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Abstract

Climate change projections provided by global climate models (GCM) are generally too coarse for
local and regional applications. Local and regional climate change impact studies therefore use
downscaled datasets. While there are studies that evaluate downscaling methodologies, there is no
study comparing the downscaled datasets that are actually distributed and used in climate change
impact studies, and there is no guidance for selecting a published downscaled dataset. We compare
five widely used statistically downscaled climate change projection datasets that cover the
conterminous USA (CONUS): ClimateNA, LOCA, MACAvV2-LIVNEH, MACAv2-METDATA, and
NEX-DCP30. All of the datasets are derived from CMIP5 GCMs and are publicly distributed. The five
datasets generally have good agreement across CONUS for Representative Concentration Pathways
(RCP) 4.5 and 8.5, although the agreement among the datasets vary greatly depending on the GCM,
and there are many localized areas of sharp disagreements. Areas of higher dataset disagreement
emerge over time, and their importance relative to differences among GCM:s is comparable between
RCP4.5 and RCP8.5. Dataset disagreement displays distinct regional patterns, with greater
disagreement in ATmax and ATmin in the interior West and in the North, and disagreement in AP in
California and the Southeast. LOCA and ClimateNA are often the outlier dataset, while the seasonal
timing of ClimateNA is somewhat shifted from the others. To easily identify regional study areas with
high disagreement, we generated maps of dataset disagreement aggregated to states, ecoregions,
watersheds, and forests. Climate change assessment studies can use the maps to evaluate and select one
or more downscaled datasets for their study area.

1. Introduction

Climate change assessment projects need guidance for selecting climate datasets (Vano et al 2015). Coupled
Model Intercomparison Project (CMIP) publishes climate projections, generated by an ensemble of global
climate models (GCM) (Meehl et al 2000). The native spatial resolutions of the GCMs, ranging from 1 to 3°, are
generally too coarse for local and regional applications, and do not capture finer scale weather patterns and
processes. Therefore, climate scientists have downscaled GCM outputs to finer spatial scales, ranging from 30’ to
0.44°. Statistical downscaling methods establish a statistical model between coarse scale GCM outputs and fine
scale observation-based weather grids and apply the relationship to GCMs future projections to estimate fine
scale projections (Jakob Themefil et al 2011, Takayabu et al 2016). The downscaled datasets better reflect fine
scale variations in observed surface meteorology. Currently various efforts to downscale CMIP Phase 6 (Eyring
etal 2016) data are underway, and the most widely available downscaled datasets are based on CMIP Phase 5
(CMIP5).

© 2022 The Author(s). Published by IOP Publishing Ltd
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Many studies have compared and evaluated different downscaling methodologies to improve our
understanding of downscaling methods and their consequences. These studies use experiments designed to
focus on differences in downscaling methods while minimizing differences in other factors. For example, they
hold the GCM, spatio-temporal resolution, and training data constant (Dixon et al 2016, Yang et al 2019,
Lanzante et al 2020). While these types of studies are critical for climate scientists to advance downscaling
science, they are less relevant for climate change impact modelers and other end-users of the data, who need
pragmatic information on how published downscaled datasets differ. Statistically downscaled datasets currently
available to the scientific community have not produced in a coordinated and controlled manner. They may
differ from one another not only due to the downscaling method used, but also due to spatio-temporal
resolution, training data, computer coding and data storage (table 1). A comparison of downscaled datasets
focusing on Northwest United States demonstrates that the largest source of variability is the choice of training
data (Jiang et al 2018).

Heretofore no study has characterized the differences among the published downscaled climate datasets for
the conterminous USA (CONUS). Such a comparison has the potential to inform the choice of datasets for use in
climate change impact modeling and assessments. Perhaps more importantly, where studies already occurred a
comparison study has the potential to provide context for interpreting the use of particular datasets.

In this study, we focus on five statistically downscaled climate change datasets that cover CONUS that have
been published and have been widely used in climate change impact studies: ClimateNA (Wang et al 2006, Wang
etal2012, Hamann et al 2013, Wang et al 2016), LOCA (Pierce et al 2014), MACAv2- LIVNEH and MACAv2-
METDATA (Abatzoglou and Brown 2012, Abatzoglou 2013), and NEX-DCP30 (Thrasher et al 2013). All of
these datasets are derived from CMIP5 GCM output and have been applied to a wide array of climate change
impact studies spanning multiple disciplines. For example, ClimateNA was used to create grassland bird habitat
projections in the Northeast (McCauley ef al 2017) and to develop water quality projections for regional
watersheds in New York state (Gelda et al 2019). LOCA has the distinction of having been selected for the Fourth
National Climate Assessment (NCA4) (USGCRP 2018). MACAv2-LIVNEH was used to model growth of
loblolly pine (Pinus taeda) in the Southeast (Gonzalez-Benecke et al 2017), and MACAv2-METDATA has been
selected by the US Forest Service to assess climate change impacts on forests and rangelands across the U.S.
(Joyce and Coulson 2020). NEX-DCP30 was used to project habitat for whitebark pine (Pinus albicaulis) in the
Greater Yellowstone Area, (Chang et al 2014, Buotte et al 2016) and to project American pika (Ochotona
princeps) habitat in eight national parks in the West (Schwalm et al 2016). Many studies—if not most—use a
single downscaled climate dataset as a basis for future projections. It is unclear how using only one downscaled
dataset affects a study’s conclusions on climate change effects on the ecosystem being studied.

In this paper, we characterize the similarities and differences among the five selected datasets, to serve as
practical guidance for dataset end-users. This work expands the analysis performed by Jiang et al (2018) for the
Pacific Northwest to CONUS. Our objectives are to identify where, when and by how much the datasets vary.
We aggregate dataset variability by potential study areas—states, watersheds, ecoregions, and national forests—
to serve as a visual aid and identify outlier datasets for multiple GCMs. The resulting maps can be used to
determine whether more than one dataset may be needed and to help select datasets for a given study areain a
climate change impacts study.

2. Methods

2.1.Study area

We compare the downscaled datasets for the conterminous USA (CONUS), comprising 8,080,464 km? of land
surface from 25.15° t0 49.4625° latitude and —124.59° to —67.9° longitude. Broadly speaking, the northern two-
thirds of CONUS has temperate climate and the southern third has subtropical climate. The western third of
CONUS contains many high elevation mountain ranges and vast, arid basins. The Northwest and California
have Mediterranean climate, where precipitation falls predominantly in the winter, and summers are warm and
dry. The Northwest receives copious rainfall, with many coastal areas receiving more than 2 m annually. The
Southwest also has warm summers but receives rain via summer monsoon. The Great Plains, which are
predominantly grasslands and croplands, occupy the center of CONUS, stretching from the northern border to
Canada down to the southern border to Mexico. Winters are cold and snowy in the northern half of the Great
Plains, and more moderate in the Southern Plains. Precipitation is highest in the summertime, when collision of
air masses from the north and the south over low topographic relief results in frequent thunderstorms. Most of
the eastern CONUS has humid, continental climate, where precipitation is spread throughout the seasons. The
Northeast has cold, snowy winters and the coastal southern states have a humid, subtropical climate, where
winters are mild and summers are hot and humid.




Table 1. Statistically downscaled climate datasets selected for this study. Details of each dataset are given in the publication listed for each dataset.

Dataset

Spatial extent & resolution

Time periods & resolution

Training data

Downscaling method

ClimateNA (Wang et al 2016)
LOCA (Pierce etal 2014)

MACAV2-LIVNEH (Abatzoglou & Brown 2012)
MACAvV2-METDATA (Abatzoglou &

Brown 2012)
NEX-DCP30 (Thrasher etal 2013)

North America @ 30’

CONUS, S. Canada & N. Mexico @
1/16°

CONUS@1/16°

CONUS@1/24°

CONUS @30

1961-1990, 1981-2010, 2011-2040, 2041-2070, 2071-2100
monthly normals
1950-2100 @ daily

1950-2099 @ daily & monthly
1950-2099 @ daily & monthly

1950-2100 @ monthly

PRISM, ANUSLIN

LIVNEH

LIVNEH
METDATA

PRISM

Delta
Localized Constructed Analogs

Multivariate Adaptive Constructed Analogs
Multivariate Adaptive Constructed Analogs

Bias Corrected Spatial Disaggregation
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2.2.Downscaled climate datasets

We focused on statistically downscaled climate datasets for CONUS that have been widely cited and are freely
available to download through public portals without requiring further computations or processing. We
selected the climate datasets that are derived from a common set of GCMs published by Coupled Model
Intercomparison Project Phase 5 (CMIP5), simulating Representative Concentration Pathway (RCP) 4.5 and 8.5
climate change scenarios (Van Vuuren et al 2011). The selected datasets are ClimateNA, LOCA, MACAv2-
LIVNEH, MACAv2-METDATA and NEX-DCP30 (table 1). Except for LOCA, the datasets were previously
compared for Oregon and Washington states (Jiang et al 2018). The selected datasets represent climate at the
land surface at relatively fine resolution generally applicable for local and regional scale studies, ranging from 30”
to 1/16° grid resolution. The datasets, the associated methodology, their characteristics, and their evaluations
for the historical period are described in detail by the dataset authors (Abatzoglou & Brown 2012, Thrasher et al
2013, Pierce etal 2014, Wang et al 2016). Here, we briefly summarize the key features of the datasets.

ClimateNA (Wang et al 2016) uses the Delta method (Mitchell and Jones 2005), the simplest downscaling
technique, to downscale GCM output to 30” resolution at a monthly time step, using PRISM gridded climate
data (Daly et al 2002) and ANUSLIN (Hutchinson 1989) as reference data. It has several appealing features for
modeling studies: a large spatial extent (North America); a large suite of derived bioclimatic variables; and it is
available as software, to downscale data on demand. No bias correction is applied to the coarse resolution GCM
output before spatial disaggregation.

NEX-DCP30 (Thrasher et al 2013) uses the bias correction-spatial disaggregation (BCSD) downscaling
method (Maurer et al 2010). GCM output is first bias corrected at the coarse GCM resolution to match the
reference data using stationary quantile mapping before it is spatially disaggregated to 30” resolution using
PRISM as reference data.

MACAvV2-METDATA and MACAv2-LIVNEH are both produced with the multivariate adaptive
constructed analogs (MACA) downscaling method. GCM output is first bias corrected using non-stationary
quantile mapping. GCM output is spatially disaggregated by identifying 100 best coarse scale analogs from the
reference dataset, then constructing a single analog from the corresponding fine scale patterns using a weighted
mean. They are created using the METDATA (Abatzoglou 2013) and the LIVNEH gridded climate dataset
(Livneh et al 2013), respectively. The datasets span CONUS at 1/24° and 1/16° resolution, respectively, at daily
time steps.

LOCA (Pierce et al 2014) is produced with a downscaling method similar to MACA, where GCM output is
first bias corrected using frequency-dependent method, then spatially disaggregated by identifying analogs in the
reference dataset. While MACA considers the entire CONUS when search for analogs and combines the 100 best
analogs, LOCA breaks up the domain into smaller areas, and selects only a single analog. LOCA downscales to 1/
16° resolution on a daily time step using the LIVNEH gridded climate dataset (Livneh et al 2013) as reference
data, and extends from southern Canada to northern Mexico at 1,/16° resolution.

2.3. Comparisons

RCP4.5 and RCP8.5 climate change scenarios are common to the five selected datasets. While each dataset
includes between 7 and 33 GCMs, only six GCMs are common to the selected datasets: CanESM2, CCSM4,
CNRM-CM5, HadGEM2-ES, INMCM4, and IPSL-CM5A-Mr For the two scenarios and six GCMs common to
the selected datasets, we compared three climate variables that are available in all five datasets: monthly mean of
daily maximum temperature (Tmax), monthly mean of daily minimum temperature (Tmin), and monthly
precipitation (Pr). We calculated the projected change (delta) from a reference period (1961-1990) to three
future periods: 2011-2040 (early century), 2041-2070 (mid-century), and 2071-2100 (late century). To compare
the datasets for spatial differences, we resampled the deltas of all datasets to 1/16° resolution, the lowest
resolution among the five datasets. In the resampling procedure, for each 1/16° pixel we computed the weighted
average of all original pixels covered by the 1/16 ° pixel, accounting for partial overlap.

To capture the disagreement among the five datasets, we calculated the range (max—min) of the deltas
across the five datasets, for each GCM, scenario and time period. The standard deviation of delta was also
considered as a measure of dataset variability, but it is nearly perfectly correlated with range for the three
variables (1> = 98.4 to 99.6). For each climate variable and time period, we averaged the range across the six
common GCMs to obtain the ‘inter-dataset range’. For comparison, we obtained the ‘inter-GCM range’ by
calculating the range across GCMs within each dataset, then averaging over the datasets.

To examine temporal patterns, we dividled CONUS into the seven regions used by NCA4 (USGCRP 2018),
and aggregated the original, un-interpolated delta values by month and region, resulting in thirty time series (six
GCMs x five datasets) for each time period. To average values to each region, we weighted each pixel by its area.
As with above, we calculated the inter-dataset range by first calculating the range over datasets per GCM, then
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Figure 1. Distribution of the range of projected change across the five datasets for each of the six GCMs common to the five datasets:
CanESM2 (Ca), CCSM4 (CC), CNRM-CMS5 (CN), HadGEM2-ES (Ha), INM-CM4 (IN), and IPSL-CM5A-MR (IP) under the RCP8.5
scenario. Boxplots are overlain on violin plots, and the whiskers represent maximum and minimum values. The three future time
periods are early century (2011-2040), mid-century (2041-2070) and late century (2071-2100), and the reference historical period is
1961-1990. Table S1 lists quartile values.

averaging over the GCMs. We calculated inter-GCM range by first calculating the range over GCMs within each
dataset, then averaging over the datasets.

Many regional climate change studies begin with a predetermined study area, before downscaled climate
datasets are sought. Also, there are many studies that have been completed for a study area, that may benefit from
having dataset variability as context. To render our analysis easily comparable and visually accessible to existing
study areas, we aggregate variability by several polygon schemes: states, EPA Level III Ecoregions (Omernik and
Griffith 2014), USGS 4-digit subbasins (Seaber et al 1987), and USDA national forest administrative units (Anon
2022). We calculated the range of deltas across the datasets per GCM, before averaging across the six common
GCMs and then finally aggregating for each polygon, where we weighted each pixel by its area contribution to
the polygon. In addition, for each GCM we created a map of outlier datasets, where if a dataset’s delta value in a
pixelis 1.65 standard deviations or more away from the mean of the five datasets for that pixel it is considered an
outlier.

3. Results

3.1. Continental & centennial scale patterns

The five datasets exhibit general agreement across CONUS for RCP8.5, with the distributions of inter-dataset
range for ATmax and ATmin falling primarily between 0 and 0.5 °C for all but one GCM, and the distributions
for APr range falling primarily below 100 mm yr ™' during all three time periods (figure 1). However, there are
clear differences in the distributions among the GCMs, where some GCM:s have sizable distributions of inter-
dataset range values above 0.5 °C. For example, in mid-century the inter-dataset range values for HadGEM2-ES
are distributed nearly evenly up to 1.0 °C. The inter-dataset range values for ATmin for IPSL-CM5A-MR in the
late century exhibits a similar pattern. While there is little increase in the medians of the distributions for ATmax
and ATmin as time progresses from early to mid- to late century, all distributions extend upward, as evidenced
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Figure 2. Disagreement of the five datasets in projected change from historical (1961-1990) to late century (2071-2100) under the
RCP8.5 scenario. The top row shows inter-dataset range, where the range (max—min) was first calculated within each of the six
common GCMs, then averaged over the GCMs. The bottom row shows the ratio of the inter-dataset range to inter-GCM range, which
was calculated by first calculating the range among GCMs within each of the five datasets, then averaging over the datasets. Note that
the two APr maps have different units than the ATmax and ATmin maps.

by the increases in both the third quartile values and the maximum in most GCMs (Table S1). With ATmax and
ATmin, all GCMs have higher maximum values by the late century than the early century, indicating that many
parts of CONUS have far larger dataset disagreement by the late century than early.

For APr, the distributions of the inter-dataset range values skew heavily toward 10-50 mm yr ™' range (note
the logarithm scale for APr range in figure 1), and there is less contrast in the shape of the distributions among
the GCMs. As with ATmax and ATmin, the medians of the distributions do not shift sharply as time progresses.
The first three quartiles of range values in all six GCMs remain below 103 mm yr ™' in all three time periods.
Unlike ATmax and ATmin, however, the maximums of the distributions do not all increase uniformly from
early to late century. IPSL-CM5A-MR has the highest inter-dataset differences in APr during the early and mid-
century, of 1,031 and 1,480 mm yr ' respectively, but by the late century its maximum is reduced to 426 mm
yr~'. CanESM2 has moderate maximum range of 265 mm yr ' in early century but in late century its maximum
range is extremely high, exceeding 2,385 mm yr~ " (Table S1).

The areas of dataset disagreement in temperature and precipitation appear spatially disjunct (figure 2). For A
Tmax and ATmin the areas of high dataset differences are somewhat scattered across CONUS, with localized
high values the interior west and the northern latitudes, and with ATmin exhibiting generally higher
disagreement. For APr the areas of high disagreement are located along the Westcoast, mountains in the interior
West, and the Southeast. Pixels with the highest dataset disagreement in APr are located in the Sierra Nevada
Mountains in California, where the inter-dataset differences are between 200 and 530 mmyr~'. One GCM isa
dominant contributor to these high values: the inter-dataset range for CanESM2 exceeds 2,500 mm yr-1 in the
Sierra Nevada Mountains. At the continental scale, linear regression reveals no significant relationship between
the inter-dataset range and elevation.

While the inter-dataset range expressed as mm yr~ ' may appear modest across much of CONUS, they can be
significant when compared to the differences among the GCMs (figure 2). The inter-dataset range for ATmax is
generally less than 10% of the inter-GCM range for most of CONUS by late century under the RCP8.5 scenario.
For ATmin, the inter-dataset range is 10%—20% of inter-GCM range for approximately half of CONUS. This
ratio is the highest for APr, where parts of the Northwest, northern Midwest, and the Southwest have inter-
dataset range that is as much as 60%—120% of inter-GCM differences. Under the RCP4.5 scenario, the inter-
dataset range is generally lower, but ratio to inter-GCM differences are generally comparable, with some
locations having higher ratios (figure. S1). Relative to projected amount of warming, the dataset differences for A
Tmax and ATmin are small across most of CONUS, except limited areas associated with mountain ranges and
the southern tip of Florida (figure S2). For precipitation, the disagreements are large as a percent of projected
change across much of CONUS, but it is due to only small changes being projected for most of CONUS except
for the Southwest (figure S2).

3.2. Variability by region

Dataset disagreements exhibit regional differences when averaged for the seven NCA4 regions (figure 3). The
range of ATmin is higher in the northern regions (0.15 °C-0.19 °C) relative to the Southeast and the Southern
Great Plains (0.04 and 0.09 °C, respectively). The range of ATmax is small, less than 0.09 °C for all regions. For
APr, the smallest range occurs in the Southern Great Plains and the Midwest (10 mm yrfl), and the highest in
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Figure 3. Mean projected change in minimum temperature (ATmin) vs. precipitation (APr) from historical (1961-1990) to late
century (2071-2100) under the RCP8.5 scenario by the Fourth National Climate Assessment regions. The regions are Northwest
(NW), Northern Great Plains (NGP), Midwest (MW), Northeast (NE), Southwest (SW), Southern Great Plains (SGP), and Southeast
(SE). Mean projected change is calculated per GCM by taking the difference between two period averages for each pixel, then
computing the spatial average for each region, weighting each pixel for its area. Finally, the GCMs are averaged per dataset. Errors bars
represent standard deviations over the six GCMs for each dataset.

the Southeast (44 mm yr ). Relative to total precipitation, the Southwest has the highest range (25 mm yr ™).
This disagreement is geographically located primarily in California, which has a strong Mediterranean climate
with dry summers (figure 2). In the interior Southwest, where there is significant summer monsoon
precipitation from convective storms, the disagreement is limited to the high elevation subregion in
northwestern Arizona (figure 2). LOCA’s APr is the lowest in all the regions, and in Southern Great Plains and
the Southeast LOCA projects the greatest reduction in precipitation of all the datasets. LOCA’s ATmin is the
lowest in six of the seven regions. NEX-DCP30 has the largest or the second largest average ATmin in six
regions. ClimateNA, MACAv2-LIVNEH and MACAv2-METDATA occupy the middle positions. MACAv2-
LIVNEH and MACAv2- METDATA are similar, while MACAv2-LIVNEH and LOCA are dissimilar despite
havinga common reference dataset.

3.3. Variability by months

Monthly comparisons show ATmin of datasets tracking each other closely (solid lines, figure 4). ClimateNA is
an exception, which projects greater warming in the spring and less warming in the winter than the others.
ClimateNA also exhibits a relative phase shift, with more warming in early summer and less warming in late
summer. APr of datasets also track each other closely for most of the year (dotted lines, figure 4). Some
divergence is observed in the winter in the Northwest when precipitation is the heaviest. In the Southwest,
portions of which include significant monsoon precipitation, datasets diverge moderately in the summer. In the
remaining regions, where convective systems produce rain, divergence occurs in summer and fall. ClimateNA’s
APr diverges from the others only in the Southwest and the Southern Great Plains. The seasonal differences in
datasets, when quantified as a ratio to the differences among the GCMs, range from 0.09 to 0.35 for ATmin and
0.14 0.43 for APr (figure S3). The highest ratios for ATmin occur in the winter in the Northwest and in the
spring in the Midwest when the inter-dataset differences can be as much as 35% of the differences among the
GCMs. The highest ratios for APr occur in the Northwest, the Northern Great Plains, and the Southwest, where
multiple seasons have inter-dataset range exceeding 30% of inter-GCM range.

3.4. Guidance summaries and outliers

Area averaging smooths away high disagreement pixels but aggregates results into familiar polygons (figure 5).
Dataset disagreements in some polygons are as high as 0.5 °C for ATmax or ATmin, or over 100 mmyr ™' in
APr for late century under the RCP8.5 scenario. No state has ATmax or ATmin range greater than 0.3 °C,
except for Idaho and Wyoming. Only California and southeastern states have high APr ranges. The subregions
of high variability seen in figure 2 are visible in ecoregion and watershed averages, such as those containing the
Rocky Mountains. Some areas with high disagreement are evident in one set of polygons but in not another. For
example, the Willamette Valley ecoregion, Oregon, has moderately high ATmax range, but the enclosing

7
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Figure 5. Dataset disagreement for projected change from historical (1961-1990) to late century (2071-2100) under the RCP8.5
scenario averaged by various spatial units: states, EPA Level 3 ecoregions, USGS 4-digit hydrologic units (HUC4), and USDA Forest
Service national forests. Range of each climate variable across datasets was calculated first by GCM, then averaged across the six
common GCMs, then averaged per polygon while weighting each pixel for its area.

watershed has lower range. The Upper Hudson watershed, New York, has moderately high ATmin range, but
the enclosing ecoregion has lower range. National forest polygons do not fully cover CONUS and therefore
exclude some high disagreement areas, such as southern Florida.
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Figure 6. Outlier datasets for projected change from historical (1961-1990) to mid-century (2071-2100) under the RCP8.5 scenario.
For each pixel, we identified an outlier for each pixel if a dataset had a value >1.65 standard deviations from the mean of the five
datasets for that pixel. No pixel had more than one outlier, and many pixels had no outlier (white). Corresponding maps for early
century (2011-2040) and mid-century (2041-2070) are shown in figures $4 and S5, respectively, and the frequency of outliers for all
three periods are summarized in figure S6.

Thelocation, frequency and the identity of outliers varied markedly and primarily by GCM and climate
variable (figure 6). For example, with CNRM-CMS5, LOCA was an outlier across much of CONUS for ATmax
and ATmin (34% and 40% of all pixels, respectively), but only a small portion (5%) of the pixels for APr.
Instead, MACAv2-METDATA was the most frequent outlier (7%) for APr. For HadGEM2-ES, ClimateNA was
the most frequent outlier for much of eastern CONUS for ATmax and ATmin (24% and 18% of CONUS,
respectively), but for APr it was an infrequent outlier (4%). No pixel had more than one outlier, and some
GCMs had relatively few outliers, indicating good dataset agreement.

The importance of GCM and climate variable held throughout time: the maps of outliers for early and mid-
century resemble the late century maps in terms of overall location and identities of the outliers, although the
frequencies are different (figures S4, S5). In other words, for a given GCM, a dominant outlier dataset remained
dominant throughout all three time periods (figure S6). While no single dataset was the dominant outlier for all
GCMs, LOCA was the most frequent outlier among the six GCMs, on average covering 18% of CONUS as
outliers for ATmax and ATmin. That was followed by ClimateNA, which on average covered 6% and 4% of
CONUS for ATmax and ATmin, respectively. The two MACA datasets and NEX-DCP30 never exceeded 3%
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coverage of CONUS as ATmax and ATmin outliers for a single GCM, and on average cover only 0 to 2% of
CONUS. The most frequent outlier for APr in a single GCM is ClimateNA in CanESM2 (11%), followed by
MACAvV2-METDATA in CNRM-CMS5 (7%) and LOCA in IPSL-CM5A-MR (7%).

4. Discussion

For those studying climate change impacts the five downscaled datasets compared herein present a wealth of
options. Our comparison results suggest that careful consideration is warranted in choosing a combination of
downscaled climate dataset and GCMs. Even by the mid-century, in many parts of CONUS one dataset may
differ from others by >0.5 °C in ATmax and ATmin, an amount comparable to the difference between RCP4.5
and RCP6.0 in projected global average surface temperature for late century (IPCC 2013). Likewise, in some
parts of CONUS APr may differ by over 100 mm yr . This is a significant amount in arid regions like Southern
California, where mean annual precipitation ranges only 263—494 mm yr~ . For some parts of CONUS, the
choice of dataset may be as significant as the choice of GCM (figure 2), and the upward extension of the
distribution of differences by late century (figure 1) suggests this is a more important issue for studies modeling
late century climate impacts. Dataset differences are accentuated in some seasons (figure 4), which can affect
models sensitive to seasonality of climate. The intensity and the seasonality of climate change can affect plant-
water dynamics (Knighton et al 2019), stream flow (Grantham et al 2018), plant and wildlife biogeography
(McCauley etal 2017, Parker and Abatzoglou 2018, Case et al 2020), human health (Diem et al 2017), and civil
infrastructure (Aufthammer et al 2017).

Climate change impact studies typically use a single downscaled dataset. Our comparison suggests that could
result in a systematic bias, especially in the Northwest, the Southwest, and the Southeast, where the differences
are relatively large (figure 3). This may be particularly true for temperature-dependent impacts in western
CONUS, where LOCA is an outlier in many regions, with many GCM:s (figure 6). Dataset disagreement is greater
for ATmin than ATmax across much of CONUS (figures 2, 5). This suggests caution for studies where Tmin is
an important driver, such as ecosystem models where Tmin governs respiration and nighttime transpiration, or
heat wave projections where Tmin is important for nighttime recovery (Guirguis et al 2018). Where snowpack
and phenology are important, choosing ClimateNA over the others may have a significant impact, given
ClimateNA’s relative bias in the magnitude and timing of seasonal warming and cooling (figure 4). Selecting a
large ensemble of GCMs within a downscaled dataset may help capture a wide range of possible future climate
and help mitigate any bias arising from the use of a single downscaled dataset. Dynamical downscaling
approaches, where regional climate models are run under future climate scenarios is another option. For North
America, NA-CORDEX provides dynamically downscaled dataset at 0.22° (~25 km) or 0.44° (~50 km)
resolution (Mearns et al 2017).

There are many localized clusters of high range pixels that one might call ‘hotspots’ of dataset disagreement
(figure 2). For ATmin, many of those hotspots are concentrated in the Rocky Mountains, an area with high
topographic relief, complex weather dynamics that present challenges for downscaling climate data. While some
hotspots, such as those covering Yellowstone National Park and the Colorado Front Range, appear to be
correlated to high elevation and snowpack dominance, there are many high elevation areas that are not hotspots.
For example, the Grand Mesa, Uncompahgre, and Gunnison National Forests in Colorado have an average
elevation of 2,887 m, yet the range of ATmin is less than 0.2 °C by the late century (figure 5). For APr, many
hotspots also occur in the Rocky Mountains, at Flathead, Bighorn, and Medicine Bow-Routt National Forests.
Yellowstone National Park is also a hotspot, with 104 mm yr~' APr range, which is high relative to its 516 mm
yr~ ! precipitation. The largest concentrations of APr hotspots occur on the West Coast, in parts of the Cascade
Range in the Northwest, and in the Sierra Nevada mountains and the Coast Ranges of California. High dataset
disagreement may have important modeling implications in California, a biodiversity hotspot (Myers et al
2000). While many of these pixels occur at high elevations with high average precipitation, several occur at the
arid lower elevations. Finally, in the Southeast, curious hotspots occur in a tight band along the East Coast, and
across Mississippi and Alabama, areas with little topographic relief.

Outlier datasets identify the source high inter-dataset variability where they occur (figure 6). LOCA is the
most frequent outlier (figure S6), which likely arises from its use of relatively small regions for identifying
analogs; and its use of a single observed record to downscale, instead of a weighted combination of multiple
observations. ClimateNA is the second most frequent outlier, and which may stem from its lack of bias
correction. Outliers generally do not spatially coincide with disagreement hotspots, indicating that a single
outlier dataset does not often drive high disagreement; instead, hotspots generally occur where multiple datasets
disagree. The outlier designation does not imply inaccuracy, only uncertainty. Assessing accuracy of the datasets
for the historical period is difficult to measure (Takayabu et al 2016), since there is no single pure observation
gridded historical weather dataset. The training gridded data used by each dataset (e.g., PRISM, gridMet, and
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LIVNEH) are created from point-based weather station data using various complex algorithms and models, and
each dataset is bias-corrected to fit the training data (except for ClimateNA). Therefore, assessing accuracy using
the training datasets would be circular logic. Innovative and controlled simulation experiments are needed to
assess accuracy and diagnose the sources (e.g., Gutiérrez et al 2012, Dixon et al 2016, Lanzante et al 2018, Wang
etal2018).

Although diagnosing the causes of the differences of the datasets is not the focus of the current study, the
comparison naturally raises questions about why the datasets differ. Jiang et al (2018) identified reference
datasets as an important driver of differences among downscaled datasets in the Northwest. We see no evidence
of this for CONUS, although in theory some are expected (Brands et al 2012). MAVAv2-LIVNEH and LOCA are
based on the LIVNEH reference dataset and the other three are based on PRISM (or METDATA, which is based
on PRISM). We observe no clear differences between these two sets. Instead, LOCA’s most frequent outlier
status suggests the importance of LOCA’s unique algorithm in identifying local analogs of weather patterns. The
two MACA datasets are rare outliers, which may reflect MACA’s unique multivariate weighting schemes to
ensure fields are physically compatible, whereas the other methods downscale each field independently. Yet
another important source of differences may be bias correction, which can affect trends, variability, and
extremes in downscaled data (Pierce et al 2015). ClimateNA does not bias correct GCM data. NEX-DCP30 bias
corrects by mapping quantiles of GCM output to the respective quantiles in training data, which assumes
variance remains stationary into the future. MACA uses equidistant quantile mapping (Li et al 2010) to preserve
changes in variability represented by GCM output, but only at one frequency. LOCA uses a frequency dependent
bias correction method designed to preserve the projected change in both the mean and extremes. In many
regions GCMs project larger changes in extremes relative to the mean (Janssen et al 2014, Guirguis et al 2018).
Therefore, it may be important to preserve changes in variability simulated by GCMs when downscaling. Finally,
small amounts of differences may arise from irregularity in choice of GCM ensemble members to downscale.
For CMIP5, GCMs were run with variations in parameters, where each run is called a realization and noted with
atriad of numbers, e.g., r1ilp1 (Taylor et al 2009, Taylor et al 2012). NEX-DCP30, MACAv2-METDATA,
MACAV2-LIVNEH and LOCA all downscaled the r1ilp1 realization for all GCMs, except the two MACA
datasets and LOCA downscaled the r6ilp1 realization for CCSM4. ClimateNA used the average of all published
realizations, up to five maximum realizations.

Regional and sub-regional climate change impact studies are often limited by resources, and the study area
may be defined a priori. When the question of choice of dataset arises, the dataset disagreement described above
suggests caution is needed in many parts of CONUS, and the use of multiple datasets may generate more robust
results. The inter-dataset range maps (figure 2) and the spatially aggregated maps (figure 5) serve as an entry
point for exploring dataset disagreement for a given study area. For completed studies, the maps of variability
hotspots (figure 2) and outliers (figure 6), and the relative biases of each dataset by region (figures 3, 4), provide
some context for uncertainty arising from the choice of datasets. It is important to note that the results presented
herein are based on the six GCMs common the five datasets, while the published datasets include a larger set of
GCMs. ClimateNA has 7, NEX-DCP30 has 33, MACAv2- LIVNEH and MACAv2-METDATA have 20, and
LOCA has 32 GCMs. Relationships among the datasets may differ if a larger set of GCMs are compared.
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