the
greater the probability of alternative ecoregion types, and the
higher the projection uncertainty. For example, using vegetation
classes instead of ecoregions, figure Sa and 5b show projections
of potential natural vegetation types at two pixels in western Ore-
gon, in the United States, under a warmer climate. Western hem-
lock (Tsuga heterophylla) is the vegetation class with the greatest
analog support at both locations, receiving 80 and 46 votes (out of
100), respectively. We consider the projection made with 80 votes
(figure 5a) more certain than the projection made with 46 votes
(figure 5b), where western hemlock and tanoak (Notholithocarpus
densiflorus) classes may be equally plausible (46 versus 43 analog
votes; figure 5b). Projections of multiple vegetation classes at a
focal location may indicate that the future climate could support
either class. However, it could also indicate the model’s inability
to meaningfully distinguish environmental conditions of multiple
vegetation classes. For example, if an analog’s definition is miss-
ing an important biotic or abiotic factor (e.g., serpentine soil types,
marine fog layer), the analog may not be able to meaningfully
distinguish between environmental conditions of two (or more)
vegetation communities. Distinguishing between these possibili-
ties may require pixel-by-pixel or region-by-region consideration.
However, both possibilities suggest projection uncertainty.

A further improvement on analog support, as a measure of
uncertainty, could be an index that accounts for the distribution
of support among possible classes. For example, the Gini index
or Shannon diversity index would be more informative of cases
where the distribution of analog votes fell approximately equally
among several classes, and where, therefore, the plurality projec-
tion is uncertain, versus where lower plurality support (less than
50%) is still strongly informative (e.g., the rest of the votes are
spread among many poorly supported classes).
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A second measure of model uncertainty used by Dobrowski
and colleagues (2021) was climatic similarity of analogs used for
projections. Although all climates used in AIMs are considered
analogous (i.e., the climate distances between focal and analog
locations are below Dmayx), actual climate similarity can vary
widely from their respective focal climates (figure 2). Overall,
we consider projections made with analogs of higher climate
similarity to be more reliable than projections made with poorer
analogs. Analog support and climate similarity of analogs should
be considered together. Two climatically similar analogs may
provide different vegetation projections. This suggests that
either a single climate can support multiple vegetation types
(e.g., alternative vegetation states at ecotones) or our model is
lacking relevant characteristics to discern among environmental
conditions of different vegetation types. Similarly, poorer analogs
may agree on a single vegetation projection, but the weaker
climate match should be separately considered as a source of
uncertainty.

Assessing and expressing projection uncertainties is an on-
going challenge for the interpretation of AIMs and all modeling
approaches more broadly. There are currently no broadly ac-
cepted best practices for reporting projection uncertainty of
AIMs. We suggest that uncertainty estimates for AIMs described
in this section (or an improvement on them) should be rou-
tinely developed to aid in using AIMs for decision-making and
conservation planning.

How are climate analogs used in
communication and decision-making?

Climate analogs and AIMs have been explored in research
contexts, but are they useful as communication tools and are
they actionable for decision-makers? Veloz and colleagues
(2012) described analogs as “a powerful alternative method for
decision-makers planning for climate change and a tool for bet-
ter communicating the significance of climate change to broad
audiences.” According to Hallegatte and colleagues (2007), AIMs
“translate a complex and abstract amount of information from
climate models into metrics more usable for decision-makers
and stakeholders” and “allow one to appreciate the magnitude
of uncertainties about its level, rate, and location.” Analogs are
promoted as decision-support tools for adaptation related to
urban heat waves (Rohat et al. 2017, Fitzpatrick and Dunn 2019),
ski resorts (Dahinden et al. 2017), tree plantation productivity
(Leibing et al. 2013), flood risk (Fekete 2009), protected area man-
agement (Holsinger et al. 2019, Parks et al. 2022), and agriculture
(Ramirez-Villegas et al. 2011, Dunn et al. 2015).

Research on usable climate science, not specific to analogs,
indicates that climate information needs to fit with specific audi-
ences and decision contexts to be useful (Dilling and Lemos 2011,
Kirchhoff et al. 2013). Climate analogs meet many of the criteria
to be effective tools for communication and decision-making.
Analogs provide local, tangible information about future change;
they enable people to envision a future that is different from the
past; and when represented through maps, they provide engaging
visualizations (Nicholson-Cole 2005, Sheppard 2005, O'Neill and
Nicholson-Cole 2009). However, the extent to which climate
analogs can be useful rests on two specific assumptions: that
analogs enable decision-makers to understand climate impacts
in ways that are less abstract and more useful than existing
alternative methods (Fitzpatrick and Dunn 2019) and that poli-
cies and practices in analog locations are adapted to and driven
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Figure 5. Expressing projection uncertainty with climate analogs. Focal locations, pink points in panels (a) and (b), and locations of 100 best reverse
analogs (the black points). Analog locations are intersected with a vegetation data set—USFS Region 6 Potential Nature Vegetation layer. The bar
graphs summarize the vegetation types intersected by reverse analogs. In panel (a), the 100 analogs intersect three different vegetation types: Western
hemlock is the most commonly selected vegetation type, receiving 80 out of 100 analog votes. In panel (b), the 100 analogs intersect five different
vegzones, with western hemlock receiving a narrow plurality of the analog votes (46 votes) over tanoak (43 votes). We use the proportion of votes
received by the most supported vegetation category as a measure of projection certainty. Therefore, we consider the projection made in panel (a) as
more certain than the projection made in panel (b), where tanoak and western hemlock vegetation types could be considered equally plausible

projections.

by current climate and are therefore useful and informative
to decision-makers in the focal location (Hallegatte et al. 2007,
Kellett et al. 2015). Because only a handful of studies have tested
the efficacy of climate analogs in nonresearch contexts, most
claims about the communication and decision-making benefits
of analogs have not yet been supported by research. Below we
describe the existing empirical research on the utility of analogs.

Many papers assert that analogs are useful for communicating
with the public about future change (Kopf et al. 2008, Rohat et al.
2017, Fitzpatrick and Dunn 2019), but this assumption remains
largely untested. In one of the few studies examining analogs as
a communication tool, Jylhd and colleagues (2010) found that a
climate analog approach elicited largely accurate perceptions of

changing climate zones in Finland among self-selected respon-
dents to an online survey. The vast majority of survey participants
reported that the maps depicting climate zone shifts were clear
and comprehensible. In a study in the United States, Retchless
(2014) examined how perceptions of future climate differed on
the basis of whether projections were presented as climate analog
locations versus as text-only temperature changes. Participants
who were given climate analogs perceived climate change as
less severe and less harmful than participants who were given
specific temperature changes (Retchless 2014). Retchless (2014)
speculates that knowledge of the analog location may have led
the participants to view future climate as somewhat desirable,
because nonclimate related features at the analog location were



viewed positively (e.g., analog city has a thriving economy). On
the basis of these results, Retchless (2014) urged “caution before
using spatial-analog approaches” for communicating climate
change to the public, because the nonclimatic characteristics of
the analog location may influence perceptions of climate change
in unpredictable ways.

Existing empirical research on the utility of analogs in decision-
making comes mostly from agricultural and urban settings. The
lessons from these disciplines are instructive for conservation
and natural resources management. Dunn and colleagues (2015)
examined the value and usefulness of analogs and other climate
information for the wine grape sector in Australia, including the
utility of different temporal and spatial scales. Decision-makers
in the wine grape sector found analogs just as valuable as infor-
mation about projected change to specific climate variables, such
as temperature and precipitation. They preferred analog infor-
mation for longer-term decisions (beyond 10-20 years) and found
climate analogs valuable because they enabled them to compare
regions and cultivars, plan new plantings, and choose new wine
styles. The decision-makers in the wine grape sectors wanted
analogs at the spatial scale of the growing region (as opposed to
more localized scales). Furthermore, a majority indicated that
uncertainty in projections would not stop them from using the
information in decision-making. Because the Australian wine
grape sector is competing in a global marketplace, there was
also interest in both domestic and international analogs, to get a
sense for overall market changes.

Studies that examined the utility of analogs for smallholder
farmers in Africa and Asia concluded that farmers need to
have knowledge of the analog location (or means to gain that
knowledge) so that they understand what kind of agriculture
may be adaptive in the future climate (Jost et al. 2016). Farmers
were interested in learning practices from analog sites that
may become adaptive at their location in the future but were
constrained by the difficulty of visiting these locations to learn
from them (Jost et al. 2016).

Analogs intended to inform agricultural decision-making may
need to include additional nonclimatic variables that are as
important to farming output as climate. Nyairo and colleagues
(2014) and Bos and colleagues (2015) examined farming practices
at the reverse analog location with the goal of learning adaptive
farming practices. They found that practices at reverse analog
locations were either similar to the focal location’s or driven
by nonclimatic factors, such as soils, farm size, market access,
cultural traditions, and land-use legacies. These findings are
echoed by Kellet and colleagues (2015), who examined reverse
climate analogs among Australian cities to help focal cities fast
track policy responses to climate change. They concluded that
nonclimatic factors, including politics, culture, economics, and
resources were driving policy decisions at analog locations more
so than climate. They caution that determining if a particular
policy or practice in the analog community is actually adaptive
is subjective and requires a value judgment.

Chaudhary and colleagues (2023) attempted to make analogs
more relevant to a particular socioecological system by using
specific climate metrics relevant to agriculture, with the goal
of facilitating dialogue about adaptation for US specialty crop
production. They found that analogs tailored to the decision con-
text may have the potential to catalyze discussion of adaptation
alternatives among extension and outreach professionals.

In a novel application, Hallegatte and colleagues (2007) used
an analog exercise to examine the relative costs of adaptation for
Paris, France, given climate model uncertainty. The geographic
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distance between Paris’s reverse analogs identified under two
different climate models became a proxy for uncertainty. The
two different analogs were used to examine which adaptation
actions result in committed pathways that are difficult to reverse
and sunk costs and therefore which investments are robust and
cost effective. Although Hallegatte and colleagues (2007) did not
study how decision-makers might perceive this information, their
analysis demonstrated the potential utility of reporting multiple
analog locations to ensure that adaptation pathways account for
uncertainties about future climate.

From existing social science, we know that analogs are de-
scribed as useful by decision-makers in some contexts (e.g.,
Australian winegrowers; Dunn et al. 2015) and that analogs have
been used to identify cost effective adaptations in the context of
uncertainty (e.g., adaptation pathways for Paris, France; Halle-
gatte et al. 2007). The utility of analogs depends on the ability to
learn from the analog (e.g., capacity to visit or know the analog
location; Jost et al. 2016) and on developing an analog based on
variables relevant to the modeled process (e.g., including edaphic
information when it is an important component of the modeled
system; Dunn et al. 2019). Climate analogs might not communi-
cate the magnitude of change or severity of impacts as effectively
as more conventional climate information (e.g., for Pennsylvania
residents; Retchless 2014), and, for some sectors, the differences
between the target and analog locations are too small to be useful
or driven primarily by nonclimatic influences (e.g., land-use pol-
icy; Kellet et al. 2015). However, the limited size and scope of these
studies mean that these conclusions are preliminary and apply
to specific contexts. We provide further suggestions for improving
our understanding of analogs as communication and decision-
making tools in the ” Social science research needs” section.

Future research

As the uses of climate analogs grow, there is an emergent need to
develop best practices for analog identification and application.
However, recommendations for best practices are contingent on a
better understanding of the influence of different methodologies
on AIM projections and how analogs are perceived and used by
end users. We broadly organize suggested research needs into
methodological and social science sections. A common thread
between these two areas is the need to evaluate the skill of analog
based approaches for projecting climate impacts and for aiding
climate-related decision-making.

Methodological challenges and natural science
research needs

We identify three broad areas for future methodological research:
the development and testing of advanced approaches to defin-
ing climate and measuring climate similarity in a biologically
relevant way, the assessment of AIMs’ skill at projecting climate
impacts, and comparisons of AIM with a broader suite of model-
ing approaches to better understand how AIMs contribute to the
climate impact projection toolbox.

More research is needed on formal approaches to variable
selection and weighting when defining climate space for using
analogs. Currently, researchers use informal or expert-based
selection of variables to characterize climate analogs for both
unsupervised and supervised analog applications. Mahony and
colleagues (2017) refered to the choice of climate variables as
an art more than science—pointing to the fact that a modeler
makes a personal choice about the specificity and breadth of
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climate description. However, when analogs are used for super-
vised modeling—that is, to model climate impacts to specific
systems—one could use cross-validation (or contemporary val-
idation, as is described below) to examine the effects of climate
variable selection on model skill. For example, one could use
mean absolute error or AUC to assess model fit. A series of anal-
yses examining the effect of selecting different climate variables,
as well as different spatial and temporal resolutions, would clarify
the effect of these methodological choices on AIM performance.

There is a need to investigate additional approaches to mea-
suring climate similarity. The most commonly used methods for
analog identification have important drawbacks. MD and SED
compare multivariate means of focal and analog climates and as-
sume multivariate normality, which is difficult to assess (Mahony
et al. 2017). In addition, previous implementations of MD and SED
have considered interannual climate variability at either focal
or analog locations, but have not considered both simultane-
ously. Usually, a focal location’s interannual climate variability is
considered. However, ignoring interannual climate variability at
analog locations creates the possibility of mismatched focal and
analog climate variances and extreme values (also discussed by
Mahony et al. 2017). A potential solution is to verify reciprocity of
analogousness: calculate climate distance between a focal and an
analog climate, reverse their labels, and make the computation
again. However, this solution would double the already significant
computational load of analog identification.

Comparing the distributions of climate variables at focal and
analog locations instead of mean climate conditions is another
important area of future research. Comparing distributions has
the benefit of leveraging high temporal resolution of climate
data without having to make a priori assumptions about the
appropriate degree of temporal aggregation. Kullback-Leibler
(KL) divergence and Earth-mover distance are two indices that
quantify multivariate distributional differences that could be
leveraged for analog identification (among many others). We note
that Grenier and colleagues (2013) explored KL divergence for
analog identification, but they used it on climate normals and,
therefore, did not leverage the broader suite of distributional
information.

Comparing multivariate climate variable distributions can
be computationally expensive (Mahony et al. 2017) and may
require flexible dimension-reduction techniques. Using machine-
learning approaches to effectively encode the many dimensions
of climate in a synthetic two-dimensional space could alleviate
the computational burden of multivariate distributional com-
parisons. Variational autoencoders (VAEs; Kingma and Welling
2014) are an unsupervised machine-learning approach that has
not been used for analog definition, but provides an interesting
perspective. VAEs have the ability to encode high dimensional
variables into a normalized low dimensional latent space. There-
fore, high-dimensional climate representations can be collapsed
to a two-dimensional space where climate similarity can be
then calculated. The ability of VAEs to handle high dimensional
data may allow for efficient representation of the distributional
characteristics of climate data that are not readily captured by
summary statistics, such as climatic extremes.

The majority of studies employing AIMs do not assess model
skill, an important step to understanding the reliability of fore-
casts they produce. Validating climate impacts that are yet to
unfold is not possible. Instead, we suggest that AIMs are evalu-
ated either on their ability to reproduce state variables observed
in the reference period (what we term contemporary validation;
figure 4) or on their ability to capture patterns in a simulated data

set. Both of these approaches are routinely employed to evaluate
more commonly used empirical and mechanistic models but are
rarely applied to AIMs. In the context of AIMs, a contemporary
validation approach asks if contemporary analogs of a focal
location accurately project the features of interest at the focal
location (e.g., figure 4). A handful of studies provide examples
of contemporary validation of AIMs and suggest that AIMs’
performance may vary, depending on the study system. Studies
projecting forest loss in western United States (Parks et al. 2019)
and global agricultural yield (Pugh et al. 2016) both indicated
that AIMs have a satisfactory performance. However, Bos and
colleagues (2015) found that contemporary analogs could not
reproduce smallholder farm outputs with sufficient precision and
used this result to discourage climate analog use in that context.
Alternatively, one could simulate different forms of species—
climate relationships and test the skill of AIM at reproducing the
synthetic data sets (Zurell et al. 2010, Miller 2014).

We recommend future work that provides a systematic com-
parison of AIMs with other modeling approaches to understand
how their forecasts correspond and differ. Specifically, we need a
comparison with approaches that fall under the broad umbrella
of bioclimatic models that are often used to project range shifts
in species distributions or impacts in the agricultural sector (Elith
and Leathwick 2009). A limited example of AIMs- and random
forest-derived forecasts shows that their outputs are qualitatively
similar (Coffield et al. 2021). However, our comparison of a gen-
eralized linear model and AIMs in figure 4 highlights differences
between model performances. We suggested key distinctions
between the commonly used nonspatial species distribution
modeling approaches and AIMs in the “Analog impact models”
section and figure 4, highlighting the inherent and implicit spatial
nature of AIMs. The implications of these differences for climate
impact forecasting need to be further explored. Comparisons of
the impacts projected by AIMs, mechanistic models, and correla-
tive models can serve as a reality check on each approach (Parry
and Carter 1989, Pugh et al. 2016, Coffield et al. 2021). A more
systematic set of comparisons of standardized and simulated
data sets is needed to understand the relative advantages of each
modeling approach.

Social science research needs

Realizing the potential of analogs for communication and
decision-making requires going beyond anecdotes. We need
rigorous social science research to develop a body of empirical
evidence about how people perceive analogs, how analogs in-
fluence perceptions of change, what kinds of decisions benefit
from analogs, and how analogs can be improved to better meet
the needs of decision-makers. Assumptions about how climate
analogs influence people’s perceptions of climate impacts, espe-
cially in comparison with other types of climate information, need
to be examined. Emphasis should be placed on understanding
how analogs can be used by decision-makers in particular sectors
and assessing their communication value with different types of
users. Focusing on what types of analogs are useful for specific
sectors would help tailor analog development to the needs of
decision-makers and therefore enhance their role in supporting
decisions about adaptation. For example, research could examine
whether including all of the constraints—physiographic, net-
work, and perceptual—in climate analog definition improves its
usability. A better understanding of relevant temporal and spatial
scales by sector would allow developers to produce analogs that
are helpful to end users. We also need to understand which



sectors need to pinpoint a specific analog location (e.g., perhaps
cities need other cities as analogs) versus a broader region (e.g.,
perhaps farmers need a regional focus).

Understanding whether and how analogs communicate uncer-
tainty, especially compared with other types of climate informa-
tion, and how decision-makers perceive and act on uncertainty in
analogs will improve analog usability. This knowledge can also im-
prove the design of analogs by helping determine when it will be
useful to provide multiple analogs thatillustrate different futures
in order to enable decision-makers to plan in the face of uncer-
tainty. Providing a single analog location or a single average pro-
jection of climate impact based on several analogs may suggest a
level of confidence in future projections that cannot be justified
by the science and could undermine resilience in the long term.

Multiple research communities are embracing the use of
climate analogs for climate impact modeling (e.g., Pugh et al.
2016, Fitzpatrick and Dunn 2019, Parks et al. 2022). Whether the
type of insights offered by AIMs are usable for climate adaptation
remains largely untested. We suggest that designing analogs
that are useful for adaptation requires an iterative process that
enables end users and social science research to inform and feed
back into the development and design of the analogs so that
analogs intended for adaptation are actionable beyond the scien-
tific community (Dilling and Lemos 2011). For example, dialogue
across scientists and end users is needed to determine what kinds
of uncertainties in future projections are important to particular
sectors and how these uncertainties can be communicated in
analogs. Similarly, understanding the relationship between the
constraints included in developing analogs and the usability
of analogs for decision-makers requires a dialogue between
scientists, who can explain what is scientifically possible, and
decision-makers, who can explain what constraints or analog
features are relevant to their situation.

Conclusions

Spatial climate analogs are currently used to develop climate
impact projections for both the research and practitioner commu-
nities. Three main themes emerge from our review. First, there is
a need to establish best practices for defining analogs and a clear
understanding of the effects of making different methodological
choices on impact projections. Second, the spatial nature of AIMs
and the potential benefits that come with it are mostly underused
and need further study. Finally, the potential strengths of climate
analogs require rigorous testing and additional empirical infor-
mation to support their validity, both as climate impact projection
tools and as communication and decision-making tools. This
dual need provides unique opportunities for interdisciplinary
collaborations that span natural and social sciences.
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