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Abstract Climate model (or earth system model) projections are increasingly used for climate adaptation
planning and impact assessments. As part of this process, many end‐users evaluate a subset of downscaled
climate projections without being aware of the implications of downscaling methodology for statistics or event
outcomes. Approaches for determining a subset of global climate models to use often focus on values from the
raw models, rather than from their downscaled counterparts, in other words assuming that the statistical
distribution of the multi‐model ensemble does not change post downscaling. This study demonstrates that a
downscaled ensemble will typically retain the change distribution as a raw ensemble, but individual models can
differ dramatically post‐downscaling. We recommend that subset‐selection methods account for this possibility
and that decision‐relevant downscaled climate projections provide proper descriptions of fitness‐for‐purpose
and essential caveats, so that non‐specialists can interpret the results with an appropriate level of confidence.

Plain Language Summary Many end‐users are now making use of downscaled climate projections
for climate adaptation planning and decision‐making, oftentimes using a subset of climate projections for their
activities. Approaches for selecting subsets of projections often do so based on evaluations of raw climate model
data with little regard to the effect of downscaling. This study demonstrates that individual models' outputs can
substantially differ pre and post statistical downscaling, which has profound implications for selecting climate
projections for assessments and planning. We recommend that decision‐relevant downscaled climate
projections provide proper descriptions of fitness‐for‐purpose and all essential caveats to help end‐users and
boundary organizations interpret climate projection information with appropriate levels of confidence.

1. Introduction
The increasing interest in climate adaptation planning in recent years has heightened the need for future climate
projections suitable for impact assessments. Numerous studies have used climate projections to assess climate
impacts on multiple sectors, including ecosystems (Pillet et al., 2022), hydrology (Chen et al., 2021; Lewis
et al., 2023; Swain et al., 2022), agriculture (Liu et al., 2022; Samimi et al., 2022), groundwater (Massoud
et al., 2018) and infrastructure (Caprario et al., 2022; Lai et al., 2022; Zhang et al., 2022). Many such evaluations
of possible climate futures necessitate high spatial or temporal resolution, thus requiring the use of downscaled
global climate models [GCMs] or other publicly available climate projections. Furthermore, GCM analysis is
notoriously data‐intensive and historical GCM performance on metrics of interest varies widely, both factors
which encourage analysis of only a subset of the available data (Liu et al., 2022) by either the downscaled‐dataset
producing entity or the end user. It is far from clear, however, that the uncertainties and implications of these
choices are broadly understood and accounted for.

The challenge of selecting projections for use in applications is known as the “practitioner's dilemma” (Barsugli
et al., 2013) and it includes the process of selecting a subset of projections from (or instead of) a larger ensemble.
Many procedures to determine which “climate scenarios” or ensemble subsets to use in adaptation planning have
arisen as a result. Some studies propose subset selection by assessing the ability of models to capture large scale
physical processes in a target region (Di Virgilio et al., 2022; Eyring et al., 2019) to simulate equilibrium climate
sensitivity (ECS) (Hausfather et al., 2022; Schlund et al., 2020), or to capture sensitivities in systems of interest
(Miller et al., 2022; Snover et al., 2013). Other studies have put forward analytic (or algorithmic) solutions for
selecting GCMs to form an ensemble subset (Herger et al., 2018, 2019; Lawrence et al., 2021; McSweeney &

RESEARCH LETTER
10.1029/2025GL116492

Key Points:
• Within an ensemble, projected changes

from individual downscaled models
can differ dramatically pre and post
downscaling

• Reliable interpretations require
maximum retention of ensemble
information and conservative
uncertainty assumptions

• Where subsetting and downscaling are
applied, model fitness‐for‐purpose and
essential caveats must be clearly
described

Supporting Information:
Supporting Information may be found in
the online version of this article.

Correspondence to:
A. M. Wootten,
amwootte@ou.edu

Citation:
Wootten, A. M., Massoud, E. C., &
Raymond, C. (2025). “Which projections
do I use?” strategies for climate model
ensemble subset selection based on
regional stakeholder needs. Geophysical
Research Letters, 52, e2025GL116492.
https://doi.org/10.1029/2025GL116492

Received 11 APR 2025
Accepted 11 JUN 2025

Author Contributions:
Conceptualization: A. M. Wootten
Formal analysis: A. M. Wootten
Methodology: A. M. Wootten,
E. C. Massoud
Software: A. M. Wootten
Visualization: A. M. Wootten
Writing – original draft: A. M. Wootten,
E. C. Massoud, C. Raymond
Writing – review & editing:
A. M. Wootten, E. C. Massoud,
C. Raymond

© 2025. The Author(s).
This is an open access article under the
terms of the Creative Commons
Attribution License, which permits use,
distribution and reproduction in any
medium, provided the original work is
properly cited.

WOOTTEN ET AL. 1 of 8

https://orcid.org/0000-0001-6004-5823
https://orcid.org/0000-0003-3093-5774
mailto:amwootte@ou.edu
https://doi.org/10.1029/2025GL116492
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1029%2F2025GL116492&domain=pdf&date_stamp=2025-07-01


Jones, 2016; McSweeney et al., 2015; Parding et al., 2020; A. M. Wootten et al., 2024). However, these studies
tend to focus on variables related to simple climate model evaluations (e.g., long‐term average temperature and
precipitation); on the raw GCM output, when downscaled GCM output is often used in adaptation planning; and
on continental scales, rather than regional ones. One important exception is Mahony et al. (2022), who considered
ways of selecting ensembles specifically for statistical downscaling and regional interests.

Although numerous applications use subsetted and statistically downscaled projections, the required choices
involved have not been backed up by robust literature quantifying the influence of the antecedent statistical
downscaling process on subset selection, and thus on the ultimate implications for decision‐making.

This study asks: when statistical downscaling is applied to a multi‐model ensemble, what happens to the ensemble
distribution (both the raw values and simulated change signal)?What happens to the individual members and their
positions in the ensemble distribution? The remainder of this paper demonstrates the influence of statistical
downscaling on a multi‐model ensemble, via a case study of precipitation in the US Southern Great Plains region,
and concludes with a discussion of how the results matter for the production of robust decision‐relevant climate
projections and end‐user applications.

2. Materials and Methods
We use 29 GCMs from the Coupled Model Intercomparison Project Phase 5 (CMIP5, Andrews et al., 2012). The
two ensembles in this study comprise the same 29 GCMs, where one ensemble is the raw CMIP5 data and the
other ensemble is drawn from downscaled projections created with the Localized Canonical Analogs (LOCA,
Pierce et al., 2014) statistical downscaling method (Table S1 in Supporting Information S1). For this study, the
historical period used for the evaluation is 1976–2005 and the future period used for analysis of projected changes
is 2070–2099 under Representative Concentration Pathway (RCP) 8.5 (Riahi et al., 2007; van Vuuren
et al., 2011). RCP8.5 is used to maximize the change signals for each ensemble member for statistical purposes. In
addition, the subset selection makes use of the Livneh v 1.2 gridded observation data set (Livneh et al., 2013) to
evaluate historical skill. Raw CMIP5 GCM outputs are interpolated to the Livneh grid using bi‐linear interpo-
lation and masked to the continental United States after calculating the climatology for each variable of interest.
LOCA2 downscaled outputs for the CMIP6 model suite were not available during the initial analysis, but the
effects of model generation are likely small compared to the other issues examined in this study (Cannon, 2020;
Knutti et al., 2013). For this analysis, we focus on the Southern Great Plains (SGP) region from the United States
National Climate Assessment [NCA] and specifically on precipitation [pr] as an example. We further consider a
hypothetical case where a user selects only precipitation projections from three members of the ensemble for
additional impact assessments. Results for precipitation in the other NCA regions, the entire continental United
States, and individual point locations are available in Supporting Information S1.

3. Downscaling Effects on Ensemble Distributions
Prior studies have mostly considered an ensemble of climate projections as reflecting samples from a distribution
of possible future climates. This formulation typically comes in two varieties, one that conceives of a multi‐model
ensemble as reflecting a random sample of possibilities centered around the true climate (Jun et al., 2008; Tebaldi
& Knutti, 2007) and another that conceives of an ensemble as being statistically indistinguishable or
exchangeable samples not necessarily centered on the truth (Annan & Hargreaves, 2010, 2011). However, the
effects of model genealogy and other limitations in earth‐system knowledge or its numerical implementation all
tend to lead to undersampling of the true possible distributions (Knutti, 2010; Knutti et al., 2013, 2017; Masson &
Knutti, 2011; Sanderson et al., 2015, 2017). For this reason, many studies have considered both skill and inde-
pendence of climate models when developing multi‐model ensemble averages used to project future climates (i.e.,
Massoud et al., 2019, 2020; Sanderson et al., 2015, 2017; A. M. Wootten, Dixon, et al., 2020; A. M. Wooten,
Massoud, et al., 2020; A. M. Wootten et al., 2023). Often neglected, however, is the effect of statistical down-
scaling on the characteristics of the downscaled multi‐model ensemble or its implications for ensemble subset
selection. Many statistical downscaling techniques, including LOCA, are designed to retain the original change
signal at the different quantiles of a variable from a single target GCM, and these effects have been well‐addressed
elsewhere (e.g., Lanzante et al., 2017, 2019, 2020, 2021). Here, we instead focus on implications for multi‐model
ensemble‐subset contexts, an area growing in importance as multi‐model climate impacts analyses become ever
more common across sectors and geographies (Jägermeyr et al., 2021).
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Statistical downscaling generally corrects GCM biases and incorporates known physical influences on climatic
variables on smaller scales (such as topographic effects on temperature and precipitation) that cannot be repre-
sented at the coarse resolution of a GCM (Schoof, 2013). Since GCMs vary in their resolutions and their fidelity in
representing regionally important physical processes (Di Virgilio et al., 2022), statistical downscaling can alter
the distribution of a multi‐model ensemble of GCMs as well as the composition of a best‐performing subset.
Although the error of a given GCM is reduced following statistical downscaling (pushing all members in closer
alignment with observations, and shrinking the variance of the multi‐model ensemble), the biases are not identical
across GCMs, nor are the corrections imposed by any statistical downscaling method. Therefore, a subtle aspect
of statistical downscaling is that in addition to the entire multi‐model ensemble distribution being altered, any
individual GCMmight not retain the same relative position in the ensemble pre and post downscaling. The future
multi‐model ensemble distribution is subject to the same caveats.

As an illustrative case, we consider the historical skill for the SGP domain mean annual precipitation of the
CMIP5 and LOCA ensembles. In a ranking of the historical means (Figure 1a), the best‐performing three‐GCM
subset—selected based on the raw CMIP5model bias—would fall quite close to the historical observations for the
region and in the 30–40th percentile of the CMIP5 multi‐model distribution. The same three GCMs have higher
error post‐downscaling (pre‐downscaling mean absolute error = 1.21 mm, post‐downscaling mean absolute er-
ror = 12.17 mm), but remain close to the rest of the post‐downscaled ensemble. The three selected GCMs exhibit
substantial differences in their projected changes, which become slightly smaller (i.e., drier) after applying the
LOCA method. Most notably, however, where each GCM falls within the multi‐model distributions is very

Figure 1. Effect of subsetting on projected future changes from a multi‐model ensemble. Each plot shows a 29‐member ensemble for annual precipitation climatology in
the SGP. Panels (a–c) focus on a 3‐member ensemble subset selected based on the bias of raw CMIP5 models; panels (d–f) focus on a 3‐member ensemble subset
selected based on the bias of LOCA downscaled CMIP5 models. CMIP5 models (pre‐downscaling) are shown in black and the LOCA downscaled CMIP5 models are
shown in blue. Panels (a and d) are the historical simulated precipitation (1976–2005) for the SGP arranged by percentile for both the CMIP5 and LOCA simulations,
with a dashed line showing the historical observed value from Livneh v. 1.2. Panels (b and e) are the simulated future precipitation (RCP 8.5, 2070–2099) for the CMIP5
and LOCA simulations. Panels (c and f) are the simulated change signal for the future precipitation (RCP 8.5, 2070–2099).
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different between CMIP5 and LOCA, implying a substantial effect from the statistical downscaling approach in
terms of precipitation change and the relative relationship among GCMs (Figures 1a–1c).

Repeating this example but starting with model skill assessed from the LOCA ensemble, we can observe again
how downscaling interacts with the ensemble subset selection process. In Figure 1d, the three top GCMs chosen
from the LOCA ensemble were, in the CMIP5 ensemble, at very different percentiles of the historical multi‐model
distribution, and had much more error (pre downscaling mean absolute error = 106.72 mm, post downscaling
mean absolute error = 3.76 mm). With statistical downscaling, the ensemble distribution of precipitation and the
relative placement of GCMs within the distribution are significantly altered (Figures 1d–1f).

The multi‐model ensemble of projections is often considered a sample of the distribution of future climate with
the true best estimate lying somewhere in the distribution (Massoud et al., 2019, 2023). For the SGP, statistical
downscaling alters both the change signal of the individual GCMs and their position in the downscaled multi‐
model ensemble, complicating efforts to produce confident estimates at high resolutions. The significant inter‐
model variability in precipitation in the SGP region is likely driven by the inability of models to represent key
physical processes to the region, such as the Great Plains Low Level Jet (GPLLJ) and teleconnections with
tropical oceans (Chikamoto et al., 2024; Danco &Martin, 2018). Statistical downscaling attempts to correct errors
in GCM output without addressing the underlying cause, thereby leading to concerns about consistency of
interpretation of unphysical corrected data, especially for higher‐order derived statistics (Chen & Zhang, 2021;
Gutiérrez et al., 2013). The larger the GCM error, the larger the correction and the greater this concern—including
about whether selected‐subset models are 'right for the wrong reasons'.

Regardless of cause, we clearly observe the effect of statistical downscaling on the ensemble distribution and
individual members. This is described for the SGP, but this demonstration is easily repeated for other regions,
with similar results (summarized in Figure 2): when downscaling is applied, the ensemble distribution shifts, the
“best” models change, and both the raw values and change signal can vary considerably (Figure 2, Figures S1–
S12 in Supporting Information S1). Both quantitative and qualitative changes of this nature can be seen even for
individual locations (Figure 2, Figures S13–S18 in Supporting Information S1, map for individual locations in
Figure S19 in Supporting Information S1), of relevance to application‐oriented studies that interpolate a target
GCM to a high‐resolution grid and/or evaluate against point validation data (A. M. Wootten, Dixon, et al., 2020;
Yuan & Quiring, 2017).

When statistically downscaling a multi‐model ensemble, the raw values of the distribution shift to be aligned with
training data but with reduced variance (A. M.Wootten, Dixon, et al., 2020; A. M.Wootten et al., 2023). But what
happens to the ensemble distribution of the change signal post‐downscaling? In the analyzed case, the downscaled
ensemble retains approximately the same mean and variance as the raw GCM ensemble. However, the individual
models in an ensemble have different biases and the effect of bias correction from statistical downscaling will also
differ between models. Otherwise stated, an ensemble of downscaled projections might retain the same distri-
bution of projected changes as a raw ensemble (e.g., distributions in Figures 1c, 1f, and 2), but individual models
might change dramatically post‐downscaling (e.g., individual model points in Figures 1c, 1f, and 2), posing major
concerns for subset‐selection procedures that do not take these effects into account.

4. Relevance to Stakeholder Needs
We next turn our attention to what the above‐mentioned effects of statistical downscaling may mean for stake-
holder needs for downscaled climate projections. These effects are less of a concern if the capacity exists to
analyze a complete ensemble of downscaled GCMs. However, for many applications, analyzing output from
dozens of models is not feasible (Di Virgilio et al., 2022), nor do most end‐users have the time, information or
ability to sort through the implications of, for example, model independence. In these applications, judiciously
selecting a subset of models is a requirement.

In this illustrative analysis we use model skill alone to determine the subset selection, but there are numerous other
valid approaches, including those based on ECS, process representation, Bayesian model averaging, or global
warming levels (Eyring et al., 2019; Hausfather et al., 2022; IPCC, 2022; Maraun & Widmann, 2018; Massoud
et al., 2023; Tamoffo et al., 2019). We have already demonstrated that selecting based on skill alone and then
downscaling often scrambles the change signal of the original models. Alternatively, one might select based upon
the subset's ability to retain the future spread of the change signal from the larger ensemble. For example, some
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studies use metrics like fractional range coverage (FRC) as a measure of the
spread of the full ensemble captured by the subset (McSweeney &
Jones, 2016; Parding et al., 2020). However, selected GCMs are unlikely to
retain the same FRC value pre‐ and post‐downscaling (compare Figures 1c
and 1f for example). Indeed, with any subset‐selection method, the skill and
spread of the individual models selected will change to varying degrees post
downscaling. Weighting via Bayesian methods is often a useful tool to ac-
count for model skill and independence, but this procedure also is sensitive to
downscaling, both in individual models and in an ensemble sense (A. M.
Wootten, Dixon, et al., 2020; A. M.Wootten et al., 2023). Additionally, many
subset selection methods have been developed for use with raw GCM output
rather than downscaled data, and approaches based on ECS may not be useful
in regions with complex region‐specific dynamics (Open‐File Report, 2022;
Schneider et al., 2022).

Statistical downscaling techniques remain common in many applications due
to their conceptual and practical simplicity, and it is therefore important to
understand how ensemble subsetting in these situations can be optimized. The
computational capacity of some research centers now permits usage of an
entire ensemble of GCMs in downscaling, but this remains limited to a few
centers focusing on a handful of statistical downscaling techniques and
decision‐relevant variables. As a result, many users of climate projections for
impacts assessments and additional modeling are limited to using a subset of
GCMs. Therefore, straightforward and generalizable methods to determine an
appropriate ensemble subset are relevant and needed. In addition, while
LOCA is a prominent and sophisticated downscaling approach in the United
States, it is not the only one. There is also no reason to presume that changes
to the multi‐model ensemble will be the same between downscaling ap-
proaches. It is therefore relevant to explore this issue further with other
downscaled climate projections and downscaling approaches. This should
include continued analysis with LOCA for aspects of the method that
potentially lead to the differences observed here.

Based on the case studies considered here, we highlight several key concerns
relevant to the challenge of navigating ensemble subset selection with sta-
tistical downscaling for stakeholder applications. First, in the case of an an-
alytic or algorithmic approach to subset selection (as opposed to selecting
based on physical features or ECS), it is probable that selecting from a raw
versus downscaled ensemble will lead to a different subset of models. Second,
while prior literature has argued that selecting based on the GCM ability to
capture relevant processes can increase confidence, all models have biases

Figure 2.

Figure 2. Changes in model rank and precipitation values due to downscaling for the
top three GCMs in each domain. The figure compares subsets of GCMs selected as
the top three performers (based on historical precipitation skill) either before
downscaling (left panel) or after downscaling (right panel), for each domain. Within
each panel, the left group of blocks shows the change in each GCM's rank
(percentile position) within the 29‐member ensemble after downscaling, where
positive values indicate improved rank. The right group of blocks shows the
corresponding change in precipitation values, where positive values indicate an
increase in precipitation. Each group highlights three metrics: historical
precipitation (left column), future precipitation (center column), and projected
change in precipitation (right column). For example, for the SGP–NCA domain, the
top‐left blocks show that the GCM represented by the purple square in Figure 1a
improved in rank for historical precipitation after downscaling, with minimal
change in absolute value.
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that can be affected (and in a physically inconsistent way) by downscaling, considerations that likely carry
through to applications to stakeholders and potentially lead to mal‐adaptive decisions and planning. However, the
broad strengths and weaknesses of ensemble subset selection methods, let alone the additional effect of down-
scaling as discussed here, have rarely if at all been formally explored.

We therefore make the following recommendations: (a) Because the downscaling technique can significantly
alter the multi‐model ensemble distribution affecting both raw values and the change signal of individual models,
and because there is typically little a priori reason to expect particular GCMs will be more accurate than others
when evaluating across different variables, domains, or percentiles of a distribution, we recommend that appli-
cations using downscaled projections evaluate as much of the downscaled ensemble as possible to minimize the
potential alteration of the raw values and change signal by the statistical downscaling approach. (b) Maximum
retention of model information is beneficial to a well‐rounded final assessment, requiring independent analyses
for each question to avoid overlooking sources of skillful representation. (c) Finally, there is a need for scientists
to explore comprehensively the strengths and weaknesses of various ensemble subset selection techniques across
applications. Such analysis would contribute to developing standard approaches for creating decision‐relevant
downscaled climate projections for impacts assessments and climate adaptation planning.

Data Availability Statement
GCM data from CMIP5 models are available from the Earth System Grid Federation (ESGF) Repositories (ESGF
User Support Team, 2019). LOCA downscaled CMIP5 GCM data are available through Lawrence Livermore
National Laboratory (https://gdo‐dcp.llnl.gov/downscaled_cmip_projections/dcpInterface.html). Finally, the R
code and data files used for the analysis are available on Zenodo (A. Wootten, 2025).
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