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Abstract. Extreme climate events and trends commonly elicit curiosity as to the role of anthropogenic climate change. In the
western United States (US), severe droughts and heatwaves over the first quarter of the 21st century have strained water-
management, agricultural, and ecological systems while also putting humans at risk from wildfires and hydrological hazards.
Understanding whether and how climate change has promoted or intensified these processes requires estimating
anthropogenic effects on a wide range of climate variables, including background mean conditions, higher-frequency
variances, and how these changes have been distributed intra-annually and spatially. Here we introduce ParallelClim-
WestUS-Daily, a new dataset of observed daily, high-resolution (~4 km) gridded climate data for the western US from
1951-2025 as well as a parallel, counterfactual realization of the observed sequence of climate but excluding anthropogenic
changes in background mean climate or daily variances. Our dataset includes eight surface climate variables commonly used
in hydrological, vegetation, and wildfire modeling: daily precipitation total, daily maximum and minimum temperature, and
daily means of vapor pressure, wind velocity, downwelling shortwave and longwave radiation, and surface pressure.
Anthropogenic climate change is estimated as the weighted mean change among 24 climate models relative to the second
half of the 19th century according to the CMIP6 Historical experiment through 2014, extended with SSP2-4.5 for 2015—
2025. Model weightings are based on agreement with global surface temperature trends, limiting the influence of models
with likely unrealistic climate sensitivities to greenhouse-gas forcing. The ParallelClim-WestUS-Daily dataset will allow
new opportunities to explore effects of anthropogenic climate change on western US hydroclimate and complex

hydroclimatic impacts such as soil moisture, snowpack, streamflow, vegetation productivity, and wildfire.
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1 Introduction

As the globe warms due to an intensifying anthropogenic greenhouse effect, some land areas are projected to become wetter
on average, others drier, and most will experience increasingly variable hydroclimatic swings (Giorgi et al., 2011;
Pendergrass et al., 2017; Pfahl et al., 2017; Cook et al., 2020; Swain et al., 2025). As hydroclimatic normals and variances
change, it will be increasingly important to understand how anthropogenic forcing drives not only observed trends and

extreme hydroclimate events, but also their complex impacts on hydrology, ecosystems, and wildfire.

In the western United States (US), the first quarter of the 21st century was likely as dry or drier on average than any similar-
length period in at least 1200 years. This resulted from a shift toward lower precipitation around 2000 combined with a
century-long warming trend that enhanced atmospheric evaporative demand (Williams et al., 2020, 2022b) and led to
widespread hydrological impacts, including declines in snowpack, streamflow, reservoir storage, and groundwater (Faunt et
al., 2016; Mote et al., 2018; Rodell et al., 2018; Xiao et al., 2018; Musselman et al., 2021; Williams et al., 2022a; Gottlieb
and Mankin, 2024). These changes led to follow-on impacts such as shifts in agricultural activities (Howitt et al., 2014), tree
mortality (Williams et al., 2013; Hicke et al., 2016; Berner et al., 2017; Anderegg et al., 2019), increased forest-fire sizes and
severities (Juang et al., 2022; Parks et al., 2025), and reduced net primary productivity (Schwalm et al., 2012). Studies have
shown that these significant hydroclimatic shifts in the western US over the last several decades were promoted by a
combination of anthropogenic climate trends and natural climate variability, in part driven by a La Nifia-like trend in the

tropical Pacific (Lehner et al., 2018; Seager et al., 2023; Pillai et al., 2026).

Various methods exist to use climate models to quantitatively attribute observed climate trends or events to anthropogenic
forcing versus natural variability (National Academies of Sciences, Engineering, and Medicine, 2016). A traditional
approach is to identify an observed climate condition (e.g., a heat wave) and assess how anthropogenic forcing affected its
probability by comparing simulations driven by observed historical forcings that include anthropogenic forcing to a
counterfactual ensemble forced solely by natural drivers (Hannart et al., 2016). However, climate models may not adequately
simulate the specific process of interest. For example, they appear to under-represent prolonged droughts (Ault et al., 2014),
have spatiotemporal biases in the El Nifio-Southern Oscillation (ENSO) (Bellenger et al., 2014; Dieppois et al., 2021;
Planton et al., 2021), and mis-represent heatwave characteristics (Hirsch et al., 2021). Additionally, global climate models do
not reliably simulate many hydroclimatic impacts like soil moisture, snowpack, streamflow, ecosystem dynamics, or

wildfire, particularly at the fine spatial scales of individual watersheds.

For many hydroclimatic impacts (e.g., streamflow), offline modeling — where climate model outputs force a separate impact
model — may be necessary to realistically simulate the relevant processes. Offline modeling often requires multiple climate

variables (e.g., precipitation, temperature, humidity, wind speed, and radiation) and may necessitate long simulations



65

70

75

80

85

90

95

Earth System
Science

Data

https://doi.org/10.5194/essd-2026-391
Preprint. Discussion started: 17 July 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access
suoIssnasIqg

(decades or centuries) if the impact of interest depends on slow processes like tree growth or more complex ecosystem
dynamics such as forest disturbance, competition, and succession. Furthermore, offline modeling can be highly
computationally demanding. Running the Noah-MP hydrological model (Niu et al., 2011) at 4-km spatial resolution across
the western US, for example, takes approximately a day on a supercomputer to produce a one-year simulation. For these
reasons, it is often infeasible to take the traditional paired-large-ensemble approach for climate-change attributions of many

observed hydroclimatic impacts, particularly at fine spatial scales for ecosystem and hydrologic modeling.

Consequently, alternative methods have been developed to apply the counterfactual framework directly to climate
observations. This allows the observed, factual climate record to be compared directly to a counterfactual realization of those
same observations, as can outputs from offline simulations forced by factual and counterfactual records. Therefore, instead
of large ensemble-based exploration of full probability distributions, these methods allow for comparing the magnitudes of
observed, factual events (including trends) and their counterfactual counterparts, under the assumption that the exact same

sequence of meteorological variability occurred in the counterfactual world.

One method for producing counterfactual observations is dynamical adjustment, where a counterfactual record is generated
by statistically removing climate variations not accounted for by variations in large-scale atmospheric pressure patterns
(dynamics) (Deser et al., 2016). A limitation is its simplifying assumptions: that atmospheric dynamics (wind) and
thermodynamics (heat) are independent, that anthropogenic climate change does not affect dynamics, and that
thermodynamically-driven trends are entirely externally forced. However, anthropogenic forcing is expected to drive
poleward shifts in large-scale atmospheric circulation, including the descending branch of the Hadley cell, the jet stream, and
synoptic features such as atmospheric rivers, and these changes may already be underway (Marvel and Bonfils, 2013; Payne
and Magnusdottir, 2015; Li and Ding, 2024). Furthermore, isolating the dynamical component requires fitting statistical
models between the climate variable and atmospheric pressure fields. Results are thus sensitive to observational or reanalysis
data quality, as well as methodological choices like the spatial domain, sample size, and statistical modeling method. To
date, no efforts have used dynamical adjustment to produce a large database of high-resolution daily climate grids across a
broad domain like the western US for a wide range of variables, thus limiting the usefulness of the dynamical adjustment

technique to explore complex processes requiring offline modeling.

Another counterfactual method was used for the Attributing Climate Impacts (ATTRICI) counterfactual dataset (Mengel et
al., 2021), which provides global daily 0.5° resolution climate variables for 1901-2019. ATTRICI quantifies the relationship
between background mean climate and a smoothed global mean temperature record, then statistically removes the
correlation-inferred effect of global temperature changes from observed climate. This approximates a counterfactual world
unaffected by low-frequency global temperature changes since 1901. Its strengths are being computationally straightforward

and globally applicable. Drawbacks include the implicit assumption that all observed low-frequency global temperature
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variations are anthropogenically forced, negating natural variations like ocean oscillations. Additionally, its spatial resolution
is too coarse for many offline hydrological applications. Its global scope also necessitates using reanalysis products rather
than true observations, and prior to 1979, the reliability of these products changes considerably due to shifting observational

data density.

An increasingly common alternative is the “remove-the-modeled-trend” (RTMT) approach, which simply removes
anthropogenically forced trends as simulated by climate models from observations. For example, Abatzoglou and Williams
(2016) approximated anthropogenic trends in temperature and humidity as the multi-model mean low-pass filtered changes
simulated by 27 CMIP5 models (Taylor et al., 2012). Counterfactual versions were calculated by subtracting these trends
from observations to evaluate how anthropogenic effects altered fuel dryness metrics strongly related to annual area burned
in western US forests. Diffenbaugh and Burke (2019) used a similar approach for temperature records to assess
anthropogenic warming effects on global economic inequality. Williams et al. (2020) simulated a large ensemble of
counterfactual monthly gridded soil moisture at 0.25° resolution across North America by removing CMIP5-simulated trends
in temperature, humidity, and precipitation, later updated by Williams et al. (2022b) with the 6 phase of the Coupled Model
Intercomparison Project (CMIP6) (Eyring et al., 2016). These or similar counterfactual records have been used in a number
of subsequent hydrological and ecological assessments (Stephens et al., 2023; Williams et al., 2024b; Dannenberg et al.,
2025; Williams and Abatzoglou, 2025). The global dataset TerraClimate v1.1 (Abatzoglou et al., 2018) also recently added
counterfactual monthly 4-km precipitation, temperature, vapor pressure, wind speed, and solar radiation covering 1950—

2025, though it relies entirely on reanalysis climate.

A weakness of the RTMT approach to date is the assumption that the anthropogenic effect is simply a monotonic forcing on
the background mean climate, with no effect on higher-frequency variability. Furthermore, by defining the anthropogenic
forcing as the change in background mean state since 1901, most of these efforts ignore any anthropogenic forcing prior to
1901, though these effects are believed to be relatively small compared to those of the 20th and 21st centuries (Eyring et al.,
2023).

Despite its limitations, the RTMT method is computationally efficient, allowing for easy real-time updates and application to
the wide range of variables needed to force offline models of hydroclimatic impacts (e.g., hydrological, vegetation, or
wildfire models). It does not require high-quality atmospheric pressure fields, unlike dynamical adjustment, and thus is not
subject to changes in the quality of reanalysis pressure data. Additionally, RTMT methods should not be limited to removing
background mean trends; they can also be applied to produce counterfactual realizations of daily data from which modeled
trends in daily variance are removed. Anthropogenic forcing is understood to change not just background mean climate but
also higher-frequency variations such as precipitation frequencies and extremes (Pfahl et al., 2017; Zhang et al., 2021), but to

our knowledge effects on climate variability have not been accounted for in prior RTMT efforts. Accounting for

4
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anthropogenically forced changes in daily variances would be particularly helpful for offline simulation of processes that

respond non-linearly to daily climate variability, such as snowpack and wildfire.

Here we present ParallelClim-WestUS-Daily, a database of observed and counterfactual daily climate for the western US at
1/24° resolution covering 1951-2025. The daily variables represented are precipitation total (prec, mm), maximum
temperature (tmax, °C), minimum temperature (tmin, °C), mean vapor pressure (ea, hPa), mean wind velocity 2 m above the
surface (wind, m s!), mean downwelling solar radiation at the surface (solar, W m%), mean downwelling longwave radiation
at the surface (longwave, W m?), and surface pressure (psfc, hPa). The fine spatial and temporal resolutions, alongside the
breadth of variables, enable straightforward use in an offline modeling framework. Anthropogenic climate trends are
assessed using outputs from 24 CMIP6 models, with the multi-model mean weighted by agreement with observed global
temperature trends to reduce the effect of models with unrealistically high sensitivity to greenhouse-gas forcing (Hausfather
et al,, 2022). An advance of the counterfactual component of ParallelClim-WestUS-Daily is that, beyond removing
anthropogenic trends in background means, we also remove anthropogenic changes in distributions of daily departures from
those means. This paper details the methods underlying ParallelClim-WestUS-Daily, a parallel pair of observed and
counterfactual datasets designed to enable unprecedented long-term (75-year) assessments of western US hydroclimatic

events and their anthropogenic climate change contributions.

2 Data sources and methods

We produced daily grids of climate for the 75-year period from January 1 1951 to December 31 2025 at a geographic
resolution of 1/24° (~4 km) across the western US domain mapped in Fig. 1. We define the western US as the 11
westernmost states in the coterminous US (Arizona, California, Colorado, Idaho, Montana, New Mexico, Nevada, Oregon,

Utah, Washington, and Wyoming).
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Figure 1: Observed climatological means (1951-2025) of the eight variables: (a) precipitation total (prec), (b)

daily maximum temperature (tmax), (c) daily minimum temperature (tmin), (d) vapor pressure (ea), (e) wind

velocity 2 m above the surface (wind), (f) downwelling solar radiation (solar), (g) downwelling longwave radiation

(longwave), and surface pressure (psfc).

2.1 Observed climate

Maps of the observed long-term (1951-2025) climatologies for the eight variables are shown in Fig. 1.

Daily prec, tmax, and tmin data come from the 1/24° nClimGrid-daily dataset produced by the National Atmospheric and
Oceanic Administration, which covers 1951—present (Durre et al., 2022). We use the 1/24° latitude/longitude coordinates of

the nClimGrid-daily dataset to define the resolution and grid-cell central locations of our data.

Daily ea data are calculated from the daily 1/24° gridded PRISM ANS81d dataset, produced by the PRISM group at Oregon
State University, which covers 1981—present (Daly et al., 2021). While PRISM does not provide ea grids directly, they
provide daily mean dew point (tdew, °C). We estimate dew-point derived ea (eatwew) from tdew using the WMO (2008)

Clausius Clapeyron formulation:

17.62xtdew )

eQrjow = 6.112e(m ] .

Given exponential response of eawew to tdew, eawew is likely to be consistently lower than true ea. Because PRISM also

provides daily grids of tmax and tmin as well as their associated vapor-pressure deficits (vpdmax and vpdmin, respectively;
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hPa), we also calculate ea at tmax and tmin (eawmax and eawmin, respectively). To do this, we first calculate daily maximum and

minimum saturation vapor pressure (esmax and esmin, respectively; hPa):

( 17.62+tmax )
esmax = 6.112e\tmax+243.12

(@)
and
esmin = 6.112e(%). 3)
We then calculate eamax and eamin as:
€0y = esmax — vpdmax “
and
€Qyin = €sSmin — vpdmin. &)
Finally, we estimate daily mean ea as the average of eaew, €atmax, and €asmin:
ea = (eQigew + €Apmax + €Aemin)/3- (6)

However, grid-cell locations of the 1/24° PRISM data are offset from those of our dataset’s map by half of a grid width
(1/48°) in the zonal and meridional directions. We address this by, for each 1/24° grid in our dataset’s map, averaging across
the values of all (usually four) overlapping PRISM grid cells. We then bias correct these spatially smoothed maps using
monthly data from the high-resolution (1/120°) version of PRISM (AN81n). For each 1/24° grid cell in our western US
domain, each month from 1981-2025, and each PRISM variable (tdew, tmax, tmin, vpdmax, and vpdmin), we calculate the
true monthly mean as the average of all (usually 16) 1/120° gridded values within. We then additively adjust the daily 1/24°
maps such that, for each month, each grid cell’s daily values average to equal the true monthly mean value calculated from

1/120° data.

Because the PRISM daily product only goes back to 1981, we extend PRISM ea back to 1951 using a calibrated version of
dynamically-downscaled ERAS5 reanalysis (Hersbach et al., 2020) for the western US produced by Rahimi et al. (2022). The
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Rahimi et al. dataset has a 9-km spatial resolution and covers September 1950 — March 2025. We use the Rahimi et al. daily

outputs of mean specific humidity (q, m* m™) and surface pressure (psfc, hPa) to calculate ea:

ea =psfc*q /(0.622+0.378 x q). (7

We bilinearly interpolate the 9-km grids of ea to 1/24° resolution and use quantile mapping to calibrate such that, for each
grid cell and each of the 12 months, the distributions of daily ea estimated from Rahimi et al. match those from PRISM
during 1981-2020.

Because we obtain ea and temperature from different sources, there may be rare cases when daily mean ea exceeds the daily
mean saturation vapor pressure (es; hPa) that is implied by the temperature data. We do not adjust ea, tmax, or tmin to
correct for this, as the nonlinear nature of the Clausius Clapeyron equation dictates that any calculation of daily mean ea or
es from the temporal means of dew point and temperature are merely estimates because ea and es relate non-linearly to dew
point and temperature (He et al., 2025). We thus note that users of this dataset who are performing calculations of involving

ea and es may wish to adjust ea to avoid cases in which ea exceeds their estimates of es.

For wind, we use the WTK-LED dynamically-downscaled ERAS wind reanalysis as the primary dataset, which has 4-km
geographic resolution and covers 2001-2020 (Draxl et al., 2024) and has been shown to be skillful across the western US
(Peco et al., 2026). We calculate daily mean wind velocity from hourly means at 10-m above the surface and interpolated to
our 1/24° using nearest neighbor. We adjust the 10-m wind velocity values to represent those expected at a 2-m height by
multiplying by 0.748 (4.87/In(67.8*10 m — 5.42)) following the FAO56 Penman-Monteith methodology (Allen et al., 1998).
We extend this dataset back to 1951 and forward through March 2025 using the daily mean 10-m wind velocity from the
Rahimi et al. 9-km reanalysis, bilinearly interpolated to 1/24° resolution, and multiplied by 0.748. Because this dataset ends
in March 2025, we extend through December 2025 using 2-m daily mean wind velocity from GridMET, which covers 1979—
present (Abatzoglou, 2013). We bias correct the Rahimi et al. and GridMET data using quantile mapping such that each
dataset’s daily wind velocity distribution matches that of WTK-LED during 2001-2020 for each grid cell and each of the 12

months.

For solar, we use the newly available, observation-based daily 1/24° dataset from PRISM ANS8I1d as the primary dataset
(Rupp et al., 2022), which covers 1981—present. As is the case for ea, this dataset is geographically offset by 1/48° from our
grid, so we follow the same correction approach as for ea to ensure that monthly means on our 1/24° grid match those
calculated from the high-resolution 1/120° PRISM ANS81n dataset. The solar dataset we use from PRISM accounts for the

effect of topographic slope and aspect on incident downward solar radiation at the surface. We extend solar back to 1951
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using daily mean downward solar radiation from the Rahimi et al. 9-km reanalysis, downscaled to 1/24°, and bias corrected

using quantile mapping to match PRISM distributions during 1981-2020.

For longwave and psfc, we use the Rahimi et al. 9-km reanalysis, interpolated to 1/24° resolution, as the primary source for
1951 through March 2025. For April-December 2025, we use the hourly climate forcing dataset produced for the second
phase of the North American Land Data Assimilation System (NLDAS2), which has 1/8° geographic resolution covers
1979-—present (Xia et al., 2012). We calculate daily means, bilinearly interpolate to 1/24° resolution, and bias correct using

quantile mapping to match Rahimi et al. distributions during 1981-2020.

2.2 CMIP6-detrended climate

Here we produce a counterfactual version of the observed climate dataset described above, but where anthropogenic trends
in background means and daily variances are removed such that the climatology is consistent with what would have been
expected in the second half of the 1800s. Below, we describe the approach to selecting CMIP6 models and determining
weightings for multi-model mean calculations, followed by descriptions of how we estimate anthropogenic changes in

background means as well as changes in daily variations about those means.

2.2.1 CMIP6 models

We estimate anthropogenic climate change to be represented by the CMIP6 24-model weighted mean trends in background
means and the variances of daily departures from those means. See Table 1 for a list of the 24 models considered and section
2.2.2 for a description of the model weighting. For 1850-2014 we use simulations from the CMIP6 Historical scenario and
for 2015-2025 we use simulations from the Shared Socioeconomic Pathway 2-4.5 (SSP2-4.5) (Eyring et al., 2016). The
SSP2-4.5 represents a commonly used middle-of-the-road future emissions trajectory. Notably, the degree of anthropogenic
climate forcing in this scenario is not markedly different from that of other CMIP6 SSP scenarios during the 2015-2025
period of overlap with our dataset’s observational period (O’Neill et al., 2016). We consider anthropogenic climate trends to

be departures in the 24-model mean climate conditions from an 1851-1900 baseline.

The 24 CMIP6 models considered are selected mainly based on data availability, with the primary criterion being that daily
outputs are available via the CMIP6 data portal hosted by the Earth System Grid Federation

(https://aims2.1Inl.gov/search/cmip6/) for prec, temperature, ea, wind, solar, longwave, and psfc for at least one continuous

ensemble member under the Historical and SSP2-4.5 scenarios. For temperature, most models provide tmax and tmin but for
models missing these variables we use tave to estimate tmax and tmin based on the multi-model mean of offsets between
tmax, tmin, and tave derived, for each of the 12 months, from the models that provide data for all three variables. At the time

of our acquisition of CMIP6 data, 28 models provided daily outputs for the Historical and SSP2-4.5 scenarios for the
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required variables. However, it is preferrable that models are favored if they also provide monthly mean data for more than
one realization of Historical and SSP2-4.5 climate. This is because anthropogenic climate change is dominated by changes in
background mean conditions, as opposed to changes to higher-frequency variability, and thus a model’s true anthropogenic
change in climate is best represented by the average of multiple realizations. Of the 28 models with adequate daily data, we
exclude four (CMCC-ESM2, GFDL-CM4, IITM-ESM, KIOST-ESM) because they provide monthly outputs for only a
single realization. One additional model is represented by a single realization with monthly outputs (INM-CM4-8, Table 1)
but this model is included because we found that this model simulates a relatively realistic mean western US climatology.
The CMCC-CM2-SRS also has only one realization available for some variables but we considered this model because it

provides three historical realizations for prec and tave, variables that are particularly impactful for western US hydroclimate.

Because ea is not a standard CMIP6 output, we calculate daily and monthly means of CMIP6 ea from q and psfc using eq. 7.
For some CMIP6 ensemble members, outputs are not available for ea or psfc but are available for relative humidity (rh, %)
and temperature. We estimate ea for these ensemble members as es * rh /100, where es is estimated from tmax and tmin (or
from tave when tmax and tmin are lacking). Additionally, some ensemble members lack outputs for psfc. In these cases we

estimate psfc from mean sea level pressure (psl; hPa), tave, and elevation (h; m above sea level) following NOAA (1976):

g*M
Lxh )R*L
tave+273.15+L*h ?

psfc = psl (1 - ®)
where L is the standard temperature lapse rate (0.0065 °C/m), g is the gravitational acceleration (9.80665 m s2), M is the
molar mass of dry air (0.0289644 kg mol!), and R is the universal gas constant (8.31432 J mol! K'1).

All monthly and daily outputs of CMIP6 climate are regridded to a common 1° geographic resolution using bilinear
interpolation. Notably, for solar and longwave, daily outputs from the Historical simulations from the ACCESS-CM2 and
ACCESS-ESM1-5 models do not begin until 1950, so these models are not used to estimate anthropogenic effects on daily
variances for these variables. Similarly, daily outputs for wind are not available for CNRM-CM6-1 and CNRM-ESM2-1
simulations under the SSP2-4.5 scenario, so those models do not contribute to our assessment of anthropogenic effects on

daily wind variability.

Table1. CMIP6 models used to quantify anthropogenic climate trends. For each model, and climate variable,
three values are provided. First value: number of Historical simulations considered. Second value: number of
SSP2-4.5 simulations considered. Third value: Number of combinations of Historical and SSP2-4.5 simulations
used to estimate trends in background monthly means (see section 2.2.2). For the five models without tmax and
tmin data, we estimated tmax and tmin from average temperature (tave; Table 2) from those models and the
mean offsets between tmax, tmin, and tave from the 19 models with data for all variables.

prec tmax tmin ea wind solar longwave psfc

10
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ACCESS-CM2 5/5/10 5/5/10 5/5/10 5/5/10 3/3/3 3/3/9 3/3/9 5/5/10
ACCESS-ESM1-5 40/40/40  40/40/40  40/40/40 40/40/40  19/19/19  18/18/18  19/19/19  40/40/40
CESM2 7/7/10 0/0/0 0/0/0 7/6/10 7/7/10 7/7/10 7/7/10 7/6/10
CESM2-WACCM 3/3/10 0/0/0 0/0/0 3/4/10 3/3/10 3/3/10 3/3/10 3/4/10
CMCC-CM2-SR5 3/3/3 0/0/0 0/0/0 3/1/3 3/3/3 3/3/3 3/3/3 3/1/3
CNRM-CMé6-1 6/6/10 6/6/10 6/6/10 6/6/10 6/6/10 6/6/10 6/6/10 6/6/10
CNRM-ESM2-1 9/9/10 9/9/10 9/9/10 9/9/10 9/9/10 9/9/10 9/9/10 9/9/10
CanESMb 50/50/50  50/50/50  50/50/50  50/50/50  50/50/50  50/50/50  50/50/50 50/50/50
EC-Earth3 21/21/21  21/21/21  22/22/22  21/21/21  15/15/15 16/16/16  16/16/16 18/18/18
EC-Earth3-Veg 8/8/10 8/8/10 8/8/10 6/6/9 8/8/9 8/8/9 8/8/9 7/6/9
FGOALS-g3 6/6/10 6/6/10 6/6/10 6/4/10 6/6/10 6/6/10 6/6/10 6/4/10
GFDL-ESM4 3/3/9 3/3/9 3/3/9 3/3/9 1/1/1 2/2/2 3/3/6 3/3/9
HadGEM3-GC31-LL 5/5/5 5/5/5 5/5/5 5/1/5 5/5/5 5/5/5 5/5/5 5/1/5
INM-CM4-8 1/1/1 1/1/1 1/1/1 1/1/1 1/1/1 1/1/1 1/1/1 1/1/1
INM-CM5-0 10/10/10  10/10/10  10/10/10 10/1/10 10/10/10  10/10/10  10/10/10 10/1/10
KACE-1-0-G 3/3/9 3/3/9 3/3/9 3/3/9 3/3/9 3/3/9 3/3/9 3/3/9
MIROC-ES2L 30/30/30  30/30/30  30/30/30  30/30/30  30/30/30  30/30/30  30/30/30 30/30/30
MIROC6 50/50/50  33/33/33  33/33/33  33/33/33 8/8/10 8/8/10 8/8/10 49/49/49
MPI-ESM1-2-HR 9/9/10 9/9/10 9/9/10 9/2/10 9/9/10 9/9/10 9/9/10 9/2/10
MPI-ESM1-2-LR 30/30/30  30/30/30  30/30/30  30/30/30  30/30/30  30/30/30  30/30/30 30/30/30
MRI-ESM2-0 7/7/10 7/7/10 7/7/10 8/2/10 71717 71717 71717 10/1/10
NorESM2-LM 3/3/9 0/0/0 0/0/0 3/3/9 3/3/9 3/3/9 3/3/9 3/3/9
NorESM2-MM 3/3/6 0/0/0 0/0/0 3/2/6 3/3/6 3/3/6 3/3/6 3/2/6
UKESM1-0-LL 13/13/13 7/7/10 7/7/10 13/13/13 7/7/10 13/13/13  13/13/13 13/13/13

2.2.2 CMIP6 model weighting

In our use of CMIP6 multi-model means to represent anthropogenic climate change, we apply the ClimWIP method to
weight each model’s contribution based on model independence and performance (Knutti et al., 2017a; Sanderson et al.,
2017; Lorenz et al., 2018; Brunner et al., 2020; Merrifield et al., 2020). The purpose of ClimWIP is to reduce risk of
incorporating information from models unlikely to reliably simulate the process of interest while also not placing
disproportionate weight on groups of closely related models (Sanderson et al., 2015; Knutti et al., 2017b). The weighting (w)

is calculated as
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w; = Pl , ©)
where P is a performance metric and / is an independence metric for each model (m:). The P metric is calculated as

D;

P, = e'(aé) , (10)

where D is a vector of each model’s normalized difference from some observational target used to assess model performance
and o;, is a difference shape parameter, which we define to be 0.42, as described below. For our observational target
variable, we use the least-squares linear change in global mean surface temperature from 1961-2025 as represented by three
observational datasets. These datasets are from the National Oceanic and Atmospheric Administration (NOAA), the National
Aeronautics and Space Administration’s Goddard Institute for Space Studies (NASA GISS), and Berkeley Earth and their
respective changes in global mean surface temperature from 1961-2025 are +1.142°C, +1.184°C, and +1.223°C. For each
model, we calculate the least-squares linear change in global mean surface air temperature (tas) from 1961-2025 for all
available ensemble members for which monthly tas is available from the Historical and SSP2-4.5 experiments (see Table 2
for number of ensemble members per model). For each model, i, and ensemble member, we calculate the absolute difference
from each of the three, k, observed trend values. For each model and observational value, the performance metric, di, is
calculated as the average absolute difference among ensemble members and then for each model, d; is calculated as the root
mean of squared dix values. Finally, D; is calculated by dividing each model’s d; value by the all-model mean d'. Table 2
lists each model’s ensemble-mean linear temperature change, the difference between this value and the mean of the three

observational values, as well as the normalized values of D.

Our choice to use the global temperature trend as the basis of our observation-constrained weighting reflects the high
likelihood that several CMIP6 models simulate an unrealistically high climate sensitivity (warming per doubling of CO.) that
is unsupported by observations, theory, and paleo-evidence (Knutti et al., 2017b; Zhu et al., 2020; Hausfather et al., 2022).
Indeed, weighting models by their performance at simulating observed temperature trends leads to lower inferred rates of
past and future anthropogenic warming (Brunner et al., 2020; Tokarska et al., 2020; Hausfather et al., 2022). There are many
ways to assess model agreement with observed trends (e.g., global mean or spatially explicit, annual or seasonal). Our choice
to weight based on agreement with the observed global trend over 1961-2025 reflects our prioritization of simplicity and
interpretability. Weighting models based on reproduction of more nuanced characteristics of the observed climate record
would risk overfitting our impression of anthropogenic trends to the observed record. Our choice of the 1961-2025 period
reflects that, according to observations and most models, the vast majority of anthropogenic warming has occurred during

this time following a multi-decade period of stable or cooling temperatures in the mid-19" century. Thus, focusing on 1961—

12
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2025 allows us to reasonably characterize warming trends as linear while still capturing most of the anthropogenic warming

to date.

The independence metric, /, is calculated as
_(m)z
I, =1/ 1+Z’i';’tje Is , (11)

where Sj is a matrix quantifying the similarity between all pairs of models, m: and m; (i#), and o is a similarity shape
parameter, which we define to be 0.20 (described below). The goal in calculating the S matrix is to identify models with
shared structural similarities such as offsets or spatial patterns in mean climate relative to other models, which would be
interpreted as indicative of shared model components or parameterizations. Following Merrifield et al. (2020) and Brunner et
al. (2020), we quantify similarity based on inter-model agreement on maps of climatological mean tas and atmospheric
pressure and sea level (psl). For each model we calculate global maps of long-term mean tas and psl for the period 1951-
2000 all ensemble members for which monthly mean data are available from the Historical scenario and then average across
ensemble members. All maps are nearest-neighbor interpolated to a common 1° geographic grid. For each variable, v (tas
and psl), a 24x24 similarity matrix, sv, is calculated as the square root of area-weighted mean squared difference between all

possible pairs of models:

Shwi(vg-vj)°
Spij = ’IZ{“—LWZJ ) (12)

where Wi is the cosine of the latitude of each of the L grid cells in maps vi and v;. Diagonals in each similarity matrix (where
i=j) are assigned zeros and we then calculate a normalized version of each similarity matrix (s;) by dividing by the mean of
all values. The final similarity matrix, S, is then calculated by averaging the two s, matrices and again normalizing by

dividing by the mean. See Table 2 for normalized values of /.

The shape parameters for performance and similarity, o, and g, respectively, act to modulate the effects of D and S. Small
op values (values much smaller than the mean of D) cause performance weightings, P, to be skewed heavily toward the
models with the smallest values of D (e.g., strongest agreement with observed temperature trend). Larger g, causes
performance weightings to be more evenly distributed among models. The effect of the similarity parameter, gg, is generally
more subtle than that of o;,. When o5 is very low, this causes the independence weighting, 7, to converge toward one among

models for which S (model uniqueness) is much larger than gg, leading to more evenly distributed values of /. On the other
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hand, if g is much higher than most or all values of S, this causes values of I to converge toward 0.5, again leading to more

evenly distributed independence weightings.

To determine appropriate values of o, and o5 we use the “perfect-model” scheme described by Knutti et al. (2017a) and
Brunner et al. (2020). Briefly, each of the 24 climate models are treated, one at a time, as if its ensemble-mean temperature
trend from 1961-2025 is the true trend, and the remaining 23 models are used to produce a multi-model weighted
distribution of trends where weightings are calculated following the methods described above. For each withheld model, this
is is done 2,500 times, each time with a unique combination of potential o, and o5 values. For both parameters, 50 potential
values are tested, evenly spaced from 0.2 to 2.0. For each of the 2,500 pairs of values, it is tested whether the model-
weighting scheme produces a reasonable distribution of temperature-trend estimates. Specifically, we first develop a
weighted cumulative distribution (CDF) function of the 23 modeled trends and test whether the “true” trend from the
withheld model falls above the 10™ percentile and below the 90™ percentile (inner 80% range) within the weighted CDF.
After doing this for all withheld models, if >80% of the 24 “true” temperature trends fall within the inner 80% range for a
given pair of g, and og values, that pair of values is determined capable of producing reasonable weighted trend
distributions. Of all reasonable pairs of o, and o5 values, we select the pair with the smallest sum, following Brunner et al.

(2020). We find these values to be are 0.42 for o, and 0.20 for o.

The final model weightings based on P and / from Table 2 are calculated following equations 10—11 and then rescaled to sum

to 1 (Table 2).

Table 2. CMIP6 model global mean temperature change (dTave) based on least-squares linear regression from
1961-2025, bias compared to observations, performance weightings based on agreement with the observed
temperature trend, independence weightings, and the final weightings (w; eq. 9) used to estimate anthropogenic
climate trends (section 2.2.2). For each model, dTave is the average of linear temperature changes calculated
from all available (N) continuous ensemble members covering the Historical and SSP2-4.5 scenarios. Bias is
dTave minus the observed global mean temperature trend of +1.183°C. The observed trend considered here is
the average of trends from three observational datasets (NOAA: +1.142°C; NASA GISS: +1.184°C; Berkeley
Earth: +1.223°C). Performance values are values of P calculated from eq. 10, representing how closely each
model's simulated temperature trend agrees with observations. Independence values are values of / calculated
from eq. 11, representing how dissimilar each model's ensemble-mean maps of climatological mean surface air
temperature and sea-level pressure are to those of all other models.
dTave (°C) Bias(°C) Performance(P) Independence(/) Weighting(w) N

ACCESS-CM2 +1.439 +0.256 0.0052 0.8913 0.0011 3
ACCESS-ESM1-5 +1.377 +0.194 0.0304 1.0000 0.0070 19
CESM2 +1.361 +0.179 0.0742 0.6229 0.0106 6
CESM2-WACCM +1.571 +0.388 6.455e-06 0.6220 9.212e-07 3
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CMCC-CM2-SR5 +1.294 +0.111 0.3463 0.9961 0.0791 1
CNRM-CMe6-1 +1.229 +0.047 0.3789 0.7655 0.0666 10
CNRM-ESM2-1 +1.086 -0.097 0.0713 0.7655 0.0125 9
CanESMb +2.123 +0.940 5.188e-31 1.0000 1.191e-31 50
EC-Earth3 +1.344 +0.161 0.0071 0.5186 0.0008 21
EC-Earth3-Veg +1.519 +0.336 8.581e-06 0.5186 1.021e-06 8
FGOALS-g3 +1.215 +0.032 0.7696 1.0000 0.1766 4
GFDL-ESM4 +1.222 +0.039 0.1055 1.0000 0.0242 3
HadGEM3-GC31-LL +1.950 +0.767 6.969e-21 0.6680 1.068e-21 1
INM-CM4-8 +1.018 -0.165 0.1076 0.9463 0.0234 1
INM-CM5-0 +0.999 -0.183 0.0652 0.9463 0.0142 1
KACE-1-0-G +1.787 +0.604 3.103e-13 0.9452 6.72%-14 3
MIROC-ES2L +1.103 -0.080 0.5422 1.0000 0.1244 30
MIROC6 +0.955 -0.228 0.0155 1.0000 0.0036 50
MPI-ESM1-2-HR +1.135 -0.048 0.5378 0.9960 0.1229 2
MPI-ESM1-2-LR +1.098 -0.084 0.4492 0.9960 0.1027 30
MRI-ESM2-0 +1.355 +0.172 0.0886 1.0000 0.0203 5
NorESM2-LM +1.124 -0.059 0.6205 0.9947 0.1416 3
NorESM2-MM +1.065 -0.118 0.3077 0.9702 0.0685 2
UKESM1-0-LL +1.751 +0.568 8.600e-12 0.7055 1.392e-12 14

2.2.3 Anthropogenic changes in background climate means

We estimate anthropogenic trends in background mean climate as CMIP6 24-model weighted mean low-pass filtered trends
relative to the baseline mean conditions of the “pre-anthropogenic” period. While the climate of the late 1800s was not
entirely free of anthropogenic influence, we treat is as such because the vast majority of anthropogenic forcing has occurred
since that time. This approach is in line with prior efforts to approximate anthropogenic climate trends as those that have
occurred since 1901 (Abatzoglou and Williams, 2016; Williams et al., 2015, 2020). To reduce the effect of internal climate
variability on modeled trends, we consider as many realizations of Historical and SSP2-4.5 simulated climate as possible for
each model. First, for each model we temporally append all pairs of Historical (1850-2014) and SSP2-4.5 (2015-2100)
realizations that have common variant IDs (e.g., rlilplfl), as these realizations represent continuous runs (ensemble
members). However, it is common for more ensemble members to be available for the Historical scenario than for the SSP2-
4.5. For any model with fewer than 10 continuous ensemble member across the two scenarios, we produce additional

sequences of climate by appending combinations of Historical and SSP2-4.5 ensemble members with non-matching variant
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IDs. This is done either until there are 10 continuous climate records covering 1850-2100 or until all possible pairs of
Historical and SSP2-4.5 variant IDs have been combined. The purpose of combining ensemble members is to better
capitalize on the available Historical realizations, as most of the 1951-2025 period of our dataset within the CMIP6
Historical period. Table 1 shows for each model and variable the number of Historical and SSP2-4.5 realizations with

monthly data that are used as the number of combinations used.

For each climate variable (prec, tmax, tmin, ea, wind, solar, longwave, psfc), each CMIP6 model, and each combination of
Historical and SSP2-4.5 realizations available for that variable-model, we convert the simulation outputs of monthly means
to anomalies relative to 1851-1900 for each of the 12 months separately. For all variables except tmax and tmin we calculate
relative anomalies by dividing by the 1851-1900 mean. We then calculate, for each of the 12 months, low-pass filtered time
series of trends in these anomalies for each 1° grid cell using a 10-point butterworth filter. For all variables except prec, we
use a 75-year filter. For prec we use a 100-year filter to reduce the effect of relatively high decadal variability in that

variable.

To limit artificial end effects, we pad the beginnings and ends of all times series prior to filtering. At the beginning, we pad
each time series with values from 1851 through 1851+N in reverse order, where N is the rounded value of the filter window
length divided by two. We do the same at the end, using the values from 2100-N through 2099, except to avoid reversing
anthropogenic trends we detrend these values and superimpose on an extrapolation of the trend established during 2100-N

through 2099.

For each model, variable, and grid-month we then calculate the mean of low-pass filtered anomaly trends across all
combinations of Historical and SSP2-4.5 realizations. Finally, the anthropogenic effect on background mean climate

anomalies is calculated as the weighted multi-model mean trend.

As an example, Fig. 2a—e shows the low-pass filtered trends in western US annual and seasonally averaged tmax anomalies
from 1851-2025 relative to the 1851-1900 mean for each of the 24 models as well as the 24-model mean, indicating all-
model agreement on a warming of background mean tmax by 2025, with most models agreeing on an increase of 1-2 °C.
Maps in Fig. 2f—j show the spatial distribution of the anthropogenic warming signal on tmax as of 2025, indicating generally
more warming in the continental interior than near the Pacific coast. Fig. A1 shows a version of the same figure for tmin,

indicating somewhat stronger anthropogenic warming than for tmax.
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Figure 2: Anthropogenic trends in background means and daily distributions of daily maximum temperature
(tmax). Time series panels on left (a—e) show trends in mean annual (Jan-Dec) and seasonal (DJF: Dec—Feb,
MAM: Mar—May, JJA: Jun—Aug, SON: Sep—Nov) tmax according to (grey thin lines) each of 24 CMIP6 models
and (black bold line) the multi-model mean from 1851-2025. Trends expressed as deviations from the 1851—
1900 mean. Maps in (f—j) show multi-model mean trend magnitudes as of 2025. Plots in (k—0) show the multi-
model mean change in the cumulative distribution function (CDF) of daily anomalies (departures from the
background mean trends) between 2011-2025 and 1851-1910. For a given quantile value (y-axis), the x-axis
value is the anomaly expected during 2011-2025 minus that expected in 1851-1910. Pairs of maps on the right
(p—t) show multi-model mean (left) 5" and (right) 95" percentiles of daily anomalies during 2011-2025 minus
those of 1851-1910. Daily anomalies are calculated relative to trends in background means. In maps, stippling
indicates that fewer than two-thirds of models agree on the sign. Multi-model means are calculated using the
weighted means shown in Table 2, as described in section 2.2.1.
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Figure 3a—j is structured the same as Fig. 2a—j but for relative changes in background mean prec, showing considerable
model disagreement in prec trends with the exception of increases of 5-10% in winter (Dec—Feb) across the central and high
latitudes of the western US. Outside of winter (Fig. 3b,g), the anthropogenic forcing on background mean prec is estimated
to be relatively flat, though in spring this is because increases of 5-10% in the northern latitudes are compensated by
decreases in the southern latitudes (Fig. 3c,h). Figure 4a—j shows relative changes in the background means of annually
averaged ea, wind, solar, longwave, and psfc (see panels a—h of Figs. A2—A6 for breakdowns of background mean changes
in these variables by season). As of 2025, the CMIP6 weighted-mean trends indicate increases in annually averaged western
US ea of approximately 10%, little change in wind, decreased solar of 1-2%, increased longwave of approximately 4%, and

a clear but negligible increase of psfc of approximately 0.075%.
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Figure 3: Anthropogenic trends in background means and daily distributions of precipitation total (prec). Time
series panels on left (a—e) show trends in mean annual (Jan-Dec) and seasonal (DJF: Dec—-Feb, MAM: Mar—
May, JJA: Jun—-Aug, SON: Sep—Nov) prec according to (grey thin lines) each of 24 CMIP6 models and (black
bold line) the multi-model mean from 1851-2025. Trends expressed as percent deviations relative to the 1851—
1900 mean. Maps in (f—j) show multi-model mean trend magnitudes as of 2025. Plots in (k—0) show the multi-
model mean change in the cumulative distribution function (CDF) of daily non-zero prec anomalies (departures
from the background mean trends) between 2011-2025 and 1851-1910. For a given quantile value (y-axis), the
x-axis value is the non-zero prec anomaly expected during 2011-2025 relative to that of 1851-1910. Pairs of
maps on the right (p—t) show multi-model mean (left) percent change in the frequency of non-zero prec days (P
freq) and (right) 95" percentile anomalies of daily non-zero prec during 2011-2025 relative to those of 1851—
1910. Daily anomalies are calculated relative to trends in background mean trends. In maps, stippling indicates

1900 1950 2000
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that fewer than two-thirds of models agree on the sign of the value. Multi-model means are calculated using the
weighted means shown in Table 2, as described in section 2.2.1.
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Figure 4: Anthropogenic trends in background means and daily distributions of vapor pressure (ea), wind velocity
(wind), downward solar and longwave radiation at the surface (solar and longwave, respectively), and surface
pressure (psfc). Time series panels on left (a—e) show trends in mean annual anomalies for each variable
according to (grey thin lines) each of 24 CMIP6 models and (black bold line) the multi-model mean from 1851—
2025. Trends expressed as percent deviations relative to the 1851-1900 mean. Maps in (f—j) show the multi-
model mean trend magnitude as of 2025. Plots in (k—0) show the multi-model mean change in the cumulative
distribution function (CDF) of daily anomalies (departures from the background mean trends) between 2011-—
2025 and 1851-1910. For a given quantile value (y-axis), the x-axis value is the daily anomaly value expected
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during 2011-2025 relative to that expected in 1851-1910. Pairs of maps on the right (p—t) show multi-model
mean (left) 5" and (right) 95" percentile anomalies of daily climate during 2011-2025 minus those of 1851-1910.
In all analyses of daily anomalies, anomalies are calculated relative to trends in background mean trends. In
maps, stippling indicates that fewer than two-thirds of models agree on the sign. Multi-model means are
calculated using the weighted means shown in Table 2, as described in section 2.2.1.

2.2.4 Calculating anthropogenic changes in daily variances

We define the anthropogenic effect on daily variances as 24-model mean changes in the distributions of daily departures
from the trends in background mean states quantified above. Because this step requires more data intensive work with daily
CMIP6 data, we use only one continuous Historical-SSP2-4.5 realization per model rather than as many as possible. For
each model, we obtain the first realization (e.g., rlilp1fl) for which daily outputs are available for all necessary climate
variables (acknowledging that solar, longwave, and wind outputs were available for 22 of the 24 models we consider, as

described in section 2.2.1).

For each model and variable, we convert daily values to departures from the background mean state by dividing by (or
subtracting away for temperature variables) the values in that model’s all-realization mean low-pass filtered monthly time
series. We then quantify changes in the variations between the recent observational period and the second half of the 1800s
by quantifying changes in the cumulative distribution functions (CDFs) of daily anomalies. Because anthropogenic forcing
should cause daily climate variability to change over time, and because a large number of samples are needed to accurately
characterize a distribution, we characterize distributions throughout the 1951-2025 observed period using 15-year CDFs
staggered by five years. Specifically, for each of the 12 months and for each model, variable, and 1° grid cell, we use a
kernel smoothing function (ksdensity in Matlab R2025b) to calculate the CDF of all daily departures from that model’s low-
pass filtered mean climate for each of the 11 following 15-year periods: 1951-1965, 19561970, 1961-1975, 1966—1980,
1971-1985, 1976-1990, 1981-1995, 1986-2000, 1991-2005, 2006-2020, and 2011-2025. For each CDF calculated, we

estimate the 101 data values that correspond to the 101 evenly spaced quantiles from zero to one.

We then assess each model’s anthropogenically forced change in daily distributions as the difference in the CDF for a given
15-year observational period of interest (e.g., 1956—-1970) and the mean CDF from four distinct 15-year periods that begin in
the 19"-century portion of the CMIP6 Historical scenario (1851-1865, 1866-1880, 1881-1895, 1896-1910). We
characterize the pre-anthropogenic distribution as the mean of multiple 15-year CDFs rather than as a single CDF in order to
maintain consistency with the 15-year period used for the observed-period CDFs. Finally, for each of the 11 observational
15-year periods, we calculate the anthropogenic effect on daily variability as the CMIP6 weighted 24-model mean difference
between the observed-period CDF and the pre-anthropogenic CDF. For all non-temperature variables, the change in CDFs is

assessed as, for each of the 101 evenly spaced quantiles, the corresponding daily anomaly value in the observed period’s
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CDF divided by that of the pre-anthropogenic CDF. For temperature, the change is quantified by subtracting the pre-

anthropogenic CDF values from the observed-period CDF values.

Figure 2k—o shows how the western US CMIP6 weighted-mean CDF of daily tmax anomalies relative to the background
mean trend during 2011-2025 compares to that of the pre-anthropogenic period on annual and seasonal scales. The
corresponding maps in Fig. 2p—t show how changes the 5" and 95" percentile tmax anomalies are distributed spatially.
Overall there is much model disagreement regarding changes in the distribution of daily tmax anomalies with the exception
of warming of the coolest tmax anomalies in winter of over 0.5°C across the northern portion of the Great Basin (Fig. 21,q).
Simulated changes in distributions of daily tmin anomalies are similar to those of tmax with the exception of a stronger
tendency toward reduced winter extremes (warmer lows and cooler highs) east of the Cascades Range in the northwestern

US as well the Great Basin (Fig. Alk—p).

Figure 3k—o shows CMIP6 weighted-mean changes in the CDFs of daily non-zero (=0.1 mm) prec anomalies, again
comparing distributions during 2011-2025 to those of the pre-anthropogenic period. In all seasons, models simulate reduced
prec anomalies among the driest 10-20% of days with non-zero prec totals. The pairs of maps in Fig. 3p—t show changes in
the frequency of days with non-zero prec as well as changes in the 95" percentile of non-zero prec anomalies relative to the
background mean. The weighted-model mean indicates reductions in prec frequency, particularly in spring—fall, of 5-10%
and increases in the most extreme precipitation anomalies (e.g., 95" percentile). Note that because daily prec anomalies are
assessed relative to (percent of) the background mean, an increase in the background mean of X% automatically implies the
expectation of a corresponding X% increase in non-zero daily prec totals. Thus, any changes in daily non-zero prec
anomalies shown in Fig. 3k—t represent changes after accounting for the trends in background mean totals shown in Fig. a—j.
This explains why models disagree regarding change in 95" percentile non-zero prec anomalies in winter (Fig. 3q) despite
strong agreement on increases in background mean winter prec totals (Fig. 3b,g). Likewise, while CMIP6 models generally
simulate historical increases in winter—spring 95" percentile prec totals in winter—spring in the northern latitudes of the
western US (Williams et al., 2024a), Fig. 3 indicates this is largely accounted for by the simulated increase in background
mean prec and the only places where 95" percentile anomalies relative to background means increase in the cool season are
where the background mean trend is negative (Fig. 31,m,q,r). On the other hand, CMIP6 models simulate enhanced daily
summertime prec anomalies to become 10-20% more intense relative to the background mean across California and the

Great Basin region (Fig. 3n) despite moderate increases of approximately 5% in background mean totals (Fig. 31).

Figure 4k—t shows the CMIP6 weighted-mean changes daily anomaly distributions at the annual scale for ea, wind, solar,
longwave, and psfc. See Figs. A2—A6 for changes in distribution by season for these variables. For ea, models suggest
contracted daily distributions of anomalies, with stronger agreement on weakened positive anomalies than negative

anomalies (Fig. 4k,p). Models also suggest contracted distributions of wind anomalies across much of the western US (Fig.
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41,q). There is relatively strong inter-model agreement on widening of the distribution of daily solar anomalies (Fig. 4m,r),
driven mostly by decreases in the most negative winter and spring anomalies of 5-10% relative to the background mean,
which is also reduced by approximately 1-3% in these seasons relative to the pre-anthropogenic mean (Fig. A4). Models
show strong agreement on a contracted distribution of longwave radiation across the western US that is year-round, yet
relatively small, with the most negative and positive daily departures from the background mean contracting toward the
mean by approximately 1-1.5% (Fig. 41,p). Contractions of longwave daily anomalies are largest, closer to 2%, in winter
(Fig. A5). Models also generally suggest contracted distributions of daily psfc anomalies, but similar to the simulated

increases in background mean psfc, the contraction of daily anomalies is very small Fig. 40,t (Fig. A6).

2.2.5 Removing anthropogenic effects from observed daily climate
To remove the estimated anthropogenic changes in background means and daily variances described in sections 2.2.2 and
2.2.3 from the observed daily dataset described in section 2.1, we remove the anthropogenic trends in background means and

then adjust daily variances.

The first step bilinearly interpolates monthly 1° grids of CMIP6 24-model weighted mean anthropogenic trends for the
period of 1951-2025 to the 1/24° resolution of the observational dataset. For non-temperature variables, the anthropogenic
trend is represented as fractional change relative to the climatological mean of 1851-1900 for each of the 12 months. We
thus remove these trends by, for each month from 1951-2025, dividing each day’s observational climate map by the
corresponding 1/24° map of interpolated fractional change values. The same is done for tmax and tmin except that

anthropogenic trends, which are assessed as °C change from the 1851-1900 mean, are subtracted from observations.

Next, for each of the 12 months and each variable, we use the detrended observations described in the paragraph above
produce an observed CDF of daily anomalies for each 1/24° grid cell for each of the 15-year periods from 1951-2025. For
each 15-year period, the anomalies are calculated relative to the mean of that period and are thus meant to represent daily
departures from the expected pre-anthropogenic 1851-1900 baseline. The departures are calculated as fraction of the mean
for non-temperature variables. We then calculate, for each of the 12 months, each variable, and each 1/24° grid cell, a CDF
of these departure values for each 15-year period following the same method applied to the CMIP6 data such that there is an

estimated climate value associated with each of the 101 evenly spaced quantiles from zero to one.

The next objective is to adjust the distributions of the observed departures from the pre-anthropogenic baseline climatology.
This is done by, for each of the 12 months, each variable, each 15-year period from 1951-2025, and each 1/24° grid cell,
estimating the pre-anthropogenic CDF and then using quantile mapping to adjust the daily values for that period’s central

five years accordingly. Recall from section 2.2.3 that the anthropogenic effect on daily variances in a given 15-year period
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from the observational era was calculated, for non-temperature variables, as the observational-era CDF divided by the pre-
anthropogenic CDF, and for temperature, the observational-era CDF minus the pre-anthropogenic CDF. Thus, for each 15-
year period during 1951-2025 and each of the 101 evenly spaced quantiles from zero to one, we have a 1°-resolution map of
how anthropogenic forcing altered that quantile’s associated daily departure values. We bilinearly interpolated these maps to
1/24° resolution, resulting in, for each of the 12 months, each variable, each 15-year period in the observational era, and each
1/24° grid cell, a set of 101 CDF adjustment values that can be used to transform the observed daily climate anomalies to

take on a distribution consistent with that expected from the pre-anthropogenic era.

For each of the 12 months and each non-temperature variable, we estimate pre-anthropogenic CDFs by dividing each
observed CDF (for each 15-year observed-era period and each 1/24° grid cell) by its corresponding set of adjustment values.
For temperature, we subtract the adjustment values from the observed CDFs. Then, we use quantile mapping to transform
the observed daily departures from the pre-anthropogenic background mean to take on the pre-anthropogenic distribution. To
do this, for each variable, each of the 12 months, each observed-era 15-year period, and each 1/24° grid cell, we convert the
observed daily departures from the pre-anthropogenic background means to quantiles. For the central 5 years of each 15-year
period (but the first 10 years of the first 15-year period and last 10 years of the last 15-year period), we then use linear
interpolation to associate each quantile value with the expected daily departure value expected of the pre-anthropogenic
distribution. We then impose these adjusted daily departure values back onto the pre-anthropogenic background mean by, for
non-temperature variables, multiplying the adjusted departure values by the 15-year period’s pre-anthropogenic mean. For
temperature variables, the adjusted departure values are added to the 15-year pre-anthropogenic mean. In so doing, we
produce full time series of daily data at 1/24° resolution that follow the same sequence of daily to decadal climate variability
as was observed from 1951-2025, but without CMIP6 24-model weighted mean trends in background means or daily

variability.

3 Data Overview

The datasets provided are monthly netcdf files of observed and CMIP6-detrended daily 1/24° resolution gridded maps of
prec, tmax, tmin, ea, wind, solar, longwave, and psfc across the western US (11 westernmost states of the coterminous US)
from January 1 1951 through December 31 2025. Figures 5-6 and Figs. A6—A9 provide time series and distribution plots
that visualize western US regionally averaged trends and ranges of daily variability within the observed and CMIP6-
detrended datasets. Specifically, Fig. 5 shows observed and CMIP6-detrended time series of annual and seasonally averaged
tmax and tmin from 1951-2025 as well as annual and seasonal distributions of daily tmax and tmin values for the 2011-2025
period. Figure 6 shows observed and CMIP6-detrended time series and distributions of prec at the annual and seasonal
scales. The left column shows western US regionally averaged prec anomalies, the center column shows distributions of

daily non-zero prec anomalies, and the right column shows time series of anomalies in the frequency of days with non-zero
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prec. Fig. A7 shows annual and seasonal time series and daily distributions of western US ea and wind, Fig. A8 shows the

same for solar and longwave, and Fig. A9 shows the same for psfc.
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Figure 5: Observed and CMIP6-detrended daily maximum and minimum temperature (tmax and tmin,
respectively) averaged across the western US. (a and c¢) Time series of mean annual tmax and tmin anomalies,
respectively, according to observations (orange) and the CMIP6-detrended dataset (blue). (b and d) Kernal
density plots of daily tmax and tmin, respectively, during 2016—-2025. The following rows are as in (a—d) but for
seasons (DJF: Dec—Feb, MAM: Mar-May, JJA: Jun—-Aug, SON: Sep—Nov).
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Figure 6: Observed and CMIP6-detrended precipitation (prec) anomalies averaged across the western US. (a)
Time series of regionally averaged percent anomalies annual precipitation total relative to the 1951-2000
observed mean, according to observations (orange) and the CMIP6-detrended dataset (blue). (b) Daily
distributions of non-zero precipitation anomalies during 2016-2025 relative to the 1951-2000 observed mean. (c)
Time series of regionally averaged percent anomalies of annual non-zero precipitation frequency (pfreq). The
following rows are as in (a—c) but for seasons (DJF: Dec—-Feb, MAM: Mar—May, JJA: Jun—Aug, SON: Sep—Nov).

The variables represented in the ParallelClim-WestUS-Daily dataset can be used to derive many additional variables. For

example, two derived variables often used to assess atmospheric aridity are vapor-pressure deficit (vpd; es - ea) and relative
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humidity (rh; ea/es*100). See Fig. A10 for time series and daily distributions of western US regionally averaged vpd and rh.

To derive these variables we calculate es as the mean of esmax and esmin, calculated from eq. 2 and eq. 3.

A limitation of ParallelClim-WestUS-Daily is that the true anthropogenic contribution to observed climate is unknown and
therefore not perfectly represented by the CMIP6 24-model weighted mean that we treated as our best approximation of
anthropogenic climate change. In particular, there is a high degree of inter-model spread in terms of historical trends in
background mean prec (Fig. 3). In winter, when all models evaluated simulate positive trends and the 24-model mean change
in background mean prec as of 2025 (relative to 1851-1900) is +8%, the inter-model range is +4 to +14%. Given that the
surface water balance and related variables such as streamflow and plant moisture content would be sensitive to even small
changes in background mean prec, assessments of anthropogenic forcing on these variables are highly sensitive to

uncertainties (Williams et al., 2020).

Another limitation is our use of a single ensemble member per model to estimate anthropogenic effects on daily variances.
Ideally we would use as many ensemble members as possible, as we do for background mean trends, but this would increase
computational expense considerably. However, anthropogenic changes in daily variances are generally much smaller than
changes in background means, and thus background means are likely to account for most of the uncertainty in our

assessment of anthropogenic climate change.

Related to this, we assume in our counterfactual-climate approach that a world free of anthropogenic forcing would have
experienced the same sequence of climatic variations as was observed in the anthropogenically forced (e.g., strong El Nifio
in 1997-1998). In reality, with or without anthropogenic forcing, natural variability alone would dictate that any alternative
realization of the past would follow a random sequence of climate variations largely distinct from those that arose in the
observed world. Further, in a counterfactual realization in the absence of anthropogenic forcing, the effects of natural,
externally forced variations such as volcanic events and solar cycles may have differed. Thus, the assumption of an observed
sequence of variations in the counterfactual world free of anthropogenic forcing is not valid. Nonetheless, this assumption
has proven useful for estimates of how anthropogenic forcing may have contributed to an observed climate event or trend of
interest (Williams et al., 2015; Abatzoglou and Williams, 2016; Deser et al., 2016; Sippel et al., 2020; Williams et al., 2020,
2024b).

Importantly, any use of climate models to estimate the effects of anthropogenic forcing on climate is subject to underlying
errors in the climate models themselves. Of particular relevance to western US hydroclimate is uncertainty in anthropogenic
effects on ocean circulation and ocean-atmosphere coupling in the tropical Pacific. In particular, the El Nifio-Southern
Oscillation (ENSO), as well as the Pacific Decadal Oscillation (PDO) of the North Pacific, which is coupled to the ENSO

(Newman et al., 2016), are important drivers of natural variability in western US hydroclimate, largely by modulating the
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latitude of the cool-season jet stream and storm tracks (Ropelewski and Halpert, 1986; Dettinger et al., 1998; Gershunov and
Barnett, 1998; Cayan et al., 1999; McCabe and Dettinger, 1999). Over the past approximately four decades, Pacific sea-
surface temperatures (SSTs) trended toward the La Nifia phase of ENSO and the cool phase of the PDO, both of which are
associated with negative precipitation anomalies in the western US (Lehner et al., 2018; Seager et al., 2023; Jiang et al.,
2024). While multidecade variations in the ENSO and PDO are expected to be dominated by natural variability, there is
much debate about the role for anthropogenic forcing, largely because the recent observed La Nifia-like trend is in contrast to
the more El Nifio-like trends simulated by most climate models (Seager et al., 2019; Cai et al., 2021; Seager et al., 2022;
Byme et al., 2025). While the discrepancy between observed and modeled tropical Pacific trends may be due simply to an
improbable natural variation in the observed climate, apparent model biases in ocean-atmosphere coupling over the tropical
Pacific may indicate a systematic bias among models (Jiang et al., 2025). In this case, the true effect of anthropogenic

forcing on western US hydroclimate may be not well represented by CMIP6 multi-model mean trends.

Related to the above, our decision to weight the influences of climate models based on their agreement with observed global
temperature trends is symptomatic of a suspicion that some CMIP6 models may exhibit sensitivities to anthropogenic
forcings that are too strong. Of the 24 models we considered, 15 simulate more rapid global warming than was observed
from 1961-2025 and half of these simulate a warming that exceeds observations by more than 25% (0.21 °C) (Table 2).
While the slower rate of observed warming relative to that simulated by most models may be due to natural variability,
perhaps related to the tropical Pacific trends described above, it may also arise from model biases toward too much
sensitivity to greenhouse gas forcing. For example, several models participating in the CMIP6 exhibit a stronger equilibrium
climate sensitivity (global surface warming in response to a doubling of atmospheric CO2 concentration) than did their
CMIP5 counterparts (Forster et al., 2020). Further, more CMIP6 models exhibit sensitivities beyond the 4.0°C upper limit of
the “likely” range according to the most recent report by the Intergovernmental Panel on Climate Change (Forster et al.,
2020, 2021) and are also beyond the ranges estimated in many previous assessments constrained by observations, theory, and
paleo-evidence (Knutti et al., 2017b; Zhu et al., 2020). The increase in climate sensitivity among CMIP6 models is due
mostly to stronger positive feedbacks with losses of extratropical low clouds and albedo (Zelinka et al., 2020). While much
work remains to assess the legitimacy of the modeled low-cloud feedbacks specifically, the shift toward heightened global
temperature sensitivity among CMIP6 models is not well supported by observations (Brunner et al., 2020; Liang et al., 2020;
Nijsse et al., 2020; Tokarska et al., 2020; Ribes et al., 2021). It is therefore recommended by the authors of the studies cited
above and others (Hausfather et al., 2022) to diverge from the historical norm of giving all available models equal weight in
assessments of climate sensitivity to a given forcing. Our choice to weight models by their similarity to the recent observed
rate of global warming reflects our prioritization of simplicity and interpretability. More complex methods do exist, such as
emergent constraints (Hall and Qu, 2006; Cox et al., 2018) as well as schemes to select or weight models based on skill at

simulating multiple climate variables and/or quantities (e.g., means vs trends) for a specific region of interest (Krantz et al.,
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2022; Pierce et al., 2022). However, applying a more complex model-weighting scheme here would involve subjective

decisions regarding which variables and quantities to consider and how they should be prioritized.

4 Data availability

4.1 Datasets used to produce the ParallelClim-WestUS-Daily dataset

nClimGrid-daily 1/24° daily prec, tmax, and tmin (Durre et al., 2022): https://www.ncei.noaa.gov/products/land-based-

station/nclimgrid-daily (accessed Apr 12, 2026)

PRISM 1/24° daily and 1/120° monthly ea and solar (Daly et al., 2021): https://prism.oregonstate.edu/ (accessed Apr 8,
2026)

WTK-LED 4-km dynamically downscaled ERAS5 hourly 10-m wind (Draxl et al., 2024): https://doi.org/10.25984/2504176
(accessed Apr 10, 2026)

WUS-D3 9-km dynamically downscaled ERAS daily ea, 10-m wind, solar, and longwave (Rahimi et al., 2024): https://wrf-

cmip6-noversioning.s3.amazonaws.com/index.html#downscaled products/reanalysis/era5/postprocess/d02/ (accessed Nov

23,2025)

GridMET 1/24° daily ea, wind, and solar (Abatzoglou, 2013): https://www.climatologylab.org/gridmet.html (accessed Apr
13, 2026)

NLDAS2 1/8° hourly longwave (Xia et al., 2012):
https://hydrol.gesdisc.cosdis.nasa.gov/data/NLDAS/NLDAS FORAO0125 H.2.0/ (accessed Feb 26, 2026)

Observed global surface air data come from the National Oceanic and Atmospheric Administration (Huang et al., 2026)

(https://www.ncei.noaa.gov/access/monitoring/climate-at-a-glance/global/time-series, accessed April 7, 2026), the National

Aeronautics and Space Administration’s Goddard Institute for Space Studies (GISTEMP Team, 2024)
(https://data.giss.nasa.gov/gistemp/data_v4.html, accessed April 7, 2026), and Berkeley Earth (Rohde and Hausfather, 2020)
(https://berkeleyearth.org/data/, accessed April 7, 2026).

CMIP6 climate model simulation outputs were accessed from the Earth

System Grid Federation and Oak Ridge National Laboratory (https://esgf-node.ornl.gov/search, accessed Apr 15, 2026)

29



760

765

770

775

780

785

790

Earth System
Science

Data

https://doi.org/10.5194/essd-2026-391
Preprint. Discussion started: 17 July 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access
suoIssnasIqg

4.2 ParallelClim-WestUS-Daily
The daily 1/24° observational dataset is available from https://doi.org/10.5281/zenodo.19636838 (Williams, 2026c¢).

The daily 1/24° counterfactual dataset after removing CMIP6 trends from observations is available for peer review from

https://tinyurl.com/yaab4rhj (Williams, 2026b). This dataset will be made publicly available upon acceptance and

publication of this manuscript.

5 Code availability
The code to produce the counterfactual dataset as well as the intermediary datasets produced to make the calculations are

available for peer review from https://tinyurl.com/yc6bzwnf (Williams, 2026a). These files will be made publicly available

upon acceptance and publication of this manuscript.

6 Summary

ParallelClim-WestUS-Daily is a new pair of parallel datasets of daily, high resolution (~4 km) gridded surface climate data
for the western US, representing observed climate from 1951-2025 as well as a counterfactual realization without
anthropogenic changes in background mean climate or daily variances. Climate variables are precipitation total, maximum
and minimum temperature, mean vapor pressure, mean wind speed, mean downward solar and longwave radiation at the
surface, and mean surface pressure. Unlike other counterfactual datasets available, ParallelClim-WestUS-Daily uses
observational rather than reanalysis sources for precipitation, temperature, and humidity, and other variables are produced by
a state-of-the-art dynamically downscaled reanalysis product. This is particularly important for precipitation, as reanalyses
commonly misrepresent precipitation extremes and trends (Sun et al., 2018; Hu and Franzke, 2020; Smith et al., 2025). Thus,
in addition to the uniquely broad applicability of the counterfactual dataset for evaluation of climate-change impacts in the
western US, the observational dataset will, on its own, provide unique value for evaluations of observed hydroclimatic
variability, trends, and impacts, and the 1951-2025 temporal extent will allow for longer temporal context than other

observation-based datasets that begin in 1979.

We developed the counterfactual dataset using the "remove-the-modeled-trend" (RTMT) approach, in which anthropogenic
trends as simulated by 24 CMIP6 climate models are removed from observations. While it has been standard practice in
RTMT approaches to remove anthropogenic trends only from background mean climate, we introduce the advance of also
removing trends in daily departures from those background mean conditions. This is important because climate change not
only drives changes in background means, but also variability, particularly for precipitation. That said, all counterfactual

realizations of observed climate are produced with the simplifying assumption that anthropogenic forcing does not affect
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atmospheric dynamics. For example, while anthropogenic forcing could conceivably cause a given atmospheric circulation
feature to be impossible on a given day, the RTMT method (as well as dynamical downscaling and the regress-out-global-
warming method used for the ATTRICI dataset) cannot cancel a circulation event if it occurred in the observed record. These
methods can only modify the nature of the event by adjusting precipitation totals, temperature, wind speed, etc. While our
removal of anthropogenic effects on daily variability marks an advance, the approach to do so is relatively simple and
agnostic to how forced changes to daily variability may vary depending on atmospheric and/or oceanic states. Finally, any
model-based calculation of counterfactual climate is subject to uncertainties and biases in climate-model representations of
anthropogenic climate change. We plan to update the ParallelClim-WestUS-Daily when CMIP7 simulations outputs are

available from the next generation of climate models (Dunne et al., 2025).

Finally, a primary motivation behind ParallelClim-WestUS-Daily is to facilitate offline simulations of complex processes
downstream of hydroclimatic variability and unprecedented ability to assess effects of climate change on these processes.
Examples of such processes include surface hydrology, vegetation ecosystem dynamics, and wildfire. The ability to monitor
climate-change contributions to the complex hydroclimatic impacts that are not reliably simulated by global climate models
will enable a crucial new source guidance as to the rate at which these processes are likely to continue changing in the

coming decades.
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Appendix A
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Figure A1: Anthropogenic trends in background means and daily distributions of daily minimum temperature
(tmin). Time series panels on left (a—e) show trends in mean annual (Jan—-Dec) and seasonal (DJF: Dec—Feb,
MAM: Mar—May, JJA: Jun—-Aug, SON: Sep—Nov) tmin according to (grey thin lines) each of 24 CMIP6 models
and (black bold line) the multi-model mean from 1851-2025. Trends expressed as deviations from the 1851—
1900 mean. Maps in (f—j) show multi-model mean trend magnitudes as of 2025. Plots in (k—0) show the multi-
model mean change in the cumulative distribution function (CDF) of daily anomalies (departures from the
background mean trends) between 2011-2025 and 1851-1910. For a given quantile value (y-axis), the x-axis
value is the anomaly expected during 2011-2025 minus that expected in 1851-1910. Pairs of maps on the right
(p—t) show multi-model mean (left) 5" and (right) 95" percentiles of daily anomalies during 2011-2025 minus
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those of 1851-1910. Daily anomalies are calculated relative to trends in background means. In maps, stippling
indicates that fewer than two-thirds of models agree on the sign. Multi-model means are calculated using the
weighted means shown in Table 2, as described in section 2.2.1.
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Figure A2: Anthropogenic trends in background means and daily distributions of daily mean vapor pressure (ea).
Time series panels on left (a—d) show trends in mean seasonal (DJF: Dec—Feb, MAM: Mar-May, JJA: Jun—-Aug,
SON: Sep—Nov) ea according to (grey thin lines) each of 24 CMIP6 models and (black bold line) the multi-model
mean from 1851-2025. Trends expressed as percent deviations from the 1851-1900 mean. Maps in (e-h) show
multi-model mean trend magnitudes as of 2025. Plots in (i-lI) show the multi-model mean change in the
cumulative distribution function (CDF) of daily anomalies (departures from the background mean trends) between
2011-2025 and 1851-1910. For a given quantile value (y-axis), the x-axis value is the anomaly value expected
during 2011-2025 relative to (%) that expected in 1851-1910. Pairs of maps on the right (m—p) show multi-model
mean (left) 5" and (right) 95" percentiles of daily anomalies during 2011-2025 relative to those of 1851-1910.
Daily anomalies are calculated relative to trends in background means. In maps, stippling indicates that fewer
than two-thirds of models agree on the sign. Multi-model means are calculated using the weighted means shown
in Table 2, as described in section 2.2.1.
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A as ACDF of daily Daily anomal .
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Figure A3: Anthropogenic trends in background means and daily distributions of daily mean 2-m wind velocity
(wind). Time series panels on left (a—d) show trends in mean seasonal (DJF: Dec-Feb, MAM: Mar—May, JJA:
Jun—Aug, SON: Sep—Nov) wind according to (grey thin lines) each of 24 CMIP6 models and (black bold line) the
multi-model mean from 1851-2025. Trends expressed as percent deviations from the 1851-1900 mean. Maps in
(e—h) show multi-model mean trend magnitudes as of 2025. Plots in (i-l) show the multi-model mean change in
the cumulative distribution function (CDF) of daily anomalies (departures from the background mean trends)
between 2011-2025 and 1851-1910. For a given quantile value (y-axis), the x-axis value is the anomaly value
expected during 2011-2025 relative to (%) that expected in the 1851-1910. Pairs of maps on the right (m-p)
show multi-model mean (left) 5" and (right) 95" percentiles of daily anomalies during 2011-2025 relative to those
of 1851-1910. Daily anomalies are calculated relative to trends in background means. In maps, stippling
indicates that fewer than two-thirds of models agree on the sign. Multi-model means are calculated using the
weighted means shown in Table 2, as described in section 2.2.1.
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Figure A4: Anthropogenic trends in background means and daily distributions of daily mean downwelling solar
radiation at the surface (solar). Time series panels on left (a—d) show trends in mean seasonal (DJF: Dec—Feb,
MAM: Mar—May, JJA: Jun—Aug, SON: Sep—Nov) solar according to (grey thin lines) each of 24 CMIP6 models
and (black bold line) the multi-model mean from 1851-2025. Trends expressed as percent deviations from the
1851-1900 mean. Maps in (e-h) show multi-model mean trend magnitudes as of 2025. Plots in (i-l) show the
multi-model mean change in the cumulative distribution function (CDF) of daily anomalies (departures from the
background mean trends) between 2011-2025 and 1851-1910. For a given quantile value (y-axis), the x-axis
value is the anomaly value expected during 2011-2025 relative to (%) that expected in 1851-1910. Pairs of
maps on the right (m—p) show multi-model mean (left) 5" and (right) 95" percentiles of daily anomalies during
2011-2025 relative to those of 1851-1910. Daily anomalies are calculated relative to trends in background
means. In maps, stippling indicates that fewer than two-thirds of models agree on the sign. Multi-model means
are calculated using the weighted means shown in Table 2, as described in section 2.2.1.
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A as ACDF of daily Daily anomal .
(a) CMIP6 longwave trend (%) () of 2025 (i) anomalies (m) A 5th %ile A 95th %ile

6
4
2

DJF

\

1850 1900 1950 2000

(b)

MAM

\

0.5

6
4
2

v—

1850 1900 1950 2000

(c)

(k)

6
4 0.5
2

JJA

\

H'

‘o

1850 1900 1950 2000
0 25 5 % 0
%
(d) (p)
6 -
2 4 %
= i

1850 1900 1950 2000

1 2

25 % 2 -1 0
% %
Figure A5: Anthropogenic trends in background means and daily distributions of daily mean downwelling
longwave radiation at the surface (longwave). Time series panels on left (a—d) show trends in mean seasonal
(DJF: Dec—Feb, MAM: Mar-May, JJA: Jun—Aug, SON: Sep—Nov) longwave according to (grey thin lines) each of
24 CMIP6 models and (black bold line) the multi-model mean from 1851-2025. Trends expressed as percent
deviations from the 1851-1900 mean. Maps in (e—h) show multi-model mean trend magnitudes as of 2025. Plots
in (i-1) show the multi-model mean change in the cumulative distribution function (CDF) of daily anomalies
(departures from the background mean trends) between 2011-2025 and 1851-1910. For a given quantile value
(y-axis), the x-axis value is the anomaly value expected during 2011-2025 relative to (%) that expected in the
1851-1910. Pairs of maps on the right (m—p) show multi-model mean (left) 51" and (right) 95" percentiles of daily
anomalies during 2011-2025 relative to those of 1851-1910. Daily anomalies are calculated relative to trends in
background means. In maps, stippling indicates that fewer than two-thirds of models agree on the sign. Multi-
model means are calculated using the weighted means shown in Table 2, as described in section 2.2.1.
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Figure A6: Anthropogenic trends in background means and daily distributions of daily mean surface pressure
(psfc). Time series panels on left (a—d) show trends in mean seasonal (DJF: Dec-Feb, MAM: Mar-May, JJA:
Jun—Aug, SON: Sep—Nov) psfc according to (grey thin lines) each of 24 CMIP6 models and (black bold line) the
multi-model mean from 1851-2025. Trends expressed as percent deviations from the 1851-1900 mean. Maps in
(e—h) show multi-model mean trend magnitudes as of 2025. Plots in (i-l) show the multi-model mean change in
the cumulative distribution function (CDF) of daily anomalies (departures from the background mean trends)
between 2011-2025 and 1851-1910. For a given quantile value (y-axis), the x-axis value is the anomaly value
expected during 2011-2025 relative to (%) that expected in the 1851-1910. Pairs of maps on the right (m-p)
show multi-model mean (left) 5" and (right) 95" percentiles of daily anomalies during 2011-2025 relative to those
of 1851-1910. Daily anomalies are calculated relative to trends in background means. In maps, stippling
indicates that fewer than two-thirds of models agree on the sign. Multi-model means are calculated using the
weighted means shown in Table 2, as described in section 2.2.1.
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Figure A7: Observed and CMIP6-detrended vapor pressure (ea) and 2-m wind velocity (wind) averaged across
the western US. (a and c) Time series of mean annual ea and wind, respectively, according to observations
(orange) and the CMIP6-detrended dataset (blue). (b and d) Kernal density plots of daily ea and wind,
respectively, during 2016-2025. The following rows are as in (a—d) but for seasons (DJF: Dec—Feb, MAM: Mar—

May, JJA: Jun—Aug, SON: Sep—Nov).
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Figure A8: Observed and CMIP6-detrended downwelling solar and longwave radiation at the surface (solar and
longwave, respectively) averaged across the western US. (a and c) Time series of mean annual solar and

longwave, respectively, according to observations (orange) and the CMIP6-detrended dataset (blue). (b and d)

Kernal density plots of daily solar and longwave, respectively, during 2016—2025. The following rows are as in
(a—d) but for seasons (DJF: Dec—Feb, MAM: Mar—-May, JJA: Jun—Aug, SON: Sep—Nov).
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Figure A9: Observed and CMIP6-detrended surface pressure (psfc) averaged across the western US. (a) Time
series of mean annual psfc according to observations (orange) and the CMIP6-detrended dataset (blue). (b)
Kernal density plots of daily psfc, during 2016—2025. The following rows are as in (a-b) but for seasons (DJF:
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Figure A10: Observed and CMIP6-detrended vapor-pressure deficit (vpd) and relative humidity (rh) averaged
across the western US. (a and c) Time series of mean annual vpd and rh, respectively, according to observations
(orange) and the CMIP6-detrended dataset (blue). (b and d) Kernal density plots of daily vpd and rh, respectively,
during 2016-2025. The following rows are as in (a—d) but for seasons (DJF: Dec-Feb, MAM: Mar—May, JJA:

Jun—Aug, SON: Sep—Nov).
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