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Abstract

The release of global climate projections coupled with the demand for local-resolution
climate-forced meteorology has prompted many research groups to downscale these projections
using various statistical, dynamical, and current machine learning techniques. Such downscaled
datasets are being used to plan infrastructure and other community needs over the coming
decades. Faced with roughly a dozen available US downscaled datasets, many practitioners ask,
‘What are the relevant differences between datasets?” This work highlights the difficulty of
comparing downscaled datasets and illustrates ways in which datasets differ even when using
identical climate model input data. We show that substantial variability in precipitation projections
arises from downscaling alone and that the downscaled dataset agreement varies depending on
global climate projection. This analysis emphasizes the need for greater coordination and
movement toward rigorous benchmarking of downscaling strategies within the downscaling
research community, a la the land-modeling community, to better quantify downscaling dataset
differences, strengths, and weaknesses for practitioners.

1. Introduction

Downscaled datasets translate coarse global climate
model projections to higher spatial (and sometimes
also temporal) resolutions that are more directly rel-
evant for planners and decision-makers. There are
roughly a dozen publicly available CMIP5 and CMIP6
downscaled datasets which provide daily precipita-
tion and temperature data from 1950-2100 for the
contiguous United States (CONUS), but comparis-
ons between datasets are difficult to make because
they often use differing methodologies and train-
ing datasets and downscale different GCM members
(see [1-3] for a review of downscaling techniques

© 2025 The Author(s). Published by IOP Publishing Ltd

and associated strengths and limitations). As a res-
ult, downscaled dataset users, defined here as those
who utilize downscaled climate data for planning
and adaptation purposes, including federal agencies,
are often left wondering which downscaled dataset is
most appropriate to use and how similar or dissimilar
different downscaled projections are. This basic lack
of understanding of whether, where and why down-
scaled datasets differ limits users’ ability to plan for
communities, infrastructure, and ecosystems under a
changing climate [1].

While various studies have quantified the dif-
ferences in future downscaled projections that arise
due to specific methodological choices (e.g. [4-7]),
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few compare the currently available suite of down-
scaled datasets (e.g. LOCA2, MACA, NA-CORDEX
runs, or NEX-GDDP) that CONUS adaptation prac-
titioners, especially at the state and federal levels
regard as potential data resources for future plan-
ning efforts. Analyzing the differences between avail-
able downscaled CONUS climate datasets (listed in
figure 1(a)) is difficult because of the numerous sub-
jective choices that characterize each dataset: not only
are the downscaling methods and observation-based
training datasets unique but each dataset downscales
different GCM members and future emission scen-
arios (e.g. [8-11]). Such CONUS dataset comparis-
ons are not coordinated by any overarching group and
are complicated by the fact that new versions of data-
sets are released sporadically and hosted in various
locations. Nonetheless, the current suite of CONUS
datasets needs to have clearer comparable perform-
ance metrics for both producers and users to enable
future improvements and appropriate usage.

Studies comparing publicly available downscaled
datasets have shown that substantial uncertainty
can arise due to methodology and training dataset
choices, but these studies compare a limited number
of datasets and usually average them across multiple
GCMs [12-17]. Since downscaled datasets include
only certain GCMs and their respective members,
averaging across different GCM suites obscures the
differences in downscales datasets that can be attrib-
uted to downscaling methodological choices alone.
To isolate the downscaling process as the cause of vari-
ations, GCM input must be the same between the
compared datasets. Kim et al [18] took this approach
to quantify the disagreement between CMIP5 down-
scaled datasets; while their analysis showed that dis-
agreement varied by region and downscaled variable,
it was limited to five monthly statistical datasets. The
current analysis extends the work of Kim et al [18] to
more downscaled datasets and daily variables.

This work presents a simple but illuminating
analysis of publicly available downscaled climate
products which downscale the same GCM ensemble
members. The results presented here explore how to
answer an increasingly common and relevant ques-
tion, ‘Where do downscaled datasets agree? And on
what? , in attempting to find suitable comparisons
between downscaled datasets, this work also high-
lights the need for greater coordination among the
groups that produce downscaled data.

2. Methods

2.1. Datasets

Overlapping GCM members among publicly avail-
able CMIP5 and CMIP6 downscaled datasets were
identified to select GCM members and emission scen-
arios (e.g. RCPs and SSPs) to be included in this ana-
lysis (figure 1(a)). These datasets include statistical
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(BCSD, GARD, LOCA, MACA, NEX-GDDP, STAR-
ESDM), dynamical (ICAR, NA-CORDEX, RegCM-
BC (bias corrected [19]), WUS-D3), and machine-
learning (DeepSD-BC) downscaling methods. See the
references listed in figure 1(a) and the Open Research
Statement for more information on each dataset.
This resulted in 5 GCM members across eight down-
scaled CMIP5 datasets for the historical period and
RCP4.5 and 3 GCM members across 8 downscaled
CMIP6 datasets for the historical period and various
SSP scenarios. Finding common ensemble members
across CMIP6 datasets proved more difficult than for
CMIP5 datasets, possibly due to the CMIP6 archive’s
more recent release and the availability of more GCM
ensemble members in CMIP6. Additionally, since
several of the CMIP6 downscaled datasets only down-
scale specific emission scenarios (e.g. SSP370 for
GARD-LENS and WUS-D3, and SSP585 for RegCM),
the signals of these datasets could not be fairly com-
pared. Although all of the datasets listed in figure 1(a)
are used in the analysis for this manuscript, datasets
that are limited by the GCM simulations that they
downscale or the period of record (such as Cordex or
RegCM) may only appear in one or two figures.

We also note that, although the intent of this ana-
lysis is to compare downscaled datasets which ingest
identical GCM members, some statistically down-
scaled datasets using multivariate approaches (e.g.
GARD and MACA), ingesting wind and other atmo-
spheric fields as well as surface temperature (tas)
to predict daily temperature, for example and that
dynamical downscaling is inherently multivariate;
this means that these datasets are not all ingesting
completely identical data. The statistical methods
compared, however, all ingest at a minimum the
GCM predictor variable with the highest predict-
ive value, e.g. the target variable of the downscaling
effort.

2.2. Comparing climate change signals

For all CMIP5 datasets and GCM ensemble members
listed in figure 1(a), annual metrics were calculated
across CONUS for daily precipitation: annual mean,
maximum and standard deviation, and June, July,
August (JJA) mean; for daily minimum temperature
(tasmin): mean, December, February, January mean;
for daily maximum temperature (tasmax): mean, JJA
mean. Then, the ‘change signal, or trend, for each
of these metrics were calculated as the difference
between the 2070-2100 and 1970-2000 averages for
each downscaled dataset and GCM ensemble mem-
ber (see an example for the mean daily precipitation
signal in figure 1(b), calculated for MIROCS5 rlilpl
for all CMIP5 downscaled datasets). We calculate
the grid-point by grid-point minimum, mean and
maximum signal for each metric across downscaled
datasets, the standard deviation across downscaled
datasets, the signal-to-noise ratio for each GCM sim-
ulation (as the mean signal divided by the standard
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a. CMIP5 and CMIP6 downscaled datasets with
overlapping GCM ensemble members

Downscaled datasets GCM ensemble
members
BCCAV2 (Brekke et al., 2013)
BCSD (Brekke et al., 2013)
GARD (Gutmann et al., 2022)

ICAR (Gutmann et al., 2016)

CanESM2 r1i1p1

CNRM-CMS5 r1i1p1
(excl. ICAR)

GFDL-CMS3 r1i1p1

Te}

Q. | LOCAV1 (Pierce etal, 2014) | (excl. BCCAV2)

E MACA (Abatzoglou & Brown, IPELACh e AL ) 21
2012) (excl. ICAR)
NASA NEX-GDDP (Thrasher A MIROCS5 r1i1p1
etal., 2015) MRI-CGCM3 r1i1p1

NA-CORDEX (**only

NorESM1-M r1i1p1
CanESM2, Mearns et al. 2017)

D SD (Ch idd t al.,
eepSD (Chegwidden etal. | ESMS r1i1p1fi

2022)

(excl. WUS-D3 &
GARD-LENS (Hartke et al., RegCM)
2024)

NorESM2-MM r1i1p1f1

ICAR (Gutmann et al., 2016)
LOCAV2 (Pierce et al., 2023)

NASA NEX-GDDP (Thrasher
etal., 2022)

RegCM (Rastogi et al., 2022)

STAR-ESDM (Hayhoe et al.
2023)

WUS-D3 (Rahimi et al. 2024)

(excl. DeepSD &
GARD-LENS)

CMIP6

ICAR & WUS-D3)

MRI-ESM2-0 r1i1p1f1
(excl. GARD-LENS,
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b. Mean daily precipitation signal for
MIROCS5-r1i1p1 across CMIP5 datasets

MIROC5-mean across DS datasets
5 T =

MIROC5-rlilpl BCSD
=

S
N -

MIROC5-rlilpl BCCA

MIROC5-rlilpl ICAR
0 =
=8

g
S N

-0 -05 00 05 10
mean_pr signal [mm/d]

c. CMIP6 Downscaled Datasets

LOCA2
DEEP-SD**
NEX-GDDP
ICAR**

STAR-ESDM

GARD-LENS**
RegCM*

SSP370 SSP585

*Only through 2060
**5 or fewer GCMs
***Only Western CONUS

Figure 1. (a) Downscaled datasets and GCM members used in this analysis. Native resolutions of datasets are included in
parentheses. (b) Example of climate signal being calculated for all CMIP5 downscaled (DS) datasets containing a specific GCM
ensemble member. (c¢) Overlap in Shared Socioeconomic Pathways (SSPs) among CMIP6 downscaled datasets.

deviation across downscaled datasets) and the low-
est and highest outlying downscaled datasets for each
metric. Signals were calculated at the native resolution
of each dataset, and the results were then regridded to
a common 1/8° grid.

Although conservatively regridding the datasets
to a common grid is necessary in order to calculate
pixel-based statistics such as the mean and stand-
ard deviation of signals across datasets, this does not
address downscaled dataset uncertainty that is due to
resolution differences. While we may wish to separate
the uncertainty due to resolution from that due to the
downscaling method that would likely require addi-
tional downscaled datasets and is outside the scope of
this analysis.

For all CMIP6 datasets and GCM members listed
in figure 1(a), we also focused on an analysis of histor-
ical fields for CanESM5 rlilplfl and NorESM2-MM
rlilplfl since there was little overlap in emission
scenarios between datasets (figure 1(c)). The histor-
ical 1970-2000 daily values of precipitation, tasmax,
and tasmin are plotted as an empirical probability
density function for each dataset in several US cities.
During this process, we note that DeepSD has a prob-
ability of precipitation equal to 1 at every location

3

and, upon further inspection, does not actually con-
tain any instances of zero precipitation. Instead, a
minimum value (e.g. 0.625 in Seattle and 0.015 in
New York City) seems to take the place of zero pre-
cipitation and is recorded for long stretches. We took
the liberty of thresholding the DeepSD time series and
setting each instance of the minimum value to zero
for our analysis for each city; this reduced the DeepSD
probability of precipitation to values more consistent
with other datasets.

3. Results

Figure 2 shows a comparison of the change signal
for mean JJA daily precipitation, calculated as the
difference between 1970-2000 and 2070-2100 aver-
ages, among CMIP5 downscaled datasets in western
CONUS. Each column shows the results for a single
GCM simulation, and the far right column shows the
results when the signal for each downscaled dataset
is calculated from the average of all five GCM mem-
bers. Rows b.—d. show that there is substantial spread
in the signal among downscaled datasets even though
they are all downscaling in the same GCM simulation.
Row e. presents the signal to noise ratio of this trend;
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Figure 2. (a) Original GCM signal for mean June, July, August daily precipitation. (b) Minimum, (c) mean, and (d) maximum
signal across all CMIP5 downscaled datasets for each GCM member, calculated on a grid point basis. (e) The signal-to-noise ratio
calculated as (c) divided by the standard deviation across the estimated signals from all downscaled datasets. Hatched areas
denote those where all datasets do not agree on the direction of the signal, and depending on the dataset, the predicted climate
signal can be negative or positive. (f) The downscaled dataset with the lowest signal value. (g) The downscaled dataset with the
highest signal value. Note that NA-CORDEX is only available for CanESM2.

20 40 6.0 o y o ol R &
P F & O 0 o &
& & & ¥ E S & &L
& &
& ¥
Rows f. & g.

Downcaled dataset

values less than 1 indicate that the uncertainty (calcu-
lated as the standard deviation) in the trend among
datasets is higher than the mean trend. Values greater
than 1 show where the magnitude of the mean trend
is greater than the uncertainty among downscaled
datasets. Hatching in Row e. delineates areas where
downscaled datasets do not agree on the direction of
the climate signal and, therefore, where the trend can
be estimated as positive or negative, depending on
which dataset is consulted. The hatched areas where
datasets do not agree on the direction of the climate
signal are calculated using the following rules: The
datasets agree on the signal if all downscaled data-
sets estimate either a positive or negative trend. If

there are any differences between the signal direc-
tions (e.g. if one dataset estimates a positive trend
and all others estimate a negative signal), then the
datasets are considered to disagree on the direction
of the climate signal. All the available downscaled
datasets (between 6 and 8, depending on the GCM)
are used to determine this agreement. Rows f. and
g. show that there is no dataset which consistently
estimates the lowest or highest signal across Western
CONUS or across different GCM members, align-
ing with similar findings in Kim ef al [18], although
ICAR stands out as often estimating the lowest change
signal, particularly for the CanESM2 and GFDL-CM3
members. Supplemental figure 1 shows additional

4
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GFDL-CM3 MIROCS

CanESM2
)

MRI-CGCM3
(rlilpl)

NorESM1-M
(rlilpl)

All GCMs
(rlilp1)

(rlilpl) (rlilpl)

a. Original GCM
signal

b. Min signal

<. Mean signal

d. Max signal

e. Signal to Noise
ratio (c./Stdev)

f. Lowest
outlying dataset

g. Highest
outlying dataset

N

N

N

Rows a.-d.
mean_jja_tasmax signal [C]

CanESM2.

4] 2 4 -] 8 10 0.0 0.4 0.8

Row e.
Signal to Noise ratio (c./Stdev) [-]

Figure 3. (a) Original GCM signal for mean June, July, August daily maximum temperature. (b) Minimum, (c) mean, and (d)
maximum signal across all CMIP5 downscaled datasets for each GCM member, calculated on a grid point basis. (e) The
signal-to-noise ratio calculated as (c) divided by the standard deviation across the estimated signals from all downscaled datasets.
Hatched areas denote those where all datasets do not agree on the direction of the signal. (f) The downscaled dataset with the
lowest signal value. (g) The downscaled dataset with the highest signal value. Note that NA-CORDEX is only available for

2.0 4.0 6.0 o v S Q
2 & & &d’ & & & o&od'
&
Rows f. & g.
Downcaled dataset

signal agreement and standard deviation analysis for
figure 2, and supplemental figure 2 shows the same
analysis as in figure 2 for the signal for 95th percentile
daily precipitation.

Figure 3 shows a similar comparison in climate
signal as in figure 2, but for the mean JJA daily
maximum temperature. While all datasets agree on
the direction of the signal for the mean JJA max-
imum daily temperature (figure 3(e)), there is dis-
agreement on the magnitude of the signal among
the datasets (figures 3(b)—(d)). The signal to noise
ratio for this temperature trend is consistently high
for all GCMs; from a user perspective, this indic-
ates that the choice of downscaled dataset will not

substantially impact the temperature trend used in
adaptation plans. Similar to precipitation (figure 2),
there is little consistency in which the dataset exhib-
its the lowest or highest signal (figures 3(f) and (g)).
Supplemental figures 3 and 4 show the same ana-
lysis as in figure 3 for the mean annual daily min-
imum temperature and 95th percentile daily max-
imum temperature signals, respectively, with addi-
tional signal agreement and standard deviation plots.

In figure 4, the historical 1970-2010 daily precip-
itation, maximum temperature, and minimum tem-
perature distributions at four US cities are compared
for CanESMS5 rlilpl1fl and five CMIP6 downscaled
datasets, as well as two observation-based datasets,
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Downscaling CanESMS5 rlilplfl

Seattle, WA

— POP: 0.91 0.58
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-+ POP:0.50 — POP: 0.58

- POP: 0.62

Yuma, AZ

— POP: 0.38
— POP: 0.21 -+

L --- POP: 0.06

POP; 0.09
-+ POP: 0.15 — POP: 0.07
-+ POP: 0,08

Denver, CO

— POP: 0.89 0.36
— POP: 0.54 :-- POP: 0.35 |-
- POP:0.36 — POP: 0.37
-+ POP: 0.38

New York City, NY

— POP:0.82 -
— POP: 0.72 1
-+ POP:0.58 — POP: 0.50

*= POP: 0.51

POP: 0.38

0 1 2 3 4
Nonzero precip [mm/d]

Nonzero precip [mm/d]

F

0 2 4 6 2 4 6 8
Nonzero precip [mm/d]

T T i T T T — T T
-30 -20 -10 0 10 20 -10 o] 10 20
tasmin [C] tasmin [C]

T T T T T T
-30 -20 -10 0 10 20
tasmin [C]

T T T T T T
30 40 -30 -20 -10 0 10
tasmin [C]

20 -10 0 10 20 30 400 10 20 30 40

tasmax [C] tasmax [C]
— GCM e DEEPSD -
—— NEXGDDP STARESDM

10 0 10 20 30 10 0 10 20 30 40

tasmax [C] tasmax [C]
- LOCA2 o ICAR e LIVNEH
—— GARDLENS —— GMET

Figure 4. Historical 1970-2010 distributions of downscaled CanESM5 r1ilp1fl1 data for (Top row) daily nonzero precipitation,
(Middle row) minimum daily precipitation, and (Bottom row) maximum daily temperature at four U.S. cities. Note that some
CMIP6 downscaled datasets do not contain this GCM member (see figure 1(a)) and are therefore not included in this plot.

GMET [20] and Livneh [21] (specifically, the unsplit
version of Livneh described in Pierce et al [22]). In
the top row, the nonzero precipitation distribution is
plotted, and the probability of precipitation (POP) of
datasets at each city is included in the upper right.
The original CanESM5 member (blue) tends to over-
estimate the probability of precipitation, as could be
expected due to its coarse spatial resolution. STAR-
ESDM records fewer instances of near zero precipit-
ation than other datasets and observations, i.e. not
enough drizzle, most visibly in New York City and
Denver. In the middle and bottom row, minimum
and maximum daily temperatures are underestim-
ated by the original CanESM5 member, which has
a much wider temperature distribution than obser-
vations, but all downscaled datasets roughly match
the observed temperature distributions (e.g. GMET
and Livneh). Notably, differences in the downscaled
datasets in figure 4 cannot be attributed to resolution
differences alone, even though the observations data-
sets are at different resolutions (GMET at 1/12° and
Livneh at 1/24°), they estimate nearly identical distri-
butions at the cities in figure 4. The same analysis as
in figure 4 is performed for NorESM2-MM rlilp1fl
and presented in supplementary figure 5.

Figure 5 shows the comparisons in future cli-
mate signals that can be made across CMIP6 data-
sets; there are four downscaled datasets each that
can be compared for the SSP370 and SSP585 scen-
arios for CanESM5 member rlilplfl. Signals for
annual mean daily precipitation and annual mean
daily maximum temperature are shown for datasets

which downscale SSP370 and SSP585. There is gen-
eral agreement across datasets on the precipitation
signal, except for DeepSD; in Southern California
where DeepSD estimates a positive signal while all
other datasets project a negative signal. The max-
imum temperature signal across all datasets and both
SSPs are positive, although GARD-LENS and DeepSD
show a notably smaller signal than LOCA2, NEX-
GDDP, and STAR-ESDM.

4. Summary

A growing suite of downscaled climate projection
datasets, both CONUS-wide and global provides loc-
alized insight about our future world, but good
recommendations for dataset producers and users
on how to evaluate and choose between downscaled
products are sorely lacking. This is due to a num-
ber of hurdles; the large size of these datasets makes
them difficult to host for many research groups who
seek to evaluate and compare downscaled data. Even
after overcoming the not insubstantial challenge of
gathering over a dozen downscaled datasets for ana-
lysis, comparing these datasets is still not straightfor-
ward; many datasets only downscale a few common
GCM members and some datasets exclusively down-
scale different carbon emission scenarios (e.g. RCPs
and SSPs). Noted by Barsugli et al [23] a decade ago,
before most of the datasets in this analysis were even
created, the ‘practitioner’s’ dilemma is no longer the
lack of down-scaled projections; it is how to choose
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Figure 5. Signals for (a) annual mean daily precipitation based on SSP370, (b) annual mean daily precipitation based on

SSP585, (¢) annual mean daily maximum temperature based on SSP370, and (d) annual mean daily maximum temperature based
on SSP585 for the original CanESM5 r1ilplfl simulation and available datasets which downscale CanESM5 r1ilp1fl. The signal
to noise ratio, calculated as the mean signal across datasets divided by the standard deviation of the signal estimates from

each dataset, is shown in the lower right of each column. Hatched areas denote those where all datasets do not agree on the

(1970-2000) to (2070-2100)
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an appropriate dataset, assess its credibility, and use
it wisely”

A decade later, we in the downscaling community
have still not sufficiently addressed this dilemma,
although funding is often available for single ‘oft-
shoot’” downscaling datasets, there is less investment
in deciding which gaps in the catalog of CONUS
downscaled datasets need to be filled and who is
responsible for maintaining and updating datasets
(e.g. generating a dataset for the next CMIP). Other
communities such as the land-modeling and the
global climate modeling communities have made
great strides in the past 20 years to formalize bench-
marking activities via publications, standardized test-
ing protocols and datasets, and subsequent websites

and public software packages [24-28]. These gen-
eral concepts can be leveraged here as the downscal-
ing community still relies on ensembles of oppor-
tunities and does not coordinate upstream on what
downscaled datasets and associated testing proto-
cols users and the evaluation community really need.
Previous studies that compare statistical downscaling
techniques (e.g. bias correction spatial disaggregation
(BCSD) vs. quantile mapping vs. delta scaling, e.g. [7,
29-31]) are informative, but do not compare the cur-
rently available daily datasets that practitioners must
choose between. Kim et al [18] was the first to set out
to compare publicly available, downscaled datasets
with identical GCM inputs but were limited to CMIP5
statistically downscaled products and monthly data.
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Even so, Kim et al [18] found that the choice of down-
scaled datasets introduced substantial uncertainty in
future precipitation estimates.

In this analysis, we show that publicly available
daily datasets for the contiguous US (CONUS) can
differ substantially even when downscaling the same
GCM data, particularly for precipitation projections.
Aligning with previous studies downscaled temperat-
ure estimates show greater consistency than precipita-
tion across downscaling methods, and the agreement
between the datasets is metric- and region-dependent
[18, 29, 32]. However, this work goes further to show
that the downscaling uncertainty around precipit-
ation trends is frequently greater than the trends
that practitioners are trying to plan for (figures 2
and 5); the selection of downscaled dataset can be
the difference between planning for a —90 mm or
45 mm end-of-century summer precip trend in the
Pacific Northwest. Interestingly, the downscaled data-
set agreement is not always consistent across GCMs,
pointing to the sensitivity of the methods to the
input data, supporting Kim et al’s [18] finding that
‘for some parts of CONUS, the choice of [down-
scaled] dataset may be as significant as the choice of
GCM'. Unsurprisingly, methods with similar under-
lying techniques, such as those based on historical
analogs like BCSD, LOCA, BCCA, MACA, and NEX-
GDDP often show very similar results (figures 1(b)
and 5). Crucially, this analysis shows that, for adapt-
ation practitioners, the choice of downscaled data-
set can be the difference between preparing for a
positive or negative future change in precipitation.
With differences this large between downscaled data-
sets, even when GCM input is held constant, there
needs to be more guidance for producers and users
on how to evaluate and choose between datasets, as
a prerequisite, downscaled datasets need to be more
intercomparable.

The downscaling community can improve dataset
comparability with several actions:

o If downscaling a single member of a GCM
ensemble, selecting the r1i1p1fl member increases
the chances that it will be comparable to other
datasets.

e Downscaled dataset producers should coordinate
to select a core subset of GCM simulations to pri-
oritize when generating downscaled datasets, per-
haps including those which already have a substan-
tial amount of overlap in downscaled datasets, such
as CanESM5 and NorESM2-MM (figure 1(a)).

e A practice that could be quite beneficial when
introducing downscaled datasets is that of the ‘per-
fect model experiment, as used in Dixon et al [13]
and Hayhoe et al [33], in which a reanalysis or other
high resolution climate dataset are coarsened and
downscaled. This experiment isolates downscal-
ing methods’ ability to reproduce the high resolu-
tion properties of a coarse climate dataset, which

8

S H Hartke et al

is difficult to assess in downscaled GCM simu-
lations due to the imperfect, biased relationship
between GCM simulations and historical obser-
vations. Selecting one or several ‘perfect model’
datasets, such as a coarsened ERA5 or high resolu-
tion GCM, to include when generating downscaled
datasets would be very beneficial for downscaling
evaluation work.

e The European downscaling community utilized a
common repository from 2012-2015 for upload-
ing downscaled CMIP5 datasets for validation
and comparison (The EU Cooperation in Science
and Technology (COST) Action ES1102 VALUE,
www.value-cost.eu [34, 35]); a similar reposit-
ory for CONUS downscaled datasets can be envi-
sioned where developers upload a ‘perfect model’
run which downscales ERA5 and a predefined
set of downscaled GCM members (e.g. CanESM5
rlilp1fl and NorESM2-MM rlilp1fl) and include
dataset descriptions and links to downscaled data-
sets in their entirety.

o This website would streamline comparisons of
publicly available CONUS downscaled projec-
tions without requiring users to navigate access to
the entirety of a downscaled dataset, a substantial
hurdle for many research groups and users.

o By streamlining the comparability of CONUS
downscaled projections, this website would allow
researchers to provide more comprehensive
guidance on dataset selection.

o Although dozens of metrics may be of interest
to practitioners, this website, and other coordin-
ate evaluation efforts, can focus on a select
subset of metrics, including several for trends
and extremes (e.g. historical annual precipitation
trend or the 99th percentile of daily mean tem-
perature). These metrics should present a way to
effectively verify and compare the ‘fitness for pur-
pose’ of downscaled datasets, after which inter-
ested users can calculate niche metrics of interest
(e.g. JJA max daily precipitation) for the data-
set(s) that are best suited to their specific needs.

o Although such a website would broadly benefit
the CONUS downscaling community, without
one entity or designated group responsible for
funding, standing up, and, perhaps more cru-
cially, maintaining such a website, this need will
not be met.

Downscaled datasets are already an integral part of
adaptation and resilience planning at community,
state, federal, and global levels [36], it is paramount
that, in addition to providing high resolution cli-
mate projections, we also provide sufficient resources
and guidance for users to effectively compare and
weigh the trade-offs of downscaled datasets. If we
want to foster a comprehensive impact assessment
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community, we need to discuss the standardiza-
tion and coordination of downscaling runs to enable
more informative comparisons of downscaled cli-
mate change signals. A coordinated website dedic-
ated to downscaled dataset comparison for specific
GCM simulations and a perfect model benchmark
(e.g. ERA5) would help both downscaled dataset
developers and users answer that frequent question,
‘Where do datasets agree, on what, and why?’. Lessons
learned from other communities’ implementation of
these ideas should be used to speed our progress, yet
such activities will require more frequent and direct
communication among practitioners and resources,
including funding support, for such activities.
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