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Abstract
Climate change projections provided by global climatemodels (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 downscalingmethodologies, 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
fivewidely used statistically downscaled climate change projection datasets that cover the
conterminousUSA (CONUS): ClimateNA, LOCA,MACAv2-LIVNEH,MACAv2-METDATA, and
NEX-DCP30. All of the datasets are derived fromCMIP5GCMs and are publicly distributed. Thefive
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 theGCM,
and there aremany localized areas of sharp disagreements. Areas of higher dataset disagreement
emerge over time, and their importance relative to differences amongGCMs is comparable between
RCP4.5 andRCP8.5. Dataset disagreement displays distinct regional patterns, with greater
disagreement in!Tmax and!Tmin in the interiorWest and in theNorth, and disagreement in!P in
California and the Southeast. LOCA andClimateNA are often the outlier dataset, while the seasonal
timing of ClimateNA is somewhat shifted from the others. To easily identify regional study areaswith
high disagreement, we generatedmaps of dataset disagreement aggregated to states, ecoregions,
watersheds, and forests. Climate change assessment studies can use themaps to evaluate and select one
ormore 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
climatemodels (GCM) (Meehl et al 2000). The native spatial resolutions of theGCMs, ranging from1 to 3°, are
generally too coarse for local and regional applications, and do not capturefiner scale weather patterns and
processes. Therefore, climate scientists have downscaledGCMoutputs tofiner spatial scales, ranging from30’ to
0.44°. Statistical downscalingmethods establish a statisticalmodel between coarse scale GCMoutputs and fine
scale observation-basedweather grids and apply the relationship toGCMs future projections to estimatefine
scale projections (JakobThemeßl et al 2011, Takayabu et al 2016). The downscaled datasets better reflect fine
scale variations in observed surfacemeteorology. Currently various efforts to downscale CMIPPhase 6 (Eyring
et al 2016) data are underway, and themostwidely available downscaled datasets are based onCMIPPhase 5
(CMIP5).
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Many studies have compared and evaluated different downscalingmethodologies to improve our
understanding of downscalingmethods and their consequences. These studies use experiments designed to
focus on differences in downscalingmethodswhileminimizing differences in other factors. For example, they
hold theGCM, 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 impactmodelers and other end-users of the data, who need
pragmatic information on howpublished downscaled datasets differ. Statistically downscaled datasets currently
available to the scientific community have not produced in a coordinated and controlledmanner. Theymay
differ fromone another not only due to the downscalingmethod used, but also due to spatio-temporal
resolution, training data, computer coding and data storage (table 1). A comparison of downscaled datasets
focusing onNorthwest 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 conterminousUSA (CONUS). Such a comparison has the potential to inform the choice of datasets for use in
climate change impactmodeling and assessments. Perhapsmore 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 onfive statistically downscaled climate change datasets that cover CONUS that have
been published and have beenwidely used in climate change impact studies: ClimateNA (Wang et al 2006,Wang
et al 2012,Hamann et al 2013,Wang et al 2016), LOCA (Pierce et al 2014),MACAv2- LIVNEHandMACAv2-
METDATA (Abatzoglou andBrown 2012, Abatzoglou 2013), andNEX-DCP30 (Thrasher et al 2013). All of
these datasets are derived fromCMIP5GCMoutput and have been applied to awide array of climate change
impact studies spanningmultiple disciplines. For example, ClimateNAwas used to create grassland bird habitat
projections in theNortheast (McCauley et al 2017) and to developwater quality projections for regional
watersheds inNewYork state (Gelda et al 2019). LOCAhas the distinction of having been selected for the Fourth
National Climate Assessment (NCA4) (USGCRP 2018).MACAv2-LIVNEHwas used tomodel growth of
loblolly pine (Pinus taeda) in the Southeast (Gonzalez-Benecke et al 2017), andMACAv2-METDATAhas been
selected by theUS Forest Service to assess climate change impacts on forests and rangelands across theU.S.
(Joyce andCoulson 2020). NEX-DCP30was 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 theWest (Schwalm et al 2016).Many studies—if notmost—use a
single downscaled climate dataset as a basis for future projections. It is unclear howusing 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
PacificNorthwest toCONUS.Our objectives are to identify where, when and by howmuch 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 formultiple GCMs. The resultingmaps can be used to
determinewhethermore than one datasetmay be needed and to help select datasets for a given study area in a
climate change impacts study.

2.Methods

2.1. Study area
Wecompare the downscaled datasets for the conterminousUSA (CONUS), comprising 8,080,464 km2 of land
surface from25.15° to 49.4625° latitude and−124.59° to−67.9° longitude. Broadly speaking, the northern two-
thirds of CONUShas temperate climate and the southern third has subtropical climate. Thewestern third of
CONUS containsmany high elevationmountain ranges and vast, arid basins. TheNorthwest andCalifornia
haveMediterranean climate, where precipitation falls predominantly in thewinter, and summers arewarm and
dry. TheNorthwest receives copious rainfall, withmany coastal areas receivingmore than 2m annually. The
Southwest also haswarm summers but receives rain via summermonsoon. TheGreat Plains, which are
predominantly grasslands and croplands, occupy the center of CONUS, stretching from the northern border to
Canada down to the southern border toMexico.Winters are cold and snowy in the northern half of theGreat
Plains, andmoremoderate in the Southern Plains. Precipitation is highest in the summertime, when collision of
airmasses from the north and the south over low topographic relief results in frequent thunderstorms.Most of
the easternCONUShas humid, continental climate, where precipitation is spread throughout the seasons. The
Northeast has cold, snowywinters and the coastal southern states have a humid, subtropical climate, where
winters aremild and summers are hot and humid.
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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 Downscalingmethod

ClimateNA (Wang et al 2016) NorthAmerica@30’ 1961-1990, 1981-2010, 2011-2040, 2041-2070, 2071-2100

monthly normals

PRISM,ANUSLIN Delta

LOCA (Pierce et al 2014) CONUS, S. Canada&N.Mexico@

1/16°
1950-2100@daily LIVNEH LocalizedConstructed Analogs

MACAv2-LIVNEH (Abatzoglou&Brown 2012) CONUS@1/16° 1950-2099@daily &monthly LIVNEH Multivariate Adaptive Constructed Analogs

MACAv2-METDATA (Abatzoglou&
Brown 2012)

CONUS@1/24° 1950-2099@daily &monthly METDATA Multivariate Adaptive Constructed Analogs

NEX-DCP30 (Thrasher et al 2013) CONUS@30’ 1950-2100@monthly PRISM Bias Corrected Spatial Disaggregation
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2.2.Downscaled climate datasets
We focused on statistically downscaled climate datasets for CONUS that have beenwidely 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 byCoupledModel
Intercomparison Project Phase 5 (CMIP5), simulating Representative Concentration Pathway (RCP) 4.5 and 8.5
climate change scenarios (VanVuuren et al 2011). The selected datasets are ClimateNA, LOCA,MACAv2-
LIVNEH,MACAv2-METDATA andNEX-DCP30 (table 1). Except for LOCA, the datasets were previously
compared forOregon andWashington 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 from30″
to 1/16° grid resolution. The datasets, the associatedmethodology, 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 et al 2014,Wang et al 2016). Here, we briefly summarize the key features of the datasets.

ClimateNA (Wang et al 2016) uses theDeltamethod (Mitchell and Jones 2005), the simplest downscaling
technique, to downscale GCMoutput to 30″ resolution at amonthly time step, using PRISMgridded climate
data (Daly et al 2002) andANUSLIN (Hutchinson 1989) as reference data. It has several appealing features for
modeling studies: a large spatial extent (NorthAmerica); a large suite of derived bioclimatic variables; and it is
available as software, to downscale data on demand.Nobias correction is applied to the coarse resolutionGCM
output before spatial disaggregation.

NEX-DCP30 (Thrasher et al 2013) uses the bias correction-spatial disaggregation (BCSD) downscaling
method (Maurer et al 2010). GCMoutput isfirst bias corrected at the coarse GCMresolution tomatch the
reference data using stationary quantilemapping before it is spatially disaggregated to 30″ resolution using
PRISMas reference data.

MACAv2-METDATA andMACAv2-LIVNEHare both producedwith themultivariate adaptive
constructed analogs (MACA) downscalingmethod. GCMoutput isfirst bias corrected using non-stationary
quantilemapping. GCMoutput 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 aweighted
mean. They are created using theMETDATA (Abatzoglou 2013) and the LIVNEHgridded climate dataset
(Livneh et al 2013), respectively. The datasets spanCONUS at 1/24° and 1/16° resolution, respectively, at daily
time steps.

LOCA (Pierce et al 2014) is producedwith a downscalingmethod similar toMACA,whereGCMoutput is
first bias corrected using frequency-dependentmethod, then spatially disaggregated by identifying analogs in the
reference dataset.WhileMACA considers the entire CONUSwhen search for analogs and combines the 100 best
analogs, LOCAbreaks up the domain into smaller areas, and selects only a single analog. LOCAdownscales to 1/
16° resolution on a daily time step using the LIVNEHgridded climate dataset (Livneh et al 2013) as reference
data, and extends from southernCanada to northernMexico at 1/16° resolution.

2.3. Comparisons
RCP4.5 andRCP8.5 climate change scenarios are common to thefive selected datasets.While each dataset
includes between 7 and 33GCMs, only sixGCMs are common to the selected datasets: CanESM2, CCSM4,
CNRM-CM5,HadGEM2-ES, INMCM4, and IPSL-CM5A-Mr For the two scenarios and sixGCMs common to
the selected datasets, we compared three climate variables that are available in allfive datasets:monthlymean of
dailymaximum temperature (Tmax), monthlymean of dailyminimum temperature (Tmin), andmonthly
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 theweighted
average of all original pixels covered by the 1/16 o pixel, accounting for partial overlap.

To capture the disagreement among the five datasets, we calculated the range (max—min) of the deltas
across thefive datasets, for eachGCM, scenario and time period. The standard deviation of delta was also
considered as ameasure of dataset variability, but it is nearly perfectly correlatedwith range for the three
variables (r2= 98.4 to 99.6). For each climate variable and time period, we averaged the range across the six
commonGCMs to obtain the ‘inter-dataset range’. For comparison, we obtained the ‘inter-GCMrange’ by
calculating the range across GCMswithin each dataset, then averaging over the datasets.

To examine temporal patterns, we dividedCONUS into the seven regions used byNCA4 (USGCRP 2018),
and aggregated the original, un-interpolated delta values bymonth and region, resulting in thirty time series (six
GCMs xfive datasets) for each time period. To average values to each region, weweighted each pixel by its area.
Aswith above, we calculated the inter-dataset range byfirst calculating the range over datasets perGCM, then
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averaging over theGCMs.We calculated inter-GCMrange by first calculating the range overGCMswithin each
dataset, then averaging over the datasets.

Many regional climate change studies beginwith a predetermined study area, before downscaled climate
datasets are sought. Also, there aremany studies that have been completed for a study area, thatmay 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, EPALevel III Ecoregions (Omernik and
Griffith 2014), USGS 4-digit subbasins (Seaber et al 1987), andUSDAnational forest administrative units (Anon
2022).We calculated the range of deltas across the datasets perGCM, before averaging across the six common
GCMs and thenfinally aggregating for each polygon, whereweweighted each pixel by its area contribution to
the polygon. In addition, for eachGCMwe created amap of outlier datasets, where if a dataset’s delta value in a
pixel is 1.65 standard deviations ormore away from themean of the five datasets for that pixel it is considered an
outlier.

3. Results

3.1. Continental & centennial scale patterns
Thefive datasets exhibit general agreement across CONUS for RCP8.5, with the distributions of inter-dataset
range for!Tmax and!Tmin falling primarily between 0 and 0.5 °C for all but oneGCM, and the distributions
for!Pr range falling primarily below 100mmyr−1 during all three time periods (figure 1). However, there are
clear differences in the distributions among theGCMs, where someGCMshave sizable distributions of inter-
dataset range values above 0.5 °C. For example, inmid-century the inter-dataset range values forHadGEM2-ES
are distributed nearly evenly up to 1.0 °C. The inter-dataset range values for!Tmin for IPSL-CM5A-MR in the
late century exhibits a similar pattern.While there is little increase in themedians of the distributions for!Tmax
and!Tmin as time progresses from early tomid- to late century, all distributions extend upward, as evidenced

Figure 1.Distribution of the range of projected change across thefive datasets for each of the sixGCMs common to thefive datasets:
CanESM2 (Ca), CCSM4 (CC), CNRM-CM5 (CN), HadGEM2-ES (Ha), INM-CM4 (IN), and IPSL-CM5A-MR (IP) under the RCP8.5
scenario. Boxplots are overlain on violin plots, and thewhiskers representmaximumandminimumvalues. 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.
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by the increases in both the third quartile values and themaximum inmost GCMs (Table S1).With!Tmax and
!Tmin, all GCMs have highermaximumvalues by the late century than the early century, indicating thatmany
parts of CONUShave far larger dataset disagreement by the late century than early.

For!Pr, the distributions of the inter-dataset range values skew heavily toward 10-50mmyr−1 range (note
the logarithm scale for!Pr range infigure 1), and there is less contrast in the shape of the distributions among
theGCMs. Aswith!Tmax and!Tmin, themedians of the distributions do not shift sharply as time progresses.
Thefirst three quartiles of range values in all six GCMs remain below 103mmyr−1 in all three time periods.
Unlike!Tmax and!Tmin, however, themaximums of the distributions do not all increase uniformly from
early to late century. IPSL-CM5A-MRhas the highest inter-dataset differences in!Pr during the early andmid-
century, of 1,031 and 1,480mmyr−1 respectively, but by the late century itsmaximum is reduced to 426mm
yr−1. CanESM2hasmoderatemaximum range of 265mmyr−1 in early century but in late century itsmaximum
range is extremely high, exceeding 2,385mmyr−1 (Table S1).

The areas of dataset disagreement in temperature and precipitation appear spatially disjunct (figure 2). For!
Tmax and!Tmin the areas of high dataset differences are somewhat scattered across CONUS,with localized
high values the interior west and the northern latitudes, andwith!Tmin exhibiting generally higher
disagreement. For!Pr the areas of high disagreement are located along theWestcoast,mountains in the interior
West, and the Southeast. Pixels with the highest dataset disagreement in!Pr are located in the SierraNevada
Mountains inCalifornia, where the inter-dataset differences are between 200 and 530mmyr−1. OneGCM is a
dominant contributor to these high values: the inter-dataset range for CanESM2 exceeds 2,500mmyr-1 in the
SierraNevadaMountains. At the continental scale, linear regression reveals no significant relationship between
the inter-dataset range and elevation.

While the inter-dataset range expressed asmmyr−1may appearmodest acrossmuch of CONUS, they can be
significantwhen compared to the differences among theGCMs (figure 2). The inter-dataset range for!Tmax is
generally less than 10%of the inter-GCMrange formost of CONUSby late century under the RCP8.5 scenario.
For!Tmin, the inter-dataset range is 10%–20%of inter-GCMrange for approximately half of CONUS. This
ratio is the highest for!Pr, where parts of theNorthwest, northernMidwest, and the Southwest have inter-
dataset range that is asmuch as 60%–120%of inter-GCMdifferences. Under the RCP4.5 scenario, the inter-
dataset range is generally lower, but ratio to inter-GCMdifferences are generally comparable, with some
locations having higher ratios (figure. S1). Relative to projected amount of warming, the dataset differences for!
Tmax and!Tmin are small acrossmost of CONUS, except limited areas associatedwithmountain ranges and
the southern tip of Florida (figure S2). For precipitation, the disagreements are large as a percent of projected
change acrossmuch of CONUS, but it is due to only small changes being projected formost of CONUS except
for the Southwest (figure S2).

3.2. Variability by region
Dataset disagreements exhibit regional differences when averaged for the sevenNCA4 regions (figure 3). The
range ofΔTmin 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 ofΔTmax is small, less than 0.09 °C for all regions. For
ΔPr, the smallest range occurs in the SouthernGreat Plains and theMidwest (10mmyr−1), and the highest in

Figure 2.Disagreement of thefive datasets in projected change fromhistorical (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 calculatedwithin each of the six
commonGCMs, then averaged over theGCMs. The bottom row shows the ratio of the inter-dataset range to inter-GCM range, which
was calculated by first calculating the range amongGCMswithin each of the five datasets, then averaging over the datasets. Note that
the two!Prmaps have different units than the!Tmax and!Tminmaps.
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the Southeast (44mmyr−1). Relative to total precipitation, the Southwest has the highest range (25mmyr−1).
This disagreement is geographically located primarily inCalifornia, which has a strongMediterranean climate
with dry summers (figure 2). In the interior Southwest, where there is significant summermonsoon
precipitation from convective storms, the disagreement is limited to the high elevation subregion in
northwesternArizona (figure 2). LOCA’sΔPr is the lowest in all the regions, and in SouthernGreat Plains and
the Southeast LOCAprojects the greatest reduction in precipitation of all the datasets. LOCA’sΔTmin is the
lowest in six of the seven regions. NEX-DCP30 has the largest or the second largest averageΔTmin in six
regions. ClimateNA,MACAv2-LIVNEHandMACAv2-METDATAoccupy themiddle positions.MACAv2-
LIVNEHandMACAv2-METDATA are similar, whileMACAv2-LIVNEHand LOCA are dissimilar despite
having a common reference dataset.

3.3. Variability bymonths
Monthly comparisons showΔTmin 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 thewinter than the others.
ClimateNA also exhibits a relative phase shift, withmorewarming in early summer and less warming in late
summer.ΔPr of datasets also track each other closely formost of the year (dotted lines, figure 4). Some
divergence is observed in thewinter in theNorthwest when precipitation is the heaviest. In the Southwest,
portions of which include significantmonsoon precipitation, datasets divergemoderately in the summer. In the
remaining regions, where convective systems produce rain, divergence occurs in summer and fall. ClimateNA’s
ΔPr diverges from the others only in the Southwest and the SouthernGreat Plains. The seasonal differences in
datasets, when quantified as a ratio to the differences among theGCMs, range from0.09 to 0.35 forΔTmin and
0.14 0.43 forΔPr (figure S3). The highest ratios forΔTmin occur in thewinter in theNorthwest and in the
spring in theMidwest when the inter-dataset differences can be asmuch as 35%of the differences among the
GCMs. The highest ratios forΔPr occur in theNorthwest, theNorthernGreat Plains, and the Southwest, where
multiple seasons have inter-dataset range exceeding 30%of inter-GCMrange.

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 forΔTmax orΔTmin, or over 100mmyr−1 in
ΔPr for late century under theRCP8.5 scenario. No state hasΔTmax orΔTmin range greater than 0.3 °C,
except for Idaho andWyoming. Only California and southeastern states have highΔPr ranges. The subregions
of high variability seen infigure 2 are visible in ecoregion andwatershed averages, such as those containing the
RockyMountains. Some areas with high disagreement are evident in one set of polygons but in not another. For
example, theWillamette Valley ecoregion, Oregon, hasmoderately highΔTmax range, but the enclosing

Figure 3.Mean projected change inminimum temperature (ΔTmin) vs. precipitation (ΔPr) fromhistorical (1961-1990) to late
century (2071-2100) under the RCP8.5 scenario by the FourthNational Climate Assessment regions. The regions areNorthwest
(NW), NorthernGreat Plains (NGP),Midwest (MW), Northeast (NE), Southwest (SW), SouthernGreat Plains (SGP), and Southeast
(SE).Mean projected change is calculated perGCMby taking the difference between twoperiod averages for each pixel, then
computing the spatial average for each region, weighting each pixel for its area. Finally, theGCMs are averaged per dataset. Errors bars
represent standard deviations over the sixGCMs for each dataset.
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watershed has lower range. TheUpperHudsonwatershed,NewYork, hasmoderately highΔTmin 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.

Figure 4. Seasonal differences in projected change in Tmin and Pr fromhistorical (1961-1990) to late century (2071-2100) under
RCP8.5 by the FourthNational Climate Assessment regions. The FourthNational Climate Assessment regions are shown infigure 3).
Solid lines representΔTmin (leftY-axis), and dotted lines representΔPr (rightY-axis). Projected changeswere calculated per pixel
between the time periods, and averaged to each regionwhile weighting each for pixel for its area.

Figure 5.Dataset disagreement for projected change fromhistorical (1961-1990) to late century (2071-2100) under the RCP8.5
scenario averaged by various spatial units: states, EPALevel 3 ecoregions, USGS 4-digit hydrologic units (HUC4), andUSDAForest
Service national forests. Range of each climate variable across datasets was calculated first byGCM, then averaged across the six
commonGCMs, then averaged per polygonwhile weighting each pixel for its area.
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The location, frequency and the identity of outliers variedmarkedly and primarily byGCMand climate
variable (figure 6). For example, withCNRM-CM5, LOCAwas an outlier acrossmuch of CONUS forΔTmax
andΔTmin (34%and 40%of all pixels, respectively), but only a small portion (5%) of the pixels forΔPr.
Instead,MACAv2-METDATAwas themost frequent outlier (7%) forΔPr. ForHadGEM2-ES, ClimateNAwas
themost frequent outlier formuch of easternCONUS forΔTmax andΔTmin (24%and 18%ofCONUS,
respectively), but forΔPr it was an infrequent outlier (4%). No pixel hadmore than one outlier, and some
GCMshad relatively few outliers, indicating good dataset agreement.

The importance ofGCMand climate variable held throughout time: themaps of outliers for early andmid-
century resemble the late centurymaps in terms of overall location and identities of the outliers, although the
frequencies are different (figures S4, S5). In other words, for a givenGCM, a dominant outlier dataset remained
dominant throughout all three time periods (figure S6).While no single dataset was the dominant outlier for all
GCMs, LOCAwas themost frequent outlier among the sixGCMs, on average covering 18%ofCONUS as
outliers forΔTmax andΔTmin. Thatwas followed byClimateNA, which on average covered 6% and 4%of
CONUS forΔTmax andΔTmin, respectively. The twoMACAdatasets andNEX-DCP30 never exceeded 3%

Figure 6.Outlier datasets for projected change fromhistorical (1961-1990) tomid-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 themean of thefive
datasets for that pixel. No pixel hadmore than one outlier, andmany pixels had no outlier (white). Correspondingmaps for early
century (2011-2040) andmid-century (2041-2070) are shown infigures S4 and S5, respectively, and the frequency of outliers for all
three periods are summarized infigure S6.
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coverage of CONUS asΔTmax andΔTmin outliers for a single GCM, and on average cover only 0 to 2%of
CONUS. Themost frequent outlier forΔPr in a single GCM isClimateNA inCanESM2 (11%), followed by
MACAv2-METDATA inCNRM-CM5 (7%) and LOCA in IPSL-CM5A-MR (7%).

4.Discussion

For those studying climate change impacts thefive downscaled datasets compared herein present awealth of
options. Our comparison results suggest that careful consideration is warranted in choosing a combination of
downscaled climate dataset andGCMs. Even by themid-century, inmany parts of CONUSone datasetmay
differ fromothers by�0.5 °C inΔTmax andΔTmin, an amount comparable to the difference betweenRCP4.5
andRCP6.0 in projected global average surface temperature for late century (IPCC2013). Likewise, in some
parts of CONUSΔPrmay differ by over 100mmyr−1. This is a significant amount in arid regions like Southern
California, wheremean annual precipitation ranges only 263–494mmyr−1. For some parts of CONUS, the
choice of datasetmay be as significant as the choice ofGCM (figure 2), and the upward extension of the
distribution of differences by late century (figure 1) suggests this is amore important issue for studiesmodeling
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), streamflow (Grantham et al 2018), plant andwildlife biogeography
(McCauley et al 2017, Parker andAbatzoglou 2018, Case et al 2020), humanhealth (Diem et al 2017), and civil
infrastructure (Auffhammer 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 theNorthwest, the Southwest, and the Southeast, where the differences
are relatively large (figure 3). Thismay be particularly true for temperature-dependent impacts inwestern
CONUS,where LOCA is an outlier inmany regions, withmanyGCMs (figure 6). Dataset disagreement is greater
forΔTmin thanΔTmax acrossmuch of CONUS (figures 2, 5). This suggests caution for studies where Tmin is
an important driver, such as ecosystemmodels where Tmin governs respiration and nighttime transpiration, or
heat wave projectionswhere Tmin is important for nighttime recovery (Guirguis et al 2018).Where snowpack
and phenology are important, choosingClimateNAover the othersmay have a significant impact, given
ClimateNA’s relative bias in themagnitude and timing of seasonal warming and cooling (figure 4). Selecting a
large ensemble ofGCMswithin a downscaled datasetmay help capture awide range of possible future climate
and helpmitigate any bias arising from the use of a single downscaled dataset. Dynamical downscaling
approaches, where regional climatemodels are run under future climate scenarios is another option. ForNorth
America, NA-CORDEXprovides dynamically downscaled dataset at 0.22° (∼25 km) or 0.44° (∼50 km)
resolution (Mearns et al 2017).

There aremany localized clusters of high range pixels that onemight call ‘hotspots’ of dataset disagreement
(figure 2). ForΔTmin,many of those hotspots are concentrated in the RockyMountains, an areawith high
topographic relief, complexweather dynamics that present challenges for downscaling climate data.While some
hotspots, such as those covering YellowstoneNational Park and theColorado Front Range, appear to be
correlated to high elevation and snowpack dominance, there aremany high elevation areas that are not hotspots.
For example, theGrandMesa, Uncompahgre, andGunnisonNational Forests inColorado have an average
elevation of 2,887m, yet the range ofΔTmin is less than 0.2 °Cby the late century (figure 5). ForΔPr,many
hotspots also occur in theRockyMountains, at Flathead, Bighorn, andMedicine Bow-Routt National Forests.
YellowstoneNational Park is also a hotspot, with 104mmyr−1ΔPr range, which is high relative to its 516mm
yr−1 precipitation. The largest concentrations ofΔPr hotspots occur on theWest Coast, in parts of theCascade
Range in theNorthwest, and in the SierraNevadamountains and theCoast Ranges of California. High dataset
disagreementmay have importantmodeling implications inCalifornia, a biodiversity hotspot (Myers et al
2000).Whilemany of these pixels occur at high elevationswith 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
acrossMississippi andAlabama, 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 aweighted combination ofmultiple
observations. ClimateNA is the secondmost frequent outlier, andwhichmay 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 occurwheremultiple datasets
disagree. The outlier designation does not imply inaccuracy, only uncertainty. Assessing accuracy of the datasets
for the historical period is difficult tomeasure (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 frompoint-basedweather station data using various complex algorithms andmodels, and
each dataset is bias-corrected tofit 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
et al 2018).

Although diagnosing the causes of the differences of the datasets is not the focus of the current study, the
comparison naturally raises questions aboutwhy the datasets differ. Jiang et al (2018) identified reference
datasets as an important driver of differences among downscaled datasets in theNorthwest.We see no evidence
of this for CONUS, although in theory some are expected (Brands et al 2012).MAVAv2-LIVNEH and LOCAare
based on the LIVNEH reference dataset and the other three are based on PRISM (orMETDATA,which is based
on PRISM).We observe no clear differences between these two sets. Instead, LOCA’smost frequent outlier
status suggests the importance of LOCA’s unique algorithm in identifying local analogs of weather patterns. The
twoMACAdatasets are rare outliers, whichmay reflectMACA’s uniquemultivariate weighting schemes to
ensurefields are physically compatible, whereas the othermethods downscale eachfield independently. Yet
another important source of differencesmay be bias correction, which can affect trends, variability, and
extremes in downscaled data (Pierce et al 2015). ClimateNAdoes not bias correct GCMdata. NEX-DCP30 bias
corrects bymapping quantiles of GCMoutput to the respective quantiles in training data, which assumes
variance remains stationary into the future.MACAuses equidistant quantilemapping (Li et al 2010) to preserve
changes in variability represented byGCMoutput, but only at one frequency. LOCAuses a frequency dependent
bias correctionmethod designed to preserve the projected change in both themean and extremes. Inmany
regionsGCMs project larger changes in extremes relative to themean (Janssen et al 2014, Guirguis et al 2018).
Therefore, itmay be important to preserve changes in variability simulated byGCMswhen downscaling. Finally,
small amounts of differencesmay arise from irregularity in choice ofGCMensemblemembers to downscale.
ForCMIP5, GCMswere runwith variations in parameters, where each run is called a realization and notedwith
a triad of numbers, e.g., r1i1p1 (Taylor et al 2009, Taylor et al 2012). NEX-DCP30,MACAv2-METDATA,
MACAv2-LIVNEHand LOCAall downscaled the r1i1p1 realization for all GCMs, except the twoMACA
datasets and LOCAdownscaled the r6i1p1 realization for CCSM4. ClimateNAused the average of all published
realizations, up tofivemaximum 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 inmany parts of CONUS, and the use ofmultiple datasetsmay generatemore robust
results. The inter-dataset rangemaps (figure 2) and the spatially aggregatedmaps (figure 5) serve as an entry
point for exploring dataset disagreement for a given study area. For completed studies, themaps 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 sixGCMs common the five datasets, while the published datasets include a larger set of
GCMs. ClimateNAhas 7, NEX-DCP30 has 33,MACAv2- LIVNEHandMACAv2-METDATAhave 20, and
LOCAhas 32GCMs. Relationships among the datasetsmay differ if a larger set of GCMs are compared.
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