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Abstract. Increases in the intensity and frequency of heatwaves are already evident
in the observational record, and these increases are expected to be further amplified in
future climate projections with greater radiative forcing. However, it is unclear how
temperature extremes will respond regionally to emissions reductions and declines
of greenhouse gases later in the 21st century, such as through the implementation of
global climate mitigation efforts. Here, we evaluate a set of large ensemble experiments
that simulate hypothetical 21st century overshoot scenarios using the GFDL SPEAR
climate model. While the two overshoot scenarios include a similar evolution of
greenhouse gas reductions, they differ in the timing of this drawdown by about a
decade. For this study, we then assess whether differences in the timing of starting
climate mitigation influences summertime heat extremes across the contiguous United
States (CONUS). By quantifying changes in extreme heat relative to the global mean
surface temperature before and after the peak in greenhouse gas concentrations, we
find significant decreases in the number of CONUS heat extreme days in response to
mitigation. This is further amplified for the earlier overshoot scenario, which suggests
a greater benefit (i.e., the time below an extreme temperature threshold) in reducing
heat impacts by starting climate change mitigation even in as little as a decade sooner.
The reductions in heat extremes are consistent with greater mean precipitation and
humidity across most of CONUS for equivalent global warming levels. Changes to
the global mean land-sea contrast are also found arising from differences in the rate of
surface cooling following the greenhouse gas drawdowns. Our results also emphasize the
importance of conducting more coordinated large ensemble modeling experiments to
understand the range of possible effects of global climate mitigation efforts on changes
to regional extreme events.

Keywords: heat extremes, climate mitigation, climate change, climate variability,
climate models, regional climate, large ensembles, extremes
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1. Introduction

Observational data from around the world shows a broad increase in the number of
extreme warm days and a reduced frequency of extreme cold days during the last
several decades (Perkins-Kirkpatrick and Lewis, 2020). These temperature trends are
found for more than 80% of the regions outlined by the Intergovernmental Panel on
Climate Change (IPCC, 2023b; IPCC, 2023d), and subsequently, the increase in the
number of unusually warm days is accompanied by more severe heat impacts to human
health, infrastructure, and to the environment (Boeck et al., 2010; Garcia-Herrera
et al., 2010; Raymond et al., 2020; Garcia-Ledn et al., 2021; Henderson et al., 2022).
These risks are further amplified with higher levels of projected global warming,
including for some of the most densely populated and vulnerable urban areas (Amengual
et al., 2014; Ebi et al., 2018; King and Harrington, 2018; Brown, 2020; Dong et al., 2021;
Marcotullio et al., 2021; Domeisen et al., 2023; Thompson et al., 2023; Amnuaylojaroen
et al., 2024). Understanding changes in heatwave characteristics is therefore crucial
in community-level adaptation and mitigation planning and for aiming to reduce
societal impacts to extreme events as a whole. This includes accounting for changes
in weather and climate extremes under a wide range of possible realizations of the
future, such as those with eventual decreases in radiative forcing (Nature, 2023; Dunne
et al., 2024; Meinshausen et al., 2024). Moreover, the influences of internal variability
can also act to dampen or accelerate regional trends in heat extremes, and therefore
long records are needed to properly sample and attribute the magnitude and variability
of these events (Perkins-Kirkpatrick et al., 2017; Suarez-Gutierrez et al., 2018; Deser
et al., 2020; Yu et al., 2020; Blanusa et al., 2023; Fischer et al., 2023; Risbey et al., 2023).

The contiguous United States (CONUS) is one such location that has observed a
large regional divergence in the rate of warming of summertime temperatures and overall
heatwave trends (Portmann et al., 2009; Smith et al., 2013; Grose et al., 2017; Mascioli
et al., 2017; NCA4, 2018; Marvel et al., 2023; Labe, Johnson and Delworth, 2024).
The physical drivers and characteristics of heat extremes across this area are also quite
diverse and vary substantially across geography and different climate zones (Lyon and
Barnston, 2017; Yang et al., 2019; Thomas et al., 2020). Although the highest number of
severe heatwaves, especially for the Great Plains, occurred during the Dust Bowl era of
the 1930s (Peterson et al., 2013; Abatzoglou and Barbero, 2014; Donat et al., 2016), some
new metrics of heat hazards do indicate a growing threat from heatwaves on average
in more recent years (e.g., Shiva et al., 2019; Keellings and Moradkhani, 2020). For
instance, there has been a sharp increase in heatwave events for a number of major cities
across the CONUS in the last several decades (Habeeb et al., 2015; Marvel et al., 2023),
and in fact, the 5th National Climate Assessment identified that the average heatwave
season for 50 large metropolitan areas has grown by about 49 days since the 1960s
(Marvel et al., 2023).

Differences in the long-term trends of maximum and minimum daily temperature
extremes and their associated heat health impacts vary widely across the United States
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(Rennie et al., 2019). Parts of the West have observed the largest relative increase
in maximum temperatures during the summer season compared to other parts of the
country (Lopez et al., 2018; Zhuang et al., 2021; Wanyama et al., 2023; Labe, Johnson
and Delworth, 2024). Nighttime minimum temperatures on the other hand are warming
for most areas (Gaffen and Ross, 1999; Lyon and Barnston, 2017; Thomas et al., 2020).
The lack of clear long-term daytime warming signal focused over mostly the central
CONUS is associated with the so-called “warming hole” (Pan et al., 2004; Kunkel
et al., 2006), which is a pattern that has been attributed to a number of potential
causes ranging from an acceleration of the hydrologic cycle to land-use feedbacks
to anthropogenic aerosol forcing (Meehl et al., 2015; Mueller et al., 2016; Banerjee
et al., 2017; Mascioli et al., 2017; Partridge et al., 2018a; Eischeid et al., 2023). Despite
this observed warming hole feature, most global climate model (GCM) projections
indicate a growing probability for extreme heat across the CONUS under greater
radiative forcing (Kunkel et al., 2010; Wobus et al., 2018; Lyon et al., 2019; Eischeid
et al., 2023; McHugh et al., 2023), with the number of new record high temperatures
far exceeding the potential for new record low temperatures (Meehl et al., 2009; Meehl
et al., 2016).

While many previous studies have considered the benefits of lower greenhouse
gas emissions on future heat extremes globally (e.g., Ciavarella et al., 2017; Tebaldi
and Wehner, 2018) and even for the United States (Chen and Ford, 2021), such
as by limiting global warming levels to 1.5°C above pre-industrial (e.g., Schleussner
et al., 2016; Dosio et al., 2018; King et al., 2018; Kharin et al., 2018), fewer works have
considered the regional effects of sudden drawdowns in greenhouse gas levels (Pfleiderer
et al., 2024; Rolddn-Gémez et al., 2024). This includes assessment of the potential
reversibility of climate hazards in response to overshoot scenarios, where global warming
is reversed after temporarily exceeding policy-relevant climate benchmarks. Schleussner
et al. (2024) highlighted that reducing the timing and magnitude of peak warming during
an overshoot period is critical for limiting regional risks or the unintended triggering
of Earth system feedbacks. Given that recent studies have found several potential
irreversible impacts (e.g., summer precipitation in the Mediterranean; (Delworth
et al., 2022)) and time-lagged indicators like sea level rise (e.g., Kim et al., 2022; Meyer
et al., 2022; Santana-Falcén et al., 2023; Schleussner et al., 2024), it is central to use
state-of-the-art GCM simulations to better understand the regional climate evolution
under different plausible overshoot scenarios (Huntingford and Lowe, 2007; Jones
et al., 2024). This includes for high-impact events, like temperature extremes.

For this work, we examine the relative changes in the frequency of heat extreme days
across the lower 48 United States during summer in response to variations in projected
radiative forcing, as prescribed in a 30-member initial condition ensemble. In particular,
we look at these changes in climate scenarios that impose drawdowns in greenhouse
gases which are analogous to a future with substantial mitigation efforts. These runs
also provide us a more feasible mitigation pathway compared to previous work that
addressed climate reversibility in perturbation experiments that mainly increase CO,
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and then ramp down (e.g., Wu et al., 2010; Boucher et al., 2012; Wu et al., 2015). We
focus on how the timing of the implementation of this hypothetical climate mitigation
could influence regional heat extreme days by comparing two overshoot scenarios that
only differ in their timing by approximately one decade. To conduct these experiments,
we use the NOAA Geophysical Fluid Dynamics Labratory (GFDL) Seamless system
for Prediction and EArth system Research Large Ensemble, which has a relatively high
spatial resolution (nominally 50 km) and 30 ensemble members in each scenario for
diagnosing the internal and external forcing contributions. While we primarily use a
metric for quantifying heat extremes based on counting the number of daily maximum
temperature days that exceed the 90th percentile from a historical model climatology,
we also find similar results across more stringent thresholds for both anomalously warm
daytime and nighttime temperatures during the summer season.

In response to the reductions in greenhouse gases, we find a significant decline
in the number of heat extreme days across the majority of the United States. This
decline is largest across the western United States and smallest over the Southeast. The
benefits of earlier climate mitigation are found for many regions through a substantial
reduction in the number of summers that exceed the maximum count of heat extreme
days when comparing the earlier overshoot simulation from the later one. Lastly, we
briefly investigate the potential mechanisms associated with the regional temperature
anomalies and find that this could be related to the rate of cooling over land compared
to the ocean and hence the overall land-sea thermal contrast.

2. Data and Methods

2.1. SPEAR Large Ensemble Simulations

We use a collection of large ensemble simulations conducted with the GFDL SPEAR
model (Delworth et al., 2020), which is a fully-coupled climate model that was optimized
for seamless use in climate prediction and projection. In addition to the uninitialized
climate change projections, real-time seasonal and decadal forecasts are regularly
produced using SPEAR (Delworth et al., 2020; Lu et al., 2020; Yang et al., 2021),
including those that contribute to the North American Multi-Model Ensemble (Kirtman
et al., 2014). Aside from a small change in surface albedo over glacial areas (Milly
et al., 2014), the land-atmosphere physics of SPEAR are the same as the GFDL LM4-
AM4 model components (Zhao et al., 2018a; Zhao et al., 2018b), which were used as part
of GFDL’s coupled climate model CM4 (Held et al., 2019). SPEAR also includes the
MOMSG6 ocean and SIS2 sea ice code (Adcroft et al., 2019). The atmosphere contains 33
vertical levels up to a model top of 1 hPa, and the land-atmosphere horizontal resolution
of this configuration is approximately 50 km. The ocean contains 75 vertical levels, and
its grid features a nominal resolution of 1°, but with a refinement to 0.33° in the deep
tropics for improved tropical climate variability.

The large ensemble simulations evaluated here include 30 individual ensemble
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members for each historical and future scenario (Table S1), which is helpful for
characterizing internal climate variability and sampling a wider distribution of possible
extreme events in the model (Deser et al., 2020; Jain et al., 2023). Consequently, the
range of internal variability in each SPEAR simulation can be assessed through the
spread across all ensemble members, and the ensemble mean is then assumed to be
attributable to external forcing (Deser et al., 2012; Phillips et al., 2020). The historical
ensemble members are launched using initial conditions from restart files that are spaced
20 years apart from an 1850 control run with SPEAR, but all ensemble members share
the same land initial conditions. These land conditions are created through a 1-year
run after a 300-year spin-up. Boundary conditions and natural and anthropogenic
forcings (e.g., aerosols, greenhouse gases, land use/land change, solar irradiance)
follow the historical Coupled Model Intercomparison Project Phase 6 (CMIP6; Eyring
et al., 2016; Meinshausen et al., 2017; Hurtt et al., 2020) conventions over the years
from 1921 to 2014. Afterwards, starting in 2015, SPEAR is prescribed with time-
evolving projected radiative forcing from a set of Shared Socioeconomic Pathways (SSPs;
O’Neill et al., 2014; O’Neill et al., 2016; O’Neill et al., 2017; Meinshausen et al., 2020)
through 2100 (Table S1). For this work, we focus on radiative forcing following the
SSP2-4.5, SSP5-8.5, and SSP5-3.40S future scenarios (Kriegler et al., 2017; Riahi
et al., 2017; Gidden et al., 2019; Tebaldi et al., 2021) (Figure 1 and Table S1). An
additional simulation is considered following radiative forcing change similar to SSP5-
3.408, but with carbon dioxide and methane concentrations scaled to begin declining
approximately 10 years earlier (SSP5-3.40S_10ye; see Labe, Delworth, Johnson and
Cooke, 2024) (Figure la-b). By 2100, this leads to carbon dioxide and methane
levels of approximately 68 ppm and 111 ppb less than SSP5-3.40S, respectively.
The relevance of the SSP5-3.40S_10ye scenario will be discussed more below. Both
SSP5-3.40S and SSP5-3.405_10ye scenarios also simulate carbon dioxide and methane
concentrations that fall below SSP2-4.5 by the middle of the 21st century (Figure
la-b). The global mean level of nitrous oxide in SSP5-3.40S_10ye is prescribed to
SSP5-3.40S and is actually 7 ppb higher than SSP2-4.5 by 2100 (Figure 1c), but its
overall contribution to global mean warming remains small relative to carbon dioxide
and methane (IPCC, 2023a; Tian, Pan, Thompson, Canadell, Suntharalingam, Regnier,
Davidson, Prather, Ciais, Muntean, Pan, Winiwarter, Zaehle, Zhou, Jackson, Bange,
Berthet, Bian, Bianchi, Bouwman, Buitenhuis, Dutton, Hu, Ito, Jain, Jeltsch-Thommes,
Joos, Kou-Giesbrecht, Krummel, Lan, Landolfi, Lauerwald, Li, Lu, Maavara, Manizza,
Millet, Miihle, Patra, Peters, Qin, Raymond, Resplandy, Rosentreter, Shi, Sun, Tonina,
Tubiello, Werf, Vuichard, Wang, Wells, Western, Wilson, Yang, Yao, You and Zhu, 2024)
and therefore likely does not impact our overall conclusions.

At this stage, the SSP5-8.5 scenario appears to be an unrealistic forcing for future
climate impact assessments (e.g., Peters and Hausfather, 2020; Pielke et al., 2022;
Hausfather, 2025). We include the analysis of it here only due to the design of SSP5-
3.408S, which itself is a Tier 2 experiment from CMIP6 that follows SSP5-8.5 until
2040 but then introduces rapid reductions in greenhouse gas emissions that lead to
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negative net emissions after 2070 (O’Neill et al., 2016) (Figure la-c). This drawdown
in greenhouse gases is due to declining fossil fuel emissions and through carbon capture
and storage technology, such as through the inclusion of bioenergy crops for nearly all
new cropland areas after mitigation begins (Melnikova et al., 2022). The likelihood of
following this exact scenario is rather low but was constructed to begin exploring the
effects of climate mitigation and adaptation practices in a large 21st century overshoot,
such as for consideration of climate reversibility and hysteresis effects. SSP5-3.40S
eventually leads to a net radiative forcing of 3.4 W m™2 by 2100 (Tebaldi et al., 2021).
Thus, by comparing results with SSP5-3.40S and SSP5-3.40S_10ye radiative forcing, we
can assess the impacts of delaying aggressive climate mitigation efforts on extreme events
and the large-scale circulation in this idealized setting with SPEAR (Labe, Delworth,
Johnson and Cooke, 2024).
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Figure 1: (a) Time series of annual mean carbon dioxide (COy; parts per million
(ppm)) from 2015 to 2100 for the SSP5-8.5 climate scenario of SPEAR (solid red
line), SSP2-4.5 (thin orange line), SSP5-3.40S (solid dark green line), and SSP5-
3.40S_10ye from 2031 to 2100 (dashed light green line). The dashed vertical lines
indicate the start of climate mitigation in 2031 (light green) and 2041 (dark green)
for SSP5-3.40S_10ye and SSP5-3.408, respectively. The solid vertical lines indicate
the maximum ensemble-mean global temperature for SSP5-3.40S_10ye (light green)
and SSP5-3.408S (dark green), respectively. (b) As in (a), but for methane (CHyg;
parts per billion (ppb)). (c¢) As in (a), but for nitrous oxide (N2O; parts per billion
(ppb)). (d) Time series of annual mean GMST from 2015 to 2100 for the ensemble
mean of SPEAR following SSP5-8.5 (solid red line), SSP2-4.5 (dashed orange line),
SSP5-3.40S (solid dark green line), and from 2031 to 2100 for SSP5-3.40S_10ye
(solid light green line). The spread across SPEAR ensemble members is shown
with the lighter shading for each respective experiment. Anomalies are computed
with respect to their 1921-1950 climatological time means. The dashed vertical lines
indicate the start of climate mitigation in 2031 (light green) and 2041 (dark green)
for SSP5-3.40S_10ye and SSP5-3.408, respectively. The solid vertical lines indicate
the maximum (max) ensemble-mean global temperature for SSP5-3.40S_10ye (light
green) and SSP5-3.40S (dark green), respectively. The dashed horizontal grey lines
annotate GWLs from 1.5 to 2.0°C at an interval of 0.1°C. (e) Same design as (d),
but calculated only over temperatures across the CONUS region.
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Peak surface warming in the global mean sense corresponds closely with the
maximum in carbon dioxide concentrations (Figure la) for both SSP5-3.40S and SSP5-
3.40S_10ye, which is about 2.38°C (2.23°C to 2.63°C ensemble spread) and 1.99°C
(1.82°C to 2.24°C ensemble spread) above the 1921-1950 baseline respectively for each
ensemble mean. For SSP5-3.408S, this is approximately the same as the end of the
21st century global mean surface temperature (GMST) anomaly for SSP2-4.5 (42.53°C)
(Figure 1d), but well below SSP5-8.5 (4.96°C). The timing of this difference in maximum
GMST between SSP5-3.40S and SSP5-3.40S_10ye is also 10 years (2049 vs. 2059),
although the regional temperature and precipitation responses are still found to be
clearly distinguishable from that of internal variability (Labe, Delworth, Johnson and
Cooke, 2024).

Unsurprisingly, compared to GMST, greater annual mean warming is found when
averaged across land areas of CONUS in each future radiative forcing scenario (Figure
le). The maximum annual mean temperature anomaly for this region is 3.23°C for
SSP2-4.5 (2.55°C to 4.20°C ensemble spread), 2.96°C for SSP5-3.40S (2.26°C to 4.08°C
ensemble spread), and 2.43°C for SSP5-3.40S_10ye (1.88°C to 3.54°C ensemble spread).
There is only a difference in 5 years for when this maximum is reached in the overshoot
scenarios (2051 vs. 2056), but it is possible this is simply due to greater variability
when assessing the forced response using the ensemble mean for much smaller spatial
scales (i.e., CONUS). Slightly greater than the difference in GMST, there is about a
0.7°C deviation in the mean CONUS temperature anomaly between the ensemble means
of SSP5-3.40S and SSP5-3.40S_10ye by the year 2100. Cooling also appears likely to
continue if one were to further extend these overshoot simulations beyond 2100, whereas
for SSP2-4.5 there is more of a stabilization of mean CONUS temperatures (Figure le).

A limitation of this analysis is that we only focus on simulations from one GCM.
However, we note that SPEAR has been previously evaluated in a number of heat
extreme studies, and the large number of ensemble members available for each radiative
forcing scenario at a 50 km atmospheric resolution provide us a unique opportunity
to consider the effects of internal variability under these sudden mitigation pathways.
For example, SPEAR has been shown to skillfully predict both heat and cold extremes
at the seasonal timescale (Jia et al., 2022; Jia et al., 2023; Jia et al., 2024), as well
as accurately capturing temperature variability over North America from key El Nino-
Southern Oscillation (ENSO) and Pacific Decadal Variability (PDV) teleconnections
(Maher et al., 2022; Johnson et al., 2022). The model has also been used for the
conditional attribution of observed heatwave events (Schreck et al., 2024) and for
evaluation of long-term climate change projections of summertime warmth (Labe,
Johnson and Delworth, 2024) and record-breaking daily high temperatures (McHugh
et al., 2023) across the CONUS. Note that historical heat extreme comparisons and
model biases are already documented for SPEAR relative to station observations and
atmospheric reanalysis data and can be found in Jia et al. (2022), McHugh et al.
(2023), and Labe, Johnson and Delworth (2024). SPEAR overall has a tendency to
overestimate the long-term warming trend across CONUS (McHugh et al., 2023), which
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at least in summer is related to the central United States warming hole pattern (Pan
et al., 2004; Eischeid et al., 2023).

2.2. Definitions of Heat Extremes

For the majority of this study, we use a static definition for heat extremes that is
based upon the 90th-percentile of the climatological distribution of daily maximum
temperatures (Tx90) for a given reference period (Hamilton et al., 2012; Pepler
et al., 2015; Jia et al., 2022). This threshold is calculated separately at each grid point
over land areas of the CONUS using daily data from the historical scenario of SPEAR.
Our focus is on the boreal summer season of June-July-August (JJA), and we simply
count the number (or probability) of JJA days that exceed the Tx90 threshold per each
year using the SPEAR large ensemble runs.
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Figure 2: (a) CONUS map of the raw daytime heat extreme thresholds in summer
for the 90th percentile (Tx90), 95th percentile (Tx95), and 99th percentile (Tx99).
This static threshold is calculated based on the distribution of daily maximum
temperatures from June to August and across all 30 ensemble members using the
SPEAR historical run from 1981 to 2010. This threshold is computed separately at
each grid point.
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To calculate each distribution of daily maximum temperatures, all 30 ensemble
members and all years from 1981 to 2010 are considered with SPEAR. Following this
definition, the Tx90 thresholds are shown in Figure 2a. A comparison of SPEAR with
an observed definition of Tx90 can be found in Figure 1 of Jia et al. (2022), but note
our focus in this work is predominately to understand the changes in summertime hot
days in response to changes in radiative forcing within SPEAR. Given that Tx90 is only
a moderately hot heat metric, we also calculate the future exceedance of the 95th- and
99th-percentile of daily maximum temperature days (Figure 2b-c), as well as exceeding
the absolute warmest daily maximum temperature in JJA (TXx). Lastly, we also explore
changes in the number of warm nighttime temperatures in future JJA seasons, but find
quantitatively similar mean results when averaged across the CONUS. We therefore only
show these figures in the Supporting Information section, which mirror those shown in
the main text for daily maximum heat extremes. For example, the same percentile-
based thresholds for the anomalously warm daily minimum temperature days in JJA
are calculated and shown in Figure S1. The areas with the warmest daily maximum and
minimum temperatures are both found across the southwest and south-central CONUS
(Figures 2 and S1)

3. Results and Discussion

3.1. Projections of Summertime Heat Extremes

To make an initial assessment of how the frequency of heat extreme days are changing
in these different radiative forcing scenarios, we show in Figure 3a the time series of
the projected number of days exceeding the 90th percentile in each summer for the
CONUS region. Recall that the baseline for calculating these temperature thresholds is
1981-2010. By 2100, the number of Tx90 days ranges from 24 to 48 in SSP2-4.5 and
has an ensemble mean of about 38 days. This is also the corresponding maximum count
over the entire 2015-2100 period for SSP2-4.5, which is greater than the ensemble mean
maximum found for SSP5-3.40S of 36 days (28-55 day spread) and for SSP5-3.40S_10ye
of 30 days (22-42 day spread). In the overshoot simulations, these maximum ensemble
mean counts are respectively reached in 2040 and 2060. The large ensemble spread found
in each scenario suggest an important role for internal variability remaining even under
the influence of greater external forcing. However, we do find a smaller mean spread for
the SSP5-8.5 scenario average of about 15 days from 2015 to 2100 compared to 18-20
days in the three other climate change scenarios. Despite similar projected counts of
warm nighttime extremes (Tn90), which are shown in Figure S2, the ensemble spreads
are generally smaller than Tx90 and range from an average of 12 (SSP5-8.5) to 16 (SSP2-
4.5) days across the four climate scenarios. Figure 3b shows distributions for the CONUS
mean number of Tx90 days (and in Figure S2 for Tn90) over 30-year epochs at the end
of the 21st century (i.e., 2071-2100) compared to the 1981-2010 historical baseline. Note
that the wider PDF's for SSP5-8.5 is due to the sharp increases in Tx90 and Tn90 days
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evolving through the duration of the simulation. Using the two-sample Kolmogorov-
Smirnov test, we find that the Tx90 distributions for the SSP5-3.40S compared to
SSP5-3.40S_10ye are significantly different (p < 0.05) for the 2071-2100 period. The
results in Figure 3 thus provide initial evidence for the importance of earlier greenhouse
gas mitigation in reducing the number of future Tx90 days. This will be explored in
greater detail later on.

As expected, this increase in heat extreme days is due in large part to the rise
in the background mean warming over CONUS (e.g. McKinnon et al., 2024), which is
displayed in Figure S3b for all four scenarios for the average surface temperature (T2M)
during JJA. Warming is notably larger in JJA than for the annual mean (Figure le),
with, for example, a maximum anomaly, relative to 1981-2010, of 3.95°C under SS2-4.5
(2.77°C to 4.91°C ensemble spread) in year 2100. Similarly, greater ensemble mean JJA
warming is simulated for SSP5-3.40S (3.82°C in 2060) and SSP5-3.40S_10ye (3.21°C
in 2040) before the cooling induced by the drawdown of greenhouse gas concentrations.
Comparing this seasonal mean summertime warming to another metric of extremes in
Figure S3a, the absolute highest daily maximum temperature during JJA (TXx), we
find a fairly similar amount of ensemble mean warming (e.g., 4.04°C for SSP5-3.40S in
2060) but greater ensemble spread and thus interannual variability. For this CONUS-
wide mean metric, a difference in the timing of rapid mitigation leads to an overall
ensemble mean difference of 0.82°C in TXx for the 2071-2100 period between SSP5-
3.408S and SSP5-3.40S_10ye (Figure S3a).
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Figure 3: (a) Time series of the count of JJA heat extreme days (Tx90) averaged
for CONUS from 2015 to 2100 for the ensemble mean following SSP5-8.5 (light gray
line), SSP2-4.5 (dark green line), SSP5-3.40S (purple line) and from 2031 to 2100
for SSP5-3.40S_10ye (orange line). The spread across ensemble members is shown
with the lighter shading for each respective experiment. (b) Probability density
functions (PDFs) of the distribution of the average frequency of mean CONUS
Tx90 days in JJA over the years 1981 to 2010 using the historical SPEAR scenario
(dashed black curve), SSP5-8.5 from 2071 to 2100 (light gray curve), SSP2-4.5 from
2071 to 2100 (orange curve), SSP5-3.40S from 2071 to 2100 (dark green curve), and
SSP5-3.40S_10ye from 2071 to 2100 (purple curve). The non-parametric PDFs are
constructed using gaussian kernel density estimation with the optimal bandwidth
determined through cross-validation. Each PDF considers data from all ensemble

members in each 30-year period.

To better understand the spatial patterns of heat extreme day anomalies, we show
composites of changes in Tx90 days during JJA at a global warming level (GWL)
of 1.7°C for SSP5-8.5, which occurs in 2037, in Figure 4a. Here we calculate this
composite based on an epoch of +2 years around when the 30-member ensemble-
mean, annual mean GMST anomaly reaches 1.7°C above the 1921-1950 reference period.
Due to the start of the SPEAR historical simulation beginning in 1921 which is later
than the standard pre-industrial period, we acknowledge that our GWL reference
period differs from the 1850-1900 mean that is traditionally used for climate policy
and decision-making (IPCC, 2021). However, recall that our primary interest is for
understanding the overall Tx90 response before and after the drawdown in greenhouse
gas levels in the relatively idealized overshoot simulations. In other words, we consider
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the reversibility of such a response in summertime heat extremes. Assessing climate
projections as a function of GWL also helps to reduce scenario-dependent uncertainties
(see Cross-Chapter Box 11.1 in IPCC, 2023d) and can be useful when accounting for
alternative pathways like those following hypothetical mitigation (James et al., 2017).
This framing is generally not forcing-dependent for temperature extremes (Seneviratne
and Hauser, 2020; Wehner, 2020), and GWLs have been widely used for assessing
projected changes in future heatwaves (e.g., Fischer and Knutti, 2015; Schleussner
et al., 2016; Perkins-Kirkpatrick and Gibson, 2017; Suarez-Gutierrez et al., 2020),
including across the CONUS (e.g., Wobus et al., 2018; Marvel et al., 2023).

Corresponding to a GWL of 1.7°C in SSP5-8.5, increases in the number of
days exceeding Tx90 are visible across all of the CONUS (Figure 4a). The largest
rises are found across the higher elevations of the West, southeastern Florida, and
the central Appalachians with the number of heat extreme days increasing by 20-50
days per summer. A local minimum for changes in Tx90 days is shown over the
Southeast, which interestingly closely mirrors portions of the warming hole found in real-
world observations (Rogers, 2013; Partridge et al., 2018b; Ghate et al., 2022; Eischeid
et al., 2023). The driver of this warming minimum found in the SPEAR ensemble mean
remains unclear (McHugh et al., 2023; Labe, Johnson and Delworth, 2024), but there is
some preliminary evidence that the anomaly may be related to local land-atmosphere
interactions simulated by the model (not shown).
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Figure 4: (a) Change in the number of Tx90 days at a GWL of 1.7°C for the
SSP5-8.5 climate scenario. (b) Same as (a), but for SSP5-3.40S after the influences
of climate mitigation efforts are underway (see text for details). (c) Same as (b),
but for SSP5-3.40S_10ye. (d) Difference in panel (b) minus (a). (e) Difference in
panel (¢) minus (a). All anomalies are computed with respect to the 1921-1950
climatological time means from the SPEAR historical scenario. Each composite
map is calculated as the average of +2 years around the ensemble mean year closest
to an annual mean GMST change of 1.7°C per climate scenario, with the central
year indicated above panels a, b, and c. Statistically significant differences in panels
(d) and (e) are shown with the anomaly color shading. Non-significant regions are
denoted with black hatching, which is assessed using a two-sided Student’s ¢ test and
after adjusting for field significance using a false discovery rate (FDR; Benjamini
and Hochberg, 1995; Wilks, 2006; Wilks, 2016) (i.e., a FDR-adjusted p-value less
than 0.05).

Next, to assess the regional response of heat extremes after peak greenhouse
levels for the two respective overshoot runs, Figure 4b-c¢ shows Tx90 changes at an
approximately equivalent level of mean GMST warming. The choice of focusing on
the GWL equal to 1.7°C is more obvious here, since the GMST in SSP5-3.40S falls
below this GWL threshold just before the end of the century (i.e., about year 2097;
Figure 4b). Thus, an ensemble mean GMST of 1.7°C is observed before and after peak
greenhouse gas concentrations in both SSP5-3.40S and SSP5-3.40S_10ye. This does
not occur again for a GMST anomaly of 1.5°C in SSP5-3.40S through at least 2100,
as demonstrated by the horizontal gray dashed lines that are annotated in Figure 1d.
Though we do find quantitatively similar results when reproducing Figure 4 for other
composites of different GWLs (such as 1.8°C; not shown).

For these overshoot composites in Figure 4b-c, we find a similar spatial pattern of
Tx90 day anomalies, but a notable reduction in the number of days. This decrease is

(b); 1.7°C (2097) for SSP5-3.40S (c); 1.7°C (2070) for SSP5-3.40S_10ye

N
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more clearly displayed in Figure 4d-e by taking the difference in the Tx90 anomalies
for each overshoot scenarios during the ramp down in greenhouse gases relative to the
SSP5-8.5 composite at the same GWL. A statistically significant decrease in the number
of Tx90 days, up to two weeks, is found for SSP5-3.40S and SSP5-3.40S_10ye across
much of the region outside of the south-central United States. The largest reduction is
apparent over the Western United States, particularly for SSP5-3.408S (Figure 4d).

An analogous view for Tn90 days can be found in Figure S4. While all areas
observe an increase in anomalously warm minimum temperatures at a GWL of 1.7°C
(Figure S4a-c), there is a CONUS-wide net decrease in the magnitude of days exceeding
Tn90 in the overshoot scenarios after peak global warming. This difference is most
amplified again across the West with up to a week fewer Tn90 days (Figure S4d-e).
Also, in contrast to the regional minimum in Tx90 days over the Southeast (Figure
4a-c), we find greater Tn90 days here relative to other parts of CONUS. Overall, these
Tx90 and Tn90 composite results suggest that even at the same level of mean global
warming, there are substantially faster reductions in the frequency of heat extremes
when comparing the scenarios before versus and aggressive climate mitigation. This
will be the focus of the remaining analysis.
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Figure 5: Decadal average frequency of JJA Tx90 heat extreme days averaged across
the CONUS as a function of JJA mean GMST for the same future climate scenarios
shown in Figure 1. GMST anomalies are computed with respect to the 1921-1950
climatological time mean. The historical climate scenario is used to calculate the
decadal means starting in 1921 and then is concatenated with each future scenario
beginning in 2015. The black scatter points indicate the final decade of analysis
(e.g., where 2100 is calculated as 2091-2100) in each climate scenario. Note that
the frequency of SSP5-8.5 heat extremes extend well beyond the graph (see Figure
S5).

Figure 5 scales the transient mean CONUS response of Tx90 day frequency by
GMST for the decadal averages in the historical, SSP5-8.5, SSP2-4.5, and two overshoot
runs. This scaling approach has been used in multiple studies to understand the regional
climate sensitivity to changes in extremes (e.g., Seneviratne et al., 2016; Wartenburger
et al., 2017; Seneviratne and Hauser, 2020), including for land temperatures in a multi-
model collection of CMIP6 overshoot runs (Roldén-Gémez et al., 2024). Similar to
these previous studies, we find a mostly linear effect of ensemble mean Tx90 days as a
function of mean global warming, although this response accelerates slightly for SSP5-
8.5 with more intense hot days (Tx99) and greater overall warming compared to the
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other emission scenarios (Figure S5). For both average CONUS Tx90 and Tx99, we find
a different relationship with GMST after peak warming in the ensemble means of SSP5-
3.40S and SSP5-3.408_10ye. This follows by an increasing rate of cooling, which is
especially evident for SSP5-3.408S and corresponds to an approximately 5-8% reduction
in Tx90 frequency for equivalent levels of global warming compared to before the peak
in emissions (SSP5-8.5 line).

3.2. Variability of Future Heat Extreme Risk

While we have primarily focused on the reversibility of heat extremes in the ensemble
mean, Figure 3 also highlights a large range in responses resulting from the effects of
internal variability, and thus, this a key source of uncertainty in terms of projecting
climate impacts for society. Figure 6 instead shows more probabilistic assessment and
identifies the chance of having at least one month with a day that exceeds the absolute
highest maximum temperature (TXx) in JJA (1981-2010) within all ensemble members
for the SSP5-8.5, SSP5-3.408, and SSP5-3.40S_10ye scenarios. These probabilities are
calculated separately by 10 to 15-year periods evolving from 2015 to 2100 and at each
individual grid point. Despite the somewhat wide and overlapping ensemble spreads in
mean CONUS-wide TXx, as shown in Figure S3a, we again find substantial differences
between SSP5-3.40S and SSP5-3.40S_10ye (Figure 6g-r). Although the drawdown
of carbon dioxide and methane is well underway for both overshoot scenarios by the
2060-2074 epoch, we see many regions with a 5-10% lower probability (up to 19%) of
historical TXx exceedance in 2060-2074 for SSP5-3.40S_10ye compared to SSP5-3.40S
(i.e., comparing Figure 6p to Figure 6j). Then, by the end of the 21st century, this
chance drops to nearly 0% across the CONUS in response to the climate mitigation
efforts.

As expected with substantially higher radiative forcing, the probability of having
a month exceeding the historical TXx largely increases for SSP5-8.5 (Figure 6a-f). By
2075-2089, this probability reaches at least 50% across large sections of the country.
Parts of the Southwest and eastern CONUS even see probabilities reaching up to 98%
when considering across all months and ensemble members in 2090-2100 (Figure 6f). In
contrast, the highest probability for exceeding the historical JJA TXx threshold is set
in 2060-2074 for SSP5-3.408 for exceeding their historical JJA TXx threshold, and this
is only about a 28% chance over a small area in the Southwest. In SSP5-3.40S_10ye,
we see the absolute highest TXx probability drop to a maximum of 17%, which is in
2030-2044 for western Colorado (Figure 6n). Once again there is very large spatial
variability in the magnitude of these probabilities; for instance, we see notably less
intense heat extremes in the Southeast relative to the rest of CONUS, even for SSP5-8.5
(Figure 6¢-f). Another local minimum is found across northern California, Oregon, and
Washington, but this may be a product of the already accelerated warming simulated
by SPEAR during the historical reference period across these regions (Labe, Johnson
and Delworth, 2024).
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Figure 6: (a) Probability of a month having at least one day that exceeds the
historical JJA highest daily maximum temperature (TXx) for SSP5-8.5 in 2015 to
2029, (b) 2030 to 2044, (c¢) 2045 to 2059, (d) 2060 to 2074, (e) 2075 to 2089, and
(f) 2090 to 2100. (g-1) Same as (a-f), but for SSP5-3.408S. (m-r) Same as (a-f), but
for SSP5-3.40S_10ye. Note that the data for the years from 2015 to 2030 are taken
from SSP5-3.408 in this third row. The historical TXx threshold is calculated
separately at each grid point over the 1981 to 2010 reference period by considering
all ensembles in the historical scenario and across all days in the months of JJA.
The probabilities are further calculated by using all ensemble members and months
per each epoch for the respective climate scenarios.

Similar reductions are found in Figure S6 for the frequency of intense minimum
temperatures (TNx) when looking at SSP5-3.40S_10ye compared to SSP5-3.40S.
However, the spatial pattern is quite different relative to TXx. For nighttime
temperatures, the highest probability of exceeding the historical TNx is instead found
over Florida followed by the northwestern half of CONUS, Southeast Gulf Coast, and
in the Northeast. Again, this risk is much higher when following the extreme SSP5-8.5
scenario, with up to a 94% probability in 2090-2100.

3.3. Benefits of Farlier Climate Mitigation

Rather than concentrate just on the reversibility and nonlinearity of changes in
summertime heat extremes, as previously discussed, our focus now moves toward more
closely comparing the regional differences between SSP5-3.40S and SSP5-3.40S_10ye.
So far, our results suggest that even waiting to start mitigation efforts as little as 10
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years later can broadly lead to more intense daytime and nighttime heat extremes across
the CONUS throughout the remainder of the 21st century and beyond. Thus, in order
to better understand the added value of the timing of reducing greenhouse gases on
regional temperature extremes, we create a simple metric and denote this as an added
climate ‘benefit.” In other words, the word benefit is used here to suggest that there are
fewer hot days and thus likely reduced heat stress impacts on society and ecosystems.
These results are shown in Figure 7. A caveat is that we focus on the forced response
differences for assessing mean climate benefits, and the exact values in reality would
differ depending on the realization of internal variability.

To summarize this calculation, we first estimate the number of Tx90 days at each
individual grid point across the CONUS for SSP5-3.40S and SSP5-3.40S_10ye. We
then identify the year of the maximum number of Tx90 days in the ensemble mean
of SSP5-3.40S_10ye. Next, we identify the first year that the number of Tx90 days
in the ensemble mean of SSP5-3.40S falls below this peak and calculate the difference
between these two time periods. To reveal simplified cost-benefit climate impacts, we
then subtract 10 years from this difference estimate given that mitigation efforts in
SSP5-3.40S start approximately one decade later than SSP5-3.40S _10ye. These results
are displayed for each grid point in Figure 7a, where we find many areas of the central
and eastern CONUS that see an added net benefit of more than 5 to 15 years as a
result of starting large-scale emission mitigations a decade sooner. In other words, for
these regions with a net benefit between 5 and 15 years, delaying mitigation by 10 years
results in heat extreme occurrences that exceed the no-delay peak for another 15 to
25 years before falling below that peak. We do acknowledge though that the fact of
starting mitigation 10 years earlier in the SSP5-3.40S_10ye simulation is arguably also
a benefit, which is not part of the explicit calculation shown here in Figure 7a-c.

A demonstration of this approach is shown in Figure 7d for an arbitrarily selected
grid point in central Indiana. For this location, there are 26 years between the maximum
count of Tx90 days in SSP5-3.40S_10ye from until the ensemble mean of SSP5-3.40S
reaches this same value. This yields a benefit of 16 years by starting the earlier
mitigation. As expected, however, there is significant interannual variability even in the
ensemble mean, which impact our results on this estimate. We then adjust the definition
of the metric to better account for this variability by applying two different techniques.
In the first approach, we include a caveat that the ensemble mean of Tx90 for SSP5-
3.40S must stay below the maximum from SSP5-3.40S_10ye for at least 10 consecutive
years (Figure 7b). In the second approach, we instead apply a 10-year smoothing filter
to the time series of each overshoot scenario’s ensemble mean and then proceed by
calculating the same differences in years as before (Figure 7c). Unsurprisingly, we
find greater net benefits across the United States since these definitions attempt to
further isolate the forced response from the effects of interannual to decadal variability.
Examples of these two exercises are shown in Figure 7d and 7e for the same location
in central Indiana. Note that the raw values for the differences in years between SSP5-
3.40S and SSP5-3.408_10ye (i.e., without subtracting a decade) are provided in Figure
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ST7a-c. Lastly, there are a few locations without any benefit that are masked in grey.
Recall that for this benefit calculation we only consider the maximum count of Tx90
days after mitigation efforts are well underway in the overshoot scenarios. Consequently,
there are a smaller number of locations with the maximum in Tx90 before this period
of time; an example of this artifact is demonstrated in Figure S7d-e for a randomly
selected location in western Minnesota.
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Figure 7: (a) Map of the differences in years between when the maximum number of
Tx90 summer days is reached for the ensemble mean of SSP5-3.40S_10ye compared
to the year that the ensemble mean of SSP5-3.40S first falls below this maximum
after its peak in CO, concentrations. This is calculated at each grid point. 10
years is subtracted off this difference value at each location to highlight the added
benefit by mitigating 10 years earlier (see text; “+10 years”). Grid points with a
raw difference of less than 10 years are masked out in gray. A blue star highlights
the location of the example in (d-e). (b) Same as (a), but for the first year in SSP5-
3.40S when at least the next 10 years remain consistently below this maximum
number of Tx90 days in SSP5-3.40S_10ye. (c) Same as (a), but after applying a
Savitzky-Golay filter (Savitzky and Golay, 1964) with a 10-year smoothing window
(3rd order polynomial) to the ensemble mean count of Tx90 at each grid point and
for each respective climate scenario. (d) An example of this methodology for a
location in central Indiana (approximately 40.25°N and 86.56°W) showing the time
series of the count of Tx90 summer days in SSP5-3.40S_10ye (dark red line) and
SSP5-3.408 (dark green line) from 2015 to 2100. The red solid circle on the SSP5-
3.408_10ye time series indicates the maximum count of Tx90 at this location for
the ensemble mean. The red solid circle on the SSP5-3.408 time series highlights
the first year that the ensemble mean count of Tx90 at this location falls below
the SSP5-3.40S_10ye maximum. The darker red shading shows the difference in
years between these two points (26 years, where 26 — 10 = 16 years) which is shown
in the approach for map (a). A horizontal solid red line is added to annotate the
width of this red shading. The open red circle on the SSP5-3.40S is the year where
the proceeding 10 years remain less than the SSP5-3.40S_10ye Tx90 maximum
(illustrated by the horizontal dashed red line). The lighter red shading shows the
difference in years between these two points (32 years, where 32 — 10 = 22 years)
which is shown in the approach for map (b). Dashed vertical lines are shown for the
start of climate mitigation in SSP5-3.40S_10ye (dark red) and SSP5-3.40S (dark
green). (e) Same as (d), but after applying the Savitzky-Golay filter to the time
series of SSP5-3.40S_10ye (dark red line) and SSP5-3.40S_10ye (dark green line).
The raw data for each climate scenario from panel (d) is also shown with a thin
dashed black line. The light red shading annotates the difference in years between
these two points (34 years, where 34— 10 = 24 years) which is shown in the approach
for map (c) along with added illustrations of the solid and dashed horizontal red
lines.

Despite the various differences in the technical details across Figures 7 and S7,
a clear theme emerges in these SPEAR simulations — earlier mitigation reduces the
number of years with higher Tx90 summertime days for a length of time that exceeds
the difference between onset times of mitigation. To put it another way, an earlier rapid
reduction in greenhouse gases leads to an even greater decrease in overall impacts related
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to the frequency of CONUS heat extremes. In fact, for some portions of the central
United States, it can take up to 30 years before the number of Tx90 days in SSP5-
3.408 falls below the peak simulated by SSP5-3.40S_10ye (Figure 7a-c). One possible
interpretation of this regional pattern is that the response to changes in external forcing
in the central United States could be slower or weaker than in other regions (e.g., it
takes longer to see the difference between SSP5-3.40S_10ye and SSP5-3.408). Moreover,
this region in the central Great Plains is a hotspot for strong land-atmosphere coupling
(Koster et al., 2004), which could also influence the persistence of heatwave days in the
future.

3.4. Mechanisms Associated with Mean Changes After Mitigation

We next investigate the possible drivers responsible for the added benefit of earlier
mitigation, including the spatial heterogeneity of this measure, by examining changes
in other large-scale climate fields within the SPEAR overshoot scenarios. Figure 8
shows the global response of T2M for a GWL of 1.7°C for a composite from SSP5-8.5
relative to after-peak warming in the overshoot scenarios. In response to the elevated
levels of greenhouse gas forcing relative to the 1921-1950 reference period, we see a
characteristic global warming fingerprint across the globe (Figure 8a-c), accompanied
by larger anomalies over land areas and in the polar regions (Manabe and Stouffer, 1980).
However, a stronger North Atlantic warming hole signature is visible in the composites
of the overshoot scenarios (Figure 8b-c) compared to SSP5-8.5 (Figure 8a). Although
this temperature pattern is found in real-world observations as well as GCM simulations,
it remains uncertain whether this feature in nature is driven by internal variability or
external forcing (e.g., Drijfhout et al., 2012; Chemke et al., 2020; Dagan et al., 2020; Keil
et al., 2020; Menary et al., 2020; He et al., 2022), such as through the response to a
weakening in the strength of the AMOC (Bellomo et al., 2021).
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(a); 1.7°C (2037) for SSP5-8.5 (b); 1.7°C (2097) for SSP5-3.40S (c); 1.7°C (2070) for SSP5-3.40S_10ye
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Figure 8: Same as Figure 4, but for global composites of near-surface air
temperature (T2M) change.

530 In a similar approach to the earlier GWL analysis of heat extremes (i.e., Figure
sn 4), we subsequently show the differences in the composites at 1.7°C to understand
s the potential reversibility of the seasonal mean T2M response for SSP5-3.40S (Figure
s13 8d) and SSP5-3.40S_10ye (Figure 8e). A hemispheric-scale dipole is found in the
s temperature difference pattern with greater warming across the Southern Hemisphere
s and more cooling across the Northern Hemisphere for the same GWL during the
s3 drawdown in greenhouse gas concentrations. Strong, statistically significant cooling
s37  of several degrees is shown across the North Atlantic and Arctic, particularly for SSP5-
s 3.408S (Figure 8d). This cooling signature is consistent with a persistent weakening of
s AMOC that is simulated by SPEAR and found across all future climate scenarios despite
so0 their differences in radiative forcing later in the 21st century (see Figure 3 in Delworth
s et al.,, 2022). An analogous view of sea surface temperature (SST) differences is also
s2  displayed in Figure S8, and the same general pattern and magnitude of response is found
sa3 when compared to T2M. While the largest cooling is evident over the far north Atlantic
saa - Ocean south of Iceland, T2M differences cooler than -1.5°C extend into western Europe
ss across Scandinavia in SSP5-3.40S. Recent analysis from Pfleiderer et al. (2024) has
ss6 identified substantial inter-model spread across CMIP6 simulations with SSP5-3.408
s forcing, but there are at least a few other GCMs (e.g., CESM2-WACCM) that have
sis a similar AMOC decline and thus resulting evolution of temperature anomalies by
se9  hemisphere. Other interesting features in Figure 8d-e include enhanced warming over
ss0  the Southern Ocean and across portions of Central Africa and India, where the latter
ss1 s likely related to a modulation of the intertropical convergence zone (ITCZ) (Moreno-
s2 Chamarro et al., 2020). Aligned with the earlier results of enhanced reductions in JJA
53 heat extreme days across CONUS, we see cooling in average T2M over these same areas
e too (Figure 8d-e). Slightly less cooling is found in the differences of T2M for SSP5-
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3.40S_10ye at a GWL of 1.7°C (Figure 8e). It is conceivable that this is related to
the earlier and smaller peak in radiative forcing and consequently leading to an earlier
stabilization and recovery of the AMOC, as pointed out by Delworth et al. (2022) for
SSP1-1.9 using the same SPEAR model.

Figure 9 more closely compares the differences in the mean temperature response
of each hemisphere to SSP5-8.5, SSP5-3.40S, and SSP5-3.40S_10ye forcing in JJA. The
timing of peak ensemble-mean warming in the Northern Hemisphere for the overshoot
runs is reached close to the year of the annual-mean maximum GMST and begins to
steadily decline thereafter (Figure 9a). However, for the Southern Hemisphere, ensemble
mean T2M decreases at a much slower rate and only declines by 0.36°C through 2100 for
SSP5-3.40S and 0.54°C for SSP5-3.40S_10ye compared with their temperature peaks.
This is compared to mean declines in the Northern Hemisphere of 0.97°C and 1.11°C
for SSP5-3.40S and SSP5-3.408_10ye, respectively.

— N. Hemisphere — N. Hemisphere — N. Hemisphere SSP5-8.5 SSP5-3.408 SSP5-3.40S_10ye

= S. Hemisphere == §. Hemisphere ==+ S. Hemisphere @

6.0

50

3.0+

Temperature Anomaly (°C)

Hemisphere Temperature Difference (°C)

0.0+ : : 00+

(b)

T T T T T T T T 1 T T T T T T
2020 2030 2040 2050 2060 2070 2080 2090 2100 2020 2030 2040 2050 2060 2070

Figure 9: (a) Time series of mean JJA temperature anomalies averaged over the
Northern Hemisphere from 2015 to 2100 for the SPEAR ensemble mean following
SSP5-8.5 from 2015 to 2100 (solid red line), SSP5-3.408 from 2015 to 2100 (solid
dark green line), and SSP5-3.40S_10ye from 2031 to 2100 (solid light green line).
The mean temperature anomalies averaged for the Southern Hemisphere are shown
with dashed lines in their same colors corresponding to each climate scenario.
Anomalies are computed with respect to their 1921-1950 climatological time means.
The dashed vertical lines indicate the start of climate mitigation in 2031 (light green)
and 2040 (dark green) for SSP5-3.40S_10ye and SSP5-3.408, respectively. The solid
vertical lines indicate the maximum ensemble-mean GMST for SSP5-3.40S_10ye
(light green) and SSP5-3.408 (dark green), respectively. (b) Time series of the
difference in the mean JJA Northern Hemisphere temperature anomaly minus the
mean JJA Southern Hemisphere temperature anomaly shown in solid lines with the
same colors for each climate scenario.

The divergence in the rate of change in hemispheric mean T2M anomalies is more
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clearly depicted in Figure 9b. Here we find a significant difference in the temperature
contrast between the Northern and Southern Hemispheres. Unlike under steadily rising
radiative forcing that corresponds to a widening contrast between the two hemispheres
(Manabe et al., 1992; Friedman et al., 2013; Zhang et al., 2024), we instead see a reduced
temperature asymmetry in response to aggressive climate mitigation efforts. In fact, the
temperature anomaly contrast drops to between 0.2 to 0.25°C by the year 2100 in the
overshoot scenarios, which is substantially smaller than even the start of the future
projections in 2015 (0.4°C). This result again supports that even though the average
GMST is cooling, there are clear distinctions in the reversibility of regional climate
patterns that are likely modulated by differences in the response of the land surface and
through ocean heat transport.

Previous work has highlighted that land-atmosphere-ocean coupling, including
processes related to surface vegetation and relative humidity from moisture transport
between the land and ocean (Joshi and Gregory, 2008; Joshi et al., 2008; Byrne and
O’Gorman, 2013; Byrne and O’Gorman, 2018; Zarakas et al., 2020), can be considered
by looking at changes in a simple metric called the land-sea warming ratio (Sutton
et al., 2007). Figure S9 shows this diagnostic, which is computed here for JJA as the
global mean T2M over land areas divided by the global mean SST. For the SSP5-8.5
ensemble mean, the land-sea warming ratio is rather steady around 1.78, though with
less variability as radiative forcing accelerates later in the 21st century. This value
aligns with the large spread found across observations and earlier generations of CMIP
coupled models (Sutton et al., 2007; Wallace and Joshi, 2018; IPCC, 2023c). Yet, a
stark contrast begins to emerge by 2060 for the overshoot experiments. Under both
SSP5-3.40S and SSP5-3.40S_10ye, we see a consistent decline in the land-sea warming
ratio through 2100. The warming ratio reaches 1.63 for SSP5-3.40S and 1.59 for SSP5-
3.40S_10ye, which is a result of the land cooling faster than the ocean surface during
the last few decades of the 21st century. The broader implication here is that a decrease
in the land-sea temperature gradient could play a role in modulating CONUS heat
extremes through changes in heat and moisture advection (Holmes et al., 2016; Horton
et al., 2016), especially at regional scales (Barriopedro et al., 2023).
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Figure 10: Same as Figure 4, but for composites of near-surface relative humidity
(RH) change.

Given the theorized connections between the land-sea contrast, humidity, and land
surface air temperature (e.g., Byrne and O’Gorman, 2013), we next examine changes
in relative humidity over the CONUS as a function of GWL of 1.7°C using the SSP5-
8.5, SSP5-3.408S, and SSP5-3.40S_10ye scenarios (Figure 10). In response to radiative
forcing, decreases in near-surface relative humidity are found across the western United
States (Figure 10a), and this is consistent with previous work for observed and modeled
trends (Pierce et al., 2013; Dunn et al., 2017; Vicente-Serrano et al., 2018). While
most land areas show decreases in humidity (Figure 10a), two bands of increases in
relative humidity are found across the eastern half of the CONUS, including over the
minimum in Tx90 change over the Southeast. However, this highly regionally-dependent
response may again relate to a modeled sensitivity of land-atmosphere interactions
and land surface change (Berg et al., 2016; Findell et al., 2017). Nevertheless, for
the overshoot simulations, we find statistically significant increases in humidity across
most of CONUS when comparing the composite differences for after climate mitigation
relative to before at equivalent GWLs of 1.7°C (Figure 10d-e).
particularly largest (more than 5% higher relative humidity) across the higher elevations

These differences are

of the western United States and in the vicinity of the larger reductions in heat extremes
when comparing with Figure 4.

Coinciding with the comparative increases in near-surface humidity at the
same GWL for SSP5-3.40S and SSP5-3.40S_10ye is an increase in ensemble mean
precipitation for the CONUS-wide average in JJA (Figure 11). This is distinct from
the decreases in ensemble mean precipitation simulated under SSP5-8.5, though a
relatively flat trend is found for SSP2-4.5 through 2100. Figure S10 shows a global
view of the change in precipitation in JJA at GWLs of 1.7°C for SSP5-8.5 and the

two overshoot simulations. In agreement with the area-wide average in Figure 11,

RH CHANGE (%)

RH CHANGE (%)
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there are relative increases in precipitation that are statistically significant particularly
for the northwestern portion of CONUS (Figure S10d-e). In addition, zooming out
from CONUS, we see a significant modulation of the ITCZ that is likely linked to
changes in the strength of AMOC in these model experiments (Moreno-Chamarro
et al., 2020; Delworth et al., 2022).

Given the tight coupling between seasonal-mean precipitation and summertime
temperatures in CONUS (Huang and Dool, 1993; Eischeid et al., 2023; Schreck
et al., 2024), the relative increases in rainfall and surface humidity can be linked
to the greater reductions in Tx90 days for the overshoot scenarios. These set of
mechanisms describe the role for a positive feedback loop-like effect. Figure S11
briefly addresses the connection to the large-scale circulation response by looking at
geopotential height changes at 500 hPa. As expected in response to external radiative
forcing (Christidis and Stott, 2015; He et al., 2024), a thermally-driven increase in
the height of the troposphere is found across the globe (Figure Slla-c). Despite this
warming, a hemispheric dipole structure is again found for the differences in Z500
anomalies when comparing composites before and after peak greenhouse concentrations
in the overshoot experiments (Figure S11d-e). Here a reduction in Z500 is found over
the Northern Hemisphere with a maximum difference stretching across the North Pacific
and into the western United States. This spatial pattern is found when comparing both
SSP5-3.408 (Figure S11d) and SSP5-3.40S_10ye (Figure S11e). While this may simply
coincide with a thermodynamic fingerprint, as found in the surface temperature response
pattern in Figure 8, it is interesting to note that some of the largest height reductions
accompany the greatest reductions in heat extremes and heavier mean rainfall. This
suggests the potential role for an increase in low pressure and implied cloudiness over
the western half of CONUS in relation to the dampening of maximum summertime
heat. The overall atmospheric circulation response to the timing of rapid drawdowns in
greenhouse gases is worth more investigation in future work.
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Figure 11: Time series of mean JJA precipitation anomalies averaged for the
CONUS from 1921 to 2100 for the ensemble mean of SPEAR following the historical
climate scenario from 1921 to 2014 (solid black line) and the same future climate
scenarios from Figure 1. The spread across ensemble members is shown with the
lighter shading for each respective experiment. Anomalies are computed with
respect to the 1921-1950 climatological time mean. The dashed vertical lines
indicate the start of climate mitigation in 2031 (light green) and 2040 (dark green)
for SSP5-3.40S_10ye and SSP5-3.408, respectively. The solid vertical lines indicate
the maximum ensemble-mean GMST for SSP5-3.40S_10ye (light green) and SSP5-
3.408 (dark green), respectively.

Figure 12 summarizes the sensitivity of average CONUS Tx90 days to mean
precipitation, surface evaporation, and near-surface relative humidity anomalies in the
SPEAR Large Ensemble under SSP5-3.40S and SSP5-8.5 scenarios. Previous studies
have considered similar types of framing for identifying different characteristics of
heatwaves that can be classified, for instance, according to moisture availability and/or
land surface processes (Rastogi et al., 2020; Thomas et al., 2020; Barriopedro et al.,
2023; Tian, Kleidon, Lesk, Zhou, Luo, Ghausi, Wang, Zhong and Zscheischler, 2024).
We also evaluate whether these relationships change over different 15-year epochs; this
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includes prior to the start of mitigation efforts for the overshoot experiments, the period
following the respective peak count in Tx90 days for SSP5-3.40S, and the period of 2086
to 2100 that is common to all scenarios. A parallel version of this figure is shown in
Figure S12 for SSP5-3.40S_10ye with quantitatively similar results found. Weaker,
but significant negative correlations are also found for relationships with Tn90 (not
shown). While these spatially-integrated diagnostics neglect the role of regional-scale
variations in revealing local heatwave drivers that can exist across the CONUS (Smith
et al., 2013; Benson and Dirmeyer, 2021; Yoon et al., 2024), it still provides a conditional
attribution-like overview as to the relationships between dryness and extreme heat under
different radiative forcing scenarios.

Here, changes in seasonal mean precipitation, evaporation, and humidity are
significantly negatively correlated with the number of JJA heat extreme days averaged
across CONUS. Regression slope coefficients remain nearly constant despite differences
in external forcing, including when the background mean warming in SSP5-8.5 shifts
the distribution to the right with an increase in the number of Tx90 days (Figure 12).
The tendency for an increase in precipitation and overall moisture availability, such as
through wetter soils and suppressed sensible heat fluxes (Koster et al., 2003; Miralles
et al., 2019), contributes to the dampening of heat extreme day frequency after peak
radiative forcing in the overshoot scenarios. This coupling is also evident by comparing
the shift of the joint distribution from the 2025-2039 (green dots) to the 2086-2100
(orange dots) period. Recent studies of observational trends of heatwaves across CONUS
further support these findings found in SPEAR for connecting precipitation anomalies
to daytime extreme temperatures (e.g., Yang et al., 2019; Thomas et al., 2020), which
is typically physically expressed through departures in cloud cover, soil moisture, and
surface energy fluxes.
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Figure 12: (a) The relationship of changes in mean precipitation relative to the
number of Tx90 days in JJA averaged across CONUS for SSP5-8.5 in 2086 to 2100
(gray dots). This relationship is also shown for SSP5-3.40S in years 2025 to 2039
(blue dots), the 15 years after the ensemble mean’s highest count of Tx90 days in
SSP5-3.40S (orange dots), and for the 2086 to 2100 period in SSP5-3.408 (dark
red dots). Anomalies are computed with respect to the 1921 to 1950 climatological
mean. The scatter points consider all years and ensemble members for each epoch
period. A solid line is displayed for the linear least squares fit along with its
corresponding Pearson correlation coefficient (R) listed in the legend. (b) Same
as (a), but for Tx days related to changes in mean evaporation, (c) Same as (a),
but for Tx days related to changes in mean relative humidity. All correlations are
statistically significant at p <0.01.

ss 4. Summary and Conclusions

s Given the widespread societal and environmental impacts associated with recent
e historical heatwave events in the United States and the projected increases moving
s forward into the near-term (Anderson and Bell, 2011; Horton et al., 2016; Breshears
ez et al., 2021; Rogers et al., 2021; Domeisen et al., 2023), it is crucial to better understand
s their characteristics to a wider range of possible realizations of the future. For improving
s0 decision-making and planning purposes, this includes accounting for scenarios of both
so1 increasing or decreasing radiative forcing (Nature, 2023), since climate impacts may not
2 always be straightforward even after carbon reductions. This study therefore examined
003 the potential reversibility of heat extreme days across the conterminous United States
s in response to two scenarios that simulate rapid climate mitigation efforts but differ in
e0s the start of their implementation by approximately a decade (SSP5-3.40S and SSP5-
s 3.40S_10ye). We also compared these overshoot scenarios with standard climate change
sov pathways associated with increasing radiative forcing. These future scenarios were
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examined through the lens of the GFDL SPEAR Large Ensemble (Delworth et al., 2020),
which is a fully-coupled climate model that includes a relatively high spatial resolution
and 30 ensemble members in each simulation in each simulation; the combination of
large ensemble size and horizontal resolution provides benefits for quantifying the role of
internal variability and for simulating extreme events in future projections. A particular
emphasis of this study is to outline a simplified cost-benefit-like framing (i.e., shortened
years with heat exposure) for looking at variations in the maximum number of heat
extreme days at the local scale depending on the timing of significant reductions in
greenhouse gas emissions.

Our results imply a notable benefit in terms of reduced extreme heat days
across large portions of the CONUS in response to decreasing radiative forcing from
hypothetical climate mitigation efforts. There are even greater heat risk reductions
by starting the curtailment of fossil fuel emissions in as little as one decade sooner
than later, as simulated by the SPEAR model. Quantitatively similar changes are
found for both anomalously warm daytime and nighttime temperatures. The smaller
relative number of summer heat extreme days at equivalent levels of global warming after
peak emissions compared to before peak is broadly linked here to a faster rate of mean
thermodynamic cooling over land areas relative to the ocean in the northern extratropics.
This dampening of heat extreme frequency over CONUS is further associated with an
enhancement of the hydrologic cycle that includes greater relative precipitation and
surface humidity during summer, especially across the inner mountain West. Changes
in the hemispheric temperature anomaly dipole are also found after radiative forcing
starts declining, which aligns with Delworth et al. (2022) in suggesting an important
role for the strength of the AMOC continuing to drive a large-scale mean response and
influencing the potential for climate irreversibility of some phenomenon.

Moving forward, it will be important to compare these results by conducting similar
types of overshoot experiments in other GCMs, especially those with a large number of
ensemble members that can be used to adequately consider the role of internal variability
(Tebaldi and Friedlingstein, 2013; Diffenbaugh et al., 2023). The rate of greenhouse gas
drawdown could also play a crucial role in the large-scale climate response and should be
further interested in future work. Even though the implications of our results are limited
due to potential biases by the SPEAR model, at least several other GCMs in CMIP6
were found to have a similar surface temperature evolution in the SSP5-3.40S scenario
after peak emissions (Pfleiderer et al., 2024). Further research and model development
is also needed to refine projections of the sensitivity of the AMOC to future changes
in radiative forcing (Roberts et al., 2020; Weijer et al., 2020; Bellomo et al., 2021),
given that it could have an important role in the hysteresis and reversibility of regional
climate impacts like through temperature extremes. To credibly address all potential
hazard risks and benefits for developing regional climate services, our results argue that
overshoot pathways should be regularly developed and analyzed as part of the standard
portfolio of future scenarios.
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Section S1. Table S1:

Table S1. Summary of the different climate change scenarios evaluated in this study
with the GFDL SPEAR model (Delworth et al., 2020). The table is adapted from

Labe et al. (2024).

GFDL SPEAR Large Ensemble H Radiative Forcing Scenario ‘ Years ‘ Ensemble Members
SPEAR_MED_HISTORICAL | Historial Forcing from CMIP6 | 1921-2014 | 30
SPEARMED_SSP245 | SSP2-4.5 from CMIP6 | 20152100 | 30
SPEARMED_SSP585 | SSP5-8.5 from CMIP6 | 20152100 | 30
SPEAR MED_SSP5340S | SSP5-3.408 from CMIP6 | 2015-2100 | 30
SPEAR_MED_SSP5340S_10ye SSP5-3.408, but with CO,/CH, 30

mitigation starting 10 years earlier (_10ye)

2031-2100
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Section S2. Figures S1-S12:

[Q 120°W 105°W 90°W 75°W

10° N

uioé

30°N

10° N

Uisé

30°N

10° N

Uié66

30°N

10 15 20 25 30
TnN Threshold - 1981-2010 (JJA; °C)

Figure S1. (a) CONUS map of the raw minimum daily temperature (nighttime)
heat extreme thresholds in summer for the 90th percentile (Tn90), 95th percentile
(Tn95), and 99th percentile (Tn99). This static threshold is calculated based on the
distribution of daily maximum temperatures from June to August (JJA) and across
all 30 ensemble members using the SPEAR, historical run from 1981 to 2010. This
threshold is computed separately at each grid point.
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Figure S2. (a) Time series of the count of JJA nighttime heat extremes (Tn90)
averaged for CONUS from 2015 to 2100 for the ensemble mean of SPEAR following the
SSP5-8.5 climate scenario (light gray line), the SSP2-4.5 climate scenario (dark green
line), the SSP5-3.408S climate scenario (purple line) and from 2031 to 2100 for the
SSP5-3.40S_10ye climate scenario (orange line). The spread across ensemble members
is shown with the lighter shading for each respective experiment. (b) Probability
density functions (PDFs) of the distribution of the average frequency of mean CONUS
Tn90 days in JJA over the years 1981 to 2010 using the historical scenario (dashed
black curve), the SSP5-8.5 scenario from 2071 to 2100 (light gray surve), the SSP2-
4.5 scenario from 2071 to 2100 (orange curve), the SSP5-3.40S scenario from 2071 to
2100 (dark green curve), and the SSP5-3.40S_10ye scenario from 2071 to 2100 (purple
curve). The non-parametric PDFs are constructed using gaussian kernel density
estimation with the optimal bandwidth determined through cross-validation. Each
PDF considers data from all ensemble members in each 30-year period.
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Figure S3. (a) Time series of the seasonally-averaged JJA highest daily maximum
temperature (TXx) anomaly for the contiguous United States (CONUS) from 2015 to
2100 for the ensemble mean of SPEAR following the SSP5-8.5 climate scenario (solid
red line), the SSP2-4.5 climate scenario (dashed orange line), the SSP5-3.40S climate
scenario (solid dark green line) and from 2031 to 2100 for the SSP5-3.40S_10ye climate
scenario (solid light green line). The spread across SPEAR ensemble members is shown
with the lighter shading for each respective experiment. Anomalies are computed
with respect to the 1921-1950 climatological time mean. The dashed vertical lines
indicate the start of climate mitigation in 2031 (light green) and 2040 (dark green)
for SSP5-3.40S_10ye and SSP5-3.408S, respectively. The solid vertical lines indicate
the maximum (max) ensemble-mean global temperature for SSP5-3.40S_10ye (light
green) and SSP5-3.40S (dark green), respectively. (b) Same as (a), but for the JJA
mean temperature (T2M) anomaly.
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(a); 1.7°C (2037) for SSP5-8.5 (b); 1.7°C (2097) for SSP5-3.40S (c); 1.7°C (2070) for SSP5-3.40S_10ye

Figure S4. (a) Change in the number of Tn90 days at a GWL of 1.7°C for the
SSP5-8.5 climate scenario. (b) Same as (a), but for the SSP5-3.408 scenario after the
influences of climate mitigation efforts are underway (see text for details). (c¢) Same
as (b), but for the SSP5-3.40S_10ye scenario. (d) Difference in panel (b) minus (a).
(e) Difference in panel (c) minus (a). All anomalies are computed with respect to
the 1921-1950 climatological time mean from the SPEAR historical scenario. Each
composite map is calculated as the average of £2 years around the ensemble mean
year closest to an annual mean GMST of 1.7°C per climate scenario. Statistically
significant differences in panels (d) and (e) are shown with the anomaly color shading.
Non-significant regions are denoted with black hatching, which is assessed using a two-
sided Student’s ¢ test and after adjusting for field significance using a false discovery
rate (FDR; Benjamini and Hochberg, 1995; Wilks, 2006; Wilks, 2016) (i.e., a FDR-
adjusted p-value less than 0.05)
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Figure S5. Decadal average of the frequency of JJA Tx99 heat extreme days averaged
across the CONUS as a function of JJA mean GMST for the ensemble mean of the
SPEAR future climate scenario of SSP5-8.5 (solid red line), SSP2-4.5 (dashed orange
line), SSP5-3.408 (solid dark green line), and SSP5-3.40S_10ye (thin light green line).
GMST anomalies are computed with respect to their 1921-1950 climatological time
means. The historical climate scenario is used to calculate the decadal means starting
in 1921 and then concatenated with each future scenario which begins in 2015. The
black scatter points indicate the final decade of analysis (e.g., where 2100 is calculated
as 2091-2100) in each climate scenario.
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Figure S6. (a) Probability of a month having at least one day that exceeds the JJA
highest nighttime minimum temperature (TNx) for SSP5-8.5 in 2015 to 2029, (b) 2030
to 2044, (c) 2045 to 2059, (d) 2060 to 2074, (e) 2075 to 2089, and (f) 2090 to 2100.
(g-1) Same as (a-f), but for SSP5-3.40S. (m-r) Same as (a-f), but for SSP5-3.40S_10ye.
Note that the data for the years from 2015 to 2030 are taken from SSP5-3.40S in this
row. The TNx threshold is calculated separately at each grid point over the 1981
to 2010 reference period by considering all ensembles in the historical scenario and
across all days in the months of JJA. The probabilities are calculated by considering
all ensemble members and months per each epoch for the respective climate scenarios.
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Figure S7. (a) Map of the raw differences in years between when the maximum
number of Tx90 summer days is reached for the ensemble mean of SSP5-3.40S_10ye
compared to the year that the ensemble mean of SSP5-3.40S first falls below this
maximum after its peak in COs concentrations. This is calculated at each grid point.
Locations with no positive difference in years according to this definition are masked
out in gray. A blue star highlights the location of the example in (d-e). (b) Same as (a),
but for the first year in SSP5-3.40S when at least the next 10 years remain consistently
below this maximum number of Tx90 days in SSP5-3.40S_10ye. (c) Same as (a),
but after applying a Savitzky-Golay filter (Savitzky and Golay, 1964) with a 10-year
smoothing window (3rd order polynomial) to the ensemble mean count of Tx90 at each
grid point and for each respective climate scenario. (d) An example of this methodology
for a location in western Minnesota (approximately 45.75°N and 95.94°W) showing the
time series of the count of Tx90 summer days in SSP5-3.40S_10ye (dark red line) and
SSP5-3.40S (dark green line) from 2015 to 2100. The thin dashed black line shows the
time series after applying the Savitzky-Golay smoothing filter. Dashed vertical lines
are shown for the start of climate mitigation in SSP5-3.40S_10ye (dark red; 2031) and
SSP5-3.40S (dark green; 2040). (e) Same as (d), but after applying the Savitzky-Golay
filter to the time series of SSP5-3.40S_10ye (dark red line) and SSP5-3.40S_10ye (dark
green line). The raw data for each climate scenario from panel (d) is also shown with
a thin dashed black line.
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(a); 1.7°C (2037) for SSP5-8.5 (b); 1.7°C (2097) for SSP5-3.40S (c); 1.7°C (2070) for SSP5-3.40S5_10ye
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Figure S8. Same as Figure S4, but for global composites of sea surface temperature
(SST) change.
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Figure S9. (a) Time series of the mean global land-sea temperature ratio over the
months of JJA from 2015 to 2100 for the ensemble mean of SPEAR following the SSP5-
8.5 future climate scenario from 2015 to 2100 (solid dark red line), the SSP5-3.40S
future climate scenario from 2015 to 2100 (solid dark green line), and from 2031 to 2100
for the SSP5-3.40S_10ye climate scenario (thin dashed light green line). Anomalies
are first computed with respect to their 1921-1950 climatological time means using the
SPEAR historical scenario. Near-surface air temperatures (2 m height) are used for
over land areas, and sea surface temperatures are used for over ocean areas.
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(a); 1.7°C (2037) for SSP5-8.5 (b); 1.7°C (2097) for SSP5-3.40S (c); 1.7°C (2070) for SSP5-3.40S_10ye
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Figure S10. Same as Figure S8, but for composites of precipitation change.
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Figure S11. Same as Figure S8, but for composites of geopotential height at 500 hPa
(Z500) change.
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Figure S12. (a) The relationship of changes in mean precipitation relative to the
number of Tx90 days in JJA averaged across CONUS for the SSP5-8.5 climate scenario
in 2086 to 2100 (gray dots). This relationship is also shown for the SSP5-3.40S_10ye
climate scenario in years 2025 to 2039 (blue dots), the 15 years after the ensemble
mean’s highest count of Tx90 days in SSP5-3.40S_10y (orange dots), and for the 2086
to 2100 period in SSP5-3.40S (dark red dots). Anomalies are computed with respect
to their 1921 to 1950 climatological mean. The scatter points consider all years and
ensemble members for each epoch period. A solid line is displayed for the linear least
squares fit along with its corresponding Pearson correlation coefficient (R) listed in
the legend. (b) Same as (a), but for Tx days related to changes in mean evaporation,
(c) Same as (a), but for Tx days related to changes in mean relative humidity. All
correlations are statistically significant at p <0.01.
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